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Abstract
Artificial intelligence (AI) technologies have significantly attracted the attention 
of institutional investors over the last decade. However, previous literature has not 
deeply explored the characteristics of venture capital (VC) investments in AI ven-
tures. In this study, we explore whether and to what extent investments in AI ven-
tures differ from those in similar non-AI ventures, and whether they are moderated 
by venture-level, country-level, and investor-level factors. We test our hypotheses 
on a sample of 5235 investments in 2689 AI ventures and 9215 investments in 4373 
non-AI ventures belonging to the Industry 4.0 domain, observed from 2000 to 2019. 
We find that the amount invested in AI ventures is significantly lower than non-AI 
ones: this negative relationship is, however, moderated by a venture’s development 
stage, VC investor’s experience and the AI development level of the country in 
which the invested venture operates.
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1 Introduction

Artificial intelligence (henceforth, AI) is a general term that refers to any technology able 
to perceive the surrounding environment and make decisions to maximize its probability 
of success while achieving a predetermined goal (Russell and Norvig 2020). AI technol-
ogy is able to replicate human cognitive ability in problem-solving, decision-making, and 
learning activities (Bellman 1978), enabling perception, reasoning, and action (Winston 
1992). AI includes several different research domains, which have among their core com-
ponents machine learning, NLP (natural language processing), deep learning, predictive 
APIs (application programming interface), and image and speech recognition.

AI is increasingly perceived as an emerging technology that may be harnessed to address 
global concerns and that will produce deep transformations in society (such as bridging the 
educational gap, developing treatments for cancer and other diseases etc.) (Pwc 2017). Pwc 
forecasts, as a consequence of the diffusion of AI, an increase in global GDP by 14% by 
2030, with an impact on production and consumption of 7% and 8%, respectively.

Because of its pervasiveness and dynamism, AI technology has the potential 
to become the dominant general-purpose technology of the coming era, due to its 
capacity to generate important spillovers that can propel new technological oppor-
tunities in several domains (Cockburn et  al. 2018). Given the disruptive potential 
of AI technology on society, the academic literature has mostly focused on examin-
ing: (i) the consequences of its diffusion (Agrawal et  al. 2019; Felten et  al. 2021; 
Jacobides et al. 2021; Krakowski et al. 2023), both in terms of impact on productiv-
ity (Furman and Seamans 2018) and labor (Acemoglu and Restrepo 2018); (ii) its 
evolutionary dynamics, being a source of change in innovation processes (Cockburn 
et al. 2018) and of new innovative ideas (Krakowski et al. 2023).

However, the AI technology has also attracted the attention of institutional inves-
tors over the last decade. Venture capital’s (henceforth, VC) investments in AI ven-
tures have grown dramatically in recent years, from about $3 billion in 2012, to $75 
billion in 2020. AI ventures received more than 20% of all VC investments in 2020. 
US-based and Chinese ventures accounted for more than 80% of the value of VC 
investments in AI ventures, while Europe and UK accounted for 4% and 3%, respec-
tively (OECD 2021). According to Forbes1, the overall financing amount and the 
average round size for AI have increased consistently over the last decade. In 2010, 
the average early stage round for ventures focused on AI was around $5 million. In 
2017, overall funding climbed by more than 200 times to $12 million for first-round 
early stage round. In 2021, despite a decline in transaction volume, AI ventures raised 
about $20 billion in investment. This is testified by the OECD which reports that: 
“The venture capitalist (VC) sector tends to forerun general investment trends, indi-
cating the AI industry is maturing. As the AI industry matures, the median amount 
per investment is growing, there are more very large investments and proportionately 
fewer investment deals at early stages of financing” (OECD 2021). Given this evi-
dence, the exploration of the key financing patterns that surround AI financing by 
VCs is certainly a worthy endeavor in the context of entrepreneurial finance.

1 https:// www. forbes. com/ sites/ cogni tivew orld/ 2020/ 01/ 05/ is- ventu re- capit al- inves tment- for- ai- compa 
nies- getti ng- out- of- contr ol/? sh= 747eb ffe7e 05

https://www.forbes.com/sites/cognitiveworld/2020/01/05/is-venture-capital-investment-for-ai-companies-getting-out-of-control/?sh=747ebffe7e05
https://www.forbes.com/sites/cognitiveworld/2020/01/05/is-venture-capital-investment-for-ai-companies-getting-out-of-control/?sh=747ebffe7e05
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This article contributes to the stream of literature on VC financing by providing 
novel quantitative evidence on the determinants of VC invested amounts, with a focus 
on the AI industry. While prior works have studied VC investments in general or in 
specific innovative fields such as fintech (Cumming and Schwienbacher 2018; Haddad 
and Hornuf 2019), they have fallen short in terms of providing insights into VC invest-
ments in AI. Thus, we know little about the extent to which AI ventures receive VC 
financing and how this works in concert with investor experience, country, or invested 
venture characteristics. The ultimate purpose of this research is to examine if AI ven-
tures receive more or less funding by VCs than non-AI ventures belonging to the 
Industry 4.0 domain. An interesting and intertwined question is whether and to what 
extent this relationship is moderated by venture-level, country-level, and investor-level 
factors. Does a venture’s life stage mitigate the risks associated with an emerging and 
rapidly evolving technology and with the regulatory and competitive challenges of a 
new investment domain, by encouraging VC investment attitude towards AI? Does 
investor experience and specialization in AI matter? Are these patterns equally gen-
eralizable to countries characterized by a high development of the AI industry? These 
questions are timely and have both academic and practical relevance.

To our knowledge, understanding the investment patterns of VCs in the AI 
industry is still an unexplored dimension of operations in the VC market. This 
is surprising, given the novelty of this investment opportunity and the important 
impact that AI ventures could play on the innovation and growth of economies. 
Thus, our unique angle is to explore the landscape of VC investments in AI to see 
whether differentials in venture characteristics, investor experience, and country 
specialization in the field affect the financing patterns of AI ventures.

We tackle our research questions focusing primarily on the amount received by AI 
versus non-AI ventures (belonging to the Industry 4.0 domain) in VC deals between 
2000 and 2019 worldwide. Results show that, in general, in a VC deal, AI ventures raise 
less capital than non-AI ventures. This is in line with the idea that the AI domain involves 
severe risks for VCs, ranging from regulatory and competitive challenges, ethical and 
privacy concerns, and a high uncertainty associated with a rapidly evolving technology. 
However, we find that the negative relationship between the amount of capital invested 
by VCs and the AI domain of the invested ventures is moderated by the evolution of the 
stage of life of the venture, by investors’ AI-specific and general previous experience and 
by the AI development level of the country in which the invested venture operates.

