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One of the most important questions in the entrepreneurship literature relates to the sources of
entrepreneurial ideas. While Schumpeter and other earlier writers depicted entrepreneurs as heroic figures
whose emergence was seemingly impossible to predict, modern scholars have sought to systematically
explore the settings in which successful entrepreneurial ideas emerge. Among the channels highlighted
in the literature has been the presence of an entrepreneurial tradition in a given location (Glaeser, Kerr,
and Kerr 2015), the influence of peers during one’s education (Lerner and Malmendier 2013) or in the
workplace (Nanda and Sgrensen 2010; Wallskog 2025), and the extent of the individual’s own prior
entrepreneurial experience (e.g., Gompers et al. 2010; Lafontaine and Shaw 2016; Brandt et al. 2024).
These issues are not only of academic interest but also loom large in policy circles, as governments across
the globe seek to encourage the formation of entrepreneurial clusters.

One channel of entrepreneurial learning that has received far less attention, however, is the impact
of experience as an investor. Contemporaneous venture groups such as Bessemer and Venrock are
reminders that the wealthy (in these two cases, the Phipps and Rockefeller families) have long been
sources of venture capital (VC) and that entrepreneurs themselves have often served as critical funders
of other entrepreneurs, whether through funds or direct investments. Over time, the boundaries between
investors and entrepreneurs have become increasingly blurred: capital is no longer provided exclusively
by institutional venture groups, but also by angel groups, crowdfunding, and “super angel” venture
funds (Bernstein, Korteweg, and Laws 2017; Lerner et al. 2018; Wallmeroth, Wirtz, and Groh 2018;
Hellmann, Schure, and Vo 2021). Meanwhile, venture capitalists are increasingly turning to high-net-worth
individuals, who have already been important capital providers,' as vital sources of fund capital. This
trend is likely to accelerate in the coming years, particularly given recent policy initiatives to encourage
such investments (Trump 2025).

It is natural to see such exposure as a source of entrepreneurial learning. One could readily imagine
that individuals exploit financial intermediaries to learn about new opportunities and refine their initial
ideas, much as Ma (2020) has argued that corporate venture investors do. Indeed, history is rife with cases

where entrepreneurs have seemingly learned about opportunities from their investing activities, dating

!For example, RBC Wealth Management’s North America Family Office report for 2024 finds that 83% of North American
family offices hold private equity investments, and among these, 79% (66% of the total sample) invest in VC, which is the most
frequently represented private equity strategy (Campden Wealth 2024).



at least as far back as Jakob Fugger the Rich’s equity-linked loans to silver miners in the Salzburger
Schieferalpen region during the late 15th century, which helped inspire his subsequent launch of mining
operations across Bohemia, Hungary, and Tyrol (Héberlein 2012). To this day, fundraisers tout these
benefits: for instance, AngelList (2025, n.p.) encourages capital from qualified investors by arguing
that, “Aside from returns, benefits to becoming an LP [investing in VC funds] might include... access to
information ... [and an] expanded network.”

In this paper, we study how being a limited partner (LP) in a VC fund affects an individual investor’s
subsequent entrepreneurial activity. Why focus on individual LPs? These high-net-worth individuals
have already committed significant capital in VC funds, which implies that personal financing constraints
are relatively muted. This allows us to ask whether exposure to VC causally shifts subsequent entry and
venture quality through learning. This setting has a distinctive feature: the relationship between LPs
and general partners (GPs) provides repeated, structured exposure to sector analysis, due diligence, and
postinvestment governance—an environment particularly conducive to knowledge transfer and learning.
While this is certainly not the only setting where we might expect knowledge transmission from investing,
it is one where there are knowledgeable intermediaries that might facilitate learning, as opposed to settings
such as crowdfunding.

It might be thought that identifying how investing in VC affects individual LPs would be empirically
challenging. There are limited systematic data on the LPs of VC funds in the United States and many
other nations, particularly when looking beyond the subset of public pension funds that have mandated
disclosures. Moreover, comprehensive information about these LPs’ entrepreneurial activities is often
lacking, especially for the subset of firms that are not venture-backed.

We overcome this challenge by focusing on China, the second-largest venture market in the world and
one with intense investor and policy interest (Cong et al. 2020; Huang and Tian 2020). We assemble a
unique data set that covers all firm creation and domestic VC activity in China. It combines the proprietary
administrative business registry data (from the State Administration for Industry and Commerce, or SAIC)
with the VC fundraising and investment records from Zero2IPO and the Asset Management Association
of China (AMAC). Our data contain the entirety of firm creation activities, the shareholders of these firms,

VC equity investments, and the names and financial commitments of all LPs from 1999 to 2018. The



new, detailed data have rarely been used in previous entrepreneurial finance studies, with the exceptions
including Fei (2018) on the crowd-in effect of government programs on VC investments, Li (2022) on
the role of government VC across business cycles, and Colonnelli, Li, and Liu (2024) on private firms’
aversion to VC investors with government ties.> This data set’s availability can potentially expand the
research agenda about LPs in VC funds.

Another challenge is to address the endogeneity of the individuals’ decisions to invest in venture funds.
An individual might become interested in biotechnology, and before launching a new venture, invest in
such a startup. But the two decisions need not bear a causal relationship. To address the interpretive
challenge, we exploit two institutional features of the Chinese market. First, an aspiring fund has to
register at the SAIC and obtain regulatory approval before it can launch in the market and make venture
investments. There exist many “zombie” funds that registered at the SAIC and obtained the necessary
approvals but failed to launch. This provides us with a group of control funds that failed to reach the
market.

Second, many funds rely on corporations as key investors. When anchor corporate investors, typically
one or multiple corporate LPs committing the largest share of capital in a fund, experience distress in a
period prior to the formal approval of the funds’ registration (but after they agreed to contribute capital),
they are likely to default upon capital calls once the fund seeks to commence operations. These funds are
unlikely to be launched. This allows us to construct a variable to predict funds’ launch failures that is
relatively exogenous to individual LPs’ characteristics.

Our empirical investigation starts by comparing the entrepreneurial outcomes of individual LPs in VC
funds that successfully launched to those of individual LPs in funds that failed to launch. Then we use the
fraction of committed capital from anchor corporate LPs that encounter industry distress in the months
before the fund’s approval at the SAIC as an instrument for the fund’s failure to launch. The economic
rationale behind the instrumental variable (IV) is that if more commitments come from a fund’s anchor
corporate LPs that experience financial distress, it is more likely that these anchor corporate LPs will be

unable to fulfill their financial obligations, hence leading to the failure of the fund to launch.

2The SAIC registration data have been recently used in a few other settings, including research on the impact of state
ownership (Bai et al. 2020; Allen et al. 2021), firm creation (Bai et al. 2021; Barwick et al. 2022; Brandt et al. 2024), interregional
investments (Shi et al. 2021), share pledging (He, Liu, and Zhu 2022), and patient capital (Li, Liu, and Xu 2026). In a recent
survey article, Chen (2023) discusses the data used in VC research in China.



We worry that poorer-quality entrepreneurs might invest in funds backed by worse-managed corpora-
tions, which may introduce undesired heterogeneity. We thus only look at the component of financial
distress that is unrelated to firm management. In particular, we define whether an anchor corporate
LP is in distress by examining its industry’s stock returns in the 6 months prior to the approval of its
SAIC registration. If those returns sharply underperform other industries, we define the corporate LP
as being in distress. The main identification assumption is that the industry conditions experienced by
anchor corporate LPs in the 6 months prior to the approval of a fund’s registration affect individual LPs’
entrepreneurial activities only through whether the VC fund is successfully launched or not.

Using an IV approach, we first document a significant link between investing in a VC fund and
individual LPs’ entrepreneurial outcomes. After becoming an LP of a successfully launched VC fund, the
average number of new ventures started by the individual LP per year will increase by about 0.37, which
implies that on average an individual LP will create one more startup in about 2.7 years after investing in a
successfully launched VC fund, relative to their counterparts in the failed-to-launch funds. The result also
holds if we employ as a dependent variable the total number of ventures launched after becoming an LP.

We then examine the new ventures created by individual LPs. We compare the characteristics of
ventures created after investing in a VC fund (new ventures) to those created prior to investing in VC (old
ventures). We find that about 30% of new ventures are in high-tech industries, as opposed to only about
19% of the old ventures. The new ventures are especially more likely to be in high-tech service (rather
than high-tech manufacturing or non-high-tech) industries, an area more popular with venture investors.
We find that new ventures on average file more patents within 2 years after being founded compared to the
old ones within the same period among individual LPs in the successfully launched funds relative to those
in the failed-to-launch funds. We also observe that new ventures have more online job postings within 2
years of their formation, indicating their stronger growth. These findings suggest that the entrepreneurial
spillover effect could potentially have a positive social impact.

What channels explain the presence of entrepreneurial spillovers to individual LPs? A learning
channel is a natural candidate, as LPs gain access to superior information about VCs’ portfolio companies
and broader entrepreneurial ecosystem. However, other channels—including a financial constraints

channel, a network channel, or a discouragement channel—could also explain the pattern. For example,



substantial financial returns from VC investments could alleviate financial constraints that often hinder
entrepreneurship (e.g., Paulson, Townsend, and Karaivanov 2006; Adelino, Schoar, and Severino 2015),
thereby encouraging new firm creation. Similarly, interactions with GPs might expand LPs’ connections
with the VC world and facilitate financing for their own startups (e.g., Hochberg, Ljungqvist, and Lu
2007; Gompers et al. 2020), hence incentivizing more firm creation. Alternatively, differences between
LPs in launched and failed-to-launch funds might reflect discouragement effects; that is, individual LPs
investing in funds that ultimately fail may reduce their entrepreneurial efforts, but not due to the positive
spillover from investing in successfully launched funds.

Our results strongly support the learning channel. We find that individual LPs’ new ventures, relative
to their old ones, share greater similarity in industry and patent classifications with the portfolio companies
of the VCs they invest in. The entrepreneurial spillover effect is particularly pronounced for LPs investing
in funds managed by “higher-quality” GPs and for first-time LPs, again patterns consistent with learning.
We also conducted an online survey among potential VC investors in China, and the results provide
additional field evidence supporting the learning channel.

In contrast, we find little evidence supporting the financial constraints, network, or discouragement
channels. LPs’ entrepreneurship does not increase after investing in funds with successful exits, nor do
their new ventures receive more VC financing from connected GPs. Furthermore, LPs investing in failed-
to-launch funds do not exhibit a significant decline in subsequent entrepreneurial activity. Collectively,
these results indicate that the primary driver of entrepreneurial spillovers is learning by investing, rather
than changes in financing conditions, network access, or psychological responses to fund outcomes.

We address various challenges to our identification strategy. One concern is that an anchor corporate
LP’s industry may overlap with an individual LP’s existing firms within the same fund, meaning both
could be directly affected by the same industry shock. To mitigate this issue, we exclude all LP-fund
observations in which an individual LP’s prior ventures operate in the same industry as any corporate LP
in that fund. A second concern is that industry booms or busts could directly affect the financial conditions
of LPs’ existing firms, changing their incentives to start new firms. Our main results continue to hold
after excluding individual LPs whose existing firms were in boom or bust industries at the time of the

fund’s registration approval. A third concern is that industry booms might independently reveal attractive



investment opportunities to LPs, prompting LPs to start more ventures in those industries. To address this,
we conduct a robustness test by excluding new ventures in booming industries, and our main results still
hold. Finally, we analyze other potential concerns related to the matching between corporate LPs and
GPs, the persistence of industry distress, and survival bias among GPs whose funds failed to launch and

find that none materially affect our conclusions.

Contribution to the literature. This paper contributes to several strands of literature. The first is the
literature on entrepreneurial decision making, particularly the determinants of entrepreneurial entry, as
discussed in the first paragraph. A complementary stream of work highlights how risk preferences and
nondiversifiable background risk shape selection into entrepreneurship (Kihlstrom and Laffont 1979;
Hall and Woodward 2010), how liquidity and household wealth constrain entry (Evans and Jovanovic
1989; Hurst and Lusardi 2004), and how financial constraints and changes in credit supply impact
entrepreneurship (Black and Strahan 2002; Kerr and Nanda 2009; Hombert et al. 2020). Relatedly, recent
studies examine how entrepreneurs absorb information and feedback from angels, VCs, and venture
competitions to reduce the uncertainty in entrepreneurship (Howell 2021; Sariri Khayatzadeh 2021).
Our paper adds to the literature by investigating a new mechanism through which entrepreneurs learn.
Specifically, they strategically exploit financial intermediaries to “test the water” and pivot their new
ventures to more innovative industries, extending the entrepreneurial spillover lens beyond peers and
place and informing policy debates on how to encourage dynamic entrepreneurial clusters.

Second, our paper is related to the literature on the roles of entrepreneurs and investors in financial
markets. Previous studies largely treat entrepreneurs and investors as distinct, while in actuality, their
identities overlap quite often. Gompers and Mukharlyamov (2022) find that transitions from startup
founder to venture capitalist are quite common in the market, and successful founder-VCs enjoy a higher
investment success rate compared to professional VCs. Even among institutions, LPs sometimes play
different roles across market segments. Chernenko, Lerner, and Zeng (2021) study the recent trend
of open-end mutual funds investing in private venture-backed firms. Unlike these papers, we show a
transition from the market role of investor to that of entrepreneur. This transition sheds light on the
feedback effect across participants in the financial market and highlights the complementary experience

and skills from investing in financial assets and entrepreneurship.



