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ABSTRACT

Private equity (PE) performance is persistent, with PE firms consistently
producing high (or low) net-of-fees returns.  We use a new variance
decomposition model to isolate three components of persistence. We find
high long-term persistence: the spread in expected net-of-fee future returns
between top and bottom quartile PE firms is 7 to 8 percentage points annually.
This spread is estimated controlling for spurious persistence, which arises
mechanically from the overlap of contemporaneous funds. Performance is noisy,
however, making it difficult for investors to identify the PE funds with top
quartile expected future performance and leaving little investable persistence.
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1. Introduction

A central question in finance is whether some investment managers
persistently outperform and, if so, how rents are shared between these managers
and their investors. Most empirical studies focus on mutual funds and hedge
funds, with mixed results.! To the extent that mutual funds generate rents,
Berk and Green (2004) argue that they should accrue fully to the manager. For
private equity investments, e.g., in venture capital (VC) or buyout (BO) funds,
there are several reasons why investors could extract a share of the rents. A
private equity (PE) firm typically manages a sequence of funds that are raised
several years apart, so capital cannot flow elastically across firms. Furthermore,
realized returns are known only at the end of a fund’s life, and the environment of
high uncertainty and large information asymmetries could enable some investors
in these funds (called limited partners or LPs) to learn about the PE firm’s skill,
resulting in persistence in these LPs’ net-of-fee returns.

The seminal study by Kaplan and Schoar (2005) finds evidence of persistence

in net-of-fee PE performance. They estimate the regression

YN =0+ B yiN—1+EiN, (1)

where y; n is the net-of-fee performance of fund number N managed by PE firm
1. They find a positive and statistically significant [ coefficient, which means
that the performance of fund number N — 1 predicts the performance of fund

N of the same PE firm. Their interpretation is that PE firms differ in their

ILack of persistence in investor returns is shown, for example, by Jensen (1968), Malkiel
(1995), Gruber (1996), and Carhart (1997) for mutual funds, by Brown, Goetzmann, and
Ibbotson (1999) and Griffin and Xu (2009) for hedge funds, by Timmermann and Blake (2005)
and Busse, Goyal, and Wahal (2010) for institutional trading desks, by Graham and Harvey
(1996) for investment newsletters, and by Barber and Odean (2000) for individual investors.
The evidence against persistence in mutual and hedge funds is not unequivocal, however,
and substantial heterogeneity exists across managers. See, for example, Baks, Metrick, and
Wachter (2001), Kacperczyk, Sialm, and Zheng (2005), Busse and Irvine (2006), and Koijen
(2014) for mutual funds, and Titman and Tiu (2011) and Jagannathan, Malakhov, and
Novikov (2010) for hedge funds. For comprehensive reviews of the performance measurement
literature for mutual and hedge funds, see Ferson (2010) and Wermers (2011).



skills and abilities and that LPs invested in funds that are managed by skilled
PE firms persistently outperform, even-net-of-fees.?

Regression (1) is motivated by a cross-sectional intuition: Some funds
outperform, and when these funds’ predecessors also outperformed, this is
evidence of performance persistence. Eq. (1) is a time series AR(1) model,
however, and a tension exists between this cross-sectional intuition and the
model’s time series properties. In the AR(1) model, persistence is short
term. The expected return of fund N depends only on the performance of
fund N — 1, regardless of whether this past performance was due to skill or
luck, and in the long run all PE funds have the same expected performance,

Ely] = Hence, the AR(1) model is a model of performance persistence

25
that, by construction, does not allow for long-term performance differences,
which is clearly undesirable.

To better capture the cross-sectional intuition, we analyze a variance
decomposition model of PE performance. Taking the LP’s perspective,
performance persistence has three components. First, long-term persistence
refers to the possibility that some PE firms generate consistently higher (or
lower) expected returns (net of fees). LPs can outperform by investing in these
skilled PE firms with high expected returns. Second, investable persistence
reflects the difficulty of identifying the PE firms with higher expected returns.
When performance is noisy, top quartile past performance could be due to luck
and does not necessarily predict future top quartile performance. This noise

makes it difficult for LPs to identify skilled PE firms, implying low investable

2Following Kaplan and Schoar (2005), several studies of PE performance persistence
have developed different variations of the AR(1) model. Phalippou and Gottschalg (2009)
consider persistence after correcting for biases in the reported interim net asset values (NAVs).
Phalippou (2010) and Chung (2012) find weaker evidence for persistence when regressing
yi,N on y; N—2 and argue that persistence is short-lived. Robinson and Sensoy (2016) find
persistence in a more recent sample than the original Kaplan and Schoar study. Harris,
Jenkinson, Kaplan, and Stucke (2014b) and Braun, Jenkinson, and Stoff (2016) find that
persistence has declined for buyout firms post-2000. Li (2014) finds evidence of stronger
persistence in buyout firms compared with VC. Hochberg, Ljungqvist, and Vissing-Jorgensen
(2014) also add interim performance of the most recent fund to the AR(1) regression, and find
that this helps predict performance of the next fund.



persistence. The third component, spurious persistence, arises from the partial
overlap of consecutive funds that are managed by the same PE firm. Partially
overlapping funds are exposed to the same market conditions during the overlap
period. Even though these contemporaneous exposures are transitory, so that
past performance does not predict future performance, they induce a positive
correlation in the performance of subsequent overlapping funds that shows up
as spurious persistence in the AR(1) model. The AR(1) model is constrained to
capture the three persistence components with its single beta coefficient, which
is too restrictive given their variation in the data. To the best of our knowledge,
our analysis is the first to formally distinguish between these components of
persistence and to quantify them separately.

We find substantial long-term persistence in expected net-of-fee returns.
Top quartile PE firms have annual expected net-of-fee returns that are 7 to 8
percentage points higher than bottom quartile firms, on average, across all fund
types. Performance is noisy, though, and we find little investable persistence,
particularly for VC firms. VC performance is mostly driven by luck, and LPs
need to observe an excessive number of past funds (25 or more) to identify VC
firms with top quartile expected returns with reasonable certainty. Furthermore,
we find a substantial amount of spurious persistence, accounting for 44% of
the observed autocorrelation in PE firms’ returns, on average across model
specifications.

Comparing subsamples, smaller funds have greater long-term persistence
and more investable persistence (higher signal-to-noise ratios) than larger funds,
especially for VC firms. We find less long-term persistence for PE firms in the
US, followed by Europe, and greatest persistence for PE firms in the rest of
the world (ROW), which also have more volatile performance. We confirm the
findings in Braun, Jenkinson, and Stoff (2016) and Harris, Jenkinson, Kaplan,
and Stucke (2014b) that long-term persistence has declined in the 2000s, relative
to the 1990s. This decline is largest for VC firms. Substantial persistence still
exists for BO and other firms post-2000.

If LPs are risk neutral, so that they simply maximize expected returns



net-of-fees, then our results are directly applicable to their portfolio allocation
decisions. For risk-averse LPs, we estimate a second set of risk-adjusted
performance specifications that control for common risk exposures, such as
systematic market risks. These specifications assume identical exposures in the
cross section of PE funds of the same type and vintage year, but they allow for
time-varying risk exposures and risk premiums across vintages. This follows the
general PE literature [e.g., Driessen, Lin, and Phalippou (2012) and Hochberg
and Rauh (2013)], in which the limitations of fund-level data do not allow for
estimation of fund or firm-specific risk exposures. Our results suggest that there
is long-term persistence even in risk-adjusted returns.

Our findings of large long-term persistence but little investable persistence
have important implications. They can explain LPs’ recent focus on obtaining
more detailed information about PE firms and their past funds (such as
firms’ internal organization and culture, compensation structure, incentives,
alignment of interests, internal processes, and deal sourcing) to help analyze
past performance [see Ewens and Rhodes-Kropf (2015); Jenkinson, Jones, and
Martinez (2016); Kuckertz, Kollmann, Rohm, and Middelberg (2015)]. The
additional information is necessary for LPs to identify top PE firms, as past fund
performance by itself is insufficient. This lends support to a new explanation for
the puzzle that net-of-fee outperformance is not competed away, contrary to the
prediction by Berk and Green (2004). Skilled PE firms are scarce, but LPs with
the ability to identify these skilled firms can also be scarce [for example, Lerner,
Schoar, and Wongsunwai (2007); Hochberg and Rauh (2013); Sensoy, Wang,
and Weisbach (2014) present evidence that LPs have heterogeneous investment
skills].? Skilled LPs should therefore earn rents. Our results are also consistent

with the model in Hochberg, Ljungqvist, and Vissing-Jorgensen (2014), in which

3As the mutual fund literature argues, manager skill is measured by gross-of-fee
performance, possibly adjusted for the amount of capital under management [e.g., Jensen
(1968); Malkiel (1995); Berk and Green (2004); Berk and Van Binsbergen (2015)]. Such skill
is a necessary condition [though not sufficient, as Berk and Green (2004) argue] for persistence
in net-of-fee returns. PE firms report only net-of-fee performance, and therefore we cannot
quantify the existence of managerial skill directly.



net-of-fee performance persistence arises from a hold-up problem created by
the asymmetric information between LPs and the PE firm, and the model by
Garleanu and Pedersen (2016), in which search frictions generate net-of-fee

persistence.*

Furthermore, our evidence helps explain empirical results in
the recent literature on the strength of flow-performance relations in PE. For
example, the low investable persistence of VC firms is consistent with their lower
flow-performance sensitivity relative to buyout firms, as reported by Kaplan and
Schoar (2005) and Chung, Sensoy, Stern, and Weisbach (2012). We also find that
learning effects are strongest for smaller size funds of a given type, which tend
to be funds of younger firms, consistent with the result in Chung, Sensoy, Stern,
and Weisbach (2012) that funds with lower sequence numbers have stronger
flow-performance sensitivity than later funds of the same firm.

Our empirical variance decomposition model, or hierarchical linear model,
generalizes the classical analysis of variance (ANOVA) method to capture the
particular features of PE performance. The model allows us to separate the three
different forms of persistence (long-term, investable, and spurious persistence),
and it differs from the AR(1) model in several ways. First, it explicitly models
the timing of funds without relying on their numbering, which is important
when funds are simultaneous, so that it is arbitrary which one is labeled N or
N — 1. Second, it accounts for the overlap between funds and distinguishes
situations in which fund IV follows quickly after fund N — 1 from cases in which
funds are many years apart. Third, it is robust to missing data for intermediate
funds. Fourth, unlike the AR(1) regressions, our model can accommodate PE
firms with only a single fund, which do not have a fund N — 1. These firms are
typically worse firms, and they are excluded in the AR(1) model, which could
introduce systematic biases. Our method also captures estimation error in the
model parameters and the effects of parameter uncertainty on the LPs’ inference

problem of identifying skilled PE firms.

4Glode and Green (2011) present a similar model for hedge funds in which the source of
asymmetry is knowledge about the PE manager’s investment strategy. Marquez, Nanda, and
Yavuz (2015) consider the information asymmetry between entrepreneurs and PE firms.



Econometrically, unlike standard ANOVA models, our model is
semi-parametric, and it does not require fund returns to follow a normal
distribution. We use a mixture-of-normals distribution and a Bayes factor
test to determine the appropriate number of mixtures. This generalization
is especially important for VC funds, whose returns are highly skewed. Our
Bayesian estimation approach, which is described in detail in the Appendix,
is computationally efficient, and it provides accurate small sample inference for
the estimated parameters, which is important because the parameters of interest
are variances and ratios of variances (in the case of signal-to-noise ratios), which
have nonstandard asymptotic distributions.

One limitation of our analysis is that it focuses on cross-sectional
heterogeneity in PE performance. We do not consider aggregate skill and
performance, and we do not investigate whether PE in aggregate outperforms
the market or other types of investments. For studies of aggregate PE
performance, see, for example, Korteweg and Sorensen (2010), Ang, Chen,
Goetzmann, and Phalippou (2014), Harris, Jenkinson, and Kaplan (2014a),
and Korteweg and Nagel (2016).

