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Abstract. Cash flows to hedge funds are highly sensitive to performance streaks, a streak
being defined as subsequent quarters during which a fund performs above or below a
benchmark, even after controlling for a wide range of common performance measures. At
the same time, streaks have limited predictive power regarding future fund performance.
This suggests investors weigh information suboptimally, and their decisions are driven too
strongly by a belief in continuation of good performance, consistent with the “hot hand fal-
lacy.” The hedge funds that investors choose to invest in do not perform significantly better
than those they divest from. These findings are consistent with overreaction to certain
types of information and do not support the notion that sophisticated investors have supe-
rior information or superior information processing abilities.

History:Accepted by David Simchi-Levi, finance.
Supplemental Material: The online appendices are available at https://doi.org/10.1287/mnsc.2021.4067.
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1. Introduction
The literature from psychology and economics docu-
ments the tendency of investors to identify, and ex-
pect continuation of, trends in prices. This behavior
reflects extrapolative expectations that appear to be
inconsistent with models of rational expectations
(Greenwood and Shleifer 2014). Investors may attach
disproportionate importance to streak lengths because
performance streaks are easily observable and may be
perceived to be more informative than is justified
empirically. This tendency may also drive investors’
decisions on how to allocate their wealth. As a result,
investors’ money flows may be particularly directed
toward professional asset managers that have consis-
tently performed above average in a number of con-
secutive periods and moved away from managers
with losing streaks in their performance. In this paper,
we empirically investigate hedge fund investors’
money flows and the extent to which their behavior is
driven by the lengths of performance streaks.

Investor decisions to allocate wealth among the
large numbers of hedge funds reflect an elaborate pro-
cess of collecting, processing, and interpreting many
sources of information, both qualitative and quantita-
tive. Previous studies have shown that past perfor-
mance, summarized in several different measures,
plays a significant role in hedge fund investors’ capital
allocation (Li et al. 2011, Aragon et al. 2014, Agarwal
et al. 2018, Liang et al. 2019). Our focus is on the role

of performance streaks in hedge fund investors’ allo-
cation decisions from the broader perspective of how
investors process information. Investigating a sample
of hedge funds over the period 1995–2018, we find the
lengths of winning and losing streak patterns (the
number of subsequent quarters a fund performs
above or below a given benchmark) to have an eco-
nomically and statistically significant impact on net
flows, even when a wide range of other performance
metrics are controlled for. Yet, given that the informa-
tion content of such streaks relative to future perfor-
mance is limited, hedge fund investors, on average,
appear to weigh information signals suboptimally
and thus make inferior investment and divestment
decisions.

People’s biased tendency to respond to streak pat-
terns has been widely documented in the psychologi-
cal literature (Gilovich et al. 1985). Several theoretical
papers that attempt to explain investors’ perception of
streaks assume agents to have a mistaken belief about
the underlying process by which these signals are
generated. Rabin (2002) describes a model based on
representativeness and the law of small numbers
(Tversky and Kahneman 1971), which leads to two
well-known biases in pattern recognition: the gam-
bler’s fallacy, a mistaken belief in mean reversion,1 and
the hot-hand fallacy, a belief that a series of signals is
too long to be random.2 We focus on the latter bias,
implying that agents expect continuation of a series of
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signals after longer streaks of similar signals. In the
context of hedge funds, investors who believe that,
say, six consecutive quarters of performance above a
given benchmark is likely to reflect managerial skill,
expect the fund to outperform in the future, even
when winning streaks are completely driven by ran-
domness.3 The model of Rabin and Vayanos (2010)
hinges on a mistaken belief by economic agents that
the true series of signals exhibits reversals and also
predicts that individuals overreact to long streaks.
Similarly, the model of Barberis et al. (1998) of inves-
tor sentiment generates under-reaction to signals that
revert frequently and overreaction to signals that
trend.

In line with these predictions, we document that in-
vestor flows are strongly sensitive to performance
streaks. Our empirical analysis of hedge fund flows
over the period 1995–2018 shows that the length of
performance streaks matters to investors in an eco-
nomically and statistically significant way, beyond the
role of other performance measures, like past alpha,
Sharpe ratio, and performance ranks. Hedge funds
with long streaks of winning quarters are expected to
experience significantly higher growth rates than
those with losing streaks, conditional on other meas-
ures of past performance. The difference in expected
flows is about 5%–6% (percentage points), which is in
the same order of magnitude as the impact of past
performance ranks. This finding is robust across in-
vestment styles and sample periods.

We continue our analysis to determine whether
investors’ sensitivity to performance streaks can be
attributed to the ability of streaks to predict future
performance. We do this in different ways. First, we
compare the relative weights of the explanatory varia-
bles in the flow regressions with those in several
alternative performance forecasting models, using a
relative weights analysis (Johnson 2000). This shows
that investors attach more weight to performance
streaks than is justified by their importance in predict-
ing hedge funds’ relative performance. For example,
when predicting style-adjusted return ranks, fund
characteristics, annual ranks, other performance
controls, and style dummies attribute 87% to the ex-
planatory power, leaving only 10% or less for the per-
formance streaks. In the flows model, annual ranks
and other performance controls account for 46%, fol-
lowed by the streaks. Second, we expand the flow re-
gressions by including predicted performance, as well
as a measure of its accuracy. If investors respond to
performance streaks solely because of their ability to
predict future performance, the streaks should be-
come irrelevant once the performance forecasts are
controlled for. However, the role of performance
streaks (and most other variables) hardly changes,
suggesting that investors attach differential

importance to streaks and other performance meas-
ures than is justified by their ability to predict future
fund performance.

These results could be partly explained if flows
themselves affect future performance negatively, for
instance, because of a temporary impact on valuations
in a fund’s underlying securities, capacity constraints,
or decreasing returns to scale (as implied by the mod-
el of Berk and Green 2004). We test this possibility in a
number of robustness checks, but, consistent with re-
sults reported by Dichev and Yu (2011) and Li et al.
(2011), find no evidence in any of our models of an ef-
fect of flows on subsequent performance.

There are potentially omitted factors in both the
flows model and the performance forecast model that
are unobservable to the econometrician but known to
investors. In the final part of the paper, we test the hy-
pothesis that investors are better informed than the
empirical forecast models by comparing how invest-
ors perform ex post relative to some simple strategies
based on the models’ predictions. The average return
of funds that investors invest in exceeds that of funds
investors divest from by a small and statistically insig-
nificant 0.56%/yr on an equally weighted basis. On a
cashflow-weighted basis, the difference is −1.48%/yr,
suggesting little evidence of a smart money effect on
the side of hedge fund investors. Despite the fact that
their forecasting ability is limited, the average perfor-
mance of funds the forecast models tell to invest in is
significantly higher than that of funds the models di-
vest from. This shows that, on average, money flows
of hedge fund investors are not wealth enhancing,
and a straightforward econometric model relatively
easily beats their performance. These results are ro-
bust to tests that take into account potential restric-
tions to inflows and outflows, different trading rules
underlying the benchmark allocations, and potential
flow-induced performance as suggested by the model
of Berk and Green (2004).

Our work makes a number of important contribu-
tions to the understanding of hedge fund investors’
behavior, the predictability of hedge fund returns,
and the extent to which investors are able to benefit
from that predictability.4 First, it documents the cru-
cial role patterns of performance signals play in hedge
fund investors’ decisions to allocate their wealth.
Funds with long positive performance streaks experi-
ence significantly larger flows, and those with long
negative streaks experience lower flows, even after
controlling for a wide range of performance measures
and other fund characteristics. Second, we comple-
ment the behavioral literature on individual investors
and mutual fund investors (Bailey et al. 2011 and
references therein) by focusing on a more sophisticat-
ed segment of financial markets and showing the be-
havior of hedge funds investors is consistent with the
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hot hand fallacy. Third, we introduce a relative
weights analysis that affords a novel perspective on
the information processing strategies of investors and
the value of information. We show investors weigh
information signals quite differently from what is jus-
tified by their information content with respect to
future fund performance (as measured by raw and
style-adjusted returns and fund alpha). Fourth, we
contribute from a new angle to the small but growing
literature that studies hedge fund investors’ ability to
anticipate future fund performance (Baquero and Ver-
beek 2009, Dichev and Yu 2011, Ramadorai 2013, Ozik
and Sadka 2015, Liang et al. 2019). The relatively poor
performance of hedge fund investors appears partly
attributable to their overreaction to performance
streak lengths.

Overall, our main results are at odds with the as-
sumption that investors have superior qualitative or
quantitative information, or superior information
processing abilities, and consistent with the interpre-
tation that hedge fund investors in their allocation de-
cisions attach too much weight to performance
streaks.

2. Data and Variables
We use survivorship-free data on individual hedge
funds from the Lipper Hedge Fund Database
(TASS). Given limited regulation and disclosure
requirements, hedge fund participation in any data-
base is voluntary. We focus on open-end funds re-
porting in $US and exclude funds-of-hedge-funds
and multistrategy funds. Our sample covers the pe-
riod January 1995 to September 2018 and contains
7,252 funds. Effectively, most of our results are
based on a smaller sample of 2,794 funds, for which
all necessary fund characteristics, assets under
management and lagged performance measures are
observed. Of these, 2,342 do not provide informa-
tion through the end of our sample period,
for various reasons (e.g., liquidation (559 cases) or
removal at the fund manager’s request). We refer to
the latter phenomenon as self-selection. Hedge
funds typically impose flow restrictions on both
withdrawals and subscriptions. Whereas most sub-
scriptions accommodate monthly frequencies, more
than 50% of the funds in our sample are subject to
either redemption periods or redemption notice
periods of one quarter or more, and 30% impose
lockups periods, most commonly of 12 months; see
Online Appendix A for a description of flow restric-
tions in our sample.

