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Abstract

This study investigates how venture capital (VC) fund age influences investment
outcomes, focusing on younger funds’ ability to attract higher-quality startups and in-
crease the likelihood of successful exits. We present a theoretical model suggesting that
funds attract high-quality startups early in the funds’ lifecycle by offering extended
monitoring and greater opportunities for follow-on investments—channels that are fur-
ther strengthened by entrepreneurs’ selection of younger funds. Using a comprehensive
dataset of VC funds, we find empirical evidence supporting our model, showing that
investments made earlier in a fund’s lifecycle achieve significantly higher exit rates and
receive more follow-on funding. By controlling for fund and startup characteristics and
interacting fund age with industry-level financial intensity and fund specialization, we
identify the two channels and quantify the role of entrepreneurs’ selection of funds in
the startup-VC matching process. This research provides novel insights into the tem-
poral dynamics of VC value creation and how investment timing and entrepreneurial

choices influence startup outcomes.
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1 Introduction

Venture capital (VC) funds play a pivotal role in financing high-growth startups, which
disproportionately contribute to innovation and are key drivers of economic growth (Kortum
and Lerner, 2000; Aghion and Howitt, 1992; Romer, 1990). The sorting process between
startups and VC funds is of first-order importance for value creation, with startups seeking
funding from the most reputable VC funds and top VC funds aiming to invest in the highest-
potential startups (Sorensen, 2007; Gompers et al., 2020; Sannino, 2024). While this positive
sorting has been well-documented, the temporal dynamics of how VC fund age influences this
process have not been thoroughly explored. This paper addresses this gap by investigating
how the age of a VC fund affects the startup-VC matching process and investment outcomes,
emphasizing the significant role of entrepreneurs’ choices in these outcomes.

We develop a theoretical model to examine how the timing of investments within a
VC fund’s lifecycle impacts outcomes. Our model reveals a novel insight: higher-quality
startups tend to match with younger VC funds. This equilibrium matching arises from mutual
preferences. Startups prefer younger funds in anticipation of more monitoring and a higher
likelihood of follow-on funding, given the finite lifespan of VC funds. VC funds prefer investing
in higher-quality startups to maximize potential returns.

Our theoretical framework is based on fundamental characteristics of the VC industry,
where investments involve three key components: (1) the provision of capital, (2) the option
for follow-on investments (Hsu, 2010), and (3) the supply of professional guidance through
active monitoring (Kaplan and Strémberg, 2001; Hellmann and Puri, 2002; Bernstein et al.,
2016; Gompers et al., 2020; Gornall and Strebulaev, 2022; Fu, 2024). Most VC funds are
structured as limited partnerships with a finite lifespan, typically ten years (Metrick and
Yasuda, 2010; Kandel et al., 2011; Barrot, 2017). Therefore, the earlier a startup secures
investment within a fund’s lifecycle, the longer the VC firm’s commitment to providing
professional guidance and the greater the likelihood of receiving follow-on investments.

Building on these institutional details, our model considers an environment with overlap-
ping generations of VC funds, each period featuring funds of equal quality but at different
stages: young, mature, and liquidated. Simultaneously, new entrepreneurs enter the market,
establishing startups with either high or low potential. The match between a fund and an en-
trepreneur influences the startup’s valuation through both monitoring and financing. Young
funds offer extended periods of monitoring and the potential for follow-on investments, while
mature funds nearing liquidation provide limited monitoring and no option for additional
funding. Recognizing the value of prolonged support and the embedded option of follow-on

investment, entrepreneurs prefer to partner with younger funds. VC funds, on their part,



prefer investing in higher-quality startups to maximize returns. This mutual selection leads
to an equilibrium of stable matching (Gale and Shapley, 1962) where higher-quality startups
partner with younger VC funds.

Our model predicts diminishing returns in VC investments as fund age increases, imply-
ing that startups funded earlier in a fund’s lifecycle tend to achieve better outcomes. This
effect is attributed to three factors: (1) additional monitoring provided to these startups, (2)
additional funding through follow-on investments, and (3) sorting of higher-quality startups
into younger funds. To the best of our knowledge, this paper is the first to explore how these
three channels relate to fund age and startup outcomes.

Importantly, this result is not trivial. The extent to which these equilibrium matches arise
depends on the ability of VC funds to differentiate between lower- and higher-quality startups
before investing. In practice, even experienced VC partners find this task challenging (Kerr
et al., 2014). Early-stage investments, the context within which we test our theory’s predic-
tions, are characterized by high levels of uncertainty, making it difficult to identify startups
of varying quality. In response, many VC investment committees adopt a ‘championing’ rule
for initial early-stage investments, where a single partner’s vote in favor of investing is suffi-
cient for the fund to proceed (Malenko et al., 2024). Furthermore, considerations such as the
overall quality of the fund or fund diversification strategies may outweigh temporal factors.
Taken together, these factors suggest that the extent to which higher-quality startups match
with younger VC funds in practice is uncertain.

We empirically test our model’s predictions using a comprehensive dataset of Israeli VC-
backed startups (IVC), which offers an ideal setting for our analysis. The dataset encompasses
nearly the entire universe of Israeli VC-backed startups since the beginning of the 1990s and
includes detailed information on which VC funds invest in each startup. Unlike commonly
used databases like PitchBook or Crunchbase, which typically link investments to VC firms
rather than individual funds or lack investment details, our dataset allows for an in-depth
fund-level analysis. This granularity is essential for comparing the outcomes of investments
made by the same fund at different stages of its lifecycle.

Our primary empirical finding is that startups receiving funding early in a VC fund’s
lifecycle are more likely to achieve successful exits, supporting our model’s prediction that
higher-quality startups match with younger VC funds. To ensure the robustness of this result
and rule out alternative explanations, we impose stringent sample restrictions and controls.
Specifically, we focus exclusively on first-time, seed-stage, single-VC-investor investments,
excluding all follow-on investments and restricting our analysis to funds with two or more
investments. This focus on seed-stage startups mitigates potential confounding effects from

the tendency of mature funds to invest in more established companies (Barrot, 2017). Fur-



thermore, we include fund fixed effects to account for unobserved differences in fund manager
quality, which are known to influence startup sorting into funds (Sorensen, 2007). Across all
empirical analyses, we control for the total amount invested in the round, the number of
other portfolio companies managed by the VC fund, and include fixed effects for deal year,
investor country, industry, and funding round (when applicable). This combination of sam-
ple restrictions and control variables enables us to isolate and analyze the age-dependent
mechanism independently of previously documented sorting dynamics.

First, we examine whether investments made closer to a fund’s inception are associated
with a higher likelihood of a successful exit. We find that each additional year in the fund’s age
reduces the probability of an exit by as much as 21% compared to the sample’s unconditional
mean of 23% exits.

After establishing a negative correlation between fund age and startup performance, we
analyze the financing and monitoring channels. First, we examine the number of follow-on
investments each startup received from the same fund. Our findings indicate that investments
made later in a fund’s lifecycle are less likely to receive follow-on investments. Specifically,
each additional year in a fund’s life is associated with a 27% decrease in the number of follow-
on investments, compared to the sample’s unconditional mean of 1.04 follow-on investments
per fund. This result supports our modeling assumption that investments made earlier in a
fund’s lifecycle are more likely to lead to follow-on investments.

Next, we turn to identify and establish the existence of a time-dependent financing chan-
nel. We address potential endogeneity concerns by examining how the fund’s age affects
industries with different financial intensities. We find that the marginal benefit from each
additional year spent together is proportionate to the startup’s industry financial needs.
Specifically, a one standard deviation increase in the startup’s industry financial intensity
is associated with a 5% increase in the probability of a successful exit for each additional
year with the fund. Startups operating in financially intensive industries are relatively more
likely to have a successful exit if they receive their initial investments from younger funds. If
financing had no temporal effect, we should not observe any difference in performance based
on financial intensity while holding the fund’s age and investment amount constant. The fact
that we find a difference proves the existence of a financing channel.

To examine the monitoring channel, we compare specialist and generalist funds. Spe-
cialists have historically outperformed generalists (Gompers et al., 2009) by selecting better
investments, adding value through monitoring, or both. We exploit this difference to deter-
mine whether specialist VCs’ active involvement contributes significantly to their startups’
success and how this impact varies with the time spent together. If monitoring does not add

value to the startup, time should not have a differential effect on the investment outcome



depending on the type of investor. However, if VCs add value through monitoring, specialists
should see greater improvements over time compared to generalists. Indeed, we find that each
additional year increases the probability of a successful exit by 27% for specialists compared
to the sample’s unconditional mean, suggesting that monitoring plays a role in the fund’s
intertemporal value proposition.

We identify the sorting channel by analyzing the competitiveness of the VC market using
a panel approach that examines the relative age of each fund in a given year. We compile data
on all operating funds within each specific year and calculate the average active VC fund
age, reflecting the VC industry’s collective maturity for that period. We then compare each
fund’s age against this annual average, identifying those older than the mean. Our analysis
reveals that startups funded by older-than-average funds are 34% less likely to achieve a
successful exit than the sample’s unconditional mean, even after controlling for the fund’s
absolute age at the time of investment. This finding suggests that funds older than other
currently active funds are more effective at attracting higher-quality startups, highlighting
the fund’s competitiveness beyond any lifecycle-driven advantages.