Our analysis is related to the recent literature on performance persistence in
mutual funds and hedge funds. Kosowski, Timmermann, Wermers, and White
(2006) and Fama and French (2010) estimate manager skill fixed effects using a
bootstrap method, which allows for flexible distributions of the return residuals,
like our mixture-of-normals distribution. Barras, Scaillet, and Wermers (2010)
and Ferson and Chen (2015) extend the bootstrap approach to the null
hypothesis that only a fraction of managers have no skill, a generalization that
is similar to our prior distribution of managers’ skill. However, fixed effects skill
estimates and bootstrapping are more applicable in settings with long panel
data sets (i.e., with many observations per individual), such as mutual and
hedge funds.

A main benefit of the Bayesian approach is its application to learning
and investability, but it also has technical benefits for estimating variance

decomposition models, for example, in enforcing non-negative variance



estimates. Bayesian approaches to skill assessment in mutual and hedge funds
have been applied, amongst others, by Baks, Metrick, and Wachter (2001),
Pastor and Stambaugh (2002a, 2002b), Jones and Shanken (2005), Avramov
and Wermers (2006), and Busse and Irvine (2006). In particular, Jones and
Shanken (2005) use a random effect prior on skill that is close to ours. However,
these studies do not allow for non-normal residuals, and they do not explore
the speed of learning about skill over time. To our knowledge, the variance
decomposition approach we pursue here is new to the literature.

The problem of producing a skill estimate for a manager who simultaneously
manages investments across several funds has not received much attention in the
mutual and hedge fund literatures. Wu, Wermers, and Zechner (2016) show that
multi-fund managers are common and that the average mutual fund manager
manages 2.2 funds at any given time. Our method for controlling for overlap
can therefore also be useful for mutual and hedge fund studies.

More generally, evaluating persistence and separating skill from luck are
fundamental issues in economics and finance. For example, other applications
of our method include the performance persistence of serial entrepreneurs [e.g.,
Gompers, Kovner, Lerner, and Scharfstein (2010) and Bengtsson (2013)] and
studies of management style, such as Bertrand and Schoar (2003), which address
the closely related issue of persistence in managers’ business practices.

The paper proceeds as follows. In Section 2, we present the data. Section 3
describes our empirical model. Section 4 discusses our results and the evidence
for long-term persistence in private equity performance. Section 5 evaluates
investable persistence. Section 6 analyzes various subsamples of the data.
Section 7 discusses robustness to using an alternative measure of fund returns,

and Section 8 concludes.

2. Data

The analysis uses an extensive data set with information about PE firms

and the funds they manage. The data are obtained from Preqin and include



fund-level information such as performance, size, type (e.g., VC or BO),
and geography. Preqin is a commercial data provider that started collecting
performance data using Freedom of Information Act requests to public investors
and later extended the scope of its data collection to other public filings and to
voluntary reports by some general partners (GPs) and LPs. For each fund,
Preqin reports aggregate net-of-fees fund performance, such as the internal
rate of return (IRR) and the total value to paid-in capital multiple (TVPI).
No information about gross-of-fees performance is available. We also cannot
calculate the public market equivalent (PME) measure of fund performance,
which has some advantages when evaluating PE performance (Korteweg and
Nagel (2016); Sorensen and Jagannathan (2015)), because the data do not
contain cash flows between the GP and LPs.

We focus on the IRR, which is the annualized return to LPs net of
performance fees (carried interest) and management fees. ~While it has
well-known limitations, IRR is the most widely available fund performance
measure, and it is commonly used to analyze PE performance.® Though the
IRR is an absolute performance measure, our model controls for general market
performance and systematic risks. The analysis in Section 7 confirms our results
using TVPI as an alternative measure of performance.

Harris, Jenkinson, and Kaplan (2014a) compare several data sets with PE
fund performance. Most of these data are from commercial data providers
(Preqin, Burgiss, and Cambridge Associates) and one data set is from a large
anonymous LP that was also studied by Robinson and Sensoy (2016). For
VC funds, Preqin has slightly weaker coverage for the 1980s and 1990s, but it

provides the most comprehensive coverage for the 2000s. For BO funds, Harris,

5Other papers that use IRR to measure PE performance include Ljungqvist and Richardson
(2003), Kaplan and Schoar (2005), Lerner, Schoar, and Wongsunwai (2007), Ljungqvist,
Richardson, and Wolfenzon (2008), Kaplan and Stromberg (2009), Chung (2012), Franzoni,
Nowak, and Phalippou (2012), Higson and Stucke (2012), Acharya, Gottschalg, Hahn, and
Kehoe (2013), Caselli, Garcia-Appendini, and Ippolito (2013), Hochberg and Rauh (2013),
Jenkinson, Sousa, and Stucke (2013), Lopez-de Silanes, Phalippou, and Gottschalg (2015),
Robinson and Sensoy (2016), Harris, Jenkinson, and Kaplan (2014a), Hochberg, Ljungqvist,
and Vissing-Jorgensen (2014), Li (2014), and Sensoy, Wang, and Weisbach (2014).



Jenkinson, and Kaplan find that Preqin contains the largest total number of
funds for the 1990s and 2000s (but not for the 1980s). Importantly, the Preqin
data have performance information for the largest number of both BO and
VC funds. Moreover, they find no evidence that Preqin’s IRR performance
data are biased relative to the performance data from the other data sources.
Phalippou (2014) finds that Preqin is representative of the data sets from Burgiss
and Cambridge Associates, though Phalippou considers only BO funds. Hence,
when analyzing the performance and persistence of PE funds, Preqin is one of
the best data sets available.

The two main fund types are VC and BO funds, but Preqin also classifies
some funds as real estate, fund-of-funds, infrastructure, turnaround, special
situations, co-investment, and venture debt funds, which we collectively refer to
as Other funds. The majority of Other funds are real estate and funds-of-funds,
and though the investments by these two fund types are very different, they have
(surprisingly) similar performance and persistence characteristics. Therefore, we
combine all Other funds for most of our analysis.

We define a fund’s location by the geographical location of its GP. This
location can sometimes differ from the locations of its portfolio companies, but
we obtain very similar results when we define location in terms of the fund’s

geographical investment focus.

2.1. Descriptive statistics

We restrict our sample to funds with available performance information.®

Our model does not require a fund to be preceded by another fund, and

S0ur estimates remain valid with randomly missing fund performance data. Moreover,
survivorship does not bias our parameter estimates when each PE firm’s survival depends
only on past observed data (i.e., performance), but not on the true parameter values, so
observed data are a sufficient statistic for survivorship. Similar (or stronger) assumptions
are common in studies of mutual fund performance persistence, such as, for example, Baks,
Metrick, and Wachter (2001) and Péstor and Stambaugh (2002). Formally, it always holds
that p(0|data, survival) = [p(survival|data, 0) /p(survival|data)] - p(6|data), where 6 contains
the model parameters. The 6 estimates are then valid when p(6|data, survival) = p(6|data),
which holds when the fraction in brackets equals one.

10



we include PE firms with only a single fund.” To avoid concerns about
funds’ self-reported intermediate IRRs and NAVs [see Phalippou and Gottschalg
(2009); Brown, Gredil, and Kaplan (2016); Jenkinson, Sousa, and Stucke (2013);
Barber and Yasuda (2016)], we restrict our sample to fully liquidated funds.
We eliminate funds with less than $5 million in committed capital (in 1990 US
dollars) to exclude smaller, idiosyncratic funds.

Table 1 shows descriptive statistics for our final sample. The sample contains
1,924 funds, raised between 1969 and 2001 and managed by 831 unique PE firms.
Of these funds, 842 are VC funds (managed by 409 firms), 562 are BO funds
(285 firms), and the remaining 518 funds (197 firms) are classified as Other
funds.® Fig. 1 shows the distribution of the number of funds per PE firm, by
firm type. The average VC and BO firm manages about two funds during our
sample period (2.6 for Other firms), but the median VC and BO firm manages
just a single fund. Table 1 shows that the average (median) overlap between
two funds managed by the same PE firm, which is important when assessing
persistence, is 5.8 years (6.0 years) for VC and BO and 6.8 years (7.0 years) for
Other.”

** INSERT TABLE 1 AND FIGURE 1 NEAR HERE **

The average (median) VC fund has $207 million ($110 million) of committed
capital, compared with $694 million ($300 million) for BO and $373 million
($207 million) for Other funds. For VC and Other funds, the subclassifications
in Panel B of Table 1 show that late-stage VC funds and distressed debt funds

"Firms with a single fund do not help identify persistence parameters directly. With a
sample of only single fund firms, it would not be possible to distinguish whether the dispersion
in fund performance were due to dispersion in long-term persistence, idiosyncratic variation,
or some combination. Still, single fund firms are informative about the remaining model
parameters. They contain information about time fixed effects and the total variance of
performance. That said, we have confirmed that the results are robust to excluding single
fund firms from the sample.

8The number of firms by type add up to more than the 831 unique firms in our sample,
because some PE firms manage funds of several types.

9We report overlaps for fund pairs, and there can be more pairs than individual funds, as is
the case for VC funds. To illustrate, a PE firm that raises a fund every second year manages
five partially overlapping funds (raised in years 0, 2, 4, 6, and 8). These five funds form ten
fund pairs.

11



tend to be larger, whereas early stage VC and natural resource funds tend to
be smaller. There are no subclassifications of BO funds.

Turning to performance, Panel A of Table 2 shows that the average (median)
fund IRR is 17.7% (8.6%) for VC funds, 16.9% (14.9%) for BO funds, and 13.9%
(11.9%) for Other funds. Table 2 shows IRRs by vintage year and fund type,
and Fig. 2 plots average IRRs. For VC funds, very strong performance is evident
during the dot-com bubble in the late 1990s, with average IRRs as high as 45.2%
annually, followed by a sharp drop after the dot-com bubble burst. Funds have
ten-year lives, so funds with vintage years well before 2000 were exposed to
this bubble and have lower performance. BO performance is more stable and
shows a recovery toward the end of the sample period, relative to VC and Other
funds. The performance of Other funds is even more stable, showing an earlier
but more modest decline in the late 1990s followed by a comparable modest

recovery.
** INSERT FIGURE 2 NEAR HERE **
** INSERT TABLE 2 NEAR HERE **

Our empirical analysis uses total log returns (i.e., continuously compounded
returns) instead of annualized IRRs. The total log return for fund w of firm i is
denoted y;,,. It is calculated by compounding the fund’s IRR over its ten-year
life:

Yiu = 10-In(1 + IRR;,) . (2)

The natural logarithm reduces the skewness of the IRRs, and it allows us
to decompose the total ten-year return into a sum of annual returns. The
transformation fails for the two funds in our sample with IRRs of -100% (one is
a vintage 2001 VC fund and the other is a 1998 BO fund), and these two funds
are excluded in the empirical analysis, but our results are robust to including

them with TRRs set equal to the first (lowest) percentile of the IRR distribution.

12



3. Variance decomposition model

Our empirical model is a hierarchical linear model, which generalizes the
classical analysis-of-variance (ANOVA) decomposition. Hierarchical linear
models have been widely used, for example, in education research, because they
capture the hierarchical structure that arises when, for example, one observes
individual students, who are grouped into classrooms, which are grouped into
different schools, which are located in different districts, etc. Such a hierarchical
structure also arises for PE when individual PE funds are managed by different
PE firms and span different time periods. Although not pursued here, our
model could be extended to include data at additional levels, for example, data
for individual deals, as in Braun, Jenkinson, and Stoff (2016), or data with
LPs’ holdings of PE funds, as in Sensoy, Wang, and Weisbach (2014). General
overviews and discussions of hierarchical models are in Raudenbush and Bryk

(2002) and De Leeuw, Meijer, and Goldstein (2008).

