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Investor Interest and Hedge Fund Returns

Abstract

Employing a new dataset of over 8,000 expressed demands for over 700 hedge funds from
a secondary market for hedge funds, this paper finds evidence that hedge fund investors
rationally anticipate future hedge fund performance. Both demand and supply indica-
tions of interest arrive following periods of fund outperformance. Demand (supply) in-
dications forecast increases (decreases) in strategy-adjusted hedge fund returns over the
subsequent year, and large dollar-amount indications are better forecasters than small-
dollar amount indications. Indication-based capital allocation strategies are potentially
useful to real-world investors: they yield high alphas when implemented using calendar-

time portfolios.



1. Introduction

Hedge fund assets under management have exploded over the past decade, and declined
significantly in the past few months. Concurrently, press reports are full of anecdotes
about the stellar — or more recently, dreadful — performance of hedge funds. These obser-
vations are closely connected: The allocation of capital to hedge funds responds to hedge
fund returns, and if hedge fund investors rationally anticipate future returns, their cap-
ital allocation decisions may forecast hedge fund performance. Since investors in hedge
funds are either wealthy individuals or large institutions, it might naturally be presumed
that they are rational decision makers.! However in theories by DeLong et al. (1990),
Barberis and Shleifer (2003), and Hong and Stein (2003), “trend-chasing” — where capital
allocation decisions follow recent patterns in returns — is the behaviour of naive investors
that follow simple rules of thumb.

Many authors have discovered that capital flows to hedge funds chase past hedge
fund returns and past hedge fund alphas (see Baquero and Verbeek (2008), Fung, Hsieh,
Naik and Ramadorai (2008), Wang and Zheng (2008) and Ding, Liang, Getmansky and
Wermers (2009)). Furthermore, capital flows chase funds with high imputed managerial
deltas, suggesting that investors are interested in fund managers with high incentives
to perform in the future (Agarwal, Daniel and Naik (2009)). In light of the strong evi-
dence for hedge fund performance persistence (see Kosowski, Naik and Teo (2006) and
Jagannathan and Novikov (2008)?), these findings suggest that hedge fund investors are
rational trend-chasers, with the ability to anticipate hedge fund performance. If this is
true, and such rational investors compete to allocate capital to purchase managerial tal-
ent, then in the presence of capacity constraints in implementing hedge fund strategies,
Berk and Green (2004) predict that in equilibrium, hedge fund alphas will shrink to zero,

and performance persistence will disappear.

ISee Cohen, Gompers and Vuolteenaho (2002) and Campbell, Ramadorai and Schwartz (2008) for evi-
dence that institutional investors make rational trading decisions. Hvidjkaer (2006) and Malmendier and
Shanthikumar (2007) identify the size of transactions - and hence the wealth of the investors engaging in
them - with the sophistication of these investors.

2A partial list of other work on hedge fund performance includes Fung and Hsieh (1997, 2004 a,b),
Ackermann, McEnally and Ravenscraft (1999), Liang (1999), Agarwal and Naik (2004), Chen and Liang
(2007), Patton (2009).



Before accepting this conclusion, it is worth noting that the evidence of hedge fund
investor rationality is almost exclusively derived from regressions that condition capi-
tal flows and hedge fund returns on one another. This is problematic for at least three
reasons: First, flows are an imperfect measure of investor interest, as they are calculated
from assets under management and return data, employing assumptions about the tim-
ing of the arrival of money into the fund at a particular time within the month. The
well-documented biases inherent in hedge fund returns (see Fung and Hsieh (2000) and
Liang (2000)) are inherited by flows imputed from these calculations, making them a
noisy measure of investors’ true allocation decisions. Second, the combination of lockup
and redemption notice periods in hedge funds, and the ability for funds to close to new in-
vestments breaks the link between investors” desires and the observed behavior of flows.
Flows are only partial signals of the expectations of investors in the presence of these con-
straints on investors’ ability to enter and exit hedge funds (see Ding, Getmansky, Liang
and Wermers (2009) for an in-depth analysis of this issue). Third, flows have been found
to forecast future declines in hedge fund returns and alphas, consistent with the presence
of capacity constraints in the implementation of hedge fund strategies.®> This complicates
assessments of investors’ rationality using such forecasting regressions. The observed
negative sign in the forecasting relationship of flows for hedge fund returns is consis-
tent with two possibilities: Either investors are getting it wrong about future hedge fund
returns; or hedge fund managers accept unreasonably high amounts of capital from ra-
tional investors, and succumb to capacity constraints, which are revealed in subsequent
declines in their future returns.