The remaining parts of the paper are organized as follows. Section 2 presents 
the theoretical background and our research hypotheses. Section 3 illustrates the 
methodology. Section  4 illustrates the results of the econometric analysis and 
some robustness checks. Finally, Section 5 concludes the paper.

2  Theoretical background

AI technologies and solutions are new methods to improve ventures’ process- and 
product-oriented productivity and R&D activities in downstream sectors (Babina 
et al. 2024) and serve as cornerstone of the Fourth Industrial Revolution, or Industry 
4.0. AI is no longer perceived primarily as a business tool for increasing automation, 
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but as an emerging technology that may be harnessed to address diverse global con-
cerns, ranging from issues related to the development of new drugs and treatments 
to the reduction of the educational and gender gap. Indeed, recent literature has clas-
sified AI as a general-purpose technology (GPT), given its potential to affect a wide 
range of product and services (Babina et al. 2024; Cockburn et al. 2019; Iori et al. 
2021; Martinelli et al. 2021), generating a large-scale economic impact. For exam-
ple, Goldfarb et al. (2022), employing an approach that uses data from online job 
ads and postings, rank emerging technologies based on their likelihood to become 
general-purpose technology applications, and find AI-related technologies (e.g., 
machine learning, big data, data science) at relatively high-ranked positions.

Compared to all other technologies commonly grouped within the Industry 
4.0 paradigm (such as IoT, big data, cloud computing, robotics), AI technolo-
gies differ in their scope and applications. The idiosyncratic nature of AI and 
other digital non-AI technologies in the Industry 4.0 domain can be observed in 
their intrinsic characteristics (e.g., life cycle stage, technological and industrial 
knowledge base, specific and enabling functions, general technology properties) 
(Bresnahan 2010; Frank et al. 2019) and also in their potential to enable radical 
transformations in firms’ production and business processes, including their abil-
ity to drive firms to adopt new environmentally sustainable practices (Montresor 
and Vezzani 2023). Montresor and Vezzani (2023) examine the extent to which 
the eco-innovation propensity of Italian firms is driven by the heterogeneous and 
complementary nature of Industry 4.0 technologies. In particular, the authors 
find that new eco-innovative production processes and models benefit most from 
investments in AI compared to other digital technologies.

Because of its distinctive GPT characteristics, which favor recombinant innova-
tion and the capture of complex knowledge (Montresor and Vezzani 2023), the AI 
domain may be an attractive area for VC investment because of the significant tech-
nological benefits and learning opportunities that may be generated by AI ventures 
to the advantage of customers and/or incumbents in the market (Maula et al. 2013). 
However, the AI industry poses a number of possible risks for VCs compared to 
the non-AI 4.0 domain, which may counterbalance the rewards that are associated 
with the potential of AI to disrupt existing industries or create new markets. First, 
AI ventures are generally subject to stronger information asymmetries compared to 
ventures operating in other digital areas because AI is an emerging, complex, and 
rapidly evolving technology. Second, AI brings with it several regulatory and com-
petitive challenges that should not be overlooked, and that do not impact the non-AI 
4.0 industry as much. The rapid pace of AI developments is accompanied by severe 
competition and regulatory risks that could hinder AI ventures in achieving long-
term success and VCs in reaping the benefits of their investments. Third, the unpre-
dictability of unchecked technological developments that may lead to ethical and 
privacy concerns and the vulnerability of AI-systems to cyber-attacks could cause 
potential losses to investors. VCs factor the inherent risks associated with AI tech-
nological developments into their decision-making processes (Agrawal et al. 2015; 
Colombo et  al. 2022), and are often induced to discount their offer price (Reuer 
et  al. 2012), thus reducing the invested amount per deal. Taking these arguments 
together, we introduce our first hypothesis:
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H1: The amount of capital invested in a VC deal is lower for invested ventures 
operating in the AI domain compared to non-AI Industry 4.0 ventures.

Investors may rely on direct information disclosures by entrepreneurs to reduce 
their information asymmetry and decide whether to invest in a venture. Entrepre-
neurs’ information disclosures also help in increasing the amount of capital raised 
in an external equity deal. For example, in private deals, a rigorous screening by 
investors in the pre-investment process makes the focal venture more attractive and 
more prone to receive higher capital injections in the future (Hoyos-Iruarrizaga et al. 
2017). Alternatively, information asymmetries between ventures’ insiders and out-
siders can be mitigated if the entrepreneurs show proof of the ventures’ track record 
(Officer et al. 2009). The longer the history of a venture is at the time of an external 
equity deal, the higher the probability for investors to find available information on 
that ventures’ business activities. Indeed, in previous works, scholars have used ven-
tures’ age as a measure of the extent of ex ante information asymmetry about ven-
tures’ activities and valuations (see Beatty 1989; Ritter 1991). Similarly, Diamond 
(1989) shows that older ventures present milder moral hazard problems and are 
rewarded by banks with lower interest rates compared to younger ventures, which 
still have no proof of good credit histories, regardless of their underlying quality.

Hence, we argue that the negative effect of AI ventures’ information asymmetry 
on the amount of capital invested by VCs should be more severe for younger ven-
tures compared to older ones. Therefore, we introduce the following hypothesis:

H2: The negative relationship between the amount of capital invested by VCs and 
the AI domain of the invested ventures is positively moderated by the invested 
venture’s stage of life.

A correct evaluation of AI ventures is crucial to identify investment opportunities 
that can generate sustainable, long-term value for investors. VCs with more experi-
ence can be advantaged both in mitigating the risks associated with the AI technol-
ogy and in providing a correct evaluation of how advancements of AI may affect the 
long-term growth prospects of their portfolio ventures.

VC investors collect crucial knowledge from previous investment experiences 
(see Dimov and Martin de Holan 2010; Gompers et  al. 2009). These experiences 
contribute to improving VCs’ screening and scouting abilities, provide more robust 
due diligence and corporate governance processes, leading them to target higher-
quality ventures to invest in (Sørensen 2007). The combination of technical exper-
tise, market knowledge, and risk management experience makes VCs better in 
capitalizing the potential of investment opportunities, while minimizing the risks 
associated with a new and rapidly evolving technological sector. VCs’ expertise 
and track records also influence the amount that VCs can invest in target ventures. 
Indeed, more experienced VCs and/or VCs with a higher reputation, which is related 
to the collective perception by stakeholders of the VCs’ abilities coming from their 
track records and investment successes (Pollock et  al. 2015), have better chances 
to raise more capital for new funds from limited partners compared to unexperi-
enced and/or non-reputable VCs (Gompers 1996). Hence, we argue that the negative 
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relationship between VC capital amount and investments in AI ventures should be 
less severe for experienced VCs compared to unexperienced ones. Therefore, we 
introduce the following hypothesis:

H3: The negative relationship between the amount of capital invested by VCs and 
the AI domain of the invested ventures is positively moderated by the investors’ 
previous experience.

