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Abstract

Buyout fund distributions, as a percentage of net asset value (NAV), have been substantially
below their long-run average since 2021. Although distributions have historically been very
cyclical, it is unclear whether the recent sustained decline is primarily cyclical or if it is the
beginning of a secular shift to lower distribution rates associated with sustained lower returns
and/or longer holding periods. To better understand the recent environment, we analyze a
large dataset of global buyout fund deal exits and cash distributions provided by MSCI. We es-
timate models explaining historical levels of aggregate distributions, fund-level distributions,
and individual deal exits and then use these to forecast out-of-sample activity in recent years.
In our aggregate analysis, we find that macro and industry variables are able to explain only
about half of the decline in distributions. However, when we conduct more granular analyses
at the fund and deal levels, historical determinants are able to explain a larger percentage of
recent exit activity. Variables of particular importance are higher short-term interest rates and
recent deal valuations relative to the 2021 peak. While much of the decline in distributions
in 2022-2023 appear related to cyclical factors, our analysis suggests distributions should have
rebounded to above their long-run average by the end of 2025.

*The authors thank MSCI Private Capital Solutions, the Private Equity Research Consortium (PERC), and the Insti-
tute for Private Capital for support of this project. The analysis has benefited substantially from thoughtful comments
by Zach Baran, Phil Berney, Barry Griffiths, David Robinson, Per Stromberg, members of the IPC Research Council, as
well as participants at the PERC Chapel Hill Research Symposium and the IPC Current Topics Research Symposium.
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Executive Summary

This is an updated version of the IPC white paper on buyout fund deal exit activity and fund
distributions. We have updated the dataset through the end of 2025 for the aggregate and
fund-level analysis. We also separate variables into those that are primarily exogenous to
the private equity (PE) industry and those that are specific to the PE industry (e.g., fundrais-
ing activity and fund returns-to-date). We conduct a more detailed fund-level analysis that
differentiates between within-fund and between-fund effects. The updated results tend to
show less explanatory power for the factors we consider, and thus a larger unexplained
component of the weak distribution rates since 2022. The differences between predicted and
actual rates trend up over time and are especially large in second half of 2025 (i.e., the period
with new data). Comments and suggestions for additional analysis are welcome.

We analyze a large database of global buyout fund exits and distributions from 2000:Q1
through 2025:Q4 provided by MSCI. At the fund level, our analysis includes 3,141 funds
with 4.8 trillion USD in committed capital. We also utilize the MSCI portfolio holdings data
including novel information on the type of exit (e.g., strategic, IPO, etc.) to analyze the
determinants of exits for 14,189 individual deals.

We start by summarizing a large existing literature describing how private equity cash flows,
and especially distributions, are strongly procyclical and highly sensitive to macro condi-
tions, financial markets, and the broader M&A environment. The literature highlights that
both fund-specific factors (e.g., age, dry powder, GP behavior) and market-wide conditions
jointly drive distributions, reinforcing the importance of analyzing activity through both
cyclical (time-series) and cross-sectional lenses.

We analyze quarterly buyout fund distribution rates (Distributions/NAV) aggregated across
all funds using time-series models. We find that explanatory variables such as fund age,
credit spreads, IPO activity, and valuations explain about 60% of historical variation. How-
ever, when these models are applied to the post-2022 period, they significantly overpredict
distributions suggesting that recent conditions are unusually weak from an aggregate per-
spective.

We next examine fund-level data and estimate historical determinants of both within-fund
and across-fund distribution rates. The combined explanatory power in the 2023-2025 pe-
riod is greater than for the aggregate analysis. However, when we utilize only the factors
exogenous to private equity we observe a steady increase in predicted distributions over the
2023-2025 period that is not observed in the data. For example, our model predicts that by
2025:Q4, distribution rates should have exceeded 30% (well above their long-run average).

Finally, we examine deal-level (holding-level) data to analyze the drivers of exit activity,
and show that exits, and therefore distributions, vary systematically by exit type and are
influenced by macro conditions, fund characteristics, and deal-specific factors. The results
indicate that while historical variables explain much of exit behavior, there remains a short-
fall in recent years, with total exits about 17% below model predictions, particularly driven
by weaker financial sales. Due to data limitations these results are currently only available
through 2024:0Q4



1 Introduction

The timing and magnitude of cash distributions sit at the center of the private equity value
proposition. Limited partners (LPs) accept a commitment-based, illiquid structure on the premise
that capital will be returned — with a meaningful premium — as general partners (GPs) execute
their investment strategies and exit portfolio companies. When distributions flow predictably,
the model is self-reinforcing: the realized cash is used to fund new commitments, validates re-
ported valuations, and sustains the fundraising cycle. When distributions stall, the consequences
propagate across the entire ecosystem. LPs face funding pressure as capital calls continue against
diminished inflows, reported allocations drift above targets, secondary-market discounts widen,
and the fundamental question of whether private equity earns a sufficient illiquidity premium
becomes harder to answer with confidence. In short, the distribution channel is the mechanism

through which the private equity model either validates or undermines itself.

That mechanism has been under considerable strain. Buyout fund distributions as a percent
of net asset value have been well below long-run averages since a sharp spike in 2021, and the
duration of the current drought — now entering its fifth year — is considerable. A similar pattern
has been noted in venture capital and private credit (O’Shea and Warren, 2024), and market par-
ticipants have pointed to several potential drivers, including the rapid rise in short-term interest
rates, compressed exit valuations relative to the 2021 peak, and a challenging M&A environment.!
The weak distribution environment has in turn fed back into fundraising, as LPs view themselves
as overallocated to private equity and are reluctant to make new commitments. The result is a
marketplace that has been relatively frozen for several years, with GPs unable or unwilling to
exit mature holdings, LPs less able to recycle capital, and both sides increasingly asking the same
question: is this time different? If lower distribution rates are here to stay, this is effectively syn-
onymous with lower total value multiples and/or longer holding periods, either of which would
fundamentally alter the return proposition that has underwritten trillions of dollars in institutional

commitments.

To put the recent years into historical perspective, Figure 1 plots aggregate buyout fund distri-

1gee, for example, the Arctos Q3 2025 Market Update: https://www.linkedin.com/pulse/
chart-week-85-exit-equation-arctospartners-xcecc/.
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butions as a percentage of fund net asset value (NAV) from 1993:Q2 through 2025:Q4.2 The data
are quarterly but reported at an annual rate. The solid dark blue line shows distributions for all
funds; the dashed and dotted lines show distributions for funds focused on North America and
rest-of-world, respectively. The plots show that annual distributions in 2022-2025 fell to an aver-
age of about 12% of NAV, which is less than half the rate of the previous decade. However, the
graph also shows that this low level of distributions is not unprecedented: similarly low levels
occurred in 1993, during the bursting of the dotcom bubble around 2001-2003, and around the
global financial crisis (GFC) in 2008-2009. What is more unusual is the duration of the recent low
level of distributions. Prior periods of distribution rates less than 15% never lasted more than
three years. The plot also shows that there is a strong systematic component to distribution rates
as evidenced by very similar patterns for the sample of funds focused on North America and the

(non-overlapping) sample of funds focused outside North America.
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FIGURE 1: This figure plots quarterly observations (at an annual rate) for aggregate distributions as a percent of NAVs
for active buyout funds in the MSCI Private Capital Universe from 1993:Q2-2025:Q4 (N = 104). The dark solid line
plots values for all funds. The dashed (dotted) line reports values for funds focused on North America (excluding those
funds focused on North America). The sample includes 3,240 funds with $4.8 trillion in committed capital; 2014 funds
in North America with $2.9 trillion in committed capital; and 1,095 funds outside of North America with $1.5 trillion in
committed capital. The distribution/NAV series are smoothed slightly to reduce seasonality and the effects of outliers
by averaging the previous, current and subsequent quarter with weights of 0.25, 0.50, and 0.25, respectively.

To better understand if this time really is different, we conduct a series of empirical exercises

?Data are from 3,141 buyout funds with vintages starting in 1980 representing $4.8 trillion in committed capital.
Additional details on the data are provided in Section 3



using data on buyout fund deal exits and distributions that draw on prior research examining
the determinants of buyout fund distributions. Factors such as average fund age, credit market
conditions, and market valuations are also cyclical and explain variation in distributions. In the
next section, we conduct a detailed review of the literature, but as an initial motivating example,
we consider first the simple relation between distributions and average fund age. Figure 2 plots
aggregate buyout fund distributions as a percentage of fund NAV (blue line) along with the NAV-
weighted average fund age from 1993:Q2 through 2025:Q4 (red line). Average fund age is cyclical
because of time variation in fundraising, and it is obvious from the graph that there is a strong
positive correlation between average fund age and aggregate distributions. In fact, a regression
of distributions as a percent of NAV on NAV-weighted fund age (detrended) reveals a significant
positive coefficient on fund age. This is not surprising since it is well known that distributions
increase with fund age since funds typically deploy capital over the first five years of their life and

it takes time for fund GPs to execute their value creation strategy and exit.
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FIGURE 2: This figure plots quarterly observations (at an annual rate) for aggregate smoothed distributions as a percent
of NAVs for active buyout funds in the MSCI Private Capital Universe from 1993:Q2-2025:0Q4 in blue (left axis) and the
NAV-weighted average fund age in red (right axis). The sample includes 3,240 funds with $4.8 trillion in committed
capital. The distribution/NAYV series is smoothed to reduce seasonality and the effects of outliers by averaging the
previous, current and subsequent quarter with weights of 0.25, 0.50, and 0.25, respectively.

Taken together, these results emphasize that there will be predictable, even mechanical, corre-



lations between industry dynamics and fund distributions. However, it is unclear whether these
historical relations are sufficient to explain the current situation. For example, Figure 3 plots ag-
gregate buyout fund distributions as a percentage of fund NAV by fund age for the historical
period of 2000-2021 (solid blue line) and more recently (2022-2025, dashed blue line). Figure 3
makes the point sharply: while distribution rates increase monotonically with fund age in both
periods, funds of every age have been distributing at lower rates since 2022. This indicates that at
least some of the gap is pervasive, not compositional.> The question is then whether other macro,
industry, or fund-specific factors that have historically been correlated with distribution rates can
explain the gap. The goal of this paper is to carefully examine a wide range of factors, with an eye
to how they historically relate to aggregate distributions, fund-level distributions, and individual

deal exit activity.

DISTRIBUTIONS BY FUND AGE, HISTORICAL AND RECENT
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FIGURE 3: This figure plots aggregate annual distributions as a percent of aggregate NAV for active buyout funds in
the MSCI Private Capital Universe by fund age (measured in years) for years 2000-2021 (solid blue line) and 2022-2025
(dashed blue line). The red line plots the difference.

First, we examine aggregate buyout fund distribution rates using quarterly time-series data.
We show that while average distributions are around 5-6% per quarter, there is substantial varia-
tion across time and fund age, with older funds exhibiting higher distribution rates due to declin-

ing NAV as assets are realized. The analysis highlights that distributions are both lifecycle-driven

30Shea and Warren (2024) find a similar result by generating “steady-state” buyout portfolios that assume stable
commitment levels.



(increasing with fund age) and strongly cyclical. Regression results using data through 2022 in-
dicate that key macro and market variables — such as fund age, credit spreads, IPO activity, and
valuations relative to recent peaks — help explain a significant portion of historical variation (about
60%), with expected signs on explanatory variables (e.g., higher credit spreads and valuation de-
clines reduce distributions). However, out-of-sample forecasts for 2023-2025 reveal a large unex-
plained shortfall in distributions, suggesting that aggregate models alone cannot fully account for

the recent decline. This motivates a more granular fund- and deal-level analysis.

Accordingly, we shift to a fund-level analysis which provides a more granular view of dis-
tribution dynamics. We estimate determinants of both within-fund (time-series) variation and
between-fund (cross-sectional) variation. The results show that distribution rates are increasing
with fund age and negatively related to interest rate variables — especially credit spreads — while
also being influenced by PE-specific conditions such as fund performance-to-date and fundrais-
ing activity. Nonetheless, some macro variables are unimportant, highlighting the importance
of fund-level heterogeneity. When the model is used to generate out-of-sample predictions for
2023-2025, the results depend on which set of variables we use. When we include variables related
to the PE-industry (e.g., new committed capital) we can explain a large majority of the decline in
distributions. However, these variables are endogenously determined and so likely overstate the
explanatory power of the model. When we limit the estimation to include only variables not
directly related to PE markets, we find much lower explanatory power and an increasing gap be-
tween actual and predicted distributions. Our model predicts that by the end of 2025 the overall
distribution rate should have exceeded 30%, well above its long-run average. So while the initial
decline in distributions can largely be explained by a broad set of historically cyclical factors, a

substantial rebound in distributions should have already occurred.

Finally, we examine deal-level exit activity using novel holding-level data from MSCI, which
allows us to model both the probability and type of exit and to identify which channels are driv-
ing the aggregate shortfall. The analysis documents that exits are cyclical and vary by type, with
financial and strategic sales dominating, while IPOs and write-offs fluctuate more with market
conditions. Regression results show that exit likelihood is influenced by macro factors (e.g., in-

terest rates, credit spreads, valuations), fund conditions (e.g., DPI, dry powder), and deal char-



acteristics, with exit probability generally increasing with deal age before declining later in the
lifecycle. Out-of-sample results for 2023-2024 indicate a meaningful but partial shortfall in exits
(about 17% below predicted), especially in financial sales (e.g., sponsor-to-sponsor deals), suggest-
ing that while historical factors explain much of recent weakness, some gap remains. We plan to

extend this analysis through the end of 2025 in our next draft.

The remainder of the paper proceeds as follows: Section 2 provides a detailed discussion of
the extant literature and motivates the explanatory variables we use in our analysis. Section 3

discusses our dataset. Section 4 presents the results of our analysis, and Section 5 concludes.