3.1. Economic intuition

To illustrate the intuition behind the variance decomposition in short panels,
consider a set of 60 PE firms. Each firm makes just two investments (or
manages two funds), each of which succeeds or fails. Of the resulting 120
investments, we observe that one-half fails and the other half succeeds, and
the unconditional success probability is thus 50%. If the investments were
statistically independent, each firm would have a 25% probability of zero, a 50%
probability of a single, and a 25% probability of two successful investments,
and we should see 15 of the 60 PE firms with no successes, 30 with a single
success, and the remaining 15 firms with two successful investments. But
imagine instead that the successes are evenly distributed among the 60 PE
firms, so 20 have zero, 20 have one, and 20 PE firms have two successful
investments. In this case, the performance variation between PE firms exceeds

the variation that is implied by the variation within PE firms if they were

13



statistically independent, so the investments cannot be independent.'® Some
PE firms have higher (and some have lower) success probabilities. In this
example, the even distribution of successes among PE firms is consistent with
each firm’s success probability being drawn from the uniform distribution on
[0,1]. If p; ~ UJ0,1] denotes firm #’s success probability, then the expected
probability of two successes is E[p?] = 33%. Following this intuition, our model
defines and measures persistence by comparing performance variation within
PE firms with performance variation between firms. Excess variation between
firms, as in this example, implies persistence.

Excess variation, and hence persistence, also implies that the outcomes of
the investments made by a PE firm are positively correlated. In the example,
let s; and ss be indicators for the outcomes of the two investments by a given
PE firm. When p; ~ U[0, 1], then cov(s1, s2) = E [s182] — E [s1] E'[s2] = 1/12.

This intuition leads to a natural distinction between PE firms’ past
performance and expected future performance. With p; ~ U[0,1] and using
Bayes’s rule, the posterior density of p; conditional on observing two past
successes is f(pils1 = 1,s2 = 1) = 3p?. Some firms with two successes are
mediocre firms that have been lucky, and the probability that a firm with
top tercile past performance (two successes) has top tercile expected future
performance is only Pr(p; € [0.66,1]|s; = 1,50 =1) = 70%.!" The success
probability of a new investment by firms with top tercile past performance
is F [pi|s1 = 1,82 = 1] = 75%, and the success probability for firms with actual
top tercile expected performance is F [p;|p; > 66%] = 83%. To summarize, in

short panels, it is not possible to determine precisely which firms have high or

10Here we ignore the possibility that the number of successes are evenly distributed across
firms due to random sampling. Our argument is an identification argument, and it should be
interpreted in the limit as the number of firms tends to infinity. Put more simply, nothing
changes if one replaces our 60 firms making a total of 120 investments with, e.g., 60 million
firms making a total of 120 million investments. What is important is that each firm makes
only a small number of investments (funds).

n this particular example, in which a third of the funds have two successes, a third have
a single success, and a third have none, it is natural to consider top tercile performance. In
practice, it is more common to consider top quartile performance.
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low p;, but the dispersion in p; can still be determined.

3.2. Comparing random and fixed effects

The previous example essentially describes a random effects model in which
the random effect is each firm’s success probability, p;. The example illustrates
some advantages of the random effects model over the more typical fixed
effects model in short panels (i.e., panels with few observed outcomes for each
individual firm) with large idiosyncratic error terms. In these short panels,
fixed effects are estimated with substantial standard errors, making it difficult
to interpret the dispersion in the estimated fixed effects, because it confounds
the true variation in the fixed effects, which is due to skill differences between
firms, with the standard errors of the fixed effects. To illustrate, continuing
the example, let f; be the estimated fixed effect for PE firm ¢, so PE firms
with two successes have f; = 1, firms with a single success have f; = %, and
firms with no successes have f; = 0. Because p; varies uniformly between
zero and one, while there are equal numbers of firms with f; = 0, %, 1, these
fixed effects are clearly noisy estimates of the true underlying p;. The variance

in the estimated fixed effects, var|[f;] = %, is twice the variance due to actual

1
6’
long-term persistence, which is var[p;] = 5.2 Random effects models avoid this

Ju

2

problem by explicitly parameterizing and estimating var[p;], at the cost of more
restrictive assumptions (primarily distributional assumptions and independence
between the random effects and the covariates).

A second advantage of the random effects model is that the model and
its estimates are directly applicable to the LP’s inference problem and, hence,
provide a consistent way to evaluate the speed of learning and investable

persistence.

12The literature about this problem [dating back to Stein (1956) and Lindley (1962)] has
developed a number of “shrinkage” methods that reduce the estimated dispersion in the fixed
effects, under various assumptions, to isolate the dispersion that is due to actual cross-sectional
differences. Shrinkage methods are effectively ways to pull estimates from fixed effect models
closer to the corresponding random effects estimates [see, for example, Efron and Morris
(1975)].
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3.3. Full model

Our full model generalizes the above example. The main outcome variable
is fund performance, not simply success or failure. The model allows for
overlapping funds and includes explanatory covariates. The basic intuition,
however, remains the same.

The model, which is estimated separately for each fund type (VC, BO,
Other) is set up as follows. Let PE firms be indexed by i. Each firm manages a
sequence of funds indexed by u. Each observation contains the performance of
a fund and characteristics of the fund and firm. The ten-year total log return
of fund v managed by firm i is

tiuw+9
Yiu = leuﬁ + Z (’Yi + 771’7') + Ciu - (3)

T=tiy
The summation runs over the fund’s ten-year life, with year t;, denoting the
fund’s first year of operation (its vintage year). X, is a vector of observed
fund-specific covariates and can include fund or firm characteristics, vintage
year fixed effects, etc.

The three random effects that determine the covariance structure are ~;,
Nir, and €;,,. The ~; term captures long-term persistence, similar to the success
probability, p;, in the example above. At birth, each PE firm receives an
independent draw of «y;, distributed v; ~ A (0,0%), which remains constant
for all funds managed throughout the life of the firm.'* Funds of a PE firm
with higher 7; have persistently higher expected returns (corresponding to a
higher success probability, p;, in the example). The variation in 7; across PE
firms reflects differences in expected returns across PE firms. When there is little

variation in ; (i.e., 02 is small), then PE firms are similar, and there are few

131n PE there are too few funds for each firm to allow v to vary throughout the life of a PE
firm. In Section 6, we divide the sample period into early and late subsamples, which permits
7 to vary across these subsamples and somewhat mitigates this problem. A constant «y is the
best case for the LP’s inference problem of determining 7, and this case thus represents an
upper bound on the investable persistence in PE.
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long-term persistent differences in their performance. When 0'?/ is larger, more of
the performance differences are due to heterogeneity in expected returns across
PE firms. Without loss of generality, the mean of 7; (along with the means of the
other random effects) is normalized to zero, and the industry level of expected
returns is captured by the intercept term in X;,. The model is parameterized
with ~; inside the sum in Eq. (3), so ~; is the annualized abnormal performance
for firm ¢ relative to its peers, and each fund earns ; ten times during its life.
The covariance in the returns of partially overlapping PE funds is captured
by the PE firm-year-specific effects, independent and identically distributed
(iid.) mir ~ N (0, O’%). Two overlapping funds that are managed by the same
PE firm share an n;; term for each year of overlap, and these terms generate
short-term correlations in the overlapping funds’ performances. Economically,
such correlations can arise due to common strategies, common risk exposures, or
common investments in the same portfolio companies.' To illustrate, suppose
a PE firm manages two funds with vintage years 1999 and 2001, both focused
on investments in emerging markets. From 2001 to 2009, these two funds would
then have similar emerging market exposures. Due to these common exposures,
an AR(1) regression of y; vy on y; y—1 would yield a positive coefficient, but
this coefficient would not be evidence of actual persistence, and it does not
imply that past performance predicts future performance. When these spurious
correlations are large, the estimated of, is large. Conversely, when there is no
effect of shared exposures, the variance tends to zero. The model accommodates
all of these cases.'®
The error term ¢g;, captures fund-specific idiosyncratic performance shocks.

It is i.i.d. across funds, across firms, and over time. Because fund performance

14Braun, Jenkinson, and Stoff (2016) find that an average BO fund with 15.6 investments
contains 1.0 deals that are common with another fund that is managed by the same PE firm.
They do not have data for VC or Other firms.

15We also estimate specifications that account for overlap only during the first five years of
the funds’ lives, to focus on the correlation that is due to the investment decisions that are
made in these initial years. These specifications give similar estimates, and the main results
and conclusions remain unchanged.

17



is skewed, €;, is modeled using a mixture-of-normals distribution, which is
considerably more general than the normal distribution. This flexibility is
particularly important for VC performance, which we find requires a mixture of
three normals, whereas the performance of BO and Other funds is captured by
mixtures of just one or two normal distributions. Details are in the Appendix.

The total variance of y;, is the sum of the variances of the three random
effects. The summation in Eq. (3) contains the same 7; term ten times, and it

contains ten i.i.d. n;; terms, so the total variance is
2 2 2 2
o, = 10003 + 100, + 07 . (4)

The covariance between two funds that are managed by the same PE firm and

have NN years of overlap is
oV (Yiu, Yiv) = 10003Y + Nof, . (5)

This covariance relation is plotted in Fig. 3, and this figure also illustrates the
identification of the model. The parameters of interest are the variances of the

2 and o2

2
three random effects, o7, o7, z

. In Fig. 3, the intercept is O’,2Y and the slope

2

;» S0 these two variances are identified by comparing the covariances of funds

iso

2 and o2

5 , and observing the total

with increasing amounts of overlap. Given o
variance, 05, the remaining o2 is identified as the residual variance in Eq. (4).
Thus, although the model cannot determine when exactly returns are earned
during a fund’s life (as we use only each fund’s total return, when liquidated),

it can determine how much of the variation in funds’ total performance is due

to each of the three random effects.
** FIGURE 3: OVERLAP AND COVARIANCE **

With respect to the vector of covariates, X;,, we estimate two specifications.
In Specification I, X;, contains only a constant term. All correlations in
contemporaneous performance, including correlations due to common exposures

to systematic risk factors that are shared across all firms, are then captured
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by the n;, terms. To explicitly control for these risk exposures, Specification 11
adds vintage year fixed effects to X;,, (the model is then formally a mixed-effects
model). All funds with the same vintage year experience the same factor returns
(e.g., total market returns) over their ten-year lives. If these funds have the
same exposures to these factors [e.g., the same beta in the capital asset pricing
model (CAPM) or the same loadings on the Fama and French risk factors],
then vintage year fixed effects capture the common performance component
that is due to these exposures. Under this assumption, ~; then represents the
PE firm’s risk-adjusted annualized expected return relative to other PE firms
(as it is centered at zero). It does not, however, show performance relative to
the market overall, and it cannot tell whether PE outperforms in the aggregate.

Apart from the assumption that PE firms have the same contemporaneous
factor exposures, this risk-adjustment is general.'® Each vintage year has a
separate fixed effect, so risk exposures and factor premiums can vary over
time, for example, due to trends in leverage and credit market conditions.
The exposures can also vary by fund type, because we estimate the model
separately for VC, BO, and Other funds. In Section 6, we also estimate the

model separately for finer subsamples.

3.4. Benefits of the Bayesian estimator

We estimate our model using a Bayesian estimator that exploits recent
advances in numerical computing [Markov chain Monte Carlo (MCMC), Gibbs
sampling, and posterior augmentation]. The estimation procedure is described
in detail in the Appendix. Essentially, our random effects model imposes a
particular structure on the covariance matrix. While this model could, in
principle, be estimated by classical maximum likelihood estimation (MLE) or
the minimum-norm quadratic unbiased estimation (MINQUE) of Rao (1972),

the Bayesian estimator offers several advantages. When the parameters of

16We cannot estimate fund-level risk loadings because we observe only one return per fund.
Even firm-level risk loadings are not feasible given the typical number of funds per firm. The
risk-adjustment issue is pervasive in the PE literature, and vintage-year fixed effects are also
used to control for systematic risk, for example, by Hochberg and Rauh (2013).
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interest are variances and functions of variances, classical estimators have
difficulty imposing non-negativity constraints on these parameters. It is also
difficult to derive the asymptotic distributions of variance parameters and
(nonlinear) functions of these parameters. The Bayesian estimator solves these
problems. In addition, it allows for correct small sample inference, and it
explicitly accounts for parameter uncertainty in the estimated parameters.
Finally, allowing for non-normal distributions is important in PE data, but
mixtures of normals models are difficult to estimate using MLE due to the
label-switching problem. The standard solution is to use an expectation
maximization (EM) algorithm, which uses data augmentation in a similar
fashion as the Bayesian approach. However, the EM algorithm is complex and

does not resolve the other issues with MLE-type estimators.