Finally, we address three potential concerns relating to our empirical findings: window
dressing, timing selection, and external validity. First, to address the possibility that fund
managers engage in ‘window dressing’ to make their funds appear more attractive to potential
limited partners (Lakonishok et al., 1991), we restrict our sample to standalone funds that
cannot allocate promising late-stage opportunities to newer funds. In this context, ‘window
dressing’ refers to fund managers allocating their most promising investments to new funds to
showcase strong performance and attract investors for raising subsequent funds. Our results
remain robust, with fund age negatively correlated with both the likelihood of exits and
the number of follow-on rounds. Second, to mitigate the potential selection bias from VC
firms timing the initiation of new funds based on attractive initial investment opportunities,
we exclude each fund’s first investment and rerun our analysis. We find results consistent
with our baseline findings, implying that timing cannot fully explain our results. Third, to
test the external validity of our findings and assess whether the effect of fund age might be
unique to the Israeli market, we replicate our analysis on a sample of VC-backed startups
in the United States using data from PitchBook. The PitchBook data, however, have some
significant limitations for the context of our study—incomplete coverage and missing fund
IDs. More specifically, almost two-thirds of investments have missing fund IDs (and only
identify VC firms), which is a problem given that our identifying variation comes from
changes in fund age. Despite these limitations, the PitchBook data allow us to construct the
key variables for our baseline regressions (fund age, exits, and follow-on investments) for a

subsample of deals, and we follow the same sample construction steps as with the IVC data.



We find negative correlations between a fund’s age and both the startup’s likelihood of exit
and the number of follow-on investments by that fund, implying that our baseline results
are not unique to the Israeli market.

Our paper contributes to the literature on the finite horizon of VC funds, which has
been extensively surveyed by Da Rin et al. (2013). Barrot (2017) shows that VC funds
invest in older, more mature startups as the remaining fund life diminishes. Yao and O’Neill
(2022) examines how venture capitalists’ exit pressure due to finite fund lifecycles influences
the likelihood of various venture exit outcomes through its impact on board cooperation
and coordination. Arcot et al. (2015) uses a private equity fund’s age as one of multiple
inputs to construct a proxy for the pressure a fund is under and relates this measure to deal
characteristics. Kandel et al. (2011) model the conflict of interest between limited and general
partners in the decision to continue projects, stemming from the fund’s limited lifespan and
general partners’ informational advantage. Chakraborty and Ewens (2018) and Crain (2018)
analyze how raising a new fund impacts the investment decisions at a VC investor’s current
fund. Our paper complements these studies by showing that higher-quality startups sort with
younger VC funds. Importantly, by focusing on seed rounds only, we hold the maturity of
startups constant, which implies that our sorting mechanism is different from that in Barrot
(2017).

We also contribute to the theoretical VC literature. Our model builds upon the frame-
works established by Kerr et al. (2014) and Nanda and Rhodes-Kropf (2017), who concep-
tualize VC funds as entities engaged in a series of investments and experiments. From the
entrepreneurs’ perspective, Manso (2016) models entrepreneurship as the experimentation
with new ideas. Our model integrates these approaches by considering mutual experimenta-
tion resulting from the sorting process between entrepreneurs and VC funds. Fu and Taylor
(2024) focus on the pre-investment period, demonstrating how the intensity of a fund’s due
diligence process influences its investment decisions. We depart from the Fu and Taylor
(2024) model by incorporating the startup’s choice in a general equilibrium framework. The
novelty of our approach lies in accounting for startups’ responses to the timing restrictions
imposed on VC funds by their contractual agreements with limited partners. These contrac-
tual obligations, which require VC funds to return capital after a finite period, make the
timing of investments a crucial factor in the fund’s value proposition, ultimately affecting
startups’ selection of funds.

Admati and Pfleiderer (1994) show how venture capitalists help resolve agency problems
in the multi-stage financing of startups. Sorensen (2007) develop a two-sided sorting model
to analyze the relative importance of selection and treatment in the likelihood of a startup

going public. Hellmann and Thiele (2015) study the interactions between angel and venture



capital investors. Piacentino (2019) demonstrate that VC investors’ motivation to build a
reputation can reduce the number of startups they invest in, potentially increasing or de-
creasing welfare depending on the abundance of high-quality startups. Hellmann and Thiele
(2023) analyze a startup’s decision to scale as a standalone venture or sell to an established
firm. Sannino (2024) develop a model for the sorting of entrepreneurs and VC investors, ex-
plicitly distinguishing between low- and high-value-add VCs. Additionally, empirical studies
highlight the role of external factors such as the legal system (Bottazzi et al., 2009), trust
(Bottazzi et al., 2016), and investor activism (Bottazzi et al., 2008; Li et al., 2024) in influ-
encing the sorting of VC investors and startups. A key contribution of our theoretical model
is the finding that startups prefer younger VC funds even in the absence of heterogeneity in
fund quality, legal systems, trust, or information asymmetry.

Furthermore, our paper contributes to the literature on the Israeli VC ecosystem. Conti
(2018) uses a regulatory shock in Israel to show that relaxation of a subsidy’s restrictions
increases the likelihood of startups applying for that subsidy. Conti and Guzman (2023)
studies the migration of Israeli startups to the United States. Falik et al. (2016) interview
144 Israeli entrepreneurs to study the relationship between entrepreneurs’ experience and
the relative importance they attach to a deal’s valuation versus contractual terms and Brav
et al. (2023) analyze the industry’s performance. We complement these studies by assembling
and analyzing, to the best of our knowledge, the most comprehensive Israeli VC fund startup
matched dataset.

The remainder of the paper is organized as follows. In Section 2, we present our theoretical

model. Section 3 discusses our empirical analysis. Section 4 concludes.

2 Model

The model presented in this section describes an environment of overlapping generations of
VC funds alongside startups that vary in quality. We explore the equilibrium sorting in this
market and show that it is characterized by VC funds closer to inception matching with

higher-quality startups.

2.1 Setting

Time is discrete with an infinite horizon. There are two sorts of agents: VC funds and

entrepreneurs.



VC Funds

A new VC fund is created in each period. This fund makes active investments over two
periods and must liquidate all its positions in the third period. As a result, at any given
time, there are three active VC funds of equal quality: one in its initial investment phase
(young), one in its late investment phase (mature), and one in its liquidation phase (liquid).

In its investment phases, the fund operates under a periodic non-divisible budget con-
straint of z. Additionally, the fund creates value by actively monitoring its portfolio of
startups. The fund aims to maximize its potential profit by increasing the returns from its

portfolio companies in the liquidation phase.

Entrepreneurs

In each period, two new entrepreneurs launch a startup, one of high potential (type H) and
one of low potential (type L). Figure 1 illustrates the stock of startups and funds in each
period. Table A.1 in the Appendix summarizes the notation used in the model.

The quality of each startup, denoted by 6, is initially uncertain but is drawn from a

known distribution:

0~ N (no7 '), i€ {H L},

where pff > uf.

The belief about the startup’s quality determines its market value. Specifically, the value
of a startup with expected quality p is V(u) = exp(u). As will be made clear later, the
assumption that valuations are exponential in p implies that post-investment valuations

have a Log-Normal distribution as documented by Cochrane (2005).

Assumption 1. Once an entrepreneur has matched with a fund, she cannot recewe funding
from a different fund. If a startup has not matched with a fund, it will not survive to the

next period.

Assumption 1 implies that a startup can get up to two periods of monitoring and two
funding units, depending on when the matching occurred in the fund’s lifecycle.

Financing and monitoring enable the entrepreneur to realize her true potential by provid-
ing signals about the startup’s quality. These signals arrive at the beginning of the subsequent
period. Each unit of funding is valued at 2 and produces a signal s/ ~ N <9, 7%), and each

1
) ,-yrn
are drawn independently of each other and across time. The signals are observable to both

period of monitoring generates a signal s™ ~ N (6 > Conditional on 6, these signals

the entrepreneur and the fund, eliminating asymmetric information regarding the startup’s



quality. Following numerous discussions with venture capitalists and entrepreneurs, we de-
part from the more common assumption of information asymmetry between agents. These
conversations highlighted themes similar to those in Gornall and Strebulaev (2022), which
notes that “VC is a high-touch form of financing” and that, once invested, venture capi-
talists are deeply involved in a startup’s daily operations. In all our discussions, VCs were
consistently portrayed as highly engaged investors who, in addition to providing funding,
dedicate approximately one-third of their time to working with their portfolio companies
and understanding their businesses.

Let t € {0,1, 2} denote the number of periods since the startup first matched with a fund,
and let u; and 7, denote the mean and precision of the startup’s quality at the beginning
of period t. During period t, the startup receives one unit of monitoring and up to one unit
of funding. Let I[{ equal one if the startup receives financing in period ¢ and zero otherwise.
We assume that first-time investment always entails financing, namely ]I(’; = 1, but follow-on
investments will take place only if both agents accept the terms of the contract, namely,
I/ € {0,1}. A monitoring unit will be added in the second period regardless of the agents’
decision on whether to pursue a follow-on investment.

After the signals resulting from ¢-period monitoring and financing are received (s}, and
s{ +1, respectively), the entrepreneur and the fund use Bayesian inference to update their

belief about the startup’s quality to N (p41,7,:4), where:

Vet + "7 + Ty sl
Yo+ + I

g1 = s M =Yt A+ th- (1)

Figure 2 illustrates how beliefs about startup quality update over the lifecycle of its
matched fund. This evolution depends on whether the entrepreneur and the fund sign their
initial contract when the fund is young or mature and on their mutual decision to pursue a
follow-on investment.