Another important characteristic of VCs, which may impact the choice of 
ventures to invest in and the invested amount, is their specific knowledge of the 
sector they invest in. Investing in AI requires a comprehensive understanding of 
the underlying technology (OECD 2021)2, of the true potential of AI ventures 
and of the competitive dynamics and regulatory challenges of the AI industry. 
Considering the pace at which AI technology is continuously developing (Tang 
et  al. 2020), VCs need to adopt a proactive approach that combines a careful 
consideration of the AI industry landscape and competition dynamics with a 
focus on risk management, to correctly manage ethical, cyber, and regulatory 
risks. One of the biggest issues facing VCs investing in AI is, for example, the 
ability to evaluate the economic and financial viability of AI-related businesses. 
Valuations should be carefully done to separate ventures that have groundbreak-
ing technology from others that are simply riding the AI hype wave and would 
not offer interesting rewards to investors. Investors’ AI-specific knowledge 
allows VCs to mitigate such valuation risks.

Given the rapid pace of AI development and the uncertainty associated with AI 
technologies, VCs with AI-specific knowledge and skills will have a deeper under-
standing of the competitive dynamics of the AI industry, of the specific technologies 
that underpin it, of the evolving regulatory landscape, as well as of potential ethical 
and cyber security risks. This will lead them to perceive the AI domain as more 
rewarding compared to AI-unexperienced VCs, consequently increasing invested 
amounts in AI ventures. Taking into consideration these arguments, we introduce 
the following hypothesis:

H4: The negative relationship between the amount of capital invested by VCs and 
the AI domain of the invested ventures is positively moderated by the investors’ 
previous AI-specific experience.

In several countries, the AI regulatory landscape and the AI ecosystem are still 
in their infancy and are subject to changes as technology develops. As technology 
advances, security, privacy, and ethical concerns call for greater regulation of AI 
and for more developed infrastructures, which can affect the growth prospects of 
AI ventures and the related investment trends. As for many types of investors in 
the market, VCs also do not operate in a vacuum but into a specific institutional 

2 https:// www. oecd. org/ finan ce/ finan cial- marke ts/ Artifi cial- intel ligen ce- machi ne- learn ing- big- data- in- 
finan ce. pdf

https://www.oecd.org/finance/financial-markets/Artificial-intelligence-machine-learning-big-data-in-finance.pdf
https://www.oecd.org/finance/financial-markets/Artificial-intelligence-machine-learning-big-data-in-finance.pdf
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embedding, made of formal and informal norms enforced in the country setting 
they operate. Moreover, VCs are tempted to follow the market during boom peri-
ods (Gompers and Lerner 1999; Nanda and Rhodes-Kropf 2013), with a conse-
quent increase in the supply of VC in certain industries, which results in greater 
competition between investors and higher valuations for target ventures operat-
ing in these industries (Inderst and Müller 2004). We expect that VCs located in 
countries characterized by more vibrant AI activities will also be more prone to 
invest in ventures operating in the AI domain. In other words, we suggest that 
country-level characteristics may affect VC investments in AI firms. Hence, we 
introduce our last hypothesis:

H5: The negative relationship between the amount of capital invested by VCs and 
the AI domain of the invested ventures is positively moderated by the AI industry 
development degree of the country in which the venture operates.

3  Data and methods

3.1  Sample

We obtained the data used in this paper from Crunchbase, a unique database that 
captures worldwide information about VC investments in high-technology ven-
tures. For each portfolio venture, Crunchbase reports information on the date of 
each investment and on the investing VC firms. The database provides additional 
details on the ventures including the foundation year, the country of operation, a 
description of the industry in which the venture operates, the number of financing 
rounds received, the amount of money raised in each financing round and the type of 
funding received. The dataset also reports information on investors that can broadly 
be classified as individuals and financial organizations (e.g., VC and private equity 
firms). The present analysis is based on data that was obtained from Crunchbase in 
November 2019.

The initial dataset contains information on 437,747 deals related to 118,066 
ventures. We proceeded through several steps in the selection of the sample. 
First, we restricted the analysis to ventures financed by VCs, thus excluding indi-
vidual investors: we obtained 381,117 VC investments in 113,262 ventures. Then, 
we focused on ventures belonging to industries based on the application of the 
main digital technologies of the current wave, i.e., the ones collected under the 
Industry 4.0 domain. To classify Industry 4.0 ventures, we started from the cat-
egory variable retrieved from CrunchBase, indicating a description of the ven-
ture’s industry. Moreover, we complemented the business description reported in 
CrunchBase with the description provided by Orbis by Bureau van Dijk data-
base (for the ventures that we could find in Orbis, i.e., about 78% of our sample). 
We then looked into the ventures’ business descriptions for keywords belong-
ing to the lists that Martinelli et  al. (2021) used to identify the emergent pat-
terns of development of the technologies within the Industry 4.0 paradigm, i.e., 
Internet of Things, big data, cloud, robotics, artificial intelligence, and additive 
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manufacturing. We selected in this way 73,045 deals in 17,156 Industry 4.0 ven-
tures, corresponding to the 19% of our sample of VC investments. In order to 
capture differences between AI ventures and non-AI ventures, a dummy variable 
d_venture_AI has been added in the database. To identify AI ventures, we also 
followed Martinelli et al. (2021). In particular, we defined a venture as belong-
ing to the AI domain if in at least one of its business descriptions there was at 
least one of the keywords that Martinelli et al. (2021) used to identify the techno-
logical bases of AI. Deals in AI ventures are around the 38% of the total deals in 
Industry 4.0 ventures, accounting for 27,662 deals in 6575 AI ventures. Finally, 
we excluded observations for which we had missing data for the control vari-
ables used in our econometric model. The final sample consists of 7094 Industry 
4.0 ventures, involved in 14,598 VC investments. Out of these investments, the 
36% of the ventures belong to the AI domain, accounting for 5237 investments in 
2691 ventures.

We then performed a matching procedure to identify, out of the Industry 4.0 
non-AI ventures, a group of ventures that more closely resemble AI ones (i.e., the 
“treated” ventures) in terms of observable characteristics. AI ventures were matched 
through the coarsened exact matching (CEM) algorithm (Iacus et al. 2012) with the 
comparable non-AI ventures. CEM enforces a stronger control of the balancing of 
the matched sample because it matches directly on matching variables, rather than a 
combination of them (i.e., like the propensity score technique does). Moreover, for 
continuous variables, the balancing is not focused exclusively on the mean but on 
the entire variable distribution.

