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Abstract

Given the crucial role of Venture Capital (VC) in financing the green transition, and its uneven
geographical distribution, we examine how the proximity of VC investors to green start-ups influences
the success of their deals. Considering the intrinsically higher risk profile of start-ups in the greensector,
we maintain that their spatial proximity to VC investors will have a larger effect here than in other sectors.
Furthermore, considering recent advancements in the digitalization of VC, we also argue that a digital
kind of proximity between investors and green investees in accessing digital technologies (platforms) could
matter for that, by also reducing the binding effect of spatial proximity on the success of VC green deals.
Using data from Dealroom, and combining them with the SpeedTest open dataset by Ookla, we test for
these arguments with respect to a large sample of about 12,000 green start-ups, originally identified by
combining multiple methods (text scraping, topic modelling, and machine learning), located in 27 EU (43)
countries from 2000 to 2020. Econometric estimates at the level of realised vs. potential VC green deals
confirm that spatial proximity is more relevant for green than for non-green start-ups. The new quasi-
dyadic indicator of digital proximity that we propose does also significantly and positively correlates with
the actual occurrence of green deals, and negatively moderate the effect of spatial proximity, supporting

our argument of a substitution relationship between the two. Policy implications are drawn accordingly.
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1 Introduction

According to BloombergNEF, VC investments in clean-tech innovations reached a peak in 2021 and, despite
a 12% reduction with respect to 2022, they raised to $51 billion in 2023. The PitchBook’s Q3 2023 Carbon
Emissions Tech Report (PitchBook, 2023) also documents increasing investor interest in clean-tech startups,
despite a VC fundraising slowdown with respect to 2022. More in general, green startups focused on carbon
and emissions reduction raised a record of 7.6 billion dollars in Q3 2023, surpassing the previous high by
1.8 billion. Notably, green mining and energy-efficient building start-ups set new deal value records at 394.9
million and 638.7 million dollars, respectively. Given the critical role that green start-ups play in developing
and leveraging new eco-innovations compared to established green incumbents (Demirel et al., 2019; Hockerts
and Wiistenhagen, 2010), and acknowledging the essential function of VC in helping them navigate the “valley
of death” (Michelfelder et al., 2022), these data appear promising.

Looking at the same data, a new and more global clean-tech VC boom looms on the horizon, sparking
debates (Cornillie and Delbeke, 2022) about its potential outcomes compared to the previous one, which
burst in the US between 2006 and 2011 (Gaddy et al., 2017). At first sight, conditions exist for the boom to
end better this time.! However, criticalities remain and especially in Europe. On the one hand, according
to the CleanTech Group, EU cleantech start-ups attract less global capital (6.9%) than the US (54%) and
Asia (32%) (cited in Cornillie and Delbeke (2022)), and within the EU boundaries they appear polarised
in Sweden and Germany (outside of it, the UK alone reaches 4.8%) (Li et al., 2024a). On the other hand,
a similar polarisation seems to emerge in Europe at the sub-national level (Cojoianu et al., 2024), with a
heterogeneous distribution of green entrepreneurship across regions and cities, which apparently mirrors that
of VCs like in the US (Tierney, 2011). This phenomenon is concerning as it could lead to regional equity
gaps in green financing, thereby jeopardising the funding needed for a successful and less regionally costly
green transition (Rodriguez-Pose and Bartalucci, 2024).

As we will discuss later, in the general context of VC, observed equity gaps across regions have been
and are still mainly attributed to the spatial proximity between investors and investees (Bédu et al., 2024;
Ghinami and Montresor, 2023). Indeed, this proximity strengthens their personal and social relationships,
facilitating successful deals in or near metropolitan hubs where VC firms are typically located (Sorenson and
Stuart, 2001; Zook, 2002; Cumming and Johan, 2006). If this is also true for green start-ups, the financing of
the green transition would entail spatial imbalances that would add to the territorial “unjustness” of it, which
EU policymakers have been fighting since long. Accordingly, this issue deserves attention and represents the

focus of this paper and its two objectives. First of all, we aim to investigate whether the spatial proximity

IThe clean technologies to target are now more clearly identified and the cost of some of them (solar PV, wind energy and
battery storage) has decreased substantially. Public policies are increasingly supportive, particularly in Europe where R&D&I
funds target breakthroughs in emission reduction, mirroring the efforts of ARPA-E (Advanced Research Projects Agency-Energy)
in the US, which has been successful for some time already. The innovation finance ecosystem is nowadays more developed.


https://about.bnef.com/blog/over-50-billion-flow-to-climate-tech-startups-in-a-stormy-year/#:~:text=Climate%2Dtech%20companies%20raised%20%2451,tracked%20by%20BloombergNEF%20last%20year

between VC investors and green start-ups affects their matching in successful deals. In what appears to be
the first analysis of this issue within the green sector, we investigate how the spatial proximity between VC
partners affects their deals compared to non-green ones, particularly in sectors where this role has already
been established, such as ICT, Fintech, and Biotech (Nigam et al., 2020; Gaba and Meyer, 2008; Zook, 2002;
Kolympiris et al., 2011; Powell et al., 2002a). Should this extent be larger, as we will argue and do expect
from a theoretical point of view, the location choices of VCs that facilitate green start-ups should become a
more topical issue under the policy makers’ radars.

The second aim of the paper is to investigate whether recent advancements in digital technologies (Salgado-
Criado et al., 2024) could facilitate the occurrence of VC green deals and potentially reduce the importance
of spatial proximity in such deals, substituting face-to-face with virtual relationships at distance. While
previous studies about ICT and VC have not found evidence of that (e.g. Fritsch and Schilder, 2008; Bonini
and Capizzi, 2019), digital technologies have made terrific progress since their analysis, enabling deeper forms
of interaction and knowledge exchanges. Considering the typical platform nature of the latest generation of
broadband technologies that assist VC and fin-services (Sable, 2023), we focus on a different angle than their
simple diffusion (Khan et al., 2020). Indeed, we rather focus on the enabling role that, for the VC-deal effect
of the same digital platforms, is played by a similar/symmetric access of the dealing partners to them, or
what we term their “digital proximity”. On the one hand, we argue that this digital proximity is a pre-
condition of the properties (scalability and extensibility, in particular) that make digital technologies work
as platforms according to information systems theory (Ryazanova, 2021). Accordingly, we maintain that
the same proximity could increase the information efficiency of VC also in green deals and facilitate their
occurrence. On the other hand, we argue that the same digital proximity could facilitate the integration of
more sophisticated components in digital platforms for VC (like AI), which enable the transmission of deep
forms of knowledge (quasi-tacit) typically transmitted in face-to-face interactions (Sanzogni et al., 2017).
Accordingly, we expect that a higher digital proximity between VC partners could attenuate the binding role
of spatial proximity for VC green deals and extend their geographical coverage.

We investigate these two research questions for the EU27+43 (Switzerland, Norway and UK) context over
the period 2000-2022. By using the Dealroom database, we first apply machine learning techniques to web-
scraped data for companies and identify nearly 13k green startups and more than 22 thousand deals over
the retained period. We then select the green startups’ deals that refer to VC investors and investigate the
determinants of their occurrence with respect to an adjusted set of all the possible pairs (company/investor)
that could finalise a green deal. Results show that the effect of spatial proximity on the likelihood of finalising
a green deal is notably positive and significant, and larger than with respect to non-green deals (with an

interesting exception). Consistently with our expectations, the digital proximity between the partners of



the deal, with respect to which we propose a new indicator based on Speedtest data, also facilitates their
matching. What is more, the interaction between digital proximity and spatial one is significant and negative,
suggesting that, as expected, these two kinds of proximity can be substituted for one another when it
comes to concluding green deals. The rest of the paper is organised as follows. Section 2 presents the
relevant background literature. Section 3 illustrates the empirical analysis that includes explanations of data
sources, the methodology proposed and the econometric model. Section 4 discusses the results, and Section

5 concludes.

2 Background literature

The role of spatial proximity in facilitating successful interactions between VC investors and startup investees
has been extensively investigated and widely documented. In a nutshell, such a proximity is retained necessary
to deal with the crucial information problems that marks VC financing. VC firms notably invest in small
and medium-sized enterprises that are opaque, high-risk, with significant growth potential but minimal or no
transaction history (Wright Robbie, 1998). For these reasons, other sources of finance are reluctant to invest
in such ventures and VC firmsthemselves require due diligence and monitoring to make these investements.
Furthermore, more than in other financing, VC investors need to rely on ”informants”, like industry experts,
company insiders, customers, and even competitors, from whom they informally get insights into the market,
the company’s performance, its management team, and the overall business environment.

In front of these information problems, the physical closeness of partners facilitates face-to-face and
personal interactions that are crucial for the success of the transaction. Indeed, this kind of interaction
helps to “socialise” the transaction and create networks in such a way to attenuate problems of information
asymmetry — in searching for and assessing viable opportunities before the occurrence of the investment —
and of moral hazard — in monitoring and advising the target companies after the contract signature — that
can render VC investments sub-optimal.

As previously mentioned, the argument for spatial proximity in VC deals has been substantially validated,
albeit with varying nuances, across different countries and industrial sectors(e.g., Sorenson and Stuart, 2001;
Martin et al., 2005; Griffith et al., 2007; Fritsch and Schilder, 2008; Lerner et al., 2009; Fritsch and Schilder,
2012; Bertoni et al., 2015; Cojoianu, Hoepner, Hu, Ramadan, Veneri and Wdjcik, 2020; Xiaoli et al., 2020;
Bédu et al., 2024). However, two important gaps remain in the background literature of our research questions.
Firstly, the radar of the analysis has been mainly put on the sectors that have most benefited from VC
investments at the turn of the previous and the current century. This is particularly so for the biotech sector
(e.g., Powell et al., 2002b; Chen and Marchioni, 2008; Kolympiris et al., 2011) and for the ICT /digital one (in

general) (e.g., Gaba and Meyer, 2008; Carboni, 2013; Nigam et al., 2020), to which we will also refer in our



empirical analysis. Quite surprisingly, given the relevance we have documented for them in the Introduction,
the evidence about green start-ups is instead still thin, limited to the previous VC clean-tech boom, and
accordingly biased towards the US (Tierney, 2011; Knight, 2010). Secondly, existing analyses of spatial
proximity in VC have yet to adequately address the potential influence of digital technologies on its impact,

also and above all with respect to green start-ups.