This paper adopts a different approach to ascertain whether hedge fund investors ra-
tionally anticipate hedge fund returns, analyzing a large dataset of indications of investor
interest to purchase and sell hedge funds between 2002 and 2009, from Hedgebay, one of
the only known venues for secondary trading of ownership stakes in hedge funds.* The

data comprises over 8,000 indications of interest over the period, in over 500 hedge funds.

3See Naik, Ramadorai and Stromqvist (2007), Fung, Hsieh, Naik and Ramadorai (2008), Teo (2008),
Zhong (2008) and Avramov et al. (2009).

4See “How hedge funds are bought and sold online”, The Economist, August 4, 2005; and “All locked-
up”, The Economist, August 2, 2007.



These indications of interest arrive at Hedgebay, and are mailed out to their client base
periodically; the information contained in these mailings are dollar amounts demanded
or supplied in each hedge fund that is listed. The indications occasionally translate into
transactions between investors, but are not associated with new capital infusions into
funds.® This ensures that the forecasting ability of these indications is insulated from
concerns about capacity constraints. Furthermore, the use of these indications does away
with the need to impute flows from potentially noisy return and AUM information. Fi-
nally, since indications on the secondary market arise from a desire to surmount lockup
and redemption notice periods, such restrictions do not affect inferences derived from
this source.

Analysis of these data confirms that prospective hedge fund investors rationally an-
ticipate hedge fund returns. Indications of interest to buy hedge funds forecast increases
in future abnormal (strategy-adjusted) hedge fund returns, and conversely, indications of
interest to sell forecast declines in future abnormal hedge fund returns. This forecasting
power is more pronounced when the dollar size of the indication is taken into account.
Expressed desires to engage in large dollar-size transactions, in general, appear to be bet-
ter forecasters of future performance. This finding has interesting similarities with the
literature on equity trading (see Hvidjkaer (2006) and Malmendier and Shanthikumar
(2007)) which seeks to identify the size of a transaction with the sophistication of the in-
vestor engaging in it. If we adopt the same classification of smaller-sized indications as
coming from less sophisticated investors, this might explain why larger-sized indications
have greater forecasting power. There is also the possibility that size-based classifications
are simply picking up different investor groups with different motivations for trade: Liq-
uidity demands for selling may co-exist in the data with more information-driven moti-
vations for trade.

The predictability of hedge fund abnormal returns by indications of interest survives
the introduction of several controls into the forecasting regressions. Indications forecast
abnormal returns over and above lagged returns, suggesting that performance persis-

tence is not the only source of information available to hedge fund investors. Indications

®Ramadorai (2009) analyzes these completed transactions.
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also forecast abnormal returns over and above lagged flows, and computed managerial
compensation deltas (computed using the method of Agarwal, Daniel and Naik (2009)).
Taken together, these findings suggest that investors possess private information about
the future return prospects of hedge funds.

It is also worth noting that when both capital flows and indications of interest are in-
cluded in the return forecasting regression simultaneously, capital flows negatively fore-
cast hedge fund abnormal returns, while indications of interest positively forecast returns.
This appears to confirm the co-existence of hedge fund investor rationality and capac-
ity constraints in hedge funds. The forecasting power is also attenuated, but not elimi-
nated, by the introduction of a control for selection bias, computed using the method of
Heckman (1979). Finally, the results are confirmed by the construction of calendar-time
portfolios based on demand and supply indications, holding funds experiencing such
indications for a period of 12 calendar months. The resulting ‘investor demand” portfo-
lios outperform the aggregate hedge fund portfolio in terms of alpha from a Fung-Hsieh
seven factor model, while the resulting ‘investor supply” portfolios underperform the
aggregate hedge fund portfolio, suggesting that the demand and supply indications are
useful conditioning information for a real-world investor contemplating investments into
hedge funds.

Finally, the much-noted trend-chasing behavior of hedge fund flows also shows up in
indications of interest, with one twist: Both demand indications of interest and supply in-
dications of interest follow periods of abnormally high hedge fund performance. The fact
that run-ups in abnormal hedge fund returns precede indications of interest to buy echoes
the findings in the literature of alpha-chasing by hedge fund investors. The fact that sell
indications are also preceded by run-ups in abnormal hedge fund returns suggests that
portfolio rebalancing may be one underlying motivation for these indications.

