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I.

Introduction

One of the distinctive features of private equity as an asset class has been long-term persistence in the relative performance of private equity partnerships. Kaplan and Schoar
(2005), for example, found correlations of nearly 0.5 between the returns of one fund and
the next within a given private equity firm. Among venture capital (VC) funds, they report
even higher levels of persistence, with correlations approaching 0.7 (see also, Phalippou and
Gottschalg, 2009; Robinson and Sensoy, 2013; Harris et al., 2014; Ewens and Rhodes-Kropf,
2015; Korteweg and Sørensen, 2017). By contrast, persistence has been almost non-existent
among asset managers operating in the public equity markets, such as mutual funds and
hedge funds (for reviews, see Ferson, 2010; Wermers, 2011).
The most common interpretation of this persistence has been that private equity fund
managers differ in their quality. Some managers, for example, may have a stronger ability
to distinguish better investments from worse ones. Or, they may differ in the degrees to
which they add value post-investment—for instance, by providing strategic advice to their
portfolio companies or by helping them to recruit able executives. Consistent with this
interpretation, even within venture capital partnerships, Ewens and Rhodes-Kropf (2015)
reported large and persistent differences in investment performance across the individual
partners of those funds.
This inference of quality differences across private equity investors, however, has relied
on indirect evidence. Although Ewens and Rhodes-Kropf (2015) documented persistence
at the level of the individual partner, they did not attempt to decompose the sources of
that individual-level persistence. Fund-level studies, moreover, have had limited ability
to account for investment-level factors that influence performance. Persistence might, for
example, occur simply because managers focus their investments in particular regions and
industries (Sorenson and Stuart, 2001). If those segments differ in terms of their positions in
long-run cycles or in their levels of competition among private equity firms (e.g., Gompers
and Lerner, 2000), then one could observe serial correlation due to inertia in the contexts in
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which firms invest rather than because some venture capitalists prove better than others at
selecting, monitoring or advising their portfolio companies.
To gain greater insight into the sources of persistence, we shift the unit of analysis to the
individual investment, similar to Ewens and Rhodes-Kropf (2015). But whereas they do so
to estimate persistence at the partner level, we do so, in large part, to decompose the extent
to which persistence stems from specific target companies versus from investing in particular
industries and regions at particular points in time. Examining persistence in performance
at the individual investment level also allows us to include all investors over an extended
period of time, as opposed to considering only the subset of firms and time periods for which
fund-level returns have been available.
We focus our analysis on the venture capital segment of private equity for two reasons.
First, it has had the highest levels of performance persistence (Kaplan and Schoar, 2005; Harris et al., 2014). Second, our shift in unit of analysis requires an investment-level performance
measure. Although information on investment-level – as opposed to fund-level – returns has
been available for select subsets of investors, one can determine for all startups whether they
went public or were acquired. Since these forms of investment exits produce nearly all of
the positive returns in venture capital (Cumming and MacIntosh, 2003; Cochrane, 2005),
the rates of these events within a particular VC fund correlate highly with fund returns
(Phalippou and Gottschalg, 2009).
Consistent with prior studies of returns at the fund-level, we find high levels of performance persistence at the investment-level across VC firms. For example, a 10 percentage
point higher IPO rate among a VC firm’s first ten investments – that is, one additional IPO
– predicts a more than 1.6 percentage point higher IPO rate for all subsequent investments
by that firm, relative to a VC firm with one fewer IPO among its first 10 investments. Given
that fewer than one in five investments in our sample resulted in an IPO, that amounts to
an 8% higher likelihood of a public offering over the baseline.
Year-state-industry-stage intercepts at the investment level absorb roughly half of this
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gross persistence. In other words, differences in where, when, and how venture capital firms
invest account for much of the overall persistence in performance across VC firms. But even
among VC firms investing in the same stages in the same industries in the same states in the
same years, a 10 percentage point higher IPO rate among a VC firm’s first ten investments
predicts a roughly 4.3% higher IPO rate for the firm’s subsequent investments.
The strength of this persistence in success rates nevertheless attenuates over time. Some
of this attenuation stems from attrition: VC firms with few IPOs or exits among their initial
investments presumably find it difficult to raise a subsequent fund (Kaplan and Schoar, 2005).
Long-term convergence in performance across VC firms nevertheless accounts for most of the
attenuation. Using a number of different estimation techniques, our investment-level results
reveal that venture capital performance exhibits mean reversion (for parallel results at the
fund level, see Harris et al., 2014), just as one finds in other asset classes.
But performance differences still persist for long periods of time, on the order of a decade
or more. What might account for that persistence? Analyzing performance at the investment level allows us to document a number of additional facts that provide insight into the
probable source of the persistence. Initial success, for example, appears to stem in large part
from investing in the right places at the right times. Indeed, our analyses reveal that the
average IPO and exit rates for all investments made by other VC firms in the same yearstate-industry-stage segments as the focal VC firm’s initial investments strongly predict the
observed success rates for the focal VC firm’s initial investments. Initial success therefore
stems not so much from choosing the right companies or from nurturing them but from
investing in the right places at the right times.
Interestingly, initial success, itself, rather than some underlying characteristic of the VC
firms appears to account even for the apparent within-segment persistence. Regressions
using the average rates of success among other VC firms as an instrument for a focal VC
firm’s initial success – thereby purging the focal VC firm’s unobserved ability in choosing
and cultivating specific investments from the estimates – generated as large estimates of
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persistence as the naı̈ve linear regressions. Although venture capitalists add value to startups
through the provision of capital and through mentoring and monitoring (e.g., Hellmann and
Puri, 2002; Bernstein et al., 2016), differences across venture capitalists in their ability to
select and nurture specific companies appears to play little if any role in accounting for
performance persistence.
VC firms may nevertheless differ in their ability to select investments based not on identifying specific startups but on spotting emerging trends and technologies. In other words, VC
firms may vary in their aptitude for choosing attractive segments. But we find no evidence
that venture capitalists persist in their selection of attractive segments. VC firms that had
invested initially in attractive industries and regions continue to invest in them and those
segments often continue to experience above-average exit rates. But when choosing industries and regions in which they had not previously invested, VC firms that had enjoyed initial
success displayed no better ability than those that had not in selecting promising segments.
Initial success does, however, lead to changes in how venture capitalists invest. VC firms
enjoying early success began to invest more and in larger syndicates. They became more
central in the community, allowing them access to a larger selection of deals (Sorenson and
Stuart, 2001). VC firms with higher levels of initial success also shifted their investments
away from the first round of financing, where assessing the potential of a startup proves
most difficult. Firms without access to syndicated rounds may need to focus more on early
stages to “get into” promising startups, while those with access have the luxury of investing
later, after some of the uncertainty surrounding the startup’s prospects has been resolved.
Adjusting for these differences eliminates most of the remaining performance persistence
within a particular region, industry, investment stage, and year.
This pattern of results appears most consistent with performance persistence in venture
capital arising from differential access to deal flow. Venture capital operates as a twosided market. Offering the best price or the first bid does not guarantee an investment.
Entrepreneurs can often choose among competing investors. Venture capitalists similarly
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have a say in selecting their syndicate partners. To the extent that entrepreneurs and other
venture capitalists believe that VC firms differ in their ability to add value to firms, they
prefer partners perceived as more able. Hsu (2004), in fact, found that entrepreneurs accept
lower valuations and less attractive terms from more prestigious VC firms when choosing
between offers. Prominent VC firms also gain access to a wider and better range of investment
opportunities through syndicate partners who want to co-invest with them (Sorenson and
Stuart, 2001; Hochberg et al., 2007).
Despite their beliefs about the importance of these quality differences, entrepreneurs and
other venture capitalists have little on which to base their assessments of VC firm quality
(Korteweg and Sørensen, 2017). Even ex post they cannot determine whether another VC
firm might have generated more value for a particular venture. In such situations, initial
differences in success – even due to chance events – could lead others to perceive a venture
capitalist as higher quality, allowing that investor to access attractive deals. Even with no
unusual ability to select investments or to nurture them to success, this access advantage
allows successful VC firms to invest in more promising startups, thereby perpetuating their
initial success.
Our results connect to several strands of the finance literature. Most directly, they
advance the literature examining persistence in the performance of venture capital firms.
Our investment-level analyses suggest that initial success matters for the long-run success of
VC firms, but that these differences attenuate over time and converge to a long-run average
across all VC firms. Although these early differences in performance appear to depend on
being in the right place at the right time, they become self-reinforcing as entrepreneurs
and others interpret early success as evidence of differences in quality, giving successful VC
firms preferential access to and terms in investments. This fact may help to explain why
persistence has been documented in private equity but not among mutual funds or hedge
funds, as firms investing in public debt and equities need not compete for access to deals. It
may also explain why persistence among buyout funds has declined as that niche has become
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more crowded (Harris et al., 2014; Braun et al., 2017).
Interestingly, even if persistence emerges from access advantages rather than from differences in ability, investors in the asset class – the limited partners – would still prefer
to invest in the historically-successful firms, especially in terms of performance net of the
industries, regions, and stages in which they invested. Persistence due to where venture
capitalists invest might simply reflect differences in the underlying risks associated with the
VC firms’ portfolios, the betas. But preferential access to deal flow could not only raise
the expected returns of funds but also reduce their riskiness. Not surprisingly then, VC
firms that have enjoyed success in their earlier funds raise larger funds and raise them more
frequently (Gompers et al., 1998; Kaplan and Schoar, 2005).
More broadly, our results contribute to a recent literature on how initial differences,
even if largely due to exogenous events, can have long-lasting consequences. Oyer (2008),
Kahn (2010), Oreopoulos et al. (2012) and others, for example, have found that graduating
during a recession can lead individuals to pursue different career paths, with those entering
the labor market during these downturns never reaching the income trajectories of their
peers who entered during better economic times. Schoar and Zuo (2017) have similarly
demonstrated that CEOs who began their careers in recessions lead smaller firms and manage
them more conservatively, in terms of investing less in capital expenditures and research and
development and in terms of more aggressively avoiding taxes and managing costs. Our
results point to a similar sort of long-term effect associated with VC firms being in the right
place at the right time. In part, initial differences in success lead VC firms to pursue different
investing paths, moving away from the first round and into larger, syndicated investments.
But in part, these initial differences create beliefs about the ability of the venture capitalists
that become self-confirming as investors, entrepreneurs, and others act on them.