Finally, this paper speaks to the literature on the spillover effects of financial intermediaries. Prior
work has shown that VCs facilitate exchanges of information and innovation resources among their
portfolio companies (e.g., Lerner 1995; Lindsey 2008; Gonzalez-Uribe 2020; Li, Liu, and Taylor 2023;
Eldar and Grennan 2024), corporate VC induces technological spillovers from invested startups to parent
firms (e.g., Siegel, Siegel, and MacMillan 1988; Gompers, Lerner, and Scharfstein 2005; Chemmanur,
Loutskina, and Tian 2014; Ma 2020), banks use their VC arms to forge relationship and complement their
lending business (Hellmann, Lindsey, and Puri 2008), VCs learn from their own past investments when
making their current investment decisions (Sorensen 2008), and entrepreneurial spillovers from corporate
R&D flow to their employees (e.g., Hellmann 2007; Babina and Howell 2024). In contrast, this paper
adds to our understanding of how potential entrepreneurs learn. It uncovers that the individual LPs, who
are traditionally deemed as “passive” investors, proactively start new ventures after being exposed to VC

investments.

1. Data and Institutional Details

1.1 VCdata

We construct a novel data set covering comprehensive records of VC fundraising, investments, and
performance from 1999 to 2018 in China. The main data in our analysis come from the Business
Registration Data (BRD), which are sourced from the administrative business registry at the SAIC in
China. The BRD cover virtually all firms founded in China, as every company must register and obtain
a commercial license from the SAIC before formally launching their operations. One advantage of the
BRD is that all firms’ shareholders are reported when firms file their registrations. This implies that all
funds’ LPs (which are regarded as “shareholders” of the funds) are also documented in the data for VC
funds that registered with the SAIC.

In addition to the information on firms’ registered capital and the respective ownership of their
shareholders, the BRD allow us to observe firms’ names, their four-digit Standard Industrial Classification

(SIC) codes,? their locations (street address, district, prefecture-level city, province, and zip code), their

3All SIC codes and industry classifications follow the guidance issued by the Standardization Administration of the People’s
Republic of China in 2017.



incorporation types, and the date the firms obtained their SAIC registration approval.

To obtain a complete list of VC funds and firms, we employ the commercial VC data set Zero2IPO and
a hand-collected VC list from the AMAC. Rather than exclusively using the Zero2IPO data, which focus
more on larger and foreign GPs, the combination with the AMAC data allows better coverage on domestic
VC funds and firms in China. We combine the BRD with the Zero2IPO and AMAC data to identify
portfolio companies in which VCs are shareholders. The data on VCs’ portfolio company exits (e.g.,
M&A or IPO) come from Zero2IPO. We supplement our data with other company performance measures,
including companies’ patent data from the China National Intellectual Property Administration (CNIPA)
and online job postings collected from three of the largest recruitment platforms in China. The patents
included in the sample are those filed and eventually awarded in China by the CNIPA between 1999 and
2021. Following the literature, we focus on the most valuable awards (invention patents), rather than
utility or design patents. For each patent, we observe its applicant’s name, application date, grant date, and
classification codes. We match patents to companies based on the applicant or owner’s names and remove
the duplicated entries. In our data, we observe patenting in a large range of firms, not concentrating in a
few firms. The job postings data span the years 2014 to 2021 and are sourced from three major online
recruitment platforms in China: 51job, Liepin, and Zhaopin. These data include all posted vacancies
along with details such as job titles, number of openings, and eligibility requirements. In Section A of the
Internet Appendix, we discuss our sample construction process in detail.

We limit the sample in some ways to avoid potentially confounding cases. In our analysis, we exclude
VC funds with registered capital less than 1 million RMB (about $144,800) or more than 4 billion RMB
(about $579 million). For any funds with registered capital less than 1 million RMB, we are concerned that
these are not typical VC funds focusing on equity investments in high-tech industries. For large funds with
registered capital more than 4 billion RMB, we believe these are overwhelmingly either fund-of-funds
or government-led VC funds, in which individual LPs would be unlikely to play an active role. These
cutoffs, and those reported below, are adjusted to 2019 RMB using GDP deflators.

To construct a complete set of individual LPs investing in VC, we identify two types of individual in-
vestors. The first group includes individuals who directly committed capital to VC funds and are explicitly

listed as “shareholders” in the SAIC registration records. The second group comprises individuals who



invest indirectly through financial vehicles.* The reason we penetrate the ownership structure of financial
vehicles to identify individual LPs is that some individual investors prefer forming a “shell” financial
company to invest in VC funds due to regulatory or tax reasons. To ensure that the investors in our sample
have meaningful exposure to the VC market, we require an individual LP to commit at least 10,000 RMB
(about $1,448) to a fund. This filter helps exclude inconsequential or symbolic investments, though our
main results remain robust even without this filter. The RMB 10,000 threshold is the minimum inclusion
rule, not representative of typical commitments. Typically, these investors are individual, high-net-worth
LPs who commit personal capital to VC funds, not managers from large institutional LPs who coinvest in

VC (e.g., Chief Investment Officers of pensions or endowments).

1.2 Entrepreneurship records

To track the entrepreneurial outcomes of individual LPs, we construct a comprehensive data set that
traces the business ownership history of each investor. Each individual’s venture ownership history is also
sourced from the BRD. Following He, Liu, and Zhu (2022), we define entrepreneurs as shareholders of
another nonfinancial company with at least a 5% ownership stake. We require the nonfinancial company to
have an initial registered capital between 200,000 RMB (about $29,000) and 200 million RMB (about $29
million). Imposing a lower bound on firms’ registered capital excludes consulting/marketing businesses
of individual LPs that could potentially be auxiliary companies to their main businesses. The upper bound
helps us avoid huge public-private partnerships in the infrastructure and finance industries.’> Though we
use 5% as the cutoff in the baseline analysis, we show in Figure [A.1 of the Internet Appendix that our
main results are robust to using alternative thresholds, including 10%, 20%, 33%, and 50%.

One potential concern in identifying entrepreneurs is the possibility that some shareholders may not

“Financial vehicles in the paper are defined as financial business entities whose four-digit industry code is 6740, 6760, 6900,
7212, or 7299. These industry codes cover the majority of nonbank financial vehicles in China.

>Though the new version of the Company Law of the People’s Republic of China removed the requirement in 2014, the old
version imposed a minimum registered capital amount on newly established firms across industries, which was in effect for most
of our sample period. Based on the minimum registered capital requirement in the Company Law, our lower bound (200,000
RMB) only excludes a few types of firms in the consulting industry, including management consulting, trademark office, firm
registration agency, market research agency, certification agency, etc. We think it is reasonable to exclude them as they might be
auxiliary firms to individual LPs’ main businesses. The upper bound (200 million RMB) only excludes a few types of firms
in finance and telecommunications infrastructure industries, including insurance, banking, mobile networks, satellites, cable,
etc. These businesses are largely controlled by the government. Individual LPs could only participate through public-private
partnerships, which are very different from the typical entrepreneurship discussed in the literature.



be genuine founders or actively involved in venture operations, but instead act as passive or “casual”
investors. To address this concern, throughout the analysis, we exclude any shareholders who hold less
than 20% equity and do not occupy an executive position within the firm (e.g., CEO, CFO, manager,
board chair). This criterion helps ensure that we are capturing individuals with substantive ownership and
managerial involvement in their ventures. The 20% equity threshold is guided by evidence from Ewens,
Nanda, and Stanton (2024), which documents that startup founders and CEOs typically retain between 5%
and 20% of equity across different stages of early-stage fundraising.

A related concern is the potential misclassification of prolific angel investors as entrepreneurs. To
address this, we exclude individuals who hold equity in five or more startup companies, each with a stake
below 25%. This filter helps differentiate between hands-on founders and those primarily engaged in
broad-based, small-scale startup investing.

Finally, to strengthen identification and mitigate potential confounding effects, we impose an additional
restriction. Specifically, we exclude any individual LP whose prior ventures, that is, companies founded
before investing in a VC fund, operate in the same four-digit SIC industry as any corporate LP invested in
that fund. This restriction removes 2,194 LP-fund observations and ensures that the focal individual LP is
not simultaneously exposed to the same sector-specific shocks as corporate LPs, thereby helping isolate
the mechanisms of interest. We provide a detailed discussion of this restriction and its implications in

Section 4.2.

1.3 Summary statistics

Our analysis focuses on a final sample of 57,328 individuals who committed capital to 18,867 VC
funds that obtained the SAIC approval between 1999 and 2018. Of these, 7,474 funds successfully
launched and made portfolio company investments, while 11,393 funds failed to launch. We define a VC
fund as having failed to launch if it does not make any portfolio company investments within 1 year after
its registration is approved by the SAIC. This definition reflects the reality that most VC funds in China
identify target investments prior to registration with the SAIC and typically make their first capital call
within just a few months of receiving approval.

Figure 1 exhibits the aggregate trend of individual LPs’ investments across years. Both the total

10



investment amounts and total number of funds invested in by individual LPs take off in 2009 and reach
their peaks around 2015 and 2016. For instance, the total commitments by individual LPs in 2015 were
about 108.4 billion RMB (equivalent to $15.7 billion) in the successfully launched funds. In the sample,
individual LPs on average committed about 42% of a fund’s capital.® Each fund has around four individual
LPs on average, each of which invested about 8.8 million RMB (equivalent to $1.28 million), as shown in
panel A of Table 1. These tabulations indicate that individual LPs are a significant funding source in the
Chinese venture market. This result echoes recent trends in mature venture markets: A recent report from
Boston Consulting Group estimates that global individual investors are expected to increase their capital
commitments to private equity funds (including VC, buyout, and other private capital funds) at an annual
growth rate of 18.8% by 2025, reaching a total of $1.2 trillion, with 52% of this amount coming from

individual investors in North America (Zakrzewski et al. 2022).
[Insert Figure 1 about here]

Figure 1 also indicates a drop in individual LPs’ investment activity in 2018. The crash, which was felt
in Chinese venture fundraising as a whole, was mainly driven by the issuance of a new Chinese regulation
in April 2018, “Guiding Opinions on Regulating the Asset Management Business of Financial Institutions.”
This new regulation was a precursor of the Chinese government’s tightened regulatory scrutiny over
technology industries, including the crackdown on Internet giants and the online tutoring sector in 2021.
These regulatory changes altered the perception of high-tech ventures, reducing entrepreneurs’ incentives
to start new firms. To address the concern that this (and subsequent) regulation might contaminate our
documented effects, we exclude any observations after 2018 in our main analysis sample.’

Among all individual LPs in the sample, 40.7% of them go on to launch new ventures after making
their VC investments. Among them, nearly 80% had already founded at least one company prior to

becoming an LP. For those with entrepreneurial experience before entering VC, the average interval

between the incorporation of their first company and their initial investment as an LP is 9.1 years.

OThis ratio is not equal to the total amount invested by individual LPs in a fund (37.255 million) divided by the fund size
(122.918 million) since individual LPs are relatively concentrated in smaller-size funds. So, when we average the total percent of
capital invested by individual LPs across funds, it is higher than the ratio of the mean of total amount invested by individual LPs
within a fund to the mean fund size.

7In another robustness test, we exclude observations in which individual LPs invested in VC during the financial crisis
(December 2007 to June 2009) and the 2015 Chinese Stock Market Crash (Bian et al. 2022). The results are reported in Table
IA.1.

11



These individual LPs founded 133,181 companies in total in the sample, 95,426 of which were
established before or in the year when they first invested in a VC fund and 37,755 of which were new
ventures created after becoming an LP. To eliminate cases of coinvestment in VCs’ portfolio companies,
we exclude companies backed simultaneously by a VC fund and its individual LPs.

As for the background of individual LPs, Figure 2 shows the top 10 industries of their existing firms
before investing in any successfully launched VC funds. They are spread across wholesale/retail, manu-
facturing, R&D, leasing/commercial service, real estate, I'T/software, construction, sports/entertainment,
finance, and resident services.® For individuals owning businesses in multiple industries, we only consider
the industry in which they invested the most capital. In terms of the average invested amount per individual,
LPs from the real estate and finance industries commit significantly more capital to funds: around 50%

higher than LPs from other industries.
[Insert Figure 2 about here]

Regarding the demographic information of individual LPs, we use their first names to predict their
gender, based on the 2010 Chinese census data. For a given name, we compute the probability of being a
female in the subsample of individuals sharing the same name in the census data. If the probability is
greater than 0.5, we define the gender of an individual investor as female. Based on our calculation, we
find that only 24.8% of these individual LPs are females.