The remainder of this paper is organized as follows: the next section describes the
data employed in the study, the third section describes the methodology and the results,

the fourth section conducts robustness checks, and the final section concludes.



2. Data

2.1. Secondary Market Data

The data employed in this study come from Hedgebay, the longest-running trading venue
for hedge funds. Transactions are conducted as follows: indications of interest for buying
and selling hedge funds are either posted on Hedgebay’s website by interested parties,
or phoned in to Hedgebay directly. These indications are either matched to counter-
vailing and pre-existing indications of interest in the same fund on the website, or are
disseminated to prospective buyers or sellers in Hedgebay’s client list via phone. Once
an interested party on the other side of the transaction has been identified, bargaining
is conducted by both parties engaging in unilateral negotiations with Hedgebay. Strict
anonymity is preserved in these transactions about the identities of the counterparties
involved. Once agreement has been reached about the terms of the deal (trade amount
and discount or premium to end-of-month NAV), the approval of the fund manager is
required to complete the transaction. While transactions are conducted throughout the
month, they are settled during the last few days of the month, just following the report of
the fund’s NAV at the end of each month. Thus, these are technically short-dated forward
contracts entered into mid-month, which are legally binding between counterparties once
approval of the fund manager has been obtained. The existence of this market allows in-
vestors to transact in closed share classes of funds, i.e., funds closed to new investments,
or specific share classes which fund managers have stopped issuing. It also offers an
opportunity for investors to liquidate their holdings within the lock-up or redemption
notice period. The premia and discounts from these transactions exhibit similar behavior
to closed-end fund discounts and premia in mutual funds (see Ramadorai (2009)).

The secondary market data used in this paper comprise 8,656 expressions of interest
to buy or sell in 713 funds that are identified from a consolidated dataset compiled from
TASS, HFR, CISDM and Morningstar (details on the consolidated dataset are in the Ap-
pendix), over the period from January 2002 to February 2009. The coverage (compiled
from mailings sent out to Hedgebay’s client list which were saved by the data provider)

is somewhat patchy in the early years of the data sample. Furthermore, in the early period



of the data, there are often multiple report dates per month. The frequency of mailings
depended on the amount of new interest put forward by investors on Hedgebay’s website
in any given month. However in the more recent years, Hedgebay has begun sending out
these mailings roughly once a month, resulting on average in 12 mailings per year from
2006 onwards. Table I shows some basic details about these indications. On average, both
demand and supply indications are quite large, at approximately U.S.$ 5 million per indi-
cation, which translates roughly to around 4% of the AUM of the funds for which they are
issued. Both demand and supply indication distributions are skewed to the right, there
are several very large indications in both sets.

Table II breaks these indications down by the year in which they arrive. This table
shows that the total dollar amount of indications, as well as the number of funds for
which indications came into the market have been steadily increasing over the 2002 to
2009 period. However, there is not much growth in the normalized amounts, which sug-
gests that the growth in the secondary market has roughly mirrored the well-documented
rate of growth in the size of the average hedge fund over the same period. Table II also
shows that the average number of indications per fund was very high at the beginning
of the sample, with approximately 16 (9) indications per fund on the demand (supply)
sides. As the market grew, the number of funds for which indications were issued went
up, but the total number of indications did not.

The rows labelled ‘N(Premium)’ and ‘N(Discount)’ refer to data that Hedgebay recorded
during the first three years of the data sample, namely whether the indications were ac-
companied by expressions of willingness to trade at premia or discounts to end-of-month
NAV. Unfortunately Hedgebay do not have any records of these premium/discount in-
dicators from 2005 to 2009. Finally, it appears that the number of demand indications fell
in 2008, relative to the number of supply indications. This roughly mirrors the difficulties

that hedge funds experienced in generating returns in that year.