To run the matching, we used venture-year observations in which both AI 
ventures and non-AI ventures received their first VC investment. The set of pre-
treatment matching variables of the CEM are the venture’ age classes (identified 
by the four quartiles of the age variable distribution), investment year, country 
dummies, and industry dummies. These industry dummies are based on NACE 
Rev. 2 core code classification. Specifically, Software is equal to 1 if the ven-
ture belongs to the software industry class (NACE Rev. 2 classification at four-
digit equal to 5829, 5821, 6202, 6203, 6201, 6209, 6200, and 5820). Lifesci-
ence & Biotech is equal to 1 if the firm belongs to the life science or biotech 
industry (NACE Rev. 2 classification at four-digit equal to 7211, 8710, 7500, 
8622, 9604, 8610, 4646, 4774, 9609, 2120, 8690, 2110, 4773, 8790, 3250, 2100, 
8623, 8720, 2660, 8730, and 8621). High Tech Manufacturing is equal to 1 if 
the focal acquired venture belongs to a high-tech or medium-high-tech manu-
facturing industry, excluding software and biotech or life science, 0 otherwise, 
according to the Eurostat aggregation of manufacturing and services industries 
on the basis of their technology and knowledge intensity (based on the NACE 
Rev. 2 classification, see https:// ec. europa. eu/ euros tat/ cache/ metad ata/ Annex es/ 
htec_ esms_ an3. pdf). Similarly, High Knowledge Intensive Service is equal to 1 
for ventures operating in high-tech and knowledge-intensive service industries, 
excluding software and biotech or life science, 0 otherwise. Low Tech Manufac-
turing is equal to 1 if ventures are in a low-tech or medium-low-tech manufac-
turing industry, 0 otherwise. Low Knowledge Intensive Service is equal to 1 for 

https://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
https://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf
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ventures that operate in low-tech or low knowledge-intensive service industries, 
0 otherwise. The baseline in the estimates is given by other industries.

The CEM creates strata along all these dimensions and then keeps only obser-
vations that fall in strata in which there are both AI and non-AI ventures. In other 
words, the CEM guarantees the overlap of control group ventures and the group of 
AI ventures along all these dimensions simultaneously. The CEM discards 1% of 
non-AI ventures, leaving us with 7062 ventures for which we observe 14,450 financ-
ing rounds (out of which 2689 are AI ventures, involved in 5235 financing rounds). 
Last, we built a panel database of AI and matched non-AI ventures, in which all ven-
tures are observed yearly, between 2000 and 2019.

Table  1 reports the distribution of our samples (i.e., total sample and matched 
sample) in terms of foundation year, country of operation, industry (classified 
according to the same seven industry categories, see the following section for more 
details), and investment year.

Looking at the total sample, as we expected, 68.64% of ventures have been 
founded after 2011, coherently with the recent development of Industry 4.0 tech-
nologies. Almost 60% of the sample is composed by US ventures (58.69%), 19.12% 
are European ventures, almost 8% from UK while the remaining 14.40% is com-
posed especially by Canadian (3.17% of the total sample), Israeli (2.6%), Chinese 
(1.94%), Singapore (0.97%), and Australian (0.64%) ventures. Regarding industries, 
26.35% of the ventures operate in the software industry, 19.40% in the other high-
tech knowledge intensive industries, and 8.40% in low-tech knowledge intensive 
industries. The remaining ventures belong to high-tech and low-tech manufacturing 
industries (5.71%), life science and biotech (2.36%) and other industries like con-
struction, energy, and agriculture.

As to the investment year, 13.78% of financing rounds relate to investments made 
in the years before 2010, while the remaining investments are concentrated in the 
period from 2011 to 2019 (86.18%). This is driven by the fact that the Crunchbase 
coverage has increased over time.

To provide a more fine-grained classification of AI ventures, we assigned each of 
them to specific AI technological domains. To do this, we followed the classifica-
tion of AI technological domains developed by the European Commission (EU)’s 
Joint Research Centre (Samoili et  al. 2020). In order to provide a more detailed 
description of the distribution of our ventures according to the Industry 4.0 classifi-
cation and the AI sub-domains, we report in Table 2 the composition of our sample. 
Regarding the Industry 4.0 classification, our sample is composed by AI ventures 
(38.08%), ventures operating within the Big Data domain (24.85%), Cloud Comput-
ing ventures (17.32%), Internet of Things ventures (10.22%), ventures in the Robot-
ics industry (7.76%), and ventures doing 3D Printing (1.77%). Focusing on the AI 
ventures, we resorted to the EU classification, which includes the following macro-
domains: Reasoning, Planning, Learning, Communication, Perception, Integration 
and Interaction, Services, Ethics and Philosophy. The 91.78% of the AI ventures in 
our sample belongs to the Services AI subdomain. This subdomain refers to technol-
ogies developed in the form of infrastructures, software, and platforms and provided 
as applications, which can be executed on demand and stored in the cloud (e.g., 
cognitive computing, ML frameworks, bots, and virtual assistants, etc.). The 7.14% 
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belongs to the Ethics AI subdomain, referring to technologies aimed at advancing 
technological compliance with ethical principles and values such as users’ safety, 
security, and privacy. The remaining 1.08% of AI ventures is distributed homogene-
ously among the remaining categories3.

Table 1  Distribution of the sample by foundation year, country, and investment year

Matched sample – unit of 
observation: investment 
deals

Matched sample – unit of 
observation: ventures

N % N %

Foundation year < = 2000 942 6.52% 470 6.65%
2001–2005 1215 8.41% 506 7.17%
2006–2010 3124 21.62% 1239 17.54%
2011–2015 7032 48.66% 3433 48.61%
2016–2019 2137 14.79% 1414 20.03%
Total 14,450 100.00% 7062 100.00%

Geographic area USA 9317 64.48% 4145 58.69%
Europe 2251 15.58% 1350 19.12%
UK 1018 7.48% 550 7.79%
Other 1864 12.46% 1017 14.40%
Total 14,450 100.00% 7062 100.00%
High Tech Manufacturing 678 4.70% 319 4.52%
High Knowledge Intensive 

Services
2693 18.64% 1370 19.40%

Low Tech Manufacturing 151 1.04% 84 1.19%
Industry Low Knowledge Intensive 

Services
1141 7.90% 593 8.40%

Lifescience & Biotech 313 2.17% 167 2.36%
Software 3792 26.24% 1861 26.35%
Other 5682 39.31% 2668 37.77%
Total 14,450 100.00% 7062 100.00%

Investment year <= 2000 116 0.80%
2001–2005 467 3.23%
2006–2010 1409 9.75%
2011–2015 5318 36.80%
2016–2019 7140 49.42%
Total 14,450 100.00%

3 Since our sample is not balanced according to the different AI categories, we cannot explore differ-
ences by disentangling among the different sub-domains. However, if we compare AI ventures belong-
ing to the Services sub-domain (i.e., the most populated one) with AI ventures operating in the other 
subdomains, we find no statistical difference in terms of amount raised, VC experience (both general and 
AI-specific), venture age, venture stage, and number of VC investors participating in a focal round. The 
results of these tests, unreported in the paper for the sake of brevity, are available from the authors upon 
request.
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4  Empirical analysis

4.1  Variables

Table 3 reports the description of the variables used in the empirical analysis. The 
dependent variable used in our baseline econometric model is deal_raised_amount, 
measured as the amount of financing in USD (in natural log) a venture received in 
the focal round. The main independent variable testing H1 is the dummy d_ven-
ture_AI. This dummy takes the value of 1 if the venture involved in the deal is in the 
AI domain, and 0 otherwise.