Comparing funds that failed to launch with those that successfully launched, panel A of Table 1 shows
that successfully launched funds are substantially larger on average (164.2 vs. 95.8 million RMB) and
attract more individual LPs (4.76 vs. 3.87), though they rely less on them for capital (37.0% vs. 45.9%).
At the individual LP level (panel B), investors in successfully launched funds are more likely to start new
ventures after investing in any VC (43.3% vs. 38.0%) and less likely to be female (22.7% vs. 26.9%).
They also tend to invest in slightly more funds and commit somewhat larger amounts on average. At the
LP-fund level (panel C), individuals contribute a smaller share of total capital in successfully launched

funds (7.8% vs. 11.9%) and somewhat lower absolute amounts (8.31 vs. 9.24 million RMB). Importantly,

8Here we use the one-digit SIC code to define industries. For example, the industry of resident services includes the
provision of residential care combined with either nursing, supervisory, or other types of care required by the residents and
the repair and maintenance of computers, peripheral equipment, communications equipment and consumer electronics, home
and garden equipment, and other personal and household goods. The industry of R&D includes the activities of basic research,
applied research, experimental development, and the provision of other professional scientific and technical services.
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individual LPs in successfully launched funds have stronger entrepreneurial track records, having started
more ventures overall (2.53 vs. 2.30), with higher counts both before becoming LPs (1.78 vs. 1.69) and

afterward (0.75 vs. 0.61).

[Insert Table 1 about here]

2. Entrepreneurial Spillovers

2.1 Empirical strategy

We wish to examine the consequences of VC investments by individual LPs on their decision to begin
new businesses. But a naive analysis of this question might pose a number of interpretative issues.

In particular, directly estimating ordinary least squares (OLS) regressions might introduce bias due
to endogeneity. For instance, an individual less interested in starting a new venture personally might
be more willing to allocate their wealth to financial investments, including VC. As a consequence, the
choice to invest in VC could be associated with a lower desire to create new ventures because of the
inherent characteristics of the individual investor, which is difficult to control for in OLS regressions.
More generally, investors who chose not to invest in VC could be fundamentally different from individual
LPs.

To overcome this concern, we adopt an empirical design similar to Seru (2014) and Bernstein (2015).
We narrow the focus to individuals who aspired to become LPs in venture funds. In particular, we compare
the entrepreneurial activity of individual LPs in funds that eventually launched with potential LPs in funds

that failed to launch. Figure 3 illustrates our empirical design.
[Insert Figure 3 about here]

All domestic VC funds must register at the SAIC before making the first capital call and launching
investments in the market. The general process of VC fund registration in China is as follows: When
VC firms decide to raise a fund, they reach out to potential LPs, who then respond with their tentative
commitments. After reaching the fundraising goal, VC firms then register the fund and list those potential

LPs at the SAIC and AMAC. However, these commitments are subject to change due to LPs’ idiosyncratic
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situations. As a result, not all funds whose registrations are approved launch successfully, as some LPs
might be unable or unwilling to meet capital calls. For instance, the unexpected introduction of “Guiding
Opinions on Regulating the Asset Management Business of Financial Institutions” in April 2018 stopped
bank LPs from deploying capital into the VC market, even if they had already made capital commitments.

We compare the entrepreneurial activities of individual LPs in VC funds that successfully launched to
individual LPs in funds that received registration approvals from the SAIC but ultimately failed to launch.
We use a cross-sectional specification as follows:

Y?*" = ot + BLaunched VC;+ Controls;j; + W + & + €js, (1)

ijt

post
where Y] it

is the average number of ventures per year (or the total number of ventures) created by
individual LP i after investing in VC fund j that received its SAIC registration approval in year ¢,
Launched VC; is an indicator of whether VC fund j was successfully launched, u; is the GP (VC firm)
fixed effects,” and &, is the fund registration year fixed effects. In the regression, we include LP i’s
gender, the total number of firms that LP i has started before investing in VC j, an indicator of whether
LP i has invested in any other VC funds previously, the natural logarithm of fund j’s size, the ratio of
LP i’s committed capital to the total raised capital of fund j, and the proportion of committed capital
from all corporate LPs in fund j as control variables. To address the mechanical overweighting of funds
with a larger number of individual LPs in the regression, we apply weighted least squares, where each
observation is assigned a weight equal to the inverse of the number of individual LPs in the fund. This
weighting scheme ensures an equal contribution of each fund to the estimation, irrespective of its LP base
size.

Whether a VC fund launches successfully, however, is not entirely exogenous. If the launch outcome

is related to VCs’ unobserved features or individual LPs’ inherent characteristics, then 8 might be biased.

Therefore, we instrument for the launch success of a VC fund with the portion of total committed capital

9We include GP fixed effects to control for time-invariant attributes of GPs that could otherwise confound the relationship
between fund launch and LP outcomes. With u; included, identification comes from within-GP comparisons across the same
GP’s different funds or vintages, some of which successfully launch and others that do not. Intuitively, the coefficient is identified
from GPs that have at least one fund that fails to launch and at least one fund that does launch, as well as from LPs differentially
exposed to those funds. We view this within-GP design as a strength, as it mitigates concerns about endogenous GP-LP matching
and ensures comparisons are made among LPs investing with the same GP.
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from the fund’s anchor corporate LPs that encounter industry distress. The portion is based on the share
of total committed capital of the fund, not just the corporate LP share. Our instrument exploits the theory
of signaling role of anchor LPs in attracting follow-on commitments (e.g., Gompers and Lerner 1999 and
Cole et al. 2020) and coordination frictions between LPs (e.g., Nanda and Rhodes-Kropf 2019).

A typical VC fund raises capital from dozens of different LPs, including wealthy individuals and
families, large institutional investors, and corporations (Gompers and Lerner 2004). Not all of these LP
investments are created equal-—some investors contribute substantially more capital than others. The LP
that makes the biggest commitment to a VC fund, or, in some cases, multiple LPs, is referred to as the
anchor investor, or anchor check, a concept widely discussed in the practitioner literature (e.g., Dowd
2025). More recently, Bhardwaj et al. (2025) highlight the frequent role of university endowments as
anchor investors in VC funds. During fundraising, anchor investors typically play a pivotal certifying
role, and their financial health can be instrumental to make or break a new fund’s launch. If an anchor LP
unexpectedly falters for exogenous reasons, the resulting capital shortfall is rarely filled in time, often
causing the fund to fail before operations begin. For instance, Weifang Mingcai Investment LLP was
a VC fund that obtained its registration approval from the SAIC in November 2017, with 79.8% of its
committed capital from an anchor corporate LP, Zhaotong Yulong Construction Company. The 6-month
average stock return of the real estate construction industry, in which Zhaotong Yulong is operating,
was —22% between May and November 2017, underperforming most industries. Consistent with our
hypothesis, this fund never launched operations. During the industry downturn, an anchor corporate LP
would be less likely to provide capital to Weifang Mingcai, leading to a failure to launch.

Thus, we hypothesize that a VC fund with a higher share of committed capital from an anchor
corporate LP that experiences negative shocks during the fund registration process is more likely to fail
to launch. Figure 4 illustrates how we construct the I'V. Specifically, we create an instrument for the
endogenous variable Launched VC in Equation (1) as follows. For each fund j, we identify the anchor LP,
defined as the LP contributing the largest portion of total committed capital within the fund. If multiple
LPs contribute equally, we designate all of them as anchor LPs. Let 4 j; denote the fraction of capital
committed by anchor LP k. Our IV is set equal to committed capital fraction from the anchor LP if the LP

is a corporate LP that experienced financial distress at the time the fund is registered.
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[Insert Figure 4 about here]

A corporate LP k is considered financially distressed at time ¢ (the fund’s registration date) if the past
6-month stock return of its assigned industry (at the two-digit SIC code level) relative to the A-share
market index falls within the bottom quintile among all industries (again at the two-digit SIC code level)
at time 7.'% If the anchor LP is not a corporate entity, or if its industry return does not fall within the
bottom quintile, we assign the instrument a value of zero. In cases where multiple anchor corporate LPs
contribute equal shares and are simultaneously distressed, we aggregate their capital shares to compute
the I'V.

We use the industry- instead of firm-level stock returns since we believe it is a component of financial
distress that is unrelated to firm management. Firm-level stock returns might introduce undesired
heterogeneity, as lower-ability entrepreneurs might invest alongside worse companies. Therefore, given a
fund obtaining its SAIC registration approval at time ¢ (in months), we compute stock returns between
t — 6 and ¢ for all industries (at the two-digit SIC code level) and identify the bottom quintile of industries
as the distressed ones. This period roughly corresponds to the gap between filing of registration with the
SAIC and the registration approval (2nd and 3rd bars in Figure 3).

Our IV construction shares a similar flavor of the shift-share design (e.g., Adao, Kolesér, and Morales
2019). In the analysis sample, as reported in panel A of Table 1, the mean value of the IV is 0.028. This
average is statistically significantly higher for failed-to-launch funds (0.031) compared with successfully
launched funds (0.025), consistent with the relevance condition that funds with higher IV values are more
likely to fail to launch. Conditional on a fund having at least one anchor corporate investor as an LP,
anchor corporate LPs on average contribute about 42% of its total capital. For a fund having at least one
anchor corporate LP in a distressed industry, on average the distressed anchor corporate LPs contribute
about 43% of the fund’s capital. In total, there are 1,234 funds containing distressed anchor corporate LPs
out of 18,867 funds, and 4,437 individual LPs among these funds out of 57,328 individual LPs.!! While

1,234 funds with a positive IV represents only 6.5% of funds, the variation exploited by our instrument is

10The corporate LPs that encountered industry distress come from various industries. The two-digit industries in the sample
most frequently encountering distress include Commercial Services (72), Wholesale Trade (51), Science and Technology
Promotion and Application (75), Capital Markets Services (67), and Software and Information Technology Services (65).

U The number of individual LPs in the regression sample is different that of Table | because individual LPs with missing
control variables and IVs are dropped from Table 1.
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much richer than the simple 6.5% figure suggests. The instrument is defined as the share of committed
capital coming from distressed anchor corporate LPs, which varies widely across funds—from very small
fractions to cases where nearly all capital comes from distressed anchor corporate LPs. In addition, funds
without distressed anchor corporate LPs effectively provide identifying contrast (instrument value = 0),
which is critical to the estimation.!?

Note that in constructing the IV, we use changes in industry stock returns observed prior to the
approval date of each fund’s SAIC registration (denoted as time ¢ in Figure 4). This timing is designed to
capture possible deterioration of anchor corporate LPs’ financial conditions during the period in which
they have already agreed to contribute capital to the fund (i.e., while the registration statement is being
prepared and the statement is being reviewed at the SAIC). The ideal time window for the IV construction,
following Bernstein (2015), would be stock returns observed between the start of the fund’s registration
preparation and the date of approval. Unfortunately, due to data limitations, we only have the information
on the SAIC registration approval date. We instead choose to examine a fixed time window of 6 months.

We believe that 6 months is a reasonable time window for two reasons. First, on average, it takes
approximately 3—5 months for a fund to complete its fundraising, followed by an additional 2—3 months
for SAIC approval. Second, although it might introduce some noise, as the industry distress shock might
hit before the fund begins the process of seeking SAIC approval, our relevance condition still holds: if an
industry shock hits during this 6-month window, anchor corporate LPs are less likely to fulfill their capital
commitments when the fund proceeds to make its first capital call after approval. One potential concern is
that industry distress identified in this window may simply reflect a continuation of an earlier slump, rather
than a new shock, so the industry shock does not precisely occur during the 6-month window we look into.
To address the concern, we conduct a robustness check by redefining distressed industries as those that
were in not in the bottom quintile during the preceding 6-month period (from ¢ — 12 and ¢ — 6) but entered
the bottom quintile between ¢ — 6 and ¢. As reported in Table [A.2 of the Internet Appendix, our main
results still hold. We focus primarily on the bottom quintile because it captures industries experiencing

severe financial challenges. In our sample, industries at the 20th percentile cutoff exhibit a mean return

12 Although compliers are not directly observable, we estimate the shares of compliers following Dahl, Kostgl, and Mogstad
(2014). We find that 12.5% of LPs are compliers, suggesting that a meaningful fraction of funds lie at the margin where anchor
corporate LP distress affects launch outcomes.
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of negative 22.11% and a median return of negative 16.53% during the 6-month window. As shown in
Figure IA.2 of the Internet Appendix, our results are also robust to alternative thresholds, including the

bottom 25th, 30th, and 50th percentiles.

post
Yij

Our main identifying assumption is that the instrument affects the outcome variable only through
its effects on funds’ launch outcomes. Why is the exclusion restriction plausibly satisfied? Our IV
test boils down to examining whether, conditional on investing in a VC fund, an individual LP is less
likely to start a venture if the fund they invested in has a significant fraction of capital coming from an
anchor corporate LP that experienced industry distress. We believe that the exclusion restriction plausibly
holds because the industry-specific stock returns in the 6 months prior to the fund approval are unlikely
to be correlated with unobserved shocks to individual LPs, including their entrepreneurial ability and
unobserved quality differences across firms that they are about to create.