7

II.

Data

We analyze data drawn from the VentureXpert database maintained by Thomson Reuters,
which includes round-level information on venture capital investments around the world.
VentureXpert has unique investor- and portfolio company-identifiers that allow us to trace
the outcomes of individual portfolio companies and to construct the entire investment histories of nearly all VC firms. Although no data source offers complete coverage of all venture
investments, Kaplan and Lerner (2017) noted that VentureXpert has better coverage than
the primary alternatives at the level of individual investment rounds.1
We limit our analysis to investments made between 1961 and 2008. Two factors dictated
our choice of starting year: On the one hand, since our core analysis correlates the success of
a VC firm’s initial investments with success in the same VC firm’s subsequent investments,
a later start date, such as 1980, would exclude several prominent investors, such as KleinerPerkins and Sequoia. On the other hand, the earliest information on investments might
have been collected retrospectively and therefore open to survival bias. Kaplan and Lerner
(2017) reported that the firm that initiated the VentureXpert survey and database, which
Thomson Reuters eventually acquired, began operations in 1961. Information prior to that
year would have been collected retrospectively, so we exclude VC firms that began investing
prior to 1961 from the analysis. The results nevertheless remain unchanged if we restrict the
sample to VC firms that began investing after 1980, and Table 3 further demonstrates that
our results remain robust over shorter sub-periods.
Our choice of ending year similarly balances the long time required for a venture to
achieve a successful exit with the smaller samples arising from earlier end dates. Although our
download of the data includes information through 2016, we limit the analysis to investments
1

VentureXpert under reports the proportion of companies that have failed (leaving them coded as ongoing
concerns), but this fact should not bias our results as we focus only on successful exits, through IPOs and
through trade sales. VentureXpert also misses some investments (Kaplan et al., 2002). Through extensive
comparison of the data to other sources, however, we have determined that VentureXpert misses no more
than about 10% of the relevant deals. Even if not random, such a low level of missing observations should
not meaningfully influence our results.
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made by 2008 so that we have sufficient time to observe whether those portfolio companies
went public or were acquired. That is, we include outcomes observed through 2016, for all
investments made in the 1961 to 2008 period.
Within this date range, we restrict our focus to firms headquartered in and investing in
the United States. We also limit the analysis to firms involved in venture capital investing.
VentureXpert includes the entire spectrum of private equity firms, from early stage venture
investors to those engaged in leveraged buyouts (LBOs). As noted above, our focus on
performance at the investment level requires an investment-level performance measure. For
those engaged in venture capital investing, exits – whether through IPOs or through trade
sales – provide a good measure of investment-level performance. But for firms engaged in
other forms of private equity, such as distressed debt and LBOs, these outcomes have less
relevance. We therefore limit the sample (i) to VC firms classified as private partnerships,
(ii) to funds classified as venture capital, and (iii) to investments in the four investment
stages related to venture capital (seed, early, expansion, and later).
Because many follow-on investments – additional investments made by a VC firm in one
of its existing portfolio companies – occur almost de facto if the target company has another
investment round, we limit our analysis to the initial investments by particular VC firms in
specific startup companies. In other words, a portfolio company can appear in our sample
multiple times, once for each VC firm that invested in it. Any given VC firm will also appear
many times in our sample, once for each portfolio company in which it has invested. But,
if a VC firm invests in the same portfolio company across multiple rounds, only the first
investment by that VC firm – which might not represent the first round of investment in the
portfolio company – appears in our sample. This restriction also prevents us from counting
the same successful outcome more than once for any particular investor.
Table 1 provides descriptive statistics for our sample. On average, 20% of the investments
made by VC firms went to companies that eventually went public (i.e. had an IPO) and 51%
went to companies that experienced either an IPO or a trade sale, allowing the investors to
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“exit” (sell) their equity positions.2 These represent the two most profitable outcomes for
VC firms. Using hand-collected information on 246 investments in Canada and the United
States, for example, Cumming and MacIntosh (2003) reported that investments that resulted
in IPOs had average gross returns of more than 400% in the United States while investments
that ended in trade sales had average gross returns of 143%.3 By contrast, write-offs, the
single most common outcome, usually resulted in a near-total loss of the original investment.
Given the bimodal nature of these outcomes, it has become common for researchers to treat
IPOs and acquisitions (trade sales) as successful events and all other outcomes as unsuccessful
(e.g., Cochrane, 2005; Hochberg et al., 2007). Phalippou and Gottschalg (2009), moreover,
reported that the proportion of target companies that had a successful exit in a fund has
a very high correlation to the ratio of distributed funds to funds paid in by the limited
partners, a common measure of returns.

III.
A.

Persistence

Investment-Level Persistence

We begin by documenting persistence in the performance of venture capital investors at
the investment level. Our approach involves assessing the strength of association between
the success of a VC firm’s prior investments and its success in subsequent investments. An
alternative approach would treat performance persistence essentially as an invariant property
of the firm, similar to a firm-specific alpha. Korteweg and Sørensen (2017), for example,
decomposed performance persistence into that associated with the firm and that associated
2

Note that successful startups attract more venture capital investors. Thus, while 14% of startups in
our sample experience an IPO and 43% have either an IPO or are acquired, the average investment has
higher rates of success. Those success rates still exceed those typically reported at the investment level. The
disparity emerges because VC firms with fewer than 11 portfolio companies – not included in our sample –
have lower IPO and exit rates than those with more than 10 portfolio companies.
3
Although one might worry that VC firms would attempt to embellish their apparent success by disguising
unsuccessful investments as acquisitions, Puri and Zarutskie (2012) found no evidence that VC firms pursued
such a strategy. Other exit events, such as a buy back by management, could also result in positive returns,
but they represent relatively rare outcomes.
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with the period of the investment. Their approach has advantages for estimating the signalto-noise ratio in fund performance (and consequently also the extent to which investors
may have the ability to identify better-performing firms). But their approach also has
disadvantages. First, it essentially assumes that firm-level advantages remain constant over
time. Second, it offers less flexibility for exploring the sources of these firm-level differences.
Our core analysis estimates a series of linear probability models with fixed effects:

i
Yvi = β0 + β1 Ȳvi−10 + ηysjg
+ vi ,

(1)

where Yvi refers to the dichotomous outcome – either an IPO or any exit – of the investment
made by VC firm v in the ith startup company in which it invested. We report these results
in Table 2. Our main predictor of interest is Ȳvi−10 , the share of VC firm v’s ten investments
prior to its investment in startup i that resulted in the outcome Y . The choice of 10 prior
investments is somewhat arbitrary, but all of the results presented in Tables 2 through 10
i
remain robust to using 3, 5, 7, 10, or 15 prior investments to measure past success. The ηysjg

represents the fixed effects included in the regression related to the context of investment i.
Our most stringent fixed effects control for the year×state×industry×stage of investment i,
in other words, comparing VC firm v’s investment in startup i to other investments in the
same year-state-industry-stage segments as the focal investment. We report standard errors
clustered at both the level of the VC firm and at the level of the startup company.
Column (1) of Table 2 shows a positive and statistically significant association between
the share of a VC firm’s prior 10 investments that succeeded and the probability that the
focal investment will succeed. Panel A, for example, reports that every additional IPO among
the previous ten investments – a 10 percentage point increase in the rate – corresponded to
a 2.53 percentage point higher IPO rate for the next investment (about a 14% increase over
the baseline IPO rate). Consistent with prior research at the fund level, we find persistence
in performance across VC firms at the deal level.
Although this persistence appears lower than that found in prior studies based on returns
11