We argue investors are sensitive to the precise pat-
tern of performance signals they observe. In the hedge
fund industry, information on individual funds’ re-
turns and assets under management is released to

investors for monitoring purposes, typically through
monthly or quarterly performance reports. However,
self-reported monthly returns tend to suffer from
return smoothing (Getmansky et al. 2004) and data re-
visions (Patton et al. 2015).5 In addition, most redemp-
tion restrictions operate quarterly. Consequently, we
prefer to study investor flows in response to perfor-
mance signals over quarterly rather than monthly fre-
quencies (similar to Lim et al. 2016 and Liang et al.
2019).

Our data set is corrected for backfilling, or instant
history, bias, a type of selection bias owing to the self-
reported nature of hedge fund information (Acker-
mann et al. 1999, Fung and Hsieh 2000). Backfilling
bias arises if a manager chooses to commence report-
ing only after a period of good performance, in which
case backfilled returns appear systematically higher
than nonbackfilled returns and relatively long win-
ning streaks are more likely to occur. We control for
backfilling bias by considering only returns reported
after the date a fund was added to the TASS database
(Aggarwal and Jorion 2010). Following a standard
definition, net flows are measured as a fund’s growth
rate in total assets under management, between the
start and end of quarter t + 1 in excess of internal
growth rt+1 for the quarter, had all dividends been re-
invested, that is,

CashFlowt+1 � Assetst+1 − Assetst
Assetst

− rt+1:

We winsorize the distribution of cash flows at the 1%
level to control for the extreme outliers typically ob-
served in cash flow data. Across the entire sample, the
average growth rate is −0.7% per quarter, whereas we
observe positive growth in only 45% of the cases. We
interpret net money flows as a measure of investors’
average opinion of a fund.

We argue that performance streaks, defined as the
numbers of successive signals above or below a rele-
vant benchmark, have a major impact on hedge fund
flows beyond the usual sensitivity to past perfor-
mance documented in previous studies (Agarwal et al.
2009, Baquero and Verbeek 2009, Liang et al. 2019).
Table 1 summarizes the series of successive quarterly
return signals above and below the quarterly U.S.
Treasury bill identified in our data set. We refer to
these, respectively, as winning and losing streaks. A
winning streak commences when a return reverses
from below to above the benchmark. Its length is the
number of consecutive quarters the fund performs
above the benchmark. For example, for a fund that is
a loser in 2007Q1 (first quarter of 2007) but a winner
in 2007Q2, 2007Q3, and 2007Q4, we identify one-
quarter (2007Q2), two-quarter (2007Q2, 2007Q3), and
three-quarter (2007Q2, 2007Q3, 2007Q4) winning
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streaks observed in 2007Q3, 2007Q4, and 2008Q1,
respectively.

For a first impression of the distribution of win-
ning and losing streaks, and subsequent money
flows, we present a number of summary statistics in
Table 1. Panel A shows the results for winning
streaks. For instance, we identify 8,684 three-quarter
winning streaks between 1995Q1 and 2018Q2. In the
subsequent quarter, 0.77% of funds liquidate, 0.59%
self-select out, 69.2% remain winners (i.e., persistent
funds), and 52.1% receive positive net flows of
money. Net money flows directed toward funds
with a successful three-quarter streak average more
than $US 6.5 million per fund (note that subsequent
performance and money flows are missing for some
observations; see columns 6 and 8).

Results reported in panel A suggest that remain-
ing above the U.S. Treasury bill is difficult for a
hedge fund, only 63.4% of the observations with a
one-quarter winning streak persisting above the
T-bill for a second quarter. The likelihood of re-
maining above the T-bill increases to some extent
with streak length (see column 5). We observe a con-
comitant reaction on the part of investors, who ap-
pear to increase their investments significantly as
streak lengths increase (see column 9). The average
money flow experienced by a fund following a two-
quarter winning streak is approximately $US 3.39
million and about $US 13.5 million following five
successful quarters. For longer streaks, amounts
tend to stabilize, possibly because money inflows
become increasingly restricted as funds grow in
size. The percentage of funds receiving positive net
flows of money increases monotonically with streak
length, as indicated in column 7. That not all funds
receive investment for a given streak length sug-
gests a distinction on the part of investors between
lucky and skilled managers. Separating skill from
luck is a notoriously difficult task and a certain per-
centage of error is expected. The mismatch is re-
ported in column 10. For streaks two quarters in
length, positive money flows were directed to sub-
sequent loser funds in 31.3% of cases. This percent-
age diminishes to some extent for longer streaks.

Panel B of Table 1 shows the results for losing
streaks. Interestingly, longer losing streaks are less
likely to occur than winning streaks of the same
length (column 2). For example, there are only 77
cases of a losing streaks of eight quarters or more
versus 1,286 cases of such winning streaks. Second,
liquidation rates after losing streaks are much high-
er and so is the likelihood of no longer reporting to
TASS, often a first step toward final liquidation (Ter
Horst and Verbeek 2007). For example, after a losing
streak of four quarters, 3.8% percent of the funds
subsequently liquidate. From column 5, the

likelihood that a fund will remain a loser after suc-
cessive failures increases with streak length. A fund,
for instance, that experiences returns below the
T-bill for five consecutive quarters has a 52.9% prob-
ability of persisting as a loser in the subsequent
quarter, whereas only 41.3% of funds remain a loser
after two consecutive quarters of poor perfor-
mance.6 These figures are likely underestimates
given the large percentage of funds that liquidate,
especially over long streaks (see column 3). A fund
that survives after an extended period of bad perfor-
mance is likely to have performed better than aver-
age in order to recover past losses and surpass the
high-water mark. Investors react to patterns of neg-
ative persistence, or the “cold hand,” by withdraw-
ing money from an increasing number of funds at
an increasing rate in dollar terms, as streaks length-
en (see columns 7 and 9). These figures are likely to
be driven down by the high attrition rates of persis-
tent losers. Dollar amounts withdrawn decline pro-
gressively for streaks longer than four quarters, in
part because little money might be left to withdraw
from a fund with a long losing streak. Several fac-
tors might reduce investor responsiveness to losing
relative to winning streaks; restrictions imposed on
withdrawals are more important than restrictions
on subscriptions, for example, and investors often
face switching costs relative to closing and opening
accounts.

Two patterns emerge from the stylized evidence
presented in Table 1. First, funds with longer win-
ning streaks are more likely to persist above, funds
with longer losing streaks more likely to remain
below, the T-bill. Second, we observe a nearly
monotonic pattern in money flows as streak length
increases, which suggests investors are sensitive to
the precise sequence of performance signals above
or below the T-bill. The question we try to answer
in the remainder of the paper is whether investors
exclusively follow a trend, or whether they exploit
any information value contained in performance
streaks.

Obviously, performance streaks correlate with
measures of fund performance and risk. Empirically,
funds with longer winning streaks tend to have higher
historical alphas and Sharpe ratios, a lower standard
deviation, and a better downside-upside potential ra-
tio. The opposite picture holds for funds with longer
losing streaks. Thus, the lengths of performance
streaks capture, to some extent, information about
funds’ past risk and performance. For example, a long
winning streak is associated with lower risk and supe-
rior risk-adjusted performance over the previous two
years. The key questions are whether is there any role
for performance streaks in explaining investor flows,
controlling for various performance and risk metrics,
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and whether this improves investor allocations in
terms of subsequent performance. We move to the
first of these questions in the next section.

Table 2 presents descriptive statistics for several
fund-specific characteristics, as well as a range of
performance and risk metrics used in our regres-
sions. We obtain eight-factor alphas from the seven-
factor model of Fung and Hsieh (2004), augmented
with an emerging markets factor, estimated over
moving windows of 24 months. Similarly, the
Sharpe ratio and return standard deviation are esti-
mated using 24-month windows. The underwater
dummy indicates whether cumulative returns over a
period of eight quarters are negative (Brown et al.
2001). Return smoothing is proxied by the monthly
first-order serial correlation coefficient. A brief de-
scription of each variable is provided in Table A2 in
Online Appendix A. Average fund age in our final
sample is about eight years and assets under

management $US 58.9 million. The most common in-
vestment style is long-short equity (45.9% of our
sample), followed by event driven (13.4%) and
emerging markets (13.4%).

3. Explaining Hedge Fund Flows
The results in Table 1 suggest that hedge fund invest-
ors allocate more money to funds that perform suc-
cessfully above the U.S. Treasury bill over multiple
quarters, that is, to funds with longer winning streaks.
Clearly, other factors are likely to affect investor deci-
sions, like size, age, style, and other fund-specific fea-
tures. Sophisticated investors, especially, attend to
these characteristics and to other performance meas-
ures and variables that account for risk. Following
most of the literature (Lim et al. 2016, Agarwal et al.
2018, Liang et al. 2019), we consider a linear model ex-
plaining the relative flows (growth rates) of hedge
fund i in quarter t from a wide range of characteristics,

Table 2. Descriptive Statistics

Variable Observations Mean Standard deviation Minimum Maximum

Fund characteristics

Ln(AUM) 52,771 17.8908 1.7953 0.0000 24.3281
Ln(Age) 52,771 4.5669 0.4515 3.8501 5.9243
Offshore 52,771 0.5137 0.4998 0.0000 1.0000
Incentive Fee 52,771 18.6295 4.8478 0.0000 50.0000
Management Fee 52,771 1.3636 0.4618 0.0000 4.0000
Personal Capital 52,771 0.4206 0.4937 0.0000 1.0000
Leveraged 52,771 0.6425 0.4793 0.0000 1.0000
High-Water Mark 52,771 0.7562 0.4294 0.0000 1.0000
Lockup Period 52,771 4.4371 7.0264 0.0000 84.0000
Convertible Arbitrage dummy 52,771 0.0434 0.2038 0.0000 1.0000
Dedicated Short Bias dummy 52,771 0.0070 0.0834 0.0000 1.0000
Emerging Markets dummy 52,771 0.1335 0.3402 0.0000 1.0000
Equity Market Neutral dummy 52,771 0.0528 0.2237 0.0000 1.0000
Event Driven dummy 52,771 0.1337 0.3403 0.0000 1.0000
Fixed income Arbitrage dummy 52,771 0.0475 0.2126 0.0000 1.0000
Global Macro dummy 52,771 0.0621 0.2413 0.0000 1.0000
Long Short Equity dummy 52,771 0.4591 0.4983 0.0000 1.0000
Managed Futures dummy 52,771 0.0022 0.0472 0.0000 1.0000
Other Styles 52,771 0.0586 0.2349 0.0000 1.0000