A natural concern with our IV is whether industry distress shocks to anchor corporate LPs are truly
“unexpected” and exogenous from the perspective of VC funds and individual LPs. While industry returns
are public, the mechanism we exploit relies on liquidity shocks to anchor corporate LPs that occur in
the narrow window between LPs’ capital commitments and the SAIC’s approval of the fund. Once
soft commitments are registered, GPs have little room to resolicit or rebalance their LP base without
jeopardizing approval. Sharp negative industry returns in this short period can trigger unexpected cash-
flow needs at anchor corporate LPs, leading to defaults on capital calls. These liquidity shocks are hard
to predict ex ante and not easily diversifiable for GPs. From the perspective of individual LPs, detailed
information about the financial fragility of corporate LPs was not publicly available in our period, and
disclosure requirements were limited. Thus while SIC-level returns are observable, the timing and severity
of corporate withdrawals are plausibly exogenous to LP entrepreneurial behavior, supporting a valid
exclusion restriction.

Though it is not possible to directly test the exclusion restriction, Table [A.3 demonstrates that the
observable characteristics of individual LPs are highly comparable across funds with a high versus low
proportion of distressed anchor corporate LPs. The only noticeable difference is in gender composition,

with a slightly higher share of female LPs in high-IV funds. All other observable characteristics, including

capital allocation and investment amounts, are nearly identical across the two groups, with differences in
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means close to zero. Similarly, measures of entrepreneurial background—such as prior entrepreneurial
experience, number of ventures started before investing in VC, and the year gap between starting their first
venture and investing in a VC—do not differ meaningfully between the groups. Industry backgrounds are
also broadly balanced. Taken together, these results suggest that LPs investing in high-IV funds are not
systematically different from those investing in low-1V funds in terms of demographics, investment scale,
or entrepreneurial and industry experience. This provides assurance that our instrument is not driven by
underlying differences in LP characteristics.

Another potential concern is that industry booms (distress) independently predict individual LPs (not)
founding a startup in the industry. But this logic might not explain the gap between individual LPs of
the treated and control groups in their entrepreneurial outcomes because all investors should be equally
affected by the industry shock. We conduct more robustness checks to address other possible identification
challenges in Section 4.

At first glance, Equation (1) seems like a “difference-in-difference” (DiD) analysis. It is worth
highlighting that our specification is essentially a cross-sectional comparison, similar to Bernstein (2015),
examining differences in entrepreneurship between two groups of individual LPs after committing to
invest in VC funds. Recent critiques on staggered DiD analyses (e.g., Borusyak, Jaravel, and Spiess
2021; Callaway and Sant’ Anna 2021; Goodman-Bacon 2021; Sun and Abraham 2021; Athey and Imbens
2022; Baker, Larcker, and Wang 2022) are less relevant in our analyses, as our empirical specifications do
not involve dynamic timing issues commonly encountered with panel data. Furthermore, we conduct a
robustness check by excluding individual LPs with changing treatment statuses, such as those that first
invest in a failed fund (control group) and later invest in a successful fund (treated control), or vice versa.
Our main results still hold, as shown in Table 1A .4 in the Internet Appendix, which helps alleviate the

concerns about DiD analyses.

2.2 Empirical results

We first report our OLS regression results from Equation (1) in columns 1 and 2 of Table 2. Column 1
uses the total number of ventures created by individual LPs after committing to investing in a VC fund as

the dependent variable. Though it does not provide a causal interpretation, the estimate provides useful
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suggestive evidence. The coefficient on Launched VCj is positive and statistically significant at the 1%
level. After becoming an LP in a successfully launched VC fund, the individual investor starts a total of
0.035 more ventures relative to LPs who invested in funds that failed to launch. One potential issue is
that the dependent variable, total number of ventures, might suffer data truncation, as our sample ends
in 2018. To this end, in column 2 we instead use the average number of ventures created per year after
committing to invest in a VC fund as the dependent variable. The coefficient on Launched VC; remains
significantly positive, implying that individual LPs on average create 0.017 more ventures per year than
LPs who invested in funds that failed to launch. Section 4 shows that our results also hold using the Cox
proportional hazards model with panel data or using alternative dependent variables such as the number of
ventures created within 2 years after investing in VC. We prefer the cross-sectional linear model because
the Cox model does not easily accommodate fixed effects and the IV.

Our IV test is shown in columns 3 to 5 of Table 2. To have a valid IV, the relevance condition has to
be satisfied. Column 3 presents the first-stage regression result. The dependent variable is equal to one if
a VC fund is eventually launched and zero otherwise. In our setting, the first-stage relationship is strong:
We find that the coefficient on the portion of committed capital from anchor corporate LPs in distressed
industries equals —0.121 and is significant at the 1% level. This indicates that a 10% increase in committed
capital from anchor corporate LPs in distressed industries is associated with a 1.21% decrease in the
likelihood of a VC fund’s successful launch. A conservative version of the F-statistic, Kleibergen-Paap rk
Wald F-statistic, is equal to 15.67, much greater than the threshold of 10, strongly rejecting the null that

the instrument is a weak one (Stock and Yogo 2002). This supports the relevance condition for our I'V.
[Insert Table 2 about here]

Since the Stock-Yogo thresholds assume homoskedastic errors, we also report the effective F-statistic
of Olea and Pflueger (2013), which is valid under heteroskedasticity. The effective F-statistic in our
baseline specification is 15.29. While this falls below the stricter cutoff of 23 associated with a worst-case
10% bias (Olea and Pflueger 2013), it remains above the rule-of-thumb threshold of 10 often used in
applied work (e.g., Enikolopov, Makarin, and Petrova 2020 and Baum-Snow and Han 2024). Following
the guidance in Andrews, Stock, and Sun (2019), we interpret this as indicating that our instrument is

sufficiently strong and our IV estimates are unlikely to be affected by weak identification.
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Figure 5 exhibits the nonparametric relation (local polynomials) between the portion of committed
capital from anchor corporate LPs in distressed industries within a VC fund and the likelihood of a
successful fund launch. It shows a robust negative correlation. The probability of successful launch
drops from about 0.51 to 0.17 if the portion of total committed capital from corporate LPs in distressed
industries increases from 0.1 to 0.9, again strongly supporting the relevance condition of our I'V. To further
validate this relationship, Figure IA.3 in the Internet Appendix replicates the analysis using a subsample
restricted to funds with a strictly positive share of capital from anchor corporate LPs in distress (i.e.,

positive IVs). The estimated trend remains consistent, reinforcing the relevance condition of our IV.
[Insert Figure 5 about here]

Columns 4 and 5 report the second-stage results. Column 4 uses the total number of ventures created
after investing in a fund as the dependent variable. The coefficient on Launched VCj is significant at
the 5% level and equals 1.18, implying that after becoming an LP in a successfully launched fund, the
total number of newly created ventures by the individual LP on average increases by 1.18. Column 5
uses the average number of ventures created per year as the dependent variable. The coefficient on the
focal variable is significant at the 1% level and equals 0.367. This coefficient indicates that individual
investors on average start one more new venture in about 2.7 years (=1/0.367) after becoming LPs in
VC funds, relative to LPs in unsuccessfully launched funds. To have a better sense about the magnitude,
the mean rate of new venture formation in the analysis sample before an investor investing in any VC
is 0.111 venture per year, implying that an individual on average starts a new venture in about 9 years
before investing in VC. These results suggest strong positive entrepreneurial spillovers from VCs to their
individual LPs.

The economic magnitude of the entrepreneurial spillover after investing in VC funds documented
in the paper is nontrivial. Benchmarking to prior studies, Evans and Leighton (1989) use data from the
National Longitudinal Survey of Young Men for 1966—1981 and the Current Population Surveys for
1968-1987 and find that the annual entry rate of wage workers into self-employment is about 4%, implying
that an individual on average enters into self-employment in about 25 years (=1/0.04). Comparably, Nanda
and Sgrensen (2010) and Wallskog (2025) use Danish and U.S. data and find that a 1-standard-deviation

higher exposure to entrepreneurial coworkers predicts a 4% and an 8% higher likelihood of becoming an
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entrepreneur subsequently. Hombert et al. (2020) study the impact of unemployment insurance reform on
entrepreneurship in France and find that following the reform, the monthly number of newly created firms
increased by a significant 10% across all industries.

The magnitudes of our IV estimates exceed their OLS counterparts. This is consistent with the
interpretation that the IV estimates potentially capture a local average treatment effect among compliers,
that is, individual LPs investing in funds that only launch in the absence of anchor corporate LP financial
distress, which could be larger than the population average treatment effect (Jiang 2017). Why do these
compliers exhibit a larger sensitivity? First, the marginal funds in which compliers invest may be more
reliant on close GP-LP engagement or operate in more volatile or experimental spaces where learning
opportunities are richer. Since these funds are more fragile, they may require tighter collaboration between
GPs and LPs, leading to more intensive exposure to deal flow, due diligence processes, and strategic
discussions. This heightened engagement can amplify entrepreneurial learning spillovers for the individual
LPs involved. Second, compliers are, by construction, more sensitive to the availability of capital: they
invest in funds that might not have launched if the anchor corporate LP’s capital dried up. These individual
LPs may be more responsive to entrepreneurial exposure precisely because they lack alternative ways
to engage with the VC ecosystem. Their marginal participation may generate larger behavioral shifts in
entrepreneurship compared to individual LPs in more stable funds.

Another potential reason for the IV-OLS estimate gap may be measurement error in the regressor
Launched VC;, which would bias OLS coefficients toward zero through attenuation bias, while the IV
regressions can recover the true effect (Pancost and Schaller 2021). This measurement error stems from
the fact that launch status of a fund is not directly observed: we classify a fund as successfully launched
if it makes at least one venture investment within 1 year of SAIC approval, an industry-consistent but
imperfect proxy that may misclassify funds with delayed investments or minimal launch activity. As a
binary, proxy-based variable, Launched VC; is more prone to misclassification than other administrative
measures. This would blur the treatment-control distinction, especially in OLS regressions, whereas our
IV estimators help mitigate this concern by isolating exogenous variation in launch outcomes less affected

by such noise.
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2.3 What do the LPs’ newly created ventures look like?

Having established that LPs in successfully launched funds are more likely to start new ventures than
their counterparts, we now examine the nature of these newly created ventures. Specifically, we compare
companies founded by individual LPs before investing in a VC fund (“old ventures”) with those founded
afterwards (“new ventures”), focusing on differences between LPs in successfully launched funds and
those in failed-to-launch funds. We analyze several dimensions, including industry distribution, patenting
activity, and employment outcomes. Our findings indicate that newly created ventures are, on average,
more innovative, filing a greater number of patents and exhibiting stronger employment growth compared
to the old ventures founded by the same LPs.

First, we find that the new ventures are more likely to be in high-tech industries. To facilitate the
comparison, we focus on a subsample of ventures created by individual LPs in successfully launched VC
funds (treated group). We define high-tech industries according to the Classification Criteria published
by the National Bureau of Statistics of China in 2017 and 2018. High-tech industries are divided into

high-tech manufacturing and high-tech service industries.'3

As Figure 6 shows, the fraction of new
ventures being in high-tech industries is 29.9%, significantly higher than that among old ventures (18.8%).
This difference is mainly driven by the popularity of new ventures in the high-tech service rather than

high-tech manufacturing industries.

[Insert Figure 6 about here]

In addition, we find that the new ventures file more patents and employ more workers than their old
counterparts in the successfully launched funds relative to the failed-to-launch funds. Specifically, we

construct a sample of ventures created by LPs. The unit of observation is each venture of an individual LP.

13The high-tech manufacturing industries include pharmaceutical manufacturing, aviation, spacecraft and equipment manu-
facturing, electronic and communication equipment manufacturing, computer and office equipment manufacturing, medical
equipment and instrumentation manufacturing, and information chemical manufacturing. The high-tech service industries include
information services, e-commerce services, inspection and testing services, high-tech services in the professional technical
service industry, R&D and design services, scientific and technological achievements transformation services, intellectual
property and related legal services, environmental monitoring and governance services, and other high-tech services. In general,
VC investors in China and the United States favored funding high-tech services during the period under study.
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We modify our Equation (1) and use the following cross-sectional specification:

Viite =P1Launched VC x Post-LP venturej,; + BrLaunched VC+ B3Post-LP venture;y )

+ FEs + Control + €, ?
where V;ji; are the outcome variables for venture k, including (i) the total number of patents filed by
(and eventually awarded to) the firm/venture within 2 years of its formation and (ii) the total number of
online job postings within 2 years of formation. Launched VC| is defined the same as in Equation (1).
Post-LP venturej, is an indicator equal to one if venture k was created after individual LP i invested in any
fund at time 7. The coefficient of interest, i, captures the differential outcomes of new ventures (relative
to old ones) created by an individual LP in a successfully launched fund compared to those created by
LPs in a failed-to-launch fund.

Since all dependent variables are counts, we follow Cohn, Liu, and Wardlaw (2022) and estimate a
fixed-effects Poisson model to obtain consistent and efficient estimates. In the regression, in addition to
the control variables included in Table 2, we also account for characteristics of venture k, including its
size (measured by the log of registered capital), location, industry, founding year, and the LP’s ownership
stake in the venture. Similar to Equation (1), we control for the year in which the VC fund’s registration
was approved and include GP fixed effects. Finally, we further add industry and venture-founding year
fixed effects to capture sector-specific trends and policy changes that may influence patenting activity,
firm entry, or exit.