Note that given the t-period belief N (4,7, *) and I/, the next period’s mean quality f 1

is normally distributed around p:

Mt+1|(,uta%aﬂ{) ~ N (MuUme{) ) (2)
where: ;
2 / 7
oy = Var 9 =1) =
11 (:ul‘:uo 0 ) (’YO + A +’Yf)2
and:

Y™ + 1y

.
(% + 29"+ (14 H{)vf)

O-;]If - Var(lub2|/ubl7 H{) -
1



Since we assumed that ]Ig = 1, we will sometimes abbreviate the notation by using
o} = o7,
Recall that V(1) = exp(uey1). Thus, conditional on t-period information, the value of

the startup in period ¢t + 1 is Log-Normally distributed with a mean of:

BV (i) s 1] = exp (s + 302, ). (3)

This characterization is consistent with the empirical findings in Cochrane (2005), which
document a log-normal distribution of VC realized returns.

Equation (3) shows that an additional period of a match between a fund and an en-
2

t+1)1f
from the informational gains of monitoring and financing operations. However, information

trepreneur increases the startups value by a factor of exp( %0 ). This added value arises

gains exhibit decreasing returns to scale: the more information acquired in the past, the less

2
t+1(rf
e This property of informational gains may create a trade-off between
1

valuable the next signal becomes. In our context, this is reflected in the decrease of o
over time, as 0% > O';
benefiting from information and incurring the cost of delaying an exit. In this paper, we
focus on the timing restrictions imposed by the contractual agreements of VC funds and
their limited partners. Therefore, we assume that within the limited lifecycle of the fund,
information gains do not decrease to the point where delaying an exit by one more period
is not worthwhile. Specifically, let R > 1 denote the gross risk-free rate. We assume that
the added value of monitoring in the second period is substantial enough to compensate for

delaying the exit by one period:

Assumption 2. exp(%ag‘o) = exp (W) >R

Given that of > 03, > 03,' Assumption 2 ensures that the benefits of financing and

monitoring outweigh the delay costs throughout the fund’s lifecycle. For simplicity, we will

assume that R = 1 from this point onward.

Investment Contracts

Entrepreneurs and VC funds may establish three types of contracts; each includes x units of
funding: (1) an initial investment contract between a young fund and its matched startup, (2)
a follow-on investment contract, and (3) an investment contract between a mature fund and
a second startup. We assume that all contracts adhere to a similar structure, consistent with

simplified common practices in real-world venture capital agreements. Specifically, we assume

!The fact that ‘7§|1 > U§|0 follows from the fact that the function ﬁ is increasing for y < c.



an all common-share ownership with no liquidation preferences, so the fund’s ownership share

is determined by the ratio of the investment amount to the startup’s post-money valuation.?

Assumption 3. Given that the expected quality of a startup at the time of investment is

W, an investment contract stipulates that the fund receives a share A(p;) of the startup in

_ T

X
V(pt)+x — exp(ut)+ax”

exchange for an investment amount x, where () =

The following assumption guarantees that first-time investments are viable, thereby elim-

inating uninteresting cases:

Assumption 4. A new startup of type i € {H, L} has an expected positive NPV, even if it

15 expected to receive only one round of funding and monitoring, namely:
exp (py + 307) — exp(p) — = > 0. (4)

The combination of Assumptions 3 and 4 guarantees that both the fund and the en-
trepreneur find the first investment beneficial. Namely, the fund prefers to invest in the
startup rather than retain x as:

zexp (ph + 30%)

A(/Lé)E [V<,u1)|ﬂé} = exp(ug) 4+ >z (5)

Additionally, the entrepreneur prefers to forfeit a share \(1)) of the startup in exchange
for an expected increase in its value rather than maintaining full ownership at the startup’s

initial value:

exp(d) exp (uh + 2o?)

o > exp(i) ()

[T = o)) B [V () |mo] =

Equilibrium Concept

The following elements characterize equilibrium in this model:

1. Strategies of entrepreneurs and funds for deciding when to accept a follow-on invest-

ment contract.

2The most common contract between entrepreneurs and VCs in practice is of convertible preferred equity.
The literature (see Da Rin et al. (2013) for a survey) demonstrates the benefits of these contracts in ad-
dressing agency problems like double moral hazard (Casamatta, 2003; Schmidt, 2003; Hellmann, 2006) and
incentive mismatches in continuation decisions (Cornelli and Yosha, 2003; Dessi, 2005). In our model, we
use a simplified version of contracts, specifically common shares, because our primary focus is not on agency
problems or incentive mismatches. Instead, our analysis centers on temporal aspects of the entrepreneur-VC
relationship.

10



2. Entrepreneurs’ preferences regarding the age of the fund when establishing the initial

investment contract.
3. Funds’ preferences regarding the type of startup in each investment period.
4. Stable matching (Gale and Shapley, 1962) between funds and startups in each period.

We now turn to analyzing each of these elements and show that there is a unique equi-

librium in this model.

2.2 Follow-on Investments

Suppose that after the first investment, the mean of the startup’s quality was updated to
11. Both parties are now contemplating a follow-on investment that will grant the fund an
additional ownership share of A(p).

The VC fund has two outside options to consider if it decides against a follow-on invest-
ment: (1) retain the amount = without making any investment, or (2) reenter the market
to match with a new startup of type j for a single period of investment and monitoring
before having to liquidate. Given Assumption 4, investing in a new company is always more

profitable than not investing. Thus, the expected value of the fund’s outside option is:

Ah) exp (1 + 5030) + M) exp (1) + 307) - (7)

The fund will agree to the follow-on contract if it is expected to yield a higher profit than

the outside option, namely if:

M) + M)l exp (pa+ 5051) > A(up) exp (1 + 3030) + Awd) exp (u + 501) - (8)

The entrepreneur’s alternative to accepting a follow-on contract is to proceed to liquida-
tion with one additional period of monitoring and no additional financing, which is expected
to yield [1 — A(u)] exp (ul + %03‘0) The entrepreneur will prefer to take the follow-on in-

vestment if;

[1 = Ag) = M) exp (pu1 + 5031) > [1 = Aug)] exp (1 + 3050) - 9)

The following proposition shows that the entrepreneur and the fund will agree to the
follow-on contract only if they are sufficiently optimistic about the startup’s quality. Specif-
ically, this occurs when p; exceeds a certain threshold determined by the fund’s outside

option. If rejecting the follow-on investment will allow the fund to match with a new startup

11



of type H, it will require the incumbent startup to have a higher expected quality to pursue

a follow-on investment than if the fund’s outside option were a type-L startup.

Proposition 1. Suppose a fund matched with a startup of type i € {H,L} when it was
young. In addition, suppose that when it is mature, the fund’s outside option is investing
in a startup of type j € {H, L}. There exists a threshold T" € R, such that a follow-on
wnvestment is profitable for the entrepreneur of startup i and the fund if and only if the
belief about startup i in period 1 satisfies p1 > T . Furthermore, these thresholds satisfy
TiLH > TiL

Proof. See Section A.1 in the Appendix.

2.3 Entrepreneurs’ Preferences

Recall that entrepreneurs are only matched with a fund once, at the startup’s foundation.
Therefore, we focus on the entrepreneurs’ preferences during this initial stage. If an en-
trepreneur is matched with a mature fund, she will receive one round of financing and
monitoring, with no option for a follow-on investment or additional monitoring period.
Conversely, if the entrepreneur partners with a young fund, she will benefit from extended
monitoring for an additional period and an option for follow-on investment. Both of these
additional activities are expected to increase the value of the entrepreneur’s share in the

startup. Thus, she would prefer to match with a young fund:

Proposition 2. An entrepreneur prefers to be matched with a young fund than a mature

one.

Proof. If an entrepreneur of type ¢ is matched with a mature fund, she will receive one
round of financing and monitoring, with no option for a follow-on investment or additional

monitoring period. Her expected profit is therefore given by:

U (matureluh) = [1 = M) B [V ()

] = (1= M) exp (i + 307)  (10)

Conversely, if the entrepreneur partners with a young fund that has the option to invest
in a type j startup in the subsequent period, startup ¢ will benefit from extended monitoring
for an additional period and an option for follow-on investment. According to Proposition
1, a follow-on investment will not occur if g; < 7% . In this case, the entrepreneur will enjoy

one period of monitoring, and her expected value, given p,, is:

[1 = Aug)] exp (w1 + %U;o) - (11)

12



However, if p, > T%, a follow-on investment will take place and provide the entrepreneur

with an expected profit of:

1= (i) = M) exp (mn + 303,) (12)

Thus, the entrepreneur’s expected profit from matching with a young fund is:

U" (young| g, 1) =
1= Auo) B [eXp (11 + 3030) ‘/ll < T, Mé] Pr(u < T+

E ([1 — M) = A(p)] exp (p1 + 3034) ‘,Ul > T, ué) Pr(p > T%7) (13)

The following lemma (proof provided in Appendix A.2) shows that UZ (young|u, jid) >
U (mature|pd, 1)) due to the benefits of extended monitoring and the option value of a
follow-on investment. Thus, an entrepreneur prefers to be matched with a young fund than

a mature one.

Lemma 3. U” (young|pl, 1)) = UP (mature|u) exp(%ag‘o)—i—(](%,ug), where exp(%ag‘o) > 1
s the value of an additional period of monitoring and C(ug,ué) > 0 denotes the follow-on

option value.

]

2.4 Funds’ Preferences

The following proposition shows that young funds prefer to be matched with high-quality
startups. At first glance, this might seem trivial, as higher-quality startups are generally ex-
pected to yield better returns than lower-quality ones. However, the intertemporal decision-
making process for young funds is more nuanced. Young funds must also consider the informa-
tional gains from their initial investments, which are not necessarily higher for higher-quality
startups. Additionally, they must consider the probability of securing a follow-on investment
and the expected gains if it is secured. For example, it might be that two different L-type
investments are more advantageous to the fund than a single H-type investment followed by
a follow-on. However, in our setting, informational gains and follow-on investment consider-

ations all align and contribute to funds’ preference for higher quality startups:

Proposition 4. A young fund prefers to be matched with a startup of type H rather than

one of type L, irrespective of its outside option in the second investment period.

