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Abstract  The paper examines the impact of ven-
ture capital (VC) financing on the growth of cleantech 
companies, using newly available data and a more 
comprehensive perspective on the sector. The analysis 
is conducted on a sample of 24,538 European clean-
tech companies identified using machine learning 
techniques, 401 of which received a first VC invest-
ment between 1988 and 2023. To adequately control 
for selection bias, we applied a matching procedure 
that allowed the creation of two control groups: one 
consisting of non-VC-backed cleantech companies 
and another of non-cleantech VC-backed companies. 
Our analysis reveals that, in terms of selection, inves-
tors discount the inherent risk of the sector by invest-
ing in fast-growing cleantech companies. Regarding 
the impact of VC on invested cleantech companies, 
when the differences at selection are neutralised, 
our results suggest that VC effectively supports the 
growth of invested cleantech companies, with a more 
pronounced effect in the short term.

Plain English Summary  Should cleantech com-
panies seek VC? Cleantech projects have always 
faced financial constraints due to the high risks and 
information gaps associated with their innovative 
activities. Over the years, various policies have been 
adopted to make the sector more attractive to exter-
nal financiers and these efforts have recently led to a 
strong upturn in investment. The study investigates 
the peculiarities of cleantech investments and, for the 
first time, assesses the impact of VC on the perfor-
mance of cleantech companies. The results show that 
VC remains a viable option for entrepreneurs seeking 
to support the growth of their companies. For policy-
makers, these findings underscore the importance of 
implementing policies that attract investors to support 
the growth and development of technologies critical 
to the green transition.

Keywords  Venture capital · Cleantech · Growth · 
Impact

JEL Classification  G24 · G30 · Q01 · Q55

1  Introduction

Cleantech encompasses innovative technologies and 
business models that deliver environmentally supe-
rior products, processes, and services (Caprotti, 2011; 
Erzurumlu & Erzurumlu, 2013; Kachan & Co, 2012; 
Migendt et  al., 2017; O’Rouke, 2009). Traditional 
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industry classifications have often struggled to cap-
ture the dynamic and evolving nature of the clean-
tech sector (Christensen & Hain, 2017; Criscuolo 
& Menon, 2015; Cumming et  al., 2016). Academic 
papers on cleantech have adopted various cleantech 
labels (Cumming et  al., 2016; Gaddy et  al., 2017; 
Mazzucato & Semieniuk, 2018; Petkova et al., 2014; 
Shapira et al., 2014) or focused exclusively on easily 
identifiable subdomains, such as ‘clean energy’ tech-
nologies (Bellucci et  al., 2021; Gaddy et  al., 2017; 
van den Heuvel & Popp, 2023).

Cleantech companies, like other technology-based 
companies, are well known to face financial con-
straints due to the high risks and information gaps 
associated with their innovative activities (Bürer & 
Wüstenhagen, 2009; Chassot et  al., 2014; Ghosh & 
Nanda, 2010; Polzin, 2017; Wüstenhagen & Teppo, 
2006). These funding gaps are particularly pronounced 
given the high capital intensity, technological com-
plexity, and slow technological development of the 
sector (Cumming et al., 2016; Doblinger et al., 2019; 
Gaddy et  al., 2017; Ghosh & Nanda, 2010; Migendt 
et  al., 2017; Owen et  al., 2021), posing significant 
challenges to their scalability (Ghosh & Nanda, 2010; 
Giudici et al., 2019; Hornuf & Schwienbacher, 2018; 
Josefy et  al., 2017). Venture capitalists (VCs) play a 
crucial role in the cleantech sector as they target early-
stage technologies (Cumming et  al., 2016), fostering 
innovation (Hargadon & Kenney, 2012) and facili-
tating the entry of new, innovative companies into 
emerging technology markets (Bellucci et  al., 2021; 
Owen, 2023).

VC investment in cleantech surged to $70 billion in 
2022 (2023 Global Climate Tech Outlook, 2023), and 
this increased interest was also spurred by the climate 
crisis and growing public support in both the USA 
and Europe for cleaner and more innovative solutions 
(Madaleno et al., 2022). In October 2021, Larry Fink, 
the CEO of BlackRock, predicted that the next 1000 
unicorns (start-ups valued at more than $1 billion) will 
be predominantly focused on climate-friendly technol-
ogies rather than traditional sectors. VC deals in clean-
tech in Europe have more than tripled from 2015 to 
2023, peaking in 2021 and 2022, with more than 60% 
more deals in 2023 than in 2019 (2023 Annual Euro-
pean VC Valuations Report, 2024). However, the early 
wage of VC investment in cleantech between 2005 and 
2010 resulted in poor outcomes for the VC industry 
(Hargadon & Kenney, 2012; Nanda et al., 2014). The 

main reason was that, during this period, a significant 
number of investments were made in project-based 
business models (e.g. waste-to-energy plants, algae 
farms, biogas plants, and biofuels), which are largely 
capital-intensive and require extensive planning and 
preparation phases. Previous studies related to this 
wave pointed out that traditional VC financing is a 
wrong model to finance innovation in the energy sub-
sector (Bellucci et  al., 2021; Cumming et  al., 2017; 
Gaddy et al., 2017; Ghosh & Nanda, 2010; Hargadon 
& Kenney, 2012; Parris & Demirel, 2010), arguing 
that returns are low or at best average (Marcus et al., 
2013). It has been underlined that the cleantech sec-
tor presents challenges within the financial landscape. 
These challenges range from the difficulty investors 
face in fully capturing or estimating the environmental 
and social value of cleantech investments (Cumming 
et al., 2016; O’Reilly et al., 2023) to assessing market 
risks and opportunities given the high capital inten-
sity of the investments, coupled with high technology 
risks related to technology functioning, scalability, and 
demand (Cumming et al., 2016; de Lange & Valliere, 
2020; Ghosh & Nanda, 2010). Moreover, cleantech 
activity is heavily influenced by regulatory scenarios 
and macroeconomic conditions (Cumming et  al., 
2016; Momtaz & Parra, 2024), which in turn affect VC 
investment decisions. For example, instability in the 
price of natural resources, such as oil, can affect the 
demand for electricity alternatives to fossil fuels (Cum-
ming et al., 2016). The ‘second cleantech wave’, which 
began in 2010, was characterised by a greater empha-
sis on product-based business models, with invest-
ment focused on sectors with existing high demand, 
reducing the complexity and time required to scale 
the business (The Economist, 2021). The recent surge 
in cleantech investment in the world’s major markets 
(Lin, 2022) calls for evidence of the effectiveness of 
VC funding on the growth of cleantech companies. In 
addition, difficulties in correctly identifying cleantech 
companies (Bellucci et al., 2021) have limited research 
on financing dynamics in the cleantech sector.

In this paper, we investigated the impact of VC 
funding on cleantech companies by relying on an 
original database covering the full spectrum of 
cleantech companies in Europe, identified using 
machine learning techniques from the Orbis data-
base (see Ambrois et  al., 2023 and Croce et  al., 
2024 for a description of the dataset). To our knowl-
edge, this is the first paper to examine the impact 
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of VC financing on different metrics of growth (i.e. 
total assets, sales, and number of employees) of 
cleantech companies using newly available data and 
a broader view of the sector.

The analysis was conducted on a sample of 
24,538 cleantech companies with complete data 
on foundation year and geographical location, for 
which at least three consecutive years of account-
ing data were available from 1995 to 2023. Out of 
24,538 cleantech companies, 401 companies (1.63% 
of the total) received a first VC investment between 
1988 and 2023. To control for selection bias and 
thus accurately assess the impact of VC financing 
on the growth of cleantech companies, we used a 
counterfactual approach by comparing cleantech 
companies that received VC funding with those 
that never received this type of financing. After the 
matching, we ended up with 146 VC-backed clean-
tech companies and between 212 and 286 matched 
cleantech non-VC-backed, depending on the growth 
metric. In addition, to explore whether the effect of 
VC financing on cleantech companies presents spe-
cificities with respect to other industries in which 
VCs typically invest, we compared the growth of 
VC-backed cleantech companies to that of other 
similar VC-backed non-cleantech companies. After 
the matching, we ended up with 147 VC-backed 
cleantech companies and between 209 and 272 
matched VC-backed non-cleantech, depending on 
the growth metric.

The results suggest that VCs have, overall, a posi-
tive impact on the growth rate of cleantech compa-
nies. In fact, although the characteristics of invested 
cleantech companies differ from both non-invested 
cleantech companies and invested non-cleantech 
companies, when these differences are neutralised, 
VC-backed cleantech companies perform better. 
We distinguished between the short- and long-term 
effects of VC financing. We found confirmation of the 
ability of VC to sustain the growth rate of cleantech 
companies in the short term.

The remainder of the paper is structured as fol-
lows: Sect. 2 reviews the literature on the impact of 
VC financing on companies’ growth and introduces 
our research hypotheses. Section  3.2 describes the 
data. The methodology and the empirical models 
are illustrated in Sect.  4.1.1. Results are reported in 
Sect. 5.2. Robustness checks are described in Sect. 7.. 
Section 8. concludes.

2 � Theory

2.1 � Background literature on the impact of VC on 
companies’ growth

The literature on the impact of VC financing on the 
growth rates of investee companies has examined 
the mechanisms that might explain differences in 
the performance of VC- and non-VC-backed com-
panies (Denis, 2004; Gompers & Lerner, 2001; 
Gompers et  al., 2020; Kaplan & Lerner, 2010). 
Estimates of the impact of VCs on company per-
formance are potentially biased if selection mecha-
nisms—the decision by VCs to finance only compa-
nies with high growth potential—are not controlled 
for. In fact, selection and treatment effects can be 
confounding, and if a selection effect is found, 
not accounting for it would lead, in the analysis of 
impact, to an overestimation of the results (Ber-
toni et  al., 2011). A VC investment decision can 
depend on the characteristics of the entrepreneurs 
(the jockey), the characteristics of the company (the 
horse), and exogenous factors (e.g. market dynam-
ics, regulatory issues) (Bürer & Wüstenhagen, 2009; 
Criscuolo & Menon, 2015; Doblinger et  al., 2019; 
Ghosh & Nanda, 2010; Marcus et  al., 2013). Most 
studies in Europe argue that there are no selection 
effects in VC (Balboa et  al., 2011; Bertoni et  al., 
2011; Bottazzi et al., 2008; Colombo & Grilli, 2010; 
Croce et al., 2013), finding no difference in growth 
rates at selection between VC-backed and non-VC-
backed companies.

In terms of impact, VCs provide more than just 
finance to address the shortcomings of young portfo-
lio companies: they play a coaching role by actively 
monitoring investee companies (Gompers, 1995; 
Kaplan & Strömberg, 2004; Sahlman, 1990; Sapienza 
& Gupta, 1994), facilitating the recruitment of exter-
nal managers (Hellmann & Puri, 2002; Sørensen, 
2007), and providing access to their network of law-
yers, consultants, suppliers, and customers (Alemany 
& Martí, 2007; Colombo & Grilli, 2010). Much of 
the literature agrees on VC’s ability to add value to 
investee companies by enabling them to grow faster, 
regardless of its selection capabilities (Alemany & 
Martí, 2007; Alperovych & Hübner, 2011; Balboa 
et  al., 2011; Bertoni et  al., 2011; Chemmanur & 
Chen, 2014; Colombo & Grilli, 2010; Croce et  al., 
2013; Engel & Keilbach, 2007).
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Several works have explored the extent to which 
investor characteristics can drive impact, taking 
into account their reputation and corporate govern-
ance structures (Bertoni & Tykvová, 2015; Colombo 
& Murtinu, 2017; de Lange & Valliere, 2020; Ge 
et al., 2024; Gompers, 1996; Grilli & Murtinu, 2014; 
Zhang et  al., 2024). Other studies have looked at 
specific industrial dynamics and have compared 
VC-backed companies from different sectors or VC-
backed and non-VC-backed companies in the same 
sector (Bertoni & Tykvová, 2015; Davila et al., 2003; 
Fitza et al., 2009; van de Vrande et al., 2011; Zucker 
et al., 2002).

We rely on this stream of literature on the impact 
of VC financing on invested companies by focusing 
on the cleantech sector, and we introduce our research 
hypotheses, which will be detailed in the following 
section.