The results are reported in Table 3. Column 1 shows that new ventures created by LPs in successfully

launched funds tend to file more patents. On average, these new ventures file 107.1% (= %7278 —

1) more
patents within 2 years of founding than old ventures started by the same LPs, relative to ventures founded
by LPs in failed-to-launch funds. This pattern aligns with the prior evidence suggesting that new ventures
are more likely to operate in high-tech industries. Column 2 examines firms’ hiring outcomes within 2
years of founding. The positive and statistically significant coefficient indicates that new ventures created
by LPs in successfully launched funds exhibit stronger growth. Specifically, the estimated coefficient

0.2736 _

implies that these new ventures have 31.5% (= e 1) more online job postings than old ventures

founded by LPs, relative to those in failed-to-launch funds.
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[Insert Table 3 about here]

In summary, our findings suggest that the entrepreneurial spillover effect can have a potentially
positive impact on social welfare: After investing in VC funds, individual LPs tend to create more

ventures—particularly in high-tech industries—that file more patents and hire more workers.

3. Potential Channels

Our empirical findings reveal that individual LPs start more ventures after investing in a VC fund.
These newly created ventures tend to be high-tech firms and to file more patents. In this section, we
explore several potential explanations for the findings, including learning, financial constraints, and
networking. We find supporting evidence for the learning hypothesis but not for the financial constraints

or the network hypotheses.

3.1 Learning hypothesis

One potential channel to explain individual LPs’ entrepreneurial spillovers is the learning effect. In
addition to financial returns, investing in VC funds may enable LPs to interact with GPs and learn more
about entrepreneurial opportunities. We thus expect that the characteristics of newly created ventures
of entrepreneurs after becoming an LP should be influenced by portfolio companies. Indeed, we find
evidence supporting the learning hypothesis. Relative to the old ventures, the new ones more resemble
VCs’ portfolio companies in terms of the industry and technology fields.

First, we provide visual evidence that the industry distribution of new ventures is closer to that of VCs’
portfolio companies than of the old ventures. Figure 7 restricts our comparisons to a sample of ventures
created by individual LPs in successfully launched funds (the treated group). In each panel, we tabulate
the industry share of companies within the respective group. The three panels represent the three groups
of companies considered: a set of old ventures created by individual LPs before the VC investment, a set
of portfolio companies invested in by the VCs, and a set of new ventures created by individual LPs after
investing in VC. Specifically, we find that the fraction of VC portfolio companies in the R&D industry is

relatively high (39%). Consistent with the learning hypothesis, this ratio turns out to be higher for the
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new venture group (20.9%) compared to the old venture group (13.8%). Similarly, the percentage of
VC portfolio companies in the wholesale and retail industry is relatively low (8.1%). We find that this

percentage is lower for the new ventures (18.1%) relative to the old ones (28.7%).
[Insert Figure 7 about here]

Second, we examine whether the new ventures are more similar, relative to the old ventures, to the
portfolio companies. We examine four-digit industry codes and (inferred) primary class, as defined by the
CNIPA using the International Patent Classification (IPC) system in 2021.'# This analysis is restricted to
funds that successfully launched, since failed-to-launch funds, by definition, do not invest in any portfolio
companies. As a result, it is not possible to construct comparable measures of industry or patent-code
overlap for failed-to-launch funds (the control group), which precludes estimating a fully interacted

specification as in Equation (1). Accordingly, we rely on the following specification:

Vike = B1Post-LP venturey, + FEs + Control + €. 3)

In this regression, the unit of observation is a venture by an individual LP. The dependent variable Vj, is
an indicator equal to one if venture k created by individual LP i shares the same four-digit industry code
with any portfolio company of the VC funds in which individual LP i invested.

Alternatively, the unit of observation is each patent by a venture of an individual LP. We include
all patents filed by (and eventually awarded by the CNIPA to) firms after their formation between 1999
and 2021 in the analysis. The dependent variable Vj, in this case is equal to one if a patent filed (and
eventually granted) by venture & of individual LP i after k’s formation shares the same patent class with
any patents filed by portfolio companies of the same VC funds in which individual LP i invested. The
independent variable Post-LP venture;, is an indicator of whether venture k£ was created after individual
LP i invested in any VC fund at time ¢.

Table 4 reports the regression results. In column 1, the dependent variable is an indicator for whether

a new venture shares the same four-digit industry code with any portfolio companies. We estimate

14Unlike the United States Patent and Trademark Office, the CNIPA does not clearly delineate primary patent classifications
(see the detailed discussion in appendix D of Lerner et al. (2026). In this analysis, we use the patent class of the first-listed IPC
classification of the patent as the primary one.
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B1 using a linear probability model. The coefficient on Post-LP venture is positive and significant at
the 5% level, implying that the new ventures are more likely than old ventures to operate in the same
four-digit industry as the portfolio companies. Similarly, column 2 shows that the patents filed by new
ventures are significantly more likely to overlap with the primary patent fields of portfolio companies.
On average, patents from new ventures are 10% more likely to fall within the same patent class as those
filed by VCs’ portfolio companies, relative to patents from the old ventures. When estimating industry
overlap in column 1, we control for venture- and LP-level characteristics, including the total number
of ventures previously started by LPs; gender (female indicator); the log of venture size; and the LP
ownership share in the venture as well as venture industry, district, and founding year fixed effects. For
the patent-classification overlap in column 2, we include these same controls plus patent-primary-field

fixed effects and patent-application-year fixed effects.
[Insert Table 4 about here]

Third, we explore the heterogeneity in learning under the “mentorship” of GPs with various qualities.
If the learning hypothesis is true, we expect that individual LPs are able to learn more via the interaction
with “better quality” GPs. We hence predict an increasing effect of entrepreneurial spillovers when
individual LPs invest in venture funds managed by more experienced GPs or GPs with better investment
records. To test the story, we construct three proxies for “better quality” GPs. GP with more deals is an
indicator equal to one if the number of VC deals made by a GP prior to the focal fund’s SAIC approval
is in the top quintile among all GPs; GP with more successful exits is defined as an indicator equal to
one if the rate of successful exits, defined as the number of deals exited through IPOs or M&As divided
by the total number of deals ever made by the GP prior to the focal fund’s SAIC approval, is in the top
quintile; and Older GP is an indicator for whether the age of a GP at the time when the fund’s SAIC
registration was approved is in the top quintile. We modify the specification in Equation (1) by including
an interaction term between these proxies and Launched VC;. We expect the interaction term to have a
positive coefficient.

The regression results are collected in Table 5. Column 1 shows that compared to a GP who engaged
with fewer deals in the past, an individual LP creates about 0.17 more ventures after investing in a fund

managed by a more experienced GP. Column 4 uses the average number of ventures created per year as
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the dependent variable, and the coefficient estimate conveys a similar message: interacting with more
experienced GPs induces an individual LP to create about 0.08 more ventures per year. The estimated
slopes of the interaction terms in both columns are statistically significant at the 1% level. In columns 2
and 5, we use the number of GPs’ successful exits as a proxy for their quality. Consistently, the estimation
results show that an individual LP creates significantly more ventures after investing in a fund managed by
a “better quality” GP. Estimates in columns 3 and 6 demonstrate that interacting with GPs with a longer
history in the market leads to a more pronounced effect in venture creation. All these results reveal the

heterogeneous effects by GP’s characteristics, aligned with the learning hypothesis.
[Insert Table 5 about here]

We also examine the extent to which the learning channel affects entrepreneurial outcomes of LPs that
invest in multiple funds. We would expect that the marginal benefit of learning diminishes in the number
of fund investments, simply because individual LPs would have more exposure to the venture process. We
therefore predict a decreasing effect on entrepreneurship when individual LPs invest in multiple VC funds.
To test this story, we adopt a variant of Equation (1) by including an indicator, Veteran LP;;, that is equal
to one if individual LP i has previously invested in VC funds before fund j, and its interaction term with
Launched VC;.

Regression results are reported in Table 6. Our coefficient of interest is the interaction term,
Launched VC; x Veteran LP;j. Column 1 shows that, relative to first-time LPs, veteran LPs create
about 0.13 fewer ventures after investing in VC, a result significant at the 10% level. Column 2 indicates
that veteran LPs also create an average of 0.04 fewer new ventures per year than first-time LPs, though
this effect is not statistically significant. Taken together, these findings are consistent with the learning
channel: the marginal benefit from exposure to VC funds diminishes as individual LPs accumulate prior

experience.

[Insert Table 6 about here]

So far, we have shown that individual LPs experience positive entrepreneurial spillovers through a
learning channel after investing in a VC fund: some transition from nonentrepreneurs to entrepreneurs

by starting new businesses, while others who were already startup owners create additional ventures.

28



Notably, more than half of the individual LPs in our sample are already entrepreneurs prior to investing
in VC (panel C of Table 1). This raises the question of who benefits most from interactions with GPs.
To explore this, we conduct a subsample analysis by splitting LPs into those with and without prior
entrepreneurial experience and reestimating the specifications in Table 2. The results, reported in Tables
IA.5 and IA.6 of the Internet Appendix, indicate that the treatment effect is concentrated among LPs
with prior entrepreneurial experience. For LPs without any entrepreneurial background, the estimated
effects are considerably smaller, though still positive. This is consistent with a growing body of literature
suggesting that serial entrepreneurs are particularly responsive to new information or skills acquired
through learning. For example, Gompers et al. (2010) argue that prior entrepreneurial experience does not
eliminate, and may even amplify, the marginal benefits of additional learning opportunities, as experienced

entrepreneurs are better able to absorb and act upon new knowledge.

Survey evidence. To further support the learning channel in the field, we conducted an online survey
among potential VC investors within our professional network in China between September 5 and
November 1, 2025. A total of 126 individuals opened the survey, and 57 completed it, yielding a response
rate of over 45%. Among the 57 respondents, 41 reported prior experience investing in VC funds as
individual LPs and therefore continued to the follow-up questions. We refer to these 41 respondents as
our effective sample (the remaining 16 respondents answered “No” to the initial screening question and
exited the survey).

Within the effective sample, 56.1% of respondents rated 4 or 5 (on a 1 to 5 scale) when asked how
well they interacted with and understood the portfolio companies of the funds they invested in. We then
asked, “How do you think your experience as an individual LP has helped your newly founded company
(or your preparation for future entrepreneurship)? (Select all that apply.)” Respondents could choose from

nine potential benefits as listed below:

* Understand market trends or technological frontiers in specific industries
 Discover new entrepreneurial opportunities

* Learn about the venture capital industry, expand your VC network

* Learn practical methods for patenting strategy or technology commercialization

29



* Learn management practices for startups (e.g., team building, assessing product-market fit, customer

development, fundraising strategies, etc.)
» Learn about the key characteristics to be entrepreneurs
* Gain confidence in your own entrepreneurship
* Have not gained any of the above benefits
* Other

As shown in Figure IA 4 in the Internet Appendix, the most frequently cited benefit was “understanding
market trends or technological frontiers in specific industries,” selected by 68% of respondents. The next
two most common were “discovering new entrepreneurial opportunities” (53.7%) and “learning about the
venture capital industry and expanding the VC network™ (53.7%). These results align closely with our
main findings: individual LPs learn from their exposure to VC by engaging with GPs and gaining insights
into emerging industries and technologies.

Among the 41 respondents, 14 had started new ventures after investing in VC funds. Of these new
ventures, 50% operated in the same industries as the VC portfolio companies (e.g., biotech, Al), and 29%
overlapped in technology fields, such as patent classifications. These patterns are consistent with the
correlations documented in Table 4.

Overall, the survey evidence reinforces the interpretation that individual LPs invest in VC funds not
only for financial returns but also as a channel for entrepreneurial learning through exposure to information

and industry-specific knowledge.

3.2 Financial constraints hypothesis

Another possible channel is through relaxing the financial constraints of entrepreneurs (Evans and
Jovanovic 1989). Being an LP means a cash windfall is possible if the VC fund undertakes successful
transactions. The capital distributions from the VC fund can potentially relieve individual LPs’ financial
constraints, inducing more firm creation afterwards. If the financial constraints faced by individual

LPs indeed hinder their entrepreneurship, we would expect that the effect of investing in a VC fund
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on individual LPs’ entrepreneurial outcomes to be more pronounced for funds having successful exits
(namely, portfolio companies going public or being acquired).

To test this channel, we implement a similar specification as Equation (1), now including an indicator
variable, Portfolio exit;, equal to one if fund j invested in by individual LP i has any successful exits
among its portfolio companies between the time of the fund’s establishment and 2018, and its interaction
term with Launched VC;. Ideally, we could use the internal rate of return (IRR) of VC funds to proxy
for their performance and the amount of capital distributions to LPs. Unfortunately, we do not have the
IRR data for these funds. We use instead the successful exits of VC investments as a crude measure
of returns. For this channel to work, we predict that the coefficient on Launched VC x Portfolio exit;
should be significantly positive. However, our results do not support this prediction, as shown in Table
7. Column 1 reports the estimated coefficient for the total number of ventures created after investing in
a VC fund. The coefficient on Launched VCj x Portfolio exit; is negative and statistically insignificant.
Column 2 presents the results for the average number of ventures per year, where the coefficient on the
interaction term remains negative and statistically insignificant. Taken together, these findings provide no
evidence in favor of the prediction, suggesting that the observed entrepreneurial spillovers are unlikely to

be explained by the financial constraints hypothesis.