Proof. See Section A.3 in the Appendix.
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2.5 Stable Matching and Startup Performance in Equilibrium

The following proposition characterizes the unique stable matching in this setting.

Proposition 5. There is a unique stable matching where the young fund is paired with
the high-type startup, and the mature fund, if it seeks a new investment, is paired with the

low-type startup.

Proof. Proposition 2 states that entrepreneurs prefer young funds over mature ones. Proposi-
tion 4 shows that young funds prefer high-type startups over low. Consider the two possible
deferred acceptance algorithms (Gale and Shapley, 1962): “entrepreneur proposing” and
“fund proposing.” In the “entrepreneur proposing” version, both entrepreneurs initially ap-
proach their first priority, which is the young fund. The young fund rejects L, so the stable
matching is H-young, L-mature. In the “fund proposing” version, the young fund initially
approaches H. If the mature fund also approaches H, it is rejected, and in any case, the
resulting matching is H-young, L-mature. Since both versions yield the same matching, it is

the unique stable matching. ]

We can now analyze the equilibrium outcomes of the model, which will serve as our main
prediction for the empirical analysis. Specifically, our model sheds light on how the fund’s age
at the time of the initial contract with an entrepreneur relates to the startup’s performance
upon liquidation.

In equilibrium, a startup matched with a mature fund is of a low type and will get one

round of funding and monitoring. Thus, the average valuation of such startups is:

E[V|matched with mature] = exp (u + 307) (14)

However, a startup matched with a young fund is of a high type. It will get two monitoring

periods and one or two rounds of funding. The average valuation of such startups is:

E[V|matched with young] = exp (ué’ + %U% + %‘7§|0) +
Pr (pn > T |pug) E (exp(pun) i > TF) [exp (303,) — exp (3030) ] (15)

The difference between (15) and (14) can be decomposed into three components — sorting,

additional monitoring, and additional financing — each having a positive contribution to the
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difference:

E[V|matched with young] — F[V|matched with mature] =

e (107) ( Loxpld) — expeb)] + oxp () [exp (3o3) — 1] +

SO;t,ing Addtional‘rrnonitoring
H 2 H,L
wo +oi =T
d ( 0 ;1 ) exp (ué{) [exp (%agll) — exp (%U%m) } > . (16)
Addtional‘;”inancing

To illustrate the central finding of this model-—the entrepreneurs’ sorting mechanism
amplifying the effects of the monitoring and financing channels—we plot the difference in
expected values with and without a sorting mechanism across various startup-quality distri-
butions. The key takeaway from Figure 3 is that while time matters in a random allocation
of startups to mature and young funds, it matters even more when the sorting mechanism

is in place.

3 Empirical Analysis

Next, we test our hypotheses and theoretical findings in an empirical setting. This section
serves two primary goals: to demonstrate how startups and funds match in equilibrium and
to provide evidence for the existence of time-dependent financing and monitoring channels,

amplified by startups’ selection of VC funds.

3.1 Data

We analyze the universe of VC-backed startups in Israel using a dataset compiled by the IVC
Research Center. To extract the names of VC firms and funds, we compare this dataset with
information from PitchBook and Crunchbase. Additionally, we hand-collect data on founders’
identities, startup ownership, and board seats from the Israeli Registrar of Companies. The
complete dataset includes 72,513 investments in 10,861 startups by 14,147 investors between
January 1990 and February 2024. These investors include VC funds (31.2% of investments),
Angels (17.4%), corporate venture capital (4.5%), private equity funds (1.5%), government
agencies (1.2%), and others. We then manually match the TVC data to proprietary data
from the Israeli Registrar, yielding the most comprehensive mapping of the Israeli startup-
VC investor universe available.

The data includes 24,788 seed-round investments, 16,489 first-round investments, 11,164
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second-round investments, 18,000 third-round and later investments, and 2,072 initial public
offerings (IPOs) and mergers and acquisitions (M&As). The highest round of funding in our
dataset is fifteen.

We narrow our focus to include only first-time investments made by VC firms from funds
that have invested in at least two different startups between 2003 and 2023. Funds with
only one investment are excluded, as they do not contribute to our analysis and would be
absorbed by our fund fixed effects. The dataset begins in 2003, as data on exits—such as
M&As and TPOs—are only available from this year onward. After applying these criteria,
we obtain 3,633 first-time investments in 2,267 startups made by 416 distinct VC funds,
spanning from seed to ninth-round funding. Among these startups, 62 had an IPO, 472 had
an M&A, and 9 had both. For our analyses, we treat the first of these two as the exit event.
We refer to this as the “investment-level dataset.”

To assess how the timing of investments within a fund’s lifecycle impacts startup per-
formance, we further refine our dataset. Given that we have a time-invariant dependent
variable—a dummy indicating whether the startup experienced a successful exit—our em-
pirical analysis is limited to one observation per startup. Therefore, we focus on seed-round
investments made by a single VC fund. This results in a dataset of 1,049 seed investments
in 1,049 startups by 205 different VC funds. In this dataset, each entry represents a different
startup raising its first institutional capital, meaning all startups are at a very early stage
of their lifecycle. Among these startups, 17 had an IPO, and 232 had an M&A. We refer to
this dataset as the “startup-level dataset.”

Using only investments from a single VC fund enables us to examine the effect of fund
age without the confounding influence of multiple investments from funds at different stages.
As shown in Table 1, the average fund invests in 8.2 Israeli startups, with an average check

size of $12 million across rounds and $3.9 million for a single-VC-investor seed round.

3.2 Empirical Strategy

Our main specification uses the “startup-level dataset” to assess the association between
startup quality and fund age. As detailed in the data section, this dataset consists of startups
receiving seed-stage investments from a single VC fund that invested in two startups or more.

More specifically, we regress:

Exity = 1 FundAge, + o Ln(DealAmount), + Bs PortfolioSize,

(17)
+ FPundFE + DealYearFE + Inv. CountryFE + IndustryFE + €,

where, s indexes startups. Exit, represents our performance measure, a dummy variable
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indicating if a startup had an exit through an M&A or an IPO.? In our main specification,
illustrated in Figure 4, we examine the number of years since a fund’s inception, calculated as
the difference between the time of investment and the time of the fund’s first-ever investment.

Our controls include the logarithmic transformation of the total deal amount—that is,
the total dollar amount invested in a single funding round—to allow for comparisons between
investments of similar scale. We also control for the total number of startups in the fund’s
portfolio at the time of investment to isolate the effect of investment timing, rather than
conflating it with the increasing number of startups in the fund’s portfolio over time.

In our ‘startup-level dataset,” we do not control for startups’ age because all firms are
raising their first seed investment, resulting in minimal variability in this measure. To account
for unobserved heterogeneity and capture time trends, country-specific, and industry-specific
effects, we include industry, time, and investor-country fixed effects. More importantly, we
incorporate fund fixed effects to control for potential differences in fund quality. Including
VC fund fixed effects allows us to compare startups receiving investments from the same
investors within the lifecycle of a single fund. To ensure the robustness of our results, we test
them by excluding these fixed effects and controls; the findings are reported in the appendix.
Our standard errors are clustered at the deal-year and investor-country levels.

In our second empirical setting, we aim to confirm our modeling assumption that younger
funds are more likely to provide follow-on investments. We first test Assumption 1 of the
model and find that VC investments are very sticky. The conditional probability of a follow-
on investment being made by an investor who has previously invested is 65% [95% CI:
0.639-0.664]. This result provides confidence in the model’s assumption that follow-on in-
vestments are made by the same fund.

We then replace our dependent variable, Exitss, in our baseline empirical setting de-
scribed in Equation 17, with a counter that tracks the number of follow-on investments each
startup receives from the same fund.

As the number of follow-on investments changes over time, we can also use the “investment-
level dataset” to assess the impact of a fund’s age on the number of follow-on investments.

Specifically, we regress:

FollowOns; , » = 1 FundAge, ,, . + BaLn(DealAmount), . + B3StartupAge,,
+ BsPortfolioSize, , + RoundFE + FundFE + DealYearFE — (18)
+ Inv. CountryF'E + IndustryFE + €54,

3Amor and Kooli (2020) examines the relationship between VC firm reputation and exit types (M&A
versus IPO). Exit outcomes are commonly used as proxies for fund performance (see, for example, Hochberg
et al. (2007)), and they correlate positively with actual fund performance (Phalippou and Gottschalg, 2009).
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where v stands for a VC fund, r stands for a round of funding, FollowOnss , , represents
the number of future additional rounds of funding a startup raises from a specific fund, and
StartupAge, . is a startup’s age at the time of investment. In contrast to the previous dataset,
the startup age varies in this one as we include all funding rounds. Therefore, we include
startup age in this regression to control for potential selection bias, which may be driven by
a fund’s preference for more mature startups later in the fund lifecycle (Barrot, 2017). We
also include round fixed effects to ensure we compare startups at the same funding stage.

In an alternative approach to this analysis, we include startup fixed effects to examine
the funds’ lifecycle impact while accounting for the quality of the startup. We include only
funds investing in at least two different startups and startups receiving first-time investments
from at least two different VC funds.