2.2 � Research hypotheses

Previous studies have pointed out that traditional VC 
financing is a wrong model to finance innovation in 
the energy sub-sector (Bellucci et  al., 2021; Gaddy 
et  al., 2017; Parris & Demirel, 2010), arguing that 
returns are low or, at best, average (Marcus et  al., 
2013). Hargadon and Kenney (2012) contended that 
VCs are structurally ill-suited to support a clean tech-
nology revolution, particularly in the clean energy 
sector, as technologies often insist on already mature 
industries, such as power generation. Such studies 
have mainly focused on cleantech sub-domains (e.g. 
wind farms or clean energy) (Cumming et al., 2016; 
Mazzucato & Semieniuk, 2018) and have explored 
how cleantech VC investments differ from traditional 
VC investments (Cumming et  al., 2016) and why 
VC has been relatively unsuccessful in funding new 
clean energy technologies (Ghosh & Nanda, 2010). 
More recently, Van den Heuvel and Popp (2023) 
used data on 150,000 US start-ups active between 
2000 and 2021 to explore why early VC efforts 
failed, identifying weak demand for clean energy 
technologies resulting from the failed attempt at a 
nationwide US climate policy as the main reason. It 
has been outlined that the particular characteristics 
of the sector have resulted in investors experiencing 
capital losses (Cumming et al., 2017) or in deals fail-
ing to attract sufficient investor interest (Madaleno 
et  al., 2022). First, clean technologies are typically 

regarded as public goods, characterised by non-
excludable and non-rival benefits (Crifo & Forget, 
2015; Cumming et al., 2016, 2017; Goldstein et al., 
2020; Hegeman & Sørheim, 2021), and professional 
investors may encounter challenges in fully captur-
ing or estimating the environmental and social value 
of these investments (O’Reilly et al., 2023). Indeed, 
the externalities of investing in cleantech that accrue 
to society (e.g. through improved quality of life and 
reduced environmental degradation) but are not fully 
captured by investors may lead VCs to underinvest in 
cleantech below a socially optimal level (Cumming 
et al., 2016). Second, the assessment of market risks 
and opportunities in this sector can be challenging, 
particularly in the absence of a vertical specialisation 
of the financial provider. The high capital intensity 
of the investments, coupled with higher technology 
risks related to the functioning of the technology, 
scalability, and demand, may result in inappropriate 
valuations, a lower potential for outsized returns, and 
exit difficulties (Cumming et  al., 2016; de Lange & 
Valliere, 2020; Ghosh & Nanda, 2010). Given these 
reasons, Ghosh and Nanda (2010) suggested that 
VCs wishing to invest in the energy sector need to 
reorganise their structure (people and terms) to adapt 
to the lack of quick exit opportunities. However, the 
majority of previous studies exploring cleantech VC 
refer to the ‘1st cleantech wave’, which occurred 
between 2005 and 2010. During this period, a con-
siderable number of investments were made in pro-
ject-based business models (e.g. waste-to-energy 
plants, algae farms, biogas plants, and biofuel) and 
returned poor results for the VC industry (Har-
gadon & Kenney, 2012; Nanda et  al., 2015). The 
development of such projects is a lengthy process 
that involves coordinating with multiple parties and 
implementing extensive planning and preparation 
stages (such as obtaining necessary permits, com-
pleting construction, and initiating operations). This 
timeframe is far longer than the normal cycle that 
VCs envisage when investing and expecting a profit. 
In the ‘2nd cleantech wave’ that commenced in 2010, 
the VC industry allocated a greater proportion of its 
investments to product-based business models with 
less emphasis on energy. These investments were 
concentrated in sectors with existing high demand, 
and this offered the advantage of reducing the com-
plexity and time required to scale the venture (The 
Economist, 2021). The recent surge in global VC 
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investment in cleantech ($70 billion in 2022, accord-
ing to the 2023 Global Climate Tech Outlook by 
HolonIQ) has prompted a compelling need to assess 
the effectiveness of VC support for the growth of 
invested cleantech companies. VCs can facilitate the 
rapid deployment of early-stage cleantech solutions 
at a pilot scale prior to upscaling due to their exten-
sive expertise in transforming pre-revenue ventures 
into revenue-producing ones and their understand-
ing of scientific-driven innovation technologies. The 
resource-intensive nature of certain cleantech sub-
sectors and the necessity of prioritising resources for 
specific projects make the transformation of an inno-
vative idea into a successful business a challenging 
endeavour. VCs are able to identify the potential of 
emerging technologies and to establish an ecosystem 
across the ‘new technological area’, which allows the 
fostering of solutions that may become foundational 
or core, difficult to replace by any competitor and 
opening up opportunities for the creation of new and 
strategic market segments. In fact, the potential mar-
ket for clean technologies is contingent upon their 
capacity to generate new markets (Ghosh & Nanda, 
2010; van den Heuvel & Popp, 2023), as opposed to 
merely supplanting existing technologies (Marcus 
et  al., 2013). In this respect, VCs not only provide 
significant financial support to innovative companies 
but also facilitate the diffusion of network effects. In 
addition, VCs help companies with brand manage-
ment, thereby increasing demand and generating pre-
miums, even in a market where a ‘winner takes all’ 
scenario is unlikely.

The first objective of this study is thus to test 
whether VC financing is able to provide significant 
support to cleantech companies. Accordingly, we for-
mulate our first research hypothesis as follows:

H1. VC effectively supports the growth of invested 
cleantech companies.

In a rapidly evolving sector such as cleantech, 
which is also characterised by normative pressures 
and policy changes, the support of VCs may prove 
beneficial for company growth, especially in the short 
term. The slower time to scale of the sector makes the 
impact of VCs more visible in the short run. This is 
because, in the early stages, VCs are more involved 
in guiding the business strategy of cleantech compa-
nies to enable them to meet the challenges of volatile 

international markets, unstable demand, and a highly 
competitive market with thin margins. The aim is 
to boost the outside returns that can be generated as 
soon as possible. We thus expect the impact of VCs 
to be more pronounced in the short term, where the 
emphasis on rapidly scalable business models offers 
both significant impact and high potential returns. 
Our second research hypothesis is thus formulated as 
follows:

H2. VC effectively supports the growth of invested 
cleantech companies with a more pronounced 
effect in the short term.

3 � Data

3.1 � Cleantech companies

We relied on a proprietary database of European 
cleantech companies, described by Ambrois et  al. 
(2023) and used in Croce et al. (2024). The database 
was based on the application of a novel and fully rep-
licable methodology based on a supervised machine 
learning (ML) algorithm aiming to identify cleantech 
companies in Europe. The algorithm was applied to 
the business description of each European company 
reported in the Orbis dataset (managed by Bureau 
Van Dijk) to identify cleantech companies.1 In this 
study, the database was updated to include companies 
founded after 2018, using the procedure described by 
Ambrois et al. (2023).

The database included 25,036 companies classified 
as cleantech with data on foundation year, geographi-
cal location, and accounting information from 1995 
to 2023. The analysis was conducted on a subsample 
of 24,538 companies with complete data on founda-
tion year and geographical location, for which at 

1  The methodology used allowed the classification of over 
537,000 companies through three steps: (1) The Gradient 
Boosting Machine (GBM) algorithm with accommodations for 
imbalance data reduced the sample by almost ten times com-
pared to the population, minimising false negatives; (2) A key-
word filtering algorithm further reduced the sample by mini-
mising false positives; and (3) A manual check was conducted 
to consolidate the previous two steps. For a different approach 
to the use of ML techniques in entrepreneurial finance, see 
Mansouri and Momtaz (2022).
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least three consecutive years of accounting data were 
available.2

Each cleantech company in the database was 
assigned to one or more technological categories 
based on the framework introduced by Haščič and 
Migotto (2015), which organises technologies accord-
ing to their contributions to environmental sustain-
ability. Seven distinct technological categories were 
identified based on the principles of the European 
Green Deal and the EU taxonomy (Ambrois et  al., 
2023): (i) Environmental management; (ii) Resource 
Preservation; (iii) Industrial energy management; (iv) 
Capture, storage, sequestration, or disposal of GHG; 
(v) Sustainable modes of transport; (vi) Sustainable 
buildings; and (vii) Other categories. Moreover, each 
company was classified according to its role within 
the cleantech ecosystem.3 In particular, six different 
groups were identified: (i) innovators, (ii) experi-
menters, (iii) manufacturers, (vi) distributors, (v) 
integrators, and (vi) operators. See Appendix 1 for a 
detailed description of these classifications and the 
distribution of our sample companies.

3.2 � VC‑backed cleantech companies

We retrieved data on the first VC investment 
received by our sample cleantech companies using 
two different sources: the VICO and PitchBook 
databases. The VICO database contains geographi-
cal, industry, and accounting information for over 
50,000 European companies founded from 1988 
onwards that have received at least one VC invest-
ment between 1998 and 2021. VICO collects infor-
mation on over 80,000 VC investments (Montanaro, 
2023). According to VICO, 239 out of 24,538 clean-
tech companies (0.97%) received at least one invest-
ment by VCs over the considered years.4 PitchBook 
is a commercial database containing over 2,000,000 
investments across the public and private equity 
markets worldwide. It is widely used by European 

professional investors, particularly when examining 
VC data.5 According to PitchBook, 0.97% (239 out 
of 24,538) of cleantech companies received at least 
one VC investment during the period under con-
sideration. After merging the two sources, we were 
left with 401 companies (1.63% of the total) that 
received a first VC investment between 1988 and 
2023. Appendix  2 provides a detailed description 
of cleantech companies, comparing VC-backed and 
non-VC-backed ones: on average, cleantech compa-
nies receiving VC financing are larger and exhibit 
higher growth rates than those without VC backing. 
Whether these characteristics stem from a selection 
effect by VC investors or are a result of the influ-
ence of VC financing is one of the focal points of 
this study, as elaborated in the following paragraphs.

3.3 � VC‑backed non‑cleantech companies

To correctly analyse whether VC presents specifici-
ties in the cleantech industry, both in terms of selec-
tion and impact, we also resorted to a second control 
group of VC-backed non-cleantech companies. We 
collected information on VC investments for over 
500,000 companies classified as non-cleantech on 
both VICO and PitchBook. We also collected data 
about their foundation year, geographical location, 
and financials (i.e. total assets, sales, and number of 
employees) from 1995 to 2023. We ended up with 
6392 VC-backed non-cleantech companies with-
out missing data and with at least three consecutive 
accounting observations. Since we were interested in 
comparing and controlling for selection, VC-backed 
companies, both cleantech and non-cleantech, had 
to be compared in the year of the first VC invest-
ment received. The database was thus reduced to 177 
cleantech (44.14% of the total VC-backed cleantech 
sample) and 3982 non-cleantech (62.30% of the total 
VC-backed non-cleantech sample) companies hav-
ing accounting data in the year of the first VC invest-
ment. Appendix 3 provides a detailed description of 
VC-backed companies, comparing cleantech and 

2  For a similar procedure in the VC literature, see, e.g. Croce 
et al. (2019) and Sardo et al. (2020), among others.
3  See Ambrois et al. (2023) for details on the procedure used 
to identify this classification.
4  One advantage of using VICO is that there are no disam-
biguation issues when searching for cleantech companies. This 
is because VICO uses the same identifier code as the Orbis 
database (BvD ID).

5  Unfortunately, this database does not provide a key to con-
nect with Orbis. However, PitchBook offers a search engine 
that can be used to search for company characteristics such as 
name, country, city, website, and ticker. This allows for a rep-
licable procedure to create a unique key between the two data-
bases.
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non-cleantech ones. Significant differences emerge in 
the selection of cleantech companies by VCs: inves-
tors appear to have entered the cleantech sector more 
recently and have selected older, larger, and faster-
growing companies than those active in other sectors.

4 � Empirical methodology

As commented in the previous paragraphs and shown 
in the tables reported in the Appendix, VC-backed 
cleantech companies appear younger and larger and 
exhibit higher growth rates than non-VC-backed 
cleantech companies. However, it is unclear whether 
these results are due to the superior screening ability 
of VCs in selecting companies with greater business 
opportunities or to the value-added effect of VCs after 
entering portfolio companies’ equity capital, in addi-
tion to the capital infusion. To accurately assess the 
impact of VC financing on cleantech companies, it 
is essential to control for selection bias. This attempt 
to control selection can be achieved by creating a 
matched control group of cleantech companies with-
out VC funding. Similarly, to investigate whether the 
impact of VC on cleantech companies exhibits unique 
characteristics compared to other sectors, we resorted 
to a second matched control group consisting of VC-
funded companies from non-cleantech sectors. The 
matching procedure used for both matched samples is 
described in Sect. 4.1.2.

4.1 � Matching procedure

To test our research hypotheses, we built two differ-
ent control groups: a control group of cleantech com-
panies, similar to VC-backed cleantech ones, that 
did not receive VC investment, and a second control 
group of VC-backed non-cleantech companies, simi-
lar to VC-backed cleantech ones, at the time of the 
receipt of their first VC investment. In the recent lit-
erature, several sophisticated approaches have been 
developed to identify a counterfactual sample, aim-
ing to neutralise differences in covariates at selection. 
We developed an innovative matching procedure that 
allows us to relax some restrictions and combine the 
advantages of classic and proven methods for creating 
control samples (i.e. coarsened exact match (CEM) 
and propensity score algorithms) previously used in 
the literature.

4.1.1 � VC‑backed vs. non‑VC‑backed cleantech 
companies

We first resorted to the CEM procedure by stratify-
ing cleantech companies only based on time-invariant 
variables, such as the Region, the Segment of the 
cleantech ecosystem and their belonging to catego-
ries 1—Environmental management, 3—Industrial 
energy management, and 6—Sustainable buildings.6

In the second step, we computed the Mahalanobis 
distance between treated and controls in each clus-
ter on the continuous variables: age (lnAge), size, 
and growth. Size and growth are measured using the 
3-year moving average, i.e. the average of the last 
3 years. For the sample of VC-backed companies, we 
focused on the year of the receipt of the first financ-
ing, while for the sample of non-VC-backed ones, we 
included all company-year observations. We repli-
cated this procedure for the three proxies used (total 
assets, sales, and number of employees), obtaining 
three different matched samples of VC-backed and 
non-VC-backed cleantech companies.

Lastly, we set up a nearest-neighbour algorithm7 to 
extrapolate two controls for each VC-backed clean-
tech company to reduce sample imbalance, using dis-
tance as the ‘propensity score’. A detailed description 
of our matching procedure can be found in Appen-
dix  4, where we explain in detail the advantages of 
our algorithm and provide technical parameters to 
ensure the replicability of the procedure.