2 Prior Research on Buyout Fund Cycles and Liquidity Risk

The literature on private equity cash flows examines the issue through the lens of liquidity risk
and industry cycles. The seminal paper in this literature is Robinson and Sensoy (2016), henceforth
R&S, which shows that both capital calls and distributions are procyclical, but that distributions
are more sensitive to market conditions. This asymmetry implies procyclical net cash flows and
frames the core issue as a liquidity problem for limited partners: the most important aggregate
risk is often not that capital will be called in downturns, but that distributions will fail to arrive
precisely when liquidity is scarce elsewhere, which is a spot-on characterization of the recent de-

cline in distribution rates.

Here we review the broader literature with R&S as the organizing framework. We synthesize
related theoretical and empirical work related to market-wide (macro) drivers, fund-specific het-
erogeneity, capital call facilities, secondary markets, exit timing, portfolio choice, and performance
measurement. Please inform us if you believe we should add other papers to this review — our
goal is to make it as comprehensive as possible. At the individual-fund level, age and idiosyncratic
differences explain much of observed cash-flow variation. At the aggregate level, however, exit
conditions in public equity, debt, and M&A markets make distributions highly cyclical, especially

in venture capital and in buyout environments shaped by easy credit and cyclical valuations.

Private equity is a commitment-based asset class. Limited partners commit capital up front,

but the capital is drawn over time and returned only when the general partner exits portfolio com-



TABLE 1: Summary of Literature Themes

Theme

Key papers

Core takeaway

Industry Cycles

Robinson and Sensoy (2016)

Calls and distributions are both
procyclical, but distributions
move more; net cash flows are
therefore procyclical.

Contracting and LP welfare

Maurin et al. (2023); Gourier et al.
(2024); Sorensen et al. (2014)

Sequential calls and capital com-
mitment are core sources of
priced illiquidity risk.

Macro and exit conditions

Haddad et al. (2017); Axelson
et al. (2013); Jenkinson et al.
(2025); Gredil (2022)

Discount rates, credit conditions,
and exit-market timing deter-
mine the cyclical behavior of re-
alizations and distributions.

Fund-specific heterogeneity

Brown et al. (2021); Korteweg
and Sorensen (2017); Lopez-de
Silanes et al. (2015)

Fund age, dry powder, scale, and
GP skill affect the timing and
quality of cash flows.

Secondary markets and liquidity
management

Nadauld et al. (2019); Bollen and
Sensoy (2022); Ye (2025)

When distributions dry up or
calls surprise, LPs absorb costs
through secondary-market hair-
cuts or forced sales of public as-
sets.

Measurement and forecasting

Sorensen and  Jagannathan
(2015); Gupta and Van Nieuwer-
burgh (2021); Korteweg and
Nagel (2025); Cao and van Beek
(2025)

The magnitude and interpreta-
tion of cyclicality depends on
methods that incorporate irreg-
ular, state-dependent cash-flow
timing.




panies or otherwise engineers a payout. That structure gives the GP unusually broad control over
the timing of investments and exits, and it means that the LP’s realized experience is governed by
a managed cash-flow stream rather than by a simple buy-and-hold return. The central question
in the cash-flow literature is therefore not only whether private equity earns an illiquidity pre-
mium, but also how the timing of calls and distributions co-varies with market conditions, fund

characteristics, and the LP’s own demand for liquidity.

R&S recasts private equity as a liquidity-transmission mechanism. The authors show that pri-
vate equity cash flows are cyclical; that distributions matter most for aggregate liquidity risk, that
cyclicality interacts with performance measurement, and how the cross-sectional heterogeneity of
fund cash flows complicates the issue of private equity illiquidity. Posing the issue in these terms
serves as an organizing tool for related research: models of capital commitment and LP welfare,
empirical work on buyout waves and exit timing, secondaries research, and the recent literature on
fund finance and capital-call shocks. We subsequently develop our empirical hypotheses around
key themes derived from this literature. First, distributions are more cyclical than calls, so net cash
flows are procyclical (consequently we focus our empirical analysis on distributions). Second, that
asymmetry is best understood as the combined outcome of macro exit conditions, GP timing dis-
cretion, and the institutional design of private equity funds. Third, for a diversified LP the primary
systematic liquidity problem is not a jump in calls, but the joint state in which calls continue while
distributions slow, secondary-market discounts widen, and public-market investments fall at the

same time.

R&S study quarterly cash flows from 837 buyout and venture capital funds between 1984 and
2010. The key findings are cross-sectional: most cash-flow variation at a point in time is diversifi-
able, either because it is fund-specific or because it is mechanically related to fund age. This dis-
entangles private equity illiquidity with aggregate liquidity risk. An LP that paces commitments
across many vintages and managers is not exposed to every dimension of fund-level cash-flow
noise in the same way as a concentrated investor. R&S document that both calls and distributions
co-move with public-market conditions, but distributions are more sensitive than calls. Net cash
flows are therefore procyclical: when valuations and exit conditions are strong, private equity is a

net source of liquidity to LPs, and conversely, when markets are weak, private equity becomes a

10



net sink. Thus, the aggregate liquidity problem is driven by an asymmetry between the two sides

of the cash-flow stream.

R&S also show that the previously documented finding that funds raised in hot markets un-
derperform in absolute terms becomes much weaker once performance is compared with public
markets. In other words, part of vintage-year cyclicality reflects shared exposure to the same
public-market states that also shape private equity cash flows. The results therefore link two liter-
atures: cash-flow liquidity and risk-adjusted performance measurement. A final important result
from R&S is that funds with a relatively high propensity to call capital in bad times perform better
in both absolute and relative terms. This is consistent with a liquidity premium: investors who
can supply capital when liquidity is scarce are compensated. That insight helps reconcile private
equity’s illiquidity with its long-run appeal. The premium is not simply payment for waiting
ten years; it is payment for agreeing to deliver and receive cash in states chosen by the GP and

correlated with broader market conditions.

While we do not consider venture funds in our empirical analysis, the R&S analysis also estab-
lishes an important cross-sectional distinction between venture capital and buyout. Venture cash
flows and performance are considerably more cyclical than buyout. While buyout distributions
are of course cyclical as well, the transmission runs more through leverage, credit conditions, and

M&A markets rather than IPO markets.

Subsequent theoretical literature clarifies why commitment-based funds generate state—dependent
liquidity risk in the first place. Maurin et al. (2023) provide a formal treatment. In their model,
sequential capital calls are not a historical accident; they arise as an optimal response to GP moral
hazard. The fund structure gives managers flexibility to invest only when opportunities arrive,
but it also exposes LPs to illiquidity risk because capital must be transferred on demand. The
model predicts that funds backed by more illiquidity-tolerant LPs can earn higher returns, and it
allows GPs to accelerate drawdowns inefficiently when they fear LP default. In short, the timing
of calls is endogenous to the contract, and liquidity risk is part of equilibrium pricing rather than

exogenous.

Gourier et al. (2024) deepen this point by distinguishing commitment quantity risk from other

11



frictions. In their model, LPs care not only about the timing of calls and distributions but also
about the fact that the quantity committed ex ante cannot be adjusted when a call arrives. They
show that investors are effectively underallocated to private markets and would pay more to
alter commitment quantity at call dates than to eliminate timing uncertainty or limited tradability.
Even if calls are only moderately cyclical, they matter because they arrive when the investor’s
overall wealth, and therefore desired private-market exposure, has moved with public markets.
The commitment problem is not diversified away by spreading capital across many funds because

public-market moves affect the denominator of the LP’s portfolio everywhere at once.

Sorensen et al. (2014) and Giommetti and Sorensen (2024) place the same issue in an LP portfolio-
choice setting. These papers stress that management fees, carried interest, illiquidity, and repeated
overlapping commitments all affect the attractiveness of private equity. Notably, faster distribu-
tions are not unambiguously better from the LP’s perspective. In a repeated-commitment envi-
ronment, slower distributions can stabilize exposure and reduce the need to recycle capital into
whatever vintages happen to be available. That nuance matters for the present situation. Distribu-
tion risk is not only a problem because cash may fail to show up in recessions; it is also a problem
because the speed of distributions changes the LP’s reinvestment problem across market states.
Together these papers shift the theoretical focus away from a static notion of lockup and toward a

dynamic interaction between contracting, portfolio choice, and business-cycle states.

Prior research also draws on market-wide (macro) to explain why distributions should be more
cyclical than calls. The most direct evidence comes from the buyout cycle. Haddad et al. (2017)
argue that buyout booms are best understood as responses to declines in the aggregate risk pre-
mium rather than as purely credit-specific events. When discount rates are low, the present value
of operational improvements rises and the cost of holding an illiquid asset falls. The same macro
state that encourages entry and deal activity also improves the environment for later exits. In this
framework, the cyclicality of distributions is a natural consequence of time-varying discount rates
and exit valuations. Ivashina (2022) discusses the importance of low interest rates in the growth of
private equity as institutional investors sought higher returns to offset low real yields. The anal-
ysis also largely predicted the stress associated with PE valuations, and fundraising that began

later in 2022.

12



Credit-market conditions matter as well, but they work through somewhat different mecha-
nisms. Axelson et al. (2013) show that leverage in buyouts is driven primarily by economy-wide
credit conditions rather than by the cross-sectional firm characteristics that explain public-firm
leverage. Easier credit supports higher leverage, higher entry prices, and lower subsequent buy-
out returns. For cash-flow timing, the implication is important. Good credit conditions can make
it easier to finance deals and to create interim payouts, but by inflating entry prices they can also

weaken the fundamental basis for future distributions.

This logic is especially salient for distributions that are generated before a full exit. Bhardwaj
et al. (2025) study dividend recapitalizations, in which portfolio companies take on new debt to
pay returns to the fund. These leveraged payouts are a direct reminder that not all distributions
are exit realizations in the narrow sense. In easy-credit states, GPs can pull distributions forward
using debt rather than a sale. The paper shows that such payouts can raise deal-level returns
while increasing firm risk and, in their estimates, lowering fund returns overall. An important
implication is that part of the cyclical distribution process reflects true exit timing, and part reflects

financial engineering made possible by accommodative debt markets.

The market-timing literature then asks whether GPs exploit these macro states skillfully. Brown
et al. (2021) show that LPs have only modest ability to time their exposure to private equity by
changing commitment schedules. The reason reverts back to R&S: LPs can choose when to com-
mit, but they cannot choose when commitments are called or when investments are sold. Net cash
flows remain highly correlated even across commitment strategies that differ sharply over time.
This result makes the cyclicality of distributions more important, not less, because it implies that

LPs cannot easily neutralize it through pacing decisions alone.

At the deal level, however, the evidence suggests that some timing ability exists on the GP
side. Jenkinson et al. (2022) find that private equity managers are, on average, able to buy at lower
and sell at higher market multiples, with the larger contribution coming from exit timing. Gredil
(2022) strengthens the distribution-side interpretation by showing that private equity distributions
predict returns in the industries in which funds specialize. The evidence suggests that managers
foresee industry fundamentals and sell near industry peaks, especially when incentive fees make

realization valuable. Both papers imply that distribution timing is not merely passive exposure to
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market states; at least part of it reflects informed or strategic exit choice.

That said, the distribution literature also reveals frictions and agency distortions. Dong et al.
(2020) show that private equity sponsors often retain large stakes after IPOs and distribute cash
only gradually. Jenkinson et al. (2025) examine this sell-down process directly and find that av-
erage post-IPO holdings last about three years even though lockups expire after six months, with
little evidence that managers create value through aftermarket timing. GPs appear reluctant to
sell losers, and longer sell-downs are more common when the fund is already doing well, which
is consistent with agency and fee incentives. These papers are important because they qualify the
timing literature. Distribution timing is partly skill, but it is also constrained by behavioral and

contractual frictions.

R&S emphasize that much of observed cash-flow variation is explained by fund age, and sub-
sequent work reinforces that point. Brown et al. (2021) show that the typical fund’s remaining
performance falls markedly after year seven or eight, but they also find that the dispersion of
remaining return outcomes tends to increase rather than collapse late in life. The cross-sectional
predictors of remaining value include to-date distributions, dry powder, previous fund perfor-
mance, fund size, GP fundraising activity, public-market returns, and credit spreads. The findings

show how macro conditions and fund-specific characteristics interact over the life cycle.

The same interaction appears in papers on investment pressure and organizational scale. Lopez-
de Silanes et al. (2015) document wide dispersion in private equity deal returns and show that per-
formance deteriorates when firms make many simultaneous investments. Degeorge et al. (2016)
find that secondary buyouts underperform when buyers are under pressure to spend, but not
when buyers are unconstrained or have a comparative advantage. These papers do not study
cash-flow timing directly, yet they matter for cyclicality because high-fundraising periods create
dry powder, spending pressure, and capacity constraints that are likely to weaken the future dis-

tribution stream.

Performance persistence adds a further layer of heterogeneity. Korteweg and Sorensen (2017)
show that private equity performance is persistent, although noisy, and that long-term spreads

between top and bottom quartile firms are economically large even if investors face limited ability
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to identify the best managers ex ante. The implication for cash-flow cyclicality is that some GPs
are better than others not only at selecting assets but at managing the timing of capital deployment

and realization.

The secondary market for private equity funds is a natural place to study the cost of missing
distributions. Nadauld et al. (2019) use transaction-level data from the private equity secondaries
market and show that most trades occur at discounts to reported NAV. They interpret the pattern
as one in which relatively flexible buyers are paid for supplying liquidity to sellers who need to
exit. In this sense, secondary market discounts represent the shadow price of distribution risk.
When expected cash arrives slowly, or when an LP’s own liquidity needs intensify, the claim on

future distributions can be sold only at a haircut.