Cash flows

Cash Flows (growth rate) 52,771 −0.0070 0.1866 −0.6086 1.4119
Cash Flows>0 23,719 0.1006 0.1916 0.0000 1.4119
Cash Flows<0 29,040 −0.0949 0.1270 −0.6086 −0.0000
Dollar Flows 52,771 −919,368 68,683,768 −1,432,103,168 1,555,416,704

Performance variables

Quarterly Return 52,771 0.0183 0.1027 −1.0000 4.6725
alpha Fung&Hsieh_24 months 52,771 0.0031 0.0119 −0.1496 0.2462
Sharpe Ratio 24m 52,771 0.2525 0.5527 −1.6602 21.2664
Underwater dummy 52,771 0.2163 0.4117 0.0000 1.0000
Standard Deviation (monthly ret.) 52,771 0.0386 0.0402 0.0000 1.9456
Downside-Upside Pot. Ratio 52,771 1.7074 8.4010 0.0000 1249.2905
Autocorrelation Coefficient 52,771 0.0932 0.2392 −0.7745 0.9738

Notes. Averages of main variables, based on a sample of 2,794 open-end hedge funds between 1995Q1 and 2018Q2, as well as standard devia-
tions and extremes. Variable definitions are provided in Online Appendix A.
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including indicators for the lengths of winning and
losing performance streaks:

Cash Flowit

� α +
∑8

j�2
β1jWjit−1 +

∑8

j�1
β2jLjit−1 +

∑6

j�1
β3jCountjit−1

+ β4AnnualRnkit−1 + βB4Bottom30it−1 + βT4Top30it−1
[ ]

+ β5AnnualRnkit−5 + βB5Bottom30it−5 + βT5Top30it−5
[ ]

+ β6Rnk alpha2yit−1 + β7Rnk Sharpe2yit−1 + β8Under2yit−1
+ β9σit−1 + β10DWUPit−1 + β11Corr

2y
it−1 + β12ShareRit

+ β13ln(AUMit−1) + β14ln AGEit−1( )

+
∑8

j�1
β15jCash Flowit−j + γ′Xit + λt + εit, (1)

where Wjit−1 and Ljit−1 (j � 1…8) are 16 dummies in-
dicating a past winning or losing streak of length j
quarters ending in quarter t − 1 for fund i. These dum-
mies are mutually exclusive and reflect the length of
the longest winning or losing streak over the preced-
ing quarters. That is, Wjit−1 � 1 if fund i is a winner in
the previous j quarters only, and zero otherwise. Like-
wise, Ljit−1 � 1 if fund i is a loser in the previous j
quarters only and is zero otherwise. By leaving out
W1it−1, funds with only a one-quarter winning streak
act as the reference category. We capture the effects of
streaks of eight quarters or more with dummies W8it−1
and L8it−1, the number of observations for long streaks be-
ing quite small. It could be that only the total num-
ber of winning periods over a two-year horizon matters
to investors, independent of their sequence. We control
for this by including a set of mutually exclusive dum-
mies, Count1 to Count8, each of which corresponds to a
given number of winning quarters within the previous
eight-quarter period. In a similar vein, Bollen and Pool
(2009) include the number of above-benchmark returns
in their flow regressions. We avoid multicollinearity by
including only Count1 to Count6.

Annual performance ranks over each of the previ-
ous two years are included, where we allow for a non-
linear response using a piece-wise linear specification
with three segments, the lower segment accounting
for the bottom 30%, the upper segment for the top
30% of funds.7 We also control for other performance
measures commonly used by sophisticated investors,
like eight-factor alphas (Fung and Hsieh 2004) and
Sharpe ratios over the preceding 24-month period.
Our main specification uses ranks based on Sharpe ra-
tios and alphas.8 A dummy indicating whether two-
year cumulative returns are negative or positive is
used as a proxy for a fund being deep under the high-
water mark, and the first-order serial correlation coef-
ficient of monthly returns estimated over a rolling
window of 24 months, is used as a proxy for return
smoothing. ShareRit is a dummy representing fund

share restrictions that apply as a result of redemption
frequencies combined with redemption notice peri-
ods. Based on this information, we compute the
maximum time for an investor’s decision to become
effective. If that delay is longer than one quarter, we
classify net flows as restricted (ShareRit � 1). The stan-
dard deviation of monthly returns, σit-1, and down-
side-upside potential ratio, DWUPit−1, are computed
over the previous 24 months. The model controls for
log size (total assets under management), age of the
fund, flows lagged one to eight quarters, and further in-
cludes a set of fund-specific, time-invariant characteris-
tics like management and incentive fees, lockup peri-
ods, and managerial ownership and investment style.

Before presenting our estimation results, we briefly
highlight three key choices underlying the model
specification in (1). First, we define winning and los-
ing in the streak variables relative to the T-bill return,
which appears to beat alternative choices in terms of
goodness-of-fit. Economically, the Treasury bill return
provides a natural benchmark to hedge fund perfor-
mance, constituting a salient reference point often
used as the hurdle rate in managers’ contracts and a
benchmark for calculating risk-adjusted performance
measures. Second, we include performance ranks
based on annual returns. Experimenting with annual
or quarterly returns rather than ranks, or ranks based
on style-adjusted returns, shows that specifications us-
ing annual ranks provide better explanatory power.
Finally, we performed a range of tests using one-, two-,
and three-year horizons. The two-year horizon model
performs substantially better than the alternative speci-
fications, suggesting that hedge fund investors attend
most closely to historical performance over a two-year
horizon. None of our key findings regarding the role of
performance streaks is sensitive to these choices.

We estimate Equation (1) using pooled Ordinary
Least Squares (OLS) including time fixed effects, with
robust standard errors clustered at the fund level.9

The results are reported in Table 3. The full specifica-
tion, which includes the full set of streak dummies, is
presented in column C. As a comparison, we present
some alternative specifications, with fewer controls, in
columns A and B, and a model without the perfor-
mance streak indicators, in column D. In column C, all
winning streaks have a statistically significant impact
on fund flows, whereas losing streaks up to four quar-
ters have a statistically negative impact. For losing
streaks of five quarters or more, the results are a bit
mixed, which is probably attributable to the relatively
low number of observations (Table 1). The magni-
tudes of the coefficients closely resemble a monotonic
pattern as streak length increases. Ceteris paribus, the
longer the winning streak, the larger the flows, and
the longer the losing streak, the lower the flows.
Clearly, these results show streaks to have an impact
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on flows beyond the effect of annual ranks docu-
mented in studies of the flow-performance relation,
as well as other performance metrics like alphas and
Sharpe ratios, which are all statistically significant.
A joint test on the inclusion of the streak dummies
strongly rejects the null, both for positive (p� 0.000)
and negative streaks (p < 0.001), indicating that the
full specification reported in column C performs sig-
nificantly better than the one excluding the streak
dummies (reported in column D).

The impact of lagged annual ranks is also statisti-
cally and economically significant. Flows appear
sensitive to the first, but not to the second, lagged
annual rank. The piece-wise linear specification cap-
tures a nonlinear relation between flows and ranks.
The response of flows is positive and more

prominent in the midrange of ranks and decreases
for funds ranked above the 70th or below the 30th
percentile, most likely attributable to restrictions
operating on inflows and outflows. A joint test on
the inclusion of annual ranks indicates that the full
specification reported in column C performs signifi-
cantly better than the one excluding annual ranks
(reported in column B). Both performance streaks
and annual ranks thus appear to be major determi-
nants of hedge fund investors’ decision to invest or
divest. The effects of streaks are slightly smaller, but
still highly significant, after inclusion of the dum-
mies Count_1 to Count_6, which capture the total
number of winning quarters in a two-year horizon.
Other performance measures like Sharpe ratios and
alphas also have significant effects on flows. Below