[Insert Table 7 about here]

3.3 Network hypothesis

Networking plays an important role in the process of VC fundraising, deal sourcing, syndication,
and exit (e.g., Hochberg, Ljungqvist, and Lu 2007; Gompers et al. 2020). After investing in VC, the
interaction between GPs and LPs may enable individual LPs to be better connected to the venture world.
It is possible that they can access venture financing for their own companies, leading to more firm creation
after investing in VC. We denote this channel as the network channel. If true, we should expect that it will
be easier for individual LPs’ own ventures to receive VC funding, in particular funding from the GPs they
are connected with (used to be LPs of funds managed by these GPs).

To examine the channel, we revisit the specification in Equation (2), but now with the dependent

variable measuring the amount of VC financing received by a venture of the individual LP from her
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connected GPs. Table 8 exhibits the regression results. Columns 1 and 2 report the estimates for the log
of total VC financing received by a venture from the related VCs within 2 or 3 years of the venture’s
establishment. A related VC is defined as the venture fund managed by GPs whose past funds have ever

received capital commitments from the individual LP.
[Insert Table 8 about here]

If the network hypothesis is driving our results, we would expect a significantly positive coefficient for
the interaction term, Launched VC x Post-LP venture. However, our findings do not support this prediction.
We do not observe that new ventures created by individual LPs after investing in successfully launched
VC receive more venture financing from connected GPs. The estimated coefficients lack economic
and statistical significance. These results suggest that the observed entrepreneurial spillovers cannot be

attributed to the network hypothesis.

3.4 Other hypotheses

Although our main interpretation highlights positive spillovers from exposure to a successfully
launched fund, an alternative channel could be that investing in a fund that ultimately failed to launch
could itself discourage LPs, for example, by lowering their beliefs about access to VC finance and thereby
reducing subsequent entry (a “discouragement channel”), while exposure to successfully launched funds
produces no positive spillovers.

We argue that our findings are inconsistent with this discouragement channel. As documented in
Sections 2.3 and 3.1, new ventures founded after exposure to successfully launched funds are more
innovative, file more patents, employ more workers, and exhibit greater industry and technological
proximity to portfolio companies. These outcomes are difficult to reconcile with the discouragement
hypothesis: if the control group were discouraged, we would not expect ventures created by individual LPs
in failed-to-launch funds to be systematically less innovative or to display weaker similarity to portfolio
company industries and technologies.

To further examine this, we conduct an event study around the SAIC registration approval of funds
that ultimately failed to launch. Restricting the sample to LPs who invested in such funds, we compare

the number of ventures created before and after their investments. Unlike Table 2, this analysis does not
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compare LPs in failed-to-launch funds with those in successfully launched funds; rather, it examines
within-LP differences before and after their investment in failed-to-launch funds. If discouragement were
at play, we would expect a decline in postevent venture creation. However, as shown in Table [A.7 of
the Internet Appendix, the estimated coefficient on the postevent indicator is statistically positive. This
evidence suggests that LPs are not discouraged from starting new ventures after investing in failed-to-
launch funds. Instead, the positive entrepreneurial spillovers we document are largely attributable to the

beneficial effects of exposure to successfully launched funds.

4. Robustness

In this section, we perform a comprehensive set of robustness checks to ensure that our findings are
not driven by specification choices or identification concerns. First, we test the sensitivity of our results
to alternative dependent variables and model specifications. Using the number of new ventures founded
within 2 years of a fund’s approval, we find consistent OLS and IV estimates. Second, we complement
our cross-sectional analysis with a standard DiD design using an LP-by-year panel, which produces
similar results and supports our main interpretation. Third, we employ a reduced-form IV specification
by replacing the endogenous fund-launch variable with our instrument, the share of committed capital
from distressed corporate LPs, and show that the results remain consistent in sign and magnitude. Fourth,
we address several identification challenges, including potential overlap between corporate LPs’ and
individual LPs’ industries, correlated industry shocks affecting both LPs’ existing ventures and corporate
LPs’ liquidity, and nonrandom matching between corporate LPs and GPs. Finally, we verify that the

industries defining corporate-LP distress are not persistent over time and that GP survival bias is negligible.

4.1 Alternative dependent variables and specifications

In our main analysis, we use either the average number of ventures per year or the total number of
ventures created by an individual LP after investing in VC as the dependent variables. As a robustness
check, we reestimate Table 2 using instead the number of ventures founded by an individual LP within
2 years of the fund’s registration approval. As shown in Table IA.8 of the Internet Appendix, the OLS

and IV coefficients remain positive and statistically significant, in line with our main results. To further
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disentangle whether individual LPs start more ventures on the intensive versus extensive margin, we use
as the dependent variable an indicator equal to one if an individual LP starts any firm within 2 years.
The results, reported in Table [A.9, show that the OLS and IV coefficients flip sign, are close to zero,
and are statistically insignificant. Taken together, these findings suggest that the effect of exposure to a
successfully launched fund is concentrated on the intensive margin (i.e., among LPs who do start firms,
more startups), rather than meaningfully increasing the probability that an LP starts at least one firm.

In our main analysis, we conduct a cross-sectional test by comparing individual LPs in the successfully
launched funds to those in the failed-to-launch funds. As a robustness check, we reestimate the analysis
using a standard DiD design. Specifically, we restructure the data into an LP-by-year panel. The treated
group consists of individual LPs who have ever invested in a successfully launched fund (Launched VC =
1), while the control group consists of individual LPs who invested only in failed-to-launch funds. We

estimate the entrepreneurial spillover effect using the following specification:

Yy = o+ BLaunched VC; x Post-VC-investment;; + l; + 6 + €;, ()]

where Yj; is the number of ventures created by individual LP i in year ¢, Launched VC; is an indicator
equal to one if individual LP i ever invested in any successfully launched fund, and Post-VC-investment;
equals one if the LP had invested in any VC fund (either successfully launched or failed to launch) prior
to year ¢t. The specification includes year fixed effects (6;) and LP fixed effects (u;), which absorb all
time-invariant LP characteristics. The results, reported in Table IA.10 in the Internet Appendix, convey
a quite similar and robust message as in our main findings. The coefficient on the interaction term,
Launched VC; x Post-VC-investment;, is positive and significant at the 10% level, indicating that it is
more likely for an individual to start a venture after becoming an LP in a successfully launched fund.
When examining the underlying channels, Tables 5 to 8 present subsample tests in which we interact
our endogenous variable, Launched VC, with alternative proxies. As a robustness check, we adopt a
reduced-form IV design by replacing Launched VC with our instrument—the fraction of committed
capital from distressed anchor corporate LPs—thereby exploiting the instrument directly for identification.
The results, reported in Tables [A.11 to [A.14 of the Internet Appendix, are highly consistent with our

main findings.
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Specifically, Table IA.11 provides the reduced-form IV regression corresponding to Table 5 in the
main text. All interaction terms remain statistically significant except for the interaction with GP with more
successful exits."> Tables IA.12 to IA.14 present the corresponding reduced-form IV results for Tables 6
to 8 in the main text. Again, the coefficients on the interaction terms remain statistically insignificant and

switch signs, aligning with our main results and reinforcing the robustness of our conclusions.

4.2 Identification challenges

Next, we address several identification challenges. One concern is that a corporate LP’s industry may
overlap with the prior entrepreneurial activities of an individual LP (i.e., the individual LP’s existing firms,
or old ventures) within the same fund. In such cases, if the shared industry experiences distress, both the
corporate LP and the individual LP could be directly affected by the same shock, leading to a correlation
between the instrument and the error term in the second stage. To mitigate the concern, as discussed in
Section 1.2, we exclude all LP-fund observations in which the LP’s old ventures operate in the same four-
digit industry as any corporate LP in that fund. This restriction removes a direct industry-level channel
through which anchor corporate LP distress could simultaneously influence the entrepreneurial behavior
of individual LPs, independent of the VC fund’s launch outcome. We apply this sample restriction
consistently across all tables and specifications.

A related concern is that the old ventures of individual LPs may have been exposed to similar
economic cycles as corporate LPs in distressed industries at the time of fund formation. Such shocks
could directly affect LPs’ wealth and alter their entrepreneurial incentives. For example, if their existing
firms experience downturns similar to those faced by corporate LPs, the resulting negative shock might
encourage them to “gamble” by starting new ventures. To address this concern, we exclude from the
analysis individual LPs whose existing firms (old ventures) were in the industries that experienced busts
at the time the VC fund was approved. As reported in Table [A.15 of the Internet Appendix, the OLS
and 2SLS estimates in columns 1-2 and 4-5 remain positive, although they are no longer statistically

significant. This attenuation is largely driven by the reduced sample size and the corresponding weakening

I5As expected, the signs of the estimated coefficients are reversed relative to Table 3, since distress among anchor corporate
LPs reduces the probability of fund launch; accordingly, a larger share of committed capital from distressed anchor corporate LPs
is associated with weaker subsequent entrepreneurial outcomes for LPs. This pattern is consistent with the negative correlation
between the instrument and the endogenous launch variable.
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of the first stage. Accordingly, these results should be interpreted with caution. Nonetheless, the point
estimates continue to suggest a positive spillover effect of VC investing on entrepreneurship.

Conversely, one might also worry that individual LPs’ existing firms experienced an economic boom
at the time of the VC fund’s SAIC approval. Such a positive financial shock could increase their incentives
to start new ventures. To address this possibility, we exclude individual LPs whose old ventures operated
in “boom” industries at the time of the VC fund’s approval. We define a boom industry as one whose past
6-month average stock return is in the top quintile among all industries at the time of VC fund’s regulatory
approval. As shown in Table [A.16 in the Internet Appendix, our main conclusions remain unchanged,
although the 2SLS coefficient using the average number of created ventures per year as the dependent
variable loses statistical significance in column 5. Overall, these results suggest that our instrument is
not simply picking up the decisions of individual LPs to start new ventures due to changing financial
conditions of their existing firms.

Another concern is that individual LPs may be more inclined to start new ventures when they see
better opportunities in the booming industries. In this case, the spillovers we documented could reflect
entrepreneurs responding to the same favorable conditions that drive VC fund formation and investment
choices, rather than learning from their LP experience. To alleviate this concern, we conduct another
robustness check in which we exclude any ventures created by individual LPs after becoming an LPs that
are in boom industries. As reported in Table IA.17 in the Internet Appendix, our main results still hold:
the 2SLS coefficients of interest are positive and statistically significant at the 5% level, though the first
stage becomes weaker.

One may also be concerned that a would-be entrepreneur decides to invest in a fund specializing in a
particular industry (denoted as industry /) as a way to learn about that industry. If industry / experiences
a negative shock prior to the SAIC approval, a shock also felt by corporate LPs from industry / who
have committed to investing in the fund, then the prospective entrepreneur may become less likely to
launch a venture in that industry. In this case, the reduced entrepreneurial activity would come from the
industry shock itself, rather than from corporate LPs withdrawing their commitments. To address this
concern, we examine the extent to which corporate LPs’ industries are correlated with the industries of

portfolio companies targeted by the VC. This analysis also helps us distinguish from an alternative story
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that individual LPs learn directly from corporate LPs, rather than from the VCs.

Specifically, we compute the average Jaccard similarity index by taking an average of the Jaccard
indices across VC funds. The Jaccard index measures similarity between finite sample sets and is defined
as the size of the intersection divided by the size of the union of the sample sets. The index is between
0 and 1; a higher value indicates that the two sets share more similarity. For each fund, we calculate
its Jaccard index as the count of two-digit industries in the intersection of two sample sets—the set of
two-digit industries that its corporate LPs belong to and the set of two-digit industries that the fund’s
portfolio companies belong to—divided by the count of two-digit industries in the union of the both
sample sets. We then compute the average Jaccard index by taking the arithmetic mean of Jaccard indices
across all funds in the sample, which is equal to 0.034. The low index indicates that the corporate LPs’
industries are quite different from the industries of VCs’ portfolio companies.

At first glance, the low average Jaccard index (0.034) may seem surprising: one might expect corporate
investors to back funds aligned with their sectoral expertise. However, several factors suggest otherwise.
First, many corporate LPs in our setting appear to behave more like financial than strategic investors.
Supporting this argument, prior work shows that some corporate venture capital investors prioritize
financial returns or reputational benefits over direct synergies (e.g., Chemmanur, Loutskina, and Tian
2014). Second, the majority of VC funds in our data are generalist vehicles that span multiple sectors,
limiting the ability of corporate LPs to invest narrowly in their own domains. Third, corporate LPs may
still extract informational or strategic benefits indirectly, even from exposure to startups outside their core
industries. Taken together, these factors help explain why the observed overlap between corporate LPs
and portfolio companies remains limited.

The industries experiencing booms or busts may persist across years, raising the possibility that the
distress shocks used to construct our IVs are not random. To assess this, Figure [A.5 in the Internet
Appendix plots the distribution of industry booms and busts across time. The figure shows considerable
variation, with different industries cycling in and out of booms and busts across years.