– Kaplan and Schoar (2005), for example, reported correlations of 0.69 (PME) and 0.57 (IRR)
between one VC fund and the next, and Diller and Kaserer (2009) found similar levels of
persistence for funds investing in Europe – our estimations differ in at least three important
respects from those calculated in prior research. First, aggregation to the fund level probably
reduces the noisiness of the performance measures, resulting in larger correlations. Second,
our focus on initial investments in target companies means that any differentials associated
with some VC firms “doubling down” more effectively than others, or systematically being
better at abandoning worse performing investments, would not appear in our estimates.4
Third, despite including only VC firms that invested in at least 11 companies, our sample
has more than twice as many VC firms as any of these earlier studies, in part because our
study covers a longer period, in part because the database has fewer missing values for target
company exits than for fund returns.5
This simple serial correlation points to persistence in performance, but it might stem
from a variety of factors, some of which would have little to do with the ability or quality of
the venture capitalists. For example, returns and average IPO and exit rates might vary over
time, across industries and regions, and by investment stage. Sorenson and Stuart (2001,
2008) found that VC firms had a strong tendency to invest in companies located close to
their offices, to focus on a narrow range of industries, and to invest in particular stages of
target company maturity, even after accounting for the supply of high-quality investments
available in any particular quarter. If returns and success rates do differ across industries,
regions, or investment stages, then persistence might emerge as an artifact of these consistent
investing styles rather than because some VC firms enjoy better performance for a particular
4

Many practitioners see the ability to “pull the plug” as one of the most important differences between
the best venture capitalists and the average ones. Consistent with this idea, Guler (2007) found that highly
regarded VC firms renewed their investments in companies at lower rates than others. This factor may
therefore account for some of the higher performance persistence in studies examining fund returns.
5
The VentureXpert data used both here and by Kaplan and Schoar (2005) have a much higher proportion
of missing data for fund returns than for the success of portfolio companies. If only the more successful funds
reported their returns, that could have led to an upward bias in the serial correlations reported by Kaplan
and Schoar (2005). Kaplan and Schoar (2005) nevertheless provided extensive evidence that any selection
in the reporting of returns appeared relatively uncorrelated with performance and therefore should not have
biased their estimates of persistence.
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sort of investment. Examining success at the level of the individual investment allows us to
adjust for these potential differences due to investing focus.6
Column (2) of Table 2 reveals that a large share of the persistence observed in Column (1) stems from differences in the kinds of investments made. Column (2) includes
year×state×industry×stage intercepts. These fine-grained fixed effects absorb roughly half
of the persistence observed in the models accounting only for vintage. Even after adjusting
for these fine-grained differences in kinds of investments, however, the proportion of IPOs
(and of exits) in the previous ten investments by a VC firm still correlates strongly with the
success of its next investment.
Columns (3) and (4) repeat the estimations in Columns (1) and (2) but with the addition
of VC-firm fixed effects. Instead of comparing performance across firms, these regressions
therefore examine how the success of a specific VC firm’s prior 10 investments relate to the
success of its next one. Interestingly, the coefficients switch signs. For any given VC firm,
greater success in its prior 10 investments predicts a lower likelihood of success in its next
investment. In other words, while we find persistence in performance across VC firms, we
find evidence of mean-reversion in performance within VC firms. Harris et al. (2014) similarly
found regression to the mean at the fund level when estimating performance persistence with
firm-level fixed effects.
Venture capital as an industry has evolved and matured over the past 60 years. Table
3 nevertheless reveals that these patterns have been fairly stable across the history of the
industry. The columns estimate performance persistence across and within VC firms for
investments made before 1990, from 1985-1995, from 1990-2000, from 1995-2005, and from
2000-2008. Panels A and B report the results without VC fixed effects while Panels C and
D present the results with them. Looking across the columns, one can see that the pattern
of performance persistence across VC firms but mean reversion within VC firms has been
highly consistent over time.
6

Kaplan and Schoar (2005) adjusted for industry and stage differences but their focus on the fund as the
unit of analysis required them to allocate the entire fund to a single industry and stage.
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The results in Tables 2 and 3 document that mean reversion exists, but they do not
necessarily imply that differences in the performance across VC firms erode to zero over
time. To test this possibility more explicitly, Table 4 shifts to examining how the success of
the initial 10 investments by VC firms relates to performance differences in the subsequent
investments of those firms. We again estimate Equation (1), but replace our key explanatory
variable – the share of successful outcomes in the previous 10 investments – with the share
of successful outcomes in the initial 10 investments:

i
Yvi = β0 + β1 Ȳv10 + ηysjg
+ vi ,

(2)

Note that our key explanatory variable, Ȳv10 now remains constant across all investments
by a particular VC firm. We therefore can no longer include VC-firm fixed effects. This
approach nevertheless has the advantage of allowing us to study the duration of performance
persistence in a more transparent manner.
Column (1) of Table 4 reports the results from regressions that only include year fixed
effects. The coefficients are statistically significant and economically meaningful. Panel A
indicates that every additional IPO among the first ten investments – a 10 percentage point
increase in the rate – corresponded to a 1.5 percentage point higher IPO rate among all
subsequent investments, an 8% difference relative to the average IPO rate. Similarly, Panel
B implies that every additional exit among the same ten investments predicts a 1.8 percentage point higher exit rate (a 3.6% difference relative to the average). Column (2) adds
year×state×industry×stage fixed effects. Even after adjusting for these fine-grained differences in kinds of investments, the proportion of IPOs (or exits) in the first ten investments
by a VC firm still correlates strongly with the success of that firm’s subsequent investments.
Column (2) of Panel A, for example, implies that every additional IPO among the first ten investments predicts a 0.8 percentage point higher IPO rate among all subsequent investments,
a 4.2% increase over the average IPO rate.
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B.

Time Path of Persistence

Columns (3)-(5) of Table 4 investigate the duration of this persistence. Column (3) examines
the 11th to the 30th target companies financed by a VC firm, Column (4) the 31st to the
60th companies, and Column (5) the 61st to the 100th companies. As with Column (2),
all of the models incorporate year×state×industry×stage fixed effects. Panel A reports the
results for IPOs only and Panel B for all exits. The extent to which success in the first ten
investments predicts success in subsequent investments declines with experience. The point
estimates suggest little, if any, persistence beyond the 60th portfolio company, implying
long-term convergence to a common mean.
Selection offers one potential explanation for this attenuation in performance persistence.
In other words, perhaps those with less success in their initial investments found it difficult
to raise subsequent funds and therefore left the sample (Kaplan and Schoar, 2005). Learning offers a second potential explanation, where those with the worst performance improve
with experience. Kempf et al. (2014), for example, found that learning-by-doing occurs even
among mutual fund managers investing in public equities, and in venture capital, Sørensen
(2007) found positive associations between investing experience and the rates at which portfolio companies had successful exits.
To assess this possibility more directly, Table 5 reports estimates of the relationship
between the cumulative (logged) number of investments made by a VC firm prior to a
focal investment and the success of that investment, in terms of the probability of an IPO
(Panel A) and the probability of exit (Panel B). In Column (1), both panels show positive
relationships between cumulative investing experience and expected success. In Panel A, for
example, a doubling in experience corresponds to a 0.6 percentage point increase in the rate
of IPOs associated with future investments, a 3% rise over the base rate. To account for the
effects of selection, the second column introduces VC firm fixed effects, which again flips the
sign of the coefficient: success rates appear to decline with experience.
Column (3) reports mixed models, where we allow each individual VC firm to have a
15

different learning rate as well as a different base level of success. In other words, we allow
these variables to have random coefficients. The base level of success refers to the intercept—
that is, the expected performance for VC firms with no investing experience. It therefore
effectively captures initial performance differences. In these mixed models, experience, on
average, has an estimated coefficient close to zero. But it varies substantially across firms
(see the standard deviation of the estimated experience coefficient), meaning that many
VC firms do better with investing experience and many others do worse. Interestingly, the
correlation between these estimated firm-specific learning coefficients and those of the firmspecific intercepts ranges from −0.9 to −0.94 across the various models, meaning that the
firms with the highest initial performance declined the most over time while those with the
lowest initial performance improved the most.
Consistent with the results in Tables 2 and 3, this decline in performance for those
who had high initial success and improvement in performance for those who had lower
initial success points to a mean-reverting process. Figure 1 reveals that this mean reversion
appears even in the unadjusted data. Each dot on this plot represents the entire history of
one VC firm in our sample. The x-axis depicts the total number of startups that the VC firm
backed during our sample period, while the y-axis reports the proportion of those startup
companies that had either an IPO (upper panel) or any exit (lower panel). Apart from one
or two outliers, the graph illustrates strong convergence to the mean: VC firms with larger
numbers of investments converge to the industry average success rate.