Table 3. Flows and Performance Streaks

A B C D

Variable Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio

W2_TBill 0.0218 (8.94) 0.0163 (5.27) 0.0113 (3.65)
W3_TBill 0.0366 (12.12) 0.0239 (6.72) 0.0143 (3.95)
W4_TBill 0.0497 (13.61) 0.0385 (9.25) 0.0236 (5.53)
W5_TBill 0.0596 (13.20) 0.0436 (8.78) 0.0305 (6.03)
W6_TBill 0.0559 (11.11) 0.0294 (5.64) 0.0180 (3.42)
W7_TBill 0.0605 (9.56) 0.0508 (6.57) 0.0394 (5.11)
W8_TBill 0.0283 (6.91) 0.0196 (4.30) 0.0146 (3.20)
L1_TBill −0.0334 (−15.61) −0.0116 (−4.14) −0.0113 (−4.07)
L2_TBill −0.0786 (−28.45) −0.0259 (−7.38) −0.0182 (−5.15)
L3_TBill −0.1026 (−25.31) −0.0353 (−7.17) −0.0235 (−4.69)
L4_TBill −0.1188 (−21.59) −0.0331 (−4.72) −0.0182 (−2.56)
L5_TBill −0.1182 (−15.36) −0.0085 (−0.85) 0.0050 (0.50)
L6_TBill −0.1201 (−10.08) −0.0250 (−1.75) −0.0128 (−0.89)
L7_TBill −0.0991 (−6.30) 0.0261 (1.35) 0.0371 (1.91)
L8_TBill −0.0839 (−5.11) 0.0428 (2.38) 0.0402 (2.23)
Count_1 0.0251 (2.57) 0.0149 (1.49) −0.0039 (−0.45)
Count_2 0.0250 (4.09) 0.0176 (2.79) −0.0092 (−1.66)
Count_3 0.0236 (4.86) 0.0169 (3.48) −0.0078 (−1.80)
Count_4 0.0179 (4.38) 0.0126 (3.06) −0.0092 (−2.53)
Count_5 0.0152 (4.32) 0.0110 (3.17) −0.0053 (−1.66)
Count_6 0.0104 (3.40) 0.0072 (2.38) −0.0034 (−1.26)
Middle Rank Lag 1 0.0842 (11.08) 0.0965 (12.71)
Top 30% −0.0817 (−4.34) −0.0765 (−4.06)
Bottom 30% −0.0296 (−1.53) −0.0325 (−1.66)
Middle Rank Lag 2 0.0065 (0.79) −0.0039 (−0.47)
Top 30% 0.0053 (0.29) 0.0009 (0.05)
Bottom 30% −0.0303 (−1.52) −0.0323 (−1.62)
Rank 24m alpha 0.0152 (4.23) 0.0101 (2.82) 0.0107 (2.97)
Rank 24m Sharpe Ratio 0.0952 (14.76) 0.0672 (9.26) 0.0651 (9.39)
Underwater dummy 0.0016 (0.53) 0.0057 (1.84) 0.0059 (1.90)
Downside-upside pot. ratio 0.0001 (1.96) 0.0001 (1.94) 0.0001 (3.39)
Standard deviation of returns 0.0386 (1.22) −0.0106 (−0.44) −0.0101 (−0.41)
Fund characteristics No Yes Yes Yes
Cash flows lags 1 to 8 No Yes Yes Yes
Style and time dummies No Yes Yes Yes
N 111,656 52,771 52,771 52,771
R2 0.034 0.105 0.110 0.107

Notes. The table reports estimates of a model explaining net flows to hedge funds. The sample includes 2,794 open-end
hedge funds between 1995Q1 and 2018Q2. We measure flows as a quarterly growth rate corrected for reinvestments.
The independent variables are defined in Online Appendix A. Fund characteristics controls, style, and time dummies
are included (estimates not reported). We use OLS pooling all fund-quarter observations; robust t statistics, based on
clustering by fund, are in parentheses.
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we analyze the relative importance investors attri-
bute to each of these performance metrics.

The economic significance is analyzed in Figure 1,
which depicts predicted flows for the most impor-
tant performance streaks and a range of annual
ranks, using the model reported in column C of
Table 3, with all other variables fixed at their sample
average. A fund with an annual performance rank
equal to 0.5 in each of the previous two years, on av-
erage, experiences subsequent quarterly inflows of
2.2% if the previous five-quarter returns are all
above the T-bill (i.e., a five-quarter winning streak),
compared with outflows of 0.8% if only the previous
quarter return is above the T-bill (i.e., a one-quarter
winning streak). The same fund will experience sub-
sequent quarterly outflows of 2.0% if the previous
quarter return is below the T-bill (i.e., a one-quarter
losing streak), and 3.2% if the previous three quar-
ters are below the T-Bill (i.e., a three-quarter losing
streak). Economically, the impact of annual perfor-
mance ranks and the impact of the performance
streaks are in the same order of magnitude, corre-
sponding to spreads of around 5%–6% in subsequent
flows in either dimension (conditional upon the
other), and a combined spread of 11%.

Overall, our results support the notion that invest-
ors’ decisions are determined not only by aggregate
measures of past performance but also by specific se-
quences or patterns of information signals generated
over time. Even after controlling for a wide variety of
other performance related variables, the performance
streak dummies are statistically and economically sig-
nificant in a model that explains net cash flows to
hedge funds. Apparently, investors respond strongly
and positively to long winning streaks and negatively
to losing streaks because they are driven either by be-
havioral biases like the hot hand fallacy or by their be-
lief that performance streaks help to forecast future
fund performance. A detailed investigation of the in-
formation value of performance streaks is reported in
Section 4.

3.1. Robustness
Our results thus far are consistent with the notion that
investor flows are influenced by specific sequences of
performance signals, as captured by the streak indica-
tors. In this section, we discuss a number of robustness
checks. First, it is possible that investors give more
weight to the most recent performance, for example
because of the existence of short-run persistence. This

Figure 1. (Color online) Expected Net Cash Flows

Notes. The figure shows expected net cash flows based on the estimated model of investor flows (Table 3, column C), as a function of past perfor-
mance rank (1� highest, 0 � lowest), and winning and losing performance streaks. All other variables are fixed at their sample average.
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would make the most recent quarter much more infor-
mative to investors than performance over the previ-
ous two years. To control for the possibility that the
performance streaks capture investors simply giving
more weight to the most recently available perfor-
mance information, we include prior quarter perfor-
mance rank in the model. Alternatively, it is possible
that investors pay attention to performance over lon-
ger periods, beyond our evaluation window of two
years. To capture this, we also include the performance
rank of the fund over its entire available history. The
results are presented in Online Appendix B, Table 3b.
Both additional variables are statistically significant
and have a positive impact on flows. Our main find-
ings related to the positive streaks are hardly affected
by these additional controls. However, the negative
streaks seem to lose statistical significance in most
cases. Partly, this can be expected. Conditional on
having a previous quarter rank, now included as a
control, below 0.5, a negative performance streak of
one quarter actually implies that the performance in
quarter t − 2 was above the T-bill, so this becomes a
positive signal. Consistent with this, the sign for the
one-quarter losing streak becomes positive in columns
C and D in Table 3b in Online Appendix B. The F tests
on the joint significance of the performance streaks re-
main highly significant after the inclusion of these two
additional control variables (p � 0.000 for positive
streaks and p < 0.001 for negative streaks).

An alternative explanation why investors give so
much attention to performance streaks is that streaks
are informative about fund liquidation. This does not
appear to be the case. In Online Appendix E, we report
the estimation results of a probit model predicting
fund liquidation based on essentially the same set of
predictor variables as Equation (1). Conditional on
other performance metrics and fund characteristics,
neither winning nor losing streaks have a significant
impact on the probability of fund liquidation (with p
values on the joint hypotheses of 0.71 and 0.21, respec-
tively). We also explore whether operational risk,
proxied by the ω-score developed by Brown et al.
(2008), explains part of the impact of streaks on flows.
After including the ω-score, the impact of streaks on
flows remains strongly robust. Accordingly, it does
not appear the case that investors are attending to per-
formance streaks as a proxy for operational risk.

Last, we test the robustness of our results to the
choice of sample period. Inspired by Franzoni
and Schmalz (2017), who document that the flow-
performance relation for mutual funds is steeper
when aggregate risk factors have moderate realiza-
tions than during more extreme upward or down-
ward moves, we split our sample in two parts based
on the magnitude of the return on the stock market in-
dex in each period. We define moderate periods as

quarters where the market return is in deciles 4 to 7.
The idea is that in periods with extreme risk realiza-
tions, noise pollutes the performance signals, and in-
vestors react less strongly to fund performance. The
results of this analysis are reported in Table 3c in
Online Appendix B and show that the role of perfor-
mance streaks is present in both subperiods, and par-
ticularly strong in periods with more extreme risk
realizations (at times when the information signal
from past performance is noisier). However, we ob-
serve little variation in the roles of most performance
measures across the two subsamples.

3.2. Role of Investment Style
It is possible that the degree of investor sensitivity to
performance streaks varies across different hedge
fund styles. If so, our main findings may be driven by
a small subset of investment styles, the reported pat-
terns being essentially absent from the others. To in-
vestigate this, we also estimate separate models for
the five most important investment styles. The results,
for the most complete specification of the flows mod-
el, are presented in Online Appendix B. Qualitatively,
the patterns of coefficients for the performance streaks
are reasonably similar across investment styles. Obvi-
ously, the precision of the estimates reduces substan-
tially when the number of funds becomes smaller. The
largest segment of funds follows a long/short equity
strategy. For this group of 1,257 funds, the estimated
role of the performance streaks is consistent with our
main results: investors respond positively to winning
streaks, and, in most cases, negatively to losing
streaks. The majority of coefficients is significantly dif-
ferent from zero. For the 342 event-driven funds, the
results are similar, albeit with lower levels of signifi-
cance. For emerging market funds (n � 360) and glob-
al macro funds (n � 188), the magnitudes and signs of
the streak coefficients are again similar. For equity-
market neutral and fixed income arbitrage funds (not
reported), the results are quite noisy and no clear pat-
terns emerge, probably because of the small number
of observations in combination with our rich specifica-
tion in terms of performance-related variables. Long
losing streaks are relatively uncommon, which may
explain the somewhat erratic results for losing streaks
of seven quarters or more. Overall, these results do
not display striking differences across investment
styles.

3.3. Relative Importance of Predictors
As described previously, several performance and
risk metrics in our model have a significant impact on
investor decisions of how much to invest in a hedge
fund. However, model coefficients do not directly
provide information on the relative importance of
a regressor variable (or a combination of regressors)
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in predicting hedge fund flows, particularly when
predictor variables are correlated. To complement our
estimation results, we analyze the relative importance
of predictors in terms of their contribution to the R2

using a relative weights analysis that is developed for
this purpose (Johnson 2000, Johnson and LeBreton
2004, Tonidandel and LeBreton 2011). Loosely formu-
lated, this creates a set of new independent variables
that are the maximally related to the original indepen-
dent variables but are uncorrelated to each other and
then investigates their contribution to the fit of the
model. Technical details are discussed in Online Ap-
pendix C.