Table 1 shows the number of companies included 
in our estimates in the first row. When using total 
assets, we had 146 VC-backed companies and 286 
controls (ratio of 1.96). As for sales, we ended up 
with 123 VC-backed companies and 241 controls 
(ratio of 1.96). Lastly, when resorting to the number 
of employees, the dataset included 110 VC-backed 
companies and 212 controls (ratio of 1.93). The flex-
ibility of our algorithm allowed us to discard, due to a 

6  We decided to include these three categories because 90% of 
the companies in our sample belong to at least one of them. 
Moreover, these categories exhibit the greatest differences 
between VC-backed and non VC-backed cleantech companies.
7  After removing extreme values (i.e. treatment–control cou-
ples with a Mahalanobis distance above the calliper radius) 
and treatment–control couples with an investment year dis-
tance of more than 1  year, we ordered the couples based on 
the Mahalanobis distance in each sub-dataset to select the two 
closest neighbours for each VC-backed cleantech company.
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lack of neighbouring controls, only about 5% of avail-
able VC-backed companies.

To assess the appropriateness of our matching 
algorithm, we tested the balancing of matching vari-
ables after matching, including matching year, age, 
size (total assets, sales, and number of employees, 
respectively), and growth (total assets, sales, and 
number of employees growth, respectively). Having 
constructed the control group by stratifying for the 
region, the segment, and the three categories (envi‑
ronmental management, industrial energy manage‑
ment, and sustainable buildings), there is no need for 
balance testing for these variables.8 We found no sta-
tistical difference between VC-backed and non-VC-
backed companies when testing the continuous vari-
ables, as shown by the χ2 tests reported in the table. 
As further proof of the balancing of the matching, 
we computed t tests on the mean and variance-com-
parison tests for continuous variables, thus excluding 
the cluster-related ones. We did not reject the null 
hypothesis in all the t tests and f-tests with p values 
greater than 10%.

4.1.2 � VC‑backed cleantech companies vs. VC‑backed 
non‑cleantech companies

We resorted to a procedure similar to the one illus-
trated in Sect.  4.2 for creating a control group of 
VC-backed non-cleantech companies. We only 
used region as a cluster variable in the CEM proce-
dure. We then computed the Mahalanobis distance 
between each VC-backed cleantech company and all 
the controls in the cluster using the age in logarithm 
(lnAge), the 3-year moving average of the logarithm 
of size (total assets, sales, and number of employ‑
ees, respectively), and the 3-year moving average of 
the logarithm of growth (total assets, sales, and num-
ber of employees, respectively). Similar to what was 
described in Sect.  4.2, we extrapolated two controls 
for each VC-backed cleantech.

Table  2 illustrates, in the first rows, the number 
of companies that enter our estimates. When using 
total assets as a size proxy, the dataset contains 147 
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8  The first stage of the algorithm is a Monotonic Imbalance 
Bounding (MIB) matching method, which ensures that the bal-
ance between treatments and controls is determined ex-ante 
(Iacus et al., 2012).
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VC-backed cleantech companies and 272 controls of 
VC-backed non-cleantech companies (ratio of 1.85). 
As for sales, there are 127 cleantech companies and 
239 controls (ratio of 1.88). Lastly, when resorting 
to the number of employees, we ended up with 114 
cleantech companies and 209 controls (ratio of 1.83). 
The flexibility of our algorithm allowed us to discard, 
due to the lack of neighbouring controls, less than 3% 
of available VC-backed cleantech companies.

To assess the appropriateness of our matching 
algorithm, we tested the balancing of matching vari-
ables after matching for all three sub-datasets, accord-
ing to the tests described in Sect. 4.2, and we found 
no statistical differences between cleantech and non-
cleantech VC-backed companies, as shown by the χ2 
tests reported in the table.

4.2 � Empirical model

We resorted to several models to test the effect of a 
VC investment on a cleantech company’s growth. 
First, in Sect. 5, we describe the model used to com-
pare the growth of VC-backed cleantech companies 
with that of matched cleantech companies not receiv-
ing VC (matched sample described in Sect.  4.2). 
Second, in Sect. 5.1, we introduce the model explor-
ing whether the effect of VC financing on cleantech 
companies presents specificities with respect to other 
industries in which VCs typically invest: We com-
pared the growth of VC-backed cleantech companies 
to that of matched VC-backed non-cleantech com-
panies (matched sample described in Sect. 4.2.1). A 
detailed table of the variables used in our models can 
be found in Appendix 5.

4.2.1 � Analysis of cleantech companies: VC‑backed 
vs. non‑VC‑backed

First, we estimated the VC impact on cleantech 
companies by comparing their growth with that of 
matched non-VC-backed cleantech companies. We 
included all the observations starting from 2  years 
before the matching, including the year of matching 
as the ‘pre-matching’ period and all the remaining 
observations, covering the years following the year of 
matching as the ‘post-matching’ period (Chemmanur 
et al., 2011).

Table  3 reports the results of a preliminary uni-
variate analysis comparing VC and non-VC-backed Sh
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cleantech companies in both pre- and post-matching 
periods, according to the three proxies of growth (i.e. 
total assets, sales, and number of employees growth 
calculated as a 3-year moving average). We per-
formed t tests on the mean and χ2 tests on the median 
between the group of VC-backed companies and the 
matched control group of non-VC-backed cleantech 
ones in both pre- and post-matching periods.

We did not find significant differences between 
VC-backed companies and the matched control group 
before matching, thus confirming the goodness of the 
matching procedure. Conversely, after the first VC 
investment, VC-backed companies have, on average, 
higher growth rates (p values < 5% for TotAss_growth, 
Sales_growth, and NumEmp_growth). This provides 
preliminary confirmation of our hypothesis (Hp1) 
regarding the positive impact of VC on invested 
cleantech companies.

However, it is interesting to observe that this posi-
tive differential impact of VC seems to be related to 
a ‘supporting’ effect rather than an effective ‘boost-
ing’ effect of VC on the growth of invested clean-
tech companies. In fact, VC-backed companies do 
not show any statistical difference between pre- and 
post-investment, except for TotAss _growth, which 
is slightly lower in mean (p value < 10%), and 
NumEmp_growth, which is slightly higher in median 
(p value < 10%). On the other hand, non-VC-backed 
cleantech companies show significant reductions in 
growth, comparing pre- and post-matching periods, 
with a significant decrease in TotAss _growth and 
NumEmp_growth (t tests p values < 1%) and a slight 
decrease in Sales_growth (t test p value < 10%).

We have supplemented these preliminary findings 
with a multivariate analysis. Specifically, we resorted 
to the following growth model introduced by Evans 
(1987):

(1)
Growth

it
= � + �VCpreVCbackedi + �postMatchedstepit

+ �dif fVCbackedi ∙ Matchedstepit + �Size
it−1 + �Z

it
+ �

i
+ �

it

where Growth
it
 is the growth in size measured by the 

annual difference in size ( Size
it
− Size

it−1 ), with size 
measured according to the three proxies (i.e. total 

assets, sales, and number of employees, in the natural 
logarithm of hundreds of thousands of Euros).

Table 3   Univariate analysis on VC impact on cleantech companies: cleantech matched sample

* p values < 10%; **p values < 5%; ***p values < 1%—significance levels (results of the t test (for mean) and χ2 test (for median))

Cleantech Years before the matching year Years after the matching year Diff. after vs. before match-
ing year

Sample 
VC-
backed

Control group 
non-VC-
backed

Diff. VC-
backed–non-
VC-backed

Sample 
VC-
backed

Control group 
non-VC-
backed

Diff. VC-
backed–non-
VC-backed

Sample VC-
backed

Control group 
non-VC-
backed

TotAss_growth
 Mean 0.197 0.176 0.021 0.155 0.071 0.084***  − 0.042*  − 0.105***
 Median 0.074 0.058 0.016 0.075 0.032 0.043*** 0.001  − 0.026**
 Obs 325 649 763 1434
Sales_growth
 Mean 0.128 0.121 0.008 0.144 0.079 0.064** 0.015  − 0.041*
 Median 0.066 0.052 0.013 0.094 0.049 0.044*** 0.028  − 0.003
 Obs 284 568 686 1280
NumEmp_growth
 Mean 0.135 0.119 0.017 0.141 0.047 0.094*** 0.006  − 0.071***
 Median 0.043 0.035 0.008 0.074 0.017 0.056*** 0.031**  − 0.018**
 Obs 239 471 531 962
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As to the independent variables, we included 
VCbacked

i
 , which takes value 1 for VC-backed clean-

tech companies and 0 for the control group of matched 
non-VC-backed ones, the dummy Matchedstepit tak-
ing value 1 for both VC-backed and matched control 
group companies starting from the year following 
the matching. To isolate the differential effect of VC 
on invested cleantech companies after matching, we 
included their interaction, VCbacked

i
∙ Matchedstepit.

Concerning the interpretation of coefficients, βVCpre 
captures the baseline difference between VC-backed 
and non-VC-backed cleantech companies that we 
expect to be not significant according to our matching 
procedure. βpost captures the differences between pre- 
and post-matching for both groups. Following the lit-
erature on growth (Evans, 1987), we expected nega-
tive coefficients as the companies selected by VCs are 
large and highly growing, making it more complex 
to show constant annual growth rates over time. It is 
important to highlight that a decrease in growth rate 
does not necessarily imply a decrease in company 
size but rather a slowdown. βdiff is the most interest-
ing coefficient in our setting, capturing the differential 
effect of VC on cleantech companies compared to the 
matched control group. Notably, if we aim to estimate 
the growth of cleantech VC-backed companies after 
the investment (βVCeff), it is necessary to estimate the 
linear combination βpost + βdiff that captures the total 
post-investment effect.

As for the control variables, represented by the 
vector Zit, as is usual in this type of growth model, 
we included the 1-year lag of size, the age of the 
invested company in logs (lnAge), regional and year 
dummies. We also included dummies indicating the 
segment of the cleantech ecosystem the company 
belongs to and dummies indicating the three catego-
ries used in the matching (i.e. environmental manage‑
ment(1), Industrial energy management(3), and sus‑
tainable buildings(6)). As to control for the level of 
VC market development in cleantech in the country, 
we also included a CleantechVCdevelopment variable 
measured as the percentage of VC deals classified by 
PitchBook as cleantech9 relative to total VC deals in 
the country and in the year of observation. α is the 
intercept, μi is the individual effect, �

it
 is the error 

term.
Secondly, to explore our second research hypoth-

esis (Hp2) on whether VC impacts changes over 
time, we split Matchedstep into  Matchedstep_short and 
Matchedstep_long. Specifically, Matchedstep_short takes 
value 1 for the 3 years10 following the matching year 
to capture the short-term effect of the shock caused 
by the entry of a VC into the company equity capi-
tal. Matchedstep_long takes the value 1 starting from 
the fourth year after the financing year to capture 
the long-term effect of VC. The model was therefore 
transformed as follows:

(1bis)
Growth

it
= � + �VCpreVCbackedi + �post_shortMatchedstep_short it + �dif f_shortVCbackedi ∙ Matchedstep_short it

+ �post_longMatchedstep_longit + �dif f_longVCbackedi ∙ Matchedstep_longit + �Size
it−1 + �Z

it
+ �

i
+ �

it

Similarly to what was discussed in model 1, 
βpost_short captures the difference between pre- and 
post-matching for both VC-backed and matched 
control groups in the short term, and βdiff_short cap-
tures the differential effect of VC on cleantech in the 
short term. Again, we derived βVCshort_eff as the lin-
ear combination of βpost_short and βdiff_short, indicating 
the growth of VC-backed cleantech companies in the 
short term. Analogously, for the long term, βpost_long 
and βdiff_long represent, respectively, the difference 
between pre- and post-matching and the differential 
effect of VC on cleantech companies in the long term. 
It is necessary to resort to the linear combination 
βVClong_eff = βpost_long + βdiff_long to estimate the growth 
of VC-backed cleantech companies in the long run.

Finally, we were interested in estimating the differ-
ence between the long-term and short-term effects by 
estimating βVCtemporal_eff as βVClong_eff − βVCshort_eff.

Descriptive statistics of the variables used in our 
models are shown in Table 4.

4.2.2 � Analysis of VC‑backed cleantech companies: 
cleantech vs. non‑cleantech

We then investigated whether there are differences 
in the impact of VC on the growth of cleantech 

9  In PitchBook, there are two verticals: ‘Cleantech’ and ‘Cli-
mate tech’; in this paper, both were considered cleantech.
10  In Sect. 7., we describe the robustness checks performed on 
the choice of this threshold.
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companies by comparing their growth with that of 
other VC-financed non-cleantech companies. Again, 
we included all the observations starting from 2 years 
before the investment, including the year of invest-
ment as the ‘pre-investment’ period, and all the 
remaining observations, covering the years following 
the VC investment, as the ‘post-investment’ period.

Table 5 shows the results of a univariate analysis 
comparing VC-backed cleantech and non-cleantech 
companies in both pre- and post-investment periods, 
according to the three identified growth proxies. We 
performed t tests on the means and χ2 tests on the 
medians between the two in both pre- and post-invest-
ment periods.

We did not find significant differences between 
cleantech and non-cleantech companies in the pre-
investment period, confirming the goodness of our 
matching procedure. Conversely, after the first VC 
investment, cleantech companies show, on aver-
age, higher growth rates (p values < 1% for TotAss_
growth, Sales_growth, and NumEmp_growth). This 
represents the initial evidence indicating that VC 
has a more pronounced influence on cleantech com-
panies than on other non-cleantech investments. 
However, even in this context, the positive differen-
tial effect seems to act more as a ‘supporting’ fac-
tor rather than a direct ‘boosting’ mechanism for the 
growth of the cleantech companies under investment. 