As to the venture-level variables, used to test H2, we included: (i) venture_age 
indicating the age of the venture in the year of the investment or (ii) venture stage of 
financing, with the dummy d_venture_late_stage, which takes the value of 1 if the 
venture is in growth or late stage at the time of investment, i.e., received the financ-
ing at least 3 years after its foundation, and 0 otherwise4.

As to the VC experience variables used to test H3, we considered a “general” 
investment experience given by the (natural logarithm of the) cumulated number of 
investments done by lead VC(s) up to the year before the focal investment year (VC_
exp). In order to test H4, we measured a “specialized” experience in AI ventures 
given by the cumulated number of investments in AI ventures done by lead VC(s) up 

Table 2  Distribution of the sample by Industry 4.0 classification and AI sub-domains

Matched sample – unit of 
observation: investment deals

Matched sample – unit 
of observation: ventures

N % N %

Industry 4.0 categories AI 5235 36.23% 2689 38.08%
Big Data 3727 25.79% 1755 24.85%
Cloud Computing 2823 19.54% 1223 17.32%
Internet of Things 1383 9.57% 722 10.22%
Robotics 1028 7.11% 548 7.76%
3D Printing 254 1.76% 125 1.77%
Total 14,450 100.00% 7062 100.00%

AI sub-domains Services 4762 90.96% 2468 91.78%
Ethics 2251 15.58% 192 7.14%
Learning 422 8.06% 12 0.45%
Integration-Interaction 13 0.25% 7 0.26%
Communication 7 0.13% 6 0.22%
Perception 6 0.11% 4 0.15%
Total 5235 100.00% 2689 100.00%

4 Our results are robust to the use of alternative measures for the d_venture_late_stage (i.e., taking as 
threshold to distinguish early from late stage ventures respectively 2, 4, and 5  years after foundation, 
instead of 3 years).
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to the year before the focal investment year (VC_AI_exp). As a robustness check, in 
order to proxy for specialized experience, we also resorted to the percentage of AI 
investments on total investments done by lead VC(s) up to the year before the focal 
investment year (VC_AI_exp_perc) as to take into account a size effect that may 

Table 3  Description of the variables

deal_raised_amount raised amount in USD (in log) in the focal round
d_venture_AI dummy equal to 1 if the investee venture is in the AI domain, 0 otherwise
venture_age venture age in the investment year
d_venture_late_stage dummy equal to 1 if the invested venture is in the growth or late stage at the 

time of the investment (i.e. received the financing at least three years after 
its foundation), 0 otherwise

BVC_lead dummy equal to 1 if the lead investor is a BVC, 0 otherwise
CVC_lead dummy equal to 1 if the lead investor is a CVC, 0 otherwise
GVC_lead dummy equal to 1 if the lead investor is a GVC, 0 otherwise
Other_VC_lead dummy equal to 1 if the lead investor is other VC type, 0 otherwise
VC_age (average) age of the lead investor(s) at investment year
VC_count Natural logarithm of the number of VC investors coinvesting in the venture in 

the focal VC round.
VC_exp_IPO VC experience (IPO), i.e. (max) cumulated number of successful exit (IPO or 

M&A) done by ventures backed by lead VC(s) up to investment year-1
VC_exp VC experience (n. investments), i.e. (max) cumulated number of investments 

done by lead VC(s) (in log in the models) up to investment year-1
VC_AI_exp VC experience in AI, i.e. (max) cumulated number of investments in AI ven-

tures done by lead VC(s) up to investment year-1
VC_AI_exp_perc VC experience in AI as percentage of cumulated number of investments in AI 

ventures done by lead VC(s) up to investment year-1 over total investments
d_high_VC_AI_exp dummy equal to 1 if the percentage of AI investments on total investments 

done by lead VC(s) up to the year before the focal investment year is higher 
than the median of the variable distribution in the sample, 0 otherwise

country_gdppercapita GDP per capita at the investment year of the country in which the venture is 
located

country_gdpgrowth GDP growth at the investment year of the country in which the venture is 
located

d_AI_development dummy equal to 1 if the number of AI patents filed in the year before the 
investment in the venture’s country is higher than the median of the variable 
distribution in the sample, or if the percentage of funding amount in AI 
ventures over the total funding amount in the year before the investment in 
the venture’s country is higher than the median of the variable distribution 
in the sample; 0 otherwise

d_AI_development_high dummy equal to 1 if the number of AI patents filed in the year before the 
investment in the venture’s country is higher than the third quartile of the 
variable distribution in the sample, or if the percentage of funding amount 
in AI ventures over the total funding amount in the year before the invest-
ment in the venture’s country is higher than the third quartile of the variable 
distribution in the sample; 0 otherwise

venture_size total assets of the invested venture in the year before the focal investment year, 
or in the year of the focal investment year for ventures founded in the same 
year in which they received their first VC round
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influence our results. Finally, we also defined a dummy (d_high_VC_AI_exp) equal 
to 1 if the percentage of AI investments on total investments done by lead VC(s) up 
to the year before the focal investment year is higher than the median of the variable 
distribution in the sample.

As to the investor-level variables, we controlled for investors’ typology (disen-
tangling through different dummies between Independent VCs, Bank-affiliated VCs, 
Corporate VCs, Governmental VCs and other types of investors, containing e.g. 
University affiliated VCs, angels, incubators and accelerators) and for the VC age 
of the lead investor in the round, using the variable VC_age measured as the average 
age in case of multiple lead VCs in the same deal. We also controlled for VC_count, 
a variable measured as the natural logarithm of the total number of VC investors 
participating in a focal investment. We included GDP per capita (country_gdpper-
capita) and GDP growth (gdpgrowth) in order to control for the wealth of a country. 
We also controlled for the ventures’ industry of operation, including the industry 
dummies.