Table 4 presents our estimates of relative weights
for the model reported in column C, Table 3, ex-
pressed as percentages of the R2, and aggregated by
groups of variables. The lagged annual ranks are the
most important predictors with the largest contribu-
tion to the model’s R2. The combined effect of the
piece-wise linear specification for the first lagged an-
nual rank explains 22.6% (second lagged annual rank
less than 4%) of the predictable variance of fund flows.
The combined contribution of streak dummies is the
second largest among the performance variables, ex-
plaining 15.8% of the predictable variance (winning
streaks explain 9.4%, losing streaks explain 6.4%). Oth-
er performance metrics explain a significantly lower
proportion of the predictable variance, 24-month
Sharpe ratios and alphas, for instance, 10.7% and 5.6%,
respectively, the underwater dummy (3.1%) and the
combined effect of the count dummies (3.9%).

All estimates of relative weights for the perfor-
mance variables are statistically significant.10 Of

the remaining control variables in our model, the
combined contribution of the four lagged quarterly
flows in the previous year is the largest, accounting
for 8.6% of the explained variance (lagged quarterly
flows in the second year explain less than 0.5%). The
set of time dummies also makes a large contribution
to the R2, of about 18.9%, much of which, however, is
concentrated in 2008 and 2009 during period of the
financial crisis. Fund characteristics, like size, age,
share restrictions, incentive and management fees, re-
turn smoothing, and so forth collectively explain a sig-
nificantly smaller proportion, around 4.8%, and style
dummies only 1.6%, of predictable variance.

This ranking of the relative importance of predic-
tors offers a novel perspective on the behavior of
hedge fund investors and enhances our understand-
ing of their information processing strategies. It indi-
cates that lagged annual ranks, performance streaks,
and lagged flows are more important predictors for
hedge fund flows than other performance metrics like
alphas and Sharpe ratios. Remarkably, hedge fund in-
vestors appear to attribute significantly less impor-
tance to style and fund-specific characteristics. Most
importantly for our purpose, however, it highlights
the prominence of performance streaks relative to oth-
er variables, supporting the notion that sequences of
performance signals influence investor flows.

4. Information Value of
Performance Streaks

We now investigate whether fund characteristics and
performance indicators like streaks are able to predict
subsequent performance and, if so, which are the

Table 4. Partition of Explained Variance: Relative Importance of Predictors

Relative weights (% of R2) Standard error 99% Confidence interval

Combined effect of all streak dummies 15.791 0.912 13.442 18.140
Combined effect of winning streaks 9.406 0.736 7.511 11.300
Combined effect of losing streaks 6.385 0.593 4.858 7.912

Combined effect of Count dummies 3.932 0.401 2.898 4.965
Combined effect of lagged annual ranks 26.583 1.101 23.748 29.418

Combined effect of three-piece-wise linear specification – Rank lag 1 22.615 1.061 19.883 25.347
Combined effect of three-piece-wise linear specification – Rank lag 2 3.968 0.354 3.057 4.879

Combined effect other performance metrics 19.722 0.903 17.397 22.047
Rank 24m alpha 5.559 0.453 4.392 6.726
Rank 24m Sharpe Ratio 10.708 0.594 9.177 12.239
Underwater dummy 3.090 0.285 2.356 3.824

Combined effect of lagged flows 8.630 1.809 3.971 13.289
Combined effect of fund characteristics 4.831 0.610 3.260 6.401
Combined effect of style dummies 1.644 0.390 0.640 2.647
Combined effect of time dummies 18.867 1.229 15.701 22.032
Total sum of relative weights 100.000
R2 0.0859

Notes. The table presents estimates of relative weights of groups of explanatory variables (Johnson 2000) for the flows regression reported in Table 3,
column C, expressed as percentages of the R2. Standard errors and confidence intervals are estimated using a bootstrap approach (Johnson 2004).
Numbers in italics refer to subgroups of variables, already included in larger groups. Technical details are provided in Online Appendix C.
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better predictors, and over what investment horizons.
We then analyze the extent to which cash flows can be
explained by these forecasts or their accuracy. In
Section 5, we use the selected models to determine
out-of-sample forecasts, on which we base simple in-
vestment strategies, and compare these with the allo-
cation of the aggregate investor.

Given that performance ranks are typically includ-
ed in models explaining investor flows, we investigate
the ability of streaks and other variables to predict a
fund’s relative performance. We focus on the one-year
investment horizon, given that 88% of funds impose
lockup periods of 12 months or less or redemption
and notice periods confined within a year. Consider
the following predictive model:

Rankit,t+3

� α +
∑8

j�1
β1jWjit−1 +

∑8

j�1
β2jLjit−1 +

∑6

j�1
β3jCountjit−1

+ β4AnnualRnkt−1 + βB4Bottom30t−1 + βT4Top30t−1
[ ]

+ β5AnnualRnkt−5 + βB5Bottom30t−5 + βT5Top30t−5
[ ]

+ β6Rnk alpha2yt−1 + β7Rnk Sharpe2yt−1 + β8Under2yt−1
+ βA9 σit−1 + βB9σit−1

2 + β10DWUPit−1 + β11Corr
2y
t−1

+ β12ShareRit + β13ln(AUMit−1) + β14ln AGEit−1( )

+
∑8

j�1
β15jCash Flowit−j + γ′Xit + εit, (2)

where Rankit,t+3 is the relative performance of fund i in
quarters t to t+ 3, measured by the fund’s cross-
sectional rank based on the following three criteria:
raw returns (model 1), style-adjusted returns (model
2), and eight-factor alphas (model 3).11 The main ex-
planatory variables are the 15 mutually exclusive
streak dummies, 7 of which account for winning and
8 for losing, streaks. The set of control variables is the
same as in Equation (1), except that Equation (2) in-
cludes the squared standard deviation of returns and
does not include time dummies.

We estimate (2) using OLS pooling all quarterly ob-
servations. Because the dependent variable is mea-
sured over four quarters, which is longer than the
data frequency, we use Newey-West (HAC) standard
errors to account for heteroskedasticity and autocorre-
lation in the error terms. Our estimation results are
reported in Table 5. The explanatory power of the
three models is relatively low, particularly for the
model predicting ranks based on eight-factor alphas
(model 3). This may be because the eight-factor alphas
are relatively noisy, given the short window over
which they are estimated. These R2s measure within-
sample predictability; we evaluate out-of-sample
forecasting power later. Interestingly, the impact of
winning and losing streaks appears limited, although

some coefficients of the streak indicators are statisti-
cally significant.

The estimation results of the models explaining a
fund’s raw return rank or style-adjusted rank are rea-
sonably similar (models 1 and 2). Of the variables that
capture historical fund performance, two-year Sharpe
ratios positively predict subsequent performance,
whereas two-year alphas have some predictive ability
for subsequent alphas. Fund-specific characteristics
(not reported) like short-term share restrictions, lock-
up periods, high-water marks, management fees, the
offshore dummy, and managers’ personal capital
have a positive and statistically significant effect on
subsequent performance.12 The coefficient of return
smoothing is also positive and significant. A number
of these covariates play a quite different role in the
model of cash flows in Table 3. For instance, most
fund-specific characteristics (except for the high-water
mark indicator) have no impact, whereas the coeffi-
cients of two-year alphas, size, and especially lagged
flows have a statistically significant effect, on flows.
This suggests investors may attach differential impor-
tance to information available to them relative to an
empirical model that forecasts future hedge fund per-
formance. We return to this issue later.

Table 6, panel A, reports the F tests for including
winning and losing streaks in each model. The F tests
yield the highest values in model 1 and reject the null
that the joint effect of all winning and losing streaks is
zero. Whereas these results indicate that winning and
losing streaks have some predictive ability for one-
year-ahead raw returns, we find limited evidence that
losing streaks are able to predict one-year-ahead al-
phas. In model 2, the null that all losing streaks have
zero coefficients is not rejected at the 1% significance
level.

In a robustness test, we include quarterly flows ar-
riving in quarter t to control for any flow-induced per-
formance, to rule out, for instance, that in the presence
of capacity constraints performance is competed away
by flows chasing past performance, as in the equilibri-
um of Berk and Green (2004). Consistent with Dichev
and Yu (2011) and Li et al. (2011), we find the effect of
quarterly flows on subsequent yearly performance to
be negligible and not statistically significant. In fur-
ther checks, where we condition this analysis to funds
with various levels of quarterly flows, we obtain simi-
lar results. Interacting current flows with streaks or
other performance metrics also yields insignificant
results.

4.1. Out-of-Sample Forecast Evaluation
The foregoing results indicate that streaks may have
limited information value for the prediction of one-
year-ahead raw returns, style-adjusted returns, or al-
phas. A number of predictors of performance have no
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apparent impact on flows, and some predictors of
flows play no role in the performance models. A po-
tential reason for the seemingly poor performance of
these forecasting models is that these models are over-
specified, with many interrelated predictors on the
right-hand side. Moreover, it is possible that the
true model coefficients are time varying, attributing
differential importance to the predictors over time. To
address these concerns, we evaluate the out-of-sample
forecasting power of these models based on a recur-
sive estimation of Equation (2). In each quarter, we
compute out-of-sample forecasts of one-year-ahead
performance ranks for quarter t to t+ 3 using the

coefficients based on t− 1 information. The first forecast
corresponds to the four-quarter period 1997Q4–
1998Q3, based on prior information available from
1995Q1–1997Q3.