Lastly, when comparing successfully and unsuccessfully launched funds, a potential concern is that
a failed-to-launch fund might stigmatize the GP and make it challenging for them to raise subsequent

funds. This could introduce survival bias if GPs with failed-to-launch funds are systematically less likely
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to reappear in the sample with a follow-up fund, leaving the sample overrepresented by funds managed
by more reputable GPs. To examine this possibility, we regress an indicator for whether a GP raises its
next fund on whether its current fund fails to launch. The results, reported in Table [A.18, show that
while the coefficient on Failed to launch is significant at the 5% level, the magnitude is small: failure to
launch reduces the likelihood of raising a subsequent fund by only 2.4%. This effect is too modest to

meaningfully bias our results.

5. Conclusions

This paper studies how investing in VC affects the entrepreneurial outcomes of individual LPs.
Constructing a comprehensive data set on firm creation, VC fundraising, and VC investment in China,
we find a positive entrepreneurial spillover from investing in VC funds. Individual investors are more
likely to create new ventures after becoming LPs. These new ventures are more likely to be in high-tech
industries and file more patents. The industry and patent fields of new ventures are more likely to overlap
with those of VCs’ portfolio companies, suggesting a learning-by-investing mechanism. Taken together,
this paper illustrates the blurring boundaries between investors and entrepreneurs.

LPs are traditionally seen as “passive” investors, as they are not involved in a fund’s day-to-day
business. But LPs’ involvement with funds anecdotally appears similar in many aspects across both
China and the United States. GPs often engage their LPs quite actively, such by requesting advice
and introductions. Anecdotally, the ability of a potential LP to be strategically useful is an important
criterion that many funds experiencing high demand use when selecting new investors. LPs similarly
often go above what is contractually required of them in their partnership agreements. Therefore, the
learning-by-investing mechanism documented in the paper extends well beyond the borders of China into
more developed VC markets.

Our results seem to suggest that the learning-by-investing mechanism has net positive welfare
implications. The new ventures created by individual LPs after investing in VC have better employment
outcomes and are more innovative, indicating the ventures are of better quality. However, quantifying the
aggregate welfare impact of the learning-by-investing mechanism requires a more structural approach,

which we leave for future research.
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Although our estimates capture information spillovers in a VC setting, we believe the learning channel
generalizes to the settings of other asset classes, especially where investors receive deep, sector-specific
information and have regular, structured interactions with asset managers. Accordingly, our findings
provide a positive rationale for learning-oriented participation by sophisticated high-net-worth investors
in private-market vehicles that ensure meaningful engagement, while effects are likely smaller for passive,
information-light financial assets. For example, real estate private equity may generate modest spillovers
for high-net-worth investors who receive detailed reporting and periodic engagement, whereas activist

hedge funds are likely to yield smaller effects for typical retail investors with limited information rights.
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Individual LPs’ investments by year
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This figure presents the total capital commitments and the number of successfully launched VC funds invested in by

individual LPs from 1999 to 2018. All RMB values are adjusted to 2019 levels using GDP deflators.

ALT TEXT: Line chart plotting individual LPs’ total VC investment amount and number of funds invested in from
1999 to 2018. Both series stay near zero until 2007, rise to a moderate peak around 2011, dip in 2012 to 2013, then

surge to their highest levels in 2015 and 2016 before declining through 2018.
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Figure 2

Industry focus of individual LPs before investing in VCs

This figure shows the top 10 industries of individual LPs’ existing businesses prior to their VC investments, along
with the average amount invested in successfully launched VC funds per LP across industries. For individual
LPs whose existing businesses span multiple industries, we define the main industry focus as the one where the
individual LP made the greatest equity investment by summing up paid-in capital of the individual LP across all
invested firms in the industry. RMB values are adjusted to 2019 by GDP deflators.

ALT TEXT: Bar and line chart of individual LPs’ pre-VC industries, ranked by LP count from resident services

(fewest) to wholesale and retail (most). A line shows average VC investment per LP, which peaks sharply in finance
and real estate near 17 million RMB, versus 8 to 11 million RMB in other industries.
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Empirical design
This figure illustrates the empirical design used in the paper. It compares entrepreneurial outcomes of individual
LPs in the successfully launched funds to those in the funds that failed to launch.

ALT TEXT: Timeline diagram of the empirical design. After a fund files its SAIC registration and the registration is

approved, funds receiving a first capital call within 1 year are classified as successfully launched (treated), while
those receiving no capital call are classified as failed to launch (control).
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IV construction

This figure illustrates the process through which we construct the IV for Launched VC; in Equation (1). The bottom
quintile is defined based on past 6-month stock returns across all industries (at the two-digit SIC code level) at time
t.

ALT TEXT: Diagram illustrating the construction of the IV. For each fund, the anchor LP is the LP, whether
an individual or a corporate investor, with the largest committed capital share. The IV equals the anchor LP’s
committed capital share if the anchor is a corporate LP whose two-digit industry stock return falls in the bottom
20th percentile over the 6 months preceding the fund’s registration approval; otherwise, the IV is 0.
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Fraction of committed capital from anchor corporate LPs and fund launch likelihood

This figure presents the kernel-weighted local polynomial regression of the likelihood of a VC fund’s successful
launch as a function of the portion of committed capital from anchor corporate LPs in distressed industries in
the sample. For each fund, we identify the anchor LP, defined as the LP contributing the largest portion of total
committed capital within the fund. If multiple LPs contribute equally, we designate all of them as anchor LPs.
We define an anchor corporate LP as being in a distressed industry if at the time the fund’s SAIC registration was
approved, the past 6-month stock return of the industry (at the two-digit SIC code level) of the corporate LP is in the
bottom quintile among all industries. The gray shaded area represents the 95% confidence interval.

ALT TEXT: Local polynomial plot with a 95% confidence band showing the probability of a fund’s successful
launch against the committed capital share of its distressed anchor corporate LP.
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Figure 6

High-tech fraction of new ventures vs. old ventures

This figure shows the fraction of companies in manufacturing and service high-tech industries. Specifically, we look
into companies created by individual LPs before investing in VC (old ventures) and those created after investing
in VC (new ventures). The first three bars under “Before Becoming LPs” represent the old ventures’ industry
distribution. The last three bars under “After Becoming LPs” represent the percentages of new ventures’ industry
distribution. The dark blue bars represent the percentage of companies in the manufacturing high-tech industries.
The red bars represent the percentage of companies in the service high-tech industries. The green bars are the sum
of percentages in the manufacturing and service high-tech industries. We define the high-tech industries according
to the classification criteria published by the National Bureau of Statistics of China in 2017 and 2018.

ALT TEXT: Bar chart comparing high-tech venture shares before and after becoming an LP. Manufacturing high-

tech ventures stay below 2% in both periods. Service high-tech and total high-tech shares rise sharply, from about
16%—-18% before, to about 28%—-29% after becoming an LP.
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Industry distribution across groups
This figure shows the industry distribution of individual LPs’ own ventures and VC funds’ portfolio companies.
Specifically, we examine three groups of companies: individual LPs’ old ventures that are created before investing
in a VC fund (panel A), the invested VC funds’ portfolio companies (panel B), and individual LPs’ new ventures
that are created after investing in a VC fund (panel C). The industry classification is based on the one-digit industry
code from the SIC issued by the Standardization Administration of the People’s Republic of China in 2017.
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ALT TEXT: Three-panel bar chart comparing industry distributions across 18 industries. Old ventures concentrate
in wholesale and retail (about 28%). VC portfolio companies concentrate in R&D and IT and software (about 39
and 19%). New ventures fall between the two, led by R&D, leasing or commercial services, and wholesale and
retail, each between about 18 and 21%.



Tables

Table 1

Summary statistics
A. Fund level

Full sample Failed to launch Successful launch

Variable Mean SD N Mean SD N Mean SD N Diff
#Individual LPs 4.221 5.131 18,867  3.868 5.196 11,393 4.761 4.982 7,474 -0.893*#*
Total% committed by individual LPs 0.424 0.303 18,867  0.459 0.318 11,393 0.370 0.270 7,474 0.089%**
Total¥ individual LPs (2019 RMB millions) 37.255 113.834 18,867 35.747 128546 11,393 39.553  86.691 7474 -3.806
Fund size (2019 RMB millions) 122918 293.821 18,867 95.839 254.862 11,393 164.196 340.745 7474  -68.357*%*

YoAnchor corporate LPs in distressed industries (IV) ~ 0.028 0.129 18,867 0.031 0.140 11,393 0.025 0.110 7,474 0.006%*

B. LP level

Full sample Failed to launch Successful launch
Variable Mean SD N Mean SD N Mean SD N Diff
Female 0.248 0432 57,328 0.269 0443 28230  0.227 0419 29,098  0.042%**
Entrepreneur 0.407 0491 57,328 0.380 0485 28,230 0433 0.496 29,098  -0.053%**
# Fund invested 1.389 1.191 57,328 1.213 0.990 28,230  1.561 1.336 29,098  -0.348%**
Total amount invested (2019 RMB millions) 12.261 93.826 57,328 11.189 123.864 28,230 13.300 49.574 29,098 S2.111%*
C. LP by fund level

Full sample Failed to launch Successful launch
Variable Mean SD N Mean SD N Mean SD N Diff
9% Committed capital 0.100 0.183 79,646 0.119 0214 44,063  0.078 0.131 35,583 0.041%%*
Amount invested (2019 RMB millions) 8.825 49.440 79,646  9.243  60.871 44,063  8.308 29.707 35,583 0.935
Already entrepreneur 0.799 0.401 79,646  0.797 0.402 44,063 0.800 0.400 35,583 -0.003
Year gap 9.136 4.684 63,610 9.207 4778 35,129  9.048 4.564 28,481 0.159
Total# ventures 2.400 2463 79,646 2298 2.028 44,063  2.527 2907 35,583  -0.229%%*
Avg.# per year 0.126 0.130 79,646  0.121 0.107 44,063  0.133 0.153 35,583  -0.012%**
Total# ventures before VC investment 1.725 2.158 79,646  1.685 1.748 44,063 1.775 2.576 35,583 -0.090%:*
Total# ventures after VC investment 0.675 1.163 79,646  0.613 1.064 44,063 0.752 1.270 35,583  -0.139%*:*
Avg.# ventures per year before VC investment 0.111 0.133 79,646  0.106 0.109 44,063 0.118 0.157 35,583  -0.012%**
Avg.# ventures per year after VC investment 0.225 0.519 79,646 0222 0450 44,063  0.227 0.594 35,583 -0.005

This table reports the summary statistics of a sample of individual LPs who invested in VC funds that obtained
the registration approvals from the SAIC and later either successfully launched (treated group) or failed to launch
their funds (control group) in the market. Panel A shows the fund-level characteristics. Panel B exhibits the
individual LP-level characteristics. Panel C is at the LP-by-fund level. Already entrepreneur is an indicator equal
to one if an individual LP already owned any ventures before investing in a VC fund. Year gap(tp —tgy) is the
year gap between the time of an individual LP starting their first venture and the time of their investing in a VC
fund, conditional on Already entrepreneur being equal to one. Total# ventures represents the number of ventures
created by an individual LP between 1999 and 2018. Total# ventures before VC investment counts the number of
ventures created by an LP between 1999 and the year when that LP invested in a VC fund. Total# ventures after VC
investment is the difference between Toral# ventures and Total# ventures before VC investment. All RMB values are
adjusted to 2019 by GDP deflators. The last column reports the difference in sample means between the Failed to
launch and Successful launch groups. *p < .1; **p < .05; ***p < .01. Standard errors are clustered by the fund’s
SAIC registration approval year.
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Table 2

New venture creation of individual LPs: Failed vs. launched funds

ey (@) 3 “) (%)
OLS OLS 1st stage 2SLS 2SLS
total# firms  avg# firms launched VC total# firms  avgi# firms
Launched VC 0.0354%**  0.0168%** 1.1806** 0.3666%**
(0.0109) (0.0055) (0.4224) (0.1048)
J%Anchor corporate LPs in distressed industries -0.1209%**
(0.0306)
Total# prior ventures 0.0131* 0.0042* 0.0012* 0.0117 0.0038
(0.0071) (0.0023) (0.0007) (0.0070) (0.0023)
Invested in other VCs before 0.0174 0.0095 0.0170 -0.0018 0.0036
(0.0214) (0.0067) (0.0107) (0.0191) (0.0050)
Female LP -0.1648%***  -0.0577*** -0.0079%* -0.1562%**  -0.0550%**
(0.0286) (0.0051) (0.0042) (0.0250) (0.0048)
Log(Fund size) -0.0180***  -0.0108***  0.0550%** -0.0807**  -0.0299%**
(0.0050) (0.0028) (0.0033) (0.0276) (0.0078)
9o Committed capital 0.1972%%*%* 0.0691%** -0.1685%**  (0.3892%**  (.1278%**

(0.0663) (0.0237) (0.0151) (0.0794) (0.0132)