IV.

Sources of Persistence

Despite the convergence in performance over time, VC firms that enjoyed higher initial
success continued to see higher subsequent success until they invested in more than 60
companies. Since the average fund in our sample invests in about 18 portfolio companies
(median = 12), our results imply that the advantages of success in the first fund persist well
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into the third or fourth fund.
We explored three potential mechanisms that might account for this persistence. (1) VC
firms may differ in their ability to select promising startups or promising sectors. (2) Even
if they do not differ in their ability to select the right investments, some venture capitalists
may prove better than others at monitoring their portfolio companies and at mentoring
founding teams to success. (3) Even if VC firms do not differ meaningfully in their ability to
select startups or to mentor and monitor portfolio companies, some venture capitalists may
have preferential access to deals, allowing them to invest in the most attractive startups and
potentially to gain better terms in those deals.

Selection: Venture capitalists spend a great deal of time screening and doing due diligence
on potential investments, trying to understand which ones have the greatest potential for
growth and profit. These efforts appear effective: Research, for example, has found that VCbacked firms patent at higher rates, operate more efficiently, grow faster, survive longer, and
more commonly experience profitable exits than seemingly similar firms that did not receive
venture capital financing (Hellmann and Puri, 2000; Engel and Keilbach, 2007; Chemmanur,
2010; Puri and Zarutskie, 2012). Some of these differences may reflect value added by the
venture capitalist but some of it likely stems from the effective selection of promising startups
(Gompers et al., forthcoming). VC firms, moreover, may vary in this selection ability.

Monitoring: A substantial body of research also suggests that VC firms add value postinvestment to their portfolio companies in a variety of ways. Hellmann and Puri (2002),
for example, found that companies that received investments from VC firms adopted more
professional management practices earlier in their lives. Bottazzi et al. (2008) reported that
more active VC firms appeared to increase the odds of a successful exit more than less active
ones. Bernstein et al. (2016), meanwhile, found that, when VC firms could monitor and
advise their portfolio companies more closely, those companies went public at higher rates.
Given the numerous ways in which VC firms can add value post-investment, it would not
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seem surprising if some VC firms proved better at these activities than others.

Access: A third factor involves preferential access to deal flow. Venture capitalists select
portfolio companies but entrepreneurs often also have a choice of investors. The venture
capitalists already invested in a startup, moreover, have substantial influence over who gets
invited to invest in subsequent investment rounds for a promising prospect (Sorenson and
Stuart, 2008). When startups have multiple suitors, venture capitalists with better reputations will more likely win a deal when they bid the same price. In fact, entrepreneurs often
prefer them even when they offer a lower price (Hsu, 2004). Presumably, the entrepreneurs
and existing investors believe it in their own interest to bring prominent venture capitalists
into the deal, either because they believe that these investors have acumen or connections
that could increase the value of the startup or because they believe that an investment from
a prominent investor will signal to others the quality of the startup (Cong and Xiao, 2017).

We investigate these mechanisms in three steps. We begin by considering whether performance persistence stems from the better performance of the specific targets selected by
successful VC firms, which could arise either because these firms can better select promising
investments or because they can advise them more ably. We then explore whether some VC
firms appear better able to select the right industries, regions, or times to invest. Finally,
we examine the relationship between initial success and a variety of variables measuring
investment behavior that should relate to access to deal flow.

A.

Target-Specific Persistence

Before delving into the additional analyses, note that the patterns reported in Section III
already suggest that differences in the ability to select specific startups or in the ability
to mentor and monitor them to success may not matter much in producing performance
persistence. The value of these activities should only accrue to the specific companies in
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which a venture capital firm actually invests. One might also expect these abilities either
to remain relatively stable over time or perhaps to improve with experience. But neither
of those patterns play out in data. Where and when VC firms invest accounts for more
than half of the overall persistence. And, rather than improving with experience, VC firm
performance exhibits mean reversion.
One of the difficulties inherent in trying to determine whether differences in ability might
account for performance persistence stems from the fact that one cannot readily assess
investor ability independently from the success of their investments. We therefore adopted
an indirect approach, estimating the extent to which one could predict early success on the
basis of the average success of other investors in the same sorts of investments, and whether
that average success for a particular kind of investment, in turn, predicted persistence in
investment success.
To see why this approach gives us insight into this question, note that if some venture
capital firms simply have a better ability to choose more promising companies or to nurture
them to successful exits, then they should succeed at higher rates than their peers investing
in similar sorts of companies. But if common segment-specific factors account for initial
success, then the performance of any particular VC firm should correlate highly with that
of other VC firms investing in the same industries, regions, and stages at the same times.
We therefore shift to using the success of peers investing in the same year-state-industrystage segments as the focal VC firm did in its initial 10 investments as the key explanatory
variable. This shift should eliminate from the persistence estimates the effects of any initial
success that stems from the focal VC firm’s ability to select or nurture specific startups. We
estimated:

10
i
Yvi = β0 + β1 Ȳ−v
+ ηysjg
+ vi ,

(3)

where, as above, Yvi refers to the dichotomous outcome – either an IPO or any exit – of the
investment made by VC firm v in the ith startup company in which it invested. Our main
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10
variable of interest, Ȳ−v
now refers to the mean outcome of all other startup companies that

received venture capital investments in the same year-state-industry-stage segments as the
focal VC firm’s first ten investments, but that did not include the focal VC as an investor.
i
As before, ηysjg
represents the fixed effects related to the focal investment by VC v in startup

i. In other words, Equation 3 estimates the same model as Equation 2, but where we replace
the share of the focal VC firm’s initial investments that resulted in an IPO or acquisition
with the share of all other investments in the same cells (not backed by the focal VC firm).
Table 6a reports the results of these models. The results in both Panel A and Panel B
reveal strong positive correlations between the success of the focal investment and the average
success experienced by other VC firms in these segments. The magnitudes imply that a VC
firm whose initial 10 investments occurred in segments with a 10 percentage point higher
IPO rate of other startups (not backed by that VC) had a 4% higher chance of an IPO for
all its subsequent investments, after controlling for the fine-grained fixed effects of the yearstate-industry-stage segments for each of its subsequent investments. Given the similarity
of this magnitude to that seen in Table 4, our results suggest that the early success of VC
firms depends almost entirely on having been “in the right place at the right time”—that is,
investing in industries and in regions that did particularly well in a given year. Moreover, the
results in Table 6a document the same decline in persistence over subsequent investments as
seen in Table 4.
Table 6b reports a parallel set of models but where we use the success of other startups
– those not funded by the focal VC firms but in the same initial segments in which the focal
VC firms invested – as an instrument for the initial success of the VC firm. Table 6a, in
other words, provides the reduced form version of the IV estimation in Table 6b. The first
stage of this instrumental variable regression is:

10
Ȳv10 = β0 + β1 Ȳ−v
+ ξv ,

(4)

where Ȳv10 denotes the share of VC firm v’s first ten investments that resulted in the outcome
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10
in question, either an IPO or any exit, and Ȳ−v
refers to the mean outcome of all other startup

companies that received venture capital investments in the same year-state-industry-stage
segments as the focal VC firm’s first ten investments. The coefficient β1 therefore captures
initial success driven not by the focal firm’s choices and activities but by factors common to
the contexts in which the VC firm has been investing.
The first stages reveal a strong positive partial correlation between the success of the
focal investor and that of other VC firms who invested in the same fine-grained year-stateindustry-stage segments, on the order of 0.5.7 The instrumented results reveal patterns
consistent with, though larger in magnitude than, those in Table 6a.8 The fact that the IV
regression can account for all of the within-segment persistence suggests that initial success
itself – due to investing initially in the right places at the right times – explains even the
differences in subsequent success across VC firms within particular industries and regions.
In our IV strategy, the exclusion restriction requires that, after controlling for these
i
stringent fixed effects ηysjg
, the average success of other portfolio companies in the same

segments as the focal VC firm’s initial investments does not influence the success of the focal
VC firm’s subsequent investments, except through the effect that the success predicted by it
has on the focal VC firm – for example, by enhancing the focal VC firm’s reputation (which
might, in turn, have advantages in terms of preferential access to deals). The fine-grained
fixed effects should address most concerns regarding the exclusion restriction but one might
still worry that some residual correlations could arise: For example, perhaps high quality
VC firms have a tendency, in their initial investments, to cluster in certain segments.
Figure 2 explores the extent to which the IV result depends sensitively on the exclusion
restriction. To determine whether a small-to-modest violation of this exclusion restriction
7

The Kleibergen-Paap Wald rk F -statistic (Kleibergen and Paap, 2006) assesses the strength of the first
stage. It has the benefit of being robust to non-i.i.d. errors and thus suitable for clustered standard errors (as
used here). Across all of the regressions except one, this F -statistic has a value higher than the benchmark
of roughly 16 for the instrument to have sufficient strength to eliminate at least 90% of the bias in the naı̈ve
regressions (Stock and Yogo, 2005).
8
The IV regression may yield larger magnitude results because it reduces downward bias due to measurement error.
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would threaten this result, we implemented the “local-to-zero” (LTZ) approach, proposed
by Conley et al. (2012). In essence, the exclusion restriction assumes that the coefficient for
the instrument in the second stage has a value of zero (γ = 0). The LTZ method relaxes this
assumption by allowing one to treat γ as though it comes from a distribution (γ ∼ U (0, δ)).
To establish a range of values for δ, it seems reasonable to assume that the coefficient γ
for the instrument in the second-stage regression should not exceed that obtained in the
reduced form regression. In other words, adding the endogenous variable should not increase
the coefficient of the instrument, given that the instrument, the endogenous variable, and
the dependent variable all have positive pairwise correlations. Given that the coefficients for
the instrument in the reduced form estimations range from 0.10 to 0.11 (see Table 7A), we
explore values for δ up to 0.12. Even at quite high values of δ – cases that would involve
substantial violations of the exclusion restriction – the IV produces point estimates equal
to or larger than the OLS estimates (the red dot-dash lines). This result therefore does not
appear sensitive to potential violations of the exclusion restriction.