Table 4   Descriptive statistics for the sample of cleantech companies’ estimates

Variable N Mean SD Min Max

1 TotAss_growth 5691 0.108 0.363 –1.106 1.382
2 Sales_growth 4454 0.072 0.272 –1.149 1.030
3 NumEmp_growth 5125 0.101 0.482 –1.902 1.869
4 VCbacked 5693 0.209 0.407 0.000 1.000
5 Matched step 5693 0.701 0.458 0.000 1.000
6 Matched step_short 5693 0.450 0.498 0.000 1.000
7 Matched step_long 5693 0.569 0.495 0.000 1.000
8 TotAss (t-1) 5477 5.145 1.846 0.000 10.323
9 Sales (t-1) 5021 4.843 2.006 0.000 10.062
10 NumEmp (t-1) 4432 4.008 1.589 0.000 9.003
11 lnAge 5693 2.364 0.859 0.000 4.043
12 Benelux 5693 0.113 0.317 0.000 1.000
13 CESEE 5693 0.082 0.275 0.000 1.000
14 DACH 5693 0.114 0.317 0.000 1.000
15 FranceMo 5693 0.305 0.460 0.000 1.000
16 Nordics 5693 0.139 0.346 0.000 1.000
17 South 5693 0.207 0.406 0.000 1.000
18 UKIre 5693 0.040 0.195 0.000 1.000
19 Distributor 5693 0.066 0.249 0.000 1.000
20 Experimenter 5693 0.002 0.046 0.000 1.000
21 Innovator 5693 0.311 0.463 0.000 1.000
22 Integrator 5693 0.195 0.396 0.000 1.000
23 Manufacturer 6359 0.031 0.022 0.000 0.500
24 Operator 5693 0.188 0.390 0.000 1.000
25 Environmental management(1) 5693 0.290 0.454 0.000 1.000
26 Industrial energy management(3) 5693 0.689 0.463 0.000 1.000
27 Sustainable buildings(6) 5693 0.041 0.199 0.000 1.000
28 CleantechVCdevelopment 5693 0.097 0.037 0.000 0.282
29 Year 5693 2017.197 3.472 2002 2023



Greening the future: how venture capital nurtures cleantech companies’ growth in Europe﻿	

Vol.: (0123456789)

Table 5   Univariate analysis of VC impact on cleantech companies: VC-backed matched sample

*p values < 10%; **p values < 5%; ***p values < 1%—significance levels (results of the t test (for mean) and χ2 test (for median))

VC-backed Pre-investment period Post-investment period Diff. post- vs. pre-investment

Sample 
cleantech

Control 
group non-
cleantech

Diff. clean-
tech–non-
cleantech

Sample 
cleantech

Control 
group non-
cleantech

Diff. clean-
tech–non-
cleantech

Sample 
cleantech

Control group 
non-cleantech

TotAss_growth
 Mean 0.182 0.158 0.024 0.162 0.086 0.076***  − 0.020  − 0.072***
 Median 0.060 0.061  − 0.001 0.075 0.063 0.012 0.015 0.002
 Obs 329 653 850 1689
Sales_growth
 Mean 0.133 0.118 0.015 0.140 0.060 0.080*** 0.007  − 0.058**
 Median 0.065 0.055 0.010 0.094 0.040 0.054*** 0.028  − 0.015
 Obs 287 573 749 1583
NumEmp_growth
 Mean 0.131 0.110 0.021 0.141 0.075 0.066*** 0.010  − 0.035
 Median 0.042 0.043  − 0.001 0.075 0.031 0.044*** 0.033***  − 0.012
 Obs 243 504 616 1214

In fact, cleantech companies do not exhibit any sta-
tistical difference between pre- and post-investment 
periods, whereas matched non-cleantech companies 
experience a significant decrease in growth during the 

same periods (the decrease is significant for TotAss 
_growth and Sales_growth (t tests p values < 1%), 
while it is not significant for NumEmp_growth).

We then resorted to the following model:

(2)Growth
it
= � + �CLpreCleantechi + �postVCVCbackedstepit

+ �CLdiffCleantechi ∙ VCbackedstepit + �Size
it−1 + �Z

it
+ �

i
+ �

it

where Cleantech
i
 is a dummy taking the value 1 

for VC-backed cleantech companies and 0 for VC-
backed non-cleantech ones. In order to measure the 
pre- and post-investment performances, we included 
the dummy VCbackedstep, taking value 1 for both VC-
backed cleantech and non-cleantech companies start-
ing from the first year after receiving VC financing. 
To isolate the differential effect of VC on cleantech 
after the investment, we also included the interaction 
Cleantech

i
∙ VCbackedstepit . βCLpre is a coefficient 

that captures the baseline difference between clean-
tech and non-cleantech that we expect to be not sig-
nificantly different from zero following our matching 
procedure. βpostVC captures the differences between 

pre- and post-investment for both cleantech and non-
cleantech companies, i.e. the average effect of VC 
on the invested companies. βCLdiff captures the dif-
ferential effect of VC on cleantech compared to non-
cleantech-invested companies. Notably, it is neces-
sary to resort to the following linear combination 
βpostVC + βCLdiff to estimate the effect of VC on the 
growth of invested cleantech companies (βCLeff).

Regarding the control variables, represented by the 
vector Zit, we included the 1-year lag of Size, the age 
of the invested company in logs (lnAge), regional, 
economic activity and year dummies. As to con-
trol for the level of cleantech market development 
in the company’s country, we included the variable 
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CleantechPrevalence measured as the percentage of 
new cleantech companies relative to total new com-
panies born in the country and in the year of observa-
tion. α is the intercept, μi is the individual effect, and 
�
it
 is the error term.
Again, to test our Hp2, we split VCbackedstep into 

VCbackedstep_short and VCbackedstep_long to explore 

differences in impact over time. VCbackedstep_short 
takes the value 1 for the 3 years following the invest-
ment year to capture the short-term effect of VC entry 
into the company’s equity capital. VCbackedstep_long 
takes the value 1 starting from the fourth year after 
the investment to capture the long-term effect of VC 
financing. The model was thus transformed as follows:

(2bis)

Growth
it
= � + �CLpreCleantechi + �postVC_shortVCbackedstep_short it + �CLdiff_shortCleantechi ∙ VCbackedstep_short it

+ �postVClong
VCbackedstep_longit + �CLdiff longCleantechi ∙ VCbackedstep_longit + �Size

it−1 + �Z
it
+ �

i
+ �

it

βpostVC_short captures the short-term effect of VC on 
both cleantech and non-cleantech companies, and 
βCLdiff_short captures the differential effect of VC on 
cleantech companies in the short term. Again, we 
estimated the coefficient βCLshort_eff as the linear 
combination of βpostVC_short and βCLdiff_short, indicat-
ing the growth of VC-backed cleantech companies 
in the short term. Analogously, for the long term, 
βpostVC_long and βCLdiff_long represent, respectively, 
the average VC effect on both cleantech- and non-
cleantech-invested companies and the differential 
effect of VC on cleantech companies in the long 
term. It is necessary to resort to the linear combina-
tion βCLlong_eff = βpostVC_long + βCLdiff_long to estimate 
the growth of VC-backed cleantech companies in the 
long run.

Again, we were interested in estimating the dif-
ference between the long- and short-term effects, i.e. 
βCLtemporal_eff = βCLlong_eff – βCLshort_eff.

Descriptive statistics of the variables used in these 
models are shown in Table 6.

5 � Results

5.1 � VC impact on cleantech growth: VC‑backed vs. 
non‑VC‑backed cleantech companies

In Table  7, we report the results of model 1, as 
described in Sect.  5, for TotAss_growth, Sales_
growth, and NumEmp_growth in columns I–II, 

III–IV, and V–VI, respectively. For each proxy of 
growth, the first columns report the results of the 
pooled OLS estimator (I, III, and V), and the second 
columns (II, IV, and VI) report the FE estimations. 
All estimators are calculated with robust standard 
errors.11 All results commented on below principally 
refer to FE estimations, given the relevance of indi-
vidual effects in our estimations.

As to the control variables, we found that the 
greater the company’s size, the lower the growth 
rate; similarly, the older the company, the lower the 
growth rate, in line with the results shown by Evans 
(1987). Interestingly, and following what is shown in 
our preliminary univariate analysis, looking at βpost 
coefficients, results show a significant decreasing 
trend in the growth rate after matching for all clean-
tech companies in terms of total assets growth and 
number of employees growth (− 10.77 and − 6.85%, 
respectively).12

Looking at βdiff coefficients, we found that VC has 
a positive and significant differential effect on total 
assets and number of employees growth, while the 
effect on sales growth is not significant. In economic 
terms, after the investment, VC-backed companies 
grow about 8% more than the control sample of non-
VC-backed cleantech companies (+ 8.33% in total 
assets and + 7.68% in number of employees).

Being interested in estimating the impact of VC on 
cleantech companies as to test our research Hp1, it is 
necessary to look at the coefficient βVCeff, reported in the 
bottom part of Table 7, estimated by a test on the linear 
combination βpost + βdiff: we found that VC is able to sus-
tain the growth rate in all the dimensions. In other words, 

11  FE estimates proved to be more appropriate since the indi-
vidual effect persists. However, RE and Hausman–Taylor 
estimates, which are not reported in the text, confirm the illus-
trated results.

12  The economic magnitude of the effect has been calculated 
as ecoefficient − 1.
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Table 6   Descriptive statistics for the sample of VC-backed companies’ estimates

Variable N Mean SD Min Max

1 TotAss_growth 6354 0.114 0.403 –1.106 1.382
2 Sales_growth 5395 0.083 0.314 –1.149 1.030
3 NumEmp_growth 5844 0.095 0.502 –1.902 1.869
4 VCbacked 6359 0.196 0.397 0.000 1.000
5 Matched step 6359 0.723 0.448 0.000 1.000
6 Matched step_short 6359 0.392 0.488 0.000 1.000
7 Matched step_long 6359 0.606 0.489 0.000 1.000
8 TotAss (t-1) 6104 5.044 1.787 0.000 10.323
9 Sales (t-1) 5702 4.485 2.037 0.000 10.062
10 NumEmp (t-1) 5334 3.939 1.516 0.000 9.003
11 lnAge 6359 2.307 0.849 0.000 3.829
12 Benelux 6359 0.108 0.311 0.000 1.000
13 CESEE 6359 0.058 0.234 0.000 1.000
14 DACH 6359 0.094 0.292 0.000 1.000
15 FranceMo 6359 0.340 0.474 0.000 1.000
16 Nordics 6359 0.150 0.357 0.000 1.000
17 South 6359 0.168 0.374 0.000 1.000
18 UKIre 6359 0.081 0.273 0.000 1.000
19 C - Manufacturing 6359 0.231 0.422 0.000 1.000
20 D - Electricity, gas, steam and air condition‑

ing supply
6359 0.040 0.197 0.000 1.000

21 E - Water supply, sewerage, waste manage‑
ment and remediation activities

6359 0.011 0.104 0.000 1.000

22 F - Construction 6359 0.039 0.194 0.000 1.000
23 G - Wholesale and retail trade, repair of motor 

vehicles and motorcycles
6359 0.125 0.330 0.000 1.000

24 M - Professional, scientific and technical 
activities

6359 0.171 0.376 0.000 1.000

25 Other NACE 6359 0.383 0.486 0.000 1.000
26 CleantechPrevalence 6359 0.031 0.022 0.000 0.500
27 Year 6359 2016.973 4.040 1999 2023

in accordance with our Hp1, cleantech companies receiv-
ing VC are able to sustain their growth and avoid the 
decreasing trend in growth rates experienced by similar 
cleantech companies not receiving VC financing.

In Table  8, we differentiated between VC’s short- 
and long-term effects. We report the results of model 
1bis, as described in Sect.  5, for TotAss_growth, 
Sales_growth, and NumEmp_growth in columns 
I–II, III–IV, and V–VI, respectively. As for Table  7, 
for each proxy of growth, the first columns report the 
results of the pooled OLS estimator (I, III, and V), 
and the second columns (II, IV, and VI) report the FE 
estimations. All estimators are calculated with robust 
standard errors.

Again, looking at βpost_short and βpost_long coeffi-
cients, the estimates suggest a significant decreas-
ing trend in the growth rate after matching for all 
cleantech companies in the long term (− 18.05% 
in total assets, − 11.66% in sales, and − 10.95% 
in number of employees). In the short term, the 
decreasing trend is not significant for sales growth 
(− 5.16%) but remains significant for the other two 
proxies (− 11.57% in total assets, and − 8.06% in 
number of employees).

Looking at the coefficients βdiff_short, we found 
that VCs significantly impact the short-term growth 
of cleantech companies on total assets and num-
ber of employees growth (+ 7.68 and + 9.09%, 
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respectively), while the effect on sales growth is not 
significant albeit positive (+ 7.14%). Conversely, 
when considering βdiff_long, results suggest that VC 
has a long-term positive differential effect on clean-
tech companies only in terms of total assets growth 
(+ 9.53%).