2.1 Spatial proximity and the VC financing of green start-ups

As mentioned earlier, spatial proximity is a general enabler of any type of VC deal. However, the distin-
guishing characteristics of the clean-tech, as well as of the green sector at large — comprehending additional
activities than pure green-technology development (like, for example, green services or business consulting)
— suggest that spatial proximity between partners is likely more critical here than in other industries.

The features that the clean-tech sector reveals in front of VC investments have garnered significant
attention following the burst of its initial boom, which occurred between 2006 and 2011. Several works have
been published primarily to account for the failure of the boom and for the lower volume of VC investments
that marked the sector afterwards (e.g., Ghosh and Nanda, 2010; Hargadon and Kenney, 2012; Cumming
et al., 2016; Gaddy et al., 2017). In one of the seminal papers of that time, Gaddy et al. (2017) concluded that
these distinguishing features make VC “The Wrong Model for Clean Energy Innovation”. As we mentioned,
the new boom of VC-backed green start-ups on the horizon might be different. The surrounding macro and
policy contexts appear more favourable (Cornillie and Delbeke, 2022), and the size of the phenomenon looks
to have increased over the last decade (Li et al., 2024b). However, the majority of the identified features
arguably still apply to the diverse set of green technologies being developed, adopted and applied today, which
vary significantly in terms of maturity and diffusion (Barbieri, Perruchas and Consoli, 2020). Moreover, as
we will argue in the following, these features are sensitive to the spatial distance between the investor and
the investee of the VC deal. Accordingly, reducing this distance can be expected to also have distinctive and
greater effects on the success of VC in the green realm compared to other sectors.

The main and most relevant features for our analysis pertain to the distinctive risk profile that green
startups present to VC investors. As Gaddy et al. (2017) noticed in their early analysis of the sector in
the US, “from 2008 onwards, the cleantech sector had the lowest proportion of companies to at least break
even, from the perspective of A-round investors”, revealing as muck riskier bets than their counterparts in
the medical and in the software sector. Indeed, more than 90 percent of cleantech companies that received
funding after 2007 were not able to return the initial capital invested. While an updated quantification
of this higher risk will have to wait for more updated and pervasive data, there are theoretical arguments

that make green start-ups intrinsically riskier than non-green ones in different respects. Firstly, while all



new start-ups share a certain market risk, depending on uncertain customers’ preferences to adopt their new
product, service or technology, the outcome of green start-ups also has a societal value added, due to the
public nature of any innovative green investment (Horbach et al., 2012). This is an externality (i.e., a market
failure) that goes beyond users’ private benefits and that, even if the risk assessment were on par with other
sectors, would make VC firms underinvest in green start-ups. In the same respect, it should be retained that
the market to which the green sector refers is typically represented by the production sector of the economy
(e.g., electricity generation, energy efficiency, composite materials, wastewater treatment), where assessing
risks is more challenging than consumer-oriented products, which benefit from more attention and public
interest (Cumming et al., 2016).

Linked to the externality aspect of market risk is the regulatory risk posed by policy interventions designed
to address that externality. Previous studies have showed that VC investors typically rate the risk associated
with the changing policy context of the target company as one of the highest barriers to their investments
(e.g., Wustenhagen and Teppo, 2006). Predicting future policies and regulations that could affect the focal
sector appears hard to manage by investors, as it looks to them exogenous and external to their area of
influence, making the prospected deal riskier. At first glance, this appears a general issue, as many sectors
are regulated, particularly telecom and biotech, with which VC cleantech is often compared. However, given
the notable double externality problem (innovation and environmental) that characterises green innovative
investments (Horbach et al., 2012), the cogency of regulations in the green sector is arguably superior, as well
as more extended is the array of policy instruments through which new clean technologies can be supported
(Kruse et al., 2022).2 Given the complexity of green policy measures and the varied and uneven progress that
countries are making worldwide toward the net-zero transition, regulatory risk can be considered a specific
concern for VCs investing in green start-ups.

In the eyes of VC investors, green startups often seem to carry a higher technology risk, due to the
uncertain commercial viability of the new green technologies they rely on (Wustenhagen and Teppo, 2006).
Recent studies have shown that, given the intricate process of knowledge recombination required in their
development, new clean technologies are intrinsically more complex than non-clean ones (Barbieri et al.,
2023; Barbieri, Marzucchi and Rizzo, 2020) and that, possibly in relation to that, their development cycles
are typically longer (Bose et al., 2019). Thinking of their financing, this should arguably reverberate in VC
investments with a higher capital intensity and a more patient gestation period before exit. Indeed, both
features had been found to characterise the cleantech sector at the time of Gaddy et al. (2017)’s analysis:

“Cleantech companies (...) were expensive to scale, often raising hundreds of millions of dollars to build

2Government support for VC investments in clean-techspans from policy measures directed at their market adoption (such
as the EU carbon taxes and the EU market for trading emissions) to measures for supporting VC investments as such (e.g.,
tax incentives for energy efficiency and renewable energy investments, or state guarantees for realised losses in green start-up)
(Kasemir et al., 2000).



factories, even while the fundamental technology was still being developed (... and ...) were illiquid, tying
up capital for longer than the 3-5 year time horizon preferred by VCs”. More recent empirical evidence
confirms that, compared to non-green ones, green start-ups are generally more capital intensive. In a study
carried out with respect to more than 65,000 VC investments in 110 countries from 2011 to 2022 using
Pitchbook’s data, Li et al. (2024b) have found that compared to non-green firm deals, VCs involved in green
firm deals typically manage significantly greater assets under management (AUM) and possess more investor
dry powder. Both capital intensity and lead time connect to the investors’ perception of the technological
risk of their prospective deals. Accordingly, its incidence had in fact appeared higher in green VC than in
other sectors also from direct interviews (Wustenhagen and Teppo, 2006).

A final VC risk dimension marked by higher intensity in green start-ups concerns the uncertainty sur-
rounding the timing and methods of exiting investments and achieving returns, known as exit risk. As is
well known, despite important elements of heterogeneity across VC investors (Useche and Pommet, 2021),
trade sales (or acquisitions) are usually the most favorable exit when compared with IPO, secondary sales,
and buyouts. Ceteris paribus, their returns on investment are generally higher and quicker to be made lig-
uid. However, past evidence about clean-tech start-ups clashes with this main insight and reveals that the
incidence of acquisitions under favorable terms has been lower than in other sectors, like medical technology
and biotech (e.g., Gaddy et al., 2017; Cumming et al., 2016; Ghosh and Nanda, 2010). Although updated
evidence is once more required to generalise this pattern, a key consideration leads us to believe it will likely
hold true. Unlike in non-green sectors, where incumbents typically view target companies as potential com-
plementary assets to enhance their investments, new entrepreneurial efforts are still highly heterogeneous,
dispersed, and often perceived as greenwashing (Dhayal et al., 2023). This can lead incumbents to see ac-
quisitions as threats rather than opportunities, causing VC investors to foresee less lucrative exit strategies,
such as IPOs (Nanda et al., 2014).

All these considerations lead us to expect that VCs generally perceive the risk profile of green start-ups as
higher compared to start-ups in non-green sectors.? Accordingly, financing green start-ups necessitates VCs to
exert an additional effort in mapping and addressing its consequences, making their risk management arguably
more critical than in other sectors (Reid et al., 1997; Bamford and Douthett Jr, 2013). As highlighted in
some early seminal studies, effective risk management in prospective investments necessitates investors to
gather more comprehensive and accurate information about investees, both before and after entering into
contracts (Sorenson and Stuart, 2001). Firstly, obtaining more direct, reliable, and confident information

about investment opportunities may be necessary for the VC to enter a green deal compared to what is

3This first, broad, and multifaceted distinctive feature is complemented by another aspect highlighted in studies of the first
cleantech boom, concerning the lower returns that VC investors have been able to achieve(Gaddy et al., 2017).Other studies on
the European market (Wustenhagen and Teppo, 2006) have also highlighted a comparatively lower return profile, pointing to
certain characteristics of it that may still hold true in the current scenario.



typically required in other sectors. Similarly, the assessment of the acquired info must be deeper and more
scrupulous than in other equivalent cases. The same principle applies during the post-contractual phase,
where VCs should engage more meticulously in monitoring the investee due to the heightened risk of moral
hazard. As the literature on the topic has also extensively argued, these and other information (and risk)
management strategies are crucially reliant on the face-to-face interaction between investors and investees,
and on the socialisation of their relationship that their spatial proximity can allow for. Accordingly, we not
only anticipate that greater spatial proximity should increase the likelihood of a successful VC green deal.
We also expect that the facilitating effect of spatial proximity should be more pronounced here compared to

non-green sectors.

2.2 Digitalization and digital proximity in the VC financing of (green) start-ups

As mentioned in the Introduction, previous studies have explored whether advancements in telecommunica-
tion technologies could facilitate VC deals and reduce their dependency on the spatial proximity between
investors and entrepreneurs (Fritsch and Schilder, 2008). This issue has been examined in broad terms and is
a significant concern for the VC sector as a whole. However, given the stronger reliance of VC green deals on
spatial proximity, as discussed in the previous section, this general analysis is especially pertinent for green
start-ups.

Referring to the wave of technologies from the early 2000s, primarily driven by email and internet access,
earlier studies (Fritsch and Schilder, 2008; Bonini and Capizzi, 2019) concluded that telecommunication
advancements did not diminish the importance of spatial proximity. In interpreting the result, they argued
that VC transactions heavily rely on tacit, non-codifiable knowledge, which these technologies are unable to
effectively disseminate. However, in the meanwhile, technological advancements in telecommunications have
been substantial. A new wave of digitalization has led to the development of new digital technologies that
enable, innovate, or disrupt financial services, usually called “Fintech” (Gimpel et al., 2018), with contrasting
effect on the diffusion of VC. On the one hand, Fintechs have spurred the development of novel forms of
start-up financing and new actors, such as crowdfunding, business angel groups/networks (BAG/BAN), and
accelerators/incubators (Klein et al., 2019), which challenge the traditional role and standard business model
of VC (Khan et al., 2021; Shane and Nicolaou, 2018; Bonini and Capizzi, 2019). On the other hand, the new
wave of digital technologies reveals a higher “efficiency-enhancing” effect on financial systems than earlier ICT
(Ocampo, 2018), including on VC financing, by streamlining information gathering for industry selection,
deal origination, monitoring, and exit strategies. Possibly in the light of that, recent research has shown
that, across different countries, the diffusion and penetration of digital technologies and its use in economic

activities have increased, rather than decreased, the amount of total VC investments, across all the stages of



the deals (Khan et al., 2021, 2020; Von Briel et al., 2018).