In our next empirical analysis, we identify and quantify the marginal impact of a time-
dependent financing channel. We hypothesize that startups in capital-intensive industries
benefit more from this channel, making fund age more central to their success. If the financing
channel were not central to the value creation of startups, both capital-intensive and non-
capital-intensive startups would derive the same benefit from the fund age. To test this, we
interact fund age with an industry-level exit-multiple index. To evaluate this exit-multiple
index, we aggregate data at the industry level and compute the ratio of the total exit value
to the total capital raised across all portfolio firms that received seed funding before 2015.
We narrow our sample this way to include only portfolio companies with sufficient time to
evolve. After creating this industry-level exit-multiple measure, we take its inverse to assess
an industry’s financial intensity, apply it to the entire sample, and interact it with fund age

in our “startup-level dataset.” Specifically, we regress:

Exity = 1 FundAge, + o Ln(DealAmount), + Bs PortfolioSize,
+ BaF'in.Intensity; + s FunaAge, , x Fin.Intensity; (19)
+ FundFE + DealYearFE + Inv. CountryFE 4 IndustryF'E + e

where Fin.Intensity; represents our industry-level financial intensity index value for an
industry to which startup s belongs. The marginal effect of each additional year is measured
by the coefficient of the interaction term FundAge x Fin.Intensity, (s.

Next, we identify and quantify the marginal impact of a time-dependent monitoring chan-
nel. To evaluate this, we compare the effects of fund age on performance between generalist
and specialist funds. We classify funds investing in at least three different industries as gen-
eralists, and funds investing in at most two different industries as specialists. Our analysis
relies on the hypothesis that the monitoring channel is more significant among specialists,

given the added value derived from the expertise of a specialist VC fund compared to a
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generalist fund (Gompers et al., 2009). Specifically, we regress:

Exity = 81 FundAge, + 2 Ln(DealAmount), + Bs PortfolioSize,
+ B4I{Specialist,} + s FundAge, x I{Specialist,} (20)
+ PundFE + DealYearFE + Inv. CountryFE + IndustryFE + €,

where I{Specialist,} is a dummy variable that equals one if a VC fund invests in two or
fewer industries. The marginal effect of an additional year of fund age for specialist funds is
captured by the coefficient of the interaction FundAge x I{Specialist}, B5. The presence of a
time-dependent monitoring channel would imply that each additional year with a specialist
fund is positively correlated with performance.

Next, we provide evidence for the selection channel and specifically for startups’ prefer-
ence for matching with younger funds. For that, we assess a cross-sectional lifecycle measure.
As illustrated in Figure 5, we use our more extensive “investment-level dataset” to estimate
market conditions by examining the age of all active funds in a given year and flagging those
older than the average active fund for that year. By flagging the ones that are older than
the mean, we address the competitiveness of the venture capital market in that year and a
startup’s preferential matching with respect to fund age. We regress our performance mea-
sure against the dummy variable with and without controlling for a fund’s age in our more

restrictive “startup-level dataset”:

Ezity = p1I{OlderThanMeans;} + [2 FundAge,
+ BsLn(DealAmount), + B4 PortfolioSize (21)
+ PundFE + DealYearFE + Inv. CountryFE + IndustryFE + €,

A negative correlation between the “older than mean” dummy and exits, even after
controlling for the fund age, constitutes evidence consistent with the existence of an age
based selection channel. Entrepreneurs, aware of the added value generated by a young fund,
prefer the younger ones available when raising capital. A negative correlation is suggestive
evidence of an equilibrium where higher-quality startups choose younger available funds, and
lower-quality startups end-up matching with older ones.

In our final set of empirical analyses, we address three alternative explanations for our
baseline results. The first is that funds may engage in ‘window dressing’ by allocating their
most successful startups to younger funds to showcase strong performance to potential in-
vestors in subsequent funds. To address this concern, we replicate our baseline analysis using
a subsample of standalone funds—that is, VC firms that have raised only one fund. The

second alternative explanation is that our results are driven by the VC firm’s choice of when
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to open a new fund. While VC firms likely initiate new funds based on market conditions,
they cannot alter a fund’s age once it begins investing. To mitigate this potential selection
bias, we exclude the first investment made by each fund and rerun our baseline analysis.
This approach aims to partially eliminate the influence of a VC firm’s decision to start a
new fund in response to a specific investment opportunity. The third explanation is that,
for some unobservable reasons, the phenomenon may be unique to the Israeli market. To

address this concern, we rerun our baseline analyses using a dataset of investments made in
the U.S.

3.3 Empirical Results

We present our results for the empirical settings presented in the section above using both

the “startup level dataset” and “investment level dataset” when appropriate.

3.3.1 Performance and Fund Age

Our baseline empirical result, presented in Table 2, Column 1, shows a negative correlation
between our lifecycle measure “Fund Age” and a startup’s exit probability. The likelihood
of a startup having an exit decreases by 4.8pp for each additional year that a particular VC
fund invests after its inception. This represents approximately 20.5% of the unconditional
probability of 23.4% for a startup to have an exit in this subsample. This result demonstrates
diminishing returns throughout a fund’s lifecycle, where fund age plays an important role in
individual investment returns.

We conduct a series of additional tests to validate these findings. In the first set of tests,
we rerun our baseline analysis with various controls and fixed effects as reported in Table A.2
in the Appendix. Notably, excluding fund fixed effects reduces the estimated effect size by
an order of magnitude—from 4.8pp to 0.47pp. While the direction of the correlation remains
negative and statistically significant, the substantial reduction in magnitude underscores the
importance of fund quality in the startup-fund matching process. Nevertheless, the fact that
the effect remains negative and significant indicates that fund age is important even after
accounting for selection based on fund quality.

In the second set of robustness tests, reported in Table A.3, we replicate the setting of
our baseline regressions in logit regressions given that our dependent variable is binary. The
findings, although attenuated, are robust across these alternative empirical specifications. All
three approaches yield consistent results, supporting an equilibrium in which higher-quality

startups are more likely to sort with younger funds.
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3.3.2 The Financing Channel

To assess the impact of a fund’s age on the financing channel, we first investigate whether
investments made early in the fund’s lifecycle result in more follow-on investments by the
same fund, as hypothesized in our model. As shown in Table 2 Column 2, we find that each
additional year in a fund’s age is associated with a 0.28 decrease in the number of follow-on
investments, equivalent to a 27% decrease relative to the 1,049 startup-level observations’
unconditional mean of 1.04 follow-ons.* This result suggests that the age of a fund at the
time of investment is negatively correlated with the number of follow-on investments it can
potentially offer.

One advantage of using the follow-on variable instead of the exits variable is that it
allows us to exploit the richness of the data by analyzing the investment-level dataset. We
can examine multiple investments made by different funds in the same startup since the
number of follow-ons differs by fund. As reported in Table 3, Column 2, our investment-
level regressions produce results similar to those obtained at the startup level. An important
difference between the two datasets is that the startups in the investment-level dataset are
at various stages and, therefore, at different ages.

Although the decision to invest is clearly endogenous to a startup’s maturity, we find that
the relationship between fund age and follow-on investments holds true even after accounting
for the startup’s age at the time of investment—as proposed by Barrot (2017)—and including
financing round fixed effects. By incorporating round fixed effects, startup age, and the total
amount invested, we can compare startups receiving similar financing rounds at comparable
stages of development. The identifying variation then comes from differences in VC fund age
at the time of investment.

In an alternative approach, reported in Table 3 Column 3, we include startup fixed
effects to account for the quality of a startup in addition to the quality of an investor. In this
setting, we compare two or more initial investments from two or more different VC funds in
the same company, with the only difference being the age of the fund. We observe that the
negative correlation between the fund age and exit probability persists even when comparing
investments in the same company by funds of different ages. These results are of a similar
magnitude to our previous findings, which do not include startup fixed effects.

To assess the financing channel’s intensive margin and to address potential identification
concerns in this setting, we regress the interaction between our industry-level financial in-

tensity index and the fund’s age as shown in Equation 19. As presented in Table 2 Column

4The 1,049 startups in our “startup-level dataset”, received a total of 1,091 follow-on investments. Specif-
ically, 294 startups received one follow-on investment; 145 received two; 87 received three; 31 received four;
18 received five; 4 received six; and one startup received eight.
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3, we find that a one standard deviation increase in the financial intensity index (std. dev.
= 0.584) reduces the probability of an exit by 4.6% (= coefficient x std. dev. / uncondi-
tional prob. of exit = 0.584 x 0.0184 / 0.234) for every additional year in a fund’s age. This
result suggests that the available time horizon of funds is more valuable in industries with
higher financial intensity. If the observed correlations between fund age and exit probability
were solely driven by channels other than the financing channel-—such as the monitoring
channel—we would not expect to see differences based on an industry’s financial intensity.
Therefore, when holding the fund age constant, there should be no difference in exit prob-
abilities between capital-intensive and non-capital-intensive industries. The fact that we do
observe such differences indicates that the financing channel plays a role in the correlation

between age and exits.

3.3.3 The Monitoring Channel

We identify the monitoring channel by comparing specialist and generalist funds in a similar
fashion to our analysis of the financing channel. We assert that an additional year of moni-
toring is more beneficial to a startup if the investment comes from a specialist fund rather
than a generalist fund. A specialist fund focuses on a specific industry or sector, while a
generalist fund invests across various sectors and may have a limited ability to effectively
add value through monitoring compared to a specialist.

To test for the existence of the monitoring channel, we interact fund age with a dummy
variable that equals one when a fund is a specialist, as described in Equation 20. Our find-
ings, presented in Table 2 Column 4, show that an additional specialist year decreases the
probability of a successful exit by 0.06 or 27% compared to the sample’s unconditional mean.