2.2. Hedge Fund Returns and Characteristics, and Factor Data
2.2.1. Characteristics of the Sample

All transactions are matched (by name and management company) to the consolidated
TASS, HFR, CISDM and Morningstar database, for administrative information, returns,
and AUMs of funds around the time of transactions. Appendix A lists details of this
matching procedure. There are 9,305 funds in the combined universe. Funds’ vendor-
provided strategies are consolidated to a list of nine — Security Selection; Macro; Relative
Value; Directional Traders; Emerging Markets; Fixed Income; Multi-Strategy; Funds of
Funds and Other. Details about the mappings between vendor-provided styles and the
list of nine strategies are provided in Appendix Table A.1. Strategy average returns and
other aggregate statistics are compiled from indices created using these 9,305 funds.
Table IIl below shows the characteristics of the matched sample relative to the universe
of hedge funds. The statistics reveal that the matched funds have more severe investment
restrictions in the form of lockups, and longer redemption restrictions than the remainder
of the hedge fund universe. They also charge higher incentive fees, and are more likely to
be domiciled in offshore financial centres than the remainder of the hedge fund universe.
Interestingly, the strategy composition of the sample is very similar to that of the universe,
with three main exceptions. There are far fewer funds-of-funds and directional traders for
which there are indications of interest in the data relative to their frequency in the hedge
fund universe, and far more multi-process funds represented in the data relative to the
universe. This may be a consequence of the relatively high (low) liquidity offered by most

funds-of-funds and directional traders (multi-process funds).

2.2.2. Fung-Hsieh Factors

Apart from strategy-adjustment, the main method of risk adjustment used in the paper
is the Fung and Hsieh (2004) seven-factor model. The Fung and Hsieh factors have been
shown to have considerable explanatory power for fund-of-fund and hedge fund returns.
The set of factors comprises the excess return on the S&P 500 index (SNPMRF); a small

minus big factor (SMB) constructed as the difference between the Wilshire small and large



capitalization stock indices (I use the SMB factor obtained from Kenneth French’s website
as a proxy for this); the excess returns on portfolios of lookback straddle options on cur-
rencies (PTFSFX), commodities (PTFSCOM), and bonds (PTFSBD), which are constructed
to replicate the maximum possible return to trend-following strategies on their respective
underlying assets; the yield spread of the U.S. 10-year Treasury bond over the 3-month
T-bill, adjusted for the duration of the 10-year bond (BD10RET); and the change in the
credit spread of Moody’s BAA bond over the 10-year Treasury bond, also appropriately
adjusted for duration (BAAMTSY).

The next section introduces the methodology and discusses the results.

3. Methodology and Results

3.1. Is There Information Content in the Indications?

As a first step, standard event-study methodology is employed. First, abnormal returns

are created for a fund i at event date t:
ARt = Riyt — Ry, (3.1)

where Rg;; is the return on the strategy to which the fund belongs (using the nine strategy
classifications).
Second, these abnormal returns are averaged across all funds, to generate mean ab-

normal returns at each event date:
1 N
MARy = — ) ARy (3.2)
Nt ;5

Finally, these abnormal returns are cumulated to generate the total abnormal return

on the portfolio up until any specific date:

t
CAR; = ) MAR; (3.3)
k=1



The red dashed lines in figures, where they appear, indicate +/- 2 standard error
bounds for the CARs, constructed using the non-parametric delete-cross-section jackknife
method, in the spirit of Shao and Wu (1989) and Shao (1989). The jackknife does not re-
quire normality, is consistent in the presence of heteroskedasticity and, in this specific
implementation, cross-correlation in calendar time at each event date.®

Figure 1 plots the CAR’s from 24 months prior to a buy indication of interest to 24
months after the buy indication of interest. The figure reveals a pronounced pattern in
the CAR’s prior to the arrival of the indication of interest. They rise to approximately
13% by the time the indication arrives. This corresponds to a roughly 54 basis point per
month out-performance of the fund relative to the average return of the strategy over the
period prior to the indication. This is consistent with the findings in the literature that
connect flows to past hedge fund returns and hedge fund alphas. However, what is also
interesting in this figure is the behavior of the CARs following the arrival of the buy indi-
cation of interest. Over the 24 month period, the out-performance of the fund relative to
the strategy continues, and at the end of the 24 month period, the CAR stands at 17.22%,
a rise of close to 4% subsequent to the indication of interest. The lower confidence inter-
val is higher than 13% by the end of the window, showing that this result is statistically
significant. Figure 2 plots the CAR's following sell indications of interest, and the associ-
ated confidence intervals for these CARs. The figure reveals another interesting pattern.
Again, there appears to be statistically significant out-performance of these funds relative
to the strategy prior to the arrival of the indication. This is, however, far smaller than in
the case of the buy indications of interest, with the CAR at 4.6% over the 24 month period
prior to the arrival of the sell indication. However, following the sell indication, there
is an economically significant decline in the CAR - by the end of the 24 month period,
the CAR is at 2.72%. This decline is also statistically significant in the 6 month period
following the sell indication.