Finally, in order to test H5, we measured the country’s orientation to the AI 
industry. In more detail, we resorted to a multi-item AI-development factor variable. 
This variable is computed considering two aspects for every dyad country-invest-
ment year: the percentage of funding amount in AI ventures over the total funding 
amount in the year before the investment, and the number of AI patents filed in the 
focal country in the year before the investment. These measures have been standard-
ized by transforming them into z-scores and then normalizing the scores within each 
year on a 100-point scale, to make their scaling comparable. We then defined two 
dummies proxying the country orientation to the AI industry. In particular, d_AI_
development is equal to 1 if the multi-item AI-development factor variable is higher 
than the median of the variable distribution in the sample. d_AI_development_high 
is equal to 1 if the multi-item AI-development factor is higher than the third quartile 
of the variable distribution in the sample. This second dummy has the aim of identi-
fying the countries with the highest degree of development in AI technologies. Our 
econometric model also includes country, industry, and year fixed effects.

4.2  Descriptive statistics

Tables  4 and 5 report the correlation matrix and the descriptive statistics of the 
dependent, independent, and control variables. The correlations are generally low, 
so multi-collinearity is unlikely to be an issue. We also checked the Variance Infla-
tion Factor (VIF) and found that all VIFs were well below the commonly agreed 
upon threshold of 5 (Belsey et al., 2005).5

As to the descriptive statistics reported in Table  5, it is interesting to discuss 
some preliminary evidence based on the comparison between AI and non-AI ven-
tures. According to our results, AI ventures raised a significantly lower amount of 
VC financing than non-AI VC-backed ventures, both in a focal round and over all 

5 The results of these tests are available from the authors upon request.
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the rounds received during their life, this providing a preliminary confirmation to 
our H1. The difference is significant in economic terms since the average amount 
raised in a financing round is 14.2 million USD in AI ventures versus 16.7 million € 
for non-AI ones.

AI ventures receive financing rounds coinvested by higher number of investors 
and are, on average, 1 year younger at the time of financing, in earlier stages of their 
lifecycle, and receive money from younger VCs. AI ventures also seem to be smaller 
than non-AI ones, although the difference of the means of total assets between AI 
and non-AI ventures is not significant (p = 0.1330). As to the typology of VC, AI 
ventures have a higher probability to be backed by governmental VCs (GVC) and 
higher probability to receive financing from other types of VCs (i.e., other than 
bank-affiliated VCs (BVCs) or corporate VCs (CVCs)) than non-AI ventures. In 
terms of expertise, AI ventures seem to be backed by more experienced VCs what-
ever the proxy used to measure investor experience.

As to the characteristics of the countries in which AI ventures are located, results 
indicate that these ventures operate in countries characterized by higher GDP growth 
and higher AI development level.

This preliminary evidence provided by univariate analysis will be tested and 
enriched in the multivariate analysis described in the following section (Section 4.3) 
Tables 6, 7, 8, 9, 10 and 11.

4.3  Results

The results of OLS estimates (with matched sample, robust standard errors and clus-
tered observations) are illustrated in Tables 6, 8 and 10 (in Tables 7, 9 and 11 we 
report the marginal effects). In particular, in Table 6 we include venture’s charac-
teristics to test H1 and H2, in Table 8 we include proxies of investor’s experience to 
test H3 and H4, while in Table 10 we include country-level controls for the degree 
of AI development to test H5.

Model 1 in Table 6 includes only controls as baseline. The higher the number of 
investors coinvesting in the focal round, the higher the amount invested, as suggested 
by the positive and statistically significant coefficient of VC_count. Moreover, we 
find that ventures invested by at least one BVC lead investor receive more funding 
compared to ventures invested by IVC investors (baseline). The same is valid for 
CVC lead investors, while the opposite occurs for ventures invested by GVCs or 
other types of investors. Older VCs seem to invest higher funding amounts as indi-
cated by the positive and significant coefficient of VC_age: a one standard deviation 
increase in the age of the lead investor, corresponding to 15.35 years, results in a 
51% increase in the funding amount. The other control variables are not significant 
at conventional confidence levels.

In Model 2, we add to the regression the dummy d_venture_AI, to test H1 pre-
dicting that the amount of capital invested in a VC deal is lower when the invested 
venture operates in the AI domain. The coefficient of the d_venture_AI variable 
is negative and significant (p < 0.01). More in details, according to our estimates, 
AI ventures obtain 25.1% less funding amount compared to non-AI ventures. This 
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evidence supports the view that AI ventures are subject to more information asym-
metry than non-AI ones, which results in a more limited capital invested per deal. 
This confirms our hypothesis H1.

To test our hypothesis H2, we turn our attention to the estimates displayed in 
Models 3 and 4 in which we resort to two different proxies of venture stage of life, 
i.e., age and stage of the invested venture. In particular, H2 predicts that the negative 
relationship between the amount of capital invested by VCs and the AI domain of 
the invested ventures is positively moderated by the invested venture’s stage of life. 
As to the direct effect of venture_age, in Model 3, we find that older ventures (i.e., 
ventures with a higher age at the time of the investment) enjoy significantly higher 
funding amounts. In particular, looking at the marginal effects, a one standard devia-
tion increase of the venture age (corresponding to 3.77 years) results in an increase 
of the raised amount at the investment equal to about 112%. As to the interaction 
between d_venture_AI and venture_age, we find confirmation to H1, since the inter-
action coefficient is positive and significant (p < 0.01). Specifically, the (negative) 
average marginal effect of d_venture_AI is reduced when venture_age increases. 
Looking at the marginal effect (shown in Table  7), we find that AI ventures are 
associated with a 20.52% reduction in the raised amount compared to non-AI ones 
at venture_age equal to 1 (1st quartile of venture_age distribution). This reduction 
decreases to 14.48% at venture_age equal to 3 years (median of venture_age distri-
bution). At venture_age equal to 5 years (3rd quartile of venture_age distribution), 
the difference between the raised amount of AI and non-AI ventures becomes not 
significant. These marginal effects are significantly different from each other at p < 
0.05. Similarly, in Model 4 the interaction between d_venture_AI and the variable 
d_venture_late_stage has a positive and significant coefficient (p < 0.01), and the 
(negative) average marginal effect of d_venture_AI is reduced and becomes positive, 
although non-significant, when d_venture_late_stage is equal to 1 (from – 17.37% 
to 3.13%). These marginal effects are significantly different from each other at p < 
0.01. Hence, H2 is confirmed.