This result suggests that additional time spent with VC funds is valuable for startups, who
benefit from monitoring and mentoring by the VC partners. This added value translates to
an increased probability of a successful exit. If mentoring had no value, we would not observe
a significant difference in the performance of generalist and specialist VCs when holding time

constant.

3.3.4 Startup sorting preferences

In our model, we define a third channel as the preferential sorting channel of startups.
This channel posits that all else equal, entrepreneurs who recognize the added value of time
would prefer a younger fund, thereby amplifying the economic effects of the financing and
monitoring channels. While we lack a clear empirical method to quantify the magnitude of

each of the three channels individually, we can demonstrate that our results hold in the
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cross-section. This implies that investments were more successful when made during periods
when the fund was younger than the average active fund. This finding supports a sorting
narrative in which higher-quality startups benefit from choosing funds of equal quality that
are younger than their competitors at the time of investment. Our hypothesis is that time
plays an important role in a VC fund’s value proposition.

In our test, shown in Table 2 Column 5, we assess the impact of competition on our equi-
librium result and attempt to isolate the startup’s preferential sorting channel. To evaluate
market conditions at the time of investment, we flag all funds younger than the average age
of all active funds each year. Our null hypothesis is that there should be no difference in a
startup’s performance when the investment is made by a fund that is younger than the other
active funds in that year after we control for a fund’s age. We find that investments made
by funds younger than the average active fund in that year are 8pp more likely to experience
a successful exit, equivalent to a 34% increase compared to the unconditional probability of

an exit.

3.3.5 Extensions

Finally, we address three alternative explanations for our empirical findings. One possible
explanation is that fund managers engage in ‘window dressing’ (Lakonishok et al., 1991) to
make their funds look appealing to potential limited partners (LPs). Many VC firms aim to
raise new capital from LPs and open a new fund as they approach the end of the investment
period of their current fund. This ‘window dressing’ behavior incentivizes fund managers to
allocate promising investments to young funds, enabling them to present appealing perfor-
mance to potential investors they hope to attract to the new fund.

Indeed, Gompers (1996) and Chakraborty and Ewens (2018) show that fundraising incen-
tives impact investment decisions at the VC firm and fund levels, respectively. Specifically,
Gompers (1996) documents that investments made by younger VC firms are more likely to go
public. An important distinction between our study and Gompers (1996) lies in the definition
of age: we refer to the age of the fund, whereas Gompers’ study refers to the age of the VC
firm. Our phenomenon occurs at the fund level, while Gompers’ findings pertain to the firm
level. In Gompers (1996), younger VC firms face greater information asymmetries regarding
their quality and use early exits as a signal of quality to build a reputation. In contrast, in
our study, younger VC funds have a longer remaining fund life and can, therefore, provide
more monitoring and a higher likelihood of follow-on funding to startups. Notably, even an
experienced, established VC firm starting a new fund will have that fund’s age reset to zero
in our setting.

Chakraborty and Ewens (2018) shows that VC firms delay write-offs of and reinvestments
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in lower-quality portfolio companies at existing funds until after the new fund is raised. In
contrast to Chakraborty and Ewens (2018), we analyze exits and follow-on funding of port-
folio companies during the entire life of VC funds, and not just around fundraising periods.
This is important because delaying negative information about startups while fundraising
should not change the overall likelihood of a startup exiting successfully or raising follow-on
funding.

However, such behavior is more likely among young VC funds and less likely among
reputable VCs who maintain ongoing relationships with LPs. VCs who engage in ‘window
dressing’ might lose their investors’ trust and severely damage their brand as they have a
fiduciary duty to maximize their investors’ returns, and such behavior would jeopardize their
practice.

Nevertheless, we test this possibility by limiting our sample to standalone funds. VC
firms that manage only a single fund cannot allocate good opportunities found late in the
fund’s lifecycle into a new and younger fund. Fund age remains negatively correlated with the
likelihood of exiting and the number of follow-on rounds, with coefficient estimates similar
in magnitude to those in our baseline regressions (Columns 1 and 2 of Table 4).

A second possible explanation for our results lies in the funds’ endogenous decision to
initiate new funds. While VC firms likely time the initiation of a new fund based on the
availability of an attractive investment opportunity, they cannot alter a fund’s age once it
begins investing. Therefore, it is possible that the first investment opportunity is what drives
our results but not the ones that follow. To address this potential selection bias, we exclude
the first investment made by each fund and rerun our analysis. The aim of this approach is
to eliminate the effect of the VC firm’s decision to start a new fund in response to a specific
investment opportunity. Our results remain robust when excluding funds’ first investments,
weakening the possibility that this selection phenomenon drives our results (Columns 3 and
4 of Table 4).

A third possible alternative explanation relates to the uniqueness of the Israeli market.
The effect of fund age might be unique to Israeli startups due to unknown and unobserved
factors. To address this possibility and to test the external validity of our results, we re-
run our baseline tests on a sample of VC-backed startups from the United States that we
constructed using data from PitchBook. While data from PitchBook are commonly used by
papers studying the VC industry (Gompers et al., 2021; Lerner and Nanda, 2023; Yimfor
and Garfinkel, 2023, to name a few), these data have several limitations for the context of
our study. First, PitchBook does not have the entire universe of VC deals in the US. In
contrast, the IVC data contains the near-universe of VC-backed startups in Israel. This is

especially important for our mechanism tests. Specifically, having the population of active
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VC funds and startup exits allows us to precisely define the “older-than-mean” and “industry
financial intensity” measures. Second, we lose 62% of investments by VCs in US startups in
the PitchBook data because of missing fund IDs. However, our analysis crucially depends on
being able to link investments to VC funds, and not just VC firms, because our identifying
variation comes from changes in fund age.

Although the PitchBook data has all these limitations in the context of our study, it still
allows us to construct the variables needed for our baseline regressions—namely, fund age,
exits, and follow-on investments. We follow the same sample construction steps used for the
IVC data. The ‘investment-level dataset” includes 99,217 investments in 28,914 startups by
6,681 VC funds, and the ‘startup-level dataset’ includes 14,626 single-investor seed round
investments by 4,683 VC funds, with 32% of startups achieving a successful exit. We find
negative and statistically significant correlations between fund age at the time of the initial
investment and both the likelihood of exit and follow-on investments, suggesting that our
baseline results are not unique to the Israeli market (Columns 5 and 6 of Table 4).

Taken together, these additional analyses reinforce the robustness of our findings, indicat-
ing that the negative relationship between fund age and both exit likelihood and follow-on
investments is consistent across different contexts and not driven by potential biases or

unique characteristics of the Israeli market.

4 Conclusion

This paper develops an equilibrium model and provides empirical evidence highlighting the
importance of VC fund age and entrepreneurs’ fund selection in the matching process be-
tween startups and venture capital funds. Our model attributes the superior performance of
startups matched with younger funds to three key channels: additional financing, extended
monitoring, and the preferential sorting of higher-quality startups into younger funds. Uti-
lizing a comprehensive dataset of Israeli VC-backed startups, we find empirical support con-
sistent with our theoretical predictions. Our results suggest diminishing returns over time at
the fund level, suggesting that a fund’s age significantly influences its attractiveness to star-
tups through the provision of professional monitoring and substantial in-the-money options
for follow-on investments.

Our analysis is robust across various empirical strategies and datasets, underscoring the
generalization of our findings. These results have important implications for the venture cap-
ital industry, suggesting that increased flexibility around fund liquidation requirements could
enhance fund performance. Extending fund durations, adopting longer follow-on investment

horizons, and investing in enhanced monitoring capabilities may provide competitive advan-
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tages to VC funds.

Future research could explore whether the financing and monitoring channels act as sub-
stitutes or complements. For instance, additional capital might compensate for less intensive
professional monitoring, prompting funds that cannot generate value through monitoring to
invest in fewer companies or make larger investments in individual startups. Moreover, inves-
tigating potential heterogeneous effects by fund quality could yield valuable insights. While
our model assumes homogeneity in fund quality, understanding how variations in quality
interact with fund age in the matching process may reveal significant differences in value
creation among VC funds.

Our research underscores the critical impact of investment timing within the lifecycle
of VC funds on startup success. The findings suggest that early-stage investments benefit
from extended monitoring and the potential for follow-on funding, contributing to higher
success rates. These insights have practical implications for both venture capitalists and
entrepreneurs, emphasizing the strategic importance of timing in investment decisions.

Additionally, our study contributes to the broader literature by offering a nuanced per-
spective on venture capital funds’ lifecycle. By integrating theoretical modeling with empiri-
cal analysis, we provide a comprehensive framework for understanding the temporal dynamics
of VC investments. Future research could build on our findings by examining how factors
such as a VC firm’s experience and network, the startup’s industry sector, and macroeco-
nomic conditions influence investment timing and outcomes. Another promising avenue for
future research would be to compare the temporal dynamics observed in venture capital
funds to those in other types of investment funds that operate under less restrictive time
horizons.