4. Results

4.1. IRR regressions

We first confirm the findings by Kaplan and Schoar (2005) using our
data. Table 3 (which follows the layout of Table VII in Kaplan and Schoar)
shows ordinary least squares (OLS) regressions of IRR; y on IRR; y_1 with
various controls, including further performance lags in some specifications. All
regressions have vintage year fixed effects and standard errors are clustered at
the firm level. In most specifications, the previous fund’s performance strongly
predicts the performance of the next fund. For example, the coefficient of 0.162
in the first specification shows that a fund with a 1% higher IRR predicts a
0.162% higher IRR for the next fund. The second specification suggests that
this effect is even stronger when controlling for the performance of fund N — 2,
although the coefficient on this second fund’s performance is negative (albeit
insignificant). These results are robust to controlling for the fund’s (log) size
and sequence number. The final six specifications in Table 3 show separate
estimates of the AR(1) model for each fund type. When estimated separately,

the VC results are similar to the full sample results, but the BO effects become
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slightly stronger. For Other funds, the coefficient is positive and significant
in Specification I but becomes smaller and insignificant when fund N — 2 is

included, although this weaker result could be due to the smaller sample size.
** TABLE 3: IRR REGRESSIONS **

In these specifications, even fund N — 2 can overlap with fund N, and the
positive coefficients can partly reflect the overlap instead of actual performance
persistence. Panel B of Table 3 shows estimates using a sample of only the
funds that are entirely nonoverlapping. This restriction further reduces the
sample size and leaves no remaining signs of persistence. However, this weaker
result could be due to the lower statistical power of the smaller sample.

A natural interpretation of the AR(1) results in Table 3 is that BO funds have
more persistence (they have the largest coefficients and R?, and the coefficient
remains statistically significant with fund N —2), followed by VC funds (smaller
coefficients and R? than BO funds, but still significant with fund N — 2), and
that Other funds have the least persistence (the smallest coefficients and R?,
and insignificant with fund N — 2). This ranking of BO, VC, and Other funds
becomes more nuanced when we distinguish between the different forms of

persistence using our model

4.2. Long-term persistence

Table 4 reports estimates of our model for VC, BO, and Other funds. Panel A

shows the magnitudes of the three random effects as measured by their standard

2

deviations (o, 0y, and o¢).!" The variances (100 x 02, 10 X 07 , 02 and o )

are easier to interpret, and they are reported in Panel B. For each fund type,

17Though we use a Bayesian estimator, we discuss results using standard frequentist
terminology: our point estimate is the mean of the posterior distribution, and our standard
error is the standard deviation of the posterior distribution. A parameter is statistically
significant, at a given level, when zero is not contained in the corresponding symmetric credible
interval, as usually defined in Bayesian statistics. Our Bayesian estimator produces exact
small-sample inference, even for nonlinear transformations of the estimated parameters, and
all reported inference is calculated without asymptotic approximations.
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we use two specifications. In Specification I, X;, contains only an intercept.

Specification II includes vintage year fixed effects.
** TABLE 4: PARAMETER ESTIMATES **

For VC funds, Specification I in Table 4 shows a total unconditional variance

(o

y) of 6.933. This variance is decomposed into three components, with 0.243

due to long-term persistence (100x 02), 0.675 due to the overlap effect (10 x 0727),
and the remaining 6.015 due to idiosyncratic variance (o2).

We find that a?/ is statistically significant, consistent with the findings from
the AR(1) regressions.'® Denote the xth percentile of the +; distribution by
¢y(z). With the point estimate of o, of 0.049, ¢,(75%) = 3.30%, implying
that the marginal top quartile VC firm has an expected annual return that is
3.30% higher than the average VC firm (net-of-fees). The spread in the expected
returns of the marginal top and bottom quartile firms is ¢, (75%) — ¢,(25%) =
6.60%, annually. These percentiles are calculated from the point estimate of
the standard deviation, assuming it is perfectly estimated, but Specification I in
Table 4 shows that the estimate of o, for VC funds has a standard error of 0.007.
Because our estimation procedure gives the full posterior distribution of 0., we
can generate the corresponding posterior distribution of the spread ¢,(75%) —
¢(25%), accounting for parameter uncertainty. Table 4 reports that this spread
estimate is 6.59%, close to the 6.60% spread calculated from the point estimate
of 0., which suggests that parameter uncertainty is a relatively small problem
for these spreads. Nevertheless, because the calculation is simple, all reported
gamma spreads in Panel C of Table 4 account for parameter uncertainty. The
table also reports the spread in expected returns between the median top and
bottom quartile PE firms, ¢,(87.5%) — ¢,(12.5%), which is estimated to be
11.24% annually.

These gamma spreads cannot be calculated by simply subtracting the

18Testing statistical significance of variance parameters is complicated by the one-sided
alternative hypothesis. We use a Bayes factor test to test Hy : ‘7'27 = 0 against H4 : J,2Y >0,
as discussed in the Appendix.
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observed IRRs of bottom quartile funds from those of top quartile funds. Top
quartile performance does not imply top quartile expected returns, and this
empirical difference confounds long-term persistence and noise. To illustrate,
consider the case in which performance is noisy, so o2 is large, but little difference

exists between PE firms, so 0?/

is small. In this case, there is little long-term
persistence and the spread ¢,(75%) — ¢,(25%) is small. Noisy performance,
however, still leads to large differences in observed fund IRRs, so the empirically
observed difference between top and bottom quartile funds can still be large,
but this is entirely due to noise. Conversely, the empirical difference could
understate actual long-term persistence. In periods when many particularly
high-quality (or low-quality) PE firms are active, the empirical difference could
be too small, because it is calculated from funds in a narrower range of the ~;
distribution.

Panel B in Table 4 also shows that for BO funds the variance that is
due to long-term persistence (100 x 03) is 0.361, which is higher than for
VC funds. Hence, the gamma spreads are also higher, and for BO firms
q-(75%) — ¢,(25%) = 8.03% and ¢,(87.5%) — ¢,(12.5%) = 13.70% annually.
The variance due to the overlap (10 x 0,27) is 0.216, which is smaller than for
VC funds, but the difference disappears when adding vintage year fixed effects
to the model. Importantly, BO funds have substantially smaller idiosyncratic
risk (02) and are less noisy than VC funds. The smaller noise in the returns of
BO funds can also explain the stronger persistence results for BO in the AR(1)
regressions, as less noisy returns give stronger statistical power in the AR(1)
model.

For Other funds, the overlap and long-term persistence effects are largely
similar to those for VC and BO funds. Comparing Specification I for the various
fund types, the o, estimates for Other and VC funds are similar, so their gamma
spreads are similar as well. Idiosyncratic volatility of Other funds, however, is
significantly less than the volatilities of both VC and BO funds, resulting in a

better signal-to-noise ratio for Other funds.

To summarize, long-term persistence, as measured by the gamma spreads,
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is greatest for BO funds and slightly lower for VC and Other funds, but the
difference in the gamma spread between the three fund types is modest. These
gamma spreads are calculated from the population distribution across PE firms.
To earn this spread, an LP must perfectly identify PE firms with the highest
and lowest gammas. Hence, these gamma spreads are upper bounds on the
outperformance LPs can earn by identifying PE firms with higher expected

returns. We return to this issue in Section 5.

4.8. Overlap effects

The returns of overlapping funds are correlated. In Table 4, Panel B,
Specifications I and II for VC funds show overlap effects of 0.675 and 0.386,
respectively. Without vintage year fixed effects, the n;; terms capture all
correlations between contemporaneous funds, including correlations arising from
common exposures to the market (and other common risk factors) during the
overlap period. To control for these shared exposures, Specification II includes
vintage year fixed effects, which capture market-wide movements and imply that
N terms capture deviations only from these market-wide movements that are
specific to a PE firm (e.g., due to the PE firm making similar decisions across its
contemporaneous funds). The resulting overlap effects are largest for BO funds
and smallest for Other funds. Generally, the variation in performance that is
due to the overlap effect exceeds the variation that is due to the difference in
expected returns.

The estimates in Table 4 allow us to quantify the effect of overlap on the
AR(1) regression coefficient for fund N on N —1. This coefficient can be positive
due to the overlap effect, even when there is no actual long-term persistence
and past performance does not predict future performance. Table 1 shows an
average overlap of subsequent funds of 5.8 to 6.8 years. Using Eq. (5), the
estimates in Table 4 imply that funds with such average overlaps have total
covariances of 0.37 to 0.64. But 25.8% to 61.7% of this covariance (with an
average across specifications of 43.6%) is due to the overlap, suggesting that the

AR(1) coefficients as a measure of performance predictability is biased upward
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by 34% to 168%. The overlap effect for Other funds is smaller, implying a
smaller upward bias in the AR(1) coefficients. Overall, when evaluating two
overlapping funds from the same PE firm that have both outperformed, their
shared outperformance is more likely due to their overlap than to the firm

generating persistently higher returns.

5. Learning and investable persistence

The estimates from section 4 show substantial differences in long-term
persistence across PE firms, but they do not show how difficult it is for LPs
to identify PE firms with higher expected returns. We quantify this investable
persistence in two ways. First, we estimate the speed of learning about ; using
the signal-to-noise ratio. This ratio is simple to calculate, it allows for a direct
comparison of different firm types, and it has a simple economic interpretation
based on the updating of beliefs about ;. The drawback is that it relies on
normal distributions. Second, we use the full mixtures-of-normals model to
evaluate how many past funds an LP must observe to estimate a PE firm’s
expected return with reasonable certainty. We find that the signal-to-noise ratio
is low, and it is difficult for LPs to identify PE firms with high expected returns
based on their past performance. An LP needs to observe an excessive number
of past funds to evaluate a firm’s expected return with reasonable certainty. In
practice, LPs therefore need additional information, such as detailed information
about individual deals and individual partners associated with these deals or a
firm’s internal organization and culture, to inform their investment decisions
(see Ewens and Rhodes-Kropf (2015); Jenkinson, Jones, and Martinez (2016);
Kuckertz, Kollmann, Rohm, and Middelberg (2015)).19

19An interesting issue is that estimating the hierarchical model using individual deal
performance (instead of aggregate fund performance) is not necessarily more informative.
Expected returns (i.e., differences in means) are no better measured with higher frequency
observations, as pointed out by Merton (1980). Moreover, the overlap problem still exists for
individual deals. The optimal aggregation of information about fund managers’ performance,
combining high and low frequency performance measures, is an interesting topic to pursue.
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5.1. Signal-to-noise

Our model contains two types of shocks. Transitory shocks are drawn
independently each period and given by the 7, and &;, terms. Persistent
shocks, given by ~;, generate long-term differences in expected returns across
PE firms. The signal-to-noise ratio, s, is defined as the ratio of the variance of

the persistent shock relative to total variance.?’

_ 10003

2
Ty

(6)

Sy

This signal-to-noise ratio, which is bounded between zero and one, has a
simple economic interpretation. In a Gaussian learning model, an LP updates
beliefs about ~; as follows. Let the LP’s beliefs about ~; after observing N
funds be N (v;, N,ai n)- After observing the performance of one additional

(non-overlapping) fund, the LP’s updated beliefs are N/ <7i,N+17 O'Z-Q’N+1), where

Yi,N+1 — Xi/,N 1B
Yi,N+1 = Sy - 10 (1= 5) v (7)

and

01'2,N+1 =(1-s,)" ‘71‘2,N- (8)

Eq. (7) gives the mean of the LP’s updated beliefs, which is a combination of two
terms, weighted by the signal-to-noise ratio. The fraction in the first term is the
new information, specifically, the surprise performance of the new fund relative
to its expected performance. The greater the signal-to-noise ratio, the more
weight is placed on the new information and the faster the LP updates beliefs.
This also follows from Eq. (8), which shows the dispersion in the LP’s beliefs.
A larger signal-to-noise ratio means that the dispersion declines faster as new
information arrives, i.e., the LP learns faster. When the signal-to-noise ratio

is low, new performance is largely uninformative about the PE firm’s expected

20For example, Cochrane (1988) uses a similar variance ratio to evaluate the persistence of
GDP shocks.
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return. Because it is difficult for the LP to infer -;, more weight is put on the
prior belief, ; x [the second term in Eq. (7)], and the dispersion in beliefs in
Eq. (8) declines only slowly.