%All corporate LPs 0.0687* 0.0314 0.0644%*%* 0.0097 0.0134

(0.0364) (0.0200) (0.0282) (0.0382) (0.0139)
Ist stage F-stat 15.67

(0.0013)

GP FE Y Y Y Y Y
Year FE Y Y Y Y Y
Adj. R? 0.3101 0.2872 0.4860
Observations 78,539 78,539 78,539 78,539 78,539

This table reports the regression results of Equation (1) using OLS and IV specifications. The unit of observation is
at the individual LP-by-fund level. The regression sample includes individual LP-by-fund observations in both the
successfully launched and failed-to-launch funds. Columns 1 and 2 present the OLS estimates. Column 3 shows
the first-stage results of the 2SLS regression. Columns 4 and 5 present the second-stage estimates. The dependent
variable in columns 1 and 4 is the total number of ventures created by individual i after investing in VC fund j that
obtained its SAIC registration approval in year t. The dependent variable in columns 2 and 5 is the average number
of ventures per year created by individual i after investing in VC fund j that obtained its SAIC registration approval
in year ¢. The independent variable Launched VC| is an indicator of whether VC fund j was successfully launched.
Control variables include LP i’s gender, the total number of companies started by LP i before investing in VC j, an
indicator of whether LP i has invested in any other VC funds before investing in fund j, the natural logarithm of
fund j’s size, the ratio of LP i’s committed capital in fund j to the total raised capital of fund j, and the proportion
of committed capital from all corporate LPs in fund j. Fixed effects are indicated in the bottom rows. Standard
errors are clustered by fund’s SAIC registration approval year. *p < .1; ¥*p < .05; ***p < .01.
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Table 3
Differences between the old and new ventures

Total# patents  Total# hiring

in 2 years in 2 years
Poisson Poisson
ey 2
Launched VCx Post-LP venture ~ 0.7278%%* 0.2736%**
(0.2126) (0.0781)
Launched VC 0.0347 -0.2324*
(0.0888) (0.1250)
Post-LP venture -0.7956%**  -0.3117*%*
(0.2858) (0.1544)
Total# prior ventures 0.0131 0.0739%%%*
(0.0223) (0.0160)
Invested in other VCs before -0.5189%** 0.2156*
(0.1261) (0.1152)
Female LP -0.3763%* -0.2267%**
(0.1623) (0.0377)
Log(Fund size) -0.0247 0.0490%**
(0.0788) (0.0119)
9% Committed capital -0.8479%%* -0.4337%%*
(0.4256) (0.1845)
Y%All corporate LPs 1.4760%* -1.0283%**
(0.6549) (0.2999)
Log(Startup size) 0.7459%%*%* 0.4735%%%*
(0.0867) (0.0366)
YLP stake in startup -0.7550* -0.6808%***
(0.3930) (0.0645)
Startup industry FE Y Y
Startup district FE Y Y
Startup founding year FE Y Y
(VC fund registered) year FE Y Y
GP FE Y Y
Observations 23,497 76,779

This table compares the characteristics of old and new ventures created by individual LPs. The unit of observation
is a venture founded by an individual LP. The regression sample includes all ventures created by individual LPs in
both the successfully launched and failed-to-launch funds. A venture is defined as an old venture if it was created
by an individual LP before investing in any VC funds. Otherwise, it is defined as a new venture. The dependent
variable in column 1 is the number of filed patents (that were eventually granted) in the 2 years after venture k’s
formation. The dependent variable in column 2 is the total number of online job postings within 2 years of formation.
Launched VC; is an indicator of whether VC fund j in which individual LP i invested was successfully launched
in the market. Post-LP venture;, is an indicator of whether venture k was founded after individual LP i invested
in any fund at time 7. In the regression, in addition to the control variables included in Table 2, we also account
for characteristics of venture k, including its size (measured by the log of registered capital), location, industry,
founding year, and the LP’s ownership stake in the venture. Fixed effects are indicated in the bottom rows. Standard
errors are clustered by venture k’s founding year. *p < .1; ¥*p < .05; ¥**p < .01.
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Table 4
Correlation between new ventures and portfolio companies

Same 4-digit industry code Same 3-digit patent class code

OLS OLS
1 @)
Post-LP venture 0.0082%* 0.1026*
(0.0036) (0.0512)
Total# prior ventures 0.0017 -0.0024
(0.0013) (0.0055)
Female entrepreneur -0.0051%*%* -0.0612
(0.0015) (0.0448)
Log(Startup size) -0.0002 0.0043
(0.0007) (0.0130)
%Ownership in startup 0.0026 -0.0301
(0.0021) (0.0434)
Startup industry FE Y Y
Startup district FE Y Y
Startup founding Year FE Y Y
Patent field FE N Y
Patent app. year FE N Y
Adj. R? 0.1808 0.4623
Observations 74,346 6,595

This table examines the correlation in the characteristics of ventures created by individual LPs and those of portfolio
companies backed by the VC funds they invested in. The regression sample in column 1 includes all ventures
created by individual LPs in successfully launched VC funds. Column 2 restricts the sample to patents filed by those
ventures. The dependent variable in column 1 is an indicator equal to one if a venture, which was founded either
before or after the LP’s initial VC investment, shares the same four-digit industry code as any portfolio companies
of the VC funds that the LP has invested in. In column 2, the dependent variable is a dummy equal to one if any
patent filed (and subsequently granted) by the venture after its formation shares the identical IPC patent class as any
patent filed by a portfolio company of the VC funds that LP ever invested in. The control variable, Log(Startup
size), is the natural logarithm of the venture’s registered capital. Fixed effects are indicated at the bottom of the
table. Standard errors are clustered at the venture’s establishment year level for column 1 and patent application
year levels for column 2. *p < .1; **p < .05; ***p < .01.
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Table 5

GP experience and entrepreneurship spillovers

Total# firms Avg# firms
(1) 2) (3) 4) ®) (6)
Launched VC x GP with more deals 0.1733%** 0.0773%**
(0.0235) (0.0236)
Launched VC x GP with more successful exits 0.1158* 0.0580*
(0.0552) (0.0328)
Launched VC x Older GP 0.2035%** 0.0891%***
(0.0279) (0.0258)
Launched VC 0.6523* 0.4845 0.6498* 0.2089 0.1487 0.2080
(0.3653) (0.3037) (0.3690) (0.1368) (0.1223) (0.1381)
Total# prior ventures 0.0414%**  0.0399**  0.0417***  0.0139***  (0.0115%**  (.0140%**
(0.0103) (0.0141) (0.0103) (0.0019) (0.0022) (0.0019)
Invested in other VCs before -0.0662%** -0.0507 -0.0663**  -0.0255***  -0.0161*  -0.0255%**
(0.0307) (0.0400) (0.0305) (0.0074) (0.0085) (0.0074)
Female LP -0.1041%**  -0.0995%*  -0.1042***  -0.0305***  -0.0254*  -0.0306%**
(0.0289) (0.0369) (0.0287) (0.0045) (0.0121) (0.0044)
Log(Fund size) -0.0195 -0.0107 -0.0203 -0.0058 -0.0020 -0.0062
(0.0195) (0.0287) (0.0192) (0.0061) (0.0089) (0.0059)
% Committed capital 0.3546%**  0.3250%*  0.3543***%  (0.1418***  (0.1269%*  (0.1417***
(0.0972) (0.1395) (0.0979) (0.0434) (0.0434) (0.0432)
%All corporate LPs 0.3062%* 0.3553%** 0.3112%*  0.0710%** 0.0570 0.0732%**
(0.1180) (0.1528) (0.1172) (0.0211) (0.0360) (0.0212)
GP FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
Adj. R? 0.2343 0.2300 0.2346 0.2034 0.1768 0.2038
Observations 27,786 16,641 27,786 27,786 16,641 27,786

This table reports the impact of GP experience. It replicates columns 1 and 2 of Table 2, except we include
interaction terms Launched VC X GP with more deals, Launched VC x GP with more successful exits, and Launched
VCxOlder GP. The regression sample is smaller than Table 2 because GPs with missing investment records or
year of founding are dropped from the regression. GP with more deals is an indicator for whether the number of
VC deals conducted by the GP prior to the current fund is in the top quintile. GP with more successful exits is an
indicator for whether the rate of successful exits (IPOs or M&As) of a GP’s portfolio companies prior to the current
fund is in the top quintile. Older GP is an indicator for whether the age of a GP at the time of registering the current
fund at the SAIC is in the top quintile. Remaining details are the same as in Table 2.
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Table 6
Veteran LPs and entrepreneurship spillovers

Total# firms  Avg# firms
&) @)

Launched VC x Veteran LP -0.1332% -0.0402
(0.0688) (0.0232)
Launched VC 0.0490%** 0.0209%*
(0.0178) (0.0079)
Veteran LP 0.1165 0.0357
(0.0713) (0.0253)
Total# prior ventures 0.0129* 0.0042*
(0.0071) (0.0024)
Female LP -0.1640%**  -0.0575%*%*
(0.0285) (0.0051)
Log(Fund size) -0.0179%**  -0.0107*%%*
(0.0052) (0.0028)
9% Committed capital 0.1962%** 0.0690%*
(0.0663) (0.0237)
Y%All corporate LPs 0.0688* 0.0315
(0.0354) (0.0198)
GP FE Y Y
Year FE Y Y
Adj. R? 0.3104 0.2873
Observations 78,539 78,539

This table tests whether the learning channel decays over time by comparing the entrepreneurial outcomes of
first-time LPs and veteran LPs. It replicates columns 1 and 2 of Table 2 except that we include the variable
Veteran LP;; and its interaction term with Launched VC;. Veteran LP;; is an indicator of whether individual LP i
has previously invested in any other funds before fund j. Remaining details are the same as in Table 2, except that
Invested in other VCs before is excluded because it is subsumed by the Veteran LP indicator.
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Entrepreneurship spillovers with successful portfolio exits

Total# firms  Avg# firms
ey 2)
Launched VC x Portfolio exit -0.1673 -0.0822
(0.2114) (0.0677)
Launched VC 0.0428***  0.0171%**
(0.0106) (0.0047)
Portfolio exit 0.0968 0.0802
(0.2291) (0.0741)
Total# prior ventures 0.0132%* 0.0042%*
(0.0071) (0.0023)
Invested in other VCs before 0.0175 0.0095
(0.0212) (0.0069)
Female LP -0.1646%**  -0.0577*%*
(0.0285) (0.0051)
Log(Fund size) -0.0173***  -0.0107*%**
(0.0048) (0.0028)
% Committed capital 0.1972%x* 0.0692**
(0.0661) (0.0237)
Y%All corporate LPs 0.0714* 0.0315
(0.0367) (0.0201)
GP FE Y Y
Year FE Y Y
Adj. R? 0.3102 0.2872
Observations 78,539 78,539

This table tests the financial constraints hypothesis by examining individual LPs’ entrepreneurial outcomes in VC
funds having any successful exit. It replicates columns 1 and 2 of Table 2 except that we include the variable
Portfolio exit; and its interaction term with Launched VCj. Porifolio exit; is an indicator of whether VC fund j
invested by individual LP i has any successful exits among its portfolio companies by year 2018. Remaining details
are the same as in Table 2.
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Table 8
Difference in VC financing of LPs’ own ventures

log($ Related VCs),,,  log($ Related VCs)3,,

)] 2
Launched VC x Post-LP venture 0.0055 0.0078
(0.0066) (0.0058)
Launched VC 0.0023 0.0038
(0.0043) (0.0059)
Post-LP venture -0.0127 -0.0259%**
(0.0087) (0.0041)
Total# prior ventures -0.0011 -0.0013**
(0.0007) (0.0006)
Invested in other VCs before -0.0005 -0.0002
(0.0037) (0.0029)
Female LP -0.0105** -0.0102*
(0.0040) (0.0053)
Log(Fund size) -0.0004 -0.0011
(0.0013) (0.0012)
% Committed capital 0.0355%** 0.0355#**
(0.0085) 0.0111)
Y%All corporate LPs 0.0189* 0.0231
(0.0100) (0.0159)
Log(Startup size) 0.0058*** 0.0070%***
(0.0011) (0.0014)
90Ownership in startup -0.0285%** -0.0342%**
(0.0075) (0.0095)
Startup industry FE Y Y
Startup district FE Y Y
Startup founding Year FE Y Y
(VC fund registered) year FE Y Y
GP FE Y Y
Adj. R? 0.1926 0.1829
Observations 204,690 183,400

This table tests the network hypothesis by examining differences in VC financing received by the new and old
ventures of individual LPs. The unit of observation is a venture by an individual LP. The regression sample includes
ventures created by individual LPs in both the successfully launched and failed-to-launch funds. A venture is defined
as an old venture if it was created by an individual LP before investing in any VC funds. Otherwise, it is defined as
a new venture. The dependent variable in columns 1 and 2 is the logarithm of the total VC financing received by a
venture within 2 or 3 years of its formation (in 10,000s of 2019 RMBs) from any related VCs, that is, VC funds
managed by the GPs whose past funds had ever received capital commitments from the individual LP. The other
details are the same as in Table 3, except that we use OLS regressions. Fixed effects are indicated at the bottom
rows. *p < .1; ¥*p < .05; #**p < .01.
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