Bollen and Sensoy (2022) model this problem directly from the perspective of a risk-averse LP.
Their framework embeds uncertain calls, uncertain distributions, spending needs, and the option
to sell on the secondary market. A useful result from their analysis is that the economic cost
of distribution-side illiquidity depends heavily on the LP’s own balance-sheet constraints. For a
moderately risk-tolerant institution with a manageable private-equity weight, observed returns
may roughly compensate for the illiquidity. For a more constrained or more risk-averse investor,
the same distribution uncertainty will be more painful. Consequently, cash-flow cyclicality is

experienced differently across LP types.

Ye (2025) studies unexpected capital calls using insurer-level data and finds that such shocks
are difficult to predict and can lead investors to sell public bonds in response. As noted by R&S,
unexpected calls are most problematic when they coincide with weak distributions and stressed
public markets as they were in 2022. Andonov et al. (2025) study U.S. public pension funds and
find related results. The authors find that negative cash flows make pension funds predictable
net sellers and liquidity demanders in financial markets. To meet liquidity needs pensions meet
negative cash flow shocks by selling bonds and equities, but primarily by liquidating equities
including private equity. Liquidity-driven equity sales occur even during periods of negative
equity returns. The findings reinforce the view that the aggregate liquidity problem is to some
extent a joint call-and-distribution state, with the distribution shortfall being more cyclical and

variable but with negatively correlated capital calls also contributing to overall liquidity risk.
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Fund-level financing technologies can mitigate liquidity risk. Brown and Volckmann (2024)
and Albertus et al. (2024) show that subscription credit facilities delay capital calls and can raise
IRR mechanically, while their broader work on fund debt suggests that these lines change mea-
sured performance more than underlying economics. Capital call facilities can temporarily soften
call-side liquidity pressure for LPs, but they do not create exits, and they are ultimately repaid
through future calls or investment proceeds. Recently, there has been growth in fund-level bor-
rowing later in a fund’s life (often called “"NAV lending”) to finance add-on investments and in-
creasingly distributions (Volckmann, 2025). NAV loans that are then distributed to LPs let GPs
pull forward cash flows associated with distributions, but at the cost of borrowing for the fund.
However, these NAV loans ultimately reduce the nominal cash flows LPs receive because they are
repaid with proceeds from future exits. Likewise, the rapid growth in continuation vehicles (CVs)
as a mechanism for LPs to generate distributions (see Abuzov et al. (2025)). It is likely that the
surge in CV activity is driven by GPs’ desires to generate distributions during an exit market they
view as unattractive. The practical implication is that fund finance can attenuate the liquidity risk
associated with both calls and distributions, yet the deeper cyclical risk on the distribution side

remains.

GPs choose when to call and distribute capital, consequently performance statistics that ig-
nore timing can confound the measurement of risk and therefore GP skill. R&S make this point
by showing that hot-vintage underperformance is much weaker in public-market-relative terms
than in absolute terms. Sorensen and Jagannathan (2015) formalize the economic logic of the
public market equivalent of Kaplan and Schoar (2005), while Sorensen et al. (2014) show that con-
ventional interpretations of IRR and multiples are too optimistic once risk, fees, leverage, and

illiquidity are priced explicitly.

Recent empirical methods push the literature further. Ang et al. (2018) recover time-series
private-equity returns from LP cash flows and find that the private-equity premium itself is cycli-
cal, with patterns that differ across fund types. Gupta and Van Nieuwerburgh (2021) value private-
equity cash flows using traded equity and fixed-income cash-flow claims, allowing a more granu-
lar decomposition of timing and risk. Korteweg and Nagel (2025) introduce an alpha measure that

is less noisy than PME and GPME at the individual-fund level but preserves the same aggregate
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pricing implications. Together these show that the magnitude and interpretation of cyclicality
depend on using metrics that respect the irregular, state-dependent timing of cash flows. Cao
and van Beek (2025) develop a latent-factor cash-flow model that explicitly lets macroeconomic
variables and fund-specific randomness drive call and distribution rates. This operationalizes the
idea that the relevant state variables for PE investors are not just returns and NAVs, but the joint

distribution of future calls and distributions under different macro scenarios.

Taken together, the literature clearly documents that net cash flows are procyclical. We believe
that exit activity and fund distributions deserve more emphasis than capital calls for three rea-
sons. First, exit activity is where macro conditions bite most directly through IPO windows, M&A
demand, and debt-market conditions. Second, distributions are where GP timing skill and agency
frictions show up most visibly. Third, LP liquidity risk is more severe when distributions dry
up: investors must either fund commitments from public assets or sell private claims at discounts
in the secondary market. For diversified institutions, the more salient risk is that private equity

ceases to distribute cash when other parts of the portfolio are also under strain.

From an LP’s perspective, the literature implies that private equity cash-flow management
should reflect distributions as much as commitments. The literature also suggests that investors
should distinguish carefully among types of distributions. For example, a cash payment gener-
ated by a sale to a strategic buyer, a sponsor-to-sponsor transaction, a dividend recapitalization, a
CV exit, a NAV-loan distribution, and a post-IPO sell-down/distribution likely all have different
informational content. In short, the GP controls a two-sided cash-flow process whose negative
states are characterized by delayed distributions, potentially amplified by negative correlation

with capital calls and adverse macro conditions.

3 Data

The focus of this paper is on buyout fund distributions and deal-level exits for which data are
obtained from the MSCI Private Capital Universe (PCU). Our aggregate and fund-level analysis
begin in 2000:Q1, whereas deal-level analysis begins in 2002:Q1 due to the relative sparseness of
deals prior to 2002 in the deal-level dataset. The buyout fund data from the MSCI PCU consists

of distributions, contributions, net asset value, fund size (committed capital), all measured in
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USD, and fund vintage. The deal-level data include deal investment date and exit date (when
applicable), deal exit type, the gross ratio of total fund value to paid-in capital (TVPI), and the
gross internal rate of return (IRR). Geography and industry focus is available for both funds and
deals. Deal exit types consist of financial sale, strategic sale, initial public offering (IPO), mergers
and acquisitions (M&A), write-off, other, and unknown. Our primary variable of interest at the
aggregate and fund-level is the distribution rate which is defined as total distributions over a
quarter divided by the NAV at the end of the previous quarter. Using the same-quarter NAV to
calculate distribution rates can lead to undesirable variation in the ratio, for example if a very

large distribution brings that quarter’s valuation to, or near, zero.

We augment the analysis of buyouts with data from several other sources. We utilize public eg-
uity market data to measure the returns and valuations of public companies. Through Bloomberg,
we obtain total return indices and price-to-earnings (PE) ratios for the market as well as the top-
level Global Industry Classification Standard (GICS) sectors: energy, materials, industrials, con-
sumer discretionary, consumer staples, health care, financials, information technology, commu-
nication services, utilities, and real estate. Market returns are taken across North America, the
rest of the world (ROW), and globally; earnings yields (inverse P/E ratios) are taken exclusively
from the North America indices. Because some sectors are sparsely populated, we typically exam-
ine industry data using six “super-sectors” by combining consumer discretionary and consumer
staples into a single consumer super-sector; information technology and communication services
into a single technology super-sector; industrials, materials, and energy into a single industrials
super-sector; and utilities with real estate for a single infrastructure super-sector. These sectors
are combined using weights derived from quarterly PCU buyout funds valuations. All data are
from respective MSCI indices except for real estate, which is the Dow Jones U.S. Real Estate Total
Return Index for North America, the FTSE EPRA /NAREIT Developed Index for global, and ROW

returns are inferred from the global and NA returns.

As our proxy for short-term interest rates we use the risk-free interest rate from the Kenneth R.
French data library. We collect other interest rate data from the Federal Reserve Bank of St. Louis
Economic Data repository (FRED). We use the ICE BofA US High Yield Index Option-Adjusted

Spread as our measure of the credit spread. We calculate the term spread as the market yield

18



on 10-year constant maturity U.S. Treasury securities (quoted on an investment basis) minus the
short-term interest rate. From SDC Platinum, we use the Mergers & Acquisitions database to
track the number, deal value, enterprise multiple (TEV/EBITDA, or TEV/E for short), and sector
of M&A deals over time, excluding private equity related deals. Quarterly TEV/E is taken as the
median within that quarter due to the presence of extreme outliers, whereas deal value (USD) is
the sum. From Compustat, we generate year-over-year change in mean public market revenue
by each sector and for all sectors combined. For the variables generated using SDC platinum and
CompuStat data, sectors are again combined into super-sectors using buyout valuation weights

by quarter. We use Jay Ritter’s IPO data to measure the number and first-day returns of U.S. IPOs.

We are careful to use data from the SDC Platinum database for deals not involving PE spon-
sors because of what we believe to be a significant bias in the recent set of observed buyout deals.
Specifically, anecdotal evidence suggests that the dearth of exits from buyout funds can be at least
partially attributed to the low valuations GPs are observing when testing the exit market. Conse-
quently, only deals with high valuations are actually occurring (e.g., deals with good valuations
relative to entry valuations during the hot market period around 2017-2021). This suggests that
observed deal valuations for buyout deals are highly selected and not representative of broader
valuations in the M&A market for portfolio companies. In fact, when we plot the TEV/E we find
exactly this. Figure 4 plots the time series of TEV/E multiple for deals done both by buyout funds
and those with no private fund sponsor (we also exclude deals by VC funds) and shows that the
series diverged after 2021. TEV/E multiple for the deals without a PE fund sponsor fell signifi-
cantly, whereas TEV/E for deals involving a buyout fund remained at roughly the 2017-2021 level.
Taken together, these results suggest the TEV /E multiples excluding private equity deals are more

representative of broad valuations in the M&A market over recent years.
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FIGURE 4: This figure plots quarterly median TEV /E multiples for M&A transactions in the SDC Platinum database for
2000-2025. We plot separately data for deals that involve a buyout fund sponsor (blue line) and those without a private
fund sponsor (Non-PE, red line). The series tend to track each other closely until about 2022 when non-PE multiples
decline and buyout multiples remain high. We interpret this as representative of a selection effect where only buyout
deals with high valuations are observed to exit.

4 Determinants of Deal Exits and Distributions

In this section we take a model-based approach to understanding both the time-series and
cross-sectional variation in buyout deal exit activity and distributions. At a high level, our pri-
mary goal is to understand if the current dearth of exits is explainable or exceptional. Our em-
pirical strategy is to estimate models on historical data through 2022 and then use the calibrated
models to predict activity from 2023 onward. To the extent that we can explain recent levels of
exit activity and distributions with out-of-sample model forecasts, we interpret that variation as
largely cyclical. To the extent that activity is not explained, we would consider that consistent
with a regime change or secular trend in exit activity and distributions — and thus potentially an
indicator of lower expected returns from private equity going forward. We start the analysis at
the aggregate level by examining distribution rates across all funds using pure time-series models.
While intuitive, this analysis suffers from a relatively small number of observations (i.e., a short
time-series). We next examine distributions at the fund level. Finally, we consider exit activity at

the deal level.
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4.1 Aggregate-Level Analysis

We begin our analysis with a careful examination of quarterly aggregate distribution rates. Recall
that we define aggregate distributions in a quarter as the sum of all fund distributions occurring
in a given quarter divided by the sum of fund net asset values at the end of the previous quarter.
Table 2 reports these quarterly distribution rates for buyout funds by fund age and geography for
the period 2000:Q1 through 2025:Q4. Panel A reports results for all global buyout funds while

Panels B and C look at funds focused on North America and outside North America, respectively.

The last line of each panel in Table 2 shows that the average and median (Q50%) quarterly
distribution rates for funds of all ages together are always between 4.9% and 6.1% (or about 20%
to 24% annualized) for global funds and the geographic sub-groups. However, the quantile data
show that there is a substantial range of quarterly distributions. The 10% breakpoints are around
2.5% and the 90% breakpoints are 10%. The standard deviations (SD) are around 3%. This is the

variation plotted in Figure 1 and discussed previously.

There is also substantial variation in distribution rates across fund ages. In theory, distribu-
tions associated with deal exit activity can happen at any time during a fund’s life after the first
investment is made. As a practical matter, the number of distributions clusters during the middle
years of a fund’s life between ages 4-10 years, with fewer happening earlier or later. However,
when viewed as a percent of fund NAV (i.e., as a rate), distributions increase with fund age. This
is because fund NAV tends to peak around year 5 in a fund’s life when the portfolio consists of
many active deals. When portfolio companies exit the portfolio, the remaining deals make up a
larger percent of NAV, and so when an exit occurs later in a fund’s life, it will be measured as a

higher distribution rate.

The four rows of each panel in Table 2 provide statistics for 4-year fund age buckets. The
results in each panel confirm that mean and median distribution rates increase monotonically
with fund age. For example, quarterly distribution rates for young funds 1-4 years old average
around 3%. Distribution rates increase steadily to around 11-12% for funds that are more than 12
years old. The standard deviation of distribution rates also increases steadily as funds age. Taken

together, the data show that average distribution rates tend to increase with age, but that there
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is substantial variation in rates across quarters for funds of all age groups. Understanding what

drives this variation is the primary goal of this analysis.