Table 7  Average marginal 
effects of models reported in 
Table 6

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

Average marginal effects

venture_age Model 3
  1. venture_age at 1st quartile – 0.230***

(0.048)
  2. venture_age at median – 0.156***

(0.036)
  3. venture_age at  3rd quartile – 0.083*

(0.044)
d_venture_late_stage Model 4
  1. d_venture_late_stage at 0 – 0.191***

(0.044)
  2. d_venture_late_stage at 1 0.031

(0.054)
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To test our hypotheses H3 and H4, we refer to the models reported in Table 8. 
H3 and H4, respectively, predict that the negative relationship between the amount 
of capital invested in a VC deal and AI domain of the invested venture is positively 
moderated by the investors’ generic and AI-specific previous experience. In Model 
5, we added the variable VC_exp, as a measure of the generic previous experience 
of lead investors, and its interaction with the dummy d_venture_AI. We find that the 
average marginal effect of VC_exp is positive and significant (p < 0.01). In other 
words, if VC_exp increases by 10%, the raised amount increases by about 0.4%. 
Interestingly, the interaction between d_venture_AI and the variable VC_exp has a 
positive and significant coefficient (p < 0.01). Looking at marginal effect (shown 
in Table 9), we found that AI ventures are associated to a 17.24% reduction in the 
raised amount compared to non-AI ones at VC_exp equal to 2.14 (corresponding 
to 8.49 investments, i.e., the 1st quartile of VC_exp distribution). This reduction 
decreases to 13.03% at VC_exp equal to 3.58 (corresponding to 35.87 investments 
as in the median of VC_exp). Finally, at VC_exp equal to 4.84 (125.21 investments, 
i.e., 3rd quartile of VC_exp distribution), AI ventures are associated to a 9.17% 
reduction in the raised amount compared to non-AI ones. These marginal effects are 
significantly different from each other at p < 0.05. Thus, these results confirm H3.

Similarly, in Model 6 we added to the regression the variable VC_AI_exp, as 
a measure of the previous experience of lead investors investing in other AI ven-
tures, and its interaction with the dummy d_venture_AI. We see that the interaction 
between d_venture_AI and the variable VC_AI_exp has a positive and significant 
coefficient (p < 0.01). Moreover, Table 9 shows that AI ventures are associated to 
a 13.56% reduction in the raised amount compared to non-AI ones at VC_AI_exp 
equal to 0 (1st quartile of VC_AI_exp distribution). This reduction decreases to 
11.29% at VC_AI_exp equal to 1 (95th percentile of VC_AI_exp distribution). 
Finally, at VC_AI_exp equal to 10 (99th percentile of VC_AI_exp distribution), the 
difference between the raised amount of AI and non-AI ventures becomes not signif-
icant. These marginal effects are significantly different from each other at p < 0.01.

Thus, H4 can also be confirmed. We checked the robustness of this result by sub-
stituting VC_AI_exp with the alternative measures for investors’ AI experience, 
namely VC_AI_exp_perc, i.e., the percentage of AI investments on total investments 
done by lead VC(s) up to the year before the focal investment year (Model 7), and the 
dummy d_high_VC_AI_exp, equal to 1 if the percentage of AI investments on total 
investments done by lead VC(s) up to the year before the focal investment year is 
higher than the median of the variable distribution in the sample (Model 8). Although 
our results are not confirmed by Model 7, they are consistent in Model 8. This can be 
due to the fact that VC_AI_exp_perc is highly skewed, with both median and third 
quartile equal to 0, hence the dummy is a more suitable functional form.

Finally, H5 predicted that the negative relationship between the amount of capital 
invested by VC and the AI domain of the invested ventures is positively moderated 
by the AI industry development in the country in which the ventures operate. To 
test this hypothesis, we included in Model 9 (Table 10) the dummy d_AI_develop-
ment, indicating whether the country of the invested venture has high AI-develop-
ment in the year before the deal, and its interaction with d_venture_AI. The average 
marginal effect of d_AI_development is positive but not significantly different from 
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0 (p = 0.100), meaning that country AI development per se is weakly related to 
higher raised amount in VC deals. The coefficient of the interaction term is posi-
tive but not significant (p = 0.261), therefore the (negative) marginal effect (shown 
in Table 11) of d_venture_AI is not significantly reduced when d_AI_development 
goes from 0 to 1. Looking at the most AI-oriented countries, captured by the dummy 
d_AI_development_high, results reported in Model 10 (Table 10) indicate that the 
average marginal effect of d_AI_development_high is positive but still not signifi-
cantly different from 0 (p = 0.176). However, the coefficient of the interaction term 
is positive and significant (p < 0.05). Table 11 shows that the (negative) marginal 
effect of d_venture_AI is significantly reduced from – 20.19% to – 9.08% when d_
AI_development goes from 0 to 1. These marginal effects are significantly different 
from each other at p < 0.05. This suggests that being located in a country with high 

Table 9  Average marginal 
effects of models reported in 
Table 8

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

Average 
marginal 
effects

VC_exp Model 5
  1. VC_exp at  1st quartile –0.189***

(0.043)
  2. VC_exp at median –0.139***

(0.036)
  3. VC_exp at  3rd quartile –0.096**

(0.041)
VC_AI_exp Model 6
  1. VC_AI_exp at  1st percentile –0.145***

(0.036)
  2. VC_AI_exp at  95th percentile –0.120***

(0.036)
  3. VC_AI_exp at  99th percentile 0.114

(0.082)
VC_AI_exp_perc Model 7
  1. VC_AI_exp_perc at  1st percentile –0.139***

(0.036)
  2. VC_AI_exp_perc at  95th percentile –0.130***

(0.037)
  3. VC_AI_exp_perc at  99th percentile –0.064

(0.120)
d_high_VC_AI_exp Model 8
  1. d_high_VC_AI_exp at 0 –0.138***

(0.037)
  2. d_high_VC_AI_exp at 1 0.056

(0.114)
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Table 10  Determinants of round investment amounts (country AI development)

*** p < .01, ** p < .05, * p < .1

deal_raised amount Model 9 Model 10

Coef. Std. error Coef. Std. error

d_venture_AI – 0.222** (0.076) – 0.226*** (0.052)
venture_age 0.128*** (0.008) 0.128*** (0.008)
VC_age 0.024*** (0.002) 0.024*** (0.002)
VC_count 0.753*** (0.030) 0.752*** (0.030)
BVC_lead 0.381** (0.150) 0.383** (0.150)
CVC_lead 0.597*** (0.066) 0.598*** (0.067)
GVC_lead – 1.981*** (0.219) – 1.983*** (0.219)
Other_VC_lead – 0.459** (0.080) – 0.457** (0.080)
d_AI_development 0.111 (0.078)
d_venture_AI#d_AI_development 0.093 (0.083)
d_AI_development_high 0.069 (0.065)
d_venture_AI#d_AI_development_high 0.130** (0.061)
country_gdppercapita 0.000 (0.000) 0.000 (0.000)
country_gdpgrowth 0.006 (0.024) – 0.004 (0.024)
Years fixed effects YES YES
Country fixed effects YES YES
Industry fixed effects YES YES
Constant 15.143*** (0.636) 15.199*** (0.634)
N 14,450 14,450
R-squared 0.454 0.454

Table 11  Average marginal 
effects of models reported in 
Table 10

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

Average marginal effects

d_AI_development Model 9
  1. d_AI_development at 0 – 0.222***

(0.076)
  3. d_AI_development at 1 – 0.129***

(0.039)
d_AI_development_high Model 10
  1. d_AI_development_high at 0 – 0.226***

(0.052)
  2. d_AI_development_high at 1 – 0.095**

(0.043)
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AI development actually reduces (without deleting) the negative difference between 
amount raised by AI ventures compared to non-AI ones. This provides support to 
H56.