Point estimates of s, are reported in Panel B of Table 4. Fig. 4 plots the
posterior distributions of s, for VC, BO, and Other firms, with and without
vintage year fixed effects. The signal-to-noise ratio is lowest for VC funds and is
larger for BO and Other funds. For VC funds, the large amount of noise makes
performance less informative. Other funds have the least amount of noise and
the highest signal-to-noise ratio, making it is easier for LPs to identify which

Other firms have higher expected returns.

** FIGURE 4: ESTIMATES OF SIGNAL-TO-NOISE RATIO **

5.2. Identifying PE firms

Using the full mixtures-of-normals model, Fig. 5 plots the probability that
top quartile performance implies top quartile expected returns. This probability
is Pr [’yi > q,(75%) | % 22721 Yim > QN}7 where @y is the average observed

performance of the marginal top quartile firm with N past funds. To interpret

2

Fig. 5, consider the limit with little long-term persistence, where o7

converges to
zero. Top quartile performance is entirely due to luck, and the probability that
a PE firm with top quartile performance also has top quartile expected returns
is simply 25%. As long-term persistence increases and performance becomes
informative, this probability increases. At the other limit, when U'2y becomes
very large (relative to 05), persistence dominates. In this case, top quartile
performance is entirely due to skill and perfectly identifies PE firms with top
quartile expected returns, and the probability converges to 100%. In practice,
for a realistic number of funds, the probability remains well below this limit.
For example, Fig. 5 shows that for VC firms with five past funds, having top
quartile past performance implies a 37% probability of also having top quartile
expected future returns, which is slightly better than the 25% probability in

the uninformative case. For BO and Other firms, with five past funds and top
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quartile performance, this probability increases to 47% and 51%, respectively.
These estimates are consistent with the signal-to-noise ratios, which also show
that Other funds have the most informative performance, followed by BO and

VC funds.
** FIGURE 5: LEARNING SPEED **

Fig. 5 shows the probabilities for up to 50 past funds. As Fig. 1 shows, no PE
firm has managed even close to 50 funds, so this is an upper bound on the ability
of LPs to discriminate between PE firms based on their past performance. Even
at this upper bound, just 53% of the VC firms with top quartile past performance
have top quartile expected future returns. Put differently, an LP that invests
in a portfolio of funds selected only on PE firms with historical top quartile
performance finds that only 53% of these firms continue to deliver top quartile

performance in the future.

5.3. Investable persistence

The previous analysis shows that LPs find identifying Other funds with
higher expected returns easier, but it does not account for the value of identifying
these funds. For example, Table 4 shows that Other funds have less long-term
persistence than BO funds, as measured by 03, which means that although
it is more difficult to identify the best BO funds, there is more to gain
from identifying them. Fig. 6 shows the combination of these two effects.
This figure plots the expected gamma for PE firms with top quartile past
performance, calculated among all PE firms with NV past funds or, formally,
E || % 22;1 Yin > QN]. Initially, it is easier to identify Other firms, but the
value of identifying these firms is limited by their lower gamma spreads. For
BO firms, the gamma spread is larger, and after observing four to five funds,
BO firms are sufficiently well identified that, relative to Other firms, the benefit
of their greater gamma spreads outweighs the difficulty of identifying them.
For PE firms with five or more funds, BO funds have the greatest investable

persistence.
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** FIGURE 6: INVESTABLE PERSISTENCE **

VC firms have less investable persistence. Their signal-to-noise ratio is low,
so it is difficult to identify better VC firms. Moreover, the long-term persistence
and gamma spreads are also lower. They are similar to Other firms and below
the spread of BO firms, and the gains from identifying better VC firms are
therefore also lower. This overall lower investable persistence of VC firms shows
in Fig. 5 and 6, in which VC firms are below BO and Other firms. This result
is also consistent with the empirical evidence that VC funds have lower flow
performance sensitivities relative to BO funds [Kaplan and Schoar (2005) and
Chung, Sensoy, Stern, and Weisbach (2012)], as good VC fund performance
is more likely due to luck compared with BO and Other funds and therefore
induces lower capital flows.

The reported probabilities and results in this section were calculated based
on the assumption of nonoverlapping funds. All else equal, learning is slower
and investable persistence is lower with overlapping funds, as some fraction of
the correlation in subsequent fund returns is due to the overlap (1) not 4. This
reinforces our main conclusion that investable persistence is low, based on past

fund returns alone.

6. Subsamples

Table 5 reports model estimates for subsamples of the data. We estimate
each subsample independently. For example, when we compare the persistence
of small and large funds in Panel A of Table 5, the model is estimated twice,
once for large funds and once for small funds. PE firms that manage both small
and large funds are represented in both sets of estimates, possibly with different
gammas. These narrower samples help alleviate concerns about heterogeneity
2 2 2

g,, O

2, 07, 02, and risk factor loadings.?! The subsamples also provide a more

in o

21The full sample results in Table 4 are robust to including fund size, sequence number,
and indicators for location and fund type as covariates in Xj;,,. Even when these covariates
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nuanced picture of persistence. Our general finding is that PE firms in more
developed and competitive markets, such as larger and more recent funds located

in the US, show less performance persistence.

** TABLE 5: SUBSAMPLES **

6.1. Fund size

Table 5 reports the long-term persistence of small and large funds. Panel A
shows that small funds have more long-term persistence and greater gamma
spreads than large funds, across VC, BO, and Other firms.?? This performance
difference is not simply due to their greater volatility, which shows in the larger
03 for small funds. Panel B of Table 5 also shows that their signal-to-noise ratios
are higher, implying that the performance of small funds is more informative
about the PE firm’s expected returns. Because fund size is strongly correlated
with firm age within each fund type, this evidence is also consistent with the
results in Chung, Sensoy, Stern, and Weisbach (2012) that funds with lower
sequence numbers have a stronger flow-performance sensitivity than later funds

of a given PE firm.

6.2. GP location

Table 5, Panel A, shows that PE firms located in the rest of the world have
more long-term persistence, followed by firms in Europe, while US-based firms
have the least persistence. Total volatility follows a different pattern, with ROW
being the most volatile, followed by the US, and then European funds. Panel B
shows that for VC and BO funds, the signal-to-noise ratio is substantially higher
for Furopean funds. For Other funds, those in ROW have the most informative
performance. The performance of US-based funds is relatively less informative,

which is consistent with the US PE industry being more mature.

are included in the model, the variances are still constant across the entire sample, implying
that the various persistence measures are constant as well. To evaluate different degrees of
persistence for different fund types, the variances must be allowed to vary across fund types,
which is most easily achieved by estimating the model separately on subsamples of fund types.
22The number of funds for the small and large fund subsamples does not add up to the total
number of funds in Table 1, because fund size is not reported for 224 funds in the data set.
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6.3. Investment style

VC and Other funds can be further categorized by their investment styles,
as classified by Preqin. Table 5 shows that early stage VC funds have
lower long-term performance persistence and the least informative performance.
Generalist VC funds have the most long-term persistence, but late-stage funds
have the most informative performance.

For Other funds, we separately analyze the two major classes of funds:
real estate funds and fund-of-funds. These fund types are very different but
have surprisingly similar persistence characteristics. Fund-of-funds have slightly
greater long-term persistence than real estate funds, although their long-term
persistence is still well below the levels of VC and BO funds. Real estate funds
have more informative performance, however. In fact, the performance of real
estate is more informative than the performance of both VC and BO funds.
Consistent with this result, Chung, Sensoy, Stern, and Weisbach (2012) find
that the flow-performance relation is stronger for real estate funds than for

both VC and BO funds.

6.4. Time period

We confirm the findings by Braun, Jenkinson, and Stoff (2016) and Harris,
Jenkinson, Kaplan, and Stucke (2014b) that persistence has been declining.
Table 5 shows estimates for the early and late halves of our sample period.
Panel A shows that long-term persistence has declined substantially across
all fund types. Panel B shows that fund performance has also become less
informative. This decline is particularly pronounced for VC funds, and it is

more marginal for BO and Other funds.

7. Robustness: total value to paid-in capital

Another commonly used measure of fund performance is TVPI, which is the

total capital returned to LPs (net of fees) divided by the capital invested in the
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fund, without accounting for the timing of the cash flows.2? The TVPI is less
prone to produce outliers in situations in which capital is quickly returned to
LPs, which can distort the IRR calculation. Another advantage is that, unlike
the IRR, the TVPI always exists and is unique. TVPI is widely used in practice,
and it is available for a slightly larger sample of funds than the IRR. In this
section, we confirm that our results hold for the TVPI.

The distribution of TVPI for VC, BO, and Other funds is not surprising.
VC and BO funds have an average TVPI of 2.0, and BO has a higher median
(1.7, compared with 1.4 for VC). Other funds have lower TVPI, with an average
(median) of 1.7 (1.5). VC funds have the highest standard deviation of TVPI,
at 2.9, followed by BO (1.4) and Other (0.9) funds. The rank ordering of
TVPI means, medians, and standard deviations across types is the same as for
IRR. Our empirical specifications use In(TVPI) as the dependent variable. For
brevity, we refer to this log measure as simply TVPI. The natural logarithm
reduces the skewness of the TVPI and makes it more consistent with our model
and easier to interpret. These are the same reasons for using the log IRR above.

Table 6 shows the model estimates using TVPI. Because the IRR and
TVPI are scaled differently, the magnitudes of the estimated coefficients are
not directly comparable, but the general patterns are broadly similar to the
IRR results in Table 4. As before, 0'?{ is largely the same for VC, BO, and
Other firms, meaning that the cross-sectional variance in performance due to
long-term persistence is similar for these three types of firms. The most notable
difference to the IRR results is that the TVPI estimates suggest that VC firms
have slightly more long-term persistence than BO or Other firms. Spurious
persistence estimates are similar across the three fund types (as they are in
the IRR results), with the largest 0727 in Specification I for VC and the smallest

0727 in Specification II for Other firms. Finally, as for the IRR estimates, the

23For nonliquidated funds, the remaining NAV is typically added to the returned capital
in the numerator of the TVPI, which raises some issues about adjusting the remaining NAV
(which is gross of fees) for expected fees, to get the net-of-fee TVPI. Because we use only fully
liquidated funds, this adjustment is irrelevant.
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idiosyncratic variance is highest for VC funds, with o2 about 2.3 times larger

than for BO funds and about 4.6 times larger than for Other funds.
** INSERT TABLE 6 NEAR HERE **

The TVPI and IRR are available for slightly different samples of funds. The
results are not affected by differences across these samples. We confirm in the
Appendix that the TVPI and IRR models give similar results for the common
subsample in which both measures are available.

Fig. 7 shows the speed of learning and investable persistence calculated from
the TVPI coefficients. The speed of learning (in Panel A) is unchanged when
performance is measured using TVPI, with Other firms having the fastest speed,
followed by BO and VC firms. The results on investable persistence (Panel B)
change slightly. Due to the higher long-term persistence for VC firms when
calculated using TVPI, it is more valuable, albeit still slower, to learn about
these firms. For about 15 VC funds, the precision in the LP’s inference about
the firms’ gamma coefficient becomes sufficiently precise, and the investable
persistence of VC overtakes that of BO and Other firms. In our sample, about
95% of VC firms manage five or fewer funds, so this reversal is of little practical

relevance.

** INSERT FIGURE 7 NEAR HERE **

8. Conclusion

We decompose the persistence of private equity performance into long-term,
investable, and spurious persistence. Across all types of PE firms, we find large
amounts of long-term persistence. The spread in expected returns between
top and bottom quartile PE firms is 7 to 8 percentage points, annually. In
contrast, we find low investable persistence. Past performance is noisy, with a
low signal-to-noise ratio, and LPs need to observe an excessive number of past
funds to identify PE firms with higher expected future returns with reasonable

certainty. Even after observing 50 past funds, only 53% to 61% of the PE firms

33



that have generated top quartile past performance can be expected to continue
to generate top quartile performance. In practice, to evaluate investments in
PE funds, LPs need a substantial amount of information that goes well beyond
just the performance of past funds.