TABLE 2: FUND DISTRIBUTIONS AS A PERCENTAGE OF NAV BY FUND AGE

Panel A: All Funds

Fund Age Mean StDev Q10% Q25% Q50% Q75% Q90%
1-4 Years 3.0% 2.1% 1.2% 1.7% 2.4% 3.7% 5.5%
5-8 Years 5.9% 3.1% 2.7% 3.7% 5.0% 72%  10.5%
9-12 Years  8.6% 4.0% 4.0% 5.4% 85%  10.7% 14.1%
>12 Years 11.6%  8.5% 4.9% 6.8% 104% 13.3% 18.0%
All Ages 5.6% 2.8% 2.5% 3.5% 5.1% 7.7% 9.3%
Panel B: North American Funds
Fund Age Mean StDev Q10% Q25% Q50% Q75% Q90%
1-4 Years 3.0% 2.1% 1.2% 1.5% 2.6% 4.1% 5.8%
5-8 Years 5.5% 2.9% 2.2% 3.4% 5.3% 7.1% 9.6%
9-12 Years  8.3% 4.3% 3.7% 4.9% 78%  10.3% 14.4%
>12 Years 11.7%  8.8% 5.0% 6.8% 10.1% 12.7% 18.3%
All Ages 5.5% 2.7% 2.2% 34%  4.9% 7.7% 9.2%
Panel C: Excluding North American Funds
Fund Age Mean StDev Q10% Q25% Q50% Q75% Q90%
1-4 Years 3.1% 2.7% 0.9% 1.3% 2.3% 3.5% 7.5%
5-8 Years 7.2% 5.3% 2.7% 3.9% 5.7% 82%  15.6%
9-12 Years  9.4% 6.9% 2.4% 5.2% 82% 13.1% 16.6%
>12 Years 12.0% 13.7%  0.7% 4.5% 85%  154% 22.7%
All Ages 6.1% 3.4% 2.7% 3.8% 5.3% 73% 11.6%

This table reports data for quarterly observations of aggregate fund distributions as
a percent of aggregate fund NAV. The sample includes active buyout funds in the
MSCI Private Capital Universe from 2000:Q1-2025:Q4 (N = 104). Panel A reports
values for all funds and Panels B and C report values separately for funds focused on
North America and excluding those funds focused on North America, respectively.
The sample includes 3,141 funds with $4.8 trillion in committed capital; 1,941 funds
in North America with 2.9 trillion in committed capital; and 1,056 funds outside
of North America with $1.5 trillion in committed capital. Values are reported for
various fund age intervals.

One way to think about the time variation in distribution rates is to examine them by vintage
year and by fund age. This helps disentangle predictable variation by fund age from cyclical
effects related to exit market conditions. Figure 5 provides a “heat map” of fund distribution
rates. Each column is color-coded within the column so that the largest values are dark green and
the smallest values are dark red for each age group. The heat map reveals that funds of all ages

reflect the cyclical nature of distributions. For example, following the diagonal up-and-to-the-

22



right from vintage 2009 shows that around the GFC funds of most ages had very low distributions
given their age, e.g., 7-year old funds in 2009 (2003 vintage) had an aggregate distribution rate
in 2009 which is the lowest of any year for funds that age. Looking at vintages 2022-2025 shows
that during these recent years distribution rates have been among the lowest for funds of most
ages (and especially funds 3-6 years old). In comparison to the post-GFC period, the current
episode appears less severe but longer in duration. In fact the only vintage year from 2022-2025
with any above average distribution rate is 2020 vintage funds in 2025. The last row of Figure 5
shows results consistent with those plotted in Figure 2 that the gap in distribution rates over the
2022-2025 period exists for funds of all ages. For funds of 3-5 years old the distribution rates in

2022-2025 are less than half their long-run averages.
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DISTRIBUTIONS BY VINTAGE YEAR AND FUND AGE

Funds: Year Since Inception
Distribution/NAV 1 2 3 4 5 6 7 8 9 10
2001
2002
2003
2004
2005
2006
2007

2008
2009
2010

2011f

2012

2013

2014

2015

2016

2017

2018

2019

2020

2021

2022

2023

2024

2025

Average 4.1% 7.8% 10.3% 14.5% 18.7% 20.8% 22.6% 23.3% 27.8% 31.4%

Average Before 2022 4.2% 8.3% 11.3% 16.1% 20.8% 24.4% 24.4% 24.8% 30.5% 34.3%
Average 2022-2025 3.8% 5.2% 5.4% 6.9% 9.4% 12.9% 15.7% 18.3% 19.1% 22.5%
Gap -0.4% -3.0% -5.9% -9.2% -11.4% -11.5% -8.7% -6.5% -11.4% -11.9%

FIGURE 5: This figure reports annual data for aggregate buyout fund distributions as a percent of aggregate fund NAV
by fund age starting with funds of vintage year 2001. The sample includes active buyout funds in the MSCI Private
Capital Universe from 2000-2025. The last row shows the difference between average values prior to 2022 and the
average values in 2022-2025 (highlighted by black boxes in each column). The color coding is within fund age groups
and varies from red (lowest) to green (highest).

4.1.1 Regression Analysis

Having now both i) more fully documented the time-series variation in distributions and ii) re-
viewed the literature on historical determinants of variation in exit activity, we conduct a regres-
sion analysis on historical data that will allow us to make out-of-sample forecasts of distributions
in 2023-2025. Our dependent variable is a moving average of the quarterly aggregate distribution
rate. The moving average consists of 0.25 weight on the preceding value, 0.25 on the subsequent

value, and the remaining 0.50 weight on the current quarter’s value. This smoothing reduces
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seasonality and what appears to be idiosyncratic noise in the distribution rates.*

As discussed below, the primary goal of this analysis is to demonstrate the existence of impor-
tant cyclical factors that explain a large amount of the historical variation in distribution. However,
we show that attributing the cyclical variation to specific factors is difficult with a pure time series
approach because of the limited number of time series observations and explanatory factors that
are often highly correlated with each other. This then motivates our more granular analysis using

fund-level and deal-level data.

In our analysis we consider a large number of potential factors meant to capture a variety of
potential determinants of distributions as motivated by the discussion in Section 2. As discussed
above, there is a strong positive relation between a fund’s age and its distribution rate. Given
the cyclical nature of fundraising in PE, there will exist a corresponding cycle in fund age and
expected distributions. As shown previously in Figure 2, the NAV-weighted fund age peaked in
2015 at around 6.5 years and then fell steadily to about 5 years by 2022 before starting to increase
again in 2023. We find the strongest correlation between distributions and fund age lagged by 3
quarters so include the lagged (and detrended) NAV-weighted fund age as a primary explanatory

variable.

We also examine a variety of variables that capture the state of public markets and the econ-
omy. To characterize valuations and sentiment in equity markets we include public equity returns
(trailing 4 quarters) and the number of IPOs per quarter. As discussed above, there are (at least)
two ways to view the relation between interest rates and buyout activity. First, most buyout trans-
actions are heavily levered and so interest rates capture the cost of borrowing. Typically, GPs will
structure deals with risky variable-rate debt. Thus, higher short-term interest rates and larger
credit spreads would be negatively related to deal activity, because these lead to higher costs of
debt and lower net profits to equity investors. Second, in a discounted cash flow model, higher
interest rates equate with higher discount rates and thus a lower valuation for a company, ceteris

paribus. This “discount rate view” also suggests a negative relation between interest rates and

4Given that it can take many months to close a deal, it is unrealistic to think that there will be a one-to-one corre-
spondence between the quarter when a GP strikes the deal and when it closes. To some extent this modest smoothing
acknowledges the uncertainty between economic determinants of a deal occurring and the timing of the actual (ob-
served) financial cash flows.
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buyout deal activity. However, short-term rates are procyclical and credit spreads are (contem-
poraneously) countercyclical. Consequently, when short-term rates are high (and credit spreads
are low), on average the economy is strong and this strength would tend to support buyout ac-
tivity. Taken together, these results suggest an unambiguously negative relation between buyout
activity and the credit spreads but a potentially ambiguous relation between buyout activity and

short-term rates.

We also examine variables that measure the state of private markets. When demand for private
companies is high, TEV /E of private companies will be high relative to recent levels. In addition, a
decline in valuations can lead to a hangover effect because GPs do not want to exit at low valuation
levels. Consequently, we use the SDC M&A data for deals outside of private equity to measure
the gap between peak TEV/E over the last 20 quarters and the current valuation level.> We call
this the TEV/E drawdown. We predict a negative relation between TEV/E drawdown and buyout
deal activity. We also measure the state of private company business operations by calculating
the recent growth in revenue (and standardize this measure by calculating a z-score). Finally,
we measure the state of the buyout market using the level of recent fundraising as a percent of
the trailing 7-year average and the trailing 3-year direct alpha.® We predict that a healthy PE
market with a robust fundraising environment and good market-adjusted returns results in more

distributions.

In our aggregate regression models we reduce the risk of mechanical relations between distri-
butions and our variables by lagging each regressor by one quarter (except for fund age, which is
lagged by three quarters). The models are estimated using data from 2000:Q1 through 2022:Q4.
Because many of these aggregate factors are highly correlated, and we have just 92 quarterly ob-
servations in our regressions, multicollinearity is a concern. We estimate a range of models and
summarize some of the indicative findings here. However, given the econometric challenges, we
view this analysis as mostly a motivation for the granular analysis that follows rather than as a

primary finding.

5As discussed above in the data section, we calculate these variables excluding PE-sponsored deals because of the
large selection bias in PE-sponsored deals.
6See Gredil et al. (2023) for a discussion of the direct alpha method.

26



TABLE 3: MARKET-WIDE DETERMINANTS OF BUYOUT FUND DISTRIBUTIONS/NAV

Variable Mean SD Q5% Q10% Q25% Q50% Q75% Q90% Q95%
Fund Age 5.39 0.73 4.09 4.25 497 5.41 5.89 6.40 6.60
Credit Spread 23%  0.7% 1.5% 1.7% 1.9% 2.1% 2.6% 3.2% 3.5%
Short-Term Rate 25% 22% 0.0% 0.0% 0.1% 2.1% 4.7% 5.3% 5.5%
TEV/E Drawdown 2.19 1.60 0.00 0.05 0.92 1.91 3.55 441 494
Market Return 25% 42%  -5.6%  -3.5% 0.7% 3.3% 5.0% 6.8% 7.4%
Revenue Z-Score 0.00 0.87 -1.48 -1.03 -0.53 0.01 0.62 0.98 1.24
Deal Value Deviation 0.0% 34.8% -52.9% -35.8% -23.7% -45% 205% 47.7%  64.7%
IPO Volume 49 45 5 11 18 31 61 122 146

Fundraising Deviation 35.9% 66.3% -60.0% -42.3% -119% 29.0% 74.7% 124.6% 157.4%
Direct Alpha Trailing 54%  6.0% -47% -24% 2.6% 5.2% 79%  13.7%  16.7%

This table reports data for quarterly observations of some market-wide determinants of buyout fund distributions as a
percentage of NAV over the period 2000:Q1-2025:Q2. Fund Age is measured in years and weighted by fund NAV. We
then linearly detrend it over the sample period (data from MSCI). The Credit Spread is the ICE BofA US High Yield Index
Option-Adjusted Spread. TEV/E drawdown is the current value of TEV/E relative to the maximum value over the last
20 quarters. TEV is defined as the total enterprise value of all acquisitions not involving a private equity sponsor that are
over $10 million in total enterprise value and announced in the current quarter. It is divided by earnings before interest,
taxes, amortization, and depreciation (E) for these same companies. Data are from SDC platinum. IPO volume is the
total number of newly listed common stocks in the U.S. in the quarter as reported by Jay R. Ritter and updated by the
authors.

We start the analysis by focusing on four aggregate explanatory variables: fund age, the credit
spread, TEV/E drawdown, and IPO volume. Table 3 reports summary statistics for these vari-
ables and Table 4 reports the Pearson correlations with the aggregate distribution rate (and each
other).” Both fund age and IPO volume are strongly positively correlated with the distribution
rate. As shown already, we expect fund age to be positively related to distribution rates because
of the mechanical relation between investment and exit timing through a fund’s life. We expect a
positive relation between distribution rates and IPO volume because IPOs are historically a pro-
cyclical measure of market investment demand for investments. In contrast, the credit spread and
TEV/E drawdown have strong negative correlations. As shown in Robinson and Sensoy (2016)
and discussed above, credit market conditions as measured by the credit spread are a strong pre-
dictor of buyout fund distributions. High credit spreads suggest weak credit market conditions
and thus lower distribution rates. Likewise, the TEV/E drawdown measures the difference be-
tween current valuations and recent peak valuations; and the larger this value, the more reluctant

GPs will be to exit.

7Correlations greater in magnitude than 0.25 are significantly different from zero at the 95% confidence level. We
also note that many of these variables are highly correlated with each other.
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TABLE 4: CORRELATIONS BETWEEN AGGREGATE VARIABLES (QUARTERLY DATA)

Variable D/N AGE CRS STR TED MKT RVZ DVD IPO FRD DAT

D/N 1.00

AGE 054 1.00

CRS -0.54 -0.50 1.00

STR -0.12 -0.37 -0.19 1.00
TED -0.62 -0.55 0.39 -0.04 1.00

MKT 049 031 -0.76 0.03 -0.32 1.00

RVZ 019 -022 -037 033 -0.01 0.41 1.00

DVD 028 0.18 -0.23 029 -049 0.23 0.35 1.00

PO 029 0.10 -0.30 0.20 -0.40 047 032 071 1.00

FRD 053 025 -037 037 -054 021 0.18 053 039 1.00
DAT -0.27 -048 052 0.05 013 -049 -0.02 0.02 -0.16 0.11 1.00

* This table reports Pearson correlation coefficients for quarterly observations of some
market-wide determinants of buyout fund distributions over the period 2000:Q1-2025:Q2
(N=102). Descriptions of variables are provided in Table 3 above. Fund Age is lagged by
4 quarters. Values greater than 0.19 in magnitude are significantly different than zero at
the 95% confidence level.

* Abbreviations are as follows: D/N = Distributions / NAV moving average; AGE =
Fund Age Detrended (L3); CRS = Credit Spread (L1); STR = Short-Term Rate (L1); TED =
TEV/E Drawdown (L1); MKT = Market Return (L1); RVZ = Revenue Z-Score (L1); DVD
= Deal Value Deviation (L1); IPO = IPO Volume (L1); FRD = Fundraising (L1); DAT =
Direct Alpha Trailing (L1).