A proper understanding of this phenomenon, as well as of the influence that digitalization can have on
the VC binding role of spatial proximity, requires us to consider that the digital technologies currently used
in VC are mainly digital platforms, that their effect on the likelihood of VC (green and non-green) deals
crucially depend on what we will call ” digital proximity” between VC partners, and that such a proximity
could mitigate the impact of spatial proximity on VC partner matching, also and above all in the green realm.

1) Digital platforms for VC investments and digital prozimity. The platform nature of new digital tech-
nologies in VC appears evident by looking at the most recent products of fintech ventures. Focusing on
deal sourcing, as one of the most information-demanding step of VC, new digital platforms have enabled
investors to drastically change its governance (Sable, 2023). Either managed internally by professional teams
or outsourced to external teams, deal sourcing has always been highly labour-intensive, involving extensive
networking, soliciting referrals, and salesmanship, which entail interpersonal relationships that constrain
its geographical reach. However, new digital technologies have revolutionised deal sourcing by shifting it
increasingly online and breaking down its geographical boundaries. This has mainly occurred through the in-
troduction and access to new dedicated digital platforms, to which several investors and investees participate
with mutual informative advantages. In addition to database platforms (like Dealroom, Crunchbase, and
Pitchbook), on which investors and prospected entrepreneurs can draw asynchronously by using customized
filters, more sophisticated instruments allow for deeper and more synchronous forms of digital interaction,
like Sales Navigator (developed by LinkedIn) or the global interface Navatar (developed by Navatar Group).
These and other similar digital platforms enable the centralisation of big amounts of augmented data, in-
tegrating information from various sources into a unified dataset. Through it, VCs can significantly reduce
the time spent searching for promising deals, while entrepreneurs can market their ideas more effectively to
a larger audience. New digital platforms are also changing the deal flow management, located downstream
of deal sourcing: from deal screening to the deploy of capital, passing through information-intensive steps
like partner review and due diligence. Customized Application Programming Interfaces (APIs) play a crucial
role in this respect, enabling VCs to integrate and exchange data seamlessly across different systems such as
Customer Relationship Management and other information systems.

The widespread adoption of digital platforms and the underlying digital infrastructure, such as high-speed
broadband, has significantly improved information efficiency in VC, boosting the potential for successful VC
deals, and possibly in the green sector too. However, the success of these deals depends not only on the general
availability of digital infrastructure but also, and perhaps more critically, on the relative diffusion and the
degree to which VC partners can access these platforms. This concept, which we term ’digital proximity,’

suggests that the comparative access to digital technologies between VC partners is crucial. This conclusion



aligns with information systems theories, which assert that digital technologies function as platforms when
they meet certain fundamental properties (Ryazanova, 2021). The most important of these properties, like
“scalability”, “extensibility”, “replicability”, and “integrity”,* require that the members of digital platforms
have a sort of symmetric capacity to access it, also and above all in infrastructural terms. Indeed, the more
dissimilar and asymmetric members are in their digital access to the platform, because of dissimilarities in
the digital infrastructures that enable such an access, the lower the capacity of the system to be scalable,
extendable, replicable, and integer, and to work as a platform as such.

In the specific case of VC financing platforms, what we call “digital prozimity” between VC investors
and investees, amounts to the similarity in the extent to which their respective digital infrastructures allow
them to access and exploit the potential of digital platforms for the sake of VC.> Drawing on the manifold
advantages that digital platforms offer to VC deals (see above), we can argue that, the higher such a proximity,
the more the partners contribute to an efficient functioning of these platforms (scalable, extendable, ...), and
the more they can benefit from its services for the sake of their matching in the VC financing of a start-up.

il) Digital prozimity vs. spatial proximity in VC investments. As we have recognised, new digital platforms
have a great information-enhancing effect on VC and financial systems in general. The large amount of
codified and explicit information that is relevant for VC deals can be processed, by digitally proximate
VC partners (see point i), more promptly and effectively. Furthermore, as the same digital platforms and
technologies do not have physical boundaries, and connect agents across the globe, they can allow VC partners
to exchange relevant information also at long distance and to possibly conclude successful deals (again, both
green and non-green) also in the presence of less spatial proximity. In other words, as for the explicit side of
the relevant information (e.g., the industry belonging of an investor, or its age), the digital proximity between
VC partners (and the ordered use of digital platform it allows them) can be expected to attenuate the role
of spatial proximity in binding/facilitating the occurrence of VC deals.

However, VC deals also rely on tacit knowledge in different respects, like for example: nuanced insights
about industry trends and competitive dynamics, which are not documented but shared through discussions
and networking; or knowledge about the reputations of key informants, which is often based on personal
experiences and informal conversations rather than documented evidence. Interpersonal and physical rela-

tionships remain crucial for exchanging this tacit kind knowledge, and telecommunications of the previous

4In extreme synthesis, scalability refers to the system’s ability to increase and scale up the volume of tasks, ensuring that
performance does not degrade with more participants. FExtensibility is the capacity of the system to add new functions or
subjects. Replicability alludes to the system’s adaptation to different conditions and partners without altering its structure.
Integrity instead guarantees that the system solves problems that its individual components cannot, preserving internal logic
and structure. In addition to these, further platform properties are development, isolation, security, and connectivity, for which
see (Ryazanova, 2021).

5As we will argue in proposing a measurement of it, this kind of proximity is possibly less micro-dyadic than spatial proximity,
as unlike the position in a place, the access to digital infrastructure is not an agent-specific feature. Still, the performance of
the same digital access (e.g., in terms of internet speed) has a quite granular variability across the territory and renders digital
proximity quasi-dyadic in general, i.e. arguably dyadic at the company level.
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generation (e.g. emails and file transfers) can actually do little in conveying it. However, it is important to
note that modern digital platforms can integrate technologies of new generation, like Artificial Intelligence
and big data analytics, which can enable the codification and remote transmission of at least certain types
of tacit knowledge (Sanzogni et al., 2017). This is for example the case of what is called “relational” tacit
knowledge, which is potentially codifiable, but remains hidden because of the contingencies (e.g. logistical
(space and time) constraints) that mark human relations.® To the extent to which digitalisation can inter-
vene on these logistical contingencies, this tacit knowledge can be made explicit (Collins, 2019). Similarly,
digitalisation and knowledge management based on it can even help codifying “somatic” tacit knowledge,
due to humans’ difficulty in logically explaining how intellect manages to control specific complex physical

actions.”

To the extent to which human action can be digitally imitated, also this tacit knowledge can be
codified and automated. Of course, there remains a fundamental type of tacit knowledge, termed “collective”
tacit knowledge, which is inherently social and embedded within societies, requiring direct engagement to be
acquired. Given the pivotal role of this type of tacit knowledge in VC, we cannot assert that communication
through digital platforms can replace face-to-face interactions in the execution of VC deals. Nevertheless, as
properly (i.e. symmetrically) accessed digital platforms could facilitate the exchange of in-depth knowledge,
possibly including certain forms of tacit knowledge, and considering the explicit knowledge that the same
platforms are instead equipped to transmit long-distance, we can expect that the digital proximity of VC
partners could diminishes the necessity of spatially proximate contacts in determining the success of their
deals.

While they are general, the empirical test of these last two expectations is particularly salient and relevant
in the case of the VC financing of green start-ups. As we have illustrated in the previous Section, VC
transactions in the green realm are expectedly more spatially sticky than non-green ones, and thus more
amenable to create regional financial gaps in the net-zero transition. Accordingly, should a higher digital

proximity render spatial proximity less binding for the realisation of VC green deals, policymakers could

think of digitalisation as an important policy leverage for a more spatially just green transition.®

6Confidential business information is an examples of this kind of tacit knowledge.

"This is the case of the classical Polanyi’s example of knowledge about bicycle riding.

81t should be retained that, while particularly salient in making digital platforms work more efficiently in (green) VC, a
higher digital proximity can be expected to be helpful also in a more general setting, where dealers interact digitally out of a
platform context. In this latter more dyadic case, a closer digital proximity between investor and investee naturally increases the
information efficiency role of digitalization, facilitating better matching and collaboration in the VC landscape. For example,
digital proximity ensures that parties use more compatible communication tools, share data with more compatible systems,
resort to standardized reporting, and aligned security protocols.
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3 Empirical application

Our empirical analysis of the role of spatial and digital proximity in the VC financing of green start-ups
focuses on a large number of deals that occurred in the EU27+3 (Norway, Switzerland, and the United
Kingdom), from 2000-2022.

As mentioned in the Introduction, during what seems to be the second cleantech boom in history, Europe
appears to lag in attracting global capital for green VC. This necessitates further analysis to understand the
underlying mechanisms and address the related bottlenecks (Cornillie and Delbeke, 2022). Given that one
of these bottlenecks is the spatial concentration of green start-up VC financing across European countries,
and even more so across European regions (Cojoianu, Hoepner, Hu, Ramadan, Veneri and Wdjcik, 2020),
investigating the finalisation of these deals at the sub-national level becomes particularly salient. Indeed, as
with other sectors, the European VC market is characterised by strong regional specificities (Nepelski et al.,
2016; Guerini and Tenca, 2018), resulting in significant sub-national discontinuities in the allocation of VC

capital, which our analysis will take into account.

3.1 Data

The dataset for the analysis has been assembled by integrating two main datasets. The primary data source is
the Dealroom dataset, a comprehensive firm-level database that contains detailed information about financed
companies and various types of investors, including VC investors. The dataset reports key details about VC
investors and investees, such as their addresses (used to compute their spatial proximity), their industry
sector (for calculating their industrial proximity), investment portfolios, and the number of employees. Most
importantly, it provides extensive data on VC investment deals — that represent our unit of analysis — including
the investment amounts, the involved actors, the period, and the type of funding round.