B.

Segment Selection

The analysis above runs counter to the view that some VC firms have a better ability to
select specific companies or have more aptitude in cultivating their success (even if venture
capitalists on average play an important role in selecting and governing startups). VC firms
may nevertheless differ in their ability to select investments at a more macro level. Perhaps
some venture capitalists can foresee the industries and regions about to emerge as hotspots.
If so, then being in the right place at the right time may depend not just on chance but also
on the ability to anticipate these emerging trends.
We explored this issue by examining whether VC firms exhibited persistence in choosing
attractive segments. We measured the attractiveness of a year-state-industry-stage segment
as above (in defining the instrumental variable); that is, for each investment, we calculated
the attractiveness of the segment as the average IPO rate (or exit rate) experienced by all
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startup companies in the same year-state-industry-stage receiving an investment from another VC firm. We regressed this measure of segment attractiveness on the average segment
attractiveness of the first ten investments in which the VC firm invested. We estimated:

i
10
Ȳ−v
= β0 + β1 Ȳ−v
+ φy + ξvi ,

(5)

i
where Ȳ−v
represents the attractiveness of the year-state-industry-stage segment in which
10
the VC firm v invested in startup company i and Ȳ−v
denotes the average attractiveness of

the segments of the first ten investments made by VC firm v. The φy specify fixed effects
for the year in which VC firm v made the investment in startup company i.
Table 7 reports the results of these models. Panel A treats only IPOs as a successful
outcome while Panel B includes all exits. The first column examines the extent to which
VC firms continue to invest in attractive segments when they invest in the same segments
as they had initially invested (i.e. when they invest in companies in the same industries,
regions, and stages as their first 10 portfolio companies). The coefficient suggests a fairly
high degree of persistence. But note that this estimate essentially captures serial correlation
in the performance of particular segments. Given that the segment fixed effects absorb such
a large proportion of the raw persistence (in Tables 2 and 4), one would probably expect
some persistence in the performance of particular segments.
That persistence, however, might stem from factors that all investors could easily spot
(Gompers and Lerner, 2000). It took little special insight, for example, to understand that
Internet-related businesses seemed a good place to invest in the late-1990’s. To assess whether
persistence in the performance of sectors might stem from factors that all VC firms could
observe, Column (2) introduces a number of control variables to account for these factors.9
9

These models adjust for the popularity of the segment with nine measures: (i) the count of startup
companies, in the segment, in which the focal VC firm did not invest; (ii) the average number of VC firms
investing per round in these other startups; (iii) the average size, in 2017 dollars, of VC investments in them;
(iv) the average number of rounds these other startups had received; (v) the number of central VC firms
investing in these startups; (vi) IPOs and (vii) acquisitions in the same state-industry segment among startup
companies that received their last investment in the previous five years; and (viii) IPOs and (ix) acquisitions
in the same industry among startup companies that received their last investment in the previous five years.
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Their inclusion reduces the serial correlation in continuing to invest in attractive segments
by more than half.
But even that persistence in investing in attractive segments could stem from inertia in
where venture capitalists invest combined with serial correlation in the performance of those
segments. It does not point to an ability to spot trends in those segments. Columns (3)-(7)
therefore examine only cases in which the VC firm invested in state-industry-stages in which
it had not invested in its first ten investments. In other words, did VC firms that invested
in attractive segments in their initial investments appear able to select attractive segments
in the future? In Column (3), even without accounting for observable factors that might
signal the attractiveness of a segment, VC firms demonstrated no consistent ability to choose
attractive segments. After adjusting for these factors in Column (4), moreover, the point
estimates for persistence in selecting sectors end up being close to zero.

C.

Investing Behavior

We turn finally to examining preferential access to deal flow. The difficulty with examining
this potential mechanism stems from the fact that our data do not allow us to see who had
the opportunity to invest in a particular target company or who would have liked to have
invested but who could not get into the deal. We therefore explored how the characteristics
of later investments correlated with initial success, controlling for the characteristics of the
initial investments. In other words, we examined how VC firms changed in their investing
behavior in response to initial success.
We have one observation per later investment (i.e. the 11th and subsequent target companies). The dependent variables reflect the characteristics of those investments or of the
VC firm at the time of that investment – round of the investment, the syndication of the
investment, the amount of the investment, and the centrality of the focal VC firm in the
syndication network – and the level of initial success enjoyed by the VC firm again serves as
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the primary explanatory variable of interest. We estimated:

Cvi = β0 + β1 Ȳv10 + C̄v10 + φy + vi ,

(6)

where Cvi refers to the characteristic of interest for VC firm v at the time of the investment
in target company i, C̄v10 denotes the average value of the characteristic in question across
the first ten investments made by the VC firm v, and φy represents fixed effects for the year
of the investment.
Table 8 first considers the probability of investing as part of a syndicate and the average
size of those syndicates. Columns (1) and (2) examine whether the investment round involved
more than one investor. Initial success appeared to lead to more syndicated investments.
Each additional initial exit corresponded to a 0.9 to 1 percentage point increase in the
probability of syndication. Given the roughly 12% baseline probability of a solo investment,
this effect amounts to a 7% to 8% decline in the probability of a solo investment for each
initial exit. Columns (3) and (4) then explore whether initial success also corresponded to
investing in larger syndicates. It did, with each additional initial exit predicting a roughly
4% increase in the number of co-investors in subsequent investment rounds. Columns (5)
and (6) finally consider whether initial success led to firms becoming more central in the
co-investment network.10 These models reveal the largest correlates of initial success, with a
10 percentage point higher success rate among the initial five or ten investments predicting
an 8% to 14% increase in centrality. We should note that all of these changes hold in
models where we instrument initial success using the same instrument as in Table 6b. These
changes therefore appear to stem from initial success itself rather than from unobserved
factors related to both early success and investing strategies.
Table 9 considers the investment round and investment size of the VC firm’s initial
10

We use the standard eigenvector centrality measure pioneered by Bonacich (1987)—this measures weights
the sum of connections a VC firm has with other firms according to the centrality of those VC firms. Not
only has prior research on the industry generally used eigenvector centrality (Sorenson and Stuart, 2001) but
this centrality measure appears most strongly associated with fund performance (Hochberg et al., 2007).
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investments in companies. As a startup matures, more information becomes available about
its chances of success. Investors can therefore more easily discriminate the wheat from the
chaff, the companies with the highest potential from the also-rans. Columns (1) and (2)
consider only whether the first investment by the focal VC firm occurred in the first round
of investing in the target company (by any venture investor). All of the models suggest
that VC firms reduced the proportion of investments made in the first round in response to
initial success. Each additional initial exit predicted a 0.7 to 0.8 percentage point drop in
the probability of a first round investment. Columns (3) and (4), then, consider whether
initial success led to larger investments.11 Initial success predicted larger future investments,
with each additional initial exit corresponding to a 5.6% increase in the amount invested per
syndicate participant.
But do these changes in investing behavior account for performance persistence? Table
10 examines the extent to which the positive long-term effects on performance associated
with initial success depend on these mechanisms, by adjusting for them in our persistence
models. Panel A reports the results for only IPOs while Panel B considers both IPOs and
trade sales as successful forms of exit. Overall, these changes appear to account for 57%
to 74% of the persistence remaining after adjusting for investing focus (i.e. after including
the year×state×industry×stage fixed effects). Access to deal flow therefore would appear to
explain most of the residual persistence in performance.

V.