The accuracy of the forecasts generated by these
models is evaluated in Table 6, panel B, which com-
pares the predictions with the ex post realizations in
four ways. We report the root mean squared error
(RMSE), which punishes larger forecast errors more
heavily, and the mean absolute deviation (MAD)
based on the absolute size of the forecast error. Third,
we compute an out-of-sample R2 based on the
squared correlation coefficient between the forecasts

Table 5. Forecast Models Predicting Four-Quarter-Ahead Performance Ranks

Model 1 Model 2 Model 3

Variable Estimate t-ratio Estimate t-ratio Estimate t-ratio

W2_TBill 0.0051 (1.46) 0.0092 (2.64) −0.0006 (−0.14)
W3_TBill 0.0215 (4.37) 0.0223 (4.54) 0.0115 (2.18)
W4_TBill 0.0103 (1.66) 0.0106 (1.71) −0.0006 (−0.09)
W5_TBill 0.0229 (3.05) 0.0162 (2.17) 0.0220 (2.91)
W6_TBill 0.0157 (1.80) 0.0046 (0.54) 0.0103 (1.19)
W7_TBill 0.0330 (3.08) 0.0164 (1.55) 0.0161 (1.53)
W8_TBill 0.0404 (4.70) 0.0388 (4.48) 0.0282 (3.66)
L1_TBill −0.0074 (−2.60) −0.0074 (−2.64) −0.0007 (−0.19)
L2_TBill −0.0120 (−2.42) −0.0082 (−1.65) 0.0017 (0.31)
L3_TBill −0.0204 (−2.50) −0.0102 (−1.25) 0.0106 (1.29)
L4_TBill −0.0496 (−4.19) −0.0348 (−2.92) −0.0150 (−1.19)
L5_TBill 0.0038 (0.23) −0.0011 (−0.07) −0.0078 (−0.46)
L6_TBill 0.0045 (0.21) 0.0080 (0.38) 0.0150 (0.68)
L7_TBill 0.0239 (0.70) 0.0247 (0.73) 0.0679 (1.92)
L8_TBill 0.0059 (0.10) −0.0111 (−0.17) −0.0452 (−0.91)
Count_1 0.0042 (0.17) −0.0180 (−0.77) −0.0767 (−3.53)
Count_2 −0.0063 (−0.43) −0.0253 (−1.73) −0.0412 (−3.13)
Count_3 −0.0123 (−1.09) −0.0213 (−1.89) −0.0128 (−1.30)
Count_4 0.0060 (0.66) −0.0030 (−0.33) −0.0010 (−0.12)
Count_5 0.0062 (0.82) 0.0011 (0.15) −0.0046 (−0.69)
Count_6 −0.0039 (−0.65) −0.0060 (−0.99) 0.0022 (0.40)
Middle Rank Lag 1 0.0695 (4.27) 0.0208 (1.27) 0.0084 (0.57)
Top 30% 0.1034 (2.47) 0.1759 (4.22) 0.1226 (3.23)
Bottom 30% −0.0481 (−1.09) −0.0154 (−0.35) −0.0260 (−0.65)
Middle Rank Lag 2 −0.0370 (−2.24) −0.0551 (−3.33) −0.0131 (−0.87)
Top 30% 0.0610 (1.50) 0.0674 (1.66) 0.0118 (0.32)
Bottom 30% 0.0236 (0.54) −0.0257 (−0.60) −0.0495 (−1.23)
Rank 24m alpha −0.0066 (−0.63) 0.0070 (0.67) 0.0320 (3.36)
Rank 24m Sharpe Ratio 0.0318 (1.98) 0.0533 (3.33) 0.0240 (1.73)
Underwater dummy 0.0543 (8.05) 0.0557 (8.24) 0.0221 (3.63)
Downside-ups. pot. ratio −0.0014 (−2.10) −0.0014 (−2.19) −0.0007 (−2.59)
Standard deviation of returns 0.5450 (3.96) 0.7317 (5.15) −0.0186 (−0.18)
Squared standard deviation −0.5922 (−2.59) −0.7105 (−2.87) −0.0803 (−0.76)
Fund characteristics Yes Yes Yes
Eight lags quarterly flows Yes Yes Yes
Style dummies Yes Yes Yes
N 46,017 46,013 46,017
Adjusted R2 0.042 0.043 0.023

Notes. The table reports estimates of a model explaining relative performance as measured by a fractional
rank, which ranges from zero to one and is defined as the fund’s percentile performance over the next four
quarters relative to all the funds existing in the sample in the same period, based on three criteria: raw returns
(model 1), style-adjusted return (model 2), and alphas (model 3). The sample includes 2,794 open-end hedge
funds for the period 1995Q1 to 2018Q2. The independent variables are defined in Online Appendix A. Fund
characteristics controls and style dummies are included (estimates not reported). We estimate our model by
OLS pooling all fund-period observations. Robust t statistics, based onHAC standard errors, in parentheses.
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and ex post realizations (Pesaran and Timmermann
1995). Finally, we report a hit rate defined as the pro-
portion of times a model correctly predicts whether a
fund performs above the median. The latter measure
implicitly assumes an investment allocation deter-
mined by a switching rule relative to the median rank
(i.e., investing if rank forecast is above or equal to 0.5
and divesting otherwise).

Consistent with our previous analysis, models 1
and 2 exhibit the highest out-of-sample R2 of about
2.3%. The mean rank error across models, as mea-
sured by RMSE and MAD, is as large as 24–30 rank
percentiles, the hit rate across models above 50%.
These results show that past information available to
investors can be optimally combined into a perfor-
mance forecast via an econometric model to predict
hedge fund performance, although predictability at
the level of the individual fund is fairly limited (Avra-
mov et al. 2013).

4.2. Relative Importance of Predictors
In our first approach to compare the importance of
variables that drive investor decisions, as reflected in
net flows, with their information content for forecast-
ing hedge fund performance, we analyze the relative
weights for the predictor variables in the forecast
models. This enables us to evaluate the information
processing strategy of investors against the model’s
benchmark.

Table 7 reports our estimates of the relative weights
for the three models (panels A–C), expressed as
percentages of R2s and aggregated by groups of varia-
bles. The combined contribution of the streak dum-
mies to the R2 varies across models, explaining

around 10.5% of the predictable variance in model 1
(raw return rank) and model 2 (style-adjusted rank)
and 11% in model 3 (alpha rank). Across all models, the
most important predictors are the set of performance
and risk metrics (including the combined effect of
lagged annual ranks), the set of fund-specific character-
istics, and the style dummies, which together account
for at least 80% of the explained variance. The least im-
portant predictors are the sets of count dummies, the
performance streak indicators, and lagged flows.

There is the remarkable contrast with the relative
weights analysis in the flows model in Table 6; the set
of fund-specific characteristics and set of style dum-
mies, although important predictors of subsequent
performance relative to other variables in the forecast
models, have the lowest relative importance in the
flows model; the set of streak dummies and set of
lagged flows, although important predictors relative
to other variables in the flows model, have the lowest
relative importance in the forecast models. That said,
one of the most important predictors of subsequent
performance in most forecast models, namely the
lagged annual rank, is the variable that investors
weigh the most relative to other variables in the flows
model. The evidence that annual ranks persist while
strongly determining flows does not lend support to
the main proposition of Berk and Green (2004) that
under decreasing returns to scale, flows chasing a cer-
tain past performance signal compete away in equilib-
rium the forecasting power of that signal.

These results indicate investors weigh past informa-
tion very differently than the forecast models that pre-
dict raw or style-adjusted returns or alphas. Put differ-
ently, the relative importance investors attribute to

Table 6. Comparison of Forecast Models

Model 1 Model 2 Model 3
Raw returns ranks Style-adjusted returns ranks Alpha ranks

Panel A: F tests for inclusion of winning and losing streaks

F-test Winning streaks 6.793 5.785 3.967
p-value (0.000) (0.000) (0.000)
F-test Losing streaks 3.963 2.401 1.344
p-value (0.000) (0.014) (0.217)
F-test All streaks 6.430 4.931 2.784
p-value (0.000) (0.000) (0.000)

Panel B: Comparison of forecast performance

Overall RMSE 0.2959 0.2936 0.2907
Overall MAD 0.2466 0.2454 0.2484
R2
OS 0.0234 0.0230 0.0121

Hit rate 0.5624 0.5694 0.5444

Notes. The table compares three forecast models explaining four-quarter-ahead cross-sectional ranks based on raw returns (model 1), style-ad-
justed returns (model 2), and alphas (model 3), as presented in Table 5. Panel A reports F tests for the inclusion of streak dummies in all forecast
models. Panel B provides a comparison of the accuracy of the forecasts using four measures. If we denote the ex post realizations by yh and the
series of predictions by ŷh , h � 1,2,… ,H, whereH is the number of forecasting periods, and then the overall RMSE, MAD, and the out-of-sample

R2 are defined as follows: Overall RMSE �
������
1
H
∑√

H
h�1(ŷh − yh)2, Overall MAD � 1

H
∑H

h�1 |(ŷh − yh)|, and R2
OS � corr2(ŷh ,yh), respectively. Finally, we

report a hit rate defined as the proportion of times a model correctly predicts whether expected rank≥ 0.5 or expected rank < 0.5.
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predictors diverges from the relative importance of
predictors in the forecast models.

4.3. Performance Forecasts and Flows
In our second analysis of investor decisions versus
model forecasts, we interpret the out-of-sample fore-
casts generated by our econometric models as an ap-
propriate summary of the forecasting ability of the
variables in the investor’s information set. In a strict
interpretation, investors should base their decisions
only on the ability of the predictor variables to say
something about future hedge fund performance.
That is, the predictor variables should no longer play
a role in the investor decision process, once their influ-
ence on expected performance, or its accuracy, is con-
trolled for. Table 8 reports our estimates of a number
of alternative specifications that explains investor
choices, including the expected performance obtained
from the three forecast models (panels A–C). If invest-
ors respond to performance streaks solely because of
their ability to predict future fund performance, this
would be captured through the performance forecasts,
and performance streaks themselves would become
irrelevant once these forecasts are controlled for.13

In each panel, we first report the estimates of a sim-
ple specification model (column 1) that explains cash
flows from the expected rank, defined as the out-
of-sample forecasts for the performance rank in quar-
ter t, obtained from each of the models reported in
Table 6, estimated using available information until
t − 1. Because investors may not only take into ac-
count the rank but also the precision, of these fore-
casts, we control for a measure of forecast accuracy,
calculated for each fund-period observation as the
RMSE of the eight lagged forecasts. Across models,
we find expected performance to have a positive and
statistically significant impact on flows. The higher
the predicted rank, the more likely a fund will experi-
ence positive money flows. That the RMSE has a nega-
tive impact on flows indicates that investors are less
likely to invest as the mean forecasting error increases.
The effect of RMSE is statistically significant only in
panel C.14

Investors may perceive a tradeoff between estimated
expected performance and the accuracy of the estimate.
In alternative specifications (not reported), we test a po-
tential interaction by multiplying expected performance
and RMSE or computing a ratio of expected performance
over RMSE. Neither interaction has a significant effect on
flows. The fairly low R2s of the specifications in column
1 (between 0.4% and 0.7%) suggest out-of-sample fore-
casts of one-year-ahead performance have little explana-
tory power for flows.