The second dataset is the Speedtest open dataset, developed by Ookla, which we utilise to construct our
measure of digital proximity between VC investors and investees. This dataset comprises quarterly global
fixed broadband and mobile network performance data, including download and upload speeds, aggregated
at a spatial resolution of approximately 610.8m x 610.8m tiles. For the purpose of the analysis, the data were
aggregated to a yearly level.

In addition to these two, we referred to other datasets, like the Cambridge Econometrics Database and

the EPO Patstat Database, in building up the controls for the analysis.

3.2 Identification of green start-ups and VC deals

The identification of green startups and venture capital (VC) deals is a crucial step in our analysis, as it allows

us to empirically examine how various proximities influence the likelihood of concluding a green deal. To
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achieve this, we employed a multi-step approach combining text mining, web scraping, and machine learning
techniques, leveraging these methods to uncover emerging patterns and trends in large datasets (Guerzoni
et al., 2021).

Our identification process began with the Dealroom dataset, from which we extracted a list of companies,
including information on nine variables deemed relevant for the green tagging of startups: short description
of company activities, size category, total funding received, growth stage (e.g., seed, early growth, late
growth), status (e.g., operational, acquired), latitude, longitude, country of location, and website. Out of
approximately 530,000 unique companies in Dealroom, 127,000 included information for all these variables.
Of these, 76,350 were located in countries relevant to the current analysis, based on their importance for
VC investments and green innovation (EU27 plus three additional countries: Norway, Switzerland, and the
United Kingdom).

For these 76,350 companies, we applied web scraping techniques to extract data from each company’s
website, which was then subjected to a topic modelling process. This resulted in 13 main topics, which
were used as additional features (alongside the variables extracted from Dealroom) in our machine learning
algorithms.

To train our machine learning models, we constructed a training dataset comprising 2,500 randomly se-
lected companies. This dataset was augmented with 150 green startups from the Climate KIC of the European
Institute of Technology and Innovation (EIT)? and approximately 200 companies reporting at least three of
the six green Sustainable Development Goals (SDGs) in Dealroom.!? We applied four machine learning algo-
rithms—Neural Networks, Classification Tree, Random Forest, and an ensemble of these algorithms—using
the Dealroom variables and the 13 scores derived from the topic modelling. Our results showed that the
Random Forest algorithm outperformed the others, achieving an accuracy exceeding 80

As aresult, we initially compiled a database of 12,855 unique green startups and over 22,000 deals involving
these startups, spanning the period from 2000 to 2022. After identifying the green startups, we selected the
VC deals associated with startups and VC investors located in the EU27+43. Following verification of the
industrial specialisation of both companies and investors and the addition of deal-related controls, the dataset
used for the estimation includes 2,854 green startups, 1,368 unique investors, and 4,694 unique deals. A more
detailed account of the entire procedure is provided in the Appendix.

The dataset provides a rich source of information for analysing the relationships between VC investors

and green startups, and the factors influencing their investment decisions, including spatial, industrial, and

9Climate KIC (Knowledge and Innovation Community) is an initiative of the European Institute of Technology (EIT) aimed at
promoting innovation to mitigate and adapt to climate change. It supports startups through funding, education, and networking
opportunities, with a focus on sustainable development.

10Dealroom manually classifies green startups as companies addressing one or more of the green UN SDGs: Clean Water
and Sanitation (SDG 6), Affordable and Clean Energy (SDG 7), Responsible Consumption and Production (SDG 12), Climate
Action (SDG 13), Life Below Water (SDG 14), Life on Land (SDG 15).
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digital proximities.

Our approach builds on the existing literature, which highlights the potential of machine learning tech-
niques to improve the detection and analysis of specific types of companies, such as startups (Guerzoni et al.,
2021; Ambrois et al., 2023; Kim et al., 2023). The number of green startups identified through our approach
aligns with recent efforts in this area. Notably, Dealroom (2024) identified around 15,000 green startups in
a recent study. A higher figure of around 24,000 green startups was obtained in a recent effort to map the
European cleantech sector, although the share of green startups relative to the total initial sample in that

study is comparable to ours (14% vs 16.8%, respectively) (Ambrois et al., 2023).

3.3 Econometric analysis

Our econometric analysis aims to investigate whether the spatial and digital proximity between the identified
green start-ups and their VC investors can significantly account for the occurrence of a deal between them,
and to which extent.

As a way to test our first argument about spatial proximity, we start by investigating whether the
explanatory role of spatial proximity is significant and larger for green deals than for non-green ones in
general. We then compare the explanatory role of spatial proximity in green start-ups with that observable
in other three sectors notably intensive of VC investments, like ICT, Fintech, and Biotech.

To test our second argument about digital proximity, we first include the role of digital proximity among
the potential explanatory variables of a green deal. We then interact it with the role of spatial proximity, to

investigate whether the latter actually attenuates the explanatory role of the former.

3.3.1 Dependent Variable

The dependent variable in our analysis is a dichotomous variable for the occurrence of a Green Deal, denoted
as GD; ;.. This variable takes value 1 if a deal occurred between a VC investor ¢ — hereafter simply investor
—and a green start-up company j — hereafter simply company — in a specific year ¢, and 0 otherwise.

As noted in previous studies on the formation of dyadic links between network partners (e.g., Sorenson
and Stuart, 2001; Sorenson et al., 2006; D’Este et al., 2013), comparing actual (green) deals (coded as 1)
with all possible deals (coded as 0) presents two significant challenges. Firstly, as it is the case in front of a
high number of investors and companies, observing all the possible dyads can prove to be computationally
burdensome, as the resulting network is quite large. Indeed, in our case, the number of all the possible
pairs (company/investor) that could finalise a green deal yields almost 3 million possible combinations.
Furthermore, considering all the possible pairs can generate many observations with a low probability of

occurrence, such as the ones referred to different periods. Secondly, since each company can enter into
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multiple deals, its frequent occurrences may result in a systematic underestimation of the standard errors for
firm attributes that remain constant across different dyads.

Extracting deals randomly from the set of potential VC-target dyads is a possible solution, but does also
pose relevant problems (Imbens and Lancaster, 1996). Accordingly, we follow Sorenson and Stuart (2001)
and rather retain all of the observed cases of funding relationships in the data but by creating and only
considering those in a case-control group. In other words, we consider as Os of our dependent variable GD; ; ¢
the potential ties between ¢ and j that did not occur, but that matched the occurring ones. Like in Sorenson
and Stuart (2001), to account for the temporal variation in the supply and demand for VC investments, we
construct this matched sample by pairing each investor that funded a green start-up in a specific quarter of
year t, with a start-up funded by a different VC in the same quarter.

In following this procedure, we end up creating a matrix of all pairs of investor-investee which fall under one
of two groups: i) a realised green deal or ii) a potential (matched), but unrealised green deal. Accordingly, our
main dependent variable takes value 1 if the green deal took place and 0 in the case of a potential unrealised

deal.

3.3.2 Explanatory Variables

Our estimation includes two key covariates: spatial proximity and digital proximity, whose roles in VC
investments in green start-ups have been discussed in Section 2.

As for spatial prozimity, we identify the latitude and longitude coordinates of each investor (i) and
company (j) of our dataset and first define the Haversine distance, dH; ;, between them in each green
deal (actual and potential). In a nutshell, this amounts to the shortest distance, expressed in kilometres,
between two points on the surface of a sphere, and reveals more accurate than the standard Euclidean one
instead suited for flat plane measurements (Maria et al., 2020). For the sake of consistency with the proximity
literature (Boschma, 2005) and with the measure of digital proximity we will present, we then linearly convert
this distance into the following spatial proximity measure: SpatProz;; = dHpae —dH; j+1, where dH a0 is
the maximum value of dH. Accordingly, the higher SpatProx; ;j, the more spatially close are i and j. Given
the typical non-linear effect that spatial proximity exerts on the realisation of a techno-economic interaction
(Boschma, 2005), and by following a previous contribution in the literature (Sorenson and Stuart, 2001), the
variable at stake is defined on a logarithmic scale.

The second focal regressor of our analysis tries to proxy the idea of digital proximity we have put forward
in Section 2.2. In brief, this proximity refers to the similarity in the extent to which the digital infrastructures
to which investors and companies have access, allow them to exploit the potential of digital (platforms) for the

sake of VC. Given the crucial role of the internet as enabling digital infrastructure, we rely on the Speedtest
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dataset provided by Ookla about internet performance metrics. By considering upload speed, which is
pivotal for the interactive digital communication discussed in Section 2.2, and employing its most fine-grained
geographical measurement, we are capable to define a variable of the similarity in the internet upload-enabling
(i.e., fast) speed between investor ¢ and company j: DigitProx; ;. More precisely, DigitProx; ; is defined as

follows:

AvgSpeed. - AvgSpeed
DigitProxiJ.:]n( vgSpeed, - AvgSp J>

v/AvgSpeed; + AvgSpeed;

where AvgSpeed; represents the average upload speed for an investor ¢, and AvgSpeed; the average upload
speed for a company j.

As both the above speeds refer to the territorial ”tiles” where the VC partners (i and j) are based, strictly
speaking, the variable we propose is not dyadic at the firm level. However, considering the high granularity
of the same tiles, the same variable can be retained quasi-dyadic.

Taking the natural logarithm of the ratio we have defined, provides a scaled measure of proximity, whose
higher values indicate greater extents of ”digital proximity” in the enabling meaning we have illustrated
in Section 2.2. Indeed, as illustrated in the following, the design of this variable helps to overcome the
limitations of simple comparisons between upload speeds, which would return high digital proximity also in
the non-enabling case of low speeds of both VC investors and companies. Furthermore, the variable allows
for meaningful comparisons between different pairs of speeds independently from the range of the network
performance, providing a consistent scale for measuring digital proximity across various scenarios.