Table IV and Table V conduct a more formal test, regressing the strategy-adjusted re-

®To compute the jackknife standard error for an estimator, we form the estimator for T delete-cross-
section jackknife data samples, constructed by deleting all funds i for each calendar time period t in T. The
standard deviation of the resulting jackknife trials, appropriately scaled, is the jackknife standard error of
the estimator at each event date.



turns on the demand and supply indicators in event time, and controlling for additional
regressors that may be expected to affect these returns. Table IV employs a short window
of -12 to +12 months surrounding the arrival of the indication, and Table V looks at re-
turns in a -24 to +24 month window surrounding the indication. Table IV reveals that on
average, strategy-adjusted returns have the expected sign in the year following the arrival
of demand (positive) and supply (negative) indications across all specifications, but that
the statistical significance of the results is weak in the short window, especially once the
persistence of strategy-adjusted returns is controlled for. Table V shows that the result is
stronger for the longer two year window, mimicking the result seen in Figure 1, with the
buy indication forecasting increases in the strategy-adjusted return. Note that the inter-
cept in the specification is introduced to account for the handful of fund-dates on which
both buy and sell indications are observed for funds. Note also that the introduction of
the managerial option delta and total delta measures (constructed using the method of
Agarwal, Daniel and Naik (2009), see Appendix B) eliminate the statistical significance
of the demand indication, suggesting that on average, investors may be using signals
embedded in past returns to gauge the alignment of the incentives of the manager with
outside investors. However, as we will see in the next section, once we condition on the
size of the indication, there is additional forecasting power provided by the indications

of interest that is not available from using return, flow and fee-based signals.

3.2. Conditioning on the Size of the Indication

A standard assumption in the literature that seeks to identify institutional trading in eq-
uities is that the size of the transaction is a good proxy for the size/sophistication of the
investor (see Hvidkjaer (2006) and Malmendier and Shanthikumar (2007) among others).
This insight is based on using a wealth constraint to separate investor types — for exam-
ple, large institutional investors or wealthy individuals can trade in large dollar sizes.
Others dispute this logic, finding that institutional investors’ trading is associated with
very small trades as well (some refer to this as ‘stealth-trading’, see Barclay and Warner
(1993), Chakravarty (2001), and Campbell, Ramadorai and Schwartz (2008)). This latter

perspective is more related to Kyle (1985) logic, namely that informed traders will at-
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tempt to disguise their trading behavior in order to avoid tipping off their counterparties
about the information contained in their transactions. Either way, the size of the indica-
tion should be useful conditioning information when assessing the forecasting ability of
indications of interest for future hedge fund returns.

Tables VI and VII use the sizes of the indications to separate their forecasting power
for future returns. The indications are divided into those buy and sell indications larger
than or equal to the 75! percentile of buy and sell indications (‘Big’ demand and supply
indicators), and those smaller than or equal to the 25 percentile of buy and sell indica-
tions (‘Small” demand and supply indicators), where size is simply the indication dollar
amount. Both tables show that using information about the size of the indication sig-
nificantly improves the forecasting power of the indications for future strategy-adjusted
returns. On the buy side, larger indications are followed by larger movements in CAR’s
relative to smaller sized indications. On the sell side, small indications are more reliable
forecasters of declines in future CARs than larger indications. On the buy side, larger in-
dications do appear to be more informative about future returns than smaller indications.
This is consistent with larger investors in hedge funds either having better information
about the future, or processing available information more efficiently than smaller in-
vestors, with the caveat that the size-based separation of indications is assumed to be an
accurate representation of the size of the investors putting them in.

On the sell side, the ‘stealth-trading” logic seems to apply. These differences suggest
that there may be different motivations for wanting to trade that are showing up in the
analysis of the aggregate set of indications. For example, liquidity-based motivations for
large sales could co-exist with information-driven smaller sell indications. The other co-
efficients in the regressions are also worth highlighting. First, strategy-adjusted returns
are very persistent: The coefficient on lagged, non-overlapping strategy-adjusted returns
is always significant when included. Second, lagged flows come in negative and statis-
tically significant when the option delta variables are included, echoing the findings of
capacity constraints in hedge fund documented by several authors (Naik et al. (2007),
Zhong (2008)). The coexistence of predictability from indications and the negative fore-