When estimating the short-term impact of VC 
on cleantech-invested companies to test our Hp2, 
βVCshort_eff, reported at the bottom of Table  8, we 
found a confirmation of the ability of VC to sus-
tain the growth rate of cleantech companies in the 
short term, regardless of the proxy used. In fact, for 
all cleantech companies receiving VC, the declin-
ing trend is not significant, confirming a positive 
effect of VC financing in the short run, as stated in 
our Hp2, while other similar cleantech companies 

not receiving VC experience a reduction in their 
growth rates in the short run. Similarly, looking at 
the impact of VC in the long term, as indicated by 
the coefficients βVClong_eff, results indicate that, start-
ing from the fourth year after the investment, VC is 
still able to neutralise the general trend of decreas-
ing growth in cleantech companies when looking at 
sales and number of employees. However, the lower 
positive effect of VC financing in the long term is 
confirmed when looking at the test on the differ-
ence between the long- and short-term effect of VC 
(βVCtemporal_eff). Results of this test suggest that the 
VC short-term effect is significantly higher than the 
long-term one in both sales and number of employ-
ees. In terms of total assets, estimates suggest a sim-
ilar result, with VC no longer able to significantly 

Table 7   Model 1—VC impact on cleantech growth: VC-backed vs. non-VC-backed cleantech companies

SE in brackets. Significance level: * p values < 10%, ** p values < 5%, *** p values < 1%

Dependent variable TotAss_growth Sales_growth NumEmp_growth

Independent 
variable

Estimator OLS FE OLS FE OLS FE

Coeff I II III IV V VI

VCbacked βVCpre 0.024
(0.02)

0.008
(0.02)

0.016
(0.02)

Matchedstep βpost  − 0.137***
 (0.02)

 − 0.114***
(0.03)

 − 0.086***
(0.02)

 − 0.031
(0.03)

 − 0.087***
(0.02)

 − 0.071***
(0.02)

VCbacked # 
Matchedstep

βdiff 0.055*
(0.03)

0.080**
(0.03)

0.035
(0.04)

0.053
(0.04)

0.073***
(0.03)

0.074**
(0.03)

Size(t–1) δ  − 0.029***
(0.01)

 − 0.152***
(0.01)

 − 0.030***
(0.01)

 − 0.173***
(0.02)

 − 0.024***
(0.01)

 − 0.148***
(0.02)

lnAge γ1  − 0.153***
(0.01)

 − 0.207***
(0.05)

 − 0.123***
(0.02)

 − 0.147*
(0.09)

 − 0.117***
(0.01)

 − 0.152***
(0.06)

Cons 0.195
(0.21)

0.790***
(0.21)

0.568***
(0.12)

1.071***
(0.17)

0.336***
(0.05)

0.898***
(0.07)

Region dum-
mies

Yes No Yes No Yes No

Segment dum-
mies

Yes No Yes No Yes No

Category dum-
mies

Yes No Yes No Yes No

CleantechVCde-
velopment

Yes Yes Yes Yes Yes Yes

Year dummies Yes Yes Yes Yes Yes Yes
VC effect βVCeff  − 0.081***

(0.03)
 − 0.034
(0.03)

 − 0.051
(0.03)

0.022
(0.04)

 − 0.014
(0.02)

0.004
(0.03)

N. of obs 3213 3213 2733 2733 2137 2137
N. of companies 432 432 364 364 322 322
R2 0.163 0.212 0.088 0.157 0.202 0.177
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support the growth of cleantech-invested companies 
in the long run (even if the difference between the 
short and long run is not significant at conventional 
confidence levels).

5.2 � VC impact on cleantech growth: VC‑backed 
cleantech companies vs. VC‑backed 
non‑cleantech companies

In Table  9, we report the results of model 2, as 
described in Sect. 5.1.

Notably, looking at βpostVC coefficients, results do 
not show a significant decreasing trend in the growth 
rate after investment for all invested companies, both 
cleantech and non-cleantech, except for sales growth 
(− 6.11%). This result suggests that VC is able to sus-
tain, on average, the growth rate of invested companies, 
at least in terms of total assets and number of employees.

Looking at βCLdiff coefficients, we found that VC 
does not have a significant differential effect on clean-
tech companies compared to other invested com-
panies, except for a slightly positive and significant 

Table 8   Models 1bis—short- and long-term VC impact on cleantech growth: VC-backed vs. non-VC-backed cleantech companies

SE in brackets. *p values < 10%; **p values < 5%; ***p values < 1%—significance levels

Dependent variable TotAss_growth Sales_growth NumEmp_growth

Independent vari-
able

Estimator OLS FE OLS FE OLS FE

Coeff I II III IV V VI

VCbacked βVCpre 0.024
(0.02)

0.008
(0.02)

0.016
(0.02)

Matchedstep_short βpost_short  − 0.116***
(0.02)

 − 0.123***
(0.03)

 − 0.054**
(0.02)

 − 0.053
(0.03)

 − 0.089***
(0.02)

 − 0.084***
(0.02)

VCbacked # 
Matchedstep_short

βdiff_short 0.069**
(0.03)

0.074**
(0.03)

0.077*
(0.04)

0.069
(0.05)

0.114***
(0.03)

0.087***
(0.03)

Matchedstep_long βpost_long  − 0.166***
(0.02)

 − 0.199***
(0.05)

 − 0.144***
(0.03)

 − 0.124**
(0.06)

 − 0.091***
(0.02)

 − 0.116***
(0.04)

VCbacked # 
Matchedstep_long

βdiff_long 0.046
(0.04)

0.091**
(0.04)

0.004
(0.04)

0.024
(0.06)

0.031
(0.03)

0.048
(0.05)

Size(t–1) δ  − 0.030***
(0.01)

 − 0.153***
(0.01)

 − 0.032***
(0.01)

 − 0.172***
(0.02)

 − 0.024***
(0.01)

 − 0.147***
(0.03)

lnAge γ1  − 0.145***
(0.01)

 − 0.194***
(0.05)

 − 0.112***
(0.02)

 − 0.132
(0.09)

 − 0.112***
(0.01)

 − 0.141**
(0.06)

Cons 0.176
(0.22)

0.713***
(0.23)

0.514***
(0.14)

0.976***
(0.19)

0.329***
(0.05)

0.845***
(0.08)

Region dummies Yes No Yes No Yes No
Segment dummies Yes No Yes No Yes No
Category dum-

mies
Yes No Yes No Yes No

CleantechVCde-
velopment

Yes Yes Yes Yes Yes Yes

Year dummies Yes Yes Yes Yes Yes Yes
VC short-term 

effect
βVCshort_eff  − 0.046

(0.03)
 − 0.049
(0.03)

0.023
(0.04)

0.017
(0.05)

0.025
(0.02)

0.003
(0.03)

VC long-term 
effect

βVClong_eff  − 0.119***
(0.03)

 − 0.108*
(0.06)

 − 0.140***
(0.04)

 − 0.100
(0.07)

 − 0.060**
(0.03)

 − 0.068
(0.06)

VC long vs. short-
term effect

βVCtemporal_eff  − 0.073**
(0.03)

 − 0.059
(0.04)

 − 0.162***
(0.05)

 − 0.117**
(0.05)

 − 0.085***
(0.03)

 − 0.071*
(0.04)

N. of obs 3213 3213 2733 2733 2137 2137
N. of companies 432 432 364 364 322 322
R2 0.167 0.215 0.099 0.160 0.207 0.181
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effect on sales growth (+ 8.76%). This result confirms 
the ability of VC in cleantech to sustain the growth of 
invested companies according to all dimensions.

To verify Hp1, and in line with what we did in 
model 1, it is necessary to look at the coefficient 
βCLeff, estimated by a test on the linear combination 
βpostVC + βCLdiff, to assess the impact of VC on clean-
tech companies. The results of these tests are reported 
in the bottom part of Table 9 and provide further con-
firmation of our Hp1: VC is able to sustain the growth 
of invested companies while avoiding a reduction in 
their growth rates. Moreover, as to sales, while, on 
average, invested companies experience a reduction 
after the entry of VC in equity capital, this does not 
happen in cleantech companies.

In Table 10, we again differentiated between VC’s 
short- and long-term effects.

Again, looking at the βpostVC_short coefficients, esti-
mates suggest that, on average, VC helps sustain the 
growth of its invested companies in the short run. In 
fact, results indicate a significant decreasing trend, 
in the short term, only for the average sales growth 
rate (− 6.67%). Moreover, regarding the long-term 
average effect of VC on the growth of all invested 
companies (both cleantech and non-cleantech), the 
coefficient βpostVC_long indicates a significant nega-
tive impact across all dimensions (− 10.95% in total 
assets, − 9.7% in sales, and − 8.61% in number of 
employees). This suggests that, on average, the ben-
efits of VC are primarily realised in the short term, 
while their impact diminishes over time.

Looking at the coefficients βCLdiff_short, we found 
that VC in cleantech operates similarly to other sec-
tors in terms of total assets and number of employees, 

Table 9   Model 2—VC impact on cleantech growth: VC-backed cleantech vs. non-cleantech companies

SE in brackets. *p values < 10%; **p values < 5%; ***p values < 1%—significance levels

Dependent variable TotAss_growth Sales_growth NumEmp_growth

Independent 
variable

Estimator OLS FE OLS FE OLS FE

Coeff I II III IV V VI

Cleantech βCLpre 0.021
(0.02)

0.010
(0.03)

0.030
(0.02)

VCbackedstep βpostVC  − 0.113***
(0.02)

 − 0.037
(0.02)

 − 0.096***
(0.02)

 − 0.063**
(0.03)

 − 0.063***
(0.02)

 − 0.030
(0.02)

Cleantech # 
VCbackedstep

βCLdiff 0.049*
(0.03)

0.024
(0.03)

0.051
(0.03)

0.084*
(0.05)

0.030
(0.03)

0.031
(0.03)

Size(t–1) δ  − 0.039***
(0.00)

 − 0.213***
(0.02)

 − 0.032***
(0.01)

 − 0.247***
(0.02)

 − 0.030***
(0.01)

 − 0.198***
(0.02)

lnAge γ1  − 0.134***
(0.01)

 − 0.038
(0.06)

 − 0.130***
(0.02)

 − 0.014
(0.07)

 − 0.160***
(0.01)

 − 0.099**
(0.04)

Cons 0.804***
(0.12)

1.044***
(0.12)

0.302***
(0.07)

0.809***
(0.08)

0.247***
(0.05)

0.795***
(0.08)

Region dum-
mies

Yes No Yes No Yes No

NACE dum-
mies

Yes No Yes No Yes No

CleantechPrev-
alence

Yes Yes Yes Yes Yes Yes

Year dummies Yes Yes Yes Yes Yes Yes
Cleantech 

effect
βCLeff  − 0.064**

(0.03)
 − 0.013
(0.03)

 − 0.045
(0.03)

0.022
(0.05)

 − 0.034
(0.02)

0.001
(0.03)

N. of obs 3367 3367 3088 3088 2448 2448
N. of compa-

nies
419 419 366 366 323 323

R2 0.140 0.201 0.090 0.193 0.224 0.223
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helping sustain their growth. Moreover, it has a posi-
tive and significant differential impact on cleantech 
companies’ short-term growth when considering 
sales (+ 10.30%). In other words, estimates suggest 
that when VCs invest in cleantech companies, they 
have a greater impact on short-term sales growth 
compared to similar companies operating in other 
sectors. When considering βCLdiff_long, the previous 
results, which indicated no differential effect between 
cleantech- and non-cleantech-invested companies, are 
confirmed: VC does not have a differential long-term 
effect on cleantech companies with respect to non-
cleantech ones.

The test results reported in the bottom part of 
Table 10 suggest that the VC effect is mainly focused 
on the short term, similar to other sectors. However, 
when investing in cleantech companies, VC is more 

able to sustain the growth rate of the invested compa-
nies in both the short and long term.

6 � Robustness checks

We performed several robustness checks on our 
analyses.

First, we estimated our models on the entire con-
trol sample of VC-backed non-cleantech companies. 
Results are shown in Table 11.

Differently from what was obtained in the estimates 
focusing on the matched control group, results indicate 
a positive and significant coefficient βpostVC, suggesting 
that, on average, VC is able to boost the growth rate 
of its invested companies. In this case, cleantech VC 
investments do not differentiate from all other deals in 

Table 10   Models 2bis—short- and long-term VC impact on cleantech growth: VC-backed cleantech vs. non-cleantech companies

SE in brackets. *p values < 10%; **p values < 5%; ***p values < 1%—significance levels

Dependent variable TotAss_growth Sales_growth NumEmp_growth

Independent variable Estimator OLS FE OLS FE OLS FE

Coeff I II III IV V VI

Cleantech βCLpre 0.021
(0.02)

0.009
(0.03)

0.030
(0.02)

VCbackedstep_short βpostVC_short  − 0.069***
(0.02)

 − 0.034
(0.02)

 − 0.079***
(0.02)

 − 0.069**
(0.03)

 − 0.037**
(0.02)

 − 0.029
(0.02)

Cleantech # 
VCbackedstep_short

βCLdiff_short 0.046
(0.03)

0.004
(0.03)

0.103**
(0.04)

0.098*
(0.05)

0.037
(0.03)

0.023
(0.03)

VCbackedstep_long βpostVC_long  − 0.163***
(0.02)

 − 0.116***
(0.04)

 − 0.127***
(0.02)

 − 0.102*
(0.05)

 − 0.098***
(0.02)

 − 0.090***
(0.03)

Cleantech # 
VCbackedstep_long

βCLdiff_long 0.050
(0.03)

0.051
(0.05)

0.007
(0.04)

0.061
(0.06)

0.024
(0.03)

0.040
(0.05)

Size(t-1) δ  − 0.042***
(0.00)

 − 0.214***
(0.02)

 − 0.034***
(0.01)

 − 0.246***
(0.03)

 − 0.033***
(0.01)

 − 0.200***
(0.02)

lnAge γ1  − 0.120***
(0.01)

 − 0.014
(0.05)

 − 0.120***
(0.02)

 − 0.001
(0.07)

 − 0.149***
(0.01)

 − 0.081*
(0.04)

Cons 0.738***
(0.12)

1.016***
(0.13)

0.243***
(0.08)

0.775***
(0.09)

0.199***
(0.05)

0.742***
(0.09)

Region dummies Yes No Yes No Yes No
NACE dummies Yes No Yes No Yes No
CleantechPrevalence Yes Yes Yes Yes Yes Yes
Year dummies Yes Yes Yes Yes Yes Yes
Cleantech short-

term eff
βCLshort_eff  − 0.02

(0.03)
 − 0.029
(0.03)

0.025
(0.04)

0.029
(0.05)

 − 0.001
(0.02)

 − 0.006
(0.03)

Cleantech long-term 
eff

βCLlong_eff  − 0.113***
(0.03)

 − 0.065
(0.05)

 − 0.120***
(0.04)

 − 0.041
(0.06)

 − 0.075**
(0.03)

 − 0.050
(0.05)

Cleantech long vs. 
short-term eff

βCLtemporal_eff  − 0.090***
(0.03)

 − 0.036
(0.04)

 − 0.145***
(0.04)

 − 0.070
(0.05)

 − 0.074***
(0.03)

 − 0.045
(0.04)

N. of obs 3367 3367 3088 3088 2448 2448
N. of companies 419 419 366 366 323 323
R2 0.148 0.204 0.095 0.194 0.231 0.226
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terms of impact, since the coefficient βCLeff is not sig-
nificant. In other words, when comparing VC in clean-
tech with all other VC investments, it seems that VC 
does not have a significant differential effect from the 
one found in all other sectors.