Figure 1 illustrates the inner logic of the indicator we propose.
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Figure 1: Digital proximity and network speed

The figure illustrates the relationship between the percentile of internet upload speed for green start-ups,
represented on the x-axis, and the percentile of internet upload speed for VC investors, represented on the
y-axis. The colour gradient, ranging from blue to red, reflects the average value of our digital proximity
indicator at these internet speed percentiles for both VC investors and green start-ups.

At lower percentiles, where both the company and investor have relatively slow internet speeds, the digital
proximity indicator displays low values (below 50). As we progress towards higher percentiles on both axes,
the average value of digital proximity increases. This aligns with expectations, as the combination of higher
internet speeds for both the investor and the start-up correlates with higher values of the digital proximity
indicator. In other words, at lower (higher) percentiles of investor internet speed, regardless of how high (low)
the company’s internet speed is, the digital proximity will remain low. It is specifically the combination of
high internet speeds for both the company and the investor that results in a high digital proximity, consistent
with our conceptualisation of the term. Given the highly skewed nature of the variable, we employ its

naturally log-transformed value.

3.3.3 Control variables

Drawing on the literature about the formation of dyadic links in VC investments/networks (e.g., Sorenson

and Stuart, 2001; Agarwal and Hauswald, 2006), our econometric analysis controls for other factors that can
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account for the occurrence of an actual green deal, i.e. for GD; ;.

Firstly, we control for the industrial proximity between each pair of companies and investors involved in
a green deal (either effective or potential). This proximity refers to the extent to which the partners of the
deal operate in the same or similar industries. On one hand, VC investors likely have a broader overview
of new business opportunities within their industry landscape and can leverage their prior experience in the
industry to assess these opportunities more accurately. On the other hand, venture capitalists are generally
able to conduct due diligence and post-contractual monitoring more efficiently and effectively when they
have previous investment experience in the target’s industry. Relying on the information that the Dealroom
dataset makes available about the industry classes in which investors and companies operate, we define the
variable IndustProz; ; by identifying the industry portfolios of each dealing (both actually and potentially)
investor and company, and by calculating the cosine similarity score between these two vectors.

Secondly, we control for characteristics of VC investors and (green) start-ups that have been demonstrated
to facilitate their matching (Sorenson and Stuart, 2001). On the one hand, we proxy the experience of a
focal VC investor ¢ with its age at the date of the deal (Age;), amounting to the number of years from the
VC investor’s founding date to the occurrence of a deal (either effective or potential). More established VC
investors have a greater ability to utilise the appropriate strategies for successful deals and are also more
inclined to engage in riskier ventures (Casamatta and Haritchabalet, 2007). Based on this assumption, we
used a logarithmic scale for the variable, anticipating that the experience of VC investors would have a
non-linear impact on the likelihood of closing a deal.

Thirdly, we incorporate into our analysis some variables that aim to control for the role of the regional
economic contexts in which VCs and green start-ups are embedded and of their relative difference. Indeed,
as we argued in the Introduction, the VC financing of green start-ups exhibits an irregular geography, which
has also to be imputed to differences in the techno-economic characteristics of the localities in which investors
and target companies are located (Cojoianu, Clark, Hoepner, Veneri and Wéjcik, 2020). To account for this,
we first consider the GDP (in millions of euros, at current market prices) of the NUTS-3 region in which each
investor (¢) and company (j) of our sample is based: GDPRegio; and GDPRegio;, respectively. GDP can
serve as a proxy of the economic size of regional and financial markets, and of the extent to which they can
influence VC decisions (Bringmann et al., 2018). On the one hand, we can expect that VC investors from high-
GDP regions might view investments in lower-GDP regions as riskier due to lower economic opportunities
or/and less supportive financing and institutional infrastructures. This perception of increased risk may lead
to more conservative investment strategies or higher expected returns to compensate for the risk. On the
other hand, it could also be the case that a VC from a high-GDP region might look for innovative start-ups in

lower-GDP regions for diversification purposes or/and because lower-GDP regions offer incentives to attract
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investment, such as tax breaks, grants, or support programs for start-ups. In light of this, our analysis
incorporates the difference between the GDP values of the two regions, Dif fGDP Regio; ;, and allows our
estimates to determine the most significant interpretation.

At the same level of analysis, the amount of green technology knowledge available in the regions where
investors and companies are based could play a significant role in influencing the relative VC investments.
The extant literature has actually shown that, like in the general case, the knowledge spillover theory plays
an important role also in accounting for new green entrepreneurship at the regional level (Colombelli, 2016;
Corradini, 2019; Colombelli and Quatraro, 2019; Coll-Martinez et al., 2022). Here again, we can expect that
disparities across regions in green knowledge endowment could affect VC decisions in the cleantech and in
different respects. On the one hand, VC investors from greener regions may find target companies in less
green ones less suitable to meet the environmental expectations of their limited partners investors and thus
riskier. On the other hand, a VC from a region with a strong green knowledge base may have more confidence
in understanding and evaluating green technologies and their market potential even in less green ones and
this could reduce its perceived risks. To this end, we control for the stock of green patents of the regions
in which investors (GreenPatRegio;) and and companies (GreenPatRegio;) are based.!'’ Furthermore, we
also account for the difference in the stock of green knowledge between the region of the VC investor and the
invested company (Dif fGreenPatRegio; ;), as existing literature suggests that regional disparities in green
knowledge can have a significant effect on the development of new green technologies. Notably, research
on sustainability transitions has highlighted that regions with limited green knowledge, often referred to
as ‘brown’ regions, may face challenges in developing clean technologies due to entrenched socio-technical
regimes (Smink et al., 2015). However, recent quantitative studies have also shown that these regions are
capable of diversifying into green technologies, suggesting that the presence of a strong green knowledge base
in the investor’s region or the company’s region can facilitate this transition (Santoalha and Boschma, 2021;
Basilico and Grashof, 2024). Moreover, prior studies have also demonstrated that regional green knowledge
spillovers can facilitate the exchange of ideas and expertise between companies, research institutions, and
investors, ultimately leading to more informed investment decisions and a higher likelihood of successful
green deals (Colombelli and Quatraro, 2019). By controlling for the difference in green knowledge between
the investor’s and company’s regions, we can assess the extent to which regional disparities in green knowledge
facilitate or hinder the flow of VC investments into green technologies. All the controls (apart from industrial

proximity) have been transformed in natural logarithms.

HFollowing the extant literature, regional green patents are identified by considering the patents with at least one code related
to ’Climate Change Mitigation Technologies’ (Y02 code) — according to the Cooperative Patent Classification (CPC) scheme
provided by the European Patent Office and the United States Patent and Trademark Office — and by considering the regional
address of their inventors.
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3.3.4 Econometric strategy

Our econometric strategy involves estimating two models. In the first model, we aim to investigate the role

of spatial proximity in the occurrence of a VC green deal by estimating the following equation:

P?“(GDi,j’t = ]-‘Xi,j,t) = ﬂo + Blspathxi,j + zé’ja + b;’)/ + C;C + 01 + )‘j + ’(bt + €i,4,t (].)

where, in addition to the above defined dependent variable (GD; ;) and focal regressor (SpatProx;;),
the vector b; comprises control variables specific to the VC investor, including the age of the investor, the
GDP of the region in which the investor is located, and the stock of green patents within that region. The
vector ¢; includes control variables specific to the green startup, specifically the GDP of the startup’s region
and the region’s green patent stock. Additionally, the vector z; ; captures variables related to the interaction
between the VC investor and the startup, including industry proximity between the investor and the startup,
the difference in GDP between the two regions, and the difference in green patent stocks between the regions.
The model also incorporates fixed effects for the VC investor (6;), the green startup (A;), and the deal year
(¥¢), to control for unobserved heterogeneity across these dimensions. The error term ¢; ;; captures all other
unobserved factors influencing the probability of the event. This framework allows for a robust analysis of
the determinants of VC investments in green startups, accounting for both regional economic characteristics
and the specific attributes of the investors and startups involved.

Although the dependent variable is dichotomous, we estimate linear probability models, with double
(company-investor) and triple fixed effects (company-investor-year). We prefer to do so due to the high
number of fixed effects, which are likely to induce an incidental parameter problem.'?> In our estimates,
we begin with a less stringent specification that includes fixed effects at the investor and company levels,
along with robust standard errors. We then estimate the model using a series of progressively more strin-
gent specifications: (i) investor, company, and year fixed effects with robust standard errors; (ii) investor
and company fixed effects with standard errors clustered at the investor-company level; and (iii) the most
restrictive specification, which incorporates fixed effects at the investor, company, and deal year levels, with
standard errors clustered at the same level.

In the second model, we extend the previous one by incorporating the digital proximity regressor (Digit Proz; ;).
Furthermore, to examine its potential impact on moderating the effect of spatial proximity, we consider their

interaction term (DigitProx; ;, X SpatProz; ;) and estimate the following equation:

12This issue occurs when there is measurement error in a variable of interest and numerous fixed effects are included. In such
situations, the signal-to-noise ratio tends to decrease: the correlation between the variable of interest and the fixed effects lowers
the variance of the true signal, while the variance of the noise remains unchanged, resulting in increased bias in the estimates
(Swann, 2006; Deschénes and Greenstone, 2007).
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As above, we estimate the model using the same series of progressively more stringent specifications.

4 Results

4.1 Descriptive evidence

Before discussing our estimation results, it is important to consider the geographical distribution of the actors

involved in the green VC financing deals under investigation, as it provides significant insights.