We find that smaller funds have greater long-term persistence than larger
funds. In particular, large VC funds have poor long-term and investable
persistence. We find the least long-term persistence for PE firms located in the
US, followed by Europe, and the greatest persistence for firms located in the
rest of the world, although the ROW firms also have more volatile performance.
Finally, we confirm the findings by Harris, Jenkinson, Kaplan, and Stucke
(2014b) and Braun, Jenkinson, and Stoff (2016) that persistence has declined
over our sample period. This decline is largest for VC firms, and BO and Other
funds still show substantial long-term persistence, even post-2000.

Our results have practical implications. The low investable persistence
can explain LPs’ increasing focus on collecting detailed information about PE
performance. For example, Ewens and Rhodes-Kropf (2015) study performance
using deal- and partner-level information, and we find that such detailed
information is necessary for LPs to evaluate PE investments. Our results provide
a new explanation for why persistence is not competed away. When identifying
top PE firms is as difficult as our results suggest, LPs with this ability can also
be scarce, and these LPs should earn rents, resulting in persistence in net-of-fee

returns.
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Appendix A. Estimation procedure

We implement the model as a Bayesian multilevel hierarchical model,
redefining the error terms to absorb the firm-specific random effects using
hierarchical centering, as recommended by Gelfand, Sahu, and Carlin (1995).
Matlab code for estimating the model is available on the authors’ personal pages.

The performance of fund w of firm 14 is

tiw+9

T=liu

The conditional distributions of the random effects are given as

izl ~ N (7i,07) (10)

and
%NN(O,O',2Y>. (11)
The fund-specific error term distribution is i.i.d. (we consider the

mixture-of-normals specification below):

g ~ N (0,02). (12)

2

We need to estimate the parameter vector § = (ﬂ, cr,zy, o

02), given a data set of
fund returns, {y;, }, the dates of inception and termination of each fund, and the
set of observed fund-level covariates, X;,. We augment the parameter vector
with the latent s and 7s, we and use a Bayesian estimation algorithm that
produces a set of draws from the posterior distribution, f (6, {v:}, {nit} |data),
using a Gibbs sampler [see Gelfand and Smith (1990) and Korteweg (2013) for
a detailed description]. By the Hammersley-Clifford theorem, we can divide the

posterior into five complete conditionals that are easy to sample from:

1. Latent firm-year random effects: f ({ni:}|{vi},0, data).

2. Variance of fund-specific error term and [  coefficients:
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f (0—52-7 Bl {71} ) {nlt} ) 0—37 0—3]7 data) .
3. Latent firm random effects: f ({v:}|{nit},0, data).
4. Variance of firm-year random effects: f (o2|{yi},{ni},B,02,0Z, data).

5. Variance of firm random effects: f (o2|{v:},{nu} .8, 02,02, data).

We sample from each distribution 1 through 5 in turn, conditional on the
most recent draw of the other parameters. After Step 5, we return back
to Step 1 and repeat. The resulting sequence of parameter draws forms a
Markov chain, the stationary distribution of which is exactly the posterior
distribution. Given a sample of draws of the posterior distribution, it is then
straightforward to numerically integrate out the latent variables and obtain the
marginal posterior of parameters, f(f|data), or the distribution of the random
effects, f ({7} |data) and f ({ni} |data). We now discuss how to draw from

each conditional distribution.

A.1. Latent firm-year random effects

The firm-year random effects, 7, are sampled using a Bayesian regression of
the fund returns on a set of year indicator variables, with known variance. This
is done on a firm-by-firm basis, as the random effects are assumed independent

across firms (and time). For each firm, 4, the regression model takes the form
vi = Xif+ Zimi + i, (13)

where y; is a vector of stacked fund returns for the U; funds of firm ¢, and X; is
the sub-matrix of the covariates [X;l o X;U,»}/ in which each row corresponds
to a fund of firm ¢. The vector 7; contains the firm-year random effects for the
years in which firm ¢ has at least one active fund. The length of the vector
7; is denoted T; and can vary by firm. The matrix Z; is a U; x T; matrix of
indicator variables. Each row represents a fund of firm ¢ and contains ones in
the columns that correspond to the years that the fund is active and zeros in

all other columns.
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Given the prior in Eq. (10), and using the standard Bayesian regression setup

(e.g., Rossi, Allenby, and McCulloch (2005)), the posterior distribution is

nil {vi}.0,data ~ N (py,02Q7"),

where
2
0 = = .1, +27
o
n
and
1 U? /
Hy = Q ’}/i'ﬁ'lTi"rZi(yi_Xi/B) )
n

(14)

(15)

(16)

with Ir, denoting the T; x T; identity matrix, and 17, denoting a T; x 1 vector

of ones.

A.2. Variance of fund-specific error term and [ coefficients

Given the conditioning on the random effects, n;, this step is a standard

Bayesian regression. With the conjugate prior
o2 ~ TG (ag,by)
and
Bloz ~ N (po,0255")
the posterior distribution is
o[ {n;} ,data ~ TG (a,b)

and

BloZ, {ni} ,data ~ N (u,0257"),
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where

N
a = ao+ZUi, (21)
i=1
b = bo+eet (n—po)Xo(p— po), (22)
T = S+ X'X, (23)
and
po= X7 (Sopo + X' (y — Zn)). (24)
’ 7 !
The vector y = {yl . ..yN] contains the fund returns stacked across the N

firms, X is the matrix of stacked X;, and Z is the stacked Z;. The vector
e =y — Zn — Xu contains the stacked error terms, using the stacked n vector

from the current iteration.

A.3. Latent firm random effects

Drawing the firm random effects, ~;, is similar in spirit to simulating the
firm-year random effects in Step 1. Write the estimation problem as a regression

of the firm-year random effects on a set of indicator variables
n=Wry+v, (25)

where n = [m...x), v = [11...9n], and v ~ N (O,U% -Iy). The matrix W
is a Zf\;l T; x N matrix of indicator variables. Each row of W represents a
firm-year and contains a one in the column of the corresponding firm, and zeros
in all other columns.

With the prior in Eq. (11), the posterior distribution is

Y {nit} 0, data ~ N (uy,00A7"), (26)
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where

o2
A = L. In+WW (27)
5 AN
95
and
o= AT (W) (28)

A.4. Variance of firm-year random effects

2

5+ is the variance of the

The variance of the firm-year random effects, o
residuals v = — W+ from the regression in Step 3. Using the inverse gamma
prior

op ~ IG (co, do) (29)

yields the posterior distribution

N
ool {7} {ni} ,data ~ IG (co—l—ZTi,do—kv’v) : (30)

i=1
A.5. Variance of firm random effects

The variance of the firm random effects, a?{, using the inverse gamma prior

o2 ~ IG(fo.90) (31)

has posterior distribution

o2 {vi} . data ~ IG(fo+N,go+7"7). (32)

A.6. Mizture-of-normals specification

For the mixture-of-normals specification we replace the distribution of the

fund-specific error term in Eq. (12) with a mixture of K normal distributions,

Eiu

pr - N (pn, Ug,k) . (33)

2
gk
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Setting K = 1 reduces the model to the baseline normal specification in
Eq. (12). We drop the intercept in X, because it is absorbed by the error
term, which has unrestricted mean E [g;,] = Zszl prp-  This specification
is equivalent to the specification with an intercept in X, and zero mean
€iu, but it is easier to implement because it avoids enforcing cross-parameter
restrictions on pg. To estimate the mixture model by Gibbs sampler, the
procedure requires one additional latent variable, I;,, that indicates which of
the K component distributions each observation is drawn from. This indicator
is sampled independently for each observation from a multinomial distribution
with the probability of drawing component k proportional to

P (“) , (34)

O¢.k

where e, = Yiw — Ziun) — X8, and ¢(-) is the standard normal probability
density function. The mixture probabilities, p = [p; ...pk], have a Dirichlet
prior distribution with concentration hyperparameter 6.  The posterior
distribution is also of the Dirichlet family, with concentration equal to § + N,
with N =[Ny ... Ng| and Ny the number of observations for which I;, = k.
The mean and variance of each mixture component have conjugate normal

and inverse gamma prior distributions that are identical for each component,
o~ IG (ay,by) (35)
and
pe ~ N(0,0pV 7). (36)

Their posterior distributions are

U}%H]Iiu}apaﬂv {nzt} ,data ~ IG ap + Nka bk + Z (ej - 5)2 (37)
je{l;u=k}
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and

lo2 {Tiu}, p, B, {nit} ,data ~ N Nien i (38)
123 iufs Py Pyt s V+Nk7V+Nk }

where € is the sample mean of the residuals e;, computed over the set of
observations for which I;, = k.

Conditional on the indicators, I;,, the Gibbs steps used to estimate the other
model parameters remain largely unchanged from the description above. See
West (1992), Diebolt and Robert (1994), and Chen and Liu (2000) for more

details on the estimation of mixture distributions.

A.7. Priors and starting values

Our Gibbs sampler uses 10,000 iterations for the initial burn-in phase,
followed by 100,000 iterations to simulate the posterior distribution. We save
every 10th draw of the simulation. During the burn-in phase, the parameters
converge quickly. We use diffuse prior distributions, so that our results are
driven by the data, not prior assumptions. First, we set ag = 2.1 and by = 1.
This implies that our prior belief is that E[o.] = 0.854 and that o. is between
0.362 and 2.874 with 99% probability (this is for ten-year fund returns, so the
annualized volatility is about a factor three lower). Second, we set ¢g = fo = 2.1
and dg = go = 0.152. Because both the s and 7s are specified at the annual
level, this implies that E[o,] = E[o,] = 0.128 per year and that o, and o,, are
between 0.054 and 0.431 (annually) with 99% probability. Conditional on X,
the prior ten-year fund return variance, 10003 + 100,27 + 02, has an expected
value of 1.658 and is between 0.861 and 4.666 with 99% probability. Finally,
we set the prior mean for 5 equal to zero (g = 0), implying a prior mean fund
return of zero. We set X equal to the identity matrix, so that the prior s are
between -3.1 and +3.1 with 99% probability.

For the mixture-of-normals specifications, we set the prior of each mixture
component, 1,..., K, equal to the prior of the error term ¢ in the normal model,

i.e., mean zero and inverse gamma prior parameters equal to ag and bg. This
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ensures that the prior distribution of y is the same across all K, so that the Bayes
factor (see Subsection A.8) is a valid comparison across different mixtures. We
set V=1 =1/10. For the prior distribution of the mixture probabilities, we use
0 = 1k -10 , which implies that all distributions in the mixture have equal prior
mean probability, 1/K.

We start the algorithm with all vs and s equal to zero (their prior means).

2

We initialize all variances (o7,

0727, and 02) at their prior means. For the mixtures
specification, we set the mixture probabilities to their prior mean, 1/K, and
randomly draw the initial indicators from this distribution. The starting means
and variances of the component distributions are also set equal to their prior

means. We do not need starting values for the 7s, as they are the first variables

we simulate.

A.8. Hypothesis tests

We consider two sets of hypothesis tests for our model. The first set of
tests determines the number of mixtures of normal distributions in &;,. This is
a Bayes factor test and relies on the marginal log-likelihood, which integrates
out all parameters from the likelihood function (Kass and Raftery (1995)). We
use the method of Chib (1995) to compute the marginal log-likelihood from
the MCMC output and the algorithm proposed by Berkhof, Van Mechelen, and
Gelman (2003) and Marin and Robert (2008) to deal with the well-known label
switching problem. Fig. A1l plots the marginal log-likelihood as a function of
the number of mixture distributions, by type and model specification (with and
without vintage year fixed effects). The optimal number of mixture distributions
used in the main results of the paper (as reported in Table 4) are those with

the highest marginal likelihood.
** INSERT FIGURE A1l NEAR HERE **

To test for the presence of the long-term persistence and overlap random

effects, we use Bayes factors to test Hy : 03 = 0 against Hy : 0’,?/ > 0 and

Hy : 072] = 0 against Hy4 : 0727 > 0. Table Al reports the Bayes factors for
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each type and model specification. The long-term persistence random effect is
significant for all types and models, except Other funds when vintage year fixed
effects are included. The random effect overlap term is not significant in many
cases, a perhaps surprising result given the posterior standard deviations on the
oy, estimates. Though it does not affect the conclusions that we draw from the
paper, it does underscore the importance of performing proper hypothesis tests

in the presence of small samples and non-normal distributions.