Discussion

To understand better what channels might account for persistence in the performance of
venture capital firms, we examine how the performance of VC firms’ investments – in terms
of having successful exits, either through IPOs or trade sales – depend on their initial success.
Although the performance of VC firms converges with increasing numbers of investments,
11

VentureXpert only records the total amount invested in a round and the number of investors in the
round but not how much each individual participant invested. We therefore can only estimate the average
size of these investments.
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we find that initial success predicts future success for as many as 50 subsequent investments.
We find that both initial and future success depend in large part on being in the right places
at the right times but also that VC firms do not appear to persist in their ability to select
those attractive segments. We further find that differences in the selection or nurturing of
specific portfolio companies appear to contribute little to explaining this persistence. VC
firms enjoying early success did, however, shift their investments to later stages and to
syndicated investments. Initial success also allowed these firms to move into more central
positions in the co-investment network.
The picture that emerges then is one where initial success gives the firms enjoying it
preferential access to deals. Both entrepreneurs and other VC firms want to partner with
them. Successful VC firms therefore get to see more deals, particularly in later stages,
when it becomes easier to predict which companies might have successful outcomes. Even
if venture capitalists do not differ in their abilities to identify more promising ventures (but
they all have some ability to distinguish the entrepreneurs and startups with better odds of
success), this access advantage could perpetuate differences in initial success over extended
periods of time.
Although this conclusion may seem at odds with the usual interpretation of persistence in
the finance literature, it seems consistent with the perspectives offered by many practitioners.
Chris Dixon, a prominent partner at Andreessen Horowitz (a16z), for example, notes that:
“The popular view of venture investing is that it is about picking good companies, because
that’s what’s important with public equities. But you can’t apply the logic of public equity
markets, where by definition anyone can invest in any stock. Success in VC is probably 10%
about picking, and 90% about sourcing the right deals and having entrepreneurs choose your
firm as a partner.” (Eisenmann and Kind, 2014, p. 8)
An open question concerns whether these access advantages accrue at the level of the
VC firm or the level of the individual venture capitalist. Although our data do not include
information on which partners led these deals, Ewens and Rhodes-Kropf (2015) provided
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convincing evidence that most of the persistence in performance occurs at the level of the
individual rather than at the level of the VC firm. Given the importance that entrepreneurs
often place on having board representation from specific partners at these firms and the fact
that the underlying social relationships in the venture capital community connect individuals
rather than firms, partners within VC firms probably vary considerably in their personal
access to deal flow. They probably also carry these access advantages with them if they
move to another VC firm or decide to start their own funds. That movement of individuals
across firms may therefore contribute to the dissipation of persistence over time at the firm
level (Ewens and Rhodes-Kropf, 2015). It also means that some VC firms, those founded by
partners with strong reputations in the industry, may have access advantages from day one,
thereby contributing to their initial success, in an almost self-confirming prophecy.
Although our results suggest that VC firms do not differ in their relative ability to select
and govern startups, they do not imply that VC firms do not create value on average. Our
findings seem entirely consistent with the long literature documenting the many ways in
which VC firms can increase the value of the firms in which they invest. We would also
note that our analysis cannot say anything about whether ability or access to deal flow
might drive performance persistence on the intensive margin of returns. Some investors, for
example, might become good at experimentation—investing in a large number of firms and
doubling down or abandoning investments in a way that leads to better overall returns.
Our results also seem relevant to the debate on the extent to which the horse (the business
idea) or the jockey (the team) contributes to the success of a venture. Kaplan et al. (2009),
studying the evolution of fifty firms from business plans to successful exits, found that the
business ideas remained relatively stable even though the management teams did not. They
therefore argued that investors should place more weight on the business idea than on the
management team. Our results would appear to add some additional weight to this horse
side of the scale. To the extent that performance, in large part, depends on investing in the
right industries and regions at the right times, it has less to do with the specific venture –
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and therefore with any particular team – and more to do with a particular investing space
(the business).
But jockeys may still matter. Note that the importance of the access channel to performance depends on the idea that many investors can see that these companies have strong
chances of success. What signals or creates that potential remains an open question. Investors – surprisingly, given the apparent importance of the business idea to success – appear
to weight teams more heavily than business ideas when choosing early-stage investments
(Gompers et al., forthcoming; Berstein et al., 2017). Perhaps the characteristics of founding
teams account for that potential success that many investors can see. If so, it could help to
explain both why so many investors focus on founding teams in their choices and on why
access would matter to gaining entry into those promising deals.
The importance of access to deals for performance in venture capital could also help
to explain why persistence appears in venture capital but not in most other asset classes,
such as mutual funds and hedge funds. For investors primarily purchasing and selling public
securities, access depends only on price. When multiple firms perceive an opportunity they
therefore compete away the returns associated with it. But, in venture capital, access often
depends on more than price. It operates as a two-sided market. Because entrepreneurs and
other investors believe that they might benefit from affiliating with prominent investors –
who they believe have the ability to create more value for them – they willingly accept lower
prices from these individuals and firms, allowing them to earn rents on their reputations.
Because this mechanism depends to some extent on the supply of capital exceeding the
demand for it, at least for the most promising deals, it also implies that the returns to
past success – and the prestige associated with it – should become more pronounced during
periods when venture capital becomes plentiful. Indeed, consistent with this expectation,
Shi et al. (2017), exploring the temporal sensitivity of the results in Hochberg et al. (2007),
found that VC firms central in the co-investment network only enjoyed greater success during
booms. During busts, central firms performed no better than more peripheral ones.
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Even though these differences do not emerge from heterogeneity in the abilities of VC
firms, investors in venture capital, limited partners, can potentially still invest in them to
earn excess returns. Whether they can do so, however, depends in large part on whether
investors have enough information about the performance of previous funds at the time that
they must decide whether to invest in future ones. Phalippou (2010), for example, notes
that a large share of the correlation in returns across funds stems from investments made
within only a few years of one another, when the outcomes of the earlier ones might not yet
have been apparent. Our results, nevertheless, suggest that at least a small portion of the
performance persistence associated with early success lasts long enough for investors to react
to it—if only they can discern the signal from the noise (Korteweg and Sørensen, 2017).
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Figure 1: VC Experience and Performance.
Notes: In both panels, each dot represents the entire history of a single venture capital (VC) firm in the
sample and the horizontal axis counts the total number of startup companies in which the VC firm invested.
In the upper panel, the vertical axis is the proportion of IPOs in all of the startup companies in which the
VC invested. In the lower panel, the vertical axis is the proportion of exits, IPOs or acquisitions, in all of the
startup companies in which the VC invested.
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Figure 2: Plausible Exogeneity.
Notes: This figure replicates the estimation of Table 6b using the “local-to-zero” (LTZ) method of Conley
et al. (2012). The graphs correspond to Model 1 of Table 6b. The parameter γ, representing the effect of the
instrument in the second stage, has the assumed distribution γ ∼ U (0, δ) (normal approximation). The solid
line represents the point estimate of the second stage coefficient for the endogenous variable and the dotted
lines the 90% confidence intervals. The dash-dot line denotes the OLS estimate from Model 1 of Table 4.
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.08

.1
CI (LTZ)

.12

19,802
46,013
19.7%
51.0%
13.7%
42.8%

Number of VC‐startup pairs, corresponding to the initial investments by a VC in a given startup

Probability that initial investment has an IPO

Probability that initial investment has an Exit

Proportion of unique startups that had an IPO

Proportion of unique startups that had an Exit

895

Number of unique startups receiving an investment

Number of VC firms making an investment

Full Sample

47.0%

18.5%

48.9%

22.4%

8,950

6,809

895

First 10
investments

44.3%

13.8%

51.5%

19.0%

37,063

17,492

895

Subsequent
investments

This table reports descriptive statistics on the sample used for the analysis. The sample is drawn from the VentureXpert database of Thomson‐Reuters and consists of
venture capital (VC) firms based in the United States and their investments in U.S.‐based startups. The data covers the period from 1961 to 2008 and includes only VC firms
who made their first investment in 1961 or later and who invested in at least 11 startups between 1961 and 2008. All outcomes are measured as of the end of 2016. When
a VC firm invests in multiple rounds for a given startup, only the first investment by the VC firm in that startup enters the sample. Only VC firms classified as private
partnerships and funds classified as venture capital are included and only first investments in stages classified as 'seed', 'early', 'expansion', and 'later' are included.
Descriptive statistics are reported separately for the first ten investments (used to determine the VC's level of initial success ‐‐‐ the key regressor in the analysis) and for all
subsequent investments‐‐‐ which form the basis of the estimation sample.