N°of companies N°of nvestors

200

100
%0

(a) Green Startups (b) VC investors

Figure 2: Total number of Green Startups and VC investors at NUTS-3 in the EU27+3, 2000 - 2022

On the one hand, Figure 2a shows that green companies that receive VC financing in Europe reveal some
traces of clustering and appear more densely distributed in Northern countries (like France, the Netherlands,
the UK, Finland, and Sweden), than Southern ones (like Spain and Italy), where they are territorial more
scattered in few NUTS3 regions. On the other hand, as Figure 2b shows, the presence of VCs investing
in green start-ups is much more isolated and geographically irregular, with countries showing variable but
few spots hosting ”green” VC investors. Among the top countries hosting green VC firms, the UK, the

Netherlands, and the Scandinavian nations stand out. This shows an alignment with the countries that also
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host the most green start-ups and hints that the role of spatial proximity could actually be important for the
conclusion of green deals.
The role of spatial proximity appears to emerge also from the descriptive statistics of our variables by

distinguishing potential and realised green deals (stats for all deals are available in the Appendix).
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Table 1: Descriptive statistics: potential vs. realised green deals

mean sd min max
Potential VC green deal
SpatDist 909.0 5744 0.0000074  3899.5
Avg Speed (i) 57645.6 34163.7 2085.1 225930.9
Avg Speed (s) 60625.6  39422.8 5002.5 245692.5
DigitProx 73.2 57.0 0 658.2
IndustProx 0.75 0.17 0.061 0.98
Age (i) 12.7 24.1 0 593
GDPRegio (i) 169412.9  146349.9 2147.7 745707.5
GDPRegio (s) 102885.0 119687.1 642.5 745707.5
GreenPatRegio (i) 94.0 133.9 1 1063
GreenPatRegio (s) 78.9 124.5 1 901
Diff GDPRegio 145437.4  138119.1 0 743234.1
DiffGreenPatRegio 106.2 148.1 0 1061
Realised VC' green deal
SpatialDist 290.8 425.2 0.0000061  3683.4
Avg Speed (i) 57215.9 34161.2 2085.1 219798.0
Avg Speed (s) 56780.2  37740.7 5002.5 245692.5
DigitProx 77.0 70.1 0 536.0
IndustProx 0.77 0.16 0.36 0.97
Age (i) 12.9 23.1 0 593
GDPRegio (i) 165446.1 144358.8 2163.3 745707.5
GDPRegio (s) 103927.0 121331.1 642.5 745707.5
GreenPatRegio (i) 99.6 135.4 1 1063
GreenPatRegio (s) 87.1 140.0 1 901
DiffGDPRegio 105526.3 131130.4 0 739711.9
DiffGreenPatRegio 75.0 139.7 0 972

Notes. Table shows summary statistics for the sample of potential VC green deals
and the sample of realised VC green deals. Average internet speed, GDP per capita
at the regional level and the stock of green patents at the regional levels are reported
for investor (i) and startup (s). Summary statistics are means, standard deviations,

minimum and maximum (columns 2-5).

As Table 1 shows, realised green deals occur on average at a smaller spatial distance (290.8 km) compared
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to potential ones (909.0 km), suggesting that the geographical distance (here considered instead of proximity)
between partners could actually hinder the finalisation of a deal. Realised deals also show a slightly higher
digital proximity on average (77.0 vs 73.2), in line with our expectations about the enabling role of their
symmetric capability access to digital platforms. The same holds true for their industrial proximity (0.77 vs
0.75 on average), indicating that a greater sector alignment may contribute to deal success.

Realised green deal apparently occur between investors and companies located in regions with more
similar (than potential ones) levels of development and availability of green-tech knowledge. This suggests

that inter-regional differences in the two respects at stake might actually hamper the conclusion of a deal.

4.2 VC green deals and spatial proximity

Coming to the estimates, Table 2 shows the results of Model 1 focusing on the role of the spatial proximity

between VC investors and green start-ups in the relative deals.
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Table 2:

VC green deals and spatial proximity

(1) (2) (3) (4)
SpatProx (log) 0.0755**  0.0755**  0.0755%*  0.0755%*
[0.0028] [0.0028] [0.0055] [0.0121]
IndustProx 0.0734**  0.0734**  0.0734**  0.0734**
[0.0071] [0.0070] [0.0096] [0.0166]
Age Investor (log) 0.0003 0.0007 0.0003 0.0007
[0.0023] [0.0023] [0.0018] [0.0016)
GDPRegio Investor -0.0243 -0.0096 -0.0243* -0.0096
[0.0162] [0.0216) [0.0112] [0.0139]
GDPRegio Company -0.0892*%*  -0.0662*  -0.0892**  -0.0662*
[0.0189] [0.0288] [0.0188] [0.0283]
GreenPatRegio Investor -0.0016+ 0.0004 -0.0016* 0.0004
[0.0008] [0.0011] [0.0007] [0.0007]
GreenPatRegio Company  -0.0006 0.0005 -0.0006 0.0005
[0.0007] [0.0008] [0.0006] [0.0006]
DifftGDPRegio -0.0058**  -0.0058**  -0.0058**  -0.0058**
[0.0003] [0.0003] [0.0006] [0.0007]
DiffGreenPatRegio -0.0012** -0.0011**  -0.0012* -0.0011
[0.0003] [0.0003] [0.0006] [0.0008]
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 178157 178157 178157 178157

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

As expected, the spatial proximity between VC investors and green start-ups positively correlates with
the likelihood of their finalising a deal. The corresponding coefficient is statistically significant and remains
stable across all specifications of Model 1, in which different sets of fixed effects are progressively incorporated.

This finding supports our expectation that face-to-face interactions, facilitated by physical closeness between
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partners, play a crucial role in VC deals within the green sector.

Regarding the controls, our analysis reveals that the industrial proximity between companies and investors
plays a significant and positive role in facilitating the conclusion of a green deal. This finding extends the
results of previous venture capital studies, which have shown that industrial proximity can enhance the
likelihood of successful partnerships (e.g. Sorenson and Stuart, 2001). Specifically, our results suggest that
when companies and investors operate in the same or similar industries, they are more likely to engage in
green deals. This is likely due to the fact that industrial proximity fosters a deeper understanding of the
company’s business model, technology, and market, making it easier for investors to assess the potential for
success. In contrast, our analysis indicates that the experience of the investor does not significantly correlate
with the likelihood of concluding a green deal. This finding is consistent with previous evidence, which
suggests that investor experience may not be a key factor in determining the success of a deal (Sorenson and
Stuart, 2001).

Looking at the regional controls, green deals appear the more probable, the less economically developed is
the region of the target company. This is an interesting result that suggests that VC investors might search
for promising business opportunities by diversifying out of the radar of standard investors. Furthermore,
the result might also hint that new green opportunities could be facilitated by the absence of urbanisation
diseconomies and by the closeness to natural resources, which more peripheral regions usually comprehend
(Cattani et al., 2023). However, the occurrence of a green deal is apparently hampered by the economic
gap between the regions of investors and companies, suggesting that such a gap might render a prospected
deal riskier to VC investors. The same result would seem to apply to the gap in the green knowledge of the
partners’ regions. However, the significance of the negative coefficient for Dif fGreenPat vanishes when all
the fixed effects are retained in the specification (4) of Table 2.

As we have argued in Section 2.1, one of our main tenets about spatial proximity in the VC financing
of green deals is that, because of the specificity of the sector, its role should be more relevant than in other
ones. To test this argument empirically, we replicate our estimates of Model 1 with respect to four additional
samples of deals retrieved from the Dealroom Database, and compare it with the results obtained for VC
green deals. The first sample includes all deals involving non-green start-ups within the EU27+3 from 2000
to 2020. This sample was created by excluding green start-up deals from the overall VC dataset. The other
three samples instead refer to deals in sectors that are notably VC capital-intensive: ICT, Fintech, and
Biotech 3. To compare the results regarding the role of spatial proximity across the five samples, we first
define a dichotomous variable Green; ;. This variable takes value 1 if the deal regards a green company and

0 if the company in the deal falls into one of the counterpart categories, namely non-green, ICT, Fintech,

I3]1CT and Fintech companies are defined according to the industrial classification provided in Dealroom. Biotech companies
are identified using a text mining technique applied to the 'tagline’ variable in Dealroom, which contains a brief description of
the company’s activities. A company is flagged as biotech if its tagline includes the words ’biotechnology’ or ’bio-tech’.
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or Biotech, respectively. We then interact this dummy with our indicator of spatial proximity, SpatProz; ;
and investigate whether the dummy moderates its effect on the formation of the VC deal and in which way.
Computational complexity and attrition force us to exclude the controls from this last comparative analysis
and to just retain fixed effects. Still, we deem the results are at least exploratory in testing our argument.
Starting with the comparison between green and non-green deals, Table 3 reveals that the enabling role
of spatial proximity (SpatProx) is reinforced when the target company operates within the green sector
rather than outside it. As expected, the coefficient on Spat Proz is positive and significant. Furthermore, the
interaction term between SpatProx and Green is also positive and significant and of non-negligible magni-
tude. Specifically, a 1 % increase in geographical proximity between the investor and the startup changes the
likelihood of concluding a deal from 1.8 % to 7.5 %, depending on whether the deal is non-green or green,

respectively.

Table 3: VC deals and spatial proximity: green vs non-green deals

(1) (2) (3) (4)
SpatProx (log of)  0.0145%* 0.0145** 0.0145** 0.0145%*

(0.0004]  [0.0004]  [0.0009]  [0.0008]
Green X SpatProx  0.0569%*  0.0569%*  0.0569**  0.0569**
(0.0013]  [0.0013]  [0.0027]  [0.0055]

Controls No No No No
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 3014183 3014183 3014183 3014183

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

Table 4 shows the results of the comparison of the role of spatial proximity between green deals and deals
in the ICT/digital sector. The interaction term between Green;; and SpatProz; ; is positive and significant.
Furthermore, its coefficient (0.0335) is nearly identical to the basic effect of SpatProz, suggesting that
green deals are about twice as sensitive to proximity as ICT deals. As expected, given the codified nature of
knowledge that typically characterises transactions in this sector, and the digital networks through which ICT
start-ups develop and manage their connections, the geographical closeness between investors and companies

is substantially less conducive to concluding a deal in the ICT sector than in the green sector. Indeed, both

27



with respect to developed and emerging countries (like India and China), on which recent studies have come
to concentrate, the VC financing of new digital start-ups apparently relies on other more salient factors than
the start-ups’ proximity to VC, and rather pertaining to the managerial quality of the start-up team (e.g. the
signalling provided by entrepreneurs’ education pedigree), the start-up adoption of digital business models,
its belonging to accelerator/incubator programs, and the legitimacy received by the government or business

groups (Bhattacharyya and Subrahmanya, 2024; Zhou et al., 2023; Schumacher, 2022).