This analysis thus confirms the importance of our 
matching procedure. In fact, in our estimations on the 
matched sample, i.e. when focusing on older, larger, and 
rapidly expanding non-cleantech companies more simi-
lar to cleantech ones, we proved that, on average, VC 
investment does not further boost their growth. In this 
case, compared to other similar companies, VC proved 
to have a different impact on the cleantech sector, sus-
taining the growth rate of their invested cleantech 
companies according to all dimensions. In conclusion, 
when aggregating all investments, cleantech compa-
nies do not exhibit significant differences compared to 
other sectors. Nonetheless, after controlling for varying 

selection criteria and comparing with similar invest-
ments, we discovered that VC still effectively supports 
the growth of invested cleantech companies, which 
would otherwise experience declining growth rates.

Secondly, we resorted to a Difference-in-Differ-
ences estimator as a further robustness check. This 
estimator makes it possible to eliminate unobserv-
able effects that vary equally over time for treated and 
untreated samples. As expected, given our empirical 
design, the results of this estimator are similar to those 
illustrated in our principal estimation. The advantage 
of using this estimator is the possibility of performing 
the Granger causality test, which has as a null hypoth-
esis the absence of the anticipation of the treatment 
effect in the pre-treatment period. All models do not 
reject the null hypothesis, confirming the goodness-of-
fit of our methodology.

Table 11   Model 2—VC impact on cleantech growth: VC-backed cleantech vs. non-cleantech companies unmatched

SE in brackets. *p values < 10%; **p values < 5%; ***p values < 1%—significance levels

Dependent variable TotAss_growth Sales_growth NumEmp_growth

Independent 
variable

Estimator OLS FE OLS FE OLS FE

Coeff I II III IV V VI

Cleantech βCLpre 0.095***
(0.02)

0.084***
(0.02)

0.066***
(0.02)

VCbackedstep βpostVC  − 0.029***
(0.00)

0.029***
(0.01)

 − 0.019***
(0.01)

0.033***
(0.01)

 − 0.021***
(0.00)

0.026***
(0.01)

Cleantech # 
VCbackedstep

βCLdiff  − 0.041*
(0.02)

 − 0.034
(0.03)

 − 0.025
(0.03)

 − 0.016
(0.04)

 − 0.005
(0.02)

0.000
(0.03)

Size(t–1) δ  − 0.039***
(0.00)

 − 0.257***
(0.01)

 − 0.042***
(0.00)

 − 0.290***
(0.01)

 − 0.027***
(0.00)

 − 0.251***
(0.01)

lnAge γ1  − 0.100**
(0.00)

 − 0.084***
(0.01)

 − 0.086***
(0.00)

 − 0.036***
(0.01)

 − 0.090***
(0.00)

 − 0.082***
(0.01)

Cons 0.434***
(0.05)

1.441***
(0.05)

0.394***
(0.07)

1.441***
(0.07)

0.330***
(0.05)

1.192***
(0.05)

Region dum-
mies

Yes No Yes No Yes No

NACE dum-
mies

Yes No Yes No Yes No

CleantechPrev-
alence

Yes Yes Yes Yes Yes Yes

Year dummies Yes Yes Yes Yes Yes Yes
Cleantech 

effect
βCLeff  − 0.070***

(0.02)
 − 0.005
(0.03)

 − 0.045
(0.03)

0.017
(0.04)

 − 0.027
(0.02)

0.026
(0.03)

N. of obs 47,641 47,641 42,660 42,660 38,614 38,614
N. of compa-

nies
3737 3737 3421 3421 3458 3458

R2 0.091 0.225 0.064 0.221 0.075 0.211
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Moreover, as a further check of the robustness of our 
results, we reduced the post-investment/matching obser-
vation period to 10, 8, and 6 years to avoid that other 
confounding effects may influence our results. We also 
changed the threshold used to define short-term, as sug-
gested by other studies (e.g. Croce et  al., 2013), from 
3 years to 2 and 4 years after the investment.

Finally, in our matching procedure, we changed the 
number of neighbours from 2 to 5, keeping the other 
matching parameters unchanged. The results of all 
these additional analyses are not significantly different 
from those presented in the previous sections.13

7 � Conclusion

Cleantech is a sector characterised by technologi-
cal complexity (Barbieri et al., 2020), regulatory risk 
(Migendt et al., 2017), and capital intensity (Doblinger 
et al., 2019; Gaddy et al., 2017; Marcus et al., 2013). 
The sector’s poor returns (Gaddy et  al., 2017; Mar-
cus et  al., 2013), combined with its relative newness 
(Petkova et  al., 2014), make it complex for VCs to 
select the best opportunities (Cumming et al., 2016; de 
Lange & Valliere, 2020; Mrkajic et  al., 2019). How-
ever, in recent years, VC investments in cleantech in 
Europe have increased in number, capital raised, and 
pre-money valuation at all stages, with a surge coin-
ciding with the introduction of the European Green 
Deal, the post-COVID recovery, and the energy crisis 
(2023 Annual European VC Valuations Report, 2024).

In this study, we contributed to the literature on 
entrepreneurial finance by exploring the impact of VC 
on the cleantech sector. We took advantage of a new 
and comprehensive proprietary longitudinal database 
of European VC-backed and non-VC-backed clean-
tech companies, derived from the implementation of 
an ML algorithm described by Ambrois et al. (2023) 
and used by Croce et al. (2024). To neutralise selec-
tion differences, we compare VC-backed cleantech 
companies with both non-VC-backed cleantech and 
VC-backed non-cleantech companies using a match-
ing algorithm that combines the advantages of CEM, 
Mahalanobis distance, and radius matching.

Our findings can be summarised as follows: First, 
VCs discount industry risks by investing in larger, 
already growing companies (in terms of total assets, 
sales, and number of employees), both relative to 
other cleantech companies and to investments in 
other sectors. Our results highlight the ability of VCs 
to sustain the growth of investee companies, which 
outperform non-VC-backed cleantech companies and 
perform similarly to VC-backed non-cleantech com-
panies with comparable characteristics in the year of 
investment. Consistent with previous findings (e.g. 
Croce et al., 2013), the impact of VCs is pronounced 
in the short term than in the long term.

In conclusion, while VCs may appear more risk-
averse when investing in cleantech in Europe, they 
serve as a suitable vehicle for the growth of cleantech 
companies. Therefore, it is important to incentivise 
investment in this sector to compensate for the lower 
attractiveness linked to its financial performance. Our 
findings are in line with recent evidence on the effec-
tiveness of using investment as an active strategic tool 
to achieve sustainability goals (Drobetz et al., 2024), 
fostering the development of new sustainable technol-
ogies and improving the sustainability performance 
of investee companies. For policymakers, these find-
ings underscore the importance of policies that attract 
investors to support the growth and development of 
technologies critical to the green transition. Addi-
tionally, as our results show that the impact of VC 
is more pronounced in the short term, policymakers 
should consider strategies to ensure sustained support 
for cleantech companies, given the sector’s long-term 
challenges. Tailoring policies to the different needs 
of the cleantech sector and creating favourable con-
ditions, such as stable regulatory frameworks and 
support for R&D, could further enhance the sector’s 
growth.14

This study has several limitations, which pave 
the way for possible future research. Firstly, we 
only focused on European countries. This raises the 
question of whether the findings are applicable to 
other countries outside Europe. As the VC market in 
Europe is not as mature as in North America, it may 
be interesting to make a comparison to understand 

13  Results are not reported in the text for the sake of brevity 
but are available from the authors upon request.

14  We thank an anonymous reviewer for suggesting this policy 
implication.
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the unique and common features between Europe 
and  North America when dealing with cleantech 
investments. The pattern of investors in Europe differs 
from that in North America and is characterised by 
a strong presence of captive investors (Bertoni et al., 
2015). As this type of investor has different invest-
ment objectives and strategies, especially in the past 
(Gompers et  al., 2020), future studies including dif-
ferent geographical areas may contribute to the gener-
alisation of results by neutralising the effect of differ-
ent market structures. According to Cleantech Group 
(2023), Europe is constantly increasing the market 
share of cleantech deals, and in 2022, the difference 
with North America was slightly over 10%. Asia has 
also seen an increase in the number of deals in recent 
years, particularly in India (Quarterly Investment 
Insights, Q4 2022, 2023). Future studies should con-
sider the impact of this new wave of cleantech deals 
in Europe and Asia, looking at the implications for 
the growth of cleantech companies in the two regions 
in light of the different regulatory frameworks.

Second, it would be interesting to examine whether 
there are substantial differences in the support pro-
vided by comparing different categories of VCs (e.g. 
independent, corporate and government) and to see 
how the impact of VC funding on the post-investment 
growth of cleantech companies should differ accord-
ing to the identity of the investor. Moreover, as risk 
aversion differs not only between investor types but 
also by geography (Bertoni et al., 2015), it is crucial 
that future studies analyse the role of different inves-
tors in different regions. For example, in Europe, 
independent investors tend to be more risk-averse, 
while governmental investors have a higher risk 
appetite compared to the USA (Bertoni et al., 2015). 
Therefore, our results could be influenced by this 
market structure. Future studies could investigate how 
risk aversion may alter the impacts on the growth per-
formance of cleantech companies.

Third, it would be worth controlling for other types 
of financing than VC (e.g. business angels, public 
funds, other types of pre-seed financing), for which 
we did not have information, and see if the interplay 
between different sources of financing is able to boost 
the development of cleantech ecosystems. Most early-
stage clean technologies require rapid deployment at 
a pilot scale before large-scale implementation. This 
is particularly true in the European business environ-
ment, where VCs have difficulties in scaling up their 

investments to successful exits. Enabling policies 
are therefore needed to accelerate financial invest-
ment in cleantech at the different stages of technology 
development.

Fourth, given the low numbers of VC-backed 
cleantech companies used in the analyses, further 
analysis is needed to generalise the results obtained. 
Lastly, additional characteristics not considered/
observed could further explain the differences 
between invested and non-invested companies. There-
fore, further analysis should be performed in order 
to corroborate the results of the impact of VC in the 
cleantech sector obtained in this paper.
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Appendix 1 Description of cleantech companies

Each cleantech company in the database was assigned to 
one or more technological categories based on the frame-
work introduced by Haščič and Migotto (2015), which 
organises technologies according to their contributions to 
environmental sustainability. Seven distinct technological 
categories were identified based on the principles of the 
European Green Deal and the EU taxonomy (Ambrois 
et  al., 2023): (i) Environmental management; (ii) 
Resource Preservation; (iii) Industrial energy manage-
ment; (iv) Capture, storage, sequestration, or disposal of 
GHG; (v) Sustainable modes of transport; (vi) Sustain-
able buildings; and (vii) Other categories. Some of these 
categories were further subdivided into sub-categories.