** INSERT TABLE Al NEAR HERE **

A.9. IRR and TVPI parameter estimates in common sample

To determine whether differences in IRR and TVPI model estimates are
driven by sample selection, we estimate the model on a sample of funds for which
both return measures are observed (the joint sample). Table A2 shows that the
parameter estimates for the joint sample are close to the full sample estimates of
Tables 4 and 6 (for IRR and TVPI, respectively), across specifications and fund
types. The most notable differences are in the o,, estimates, which tend to be
slightly lower in the joint sample, resulting in somewhat higher signal-to-noise
estimates. This does not affect the conclusions of the paper. Moreover, the

relative ranking of fund types remains unchanged.

** INSERT TABLE A2 NEAR HERE **
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Table 1
Summary statistics

Descriptive statistics of the sample of private equity funds, by fund type [VC (venture
capital), BO (buyout), and Other]. The sample contains 1,924 fully liquidated funds raised
between 1969 and 2001, with at least $5 million in committed capital (in 1990 dollars) and
with non-missing returns data. The funds are raised by 831 individual private equity firms
(some firms manage funds of more than one type). Fund size is the committed capital in
millions of dollars. IRR is the fund’s internal rate of return, net of fees. The ten-year log
return is computed as 10 - In(1 4+ IRR). Overlap is the number of years of overlap for funds
of the same firm and type that overlap. Source: Preqin.

Panel A: Broad fund categories

vC BO  Other
Number of funds 842 562 518
Number of firms 409 285 197
Number of funds / firm
Mean 2.1 2.0 2.6
Median 1 1 2
Standard deviation 1.9 1.6 2.6
10th percentile 1 1 1
90th percentile 4 4 5
Fund size (millions of dollars)
Mean 206.9 694.1 373.3
Median 110.0 300.0 206.8
Standard deviation 276.1  1,035.6 517.1
10th percentile 27.0 52.6 33.0
90th percentile 500.0 1,823.6 863.0
IRR (percent)
Mean 17.7 16.9 13.9
Median 8.6 14.9 11.9
Standard deviation 54.8 18.6 12.9
10th percentile -10.4 -1.7 0.4
90th percentile 46.0 37.9 28.9
Ten-year log return
Mean 1.173 1.438 1.245
Median 0.825 1.385 1.124
Standard deviation 2.623 1.552 1.075
10th percentile -1.101 -0.170 0.040
90th percentile 3.786 3.216 2.542
Overlap (years)
Number of fund pairs 891 512 968
Mean 5.8 5.8 6.8
Median 6 6 7
Standard deviation 2.5 2.3 2.4
10th percentile 2 2 3
90th percentile 9 9 9

]
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Table 4
Parameter estimates

This table reports posterior means of parameters of the model described in the text.
Panel A shows the parameter estimates, and Panel B reports the variance decomposition
estimates for the same parameters. Panel C shows the spread in gammas across percentiles
of the posterior distribution. The model includes either a single intercept (Specification I) or
vintage year fixed effects, grouping the pre-1985 vintages into one bucket (Specification II).
The error term ¢, is a mixture of K normal distributions, where K is chosen as the best
fit according to models’ marginal log-likelihood. The model is estimated separately for each
fund type [VC (venture capital), BO (buyout), and Other], by Markov chain Monte Carlo
(MCMC) using ten thousand burn-in cycles followed by 100,000 samples, saving every tenth

draw. Posterior standard deviations (Bayesian standard errors) are in brackets.

VC BO Other
1 11 1 11 I 11
Panel A: Parameter estimates
Oy 0.049 0.055 0.060 0.056 0.049 0.049
(0.007) (0.008) (0.008) (0.008) (0.006) (0.006)
oy 0.258 0.193 0.142 0.203 0.202 0.135
(0.031) (0.037) (0.039) (0.043) (0.028) (0.028)
oe 2.449 2.326 1.359 1.225 0.807 0.865
(0.123) (0.121) (0.058) (0.073) (0.039) (0.050)
Vintage fixed effects No Yes No Yes No Yes
K 3 3 2 2 1 3
N 842 842 562 562 518 518
Panel B: Variance decomposition
100 - cf?Y 0.243 0.309 0.361 0.316 0.244 0.246
(0.067) (0.087) (0.094) (0.089) (0.065) (0.061)
10 - cr?7 0.675 0.386 0.216 0.432 0.416 0.189
(0.158) (0.141) (0.113) (0.160) (0.111) (0.076)
o2 6.015 5.426 1.852 1.505 0.654 0.751
(0.604) (0.567) (0.159) (0.180) (0.064) (0.087)
0'5 6.933 6.120 2.428 2.253 1.314 1.186
(0.596) (0.561) (0.152) (0.168) (0.084) (0.090)
Signal-to-noise 0.035 0.051 0.148 0.141 0.185 0.208
(0.010) (0.015) (0.037) (0.040) (0.045) (0.048)
Panel C: Gamma spread
a~(75%) — q-(25%) 6.59% 7.42% 8.03% 7.51% 6.61% 6.64%
(0.90%) (1.05%) (1.06%) (1.06%) (0.87%) (0.81%)
4 (87.5%) — ¢4 (12.5%)  11.24% 12.66% 13.70% 12.81% 11.27% 11.34%
(1.54%) (1.78%) (1.79%) (1.81%) (1.49%) (1.40%)

o7



162 1600 9900 €¥T0 L18 0800 8500 8LTI'O aey 1200 9100  0%0°0 (L66T <) @yer]

LTG GZT'0 8800 TLZO s 6¢1°0 1600 TIZO L0% LF0°'0 Q€00 S0T0 (1661 >) Arrey

potied ojdwreyg

44! 0800 T90°0 €LT°0 — — — — — — — — spunj-jo-pun,j

z0% 800 1900 IO — — — — — — — — oye}se [eoy

— — — — — — — z1¢ 0700 6200 900 JsT[RISUSY)

— — — — — — — €qT1 0800 €900 T¥T°0 o9e)s oyer|

— — — — — — — LLT €100 1100 €200 o8eys A[reyy

91418

0z T6T°0  L8T'0  ¥8S0 ce 1900 8500  €80°0 i Th0'0 9800 LS0°0 pliom oYy jo 3soy

6S 6ST°0  9TT'0  0TI€0 eT1 ZIT0 1800 6920 €6 OTT'0 6200 0810 (310 Butpnpur) sdoany

68V 0S0°'0  ZF0'0  6L0°0 9T1¥ 7600  S90°0  OFI0 GL9 L2000 0200 TS0°0 SN

EOE‘NUO_ mo

012 LL0°0 9500 89T°0 0.3 $90'0 6700 €310 y.L8 8Z0'0  TT0'0 1500 (uerpowr <) o8reT]

01¢ 9v1'0  €0T°0 1620 192 9600 8900 €810 eLe 1600  €¥00  TIT°0 (uerpowr >) [rewg

9ZIS Uﬂﬂh

81¢ G90°0  8%0°0  80Z°0 29¢ £80°0 _ 0F¥0°0  T¥I'0 4 0200 ST0°0  150°0 opdures [ng
N ubI  ds uea N qdb1I  ds uesl N HOI as URIN

P110 od DA

0LDA ww.seg&l@wl?:&mwm‘ ..m Nmidm

%V0°L SPT'T L6000 6LT°0 %ee"L 60L°T 9ST'0  €0€0 %TIT"L €8¢L  LIT0 88T0 (L66T <) °oyeT

%L L 68T €210 8EL0 %9201 6L8C TLEO  T19°0 %89°6 V6%  62F0 6390 (L66T >) Aprey

pourad odureg

%89°G 9G0°'T  ¥.00 T8I0 — — — — — — — — Spunj-jo-pun,g

%9T°G 790 6L00 6710 — — — — — — — — o3e3s0 TRy

— — — — — — — — %01°8 L9 98¢0 LLEO JSI[RIDUDY)

— — — — — — — %.L8°9 676'T Tle0  TLT0 93e1s areT

— — — — — — — — %ET"9 9986  90T'0 LIZ0 o8eys ALreyy

SIONTS

%GV ST 90€'c 0ST0 ¥eF'T %9¢°8 €79°S  TST'0 IO %TL6 GOP0T 850  T95°0 PlI0Mm 93 JO 350y

%67 L 1€0°T 1210 L2€0 %89'8 8LGT  9FT'0  LZF0 %61°6 VLT I1ST0  T16%°0 (310 Surpnpur) odomgy

%68°€ 0ST'T 6T€0 6800 %66°9 9%0c  8€F'0 9820 %9%" 2, 168G 68€°0 00€0 sn

EOE@OOM pwﬂanﬁm ﬁmp@ﬂ@@

%86°G LTTT 9800 €0T0 %07°9 LOT'T TS0 ¥ET0 %97°9 808F  83€0 6£%°0 (uerpowr <) o8rer]

%VGL OTT'T  SPT0  92¢0 %GT°6 299°c L0200 6870 %0071 269 TS0 €280 (uerpowr >) rewg

@NTA ﬂvﬂzﬁﬂ

%¥9°9 98T'T  68T°0  9¥20 %1G"2, €6%C  TEF'0  91€0 %3V L 021’9 9880  60£0 opdures [ng

(%ce)*d  Zo Yoor  Loo0T (%ce)*d  Zo %o0T 70001 (%ce)*d o Zo0T  §o001 ordureg

—(%82)"b —(%82)*D —(%82)*b
P10 od DA

1019150dUL0DP DIUDIIDA |/ (9UDJ

mnoAng = g ‘[e3ded aINjueA = DA ‘SPUN] SUIOS JI0J POAISSCO 10U SI 9ZIS asnedaq ‘ojdures
[InJ o3 Ul spunj jo raquinu aYyj o3 dn ppe jou op sojdwresqns ozIs punj ayj Ul Spunj jo Iaquunu oy, ‘§ ‘S, pur j o[qe], ul pejrodar se ‘o[dures [[nJ
99 JO s97RWIYSY 9 0} spuodsariod [oued yoeo ur mol doj oy ], *(s100j0 poxy Ieak 98eIUIA SOPNIOUT YOIYM)  S[qR], Ul J] Uoredyroads [opour Uo paseq
oIe sojewso [y -o[duwresqns oyl Ul spunj Jo Ioquunu oY) SI A "UOMNGLIISIP Iou)sod oy Jo o[uedtad [y pue [igy, oY) Ueomiaq ul peards oYy o1
ks yo uonynquusip rorregsod oYy jJo o8uer ofrrenbiojur oy} st YO ‘AeAljoedser ‘As Jo uorjeraep prepuejs pue urouwr Iorreysod oyj jroder (S, pue
(JUBIIA[,, Po[Rqe[ suwnioo oy ], ‘se[duresqns aures a1y 10j ‘*s ‘Oryel 9SI0U-094-[RUSIS Y} SMOYS { [oURJ 'F S[qR], Ul POLIISAP Sk SULIY SSOIde 9duajsisIad
ueg-Suof ut peaids o) pue sojduresqns JuaIoPIp I0j siojewrered uorjsoduwodsp sduURLIRA 9] JO (Surow JoLd)sod) sojew)se jurod smoys y [oued
sojduresqng

g °IqEL,

98



Table 6
Parameter estimates using total value to paid-in capital (TVPI)

This table reports posterior means of parameters of the model described in the text, using
the natural logarithm of TVPI as the dependent variable. Panel A shows the parameter
estimates, and Panel B shows the variance decomposition estimates for the same parameters.
Panel C shows the spread in gammas across percentiles of the posterior distribution. The
model and parameters are described in Table 4. VC = venture capital; BO = buyout.