5  Conclusions

With this article, we contribute to the literature on VC financing by providing novel 
quantitative evidence on the determinants of VC invested amounts, with a focus on 
the AI industry. Indeed, we know little about the extent to which AI ventures receive 
VC financing and how this works in concert with investor experience, country or 
invested ventures’ characteristics. The purpose of the research was to examine if AI 
ventures receive more or less funding from VCs than non-AI ventures, and under-
stand whether and to what extent this relationship is moderated by venture-level, 
country-level, and investor-level factors.

We found that in general, in a VC deal, AI ventures raise less capital than non-AI 
ventures. This evidence is in line with the idea that AI ventures are subject to more 
information asymmetries, regulatory risks, competitive challenges, and ethical/pri-
vacy concerns than non-AI ones, which results in a more limited capital invested 
per deal. However, we found that the negative relationship between the amount of 
capital invested by VCs and the AI domain of the invested ventures is moderated 
by the venture’s age and stage, and by investors’ AI-specific and general previous 
investment experience. On the one hand, information asymmetries between ven-
tures’ insiders and outsiders can be mitigated if ventures’ age increases (Officer et al. 
2009). Older invested ventures have a higher probability to disclose more informa-
tion to external equity investors at the moment of a deal. As to investor-level char-
acteristics, in general, experienced VCs are better in mitigating the risks associated 
with the AI technology and in providing a correct evaluation of potential ventures. 

6 Finally, we run several robustness checks. First, we inserted among the controls the variable venture_
size. Adding this variable reduced our dataset to 2205 observations out of our total sample of 14,450 
observations. The variable venture_size is measured as the total assets of the invested venture in the year 
of the focal investment year for ventures founded in the same year in which they received their first VC 
round, or in the year after. Total assets data were obtained from the Orbis database managed by Bureau 
van Dijk. The results of these models, not reported in the text for the sake of brevity but available from 
the authors upon request, do not show significant differences with our main models. The lower signifi-
cance of coefficients is due to the drastically reduced number of observations. Second, we replicated our 
estimates measuring venture size by resorting to two different proxies: (i) the total number of employees 
and (ii) the sales of the ventures. Both measures are considered in the year before the receipt of VC 
financing or in the year of investment for ventures financed at foundation. Similar to what happens with 
the inclusion of total assets, adding these two variables as controls significantly reduces our sample to 
1902 and 1597 observations, respectively, for number of employees and sales. These estimates, confirm-
ing our results, are not shown in the test for the sake of brevity but are available from the authors upon 
request. Third, we ran our models focusing on first-round investments only (i.e., those in which a given 
venture receives financing for the first time) since follow-on investment decisions are qualitatively differ-
ent from initial investment decisions (Podolny 2001). This filter reduced our dataset to 6840 first invest-
ments (38.2% of which obtained by 2618 AI ventures). Again, these estimates (not reported in the text 
for the sake of brevity but available from the authors upon request) confirm our results.
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Moreover, VCs that developed AI-specific track-records show better technical exper-
tise, market knowledge, and risk management practices to evaluate how advance-
ments of AI may affect the long-term growth prospects of their portfolio ventures. 
Finally, being located in a country with significantly high AI development reduces 
the negative difference between the amount raised by AI ventures compared to non-
AI ones.

Nevertheless, our study has some limitations that suggest avenues for future 
research. We argue that AI ventures face greater information asymmetries, which 
can lead to an investor discount and subsequently reduce the investment per deal. 
However, some venture characteristics, such as intellectual property rights (e.g., pat-
ents), could impact the amount funding ventures receive. Controlling for the amount 
of intangible assets was not possible in this study but this is a promising research 
opportunity for future research.

The data suggest a number of practitioner implications. While a non-detrimental 
number of opportunities potentially open up for both entrepreneurs and investors in 
the AI domain, the presence of information asymmetries, regulatory and competitive 
challenges, and the risk connected with the unpredictability of technological devel-
opments pose some limits in the financing dynamics. From an investor’s point of 
view, our results offer insights into both firm- and fund-level characteristics that can 
lower financing frictions in a sector characterized by high technological uncertainty. 
VCs should be less concerned about investments in AI ventures when developing 
greater generic investment experience and specific AI industry know-how. Our 
results are also conducive to the idea that the potential opportunities for entrepre-
neurs are broad and the funding amounts higher if they enter into a relationship with 
specialized VCs. Entrepreneurs need to be aware that financing amounts might be 
lower than expected unless their ventures scale-up and fall into more mature stages 
of development. Although we suggest VC managers should consider more carefully 
the value that interacting with AI ventures may introduce, especially if they are in 
their later stages, we also caution AI entrepreneurs about selecting VC investors 
without considering their experience and specific knowledge in AI.

Our results also provide concrete implications for policy. As AI is unfolding as 
a technology, there is a pressing need for policymakers to develop initiatives that 
can enhance the development and application of AI technologies. However, poli-
cymakers should be aware that the introduction of policies that can alleviate fric-
tions between investors and AI ventures could set the boundaries to generate more 
relevant funding opportunities for AI firms and enable the technological power of 
AI to unfold its potential. Public policies have in fact been documented to have the 
potential to spur VC activity in specific sectors that are crucial for the economic and 
technological development of an area. How could these policies play a role without 
creating new barriers for entrepreneurs and negatively affecting the development and 
spreading of AI? Which policies should be implemented to increase VCs’ interested 
in AI ventures? It would be interesting to examine the intersection between govern-
ment programs, enforcement of regulations and VC activity in the AI sector. An 
additional promising domain for future research regards the examination of the evo-
lution of VC financing in AI across different geographic areas: does it help to cre-
ate greater investment opportunities when cross-border investments are considered? 
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Which are the characteristics of the business environment (if any) that favor inves-
tors–investee relationships in this domain? The challenges ahead are significant, and 
the increasing number of resources devoted by VCs to AI indicates that this financ-
ing domain is a burgeoning area to explore and further evidence is warranted.
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