In our regression analysis we consider a variety of models because of the concerns about mul-
ticollinearity. Table 5 reports results of regressions of distribution rates on five different sets of
variables. The first column examines just fund age and credit spreads and finds coefficients of
the expected sign that are statistically significant. The second column reports results from adding
the TEV/E drawdown which also has the expected negative coefficient and is statistically signif-
icant. The adjusted R-squared increases from 0.509 to 0.562. However, the addition of TEV/E
drawdown lowers the coefficient on fund age which then is no longer statistically different from
zero. Adding IPO volume (third column) has little effect and results in an estimated coefficient
not different from zero despite its strong positive correlation with distributions. Adding the rest of
the exogenous variables (fourth column) barely changes the adjusted R-squared and reduces the
magnitude of the coefficients on the other variables. Finally, including the variables characterizing
the state of the PE market (fifth column) reveals a positive and statistically significant coefficient
on our fundraising variable and no relation with recent direct alpha. Other coefficients retain their

signs but statistical significance is reduced.
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TABLE 5: AGGREGATE-LEVEL REGRESSION OF DISTRIBUTIONS/NAV

(1) () 3) (4) (5)
Fund Age (Detrended) (L3) 0.0077**  0.0037 0.0029 0.0098**  0.0044
(0.049) (0.416)  (0.556) (0.031) (0.471)

Credit Spread (L1) —1.8674%F —15952*** —1.6997*** —0.8197  —0.5009
(0.004)  (0.002)  (0.005)  (0.256)  (0.433)

TEV/E Drawdown (L1) —0.0044**  —0.0048"* —0.0046*  —0.0046*
(0.011)  (0.010)  (0.054)  (0.061)

IPO Volume (100s) (L1) —0.0070  —0.0054  —0.0094
(0452)  (0.616)  (0.290)

Short-Term Rate (L1) 0.2828 —0.0166
(0.163) (0.947)

Market Return (Rolling) (L1) 0.1179 0.0884
(0.207) (0.325)

Revenue (Z-Score) (L1) 0.0021 0.0037
(0.598) (0.372)

Deal Value Deviation (L1) —0.0168 —0.0156
(0.180) (0.150)

Fundraising (L1) 0.0126**
(0.017)
Direct Alpha (3-year trailing) (L1) —0.0860
(0.319)
Constant 0.0658* 0.0899** 0.1000** 0.0346 0.0627
(0.079) (0.021) (0.029) (0.403) (0.212)
N 92 92 92 92 92
R-squared (OLS) 0.520 0.577 0.581 0.620 0.658
Adj. R-squared (OLS) 0.509 0.562 0.562 0.583 0.616
RMSE (OLS) 1.7% 1.6% 1.6% 1.6% 1.5%

This table provides OLS coefficient estimates from several regressions of quarterly (aggregate) buyout fund
distributions on the variables listed in the rows. The estimation period is 2000:Q1 through 2022:Q4. The as-
terisks denote p-values calculated using Newey-West standard errors with 4 lags: *p < 0.10, **p < 0.05,
***p < 0.01. Variable definitions are provided in the data section and Table 3. (LN) denotes that the explana-
tory variables are lagged N quarters.

Overall, the results of this analysis suggest that for aggregate distributions just a few of the

factors can provide almost all of the explanatory power from the larger set of variables. Specifi-
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cally, increasing the number of explanatory variables from two to 10 only increases the adjusted
R-squared from 0.509 to 0.616. However, the choice of variables affects the set of significant fac-
tors. These results are likely driven by the correlated nature of the explanatory variables and the

relatively short time series.®

4.1.2 Out-of-Sample Aggregate Distribution Rate Estimates

The results reported in Table 5 provide estimates of the historical relations between distributions
and the explanatory variables between 2000 and 2022. We can use these estimates along with
recent realized values of the explanatory variables to fit out-of-sample estimates for distribution
rates in the 2023:Q1 to 2025:Q4 period. These model-fitted distribution rates for the full global
sample are shown in Figure 6 and reveal a substantial gap between the actual values (blue line)
and the model-fitted values (red and yellow lines) over this period. We construct two fitted esti-
mates. The first (red line) uses the model with all explanatory variables (as shown in column 5 of
Table 5). The second (yellow line) excludes the PE fundraising and direct alpha factors that are

specific to the PE industry, thus only examining factors we consider to be plausibly exogenous.

The average difference is about 8%. We reiterate that the model provides a good fit to the
actual data prior to 2023, including predicting much of the decline in 2022. The substantial gap
in recent years is consistent with something happening in the post-2022 period that is difficult to

explain based on prior relations between the explanatory variables and distribution rates.

8In results not reported, we also examine subsamples of North American and excluding North American funds
and repeat the analysis reported in Table 5. The results indicate that the explanatory factors have similar relations to
distribution rates for the two geographies. This is expected given how closely distribution rates from the two geogra-
phies have tracked each other historically (as shown in Figure 1). Likewise the adjusted R-squareds are similar though
slightly higher for North American funds. Looking at geographies separately does not change the inference for the
aggregate analysis.
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AGGREGATE-LEVEL ACTUAL VS. FITTED DISTRIBUTIONS/NAV
(ANNUAL RATES)
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FIGURE 6: This figure shows actual (blue) and model fitted (red and yellow) quarterly aggregate distributions as a
proportion of aggregate NAV of buyout funds of any geography from 2020:Q1 through 2025:Q4. The estimation sample
is 2000:Q1 through 2022:Q4, shown in part to the left of the dashed vertical line; the out-of-sample fit is from 2023:Q1
through 2025:Q4, shown to the right of the dashed vertical line. The red line corresponds to the model with the full
set of explanatory variables (column 5 of Table 5) and the yellow line corresponds to the model with all exogenous
variables (column 4 of Table 5). Values are annualized by multiplying by 4.

We can also use the estimated regression coefficients along with the realized average values
of the explanatory variables post-2022 to understand how each contributes to the model-fitted
values. We illustrate these calculations for the model in column 3 of Table 5 that examines fund
age, the credit spread, TEV/E drawdown, and IPO activity. Figure 7 shows how each factor con-
tributes to differences from the long-run average (aggregate) distribution rate of 23.0% to achieve
the overall average model-fitted value. For example, during the post-2022 period the credit spread
has on average been quite low. Consequently, that below-average value combined with the nega-
tive coefficient results in a predicted positive contribution of 3.2% from the credit spread. In other
words, the low credit spreads of the last few years predict, all else equal, that the distribution
rate should be higher, not lower than its long-run average. In contrast, the other three factors
all suggest average or below average distributions. IPO volume has little influence, but TEV/E
drawdown (i.e., valuations on average that are well below the 2021 peak valuations) indicates a
negative contribution of —0.8% to the recent low distribution rate. However, the largest nega-

tive contribution comes from fund age which suggests distributions —4.2% below the long-run
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average. Together these factors predict an average distribution rate of 20.0% which leaves an un-
explained component of —9.3% relative to the observed average rate of 12.1% over the 2023-2025

period.

AGGREGATE-LEVEL CONTRIBUTIONS TO RECENT DECLINE IN DISTRIBUTIONS/NAV
(ANNUAL RATES)
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FIGURE 7: This figure shows the contributions of each explanatory variable to the recent lower level of distribution
rates. The Long-run average is the average aggregate distribution rate from 2000:Q1 through 2022:Q4. The 2023-25
Average is the average aggregate distribution rate from 2023:Q1 through 2025:Q4. The contributions are calculated
using the coefficients reported in Table 5 and the average values for the explanatory variables in the post-2022 period.

While the results from the analysis discussed above are intuitive, they are also carefully chosen.
In fact, the analysis at the aggregate level is challenging because (as shown in Table 5) including
more variables in the analysis leads to instability in the magnitude and significance of estimated
coefficients. These issues are potential symptoms of multicollinearity in our set of explanatory
variables and so we are very cautious in inferring much about the contributions of specific vari-
ables. Nonetheless, it is still useful to consider the overall explanatory value of the combined
large set of aggregate variables. In the “kitchen sink” regression that includes all of the explana-

tory variables discussed above, we still observe an unexplained component of —9.4%.

These results suggest that aggregate statistics for the broader economy and buyout industry

are unlikely to be sufficient for fully explaining the low distribution rates post-2022. Of course,

32



analysis at the aggregate level ignores substantial heterogeneity at the fund-level, so we now turn

to a more granular analysis that examines distribution rates for individual funds.

4.2 Fund-Level Analysis

Estimating the determinants at the fund-level provides a much richer dataset for analysis. We
retain the time-series dimension utilized in the aggregate analysis, but then also gain the cross-

sectional information associated with individual fund distribution behavior.

To model fund-level distribution rates, we employ a correlated random effects (CRE) panel
regression utilizing the explanatory variables discussed above.” We transform the distribution
rate to be the logarithm of 1 plus distributions/NAV to reduce the effect of outliers and account
for the existence of zeros.!?. We also Winsorize the distribution rates at 2.0 (i.e. a distribution
that is 200% of last quarter’s NAV) to further mitigate effects of some very large outliers. The
specific explanatory variables we use are the fund age in quarters, the market return matched
by geography, the short-term interest rate, the credit spread, the 3-quarter weighted (0.25, 0.50,
0.25) moving average of non-PE M&A deal value (detrended), the TEV/E drawdown as described
previously, IPO volume as described previously, the z-score of quarterly year-over-year revenue
growth by super-sector for U.S. public equities, the fund’s quarterly direct alpha (winsorized at
+ 25%), and the 3-quarter weighted (0.25, 0.50, 0.25) moving average of the percent deviation of
new quarterly aggregate committed capital (i.e. fundraising) from its trailing 5-year (20-quarter)
moving average, and the logarithm of fund size. The regression is estimated on a sample starting
in 2000:Q1 through 2022:Q4. We also estimate a model that omits fundraising and direct alpha

due to endogeneity concerns.

The results of estimating the CRE models are presented in Table 6. The table provides coeffi-
cient and R-squared estimates for funds of ages 5-40 quarters. We note that within-fund effects are
usually easier to interpret in economic terms; between-fund effects include a mix of vintages, life-

cycle stages, investment opportunity sets, and other effects that can be complex (and sometimes

9A correlated random effects model is a mixed model that includes panel means of time-varying covariates and
allows controlling for unobserved time-invariant heterogeneity that may be correlated with the regressors, as well
as estimating effects of time-invariant variables. In other words, it allows for both within and between effects to be
estimated. The idea dates back to Mundlak (1978) and was extended to unbalanced panels with Wooldridge (2019).
10There are also some rare and small negative values associated with, for example, clawbacks
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counter-intuitive).

As expected, fund age is strongly positively related to distribution rates within funds, but not
between funds. The short-term interest rate is negatively related to distribution rates within funds
but the relation is only significant when we include all regressors. It is weakly positively related to
distributions between funds in the specification with just exogenous regressors. These differences
are consistent with the discussion above about the ambiguous prediction of the relation between
short-term rates and distributions. The credit spread has a strong negative relationship with dis-
tribution rates within funds. However, the between effects suggest that funds living through a pe-
riod of consistently higher credit spreads tend to have a higher distribution rate. Revenue growth
is not statistically significant within funds, but funds living through a period of consistently higher

revenue growth tend to have a reliably higher distribution rate.

A larger TEV/E drawdown corresponds to lower distribution rates within funds and also
between funds, both effects are statistically significant. This effect from relative valuations (i.e.,
how far current valuations are from the recent peak) is one of the strongest and most consistent
effects we document. IPO volume has a positive relationship with distribution rates within funds
(but only when we consider the full model with all regressors). In contrast funds living through a

period of consistently higher IPO volume tend to have a lower distribution rate.
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TABLE 6: FUND-LEVEL CORRELATED RANDOM EFFECTS REGRESSION OF

DISTRIBUTIONS/NAV
All Regressors  Exogenous Regressors

Within Effects
Fund Age 0.0013*** 0.0016***
Short-Term Rate (L1) —0.1372%** —0.0131
Credit Spread (L1) —1.6246*** —1.4477***
Revenue (Z-Score) (L1) —0.0002 0.0001
TEV/E Drawdown (L1) —0.0023*** —0.0024***
IPO Volume (1000s) (L1) 0.0551** 0.0450
Market Return (L1) —0.0209*** —0.0293***
Deal Value Deviation (L1) 0.0088™** 0.0087***
Fundraising (L1) 0.0035***
Direct Alpha (L1) 0.0731***
Between Effects
Mean Fund Age 0.001 0.000
Mean Short-Term Rate (L1) —0.089 0.286*
Mean Credit Spread (L1) 1.851** 1.440
Mean Revenue (Z-Score) (L1) 0.019*** 0.015***
Mean TEV/E Drawdown (L1) —0.011*** —0.008***
Mean IPO Volume (1000s) (L1) —0.324** —0.664***
Mean Market Return (L1) 0.393*** 0.380%**
Mean Deal Value Deviation (L1) —0.027 0.004
Mean Fund Size (Log) 0.0009** 0.0017***
Mean Fundraising (L1) 0.004
Mean Direct Alpha (L1) 0.120***
Constant —0.0047 —0.0010
N 62,038 62,038
Funds 2,480 2,480
Within R-squared 0.047 0.044
Between R-squared 0.324 0.205
Overall R-squared 0.066 0.050
Quarterly Pseudo R-squared 0.688 0.666
Quarterly RMSE 1.7% 1.8%

This table provides correlated random effects coefficient estimates from regressions of
quarterly (aggregate) buyout fund distributions on the variables listed in the rows. The left
column reports estimates using all regressors, whereas the right column omits fundraising
and direct alpha due to endogeneity concerns. The estimation period is 2000:Q1 through
2022:Q4. The asterisks denote p-values calculated using cluster-robust standard errors on
fund ID: *p < 0.10, **p < 0.05, ***p < 0.01. Variable definitions are provided in the data
section and Table 3. (LN) denotes that the explanatory variables are lagged N quarters.
The quarterly pseudo R-squared is the squared correlation of actual quarterly distribu-
tions/NAV with model fitted quarterly distributions/NAV, thereby directly mimicking

the scale of R-squared.
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Market returns have a negative relationship with distribution rates within funds, but funds liv-
ing through a period of consistently higher market returns tend to have a higher distribution rate.
Both are statistically significant. This can potentially be interpreted as funds holding onto higher
returns as long as possible (within), but these funds make larger distributions when they do make
distributions (between) on account of having lived through such a high-performing period. Con-
sistent with our prediction, activity in the non-PE M&A market (deal value deviation) is strongly
positively related to the distribution rate within a fund (and there is no significant between fund

effect).