vC BO Other
I 11 1 11 I 11
Panel A: Parameter estimates
Oy 0.032 0.032 0.028 0.029 0.030 0.029
(0.003) (0.003) (0.002) (0.002) (0.002) (0.002)
on 0.123 0.073 0.080 0.071 0.066 0.055
(0.013) (0.012) (0.010) (0.010) (0.008) (0.008)
Oe 0.747 0.727 0.499 0.481 0.346 0.353
(0.030) (0.028) (0.030) (0.031) (0.020) (0.020)
Vintage fixed effects No Yes No Yes No Yes
K 2 2 2 2 2 3
N 970 970 624 624 563 563
Panel B: Variance decomposition
100 - a% 0.104 0.106 0.077 0.086 0.088 0.083
(0.018) (0.018) (0.011) (0.012) (0.014) (0.013)
10 - O'% 0.154 0.055 0.066 0.051 0.044 0.030
(0.032) (0.017) (0.015) (0.014) (0.011) (0.009)
a2 0.559 0.529 0.250 0.233 0.120 0.125
(0.044) (0.041) (0.031) (0.031) (0.014) (0.014)
ag 0.816 0.690 0.393 0.369 0.252 0.125
(0.041) (0.039) (0.030) (0.030) (0.018) (0.014)
Signal-to-noise 0.127 0.154 0.196 0.233 0.349 0.348
(0.022) (0.026) (0.029) (0.034) (0.046) (0.045)
Panel C: Ln(TVPI) spread due to firm effect
g~ (75%) — q-(25%) 0.432 0.438 0.373 0.394 0.399 0.388
(0.038) (0.038) (0.027) (0.028) (0.032) (0.030)
q~(87.5%) — q(12.5%) 0.738 0.747 0.636 0.671 0.680 0.662
(0.064) (0.064) (0.047) (0.048) (0.055) (0.051)
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Table A1l

Model specification tests

This table shows tests of the model specification. Column 1 reproduces Specification I
of Table 4, which includes an intercept but no vintage year fixed effects. Column 2 drops
the transient firm effect, n, from the model, and Column 3 drops the long-run firm-specific
effect, v. Columns 4 to 6 show the same for Specification II of Table 4, which includes vintage
year fixed effects. The Bayes factor represents the ratio of marginal likelihoods, indicating
the weight of evidence of each model, relative to the full model specification in Column 4. A
Bayes factor of one indicates that the two models have equal support in the data. For each
model, the number of distributions in the error term (K) is chosen to find the best model fit
by marginal log-likelihood. Posterior standard deviations (Bayesian standard errors) are in

brackets. VC = venture capital; BO = buyout.

M ) ® @ ® ©
Panel A: VC
O~ 0.049 0.042 0.055 0.040
(0.007) (0.004) (0.008) (0.004)
on 0.258 0.313 0.193 0.268
(0.031) (0.023) (0.037) (0.025)
Oc 2.449 2.604 2.431 2.326 2.465 2.316
(0.123) (0.107) (0.114) (0.121) (0.115) (0.123)
05 6.933 6.971 6.906 6.120 6.255 6.106
(0.596) (0.562) (0.553) (0.561) (0.572) (0.567)
Vintage fixed effects No No No Yes Yes Yes
K 3 3 2 3 3 3
N 842 842 842 842 842 842
Marginal log-L -1,829.5 11,7554 -1,823.6 -1,703.8 -1,669.2 11,7274
Bayes factor 0.000 0.000 0.000 N/A 1.0E+15 0.000
Panel B: BO
Oy 0.060 0.043 0.056 0.044
(0.008) (0.005) (0.008) (0.005)
on 0.142 0.277 0.203 0.279
(0.039) (0.034) (0.043) (0.020)
e 1.359 1.542 1.261 1.225 1.469 1.196
(0.058) (0.051) (0.065) (0.073) (0.054) (0.071)
0’5 2.428 2.567 2.373 2.253 2.359 2.217
(0.152) (0.163) (0.121) (0.168) (0.163) (0.167)
Vintage fixed effects No No No Yes Yes Yes
K 2 2 1 2 2 2
N 562 562 562 562 562 562
Marginal log-L -1,054.6 -1,039.7 -1,054.6 -1,031.6 -1,019.7 -1,035.0
Bayes factor 0.000 0.000 0.000 N/A 1.4E4-05 0.033
Panel C: Other
O 0.049 0.039 0.049 0.037
(0.006) (0.004) (0.006) (0.004)
on 0.202 0.245 0.135 0.199
(0.028) (0.022) (0.028) (0.017)
O 0.807 1.059 0.793 0.865 1.038 0.848
(0.039) (0.033) (0.041) (0.050) (0.037) (0.050)
o‘i 1.314 1.272 1.234 1.186 1.217 1.119
(0.084) (0.075) (0.079) (0.090) (0.081) (0.087)
Vintage fixed effects No No No Yes Yes Yes
K 1 2 1 3 3 3
N 518 518 518 518 518 518
Marginal log-L -787.8 -777.6 -781.7 -776.9 -771.3 -774.5
Bayes factor 0.000 0.491 0.008 N/A 256.185 10.677
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Table A2
Parameter estimates in sample with both internal rate of return (IRR) and total value to
paid-in capital (TVPI)

This table reports posterior means of parameters of the model described in the text. Panels
A and C use the ten-year log return as the performance metric (computed from the IRR), and
Panels B and D use the natural logarithm of TVPI. Panels A and B include vintage year fixed
effects, whereas Panels C and D do not. The full sample is the original sample with funds
that report IRRs (Panels A and C) or TVPI (Panels B and D). For example, the columns
labeled “Full sample” in Panel A replicate the results in Table 4 Specification II, and in Panel
B they replicate the result in Table 6 Specification II. The joint sample is the subsample
of funds that report both the IRR and TVPI metrics. The error term &;, is a mixture
of K normal distributions, where K is chosen as the best fit according to models’ marginal
log-likelihood. Posterior standard deviations (Bayesian standard errors) are in brackets. VC
= venture capital; BO = buyout.

Full Joint Full Joint Full Joint
sample sample sample sample sample sample
Panel A: Ten-year log return, with vintage year fized effects
Oy 0.055 0.055 0.056 0.057 0.049 0.053
(0.008) (0.008) (0.008) (0.008) (0.006) (0.007)
on 0.193 0.179 0.203 0.197 0.135 0.128
(0.037) (0.044) (0.043) (0.040) (0.028) (0.029)
oe 2.326 2.346 1.225 1.237 0.865 0.835
(0.121) (0.129) (0.073) (0.073) (0.050) (0.051)
Signal-to-noise 0.051 0.051 0.141 0.144 0.208 0.244
(0.015) (0.015) (0.040) (0.039) (0.048) (0.057)
Vintage fixed effects Yes Yes Yes Yes Yes Yes
K 3 3 2 2 3 3
N 842 793 562 548 518 459
Panel B: Ln(TVPI), with vintage year fived effects
O 0.032 0.033 0.029 0.030 0.029 0.030
(0.003) (0.003) (0.002) (0.002) (0.002) (0.002)
on 0.073 0.074 0.071 0.064 0.055 0.056
(0.012) (0.013) (0.010) (0.009) (0.008) (0.008)
o 0.727 0.657 0.481 0.461 0.353 0.307
(0.028) (0.028) (0.031) (0.029) (0.020) (0.020)
Signal-to-noise 0.154 0.188 0.233 0.260 0.348 0.420
(0.026) (0.031) (0.034) (0.037) (0.045) (0.052)
Vintage fixed effects Yes Yes Yes Yes Yes Yes
K 2 2 2 2 3 3
N 970 793 624 548 563 459
Panel C: Ten-year log return, no vintage year fized effects
Oy 0.049 0.051 0.060 0.062 0.049 0.059
(0.007) (0.007) (0.008) (0.008) (0.006) (0.008)
on 0.258 0.256 0.142 0.125 0.202 0.157
(0.031) (0.032) (0.039) (0.035) (0.028) (0.031)
oe 2.449 2.468 1.359 1.373 0.807 0.855
(0.123) (0.129) (0.058) (0.058) (0.039) (0.045)
Signal-to-noise 0.035 0.038 0.148 0.159 0.185 0.264
(0.010) (0.011) (0.037) (0.038) (0.045) (0.061)
Vintage fixed effects No No No No No No
K 3 3 2 2 3 3
N 842 793 562 548 518 459
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Table A2 (continued)
Panel D: Ln(TVPI), no vintage year fized effects

Oy 0.032 0.034 0.028 0.028 0.030 0.032
(0.003) (0.003) (0.002) (0.002) (0.002) (0.003)
on 0.123 0.119 0.080 0.071 0.066 0.065
(0.013) (0.014) (0.010) (0.009) (0.008) (0.009)
O¢ 0.747 0.694 0.499 0.484 0.346 0.297
(0.030) (0.031) (0.030) (0.029) (0.020) (0.018)
Signal-to-noise 0.127 0.154 0.196 0.220 0.349 0.432
(0.022) (0.027) (0.029) (0.031) (0.046) (0.051)
Vintage fixed effects No No No No No No
K 2 2 2 2 2 2
N 970 793 624 548 563 459
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Panel A: VC
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Panel C: Other
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Fig. 1. This figure depicts histograms of the number of funds per firm, by fund type [VC
(venture capital), BO (buyout), and Other|. For firms that manage different types of funds,
the histograms count only the number of funds of the particular type indicated.
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Panel A: VC
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Panel C: Other
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Fig. 2. Internal rates of return (IRRs) and vintage year fixed effects. The striped lines are
the average fund IRR (per annum) in each vintage year, by fund type. The solid lines are the
posterior means of the vintage year fixed effects from specification II in Table 4. The vintage
year fixed effects are transformed to IRR equivalents (annualized and in percent). The shaded
bands represents the (1%, 99%) Bayesian credible interval (confidence bounds). VC = venture
capital; BO = buyout.
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Fig. 3. Fund overlap and covariance. The figure shows the covariance between total fund
returns as a function of the overlap (in years) between two funds managed by the same firm,
using the variance estimates for Specification II in Table 4. VC = venture capital; BO =
buyout.
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Panel A: VC
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Panel C: Other
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Fig. 4. Estimates of signal-to-noise ratio. The figure depicts posterior distribution of the
signal-to-noise ratio, s~, by fund type, from the specifications reported in Table 4. The solid
line is the kernel plot for Specification I (without vintage year fixed effects), and the striped
line is the kernel plot for Specification II in Table 4 (with vintage year fixed effects). VC =
venture capital; BO = buyout.
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Fig. 5. Speed of learning. The figure shows the posterior probability that a fund is in the
top quartile of funds. Probabilities are calculated from 100,000 simulations of a panel of one
hundred firms, each with a different gamma that is drawn from the top 25% of the distribution.
Each firm produces a sequence of 50 nonoverlapping fund returns. Reported probabilities are
averages of the posterior mean probability across the simulated firms after observing a given
number of realized fund returns for each firm (“fund history”). The figure uses the parameter
estimates from Table 4 Specification II (with vintage year fixed effects). VC = venture capital,

BO = buyout.
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Fig. 6. Investable persistence. This figure shows the expected (true) gamma of investing in
funds raised by private equity firms with top quartile performance as observed after a given
number of realized fund returns for each firm (“fund history”). Calculations are based on
100,000 simulations of a panel of fund histories for one hundred firms, using the parameter
estimates from Table 4 Specification II (with vintage year fixed effects). VC = venture capital;
BO = buyout.
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Fig. 7. Speed of learning and investable persistence using total value to paid-in capital
(TVPI). Panels A and B replicate the speed of learning and investable persistence graphs

in Figs. 5 and 6, respectively, using TVPI to measure fund performance. VC = venture

capital; BO = buyout.
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Panel C: Other
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Fig. Al. This figure plots the marginal log-likelihood as a function of the number of normal
mixtures in the error term distribution, by fund type [VC (venture capital), BO (buyout),
and Other|. The solid line represents Specification I of Table 4 (which has no vintage year
fixed effects), and the striped line represents Specification IT (with vintage year fixed effects).
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