The two areas with the highest density of cleantech 
companies reflect two remarkable challenges of recent 
times, i.e. managing environmental pollution and energy 
consumption at the industrial level. Table  12  shows 
that 47.84% of cleantech companies are related to this 
family of technologies (category 1: Environmental 
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Table 12   Cleantech technological categories and sub-categories definition and distribution

Category Sub-category Description N. companies %

1. Environmental management Technologies dealing with pollution 
abatement, remediation, and waste 
management

11,738 47.84

1.1. Air/water/soil pollution abate-
ment/remediation

Technologies related to the abatement 
and remediation of air, water, and 
soil pollution, such as soil or water 
purification treatments

6650 27.10

1.2. Waste management Technologies for solid waste collec-
tion, recovery, recycling and reusing 
raw materials, creation of fertilisers 
from waste, technologies used for 
incineration, and energy recovery

5987 24.40

2. Resource preservation Technologies that can contribute to 
the preservation of resources

3088 12.58

2.1. Water conservation/availability Technologies that deal with water 
conservation, including water-saving 
technologies

1324 5.40

2.2. Sustainable agri-food technolo-
gies

Sustainable agri-food technologies 
such as hydroponic solutions or 
precision farming technologies

1301 5.30

2.3. Sustainable raw materials Technologies related to the develop-
ment of sustainable raw materials, 
such as bioplastics or biodegradable 
raw materials obtained from natural 
materials

526 2.14

3. Industrial energy management Technologies for energy production, 
transport and efficiency

10,973 44.72

3.1. Sustainable energy production Clean energy generation technologies 
such as renewables

6281 25.60

3.2. Sustainable fuels Fuels from renewable sources that 
minimise the environmental impact

1519 6.19

3.3. Energy-efficient industrial tech-
nologies

Technologies related to energy 
storage, superconductors, pres-
surised fluid, mechanical pumped, 
recyclable products, and reduction 
of materials in manufacturing

4397 17.92

4. Capture, storage, sequestration, or disposal of GHG Technologies that deal with the 
capture of greenhouse gases (e.g. 
carbon dioxide) from the atmosphere 
and their treatment

26 0.11

5. Sustainable modes of transport Technologies that can decarbonise the 
transportation sectors, such as tech-
nologies for electric vehicles, fuel 
cell vehicles, or CO2 saving ducts

360 1.47

6. Sustainable buildings Technologies for energy efficiency 
management in buildings, both from 
electricity and thermal point of view

2392 9.75

7. Other categories 727 2.96
Total 24,538

Each company may fall into one or more categories and sub-categories. Therefore, the sum of the categories/sub-categories does not 
equal 100
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Only 12.62% of the ecosystem is represented by 
cleantech innovators, with the experimenters segment 
being the least represented at 0.44%. Manufacturers 
represent over one-fifth of the ecosystem (22.34%) in 
the segments that supply cleantech innovation. The 
number of companies distributing clean technologies 
(14.40%) is comparable to that of the innovators. On 
the other hand, companies that integrate clean tech-
nologies, mainly by providing services (i.e. integra-
tors), occupy more than a quarter of the distribution 
(27.08%), highlighting the importance of supporting 
clean technologies during their adoption and mainte-
nance. Finally, operators—companies that deal with 
clean facilities—represent almost a quarter (23.12%) 
of the ecosystem.

Appendix 2 Unmatched sample of cleantech 
companies

Table 14 describes the distribution of VC-backed and 
non-VC-backed companies according to the techno-
logical category and the cleantech ecosystem segment 
described previously. It also compares VC-backed 
and non-VC-backed companies according to geo-
graphical location and foundation year.

As to the cleantech ecosystem segment, a χ2 test 
comparing the distributions of VC-backed and non-
VC-backed cleantech companies indicates the presence 
of significant differences (Pearson χ2 (5) = 212.24, p 

15  See Ambrois et al. (2023) for details on the procedure used 
to identify this classification.

management), the most represented in our sample. When 
examining the sub-categories, 27.10% of companies deal 
with technologies that focus on Air/water/soil pollution 
abatement/remediation (sub-category 1.1); likewise, 
24.40% of companies are engaged with technologies 
aimed at Waste management (sub-category 1.2).

Industrial energy management (category 3) is the 
second most represented category (44.72%). Sub-cate-
gory 3.1-Sustainable energy production, which encom-
passes useful technologies to replace fossil sources for 
energy production (25.60%), is leading the way. Sub-
category 3.3—Energy efficiency in industrial technolo‑
gies—also has good representation with 17.92% of 
companies. Finally, the sub-category of Sustainable 
fuels (3.2) accounts for 6.19% of companies. Other 
environmental challenges, such as Resource Preserva‑
tion (category 2) and Sustainable buildings (category 
6), account for about 10% of companies. Only 0.11% 
of companies focus on category 4—Capture, storage, 
sequestration, or disposal of GHG (Table 12).

Moreover, each company was classified accord-
ing to its role within the cleantech ecosystem.15 In 
particular, six different groups were identified: (i) 
innovators, (ii) experimenters, (iii) manufacturers, 
(vi) distributors, (v) integrators, and (vi) operators. 
Table 13 provides a description of these segments and 
the distribution of our sample companies.

Table 13   Cleantech ecosystem segment definition and distribution

Segment Description N. companies %

Innovators Companies at the core of the supply chain as they create and primarily utilise clean technol-
ogy as their central business focus

3096 12.62

Experimenters Companies that engage in experimental tasks that have the potential to lead to discoveries 
and advancements in cleantech science, both from the private and public sectors

109 0.44

Manufacturers Companies within the cleantech supply chain that handle ancillary services related to actual 
innovation (manufacture, fabricate, and produce essential components or raw materials 
for clean technology)

5483 22.34

Distributors Companies exclusively focused on the distribution and commercial provision of specific 
cleantech products or technologies, making clean technologies accessible in the market

3534 14.40

Integrators Companies that are part of the cleantech supply chain and provide accessory services 
related to innovation (engineering, installation, procurement, design, conception, and 
planning, preparing clean technology for adoption)

6644 27.08

Operators Companies that construct, implement, and maintain facilities where clean technology is 
utilised or provide ancillary services for actual innovation. Additionally, companies using 
technology as the primary tool to achieve their outputs, like energy production, fall under 
this category

5672 23.12

Total 24,538 100.00
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Table 14   Descriptive statistics on cleantech companies: VC-backed vs. non-VC-backed

Cleantech VC-backed Non-VC-backed

N. companies % N. companies %

Segment
 Distributor 35 8.73 3499 14.50
 Experimenter 4 1.00 105 0.43
 Innovator 136 33.91 2960 12.26
 Integrator 64 15.96 6580 27.26
 Manufacturer 118 29.43 5365 22.23
 Operator 44 10.97 5628 23.32
 Total 401 100.00 24,137 100.00
Category
 1. Environmental management 109 27.18 11,629 48.18
 1.1. Air/water/soil pollution abatement/remediation 66 16.46 6584 27.28
 1.2. Waste management 50 12.47 5937 24.60
 2. Resource preservation 35 8.73 3053 12.65
 2.1. Water conservation/availability 7 1.75 1317 5.46
 2.2. Sustainable agri-food technologies 8 2.00 1293 5.36
 2.3. Sustainable raw materials 20 4.99 506 2.10
 3. Industrial energy management 263 65.59 10,710 44.37
 3.1. Sustainable energy production 176 43.89 6105 25.29
 3.2. Sustainable fuels 34 8.48 1485 6.15
 3.3. Energy-efficient industrial technologies 76 18.95 4321 17.90
 4. Capture, storage, sequestration or disposal of GHG 3 0.75 23 0.10
 5. Sustainable modes of transport 13 3.24 347 1.44
 6. Sustainable buildings 28 6.98 2364 9.79
 7. Other categories 13 3.24 714 2.96
 Total 401 100.00 24,137 100.00
Region
 Benelux 50 12.47 1143 4.74
 CESEE 26 6.48 4903 20.31
 DACH 73 18.20 5148 21.33
 FranceMo 95 23.69 3386 14.03
 Nordics 83 20.70 2379 9.86
 South 53 13.22 6851 28.38
 UKIre 21 5.24 327 1.35
 Total 401 100.00 24,137 100.00
Foundation year
 Before 1990 31 7.73 7179 29.74
 1990–1994 36 8.98 3502 14.51
 1995–1999 63 15.71 3432 14.22
 2000–2004 85 21.20 3308 13.71
 2005–2009 100 24.94 3322 13.76
 2010–2014 46 11.47 1879 7.78
 After 2015 40 9.97 1515 6.28
 Total 401 100.00 24,137 100.00
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value < 1%): VC-backed companies are more frequently 
innovators, experimenters, and manufacturers, while they 
are under-represented in the other cleantech ecosystem 
segments (i.e. distributors, integrators, and operators).

Regarding the technological categories, Table  14 
shows the percentages referring to total VC-backed and 
non-VC-backed companies. The χ2 test indicates the 
presence of significant differences (Wald χ2 (7) = 110.23, 
p value < 1%): the most represented category in the VC-
backed sample is Industrial energy management (3), 
with more than half of the investments (65.59%) sig-
nificantly higher than for non-VC-backed companies (p 
value < 1%). On the contrary, the share of companies 
invested in Environmental management (1) is 20% less 
than that of non-invested companies (27.18 vs. 48.18%). 
The last category among those most represented and 
with statistically significant differences (p value < 5%) 
between VC-backed and non-VC-backed is Sustainable 
buildings (6) (6.98 vs. 9.79%).

In the last rows of Table 14, we also compared the 
two samples according to foundation year and geo-
graphical location. Regarding the geographical loca-
tion, we followed the classification of European coun-
tries commonly used by European institutions.16 When 
comparing the geographical distribution of VC-backed 
and non-VC-backed companies, a χ2 test reveals that 
investments are concentrated in the French, Nordic, 
and British regions, as opposed to the Mediterranean 
and Eastern European regions (Pearson χ2 (6) = 234.22, 
p value < 1%). The results are in line with the distribu-
tions of investments in Europe, which show a higher 
concentration of investments in France and the British 
Isles, and a lower concentration in Eastern Europe and 
the Mediterranean countries (Crisanti et al., 2019).

As to the foundation year, a χ2 test reveals that 
invested companies are younger than non-VC-backed 
ones (Pearson χ2 (6) = 140.71, p value < 1%); the dif-
ference is more remarkable after 2000, which repre-
sents the (first) boom of investments in cleantech (van 
den Heuvel & Popp, 2023).

Table  15 illustrates the differences between VC-
backed and non-VC-backed cleantech companies 
in terms of size (proxied by yearly values of Total 
Assets, Sales and Number of Employees) and annual 
growth (measured by the log-difference of total assets, 
sales, and number of employees) for all observed 
years from 1994 to 2023. Such performance variables 
were largely employed in the literature examining the 
impact of VC financing (Baum & Silverman, 2004; 
Bernstein et al., 2016; Bertoni et al., 2011; Colombo 
& Grilli, 2010; Davila et al., 2003; Grilli & Murtinu, 
2014; Hellmann & Puri, 2002).

In terms of size, the χ2 test reveals that VC-backed 
companies are larger than non-VC-backed ones, regard-
less of the proxy used (total assets, sales, and number 
of employees). For example, considering total assets, 
the χ2 is highly significant (Pearson χ2 (6) = 822.88, 
p value < 1%). More specifically, while over 50% of 
non-VC-backed cleantech companies (52.92%) have 
total assets below 10 mln Euros, this percentage drops 
significantly to 32.82% for VC-backed cleantech com-
panies. In contrast, when examining the proportion of 
companies with total assets equal to or greater than 
100 mln Euros, the sample of VC-backed companies 
is significantly more represented (21.64% compared to 
11.30% for the sample of non-VC-backed companies). 
Similar results are obtained when considering sales 
and number of employees as a proxy for size.17

In terms of annual growth, the sample of VC-backed 
companies shows a higher percentage of observa-
tions with a growth of more than 20% compared to the 

16  Benelux comprises Belgium, the Netherlands, and Luxem-
bourg, following the political and economic union established 
in 1944; Centre-East and South-East Europe (CESEE) includes 
Poland, the Baltics, and the Balkans; DACH includes Ger-
many, Austria, Switzerland, and Liechtenstein; FranceMo rep-
resents France and Principality of Monaco; Nordics refers to 
The Scandinavians, Denmark, and Iceland; Southern includes 
Italy, Spain, Portugal, Andorra, and Malta; and the UKIre 
areas that comprises the UK and Ireland.

17  In terms of sales, while 71.26% of the sample of non-VC-
backed cleantech companies show sales lower than 25 mln 
Euros, the same percentage decreases to 61.62% in the sample 
of VC-backed cleantech companies. Conversely, when con-
sidering companies having sales equal to or greater than 100 
mln Euros, the VC-backed sample is significantly more rep-
resented (17.62 vs. 11.18% in the sample of non-VC-backed 
companies). Interestingly, there is an exception for very small 
cleantech companies, i.e. those with sales below 2 mln Euros, 
where VC-backed companies are prevalent (17.85 vs. 15.01% 
in the sample of non-VC-backed cleantech companies). A χ2 
test confirms this statistical difference (Pearson χ2 (6) = 265.81, 
p value < 1%). Similarly, in terms of number of employees, 
again, VC-backed cleantech companies appear larger than non-
VC-backed ones: more than half of the non-VC-backed com-
panies in the sample have less than 50 employees, while this 
percentage is reduced to 42.58% in the sample of VC-backed 
cleantech companies. With over 50 employees, the VC-backed 
sample becomes more represented. The χ2 test confirms the 
statistical difference (Pearson χ2 (5) = 141.99, p value < 1%).
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previous year (i.e. the ‘growing’ group), regardless of 
the proxy used (29.88 vs. 18.11% in total assets, 32.51 
vs. 20.98% in sales and 22.00 vs. 10.05% in number 
of employees). In contrast, the proportion of non-VC-
backed companies is consistently higher than that of 
VC-backed companies, regardless of the proxy used, 
for both ‘shrinking’ (i.e. a negative annual growth) and 
‘static’ (i.e. an annual growth between 0 and 5%) cat-
egories. χ2 tests confirm the differences in the growth of 
total assets (Pearson χ2 (3) = 332.88, p value < 1%), sales 
(Pearson χ2 (3) = 248.18, p value < 1%), and number of 
employees (Pearson χ2 (3) = 553.47, p value < 1%).18

These initial statistics suggest that cleantech com-
panies receiving VC financing are, on average, larger 
and exhibit higher growth rates compared to those 
without VC backing. Whether these characteristics 
stem from a selection effect by VC investors or are a 
result of the influence of VC financing is one of the 
focal points of this study, as elaborated in the follow-
ing paragraphs.

Appendix 3 Unmatched sample of VC‑backed 
companies

Table  16 reports descriptive statistics of VC-backed 
cleantech and non-cleantech companies for the year 
they received their first VC investment. We compared 
their geographical location, foundation year, invest-
ment year, and age at first investment.