In column 2 in each of the panels, we report an ex-
tended specification including the streak dummies,
count dummies, lagged flows, style and time

dummies, and controls (omitted from the table) for
fund characteristics and fund performance (i.e., annu-
al ranks, Sharpe ratios, alphas, underwater dummy,
standard deviation of historical returns, and downside
risk). The effects of expected performance and RMSE
become insignificant in all models. Almost all estimat-
ed coefficients for winning and losing streaks are
highly significant, whereas in absolute value they in-
crease monotonically with the length of the streak, up
to five or six quarters in length. The longer the win-
ning streak, the more likely a fund will attract inflows,
the longer the losing streak, ceteris paribus, the more
likely a fund will experience outflows, beyond the ex-
pected relative performance. The coefficients of all
other variables are similar in magnitude and statistical
significance to those in the flow regressions reported
in Table 3 (column C), although all of these variables
are included in the estimation of the performance
forecasts. These results suggest that investors attend
more to performance streaks in their fund selection
process than what is justified by their ability to predict
future fund performance. More generally, investor
choices appear to be determined by a different combi-
nation of covariates than that estimated in any of the
forecast models.

The results in Tables 7 and 8 do not imply investors
are uninformed or behave irrationally. There are po-
tentially omitted factors that predict performance,
such as qualitative information collected in due dili-
gence reports, that are unobservable to the econome-
trician but known to investors. Admittedly, both the
flows and forecast models exhibit relatively low R2s.
Our results, however, suggest that (1) the set of cova-
riates jointly observed by investors and the econome-
trician have some predictive power with respect to
subsequent performance, (2) this predictable compo-
nent is not what drives investor flows, and (3) invest-
ors appear to attribute some value to covariates
beyond expected performance or to covariates that
play no role in our forecast models. In the next sec-
tion, we test whether investors are better informed
than our forecasting models by comparing their ex
post performance with some simple strategies based
on the models’ predictions.

5. Welfare Implications
Based on each forecast model, we define a benchmark
trading rule that prescribes investing in funds with a
rank forecast above or equal to the median fund (i.e.,
expected rank ≥ 0.5) and divesting otherwise. Our
timing assumption is that both investors and the mod-
el make an allocation at the beginning of quarter t
based on all past information available at the end of
quarter t− 1. We evaluate the ex post performance of
these allocations for the four-quarter period t to t+ 3
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by obtaining equally weighted averages across all
funds selected by each model of four-quarter-ahead
raw returns, style-adjusted returns, and alphas. Be-
cause the fund-specific eight-factor alphas are estimat-
ed using only 12 monthly returns, they tend to be
quite noisy. Accordingly, we interpret the correspond-
ing results with caution, and mostly focus on raw and
style-adjusted returns.

We investigate the average performance of funds
that experience investments versus those that experi-
ence divestments, where we average across all
decisions over the entire sample period. Performance
metrics are averages across funds/periods rather
than metrics for a time series of portfolio returns.
Essentially, we address the question whether the
average investment decision performs better than the
average divestment decision over the subsequent
year. We consider this to be an appropriate approach
given that hedge fund investors typically will not in-
vest in a large well-diversified portfolio of hedge
funds. Rather, they select only one or a few funds
and rebalance infrequently. In contrast, Ozik and
Sadka (2015) evaluate the performance of monthly
rebalanced equally weighted flow-sorted portfolios
and conclude that the top quintile significantly out-
performs the bottom quintile for share-restricted
hedge funds.15

Table 9, panel A, reports our results for invest-
ments. All t statistics (in parentheses) are based on
double-clustered robust standard errors to account for
within-fund and within-period correlation (Thomp-
son 2011). The performance of investors capital alloca-
tion across funds is shown in column 1. On average,
funds that experience actual net money inflows (n �
20,644 observations) at the beginning of quarter t de-
liver a subsequent four-quarter return of 8.91%, a
style-adjusted return of 1.81%, and an annualized al-
pha of 0.27%. We contrast the investor allocation with
a simple investment rule based on our performance
forecasts (obtained from recursively estimating Equa-
tion (2)). Investing in a fund if it has above-median
predicted performance results in an average subse-
quent return of 10.4%, 10.5%, and 9.55% (based on the
model predicting raw return ranks, style-adjusted re-
turn ranks, and alpha ranks, respectively). The first
two of these beat the investor allocation by a statisti-
cally significant 1.5%–1.6%/yr. In terms of style-
adjusted returns, the corresponding performance
differential is 1.3%–2.0% in favor of the model-based
allocations.16 In a robustness check, reported in Online
Appendix D, we changed the investment rule so as to
select funds with predicted performance rank above
0.6 and observe much larger differences. This result is
mostly driven by the fact that the model-based alloca-
tions now select far fewer funds, which, on average,
outperform subsequently.

We observe a similar pessimistic picture for divest-
ments of the average investor in column 1 of panel B.
In this case, a good divestment decision should have
low returns. On average, funds that experience net
outflows at the beginning of quarter t (n � 23,974 ob-
servations) deliver a subsequent four-quarter return
of 8.36%, a style-adjusted return of 1.12%, and an
annualized alpha of 0.23%. This means that the perfor-
mance difference between investments and divest-
ments (as reported in panel C) is less than 0.7% per
year on either dimension and statistically insignifi-
cant. That is, the average fund an investor invests in
performs only slightly better than the average fund an
investor divests from, suggesting little evidence of a
“smart money” effect. Again, the actual divestments
of investors are easily outperformed by simple divest-
ment strategies based on the first two models. For ex-
ample, divesting from any fund with a predicted raw
return rank of less than 0.5, results in a negative return
of 6.3% per year, significantly better than the 8.35%
for the actual average fund investors divest from. For
the models predicting ranks based on raw or style-ad-
justed returns, the investment portfolio outperforms
the divestment portfolio by more than 4% per year in
terms of raw returns, with a high level of statistical
significance. In terms of style-adjusted returns the dif-
ference is between 2.9% and 4.2% per year, again
highly significant. The investment allocation based on
the model predicting the ranks of alphas (model 3)
performs equally well by any measure. The difference
between the investment and divestment portfolios
amounts to almost 2.5% per year in terms of raw re-
turns, 2.3% per year in terms of style-adjusted returns,
and 0.2% in terms of alphas compared with 0.6%,
0.7%, and 0.04%, respectively, for the actual investor
allocations, all differences being statistically
significant.

The results in Table 9 show that, on average, funds
in which investors invest do not perform significantly
better than funds from which they divest. Moreover,
simple model-based investment and divestment rules
outperform the decisions of the average hedge fund
investor by an economically significant margin. This
indicates that our forecasting models, despite their
overparameterization and low in-sample and out-
of-sample R2s, do much better than the average in-
vestors in separating subsequently well-performing
funds from the poor-performing ones.17

One reason the model-based allocations outperform
could be that the strategies prescribe to invest in funds
that are actually closed to new investments or divest
from funds that impose severe share restrictions or
lockup periods. In one of the robustness checks (re-
ported in Online Appendix D), we restrict the model-
based investment and divestment portfolios to those
funds that actually experience inflows or outflows,

Baquero and Verbeek: Hedge Fund Flows and Performance Streaks
4168 Management Science, 2022, vol. 68, no. 6, pp. 4151–4172, © 2021 INFORMS

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

14
5.

5.
17

6.
8]

 o
n 

04
 J

ul
y 

20
22

, a
t 2

3:
58

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 
Published in Management Science on August 12, 2021 as DOI: 10.1287/mnsc.2021.4067. 

This article has not been copyedited or formatted. The final version may differ from this version.



respectively. We consider this a reasonable approxi-
mation for the existence of liquidity constraints on ac-
tual inflows and outflows, for example when a fund is
not willing to accept newmoney (or does not allow re-
demptions). This results in smaller groups in both the
investment and divestment portfolios, but the pat-
terns are remarkably similar to those in Table 9. If
anything, the performance of our model-based strate-
gies improves.

It is possible, however, that investors are able to
identify the better funds within the investment portfo-
lio, or poorer funds within the divestment portfolio,
and take this into account in making allocations. We
investigate this possibility by analyzing whether in-
vestors’ cash-flow weighted returns perform signifi-
cantly better than equally weighted returns. The
results (reported in Online Appendix D) indicate the
opposite. Funds that experience actual net money in-
flows at the beginning of quarter t deliver a

subsequent four-quarter cash-flow weighted average
return of 7.13%, an average style-adjusted return of
1.22%, and average annualized alpha of 0.28%. Funds
that experience actual net outflows at the beginning of
quarter t deliver a subsequent four-quarter cash-flow
weighted average return of 8.60%, an average style-
adjusted return of 1.90%, and average annualized al-
pha of 0.34%. The spread on investors’ allocations
thus delivers a cash flow weighted performance sig-
nificantly smaller than the equally weighted perfor-
mance and negative in all cases.