Table 4: VC deals and spatial proximity: green vs ICT deals

(1) (2) (3) (4)
SpatProx (log of)  0.0336**  0.0335%*  0.0336**  0.0335**
(0.0008]  [0.0008]  [0.0014]  [0.0028]

Green X SpatProx  0.0335%*  0.0335%*  0.0335%*  0.0335%*
0.0011]  [0.0011]  [0.0020]  [0.0038]

Controls No No No No
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 1541139 1541139 1541139 1541139

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

Supportive results of our arguments about the superior relevance of spatial proximity for VC green deals
also emerge from their comparison with FinTech ones (Table 5). Fintech (green) deals are significantly
less (more) sensitive to the proximity to VC than green (FinTech) ones. Given the evidence of strong
clusterisation patterns of Fintech start-ups across different countries, both inside and outside Europe, and
the ascertained role of localised fin- and tech- knowledge in spurring their emergence and financing (Hendrikse
et al., 2020; Migozzi et al., 2024; Cojoianu et al., 2021; Bémer and Schwienbacher, 2018), this result is somehow
surprisingly. Interestingly, this suggests that the risk profile of green start-ups apparently requires a greater
degree of spatial proximity to VC than that necessary for the operation of knowledge spillovers in the creation

of fintech entrepreneurship (Cojoianu et al., 2021).
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Table 5: VC deals and spatial proximity: green vs Fintech deals

(1) (2) (3) (4)
SpatProx (log of)  0.0206%*  0.0206**  0.0206™*  0.0206**

(0.0004]  [0.0004]  [0.0010]  [0.0025]
Green X SpatProx  0.0432%%  0.0431%%  0.0432%*  0.0431%*
(0.0010]  [0.0010]  [0.0022]  [0.0041]

Controls No No No No
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 2644395 2644395 2644395 2644395

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

Coming to the comparison between green and Biotech deals, conversely to the previous cases, the in-
teraction term between Green and SpatProx is significantly negative, suggesting that the effect of spatial
proximity on deal formation is less pronounced for green than for biotech ones. This is an interesting excep-
tion to our general finding. While VC deals in the non-green domain generally appear less sensitive to spatial
proximity compared to green deals, this is not a universal pattern. The biotech sector is not a surprising
exception to this rule. In early studies on the specificities of VC in cleantech, biotech was recognised as
sharing different characteristics with it (Gaddy et al., 2017). Firstly, the biotech sector also relies heavily
on complex tacit knowledge, which is most effectively transferred through face-to-face interactions involving
highly productive ’star’ scientists. These individuals are scarce, immobile factors of production in the biotech
industry (Zucker et al., 1998). Secondly, like cleantech ones, biotech companies also frequently require signif-
icant guidance through complex regulatory processes (Wustenhagen and Teppo, 2006). Thirdly, and possibly
more importantly, biotech intensively relies on collaboration with academic institutions and hospitals for
clinical trials and research partnerships, which benefit from proximity, as well as to specialised laboratories

and equipment, which are usually concentrated in specific regions (Powell et al., 2002q).
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Table 6: VC deals and spatial proximity: green vs Biotech deals

(1)

(2)

(3)

(4)

SpatProx (log of)  0.1617** 0.1607** 0.1617** 0.1607**
[0.0434]  [0.0433]  [0.0418]  [0.0374]
Green X SpatProx -0.0902* -0.0894* -0.0902* -0.0894*
[0.0433]  [0.0433]  [0.0416]  [0.0365]
Controls No No No No
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 880971 880971 880971 880971

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

Overall, the results of our analysis suggest that the effect of spatial proximity is stronger in the case of
green deals compared to the non-green VC deal in the EU27+3, supporting our arguments about the higher
complexity, riskiness, and capital needs of green deals compared to other types of deals (Gaddy et al., 2016;

Demirel and Danisman, 2019; Barbieri et al., 2023). The results are consistent when considering other sectors

of the analysis, with the exception of Biotech.

4.3 VC green deals and spatial vs. digital proximity

The second part of our analysis refers to the results about the VC enabling role of digital proximity and
its relationship with that of spatial proximity. Table 7 shows that, as expected, both spatial and digital
proximities are positively correlated with VC green deal formation, across all the retained specifications (pro-
gressively including fixed effects at various levels). While being closer to green start-ups helps VC investors

to assess and monitor the deal, getting similar/symmetric access to digital technologies (and platforms) does

reduce information costs and also has an enabling role.
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Table 7: VC green deals, spatial and digital proximities

(1)

(2)

3)

(4)

SpatProx (log)  0.0751** 0.0751** 0.0751** 0.0751**
[0.0028]  [0.0028]  [0.0054]  [0.0118]
DigitProx (log) 0.0717** 0.0719** 0.0717** 0.0719**
[0.0058]  [0.0058]  [0.0118]  [0.0148]
Controls Yes Yes Yes Yes
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 176176 176176 176176 176176

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

The relationship between spatial and digital proximities and the probability of concluding a VC green deal
is also substantial in magnitude. Figure 4.3 illustrates the relationship between digital (spatial) proximity
and the elasticity of green deal formation with respect to spatial (digital) proximity. To better appreciate
the magnitude of the elasticity of VC green deal formation with respect to spatial proximity, consider the
following: an increase of 1 per cent in spatial proximity is equivalent to i) relocating an investor-investee
pair from Paris-Amsterdam to Paris-Utrecht or ii) reducing the distance between an investor-investee pair
from approximately 40km to co-location. Similarly, a 1 per cent increase in digital proximity corresponds to

an increase in upload speed of 112KBps (305KBps) for the investee (investor) at the median value of digital

proximity.
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Figure 3: The impact of proximity on the probability of a green deal

For digital proximity (left graph), there is a strong negative relationship with elasticity. As digital
proximity increases (moving right on the x-axis), the elasticity of a VC green deal probability with respect
to spatial proximity decreases sharply, especially in the lower percentiles of digital proximity. This suggests
that geographical closeness has a much stronger effect on deal likelihood when parties are initially far apart
from a digital point of view. However, the role of spatial proximity in contributing to the probability of
concluding a VC green deal diminishes as digital proximity becomes more important.

As for spatial proximity (right graph), we see a similar but less pronounced trend. The elasticity of a
VC green deal probability with respect to digital proximity decreases as spatial proximity increases, but the
curve is flatter. This indicates that the contribution of digital proximity has a more consistent effect on deal
probability across different levels of spatial proximity, though the effect is still stronger at lower levels of
geographical proximity.

The last part of the analysis aims to investigate the interplay between these two measures of proximity
more directly. To do that, Table 8 presents the estimation results for the model that includes the interaction
between spatial and digital proximity. Both the single regressors are positive and statistically significant,
supporting our baseline results about the importance of both face-to-face and digitally enabled interactions
for the conclusion of a VC green deal. More importantly, the coefficient of the interaction term is negative
(-0.0124) and statistically significant across all models, suggesting an effect of substitution between spatial

and digital proximities in the likelihood of a VC green deal formation. This is an important and novel
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finding in our analysis, reinforcing our argument about the enhanced potential for information exchange and
management that new digital (platform) technologies offer to the partners of green VC deals. Unlike earlier
studies, which have emphasized the inability of ICT to mitigate the binding role of spatial proximity in the
successful conclusion of VC deals (Fritsch and Schilder, 2008). Our findings indicate that physical closeness
between VC partners in green deals becomes less critical when they have comparable access to broadband

technologies, which possibly enable them more efficient digital management of the deals.

Table 8: VC green deals, spatial and digital proximity interplay

(1) (2) 3) (4)

SpatProx (log) 0.1283**  0.1283**  (0.1283*%* (0.1283**

0.0124]  [0.0123]  [0.0217]  [0.0222]
DigitProx (log) 0.1667**  0.1670**  0.1667** 0.1670**
0.0214]  [0.0214]  [0.0350]  [0.0323]
SpatialProx X DigitProx -0.0124** -0.0124** -0.0124* -0.0124*
0.0028)  [0.0028]  [0.0054]  [0.0048]

Controls Yes Yes Yes Yes
Clustered SE No No Yes Yes
FE investor Yes Yes Yes Yes
FE company Yes Yes Yes Yes
FE year No Yes No Yes
N deals 176176 176176 176176 176176

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

Quite interestingly, additional estimates (reported in the Appendix) show that, considering the interaction
terms between spatial and digital proximity at different deciles of digital proximity, all of the coefficients are
not statistically significant but decile 9 and decile 10, which are significant at the 10% level and the 5%
level, respectively. This further qualifies our interpretation of a substitution relationship between spatial and
digital proximity, suggesting that the latter is capable to compensate the lack of the former only when it is
particularly consistent. In other words, and consistently with , face-to-face interactions among partners of VC
green deals become less crucial for their success when their capacity of accessing to their digital management

is substantially similar.
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5 Conclusions

Amid what seems to be a second VC boom in financing green start-ups (Cornillie and Delbeke, 2022),
understanding the economic geography of this trend and the crucial role of various forms of proximity between
investors and investees is paramount. Despite the substantial recent growth of VC in the green sector, its
distribution across Europe remains highly polarized, both nationally and regionally, highlighting the need for
research into its determinants and the policy measures that can address these disparities.

Extending existing research on the role of VC in green start-ups (e.g. Demirel et al., 2019; Hockerts
and Wiistenhagen, 2010), as well as on the relationship between proximity and VC deals (e.g. Bédu et al.,
2024; Ghinami and Montresor, 2023), we have explored three original research questions. First, we have
examined the extent to which the success of VC green deals depends on spatial proximity between VC
partners compared to other non-green sectors; and we have argued that, given the intrinsically higher risk
profile of green start-ups, this extent should be higher for them. Second, we have argued that a digital kind of
proximity between VC partners — defined as the degree of similarity in their access to digital infrastructures
— should be considered when understanding the role of digitalization in VC; and we have investigated the
extent to which this proximity correlates with successful VC green deals. Third, we have explored whether,
as we did expect, this digital proximity could substitute for spatial proximity and, by enabling the exchange
of deep knowledge even over distances, mitigate the importance of spatial proximity in the success of VC
green deals.