The variables capturing the state of the PE industry are also important and consistent with
our predictions for within-fund variation. Specifically, a better fundraising environment tends to
be associated with more distributions. Likewise, higher returns as measured by direct alpha are
related to higher distribution rates (between funds as well). Finally, we note that larger funds tend
to have higher distribution rates, but the effects, while statistically significant, are economically

small.

An important observation about these results warrants discussion. The overall R-squared of
the all-regressor regression reported in Table 6 is 0.066, which indicates that the model explains
only a modest fraction of the quarter-to-quarter variation in distribution rates at the individual
fund level. Yet when the distributions are aggregated, the model tracks realized aggregate dis-
tribution rates with high precision, demonstrated by its quarterly “R-squared” of 0.688 and root
mean squared error of 1.7%, both very similar to those of the aggregate model. At the individ-
ual fund level, distribution activity in any given quarter is dominated by idiosyncratic factors:
the specific timing of a portfolio company sale, the negotiation of a particular transaction, or a
GP’s decision to hold or exit a given asset.!! These fund-specific events are, by their nature, diffi-
cult to predict with macro and market-level variables. However, when aggregated across a large
cross-section of funds, the idiosyncratic component largely diversifies away. What remains is the
systematic variation driven by the macro, credit, valuation, and lifecycle factors that the model
captures. In this sense, the low within R-squared reflects the inherent noisiness of fund-level cash

flows — a point emphasized throughout the literature beginning with R&S — while the strong ag-

Robinson and Sensoy (2016) provide a detailed discussion of idiosyncratic and systematic risks of fund cash flows.
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gregate fit reflects the model’s ability to capture the common cyclical forces that are the focus of
this analysis. The relevant question for evaluating whether the recent decline in distributions is
cyclical or secular is whether the model explains the aggregate pattern, not whether it predicts the
precise quarter in which any individual fund distributes cash. To that end, the fund-level model

performs well while also allowing for cleaner dissection of relevant variables.

As with the results for the aggregate analysis, we can use the fund-level regression model
to generate model-fitted values for distributions in the post-2022 period and compare these to
actual distribution rates. To do this, we sum fitted values into quarterly values weighting by
fund NAV. We again compare these quarterly fitted values to the actual values and plot these in
Figure 8 (red and yellow lines) with special attention to the out-of-sample estimates for 2023:Q1 to
2025:Q4. These fund-level estimates show different patterns than what was previously observed
for the aggregate estimates. The model with all regressors (red line) predicts consistently higher
than actual distributions but the unexplained difference is smaller than for the aggregate model,
averaging 4.9% versus 8.2%. The model prediction using only exogenous regressors (yellow line)
shows a very different pattern. The two model-fitted estimates are similar at the beginning of
2023, but then the model with only exogenous factors steadily increases (and diverges) from the
model with all regressors as well as the actual distributions. In fact, the predicted values from the
model with exogenous regressors exceed the long-run average of actual distributions by the end
of 2024. By the end of the sample in 2025:Q4, the model prediction spikes to a distribution rate in

excess of 30%.
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FUND-LEVEL ACTUAL VS. FITTED DISTRIBUTIONS/NAV
(ANNUAL RATES)
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FIGURE 8: This figure shows actual (blue), full model fitted (red), and exogenous model fitted (yellow) quarterly dis-
tributions as a proportion of NAV of buyout funds of any geography from 2020:Q1 through 2025:Q4. The estimation
sample is 2000:Q1 through 2022:Q4, shown in part to the left of the dashed vertical line; the out-of-sample fit is from
2023:Q1 through 2025:Q4, shown to the right of the dashed vertical line. Values are multiplied by 4 to put them on a
more conventional annual scale.

4.2.1 Out-of-Sample Fund-level Distribution Rate Estimates

As before, we can also use the estimated fund-level coefficients and realized values for each ex-
planatory variable to calculate contributions to distribution rates during the post-2022 period. We
sum within- and between-fund effects into a single overall effect for each variable and report these
results in Figure 9 with contributions sorted from largest to smallest. Values are equal-weighted

fund averages.

The largest positive contributor is market returns. IPO activity and broad industry M&A ac-
tivity (deal value deviation) provide additional small positive contributions (<2% each). Many
other factors have contributions less than 1% in magnitude and are effectively a wash (direct al-
pha, industry revenue growth, fund size, fund age and the credit spread).'?> The weak fundraising
environment post-2022 suggests 1.2% lower distribution rates. However, the two largest negative
factors by far are the higher short-term interest rates (contribution of —3.3%) and the depressed

level of valuations (outside PE) captured by the TEV/E drawdown variable (contribution of -

12We suspect that the strong negative correlation between market returns and credit spreads of -0.76 may be causing
the effect of market returns to be overstated and credit spreads to be understated.
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7.4%). Together these variables suggest distribution rates almost 11% below the long-run average.

FUND-LEVEL CONTRIBUTIONS TO RECENT DECLINE IN DISTRIBUTIONS/NAV

(ANNUAL RATES)
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FIGURE 9: This figure shows the contributions of each explanatory variable to the recent lower level of distribution
rates. The long-run average is the average aggregate distribution rate from 2000:Q1 through 2022:Q4. The 2023-2025
average is the average aggregate distribution rate from 2023:Q1 through 2025:Q4. The contributions are calculated
using the coefficients reported in Table 6 and the average values for the explanatory variables in the post-2022 period.

Overall, the unexplained gap from the fund-level estimation is —4.9%. This gap is consis-
tent with factors that have historically explained distribution rates explaining about half of the
recent low distribution rates when we include variables that characterize PE fund performance
(i.e., direct alpha) and PE fundraising activity. However, when we exclude these PE-specific fac-
tors, essentially all of the lower distribution rates are unexplained because the positive factors such
as market returns more than offset the drag from negative contributors like TEV/E drawdown.
Most intriguing is that the unexplained component has been steadily increasing as the duration of
low distributions persists; in other words, the exogenous factors increasingly expect a rebound in

distributions that isn’t yet happening.
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4.3 Holding-Level Analysis [not yet updated through 2025]

Of course, the vast majority of cash being distributed to LPs from buyout funds is generated
through exits of portfolio companies. Data limitations have made it difficult for researchers to
understand the drivers of exit activity at the deal level. However, the MSCI PCU holding-level
data make an analysis of exits at the deal level possible. The holding-level data has only been
utilized in a few prior studies and the data on exit type has never been used. We therefore provide
some descriptive analysis of the data before developing a model of deal-level exit activity that

sheds further light on the recent dearth of exit activity.

4.3.1 Exit Type Descriptive Statistics

Figure 10 provides a histogram of holding length for exited deals (in years). Holding length is
a measure of deal duration and is calculated as the time from the date of first investment until
a significant exit event occurs. The exit dates are determined by MSCI and typically represent
a complete or nearly-complete exit, though sometimes exits happen with significant events over
multiple dates. The distribution has a mode of 4 years, a median of 5.2 years, a mean of 5.7 years

and exhibits a substantial right tail with many deals lasting longer than 10 years.
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2500

2000

1500

1000

Number of Exits

500

0o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18+
Years

FIGURE 10: This figure shows the number of exits by deal duration in years for 16,208 buyout exits from 2002Q1
through 2024Q4. 32 exits are 18 years or longer and are consolidated into a single bar.
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Figure 11 shows the number of exits by calendar year from 2002 through 2024. The number of
exits trends upward especially in the 2002-2014 period, with around 300 exits in 2002 and around
1,000 exits starting in 2014. The number of exits experiences peaks and dips associated with the
established PE cycles (as shown in Figure 1, for example). A detailed analysis of exit type is pro-
vided below, but financial sales and strategic sales have grown the most. In contrast, the number
of IPOs and write-offs are more constant over the sample with IPOs peaking in 2007 with 95 and
write-offs in 2020 with 161. The number of unknown exit types is particularly large in 2024, but

this is largely the result of ongoing classification of more recent exits by MSCI.
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FIGURE 11: This figure shows the number of buyout exits overall from 2002 through 2024.

Given the positive long-run time trend in deal activity, it is useful to consider how the propor-
tions of exits have changed. Proportions of exits by number are shown in Panel A of Figure 12.
The share of IPO exits has decreased over time by about 8 percentage points (peaking at 15% of
exits in 2004). Similarly, the proportion of write-offs has trended down substantially by about 20
percentage points (peaking at 44% of exits in 2002). IPOs and write-offs have been replaced mostly
by the 21 percentage point increase in financial sales (which peaked at 38% of exits in 2021) and
the 6 percentage point increase in strategic sales (which peaked at 35% of exits in 2018).1*> How-
ever, recently the proportion of financial sales has reversed its steady upward trend. In addition

to the meaningful trends in the types of exits, there is also clear cyclical behavior. Intuitively, the

13The estimated overall changes over time come from a linear regression of proportion on time.
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proportion of write-offs surges around times of economic and financial market stress such as 2002,

2009, and 2020. Both financial sales and strategic sales tend to dip during these times.

SHARE OF EXIT TYPES BY NUMBER AND EXIT VALUE

Panel A: Exit Type Percentages By Exit Year
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Panel B: Value Percentage By Exit Year
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FIGURE 12: This figure shows proportion of exit types by year from 2002 through 2024. Panel A shows proportions

based on the number of exits and Panel B shows proportions based on the value of exits at the time of the exit. The year
2002 is omitted in Panel B because of sparse valuation data for exits in that year.

Panel B of Figure 12 shows the proportion of exits by value at the time of exit. Because most
write-offs have no value at exit, they effectively disappear from this plot. Overall, there is more
time variation in the value proportions of exit types over time. IPOs are a much larger share of
exits, vary substantially by year, and yet continue to trend down as a fraction of deal exit value.

The upward trend in financial sales is less obvious when measured by value of exits. For example,
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tinancial sales were almost 40% of exit value in 2005 which is about the same as the average from
2018-2023. In contrast, the value of strategic sales has trended down. Overall, the data on exit type
proportions indicates that there are both important trends and cycles in exit type over the last two

decades.

The number of exits in each of our super sectors varies based on the composition of those
sectors in overall buyout activity (results not tabulated). The largest number of exits occurs in the
industrials super-sector (industrials, materials, and energy) with 5,616 exits (30%) in total. Second
largest is the consumers super-sector (consumer discretionary and consumer staples) with 4,585
exits (25%) in total. Third is technology (information technology and communication services)
with 4,061 (22%) exits. Next are health care with 2,263 exits (12%), financials with 1,412 (8%) exits,
and other (real estate, utilities, unknown) with 600 (3%). Industrials, consumer, and health care
have the clearest upward trend over time; industrials and health care both peak in 2021 with 421
and 238 exits, respectively, whereas consumer peaks in 2017 with 312 exits. Technology on the
other hand is relatively flat, peaking in 2021 with 274 exits, and financial has a peak around 2017

with 110 exits before seemingly trending downward.

Figure 13 shows the proportions of exit types by number for our super-sectors. Overall, the
proportions of exit types by year have similar trends and cycles across the super-sectors. For ex-
ample, most super-sectors have visible spikes in write-offs around GFC and COVID recessions.
However, the proportions of exit types systematically vary across different super-sectors. Finan-
cials are more likely to have an IPO and less likely to experience a financial sale than other super-
sectors. Technology and healthcare companies are more likely to experience a strategic sale. These
results suggest that there are important baseline differences in exit type by super-sector with cycli-

cal factors overlaid. These may also be important for understanding distribution rate dynamics.
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PROPORTION OF EXITED HOLDINGS BY EXIT YEAR, EXIT TYPE, AND SUPER-SECTOR
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FIGURE 13: This figure shows the stacked percent of exits from 2002 through 2024 within each super-sector. “Industrials” combines industrials, materials, and energy; “Consumer”
combines consumer discretionary and consumer staples; “Technology” combines information technology and communication services; and “Infrastructure + Unknown” combines
utilities, real estate, and unknown sectors.



Table 7 shows performance metrics for all exits and by exit types from 2002Q1 through 2024Q4.
We utilize three performance metrics TVPI, IRR, and a “pseudo-PME”. This pseudo-PME is in the
spirit of Kaplan and Schoar (2005). It uses supersector- and region-matched MSCI total return
indices as public benchmarks to discount the exit value to the entry date and then takes the ratio
of that discounted value to the entry value. We call it “pseudo” because it is not based on the entire
history of cash flows for each holding, but rather only the investment amount and exit amount.
Since holding-level cash flows are relatively simple, we believe this pseudo-PME is likely to be
very close to the full cash flow PME on average. We also caveat that mean IRR is a dubious
statistic since IRR is not a linear operator. Given the presence of extreme outliers, we winsorize all

of the performance metrics at their 99th percentile (across all exit types together).

Overall, the 8,689 exits in the sample have a respective mean and median TVPI of 2.7 and 2.3,
IRR of 19% and 21.5%, and pseudo-PME of 1.5 and 1.1. The fact that IRR has a lower mean than
median is driven by write-offs, since every other category has a mean above median. Strategic
sale exits and financial sale exits constitute the majority of exits, respectively 2,652 (31%) and 2,625
(30%). IPO exits constitute 768 exits (9%), M&A + other constitute 791 exits (9%), and there are 844

unknown exits (10%) and 1,009 write-offs (12%).