In conclusion, our study highlights the pivotal role of timing in venture capital invest-
ments and suggests that strategic adjustments in the lifecycle and operational practices of
VC funds could enhance their performance. By elucidating the temporal considerations in
VC investment strategies, this research offers valuable insights for improving the efficacy of

venture capital funding in fostering innovation and economic growth.
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Figures
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Figure 1. Stock of funds and startups in the model. Each mark on the timeline
represents one period. The active status of funds and the entry of new startups are shown
below the timeline. ” Young Fund” and "Mature Fund” indicate different stages of the fund’s

life cycle, while ”Startup type H” and ”Startup type L” represent high-potential and low-
potential startup types, respectively.
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Figure 2. Belief updating throughout the fund’s lifecycle. Beliefs about startup quality evolve throughout a fund’s
lifecycle. Initially, the fund is matched with a startup of type i during its early stages (”Young”). Through financing and
monitoring, the fund updates its belief about the startup’s quality based on signals received each period. In the blue scenario,
the fund and startup ¢ sign a follow-on contract as the fund matures. In the red scenario, no follow-on investment occurs, and
the fund is matched with a new startup of type 5 when it reaches the mature stage. Equations in the diagram reflect the update
process, with variables representing initial quality (uf, i), signal-based updates (s,,, s;), and cumulative precision (7) values
at each stage.
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Figure 3. Model simulations with 2 = 0.1, v = 1, 7, = 77 = 0.5, pf = 0 and uff
varying from 0 to 5. For each value of uf’ we calculate the gap between the expected value
of a startup matched with a young fund and a startup matched with a mature fund. The
gap is displayed in log terms, once for our baseline model (in blue) with sorting and once for
an alternative model in which matching between startups and funds is random (in red).
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measures the number of days between that investment and every subsequent investment made by the same
fund. These days are then converted into years for analysis, with any follow-on investments excluded from the
calculation.
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average age, and classify funds as “old” if they exceed this average. All follow-on investments are excluded

from this analysis.



Tables

Table 1. Summary Statistics - IVC

Panel A: Investment Level - All Rounds

N Exits IPOs M&As
Startups 2,267 525 62 472
Num. of Startups Per Fund

N Mean Min Median Max
Funds 416 8.20 2 8 31
Years Since Inception

N  Mean Min Median Max
Deals (Exc. follow-ons) 3,633  1.79 0 147 14.78
Investment Amount ($M)

N Mean Min Median Max

Total 3,633 12.0 0.005 5 1300
Seed Round 1,795 5.6 0.005 3 600
First Round 950 9.3 0.02 5 143
Second Round 418 14.9 0.02 10 132
Third Round 236 24.9 0.2 16 250
Fourth Round 119 53.3 0.3 25 1300
Fifth Round 59 50.9 0.1 30 250
Sixth Round 22 56.6  0.755 37 300
Seventh Round 10 51.8 2.5 38 238
Eighth Round 13 59.0 5 25 200
Ninth Round 11 63.0 10 47 320

Panel B: Startup Level - Single Investor, Seed Round Only

N Exits IPOs M&As
Startups 1,049 245 17 232
Num. of Startup Per Fund

N Mean Min Median Max
Funds 205 5.12 2 4 25
Years Since Inception

N Mean Min Median Max
Deals (Exc. follow-ons) 1,049 1.96 0 1.58  15.12
Num. of Follow-ons

N  Mean Min Median Max
1,091 1.04 0 1 8
Investment Amount ($M)

N Mean Min Median Max
Seed Round 1,049 3.92 .0.005 1.7 600
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Table 2. Baseline results - Fund age as the variable of interest
OLS regression results. The dependent variable in regressions (1) and (3)-(5) is a dummy equal one if the startup undergoes an
IPO or an M&A ("Exit”). In regression (2), the dependent variable is the number of follow-on investments the startup received.
Fund Age measures the fund’s age at the time of investment, Financial Intensity is an industry-level inverse exit multiple,
Specialist is a dummy turning one if the fund is a sector specialist, and Fund Older than Mean is a dummy turning one if the
fund is older than the average active fund that year. Controls include the logarithm of the total deal amount and the number
of portfolio companies in the fund at the time of investment, with fixed effects for deal year, investor country, industry, and
fund. The sample includes only seed-stage startups that received investments from a single VC fund, provided the fund had
invested in at least two different startups. Standard errors clustered at the deal year and investor country levels are shown in

parentheses. *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
Baseline Financing  Monitoring  Selection
Exits Follow-on Exits Exits Exits
Fund Age -0.0477FFF (0.282%F* -0.0184%F**  _0.0347***  -0.0449***
(0.00352)  (0.0477) (0.00136)  (0.00501)  (0.00331)
Fund Age x Financial Intensity -0.0177**
(0.00568)
Fund Age x Specialist -0.0634%**
(0.0102)
Fund Older than Mean -0.0787***
(0.0169)
Num. of Port. Comp. -0.00471F%%  0.00454 -0.00565* %% -0.00580***  -0.00274**
(0.00103)  (0.00407) (0.00113)  (0.00143)  (0.000978)
Ln(Deal Amount) 0.0119 0.120%** 0.0118 0.0126 0.0120
(0.0128)  (0.0247) (0.0125) (0.0123)  (0.0123)
Observations 1,049 1,049 1,049 1,049 1,049
R-squared 0.359 0.364 0.359 0.362 0.361
Deal Year FE Yes Yes Yes Yes Yes
Investor Country FE Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes

Fund FE Yes Yes Yes Yes Yes




Table 3. Follow on investments regressed against years since inception

OLS regressions examining the number of follow-on investments made by the same fund as
a function of the years since the fund’s inception. Regression (1) is conducted at the startup
level, while regressions (2) and (3) are conducted at the investment level. All models include
controls for the logarithm of the deal amount and the number of portfolio companies in
the fund at the time of investment. Additionally, regression (2) incorporates the age of the
startup at the time of investment. Each model includes fixed effects for deal year, industry,
investor country, and fund. Regression (2) further includes round fixed effects, and regression
(3) adds startup fixed effects. The analyses include funds with investments in at least two
distinct startups and firms backed by at least two different funds when startup fixed effects
are applied. Standard errors clustered at the deal year and investor country levels are shown
in parentheses. *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels,
respectively.

Follow-on  Follow-on  Follow-on
Fund Age -0.282%FF*  _0.261%F*  -(.335%K*

(0.0477) (0.0444) (0.0240)
Num. of Port. Comp. 0.00454  0.00529**  0.00771***

(0.00407)  (0.00201) (0.00139)
Ln(Deal Amount) 0.120%**  0.0707***  -0.181%***

(0.0247) (0.0181) (0.0441)
Startup Age on Deal Date -0.0171%**

(0.00464)

Sample Level Startup  Investment Investment
Observations 1,049 3,633 2,168
R-squared 0.364 0.320 0.922
Deal Year FE Yes Yes Yes
Investor Country FE Yes Yes Yes
Industry FE Yes Yes No
Fund FE Yes Yes Yes
Round FE No Yes No
Startup FE No No Yes
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Table 4. Alternative Explanations
OLS regression results examining the effects of fund age on follow-on investments and exit outcomes for startups. In regressions
(1), (3), and (5), the dependent variable is a dummy equal one if the startup undergoes an IPO, sale, merger, or acquisition
("Exit”). In regressions (2), (4), and (6), the dependent variable is the number of follow-on investments the startup received.
The variable Fund Age represents the age of the fund at the time of investment. All control for the logarithm of the total deal
amount and the number of portfolio companies in the fund at the time of investment. Additionally, regressions (2), (4), and (6)
incorporate the age of the startup at the time of investment. Each model includes fixed effects for deal year, industry, investor
country, and fund. Regression (2), (4), and (6) further include round fixed effects. The sample is restricted to seed-stage startups
receiving investment from a single VC fund, where the fund has invested in at least two different startups. Regressions (1) and
(2) include only standalone funds or single-fund VC firms, regressions (3) and (4) exclude each fund’s first investment, and
regressions (5) and (6) use a sample of US startups from Pitchbook. Standard errors clustered at the deal year and investor
country levels are shown in parentheses. *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Standalone No First Inv. PitchBook
Exits Follow-on Exits Follow-on Exits Follow-on
Fund Age -0.0578%  -0.417*** -0.0754%%  -0.342%** -0.00843***  -0.0521%**
(0.0220) (0.100) (0.0233) (0.0405) (0.00198) (0.0106)
Num. of Port. Comp. -0.00419* 0.0125%* -0.000835  0.0124%** -0.00168***  -0.00584***
(0.00158)  (0.00459) (0.00346)  (0.00104) (0.000406)  (0.000314)
Ln(Deal Amount) 0.00623 0.0363 0.0107 0.729%* 0.0269*%**  -0.00845***
(0.0108) (0.0312) (0.0110) (0.0139) (0.000642) (0.00265)
Startup Age on Deal Date -0.00373 -0.270%*** -0.0258*#*
(0.0175) (0.00263) (0.00169)
Sample Level Startup  Investment Startup  Investment Startup Investment
Observations 230 959 927 3,223 10,864 69,440
R-squared 0.430 0.356 0.361 0.327 0.474 0.249
Deal Year FE Yes Yes Yes Yes Yes Yes
Investor Country FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Fund FE Yes Yes Yes Yes Yes Yes

Round FE No Yes No Yes No Yes




Appendix

Table A.1. Theoretical and Empirical Models Notation

Panel A: Theoretical Model

Variable Notation Description

True Quality 0 True quality of the startup

Expected Quality 1t Expected quality of the startup ¢ periods after
initial match with a fund

Belief Precision Vi Precision of belief about quality of the startup

Type H, L Startup type high and low, respectively

Investment x Investment made in a financing round

Signals sl sm Signals from financing and monitoring, respec-
tively

Signal Precision v, 4™ Precision of the financing and monitoring sig-
nals, respectively

Financing Indicator H{ Equals one if financing was provided in period
t

Expected Quality variance Jfﬂmf Variance of p;.1 given financing decision in

' period t

Follow-on Threshold T A threshold for expected quality above which
a follow-on occurs

Risk-Free Rate R Gross risk-free rate, assumed to equal 1

Shares A(Y) Ownership share given to investors

Value V() Value of the startup

Entrepreneur’s Profit UP(") Entrepreneur’s profit from a match with a
fund

Gains GFP(),GF(.) | Expected gains from a follow-on investment

for the entrepreneur and the fund, respec-
tively, above and beyond their outside option
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Panel B: Empirical Model

Exits

Fund Age

Deal Amount

Startup Age

Exit,

FundAge,

StartupAges,

Financial Intensity Index | Fin.Intensity,

Specialist indicator

I{Specialist,}

Ln(Deal Amount)s

A dummy variable turning one if the
startup experienced a successful exit.