Relying on an original multi-method approach to identify green start-ups in European regions between
2000 and 2020, geo-localizing their financing VC investors, and introducing a new indicator of digital prox-
imity between VC green partners, our econometric analysis of realised vs. potential VC green deals largely
confirmed our theoretical expectations and suggests interesting policy implications. VC deals in the green
sector actually appear significantly enabled by the spatial proximity between investor and investee, confirm-
ing that their face-to-face and social interaction is an important factor to attenuate transaction costs and
information asymmetries posed by their relationship. More importantly, the enabling role of spatial proximity
appears to be greater for green than for non-green VC deals (with the notable exception of biotech start-ups),
further confirming that the higher risk profile of green start-ups may require VC investors to adopt a more
geographically sensitive approach to risk management. From a policy perspective, this suggests that the
regional VC gaps and territorial asymmetries observed in the green sector could be accounted by the localisa-
tion choices and strategies of green sensitive VC investors and green Venture Capitalists (Randjelovic et al.,
2003). Accordingly, in facing what risks to be an additional element of un-justness in the green transition,
policy makers are recommended to implement suitable incentives to attract VC investors closer to the places

of new green opportunities and to increase their inter-regional and inter-country mobility. This is particularly
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relevant in Europe, where the green sector (and the clean-tech) in particular attracts comparatively less VC
than other areas.

Our newly proposed indicator of digital proximity also significantly correlates with the likelihood of
successful green deals. Although we are unable to directly ascertain and measure this intermediate mechanism,
we argue that this result may be explained by the fact that similar access to fintech-enabling broadband
communications enhances VC partners’ access to and use of digital platforms, which are crucial for improving
the information efficiency on which green VC deals depend. This result also has important policy implications,
suggesting that digitalization policies — typically designed to address territorial gaps and asymmetries in
the diffusion of digital technologies — could have a spillover effect on the expansion of VC-backed green
entrepreneurship.

Related to this policy implication is the finding from the third result of our analysis, which shows that
digital proximity mitigates the crucial role of spatial proximity in enabling successful VC green deals. This
suggests that digitalization policies — such as those Europe is aiming to integrate with environmental policies
in the twin transition — could help address equity gaps in financing the green transition, otherwise exacerbated
by the strong spatial stickiness of such investments. This is possibly the most interesting and original result of
our study, also in terms of academic research, spurring further research on the actual role of digital platforms
in enabling VC deals in the green sector.

In addition to that, other research pathways could be interesting to pursue. First, future contributions
could explore the heterogeneity within the green sector, as the broad nature of the green domain encompasses
a wide variety of companies involved in the green transition. The green sector is wider and not-sharp-defined,
as different types of startups and firms produce goods and services in very different ways. A more granular
analysis with firm-level data could provide further insights into the specific financing needs and challenges
of different types of green startups. Second, investigating the non-financial contributions of VCs, such as
managerial expertise and networking, could offer a more comprehensive understanding of the VC-startup
relationship in the green sector. According to Moore and Wiistenhagen (2004) and Bocken (2015), venture
capital investors provide not only funds but also managerial expertise and networking to startups, working as
partners in the development of the company, especially in the early stages. It is reasonable that these factors
might impact the decision to invest, opening possible future research questions and pathways that surely
deserve more attention. Third, a deeper analysis of deals in terms of round, amount of investments, and
presence of an initial public offer (IPO), could provide useful insights into drivers of venture capital funding
decisions in the investments on new green entrepreneurs.

In concluding, it should be recognised that our study is not free from limitations that future research

should also try to address. ....
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6 Appendix

6.1 Data Assembly: Green Startups and Venture Capital investors in the EU274-3

The data processing methodology employed a comprehensive, multi-stage approach to identify and anal-
yse green startups (GS) and venture capital (VC) investors within the EU27+3 (UK, Norway, Switzerland)
framework. The entire process involved several steps of merging with different tables, available in Dealroom
dataset. Starting from the wider Dealroom dataset, we flagged 12855 green startups, worldwide distributed
(Step 0). The process firstly identifies available information for 12,633 green startups, from the table compa-
nies (Step 1). These entities were then cross-referenced with the deals table (Step 2), resulting in a subset
of 8,499 GS. Here we suffer from a consistent drop of observation due to missing values contained in the

table deals. According to the fact that our unit of analysis is represented by deals, the subsequent merge of
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the ”companies” and ”deals” tables yielded a slightly refined set of 8,493 GS and 21,770 unique deals (Step
3). The focus then shifted to the investor landscape. Starting from the table called investors, we isolated
VC investors based in EU 2743 through a filtering process that excluded other countries and other kinds of
deals (e.g private equity, angel financing, public investment, etc), resulting in a pool of 5,660 European VC
investors (Step 4). This refined investor dataset was then merged with the previously established GS and
deals data, leading to a more focused dataset comprising 3,378 GS, 1,982 unique investors, and 6,221 unique
deals. In Step 5 we consider only the startups located in the EU27+3, obtaining 3,340 GS, 1,966 unique
investors, and 6,156 unique deals. Further refinement involved industry verification (Step 6) for companies
from table industry, and for VC investors from table investors. This process slightly reduced the dataset to
3,025 GS, 1,817 unique investors, and 5,685 unique deals. Lastly, we face an issue connected to misleading
information between latitude and longitude, and the correspondent country, contained in Dealroom dataset
(Step 7). By extracting the coordinates of the latitude and longitude of Europe from OpenStreetMap 4, we
drop the companies and investors with coordinates which are not included in Europe. As a result, the final
dataset presents 2,854 green startups, 1,368 unique investors, and 4,694 unique deals. The following table

summarises the entire process.

Mhttps://wiki.openstreetmap.org/wiki/Europe
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Table 9: Summary of Steps of Data Assembly:: Green Startups and Venture Capital investors in the EU27+3

Step Companies | Investors | Deals
Step 0 12,855 - -
Step 1 12,633 - -
Step 2 8,499 - -
Step 3 8,493 - 21,770
Step 4 - 5,660 -
Step 5 3,340 1,966 6,156
Step 6 3,025 1,817 5,685
Step 7 2,854 1,368 4,694

6.2 Case-Control Methodology for the Dependent Variable

As described in the section related to the dependent variable, the analysis focused on a dichotomous variable
indicating the occurrence of a Green Deal (GD) between a VC investor and a green start-up. This variable
is coded as 1 if a deal took place in a specific year and 0 otherwise. To manage the vast number of potential
investor-start-up pairs, the study uses a matched case-control approach, comparing actual deals (1) with
potential but unrealised deals (0) that have similar characteristics, addressing both computational challenges
and bias in error estimation. The analysis also highlights key challenges, such as the computational burden
of handling numerous potential pairs, the risk of underestimating standard errors due to repeated deals by
the same company, and issues with randomly sampling potential deals. To face the disproportion between
the effective green deals and the potential ones, we follow the methodology related to Rare Events (King and
Zeng, 2001), building a case-control. We have built up a case-control (Sorenson and Stuart, 2001; D’Este
et al., 2013; King and Zeng, 2001) by pairing each VC firm that funded a startup in a given quarter of a
calendar year, with each startup funded by a different venture capitalist in that same quarter. The reason
behind this choice is twofold. First, it was previously used in literature by Sorenson and Stuart (2001), in the
evaluation of venture capital deals in the US. Second, because of the data, this case-control seems to be one
of the best solutions for maintaining the exogenous nature of the sample (King and Zeng, 2001). Considering
all the possible pairs (company/investor) generates a lot of observations, many with a low probability of
occurrence, such as the ones referred to different periods. Our rationale in building the case-control allows
us to face this problem, avoiding pairs with a lower probability, and it appears as a trustworthy solution
in creating the sample. However, different case-control samples could be constructed using alternative time
frames (e.g., semester, year) or different criteria, such as the industry specialisation of companies. Given
the data constraints of the Dealroom database, we believe our chosen strategy is the most effective solution.
In the following table, we produced a check by counting the number of green deals that occurred with-
out a counterfactual comparison. This analysis will help us assess the proportion of such deals relative to

the overall number of green deals that include a counterfactual. We expect the share of green deals without
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a counterfactual to be relatively low, thereby reinforcing the robustness of our matched case-control approach.

Table 10: Case-control check: Quarters Without Counterfactual

Year N° of quarter Quarters without counterfactual deals
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
Total
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The data presented in this table shows the robustness of our strategy through the limited occurrence of
quarters without counterfactual deals. Over a 23-year period from 2000 to 2022, only 6 out of 92 total quar-
ters lacked counterfactual deals, representing a mere 6.5% of the distribution. This low frequency indicates
that our approach consistently maintains counterfactual scenarios, which are crucial for accurate analysis.
The concentration of these rare instances in the early to mid-2000s is mainly related to the characteristics
of the Dealroom dataset, which is richer in more recent years. The high rate of counterfactual availability
strengthens our ability to make a robust and trustworthy analysis of venture capital financing of green star-

tups.
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6.3

Quantile estimates of the full model

Table 11: VC green deals, spatial and digital proximity interplay

(1) (2) 3) (4) (5)
SpatProx (log) 0.1283**  0.1283**  0.1283** 0.1283** 0.0768**
[0.0124] [0.0123] [0.0217]  [0.0222] [0.0122]
DigitProx (log) 0.1667**  0.1670**  0.1667** 0.1670**  0.0961*
[0.0214] [0.0214] [0.0350]  [0.0323] [0.0325]
SpatialProx X DigitProx -0.0124**  -0.0124**  -0.0124* -0.0124*
[0.0028] [0.0028] [0.0054]  [0.0048]
SpatialProx X DigitProx decile 2 0.0000
[0.0005]
SpatialProx X DigitProx decile 3 -0.0005
[0.0006]
SpatialProx X DigitProx decile 4 -0.0011
[0.0007]
SpatialProx X DigitProx decile 5 -0.0014+
[0.0008]
SpatialProx X DigitProx decile 6 -0.0015+
[0.0008]
SpatialProx X DigitProx decile 7 -0.0020+
[0.0010]
SpatialProx X DigitProx decile 8 -0.0023+
[0.0011]
SpatialProx X DigitProx decile 9 -0.0033*
[0.0014]
SpatialProx X DigitProx decile 10 -0.0035+
[0.0017]
Controls Yes Yes Yes Yes Yes
Clustered SE No No Yes Yes Yes
FE investor Yes Yes Yes Yes Yes
FE company Yes Yes Yes Yes Yes
FE year No Yes No Yes Yes
N deals 176176 176176 176176 176176 176176
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