Financial sale exits have the highest mean TVPI at 3.4 and the highest pseudo-PME at 1.9, as
well as the highest medians for TVPI at 2.9, IRR at 31%, and pseudo-PME at 1.6. The highest mean
IRR is found within IPOs at 37.2%, marginally higher than the financial sale mean of 36.6%. IPO
exits have the second highest mean TVPI at 3.1, and strategic sales have the second highest PME
at 1.7. At the median, strategic sales have the second highest TVPI at 2.5, the second highest IRR
at 26%, and the second highest pseudo-PME at 1.3. M&A + other have noticeably lower mean
TVPI, respectively 2.5 and 2.2; IRR, respectively 24% and 15%; and pseudo-PME, respectively 1.3
and 1.2. A similar pattern can be seen with medians, and their pseudo-PMEs are less than 1.

Unsurprisingly, write-offs have very low performance with median total losses.
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TABLE 7: SUMMARY STATISTICS BY EXIT TYPE

TVPI N Mean StDev Q10 Q25 Q50 Q75 Q90
All Exits 8,689  2.69 2.55 0.02 1.00 2.26 3.55 5.55
Financial Sale 2,625 3.43 2.54 0.98 1.98 2.90 4.19 6.17
Strategic Sale 2,652 298 2.38 0.61 1.56 2.53 3.65 5.57
PO 768 3.14 2.66 0.78 1.50 2.35 3.87 6.40
M&A + Other 791 2.53 242 0.26 1.10 1.95 3.15 5.01
Unknown 844 222 2.44 0.04 0.69 1.53 2.95 4.80
Write-off 1,009 0.21 1.10 0.00 0.00 0.00 0.02 0.30
IRR N Mean StDev Q10 Q25 Q50 Q75 Q90
All Exits 8,689 19.1% 62.6% -83.2% 0.0% 21.5%  43.4% 76.1%

Financial Sale 2,625 36.3% 44.5% -0.4% 15.4% 30.5%  51.2%  81.8%
Strategic Sale 2,652 33.8% 51.9%  -7.8% 9.6% 26.1%  48.4%  82.2%

IPO 768  372% 59.6%  -4.0% 8.6% 23.6%  47.2%  91.6%
M&A + Other 791 241% 56.4% -27.5% 2.3% 17.5% 37.2% 71.7%
Unknown 844  149% 654% -70.3% -8.5% 129%  36.8% 68.7%
Write-off 1,009 -78.4% 40.6% -100.0% -100.0% -100.0% -64.5% -26.7%
Pseudo-PME N Mean StDev Q10 Q25 Q50 Q75 Q90
All Exits 8,689 1.47 1.55 0.01 0.36 1.08 2.07 3.30
Financial Sale 2,625 1.92 1.61 0.33 0.83 1.58 2.49 3.80
Strategic Sale 2,652 1.66 1.51 0.23 0.58 1.33 2.22 3.36
PO 768 1.55 1.51 0.31 0.61 1.11 1.99 3.12
M&A + Other 791 1.29 1.43 0.11 0.41 0.91 1.66 2.80
Unknown 844 1.23 1.48 0.02 0.23 0.81 1.56 2.96
Write-off 1,009 0.10 0.60 0.00 0.00 0.00 0.01 0.11

This table reports summary statistics for TVPI, IRR, and Pseudo-PME by exit type for buyout holdings ranging
2002 through 2024. The rows distinguish all exits, financial sales, strategic sales, IPOs, M&A + other, unknown,
and write-off outcomes. Each metric is winsorized at the 99th percentile over the set of all exits.

4.3.2 A model of Exit Probability and Type

To explain the probability of an exit occurring using a select set of our explanatory variables, we
construct a quarterly panel data set where each holding constitutes a panel ID with a status of
either active or exited; upon exit, the panel ID ends. Using this panel data set along with our
explanatory variables, we estimate a complementary log-log model (which is very similar to a
logit model but is specifically designed for scenarios in which an event, i.e. an exit, is uncommon
relative to non-events, i.e. non-exits) over the period from 2002:Q1 through 2022:Q4. The values
of our explanatory variables are then used to determine changes in probability of exit based on
the predicted hazards of each model. Write-off exits are excluded to focus on “good” exits, and

we furthermore restrict the analysis to “clean” holdings, i.e. holdings that are linked to a fund, so
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as to calculate the fund age when the investment is made.

Several variables from previous sections are used (along with some additional variables): inter-
est rates (short-term rate, credit spread, term spread), IPO volume and first day return, dry pow-
der, DPI, and newly raised committed capital. Market returns are included and are matched by
geography (NA, ROW, or global when unclear) as well as by super-sector. M&A deal value devi-
ation, M&A TEV/E drawdown, M&A TEV/E deviation, and public market revenue are matched
by super-sector as well. The fund age (in quarters) at investment and the log of the investment
size in USD are also included. The results of the complementary log-log regressions are shown
in Table A4, where coefficients shown are a change in the complementary log-log transformed
hazard; a positive coefficient means an increase in the variable corresponds to higher probability

of exit, whereas a negative coefficient corresponds to the opposite.

These coefficients are difficult to interpret in straightforward terms, however, and it is common
to re-cast these estimates into percentage point changes from a baseline. To that end, model (1)
of Table 8 shows the change in percentage points of the probability of an exit within the next 4
quarters that is associated with a two standard deviation shock to each variable above its mean,
with other variables at their actual values and on average across the sample. For example, when
the credit spread is two standard deviations above its mean, the probability of a deal exiting within

the next 4 quarters is, on average, 2 percentage points lower than when credit spread is at its mean.

Note that we include a quadratic shape for deal age, as shown in Table A4. The effect washes
out in the averages shown in Table 8, but the coefficients and sign illustrate that an exit has an
inverse-U shape over time, other variables at their means; which is to say, the probability of exit
typically increases with deal age but only until about the 44th quarter, after which the probability

of exit typically decreases.

We then estimate a multinomial logit regression on exited deals, with the same set of regres-
sors, to estimate how the composition of exit types changes with respect to the same changes.
Unknown exit types are omitted from this estimation sample. The multinomial hazard coeffi-
cients are shown in Table A5, and models 2-5 of Table 8 show the effect on the composition of

financial sale, strategic sale, IPO, and M&A + other, where the rows each sum to zero since an exit
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TABLE 8: HOLDING-LEVEL EXIT REGRESSIONS

1) 2 (©)) (4) ©)
Overall Exit Financial Sale  Strategic Sale PO M&A + Other

Deal Age (Quarters) —0.44*** —0.59*** 0.33* —0.12 0.39***
Public Market (t-1) —0.07 1.96 —3.90%** 0.34 1.59
Short-term Interest Rate (t-1) 1.95%** —1.68 1.56 2.54 —2.42
Credit Spread (t-1) —2.00%** —3.56* 2.80 —0.16 0.92
Term Spread (t-1) 0.89* —4.16* —0.15 4.38** —0.08
Deal Value Deviation (t-1) 0.63** —0.20 1.83 —1.12 —0.51
TEV/E Drawdown (t-1) —0.98*** —2.84* —3.82%* 5.75%+ 0.91
TEV/E Deviation (t-1) 1.00** 1.64 —2.47 2.12 —-1.29
IPO Volume (1000s, t-1) 0.80* 1.94 2.99 —2.25%* —2.67**
IPO First Day Returns (t-1) —1l.61*** 3.31** —-1.17 —1.64* —0.50
Revenue (Z-Score, t-1) 0.77** —0.29 2.74* —2.12** —0.32
Dry Powder (t-1) 0.17 —2.22 —4.47** 5.06*** 1.63
PME Vintage (t-1) 0.85** —5.77%** 2.18 2.56** 1.03
DPI (t-1) —1.77*** 2.35 5.08** —5.36"** —2.07*
Fundraising Environment (t-1) 0.71* —0.86 —0.89 0.86 0.90
Fund Age at Investment 1.46%** 1.78 —2.47%* 1.26 —0.58
Log Invested —0.73*** —1.14%** —2.56%** 3.48*** 0.22
N Holdings / Exits 14,189 2,311 2,358 684 733
N Observations 245,158 6,086 6,086 6,086 6,086
Quarterly Pseudo R-Squared 0.430 0.833 0.821 0.255 0.396

This table reports results of a two standard deviation increase of each variable above its mean from a complementary log-log
regression with exit (0,1) as the dependent variable in column 1; and analogous results of a multinomial regression on exited
deals with exit type as the dependent variable in columns 2-5. Explanatory variables are described in the text and most are
lagged by one quarter (L1). Estimates provided are for holdings between 0 and 60 quarters of age. Asterisks denote levels of
statistical significance against a null of zero (*p < 0.10, **p < 0.05, ***p < 0.01). Complementary log-log regression standard
errors clustered over holding ID. Multinomial logit regression standard errors are heteroskedasticity robust. The estimation
sample is 2002:Q1 through 2022:Q4.

To illustrate the estimates in Table 8, suppose there are 100 active holdings in a quarter, and

must be of at least one of those types.
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suppose that the baseline exit probability is 10% in this quarter. Thus one would expect 10 exited
holdings in this quarter. Also suppose that baseline exit type probabilities are an expected 40%
of those 10 exited holdings to be financial sales, 40% to be strategic sales, 10% to be IPOs, and to
be 10% M&A + other. Now consider the same environment, but the term spread is two standard
deviations higher than its mean and other variables are held constant. The overall exit coefficient
for term spread is 0.89, so exit probability is now 10.89% (0.89 percentage points above the baseline
exit probability of 10%), which we’ll round to 11%. So you’d expect 11 exits instead of 10 exits with
the higher term spread, other variables unchanged. The financial sale coefficient for term spread

is about —4, so we expect 36% of those 11 exits (4 percentage points fewer than the financial sale



baseline of 40%) to be financial sales; the coefficient for IPO is about 4, so we expect 14% of those
11 exits (4 percentage points more than the IPO baseline of 10%) to be IPOs; and little change in
strategic sales or M&A + other from their baselines of 40% and 10% of exits. The percentage point
change in exit type thus nets to zero, as will always be the case (as can be seen by summing the

exit type estimates of any row in Table 8, subject to rounding errors).!*

The multinomial logit model also includes a quadratic term for deal age, although by construc-
tion it only directly allows comparison to a reference category, which in this case is financial sale
exits. The results suggest that the odds of a financial sale increases relative to the probability of
a strategic sale until about quarter 26 before reversing, and increases relative to the probability of

M&A + other until about quarter 20 before reversing.

To ascertain the fit of the exit timing regression and the exit type regression, we calculate quar-
terly pseudo R-squareds by taking the quarterly exit rate (i.e. number of exits in a quarter as a pro-
portion of active holdings at the beginning of the quarter) in order to account for trend growth,
and the correlation of actual exit rate and fitted exit rate is then squared to mimic the scale of
the usual R-squared. This quarterly pseudo R-squared therefore captures the overall quarter-to-
quarter fit of the exits market, not the holding-by-holding fit, the former being more pertinent
for this analysis since it more closely reflects the scale and takeaways from the aggregate- and

fund-level analysis.!®

The quarterly pseudo R-squared for exits overall is 0.430, which is higher than the 0.190 fund-
level pseudo R-squared on average distributions/NAYV, but lower than the 0.614 aggregate-level
adjusted R-squared on aggregate distributions/NAV. The quarterly pseudo R-squareds for finan-
cial sales and strategic sales are slightly above 0.80, which largely reflects the fact that financial
sales and strategic sales constitute the majority of exits and therefore can be estimated more ef-
fectively (i.e. they provide a stronger signal from which to estimate). In contrast, the quarterly

pseudo R-squared for IPOs is much lower at 0.255, the weaker fit reflecting the fact that IPOs are

14 A more elaborate setup would jointly estimate the effects of both exit timing and exit type, but doing so would
likely require imposing more structure than in the current specification to compensate for the added demand a joint
estimate would place on the data.

15The pseudo R-squared for the multinomial logit is 0.039, which is a holding-by-holding measure; the error largely
washes out when aggregated into quarterly exit types and the fit accordingly increases substantially. The complemen-
tary log-log model does not have a holding-by-holding pseudo R-squared.
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only about 11% of exits and therefore provide a weaker signal from which to estimate. The same
can be said of M&A + other, which is 12% of exits and exhibits a quarterly pseudo R-squared of
0.396.

The fit and shortfall overall and for each exit type are shown in Figure 14. We note that the
shortfall has largely normalized by the end of the sample as the gap closes. While financial sale
had the biggest shortfall, its value at the very end of the sample suggests a normalization, and the
same can be said of strategic sale. IPO exits on the other hand show a sizable excess relative to the

counterfactual at the end of the sample, whereas M&A + other show the opposite.

Table 9 shows the out-of-sample number of actual and fitted exits overall and by exit type.'®
Overall, there are 1,183 observed exits from 2023-2024, whereas the model predicts 1,422, a short-
fall of 239 exits or 17%. The largest contributor to this shortfall is the 122 exit shortfall (20% of the
model counterfactual) in financial sales. The IPO shortfall is 31 exits (17% of the counterfactual),
the strategic sale shortfall is 62 exits (12% of the counterfactual), and 24 M&A + other exits (17%

of the counterfactual).

TABLE 9: ACTUAL, PREDICTED, AND SHORTFALL EXITS BY EXIT TYPE, 2023-2024

Overall Financial Sale IPO Strategic Sale M&A + Other

Actual Exits 1,183 475 155 436 117
Predicted Exits 1,422 597 186 498 141
Shortfall Number 239 122 31 62 24

Shortfall Percent 17% 20% 17% 12% 17%

This table reports actual exits, predicted exits, and the resulting shortfall by exit type. 312 exits (out of
1,183) of unknown type are assumed to fall proportionally into each known exit type category in order to
maintain a consistent total exit number; this assumption does not affect shortfall percent.