Table 1: Descriptive Statistics

(2)

0.117***
(0.018)
YSIG
37,063
895

0.251***
(0.018)
Y
37,063
895

Additional Fixed Effects
Number of Observations
Number of VC firms

YSIG
37,063
895

0.145***
(0.017)

Without VC fixed effects

0.253***
(0.022)
Y
37,063
895

Without VC fixed effects

Share of previous 10 investments with an Exit

Panel B: All Exits

Additional Fixed Effects
Number of Observations
Number of VC firms

Share of previous 10 investments with IPO

Panel A: IPOs

(1)

(4)

‐0.036*
(0.019)
YSIG
37,063
895

Y
37,063
895

‐0.064***
(0.020)

YSIG
37,063
895

‐0.083***
(0.019)

With VC fixed effects

‐0.010
(0.020)
Y
37,063
895

With VC fixed effects

(3)

This table reports the results of OLS regressions studying performance persistence at the deal‐level. The sample consists of the first
investment made by a venture capital (VC) firm in a target company, starting with the eleventh company in which the VC firm invested. The
dependent variable is an indicator for whether the target company had an IPO (Panel A) or any exit, that is, an IPO or a trade sale (Panel B).
Standard errors are clustered by VC firm and startup company. Columns (1) and (3) include Year fixed effects, noted below as Y. Columns (2)
and (4) include Year x State x Industry x Stage fixed effects, noted below as YSIG. Columns (3) and (4) further include VC firm fixed effects. *,
** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Table 2: Performance Persistence in Proximate Investments

‐0.167***
(0.045)
YSIG
8,057
254

Additional Fixed Effects
Number of Observations
Number of VC firms

‐0.148***
(0.047)

0.071*
(0.038)

0.060
(0.043)

1990‐2000

(3)

0.130***
(0.027)

0.129***
(0.023)

0.162***
(0.027)

‐0.070***
(0.030)

‐0.040
(0.026)

0.153***
(0.021)

YSIG
8,264
296

‐0.175***
(0.042)

YSIG
16,096
566

‐0.158***
(0.033)

YSIG
21,074
734

‐0.121***
(0.025)

All Exits with VC fixed effects

‐0.147***
(0.045)

IPOs with VC fixed effects

0.104***
(0.034)

All Exits without VC fixed effects

0.094***
(0.036)

(4)
1995‐2005

IPOs without VC fixed effects

1985‐1995

Before 1990

Share of previous 10 investments with an Exit

Panel D

Share of previous 10 investments with an Exit

Panel C

Share of previous 10 investments with an Exit

Panel B

Share of previous 10 investments with IPO

Panel A

(2)

(1)

YSIG
17,965
785

‐0.216***
(0.030)

‐0.129***
(0.029)

0.143***
(0.023)

0.094***
(0.021)

2000‐2008

(5)

This table reports the results of OLS regressions studying performance persistence at the deal‐level. The sample consists of the first investment made by a
venture capital (VC) firm in a target company, starting with the eleventh company in which the VC firm invested. The dependent variable is an indicator for
whether the target company had an IPO (Panel A and C) or any exit, that is, an IPO or a trade sale (Panel B and D). Each column is a different subsample
time period. Standard errors are clustered by VC firm and startup company. All columns include Year x State x Industry x Stage fixed effects, noted below as
YSIG. *, ** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Table 3: Performance Persistence in Proximate Investments ‐ different time periods

0.184***
(0.024)
Y
37,063
895

Share of first 10 investments with an Exit

Fixed Effects
Number of Observations
Number of VC firms

All subsequent
investments

All subsequent
investments

0.084***
(0.021)
YSIG
37,063
895

YSIG
12,207
895

0.073***
(0.025)

Investments
11‐30

YSIG
12,207
895

0.155***
(0.031)

Investments
11‐30

Panel B: All Exits

YSIG
37,063
895

Y
37,063
895

Fixed Effects
Number of Observations
Number of VC firms

0.079***
(0.013)

0.153***
(0.016)

Share of first 10 investments with IPO

All subsequent
investments

All subsequent
investments

(3)
Panel A: IPOs

(2)

(1)

YSIG
8,717
399

0.120***
(0.039)

Investments
31‐60

YSIG
8,717
399

0.047*
(0.026)

Investments
31‐60

(4)

YSIG
6,174
208

0.059
(0.048)

Investments
61‐100

YSIG
6,174
208

0.025
(0.036)

Investments
61‐100

(5)

This table reports the results of OLS regressions studying performance persistence at the deal‐level. The sample consists of the first investment made by
a venture capital (VC) firm in a target company, starting with the eleventh company in which the VC firm invested. The dependent variable is an indicator
for whether the target company had an IPO (Panel A) or any exit, that is, an IPO or a trade sale (Panel B). Standard errors are clustered by VC firm and
startup company. Column (1) includes Year fixed effects, noted below as Y. Columns (2) ‐ (5) include Year x State x Industry x Stage fixed effects, noted
below as YSIG. *, ** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Table 4: Performance Persistence of Initial Investments

Table 5: VC Firm Experience and Performance
This table reports the results of OLS regressions studying the relationship between investing experience and
performance. The sample consists of the first investment made by a venture capital (VC) firm in a startup company.
The dependent variable is a dummy variable indicating whether the startup company in question had an IPO in Panel A
or any exit in Panel B. All estimations include either Year (=Y) or Year x State x Industry x Stage fixed effects, noted
below as YSIG. Column (2) further includes VC firm fixed effects. Models 3 is a mixed model where the cumulative
number of investments by the VC and the constant have random coefficients. The standard deviations of the random
coefficients and the estimated correlations are reported below. Standard errors are clustered by VC firm and startup
company in columns (1) and (2), and by VC firm in column (3). Note the number of observations are higher than those
in other tables as this table also includes investments from VC firms that invested in fewer than 11 companies. *, **
and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

(1)

(2)

(3)

OLS

VC FE

Mixed

Panel A: IPOs

Cumulative Num of investments

0.006***
(0.002)

‐0.014***
(0.004)

Constant
stdev(Cumulative Num of investments)
stdev(Constant)
corr(Cum Num of Investments, Constant)
stdev(Residual)
Fixed Effects
Number of Observations
Number of VC firms

‐0.005**
(0.002)
1.106***
(0.034)
0.032***
(0.004)
0.150***
(0.010)
‐0.944***
(0.013)
0.360***
(0.004)

YSIG

YSIG

Y

46,013
895

46,013
895

46,013
895

OLS

VC FE

Mixed

Panel B: All Exits

Cumulative Num of investments

0.009***
(0.003)

‐0.015***
(0.005)

Constant
stdev(Cumulative Num of investments)
stdev(Constant)
corr(Cum Num of Investments, Constant)
stdev(Residual)
Fixed Effects
Number of Observations
Number of VC firms

‐0.001
(0.003)
1.136***
(0.044)
0.034***
(0.003)
0.164***
(0.010)
‐0.885***
(0.026)
0.484***
(0.001)

YSIG

YSIG

Y

46,013
895

46,013
895

46,013
895

Fixed Effects
Number of Observations

YSIG
37,006

Y

0.055***
(0.025)

All subsequent
investments

37,006

0.101***
(0.031)

All
subsequent

YSIG
37,006

Y

12,187

YSIG

0.121***
(0.049)

11‐30

12,187

YSIG

0.070***
(0.041)

11‐30

All subsequent
investments
0.073***
(0.016)

(3)

(2)

37,006

0.112***
(0.022)

(1)
All
subsequent
investments

Panel B: All Exits

Exit Rate for other startups (not backed by focal VC) in same YSIG as initial investment

Fixed Effects
Number of Observations

IPO Rate for other startups (not backed by focal VC) in same YSIG as initial investment

Panel A: IPOs

8,687

YSIG

0.062
(0.053)

31‐60

8,687

YSIG

0.016
(0.039)

31‐60

(4)

6,167

YSIG

‐0.032
(0.056)

61‐100

6,167

YSIG

0.052
(0.044)

61‐100

(5)

This table reports the results of regressions where the sample consists of the first investment made by a venture capital (VC) firm in a target company, starting with the eleventh company in which
the VC firm invested. The dependent variable is an indicator for whether the target company had an IPO (Panel A ) or any exit (Panels B). The key regressor is the relevant success outcome (IPO or
Exit) for all other starups in the YSIG segments as the focal VC firm's initial 10 investments ‐‐ that is, excluding any company backed made by the focal VC firm in the YSIG segments of its first 10
investments. This measure captures the degree to which contextual factors in that segment ‐ rather than the focal VC firm's ability to select and govern specific companies ‐ were responsible for the
success experienced by the focal VC firms initial 10 investments. Standard errors are clustered by VC firm and startup company. All estimations include either Year fixed effects, noted below as Y, or
Year x State x Industry x Stage fixed effects, noted below as YSIG. *, ** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Table 6a: Studying performance persistence by excluding focal VC's initial investments

Fixed Effects
Number of Observations

Kleibergen‐Paap Wald rk F‐statistic

IPO Rate for other startups in same YSIG as VC's initial 10 investments

Share of first 10 investments with an Exit

Fixed Effects
Number of Observations

YSIG
37,063

Y

33.62

37,063

31.28

0.429***
(0.074)

First Stage

First Stage
0.423***
(0.076)

0.127***
(0.058)

IV: All
0.240***
(0.064)