We interpret the relatively poor performance of
actual investor allocations as a sign of investors sub-
optimally weighing the information signals that are
available to them, with a crucial role for the perfor-
mance streaks. We also compared the investor alloca-
tions relative to allocations based on a performance
forecasting model that does not incorporate informa-
tion about past performance streaks. This means

Table 9. Performance of Model-Based Capital Allocations Across Hedge Funds Based on Four-Quarter-Ahead Out-of-
Sample Forecasts

Evaluation
criteria four-
quarter-ahead
performance

Investors
performance

1. Raw return ranks model 2. Style-adjusted ret. ranks model 3. Alpha ranks model

Model
performance

Difference
(2) − (1)

Model
performance

Difference
(4) − (1)

Model
performance

Difference
(6) − (1)

(1) (2) (3) (4) (5) (6) (7)

Panel A: Investments

N � 20,644 N � 19,543 N � 18,792 N � 19,149

Raw Return 0.0891 0.1040 0.0149 0.1050 0.0158 0.0955 0.0064
(2.70) (2.95) (1.57)

Style-adj.
Return

0.0181 0.0311 0.0131 0.0389 0.0208 0.0285 0.0104

(3.80) (5.79) (3.44)
Alpha 0.0027 0.0030 0.0003 0.0032 0.0005 0.0035 0.0008

(1.15) (2.19) (3.46)

Panel B: Divestments

N � 23,974 N � 22,913 N � 23,664 N � 23,307

Raw Return 0.0836 0.0630 −0.0206 0.0635 −0.0200 0.0707 −0.0129
(−4.17) (−4.25) (−3.17)

Style-adj.
Return

0.0112 0.0026 −0.0087 −0.0027 −0.0139 0.0052 −0.0060

(−2.70) (−4.32) (−2.16)
Alpha 0.0023 0.0017 −0.0006 0.0015 −0.0008 0.0013 −0.0010

(−3.29) (−4.07) (−5.60)
Panel C: Investments minus divestments

Raw Return 0.0056 0.0411 0.0355 0.0414 0.0359 0.0248 0.0192
(0.97) (4.85) (3.99) (5.39) (4.35) (3.07) (2.24)

Style-adj.
Return

0.0068 0.0286 0.0218 0.0416 0.0347 0.0233 0.0164

(1.81) (4.60) (3.39) (7.00) (5.63) (3.51) (2.42)
Alpha 0.0004 0.0013 0.0009 0.0017 0.0013 0.0022 0.0018

(1.64) (3.55) (2.37) (4.74) (3.49) (6.37) (4.94)

Notes. The table shows the ex post performance evaluation of trading rules based on four-quarter-ahead out-of-sample forecasts. We obtain fore-
casts from three models explaining cross-sectional ranks based on raw returns (column 2), style-adjusted returns (column 4), and alphas (col-
umn 6). Each trading rule prescribes to invest in a fund if expected rank ≥ 0.5 and divest otherwise. We report the performance (annualized) of
investments (panel A), divestments (panel B), and their difference (panel C) using three evaluation criteria and compare with the performance of
actual net inflows and net outflows (i.e., investors’ performance) reported in column 1. Performance differences are reported in columns 3, 5, and
7. Robust t statistics, based on double clustering by fund and time, are provided in parentheses.
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performance streaks are given zero weight in the fore-
casting models. The results (reported in Online Ap-
pendix D) are very similar to those in Table 9. This
confirms that performance streaks have limited pre-
dictive value, despite investors giving weight to them
in their allocation decisions.

6. Conclusions
Hedge fund investors, being arguably sophisticated,
should possess some ability to interpret and analyze
information pertinent to their decisions to invest or di-
vest. Earlier evidence in Brown et al. (2008, 2012),
however, already indicates hedge fund investors tend
to ignore red flags from due diligence reports related
to operational risk. Our analyses confirm that the av-
erage hedge fund investment and divestment are not
particularly smart (Baquero and Verbeek 2009, Rama-
dorai 2013); simple investment strategies based on
out-of-sample forecasts of linear performance models
easily outperform the average investor by an econom-
ically and statistically significant margin.

We analyze net money flows of hedge fund invest-
ors in relation to a wide range of information variables
available to them. We pay particular attention to the
relevance of performance streak variables; a perfor-
mance streak being defined as subsequent quarters
during which a fund performs above or below a
benchmark. We show that investor flows react posi-
tively to winning and negatively to losing streaks, the
strength of the reaction typically increasing with the
length of the streak. Performance streaks are relatively
easily observed, and potentially stressed by funds or
financial media in the case of good performance. Al-
though investor response to streaks may reflect a be-
lief in hot hands, in which case good performance is
likely to persist, our analysis shows performance
streaks to have limited predictive value with respect
to future fund performance. Relative weights analyses
of the explanatory factors in the econometric models
that explain flows and performance reveal that invest-
ors are likely to overweigh the importance of perfor-
mance streaks, and, more generally, fail to optimally
weigh the information available to them. Further-
more, investor decisions underperform, ex post, sim-
ple model-based investment strategies. In summary,
hedge fund investors’ ability to select funds shows
little sign of sophistication; they weigh information
suboptimally, and their ultimate investment and di-
vestment performance is disappointing.
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Endnotes
1 Evidence in Asparouhova et al. (2009) and Loh and Warachka
(2012) of investor responses to streaks of earnings surprises is in
line with this prediction.
2 The hot-hand phenomenonwas first documented by Gilovich et al.
(1985) for basketball players’ shots. A player who successively
scores several times is perceived to have a hot hand and expected to
continue to score. Yet, Gilovich et al. (1985) show basketball players’
shots to be largely random. Evidence from the market for organized
gambling in basketball games is provided by Camerer (1989), who
finds that teams with winning (losing) streaks are believed to be
somewhat more likely to continue winning (losing) than they actu-
ally are (see also Durham et al. 2005).
3 When a winning quarter occurs randomly with a probability of
50%, the chance of observing a six-period winning streak in any giv-
en window is more than 1.5%.
4 Our findings complement both the recent literature studying the
determinants of money flows to hedge funds (Goetzmann et al.
2003, Fung et al. 2008, Baquero and Verbeek 2009, Li et al. 2011, Ara-
gon et al. 2014, Agarwal et al. 2018, Liang et al. 2019) and the one
studying the determinants of hedge fund performance (Aragon
2007, Naik et al. 2007, Liang and Park 2008, Agarwal et al. 2009, Ag-
garwal and Jorion 2010, Li et al. 2011, Sun et al. 2011).
5 We expect that most return revisions, typically taking place within
three months, do not lead to sign changes in our quarterly perfor-
mance measures and thus do not affect our streak length indicators.
To the extent that they lead to random changes in streak lengths, this
would result in underestimation of the impact of streaks. Revisions
are more frequent with funds-of-funds, which we exclude.
6 For longer streaks, the pattern becomes somewhat erratic, proba-
bly because the number of observations declines considerably with
streak length.
7 The piece-wise linear specification is defined as follows:

Bottom30it−j � min(0:3, AnnualRnkt−j);
Top30t−j � max(0, AnnualRnkt−j − 0:7):

The coefficient β4 in Equation (1) represents the slope of the middle
segment; β4 + βB4 is the slope of the lower segment and β4 + βT4 is
the slope of the upper segment.
8 In alternative specifications, we use alphas obtained from the Cap-
ital Asset Pricing Model (CAPM) (as suggested by Agarwal et al.
2018) and Sharpe ratios and alphas estimated over a 36-month win-
dow preceding each observation. None of these alternatives affect
our main findings.
9 As an alternative, we estimated standard errors based on double
clustering at the fund and period level, which produced similar t
statistics on most coefficients.
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10 We test the statistical significance of the relative weight of a pre-
dictor as in Tonidandel et al. (2009). Using the bootstrapped distri-
butions, we compare the predictor’s relative weight to the relative
weight produced by a randomly generated variable included in the
model, which represents a variable with zero importance in the
population.
11 We compound quarterly raw and style-adjusted returns from
quarter t to quarter t+ 3. Alphas are computed from a time series
regression of monthly returns on the eight risk factors of Fung and
Hsieh (2004) (including an emerging market index) over the 12-
month period between the beginning of quarter t and end of quarter
t+ 3.
12 These results are consistent with Agarwal et al. (2009) and Liang
et al. (2019) for share restrictions.
13 Weizsäcker (2010) uses a similar methodology in an experimental
context as a test for rational expectations.
14 That the expected performance rank is constructed based on pre-
dictions from a first-stage regression may lead to a “generated re-
gressors” problem (Newey 1984) if it is assumed that agents, unlike
the econometrician, are familiar with the true values from the first
stage coefficients.
15 In their approach, portfolios are sorted on flows in quarter t − 1
(or the last month of this quarter).
16 These results ignore several possible complications. First, inves-
tor money flows will occur at different times within the quarter,
which will make the performance of our investor allocation strategy
look better than actual if investors use performance during the first
part to allocate their money in the second half of the quarter. There
is, however, an opposing force if investors are able to optimize their
timing during the quarter. Second, the analysis ignores the possibil-
ity that actual investor flows have a subsequent causal effect on per-
formance. Given our earlier results when including contemporane-
ous flows in the forecasting models, we feel comfortable concluding
that the economic impact of these complications is limited.
17 All investment and divestment rules ignore transaction costs,
which are likely to be comparable to the transaction costs faced by
investors.
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Weizsäcker G (2010) Do we follow others when we should? A sim-
ple test of rational expectations. Amer. Econom. Rev.
100(5):2340–2360.

Baquero and Verbeek: Hedge Fund Flows and Performance Streaks
4172 Management Science, 2022, vol. 68, no. 6, pp. 4151–4172, © 2021 INFORMS

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

14
5.

5.
17

6.
8]

 o
n 

04
 J

ul
y 

20
22

, a
t 2

3:
58

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 
Published in Management Science on August 12, 2021 as DOI: 10.1287/mnsc.2021.4067. 

This article has not been copyedited or formatted. The final version may differ from this version.