Overall, these results fall somewhere between the results from the aggregate analysis and the
fund-level analysis insofar as they suggest some unexplained component of exit activity and thus

distribution rates, but much less than the aggregate analysis. Perhaps most interesting is that the

16Note again that unknown exit types were dropped from the multinomial logit model that estimates and fits exit
type, which reduces the number of total fitted exits types in the estimate. To ensure the sum of exits by type (models
2-5 which exclude unknown exit type) sum to the number of total exits (fitted with model 1 which includes unknown
exit type), we simply scale the number of exits by type by quarter to match totals. The implicit assumption in doing so
is that unknown exit types are proportional to known exit types. This assumption does not affect the shortfall percent
number, however.
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FIGURE 14: This figure shows actual (blue) and model fitted (red) number of buyout exits of any geography from
2020:Q1 through 2024:Q4. The top panel shows all exits, and subsequent panels show financial sales, strategic sales,
IPOs, and M&A + other. The estimation sample is 2002:Q1 through 2022:Q4, shown in part to the left of the dashed
vertical line; the out-of-sample fit is from 2023:Q1 through 2024:Q4, shown to the right of the dashed vertical line.
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largest deficit by far in exit types (by numbers) is for financial sales — typically PE selling to itself.
This finding exists even after accounting for PE-specific factors such as fund DPI at the time of exit,
industry-wide levels of dry powder, and the fundraising environment. That said, the deficits for
IPOs, strategic sales, and M&A other sales are together also important and similar in percentage
terms. Taken together the results from the deal-level analysis suggest that a large part, but not all,
of the dearth in buyout fund distributions can be attributed to cyclical factors that have historically

done a good job of explaining exit activity.

5 Conclusions

The central question of this paper is whether the sharp and persistent decline in buyout fund
distributions since 2022 reflects a cyclical downturn or a more fundamental structural shift in pri-
vate equity. Bringing together the evidence across aggregate, fund-level, and deal-level analyses,
the results point toward important cyclical factors, but also an unexplained component that is po-
tentially substantial by the end of 2025. While aggregate time-series models explain a meaningful
portion of historical variation in distributions, they leave a sizable unexplained shortfall in recent

years, which could be interpreted as evidence of something unusual.

At the fund level, models that incorporate lifecycle dynamics, macro conditions, and private
equity-specific variables are able to more closely match observed distribution patterns, including
in the post-2022 period. These results reinforce the importance of fund age, credit conditions,
valuations, and internal fund metrics such as performance in shaping distributions. However,
when limiting the models to just factors that are plausibly exogenous to the private equity market,
the unexplained component of distribution rates is larger and steadily trending upward over 2023-

2025.

The deal-level analysis shows that exit activity — particularly financial sales, which are the
dominant exit channel — has declined in ways that are consistent with historical sensitivities to
market conditions, though with a remaining shortfall. Taken together, these findings indicate that
the recent slowdown is best understood as the result of an unusually severe combination of ad-
verse cyclical forces, including higher short-term rates, lower relative valuations, and weaker exit

market conditions, as well as an increasingly large unexplained component that requires further
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research to understand.

These conclusions align with the literature reviewed in Section 2, particularly the framework of
Robinson and Sensoy (2016), which emphasizes the procyclicality of private equity cash flows and
the central role of distributions in driving liquidity risk for limited partners. The evidence here
reinforces the view that distributions are highly sensitive to macroeconomic conditions, credit
markets, and GP timing decisions, and that these forces operate through both aggregate and id-
iosyncratic channels. Moreover, the results highlight the importance of analyzing private equity

through a multi-level lens.
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Appendix

TABLE Al: OTHER AGGREGATE VARIABLES

Variable Mean StDev P10 P25 P50 P75 P90
Short-term Interest Rate 1.8% 2.0% 0.0% 0.1% 12% 3.6% 5.1%
Term Spread 1.4.(70 1.4(70 -0.50/0 0.40/0 1.60/0 2.50/0 3.2(70

Public Market Returns 21% 4.6% -41% -0.6% 3.0% 5.0% 6.8%
Deal Value Deviation (%) -0.3% 27.2% -31.6% -18.9% -4.7% 15.9% 39.6%
TEV /E Deviation (%) -1.3% 13.5% -17.7% -12.9% -3.3% 11.5% 15.8%

Dry Powder (%) 23.6% 29.9% -192% 5.3% 17.9% 38.0% 69.8%
Fundraising (%) 251% 62.7% -44.3% -17.2% 19.9% 48.0% 110.8%
IPO First-Day Return 17.9% 16.2% 53% 9.3% 14.3% 22.7% 36.1%
Revenue Z-Score -0.01 096 -117 -0.59 -0.08 0.60 1.22
Inverse P/E Ratio 0.05 0.01 0.04 0.04 0.05 0.06 0.07

This table reports data for quarterly observations of additional determinants of buyout fund distribution
rates over the period 2000:Q1-2025:Q4. Detailed descriptions of the variables are provided in the main text
in Section 4.1.1.
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TABLE A2: AGGREGATE-LEVEL CORRELATION MATRIX
Variable DNV AGE CRS TDD IPO RFR TRM MKT DVD TVD DRY FND [IFR REV IPE

DNV 1.00

AGE 0.64 1.00

CRS -070  -0.54 1.00

TDD -0.62 066 050 1.00

PO 0.51 025 -059 -041 1.00

RFR 015 -012 -0.08 -0.18 0.03 1.00

TRM -0.09 -014 016 026 -016 -0.67 1.00

MKT 0.60 031 -079 -032 059 -014 0.10 1.00

DVD 0.36 042 -046 -049 045 022 -043 022 1.00

TVD 0.44 049 -051 -0.81 042 023 -050 0.30 0.65 1.00

DRY 016 -033 019 -020 -0.01 074 -056 -027 024 036  1.00

FND 0.57 040 -048 -056 040 054 -058 0.24 0.53 056 037 1.00

IFR -0.07 -005 -023 001 025 -021 -0.11 0.09 0.15 016 -009 004 1.00
REV -010 -034 019 007 -004 043 -003 -0.12 008 -0.09 050 004 -023 1.00
IPE -011 -007 038 031 -038 -0.09 009 -028 -010 -038 -020 0.00 -029 -0.07 1.00

This table reports pairwise correlations among quarterly fund distribution outcomes and market-wide explanatory variables. Abbreviations are as
follows: DNV = Distributions/NAV, AGE = Fund Age, CRS = Credit Spread, TDD = TEV/E Drawdown, IPO = IPO Volume, RFR = Short-term Interest
Rate, TRM = Term Spread, MKT = Market Returns, DVD = Deal Value Deviation, TVD = TEV/E Deviation, DRY = Dry Powder, FND = Fundraising,
IFR = IPO First-Day Returns, REV = Revenue Z-Score, and IPE = Inverse PE Ratio.

TABLE A3: FUND-LEVEL CORRELATION MATRIX

Variable AGE LDN DRY MKT PME DPI FEND RFR CRS TRM DVD TVD TDD IPO IFR REV
AGE 1.00

LDN 0.16 1.00

DRY -0.82 -0.12 1.00

MKT 0.01 0.03  0.02 1.00

PME 0.30 008 -033 -017 1.00

DPI 0.79 010 -058 -0.02 049 1.00

FND 0.09 010 -007 -001 -0.07 011 1.00

RFR -0.22  0.01 014 -012 -005 -012 052 1.00

CRS -019 -014 013 -045 016 -013 -041 -021 1.00

TRM -0.06 -0.05 0.07 010 -0.03 -0.08 -048 -0.78 0.09 1.00

DVD 017 011 -015 -0.02 002 017 042 040 -040 -0.29 1.00

TVD 0.16 011 -010 014 -009 015 049 046 -039 -043 0.58 1.00

TDD -0.09 -010 003 -017 014 -0.07 -049 -024 044 021 -047 -0.83  1.00

PO 0.08 009 -007 027 -009 004 032 012 -049 -012 0.48 032 -036 1.00

IFR 0.24 004 -025 0.00 015 017 -0.01 -0.01 -0.07 0.02 0.11 -012 010 025 1.00
REV -0.14 0.00 010 -0.11 -0.01 -0.07 0.03 016 0.04 0.02 0.30 014 -003 004 -007 1.00

This table reports pairwise correlations among fund-level outcomes and explanatory variables. Abbreviations are as follows: AGE = Fund Age, LDN =
log(1 + Dist/NAV), DRY = Dry Powder, MKT = Market Returns, PME = Public Market Equivalent, DPI = Distributions to Paid-In, FND = Fundraising, RFR =
Short-term Interest Rate, CRS = Credit Spread, TRM = Term Spread, DVD = Deal Value Deviation, TVD = TEV/E Deviation, TDD = TEV/E Drawdown, IPO
= IPO Volume, IFR = IPO First-Day Returns, and REV = Revenue Z-Score.



TABLE A4: HOLDING-LEVEL EXIT REGRESSIONS

Exited
Deal Age (Quarters) 0.1504***
(0.000)
Deal Age Squared —0.0017***
(0.000)
(L1) Public Market Return —0.0339
(0.835)
(L1) Short-term Interest Rate 7.2499%**
(0.001)
(L1) Credit Spread —4.7399***
(0.000)
(L1) Term Spread 3.8952*
(0.064)
(L1) MnA Deal Value Deviation 0.0776**
(0.026)
(L1) MnA TEV/EBITDA Drawdown —0.0170***
(0.005)
(L1) MnA TEV/EBITDA Deviation 0.3016**
(0.027)
(L1) IPO Volume (1000s) 1.7194*
(0.060)
(L1) IPO First Day Return —0.4969***
(0.000)
(L1) Revenue (Z-Score) 0.0360**
(0.012)
(L1) Dry Powder (5ypct) 0.0314
(0.678)
(L1) Vintage PME 0.2806**
(0.022)
(L1) DPI (7yr) —0.8009"**
(0.000)
(L1) Fundraising 0.0622**
(0.046)
Fund Age (Q) At Investment 0.0097***
(0.000)
Amount Invested (Log) —0.1046***
(0.000)
Constant —4.6290"**
(0.000)
N 245,158

60

This table reports the results of estimating a complementary log-log
model with exit (0,1) as the dependent variable. Explanatory variables
are described in the text and most are lagged by one quarter (L1). Es-
timates provided are for holdings between 0 and 60 quarters of age.
Asterisks denote levels of statistical significance against a null of zero
(*p < 0.10, **p < 0.05, ***p < 0.01). Complementary log-log regres-
sion standard errors clustered over holding ID.The estimation sample
is 2002:Q1 through 2022:Q4.
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TABLE A5: HOLDING-LEVEL EXIT TYPE REGRESSIONS

IPO vs Financial Sale

Strategic Sale vs Financial Sale

M&A + Other vs Financial Sale

Deal Age (Quarters) 0.0258 Deal Age (Quarters) —0.0261** Deal Age (Quarters) —0.0431%**
Deal Age Squared 0.0001 Deal Age Squared 0.0005*** Deal Age Squared 0.0011***
(L1) Public Market Return —0.0823 (L1) Public Market Return —0.9392** (L1) Public Market Return 0.4529
(L1) Risk-Free Rate 10.5596 (L1) Risk-Free Rate 3.3820 (L1) Risk-Free Rate —6.9634
(L1) Credit Spread 2.5169 (L1) Credit Spread 49466 (L1) Credit Spread 5.0953
(L1) Term Spread 24.6077*** (L1) Term Spread 5.7554 (L1) Term Spread 6.1671
(L1) Deal Value Deviation —0.1459 (L1) Deal Value Deviation 0.0672 (L1) Deal Value Deviation —0.0542
(L1) TEV/E Drawdown 0.0996*** (L1) TEV/E Drawdown —0.0047 (L1) TEV/E Drawdown 0.0303
(L1) TEV/E Deviation 0.4935 (L1) TEV/E Deviation —0.3748 (L1) TEV/E Deviation —0.5260
(L1) IPO Volume (1000s) —7.0264"* (L1) IPO Volume (1000s) 0.5548 (L1) IPO Volume (1000s) —7.2165**
(L1) IPO First Day Return —0.8730** (L1) IPO First Day Return —0.3877 (L1) IPO First Day Return —0.4437
(L1) Revenue (Z-Score) —0.1203* (L1) Revenue (Z-Score) 0.0412 (L1) Revenue (Z-Score) —0.0133
(L1) Dry Powder (5ypct) 0.9350*** (L1) Dry Powder (5ypct) —0.1193 (L1) Dry Powder (5ypct) 0.4003
(L1) Vintage PME 1.45487** (L1) Vintage PME 0.8084*** (L1) Vintage PME 0.9398**
(L1) DPI (7yr) —3.6515"** (L1) DPI (7yr) 0.3000 (L1) DPI (7yr) —1.2310*
(L1) Fundraising 0.0972 (L1) Fundraising 0.0001 (L1) Fundraising 0.0892
Fund Age (Q) At Investment 0.0051 Fund Age (Q) At Investment —0.0083* Fund Age (Q) At Investment —0.0069
Amount Invested (Log) 0.5008*** Amount Invested (Log) —0.0520** Amount Invested (Log) 0.0807**
Constant —3.2921%** Constant —0.8269 Constant —1.2241

This table reports the results of estimating a multinomial model with exit type as the dependent variable and financial sale as the reference category. Explanatory variables
are described in the text and most are lagged by one quarter (t-1). Estimates provided are for holdings between 0 and 60 quarters of age. Asterisks denote levels of statistical
significance against a null of zero (*p < 0.10, **p < 0.05, ***p < 0.01). Multinomial logit regression standard errors are heteroskedasticity robust. The estimation sample is
2002:Q1 through 2022:Q4.
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