IV: All

Panel B: All Exits

YSIG
37,063

Y

47.08

37,063

35.445

Kleibergen‐Paap Wald rk F‐statistic

0.527***
(0.077)

First Stage

First Stage
0.517***
(0.087)

0.139***
(0.027)

0.217***
(0.031)

IV: All

IV: All

IPO Rate for other startups in same YSIG as VC's initial 10 investments

Share of first 10 investments with IPO

(2)

(1)

Panel A: IPOs

12,207

YSIG

75.777

0.526***
(0.060)

First Stage

0.230**
(0.095)

IV: 11‐30

12,207

YSIG

47.941

0.480***
(0.069)

First Stage

0.147*
(0.085)

IV: 11‐30

(3)

8,717

YSIG

40.19

0.456***
(0.072)

First Stage

0.135
(0.113)

IV: 31‐60

8,717

YSIG

17.944

0.394***
(0.093)

First Stage

0.041
(0.097)

IV: 31‐60

(4)

6,174

YSIG

31.842

0.495***
(0.088)

First Stage

‐0.065
(0.116)

IV: 61‐100

6,174

YSIG

7.946

0.288***
(0.102)

First Stage

0.179
(0.160)

IV: 61‐100

(5)

This table reports the results of regressions where the sample consists of the first investment made by VC firm in a target company, starting with the eleventh company in which the VC
firm invested. The dependent for IV regressions is an indicator for whether the target company had an IPO (Panel A) or any exit (Panel B). IV regressions use the relevant success outcome
(IPO or Exit) for all other starups in the YSIG cells as the focal VC firm's initial 10 investments as an instrument for the success of the focal VC firm's initial 10 investments. The coefficient
on the first stage regression and the related F‐statistic are reported below the respective IV coefficients. All estimations include either Year fixed effects, noted below as Y, or Year x State
x Industry x Stage fixed effects, noted below as YSIG. *, ** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Table 6b: Studying performance persistence by excluding focal VC's initial investments ‐ ‐ Instrumental Variable estimations

Table 7: Persistence in Segment Selection

Number of VC firms

Fixed Effects
Controls for attractiveness of the segment
Number of Observations
Number of VC firms

Exit Rate for other startups in same YSIG as initial investments

693

Number of Observations

Y
Yes
5,647
693

5,647
693

0.073**
(0.024)

Investments in
Initial Sectors

(3)

875

27,388

Y
No

0.022
(0.014)

Investments in
New Sectors

875

27,388

No

Y

0.014
(0.012)

Investments in
New Sectors

Panel B: All Exits

693

5,647

Yes

Y

0.053**
(0.023)

Investments in
Initial Sectors

Panel A IPOs

(2)

Y
No

0.130**
(0.028)

Investments in
Initial Sectors

No
5,647

Controls for attractiveness of the segment

Y

0.119**
(0.029)

Fixed Effects

IPO Rate for other startups in same YSIG as initial investments

Investments in
Initial Sectors

(1)

875

27,388

Y
Yes

‐0.001
(0.010)

Investments in
New Sectors

875

27,388

Yes

Y

0.006
(0.008)

Investments in
New Sectors

(4)

(6)

(7)

393

6,185

Yes

Y

0.027
(0.026)

207

4,665

Yes

Y

‐0.037*
(0.021)

875

8,122

Y
Yes

0.001
(0.025)

393

6,185

Y
Yes

0.015
(0.020)

207

4,665

Y
Yes

0.009
(0.019)

11‐30 that were in 31‐60 that were in 61‐100 that were
new sectors
new sectors
in new sectors

875

8,122

Yes

Y

0.036
(0.022)

11‐30 that were in 31‐60 that were in 61‐100 that were
new sectors
new sectors
in new sectors

(5)

This table reports the results of OLS regressions studying the degree to which VC firms can consistently select 'good' segments Panel A considers IPOs and Panel B considers all exits. The dependent variable in Panel A is the
IPO rate among companies that received VC investment in the same year‐state‐industry‐stage segment in which the focal VC firm invested, but excluding all companies in which the focal VC firm ever invested. The
dependent variable in Panel B is constructed similarly but includes all exits. All models include Year fixed effects, noted below as Y. Columns (1) and (2) consider State‐Industry‐Stage investments corresponding to the initial
10 investmental made by the focal VC firm. Models 3‐7 look at the mirror image of these, and exclude any State‐Industry‐Stage segments in which the VC firm had invested in its first investments. Standard errors are
clustered by VC firm and by year‐state‐industry‐stage segments *, ** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Number of VC firms

Number of Observations

Fixed Effects

Eigenvector Centrality at 10th investment

895

37,063

895

37,063

Y

(0.040)

(0.039)

Y

0.222***

0.234***

Share of first 10 investments that were syndicated

Average syndicate size of first 10 investments

0.095***
(0.023)

0.109***
(0.020)

Round is
Syndicated

Round is
Syndicated

Share of first 10 investments with an Exit

Share of first 10 investments with IPO

(2)

(1)

895

37,063

895

37,063

Y

(0.029)

(0.030)

Y

0.247***

0.262***
(0.052)

Syndicate Size

(4)

0.253***

0.195***
(0.051)

Syndicate Size

(3)

895

37,063

Y

(0.059)

0.219***

0.077***
(0.012)

Network
Centrality

(5)

895

37,063

Y

(0.066)

0.275***

0.046***
(0.010)

Network
Centrality

(6)

This table reports the results of OLS regressions where the sample consists of the first investment made by a venture capital (VC) firm in a target company, starting with the eleventh
company in which the VC firm invested and including all subsequent 'first investments'. The dependent variable in columns (1) and (2) is an indicator for whether the initial investment by
the focal VC firm was syndicated with another VC firm. The dependent variable in columns (3) and (4) is the log of the syndicate size of the VC firm's first investment in a company. The
dependent variable in columns (5) and (6) is the Eigenvector Centrality of the VC firm. Standard errors are clustered by VC firm and startup company. *, ** and *** refer to significance at
0.1, 0.05 and 0.01 respectively.

Table 8: Change in Syndication and Network Centrality based on Initial Success

Number of VC firms

Number of Observations

Fixed Effects

Average size of first 10 investments

Share of first 10 investments that were Round 1

Share of first 10 investments with an Exit

Share of first 10 investments with IPO

895

37,063

Y

(0.031)

0.344***

895

37,063

Y

(0.031)

0.341***

‐0.058*
(0.034)

First investment
is in Round 1

First investment
is in Round 1
‐0.072**
(0.036)

(2)

(1)

892

36,243

892

36,243

Y

(0.041)

(0.038)
Y

0.248***

0.433***
(0.094)

Size of first
investment

(4)

0.306***

0.800***
(0.081)

Size of first
investment

(3)

This table reports the results of OLS regressions where the sample consists of the first investment made by a venture capital (VC) firm in a target
company, starting with the eleventh company in which the VC firm invested. The dependent variable in columns (1) and (2) is an indicator for
whether the initial investment by the focal VC firm occurred in the first round of financing for the company. The dependent variable in columns (3)
and (4) is the log of the round size (in dollars) in which the VC firm's first invested in the company. Standard errors are clustered by VC firm and
startup company. *, ** and *** refer to significance at 0.1, 0.05 and 0.01 respectively.

Table 9: Change in Round and Size of First Investments based on Initial Success

Table 10: Persistence of Initial Success Controlling for Changes in Investing
Behavior
This table reports the results of OLS regressions studying performance persistence at the deal‐level. The
sample consists of the first investment made by a venture capital (VC) firm in a target company, starting with
the eleventh company in which the VC firm invested. The dependent variable is an indicator for whether the
target company had an IPO (Panel A) or any exit (Panel B). Standard errors are clustered by VC firm and
startup company. Control variables correspond to the round number, round size, syndicate size in the given
round and eigenvector centrality of the VC at the time of the given round. All estimations include Year x State x
Industry x Stage fixed effects, noted below as YSIG. *, ** and *** refer to significance at 0.1, 0.05 and 0.01
respectively.

(1)

(2)

Panel A: IPOs
Share of first 10 investments with IPO

0.079***
(0.014)

0.034***
(0.013)

Round number (log)

0.011
(0.008)

Round size (log)

0.035***
(0.003)

Syndicate size (log)

0.053***
(0.006)
0.198***
(0.071)

Eigenvector Centrality
Fixed Effects
Number of Observations
Number of VC firms

YSIG

YSIG

37,063

36,243

895

892

Panel B: All Exits
Share of first 10 investments with an Exit

0.084***
(0.021)

Round number (log)
Round size (log)
Syndicate size (log)
Eigenvector Centrality
Fixed Effects
Number of Observations
Number of VC firms

YSIG
37,063
895

0.022
(0.018)
0.034***
(0.010)
0.050***
(0.005)
0.085***
(0.008)
0.383***
(0.090)
YSIG
36,243
892