Years since inception of the fund

Total dollar amount invested in a startup
by all investors in a specific round of
funding

Years since a startup received its initial
seed investment

An industry-level financial intensity
measure capturing the inverse of the av-
erage investment multiples collapsed at
the industry level

A dummy variable turning one if the VC
fund invested in two or less different in-
dustries

A Proofs

A.1 Proof of Proposition 1

Rearranging (8) yields that a fund will make a follow-on investment if and only if:

exp(p) (Awl) exp (03) + A1) [exp (303,) — exp (303)] ) >

M) exp (1 + 307)  (22)

Note that the left-hand-side of the above equation is increasing in p;:

0

A1) + X(Nl)] exp ( ‘72|1) +

O

——LHS = exp() (l

22 /(exp(u1)+2)?
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Thus, there is a threshold T (i, ) such that (8) holds if and only if yy > T and T
is increasing in g and g,

Condition (9) for the entrepreneur to accept the contract is met if and only if:

M) < [1= M) [1 = exp (o3 — o)) (21)

Since 0§|0 < Ugu, the right-hand-side of the above inequality is positive. Furthermore
N(p1) <0, so there is a threshold T (pf) such Condition (9) holds if and only if y; > TF,
and TF is decreasing in p.

Denote T% = max {TF (u}, 1), T (1%) } then both agents agree to the follow-on contract
if and only if y; > T%. Furthermore, T%’ increases with p%.

O

A.2 Proof of Lemma 3

Consider an entrepreneur matched with a young fund. Let G (|, ,ug) denote her expected
gain from a follow-on investment above and beyond her outside option of receiving only

monitoring (see Equations 11 and 12 in the body of the paper), then:

G (|, 1) =
[1 = M) — Apua)] exp (m + %0§|1> — [1 = A(p)] exp <N1 + %U§|o> if yuy > T

0 otherwise

(25)

The definition of T implies that G¥(u;) > 0 for p; > T% (see Proposition 1). Thus,
E [GE(,ulmf), ,u{))} > 0. In fact, this expression captures the option value of follow-on invest-

ment from the entrepreneur’s point of view.
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The expected profit for an entrepreneur matched with a young fund is therefore:

U* (younglu, 1) =
(1= M) [exp (1 + S030) i < T, | Pr(y < T)+
B (1= M) = X)) exp (s + 303, | > T, 1) Pr(un > T%9) =
1= X)) B [eXp (11 + 393)0) ué] + B [G"(alph, 1)] =
(1= A(u)] exp (1 + 507 + 3030) + B [GF (|t 118)] =
U* (maturelug) exp(3030) + B [G® (g, 1)), (26)

C(nyﬂé)

where exp(%aglo) > 1 captures the value of an additional period of monitoring and
C(ub, 1d) = E [GF(ua|pb, 11)] > 0 is the follow-on option value.
O

A.3 Proof of Proposition 4

Suppose the young fund’s outside option when it is mature is match with a startup of type
j. Suppose the fund matched with a startup of type ¢ when it was young, and after the
first investment, the startup’s quality is expected to be pi. According to Proposition 1, a
follow-on investment will not take place if u; < 7%, In this case, the fund will offer startup
1 one period of monitoring and will invest = in its outside option - the type-j startup. The

expected value of this outside option, given p;, is:
Atp) exp (1 + 3030) + A1) exp (p + 501) — . (27)

However, if 1 > T%, a follow-on investment will take place and provide the fund with an

expected profit of:
X(1) + Apa)] exp (1 + %Ugu) -
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Let GT (1|11, 11f)) denote the fund’s expected gain above and beyond its outside option (27),
then:

G" (|, 123) =

[A(k5) + )] exp (m + %OSQ — A(up) exp (/u + %Uim) = A(p) exp (uh + 307)  if g > T

0 otherwise

Now, let us consider the fund’s incentives when it is young. Its expected profit from

investing in type ¢ is:

Pr(p < T%|ub) [ A(ub)E (exp(un + Sod0) i < T) + AGad) exp(us + 37| +

Pr(r > T|ub) B (IA(h) + Ajar)] explpn + So3)

> T“) o=
AUE [oxp (s -+ 103)

Aup) exp(pf) exp (307 + 3030) + M) exp (1 + 307) + E [GF (palphy, )] — 22 (29)

ué] + Aud) exp (i + 507) + B [GT (b, 185)] — 22 =

zexp(u)

Lemma 6. The function A(p)exp(p) = e IS increasing in ju.

Lemma 6 implies that the first argument in (29) is increasing in ). It remains to show
that F(ud) = E [GF (ui|ph, 113)] is also increasing in .
Note that

F(uh) = E [G"(mi|ug, 1)) = E [GF(ULZ + g, 1) |z >

T — py
01 '
where z ~ N(0, 1).

Following the Leibniz integral rule:

. T — ,ui) {8Ti’j ]
] 0
; —— 1|+
Ho No) ¢ ( o1 By,

/

> 0 AN
Jros € (5 il i) o202 (30)

N J/
-~

B

F'(ug) = =G (T

-
A

As for argument A in Equation (30), there are two possibilities. If 7% = T (, 1) then
by definition, GF(T*) = 0 and argument A nullifies. Otherwise, 7% = TF(ui), in which
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case < 0 (see proof of Proposition 1) and argument A is positive.

5 ué,u?)) >0

The positivity of argument B will follow from showing that -2 G* (Ulz +

T3 — .
for z > ——*¢ 1In that region:
o1

GF (0'12 + //Lé

poo 1) = M) + Aoz + )] exp (o1 + gy + S,) —

M) exp (012 + i + %Ugm) — A1) exp (,ug +10}) =

Ap) exp(pp) [exp(o12 + 303y,) — exp(orz + 305)] +
Moz + ph) exp(o12 + ) exp(303,) — A(p) exp (1 + 307) - (31)

Lemma 6 implies that A(u) exp(uf) and A(oy2z + ) exp(o1z + pf) are increasing in pf),

so GF <012 + pb | pd, 11 ) is also increasing in pf.

]
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Table A.2. OLS robustness tests - Fund age as the variable of interest
OLS regression results. The dependent variable in regressions (1)-(5) is a dummy equal one if the startup undergoes an IPO,
sale, merger, or acquisition ("Exit”). Fund Age measures the fund’s age at the time of investment. All regressions control for
the logarithm of the total deal amount. Additionally, regressions include deal year, investor country, industry, fund fixed effects,
and the number of portfolio companies, as mentioned in the table. The sample includes only seed-stage startups that received
investments from a single VC fund, provided the fund had invested in at least two different startups. Standard errors clustered

at the deal year and investor country levels are shown in parentheses. *, ** and *** denote statistical significance at the 10%),
5%, and 1% levels, respectively.
Exits Exits Exits Exits Exits
Fund Age -0.00802* -0.00532**  -0.00468** -0.0675%**  -0.0477***
(0.00387)  (0.00217)  (0.00184)  (0.00850)  (0.00352)
Ln(Deal Amount) 0.0324**  0.0406™***  0.0363*** 0.0127 0.0119
(0.0130)  (0.00803)  (0.00796)  (0.0121)  (0.0128)
Num. of Port. Comp. -0.00471***
(0.000120)
Observations 1,155 1,153 1,153 1,049 1,049
R-squared 0.110 0.128 0.154 0.357 0.359
Deal Year FE Yes Yes Yes Yes Yes
Investor Country FE No Yes Yes Yes Yes
Industry FE No No Yes Yes Yes

Fund FE No No No Yes Yes




Ly

Table A.3. Logit robustness tests - Fund age as the variable of interest

Logit regression results. The dependent variable in regressions (1)-(5) is a dummy equal one if the startup undergoes an IPO,
sale, merger, or acquisition ("Exit”). Fund Age measures the fund’s age at the time of investment. All regressions control for
the logarithm of the total deal amount. Additionally, regressions include deal year, investor country, industry, fund fixed effects,
and the number of portfolio companies, as mentioned in the table. The sample includes only seed-stage startups that received
investments from a single VC fund, provided the fund had invested in at least two different startups. Standard errors clustered
at the deal year and investor country levels are shown in parentheses. *, ** and *** denote statistical significance at the 10%),
5%, and 1% levels, respectively.

Exits Exits Exits Exits Exits
Fund Age -0.0655***  -0.0451* -0.0516* -0.636™*  -0.566
(0.0238)  (0.0258) (0.0283)  (0.308)  (0.351)
Ln(Deal Amount) 0.220%**  0.283*%F (0.274***  0.0653  0.0642
(0.0828)  (0.0876) (0.0953) (0.104)  (0.106)
Num. of Port. Comp. -0.0142
(0.0377)
Observations 1,155 1,146 1,146 658 658
Deal Year FE Yes Yes Yes Yes Yes
Investor Country FE No Yes Yes Yes Yes
Industry FE No No Yes Yes Yes

Fund FE No No No Yes Yes
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