Table 15   Descriptive statistics on size and growth of cleantech companies: VC-backed vs. non-VC-backed

Shrinking (< 0%), static (0–5%), slightly growing (5–20%), growing (> 20%)

Cleantech Total assets Sales Number of employees

VC-backed Non-VC-backed VC-backed Non-VC-backed VC-backed Non-VC-backed

N. obs % N. obs % N. obs % N. obs % N. obs % N. obs %

Size (mln €)
 < 2 329 8.49 40,928 17.52 614 17.85 29,841 15.01
 2–5 381 9.83 43,108 18.45 385 11.20 30,648 15.41
 5–10 562 14.50 39,632 16.96 439 12.77 35,599 17.91
 10–25 855 22.05 44,222 18.92 681 19.80 45,560 22.92
 25–50 536 13.82 23,793 10.18 421 12.24 20,900 10.51
 50–100 375 9.67 15,591 6.67 293 8.52 14,029 7.06
 ≥ 100 839 21.64 26,415 11.30 606 17.62 22,232 11.18
 Total 3877 100.00 233,689 100.00 3439 100.00 198,809 100.00
Size
 < 10 335 10.38 28,361 15.77
 10–25 518 16.05 34,011 18.92
 25–50 521 16.15 31,531 17.54
 50–125 794 24.60 37,751 21.00
 125–250 433 13.42 20,866 11.61
 ≥ 250 626 19.40 27,260 15.16
 Total 3227 100.00 179,780 100.00
Growth
 Shrinking 1245 34.99 87,167 40.98 1020 32.83 68,219 38.29 782 26.85 54,329 33.88
 Static 458 12.87 35,787 16.82 421 13.55 31,073 17.44 767 26.33 58,052 36.21
 Slightly growing 792 22.26 51,243 24.09 656 21.11 41,499 23.29 723 24.82 31,846 19.86
 Growing 1063 29.88 38,522 18.11 1010 32.51 37,384 20.98 641 22.00 16,108 10.05
 Total 3558 100.00 212,719 100.00 3107 100.00 178,175 100.00 2913 100.00 160,335 100.00

18  We computed t-tests and f-tests on the growth performances 
calculated as annual log-difference of total assets, sales, and 
number of employees, respectively. The former differs in mean 
(p value < 1%) and variance ratio (p value < 1%). We obtained 
the same results when considering sales or number of employ-
ees (t-test and f-test p values below 1%).
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There is no statistical difference in the geographi-
cal distribution according to the χ2 test (Pearson χ2 
(6) = 3.48, p value = 75%). The main difference can 
be seen in the ‘Nordics’ region, where cleantech 
investments are almost 5% less than the non-clean-
tech ones (12.43 vs. 17.25%). The French region is 
the most active in both cleantech (31.07%) and non-
cleantech (28.63%) investments, but it is also the one 
with a larger positive difference between the two 
groups (around 2.5% more investments in cleantech).

As to the foundation year, VC-backed clean-
tech companies tend to be younger than non-clean-
tech companies, as the percentage of cleantech 

has surpassed non-cleantech since 2005. However, 
according to the Pearson χ2 test (χ2 (4) = 7.04, p 
value = 13%), the difference is not significant.

Cleantech companies have received VC in more 
recent years than non-cleantech ones due to the nov-
elty of their technology. The year of first VC invest-
ment for cleantech and non-cleantech companies spans 
from 2000 to 2022: for cleantech companies, the mean 
is 2015 (median is 2016), while for non-cleantech 
companies, the mean is 2013 (median is 2014). There 
has been an increasing trend in cleantech investments 
since the Great Recession (2007–2009), as confirmed 
by other market studies (Crisanti et al., 2019). The χ2 

Table 16   Descriptive 
statistics on VC-backed 
companies: cleantech vs. 
non-cleantech

VC-backed Cleantech Non-cleantech

N. companies % N. companies %

Region
 Benelux 18 10.17 335 8.41
 CESEE 12 6.78 289 7.26
 DACH 25 14.13 574 14.42
 FranceMo 55 31.07 1140 28.63
 Nordics 22 12.43 687 17.25
 South 31 17.51 661 16.60
 UKIre 14 7.91 296 7.43
 Total 177 100.00 3982 100.00
Foundation year
 Before 2000 41 23.16 1163 29.21
 2000–2004 31 17.51 823 20.67
 2005–2009 46 25.99 866 21.75
 2010–2014 29 16.39 633 15.89
 After 2015 30 16.95 497 12.48
 Total 177 100.00 3982 100.00
Investment year
 Before 2005 3 1.70 599 15.04
 2005–2009 20 11.30 556 13.96
 2010–2014 47 26.55 911 22.88
 2015–2019 73 41.24 1414 35.51
 After 2019 34 19.21 502 12.61
 Total 177 100.00 3982 100.00
Age at the time of investment
 ≤ 2 years old 60 33.90 1412 35.46
 3–5 years old 15 8.48 539 13.54
 6–10 years old 33 18.64 670 16.82
 11–15 years old 24 13.56 539 13.54
 16–20 years old 16 9.04 342 8.59
 > 20 years old 29 16.38 480 12.05
 Total 177 100.00 3982 100.00
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test (Pearson χ2 (4) = 30.01, p value < 1%) and the t 
test on the mean (p value < 1%) confirm the difference.

Finally, as for the age at the time of the first VC 
investment, cleantech companies are slightly older than 
non-cleantech ones (9 and 8  years, respectively), the 
difference being significant as confirmed by a t test (p 
value < 10%). The χ2 test on the median value reports 
a Pearson χ2 (1) = 3.78, p value = 5%). As shown in the 
table, the main difference is in the last group, the oldest, 
where the cleantech overcomes the non-cleantech sample 
by almost 5%. Moreover, when considering companies 
invested at an age of 5 years or less, non-cleantech com-
panies are almost 7% more than cleantech ones (49.00 vs. 
42.38%).

Table  17 shows descriptive statistics comparing the 
size and growth of VC-financed companies at the time of 
the first investment, distinguishing between cleantech and 
non-cleantech companies. More specifically, we reported 
the average of the size in the year of investment and in the 
2 years preceding the investment (in terms of total assets, 
sales, and number of employees), i.e. a 3-year moving 
average at the year of investment, and the average of the 
annual growth19 in the year of investment and the 2 years 
preceding the investment (in terms of total assets, sales, 
and number of employees annual log differences), i.e. a 
3-year moving average for the year of investment.

When looking at the average size of the invested 
companies, cleantech companies seem to be larger 
than non-cleantech ones: the χ2 tests report a statisti-
cal difference in total assets (Pearson χ2 (6) = 13.24, 
p value < 5%) and sales (Pearson χ2 (6) = 13.13, p 
value < 5%), while for the number of employees, we 
cannot reject the null hypothesis (Pearson χ2 (5) = 5.49, 
p value = 36%). In particular, cleantech companies 
seem to have a more prominent tail distribution, as 
denoted by the variance ratio that is statistically differ-
ent across all dimensions (p values below 1% in total 
assets, sales, and number of employees). Cleantech 
companies have, on average, 13 mln Euros in total 
assets (11 mln as the median value), 8 mln Euros in 
sales on average (and median), and 41 employees on 
average (34 as median value) at the time of investment.

Finally, VCs tend to invest in faster-growing com-
panies in the cleantech sector. In particular, they avoid 
investing in companies that show a decrease in total 

assets (10.37 vs. 22.35%), sales (16.43 vs. 25.60%), and 
number of employees (13.74 vs. 21.97%). The main 
difference between cleantech and non-cleantech invest-
ments relates to Sales, with an average annual growth 
rate between 5 and 20% (26.43% for cleantech vs. 
16.93% for non-cleantech). In the last group, ‘growing’, 
which includes all annual growth rates above 20%, the 
biggest difference between the samples is in total assets 
(40.24 vs. 32.42%) and number of employees (32.06 
vs. 25.37%). The χ2 tests confirm these differences: 
total assets (Pearson χ2 (3) = 15.80, p value < 1%), sales 
(Pearson χ2 (3) = 11.47, p value < 1%), and number of 
employees (Pearson χ2 (3) = 7.15, p value = 7%). These 
differences are also confirmed by the test on the mean 
value (total assets growth p value < 1%; sales growth p 
value = 7%; number of employees p value = 2%) and the 
variance ratio test (p values < 1% for all the measures). 
The average annual growth rate of cleantech companies 
in the investment year is 19.09% for total assets (11.11% 
for the median), 14.21% for sales (6.77% for the median), 
and 13.00% for number of employees (5.98% for the 
median).

Appendix 4 Detailed description of the matching 
procedure

It has been shown that PSM algorithms cannot guar-
antee the similarity of the companies for some param-
eters, especially for categorical or dichotomous vari-
ables with unequal distributions between treated and 
untreated groups (Blankenberger et  al., 2021; Iacus 
et al., 2012).

Iacus et  al., (2008, 2012) propose one way to 
overcome this issue: the Coarsened Exact Match 
(CEM). The advantage of this algorithm is that 
it uses clusters to identify matching constraints. 
However, this approach has three disadvantages: 
first, it requires categorising continuous variables, 
which forces the inclusion of arbitrarily selected 
cut points for these variables in the matching pro-
cess, thus deteriorating the matching quality.20 The 
second disadvantage relates to accuracy. Matching 

19  Since the average annual growth is computed using the log-
differences, it corresponds to the compound annual growth rate 
(CAGR).

20  CEM may lead to the exclusion of companies from the 
control sample that, although not belonging to the identified 
cluster, are still relatively close to the treated company. This 
problem becomes more relevant when the number of clusters 
identified is increased to improve the precision of the matching 
procedure.
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algorithms, such as PSM, were introduced to 
address the multidimensionality problem common 
with continuous variables and categorical varia-
bles with many categories. Moreover, this multidi-
mensionality increases as the number of variables 
grows.21

Iacus et al. (2012) tested the possibility of combining 
CEM with other techniques, concluding that the CEM 
is the most effective imbalance reducer, followed by 
algorithms based on Mahalanobis distance. We adopted 
a similar approach to minimize imbalance as much as 
possible. To address the first issue of CEM, we stratified 
the companies based only on time-invariant variables, 
such as the Region, Segment of the cleantech ecosystem, 
and their classification in categories 1—Environmental 
management, 3—Industrial energy management, and 
6—Sustainable buildings.22 This approach allowed us 
to exclude strata without a treated company or without 
controls from the matching process, ensuring common 
support along these variables. Additionally, we reduced 
the complexity of the matching by excluding continuous 
variables at this stage. By doing so, we also avoided the 
first disadvantage of CEM.

In the second step, we split the dataset into three sub-
datasets based on our our three size proxies (total asset, 
sales, and number of employees). For each sub-dataset, 
we computed the Mahalanobis distance between treated 
and controls in each cluster using continuous variables, 
including age (lnAge), size, and growth. Size and growth 
are measured using the 3-year moving average, i.e. the 
average of the last 3  years’ values for each dependent 
variable. For the sample of VC-backed companies, we 
focused on the year of the receipt of the first financing, 
while for the non-VC-backed companies, we included 
all available company-year observations. To reduce 

matching imbalance, we used the two nearest neighbours, 
as suggested in previous works (Croce et al., 2013).23

Lastly, following the literature on Mahalanobis dis-
tance, particularly Huber et al. (2015), we calculated 
the maximum radius of the score,24 which allowed 
us to exclude extremely distant pairs from the near-
est algorithm. The nearest neighbour algorithm was 
set to exclude the possibility of selecting different 
observation years for the same control. Although this 
constraint may increase the imbalance, it allowed us 
to identify a unique year for matching, enabling us to 
design proper estimation models.25

In summary, we believe that integrating the benefits of 
CEM, Mahalanobis distance, and radius matching consti-
tutes a robust approach for microeconomic research, par-
ticularly when dealing with small panel datasets.

Appendix 5 Detailed description of the variables 
used in the models

Table 18 reports the description, sources, and trans-
formations of the variables used in the models to 
facilitate replication efforts. In the ‘Model’ column, 
we report which variable each model used, while the 
last column indicates whether the variable was used 
in the matching procedure. Descriptive statistics for 
these variables can be found in Sect. 4.1.1.

23  As far as we know, most matching algorithms are designed 
for cross-sectional data, which represents an issue when evalu-
ating the quality of a match in a panel database. What is typi-
cal in the panel data literature is to stratify the database by the 
observation year. However, by doing so, some possible good 
controls might be excluded because the observation year does 
not coincide with the one of the treatment. This issue bcomes 
more relevant as the complexity of the matching increases (i.e. 
with more variables), which, in turn, reduces the number of 
available controls. In our case, we chose to relax this constraint 
by calculating the Mahalanobis distance for each observation 
year of the control companies and excluding a posteriori for 
couples with more than 1 year of distance.
24  We selected the radius (R) as the 90th percentile of the dis-
tribution of the best scores, as suggested (and default) in the 
algorithm developed by Huber et  al. (2015) for various soft-
ware, including Stata. Following the same package, we used 3 
R-factor.
25  Our approach was designed for use cases like this, where 
the number of matching variables is not too high, flexibility 
in panel matching is required, and it is crucial to avoid losing 
many treatments during the matching procedure.

21  CEM fails to simplify the complexity of matching in these 
case scenarios. Lastly, with CEM, it is impossible to distin-
guish companies within the same cluster, meaning that the 
weights assigned by the algorithm must be used for any esti-
mate not stratified by cluster. Unfortunately, most estima-
tors are not robust enough to handle arbitrary assignment of 
weights.
22  We decided to include these categories because they are the 
three in which the greatest differences between VC-backed and 
non-VC-backed companies exist, and nearly 90% of the compa-
nies in the sample fall into at least one of these categories.
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