casting power of flows for future returns suggests that hedge fund investor rationality
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co-exists with hedge fund managers taking on excessive capital in the presence of capac-
ity constraints in hedge funds. Finally, the manager’s option delta is a useful indicator of
future excess hedge fund returns, in line with the findings in Agarwal et al. (2009).
These findings point strongly towards the notion that prospective hedge fund in-
vestors rationally anticipate the future return prospects of hedge funds. Moreover, they
appear to possess information that is not merely contained in past returns, or the fund
characteristics that appear as controls in the forecasting regressions. However, two con-
cerns remain about these specifications. The first is that there may be special features
about the sample of funds that appear on Hedgebay, relative to their counterparts in
the universe, causing the results of these forecasting regressions to be unrepresentative
of wider hedge fund investor rationality. The second concern is that the use of strategy-
adjustment of excess returns does not appropriately control for the risks underlying hedge
fund returns. The next section presents robustness checks of the results in response to

these concerns.

4. Robustness Checks

4.1. What Determines Whether a Fund is Traded on the Market?

Specifications estimated on indications of interest sourced from Hedgebay employ a rel-
atively small fraction of funds from the entire hedge fund universe. These funds, as out-
lined above, have several characteristics that look different from those of their counter-
parts in the broader universe of funds. Therefore, the sample may not be representative
of the population of funds. These differences lead to questions about the results in Ta-
ble VI and VII: Are they representative of the ‘true” behavior of hedge fund investors
when they are making investment decisions? Any coefficients purporting to explain the
behavior of the future returns of funds solicited on Hedgebay may be contaminated by
correlation between the residuals in these explanatory regressions, and the unobserved
determinants of the selection of a fund to trade on the market. This necessitates the use of
controls to ensure that the results are not biased by this correlation. Consequently, I apply

Heckman’'s (1979) two-stage procedure to correct for possible selection bias. In this pro-
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cedure, a first-stage probit regression is estimated on the entire universe of hedge funds
and funds-of-funds to capture the determinants of selection. The inverse Mills ratio is
then computed from this first stage probit, and incorporated into the explanatory regres-
sion for the strategy-adjusted excess returns as the selection bias correction. A useful set
of insights is also provided by the probit regression: It helps us understand when and
what kinds of funds are most likely to be the objects of interest for hedge fund investors.

Technical details about estimation are in Appendix C.

4.1.1. The Exclusion Restriction

An important identifying assumption when applying the Heckman correction is that
there are some variables that explain selection, but not the level of transactions premi-
ums. If there is no such “exclusion restriction,” the model is identified only by distribu-
tional assumptions about the residuals, which could lead to problems in estimating the
parameters of the model (see Sartori (2003)). The exclusion restriction that I employ is
OFFSHORE;, a dummy variable that takes the value of 1 if the fund is domiciled in an
offshore financial centre such as Bermuda or the Cayman Islands. Using the domicile of
a fund as the exclusion restriction is justifiable if its domicile status affects the propensity
of a fund to be traded on Hedgebay, but does not affect the strategy-adjusted returns of a
fund.

There are numerous tax benefits to being located offshore, and the tax implications of
a fund’s changing hands on Hedgebay are less complicated if the fund is offshore. This
is the main reason why, reading from Table III, 70% of the funds traded on Hedgebay are
offshore. This makes the domicile of a fund a useful instrument to explain the propensity
of a fund to be traded on Hedgebay. It is worth noting that the onshore-offshore classi-
tications employed by the vendors are likely to be noisy indicators of the true domicile
of funds, as funds headquartered in offshore centres such as Bermuda are occasionally
classified as onshore funds by vendors, and vice versa. However, since this noise should
affect the onshore-offshore ratios in the universe of funds and the sample of Hedgebay
funds similarly, it should not affect the use of OFFSHORE as a determinant of selec-

tion. As far as the determinants of the premium are concerned, Liang and Park (2008)
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present evidence that the main channel through which the domicile of the fund affects its
performance is the presence of share restrictions. These authors document that offshore
domiciled funds impose less severe lockup restrictions than onshore funds on their in-
vestors, but that these restrictions are more binding when they are employed. Therefore
a useful proxy for the illiquidity of a fund’s shares is the interaction between the presence
of a lockup restriction and the OFFSHORE dummy. To make sure that the OFFSHORE
dummy is not capturing this potential joint determinant of selection and the expected fu-
ture returns of a fund, I include this interaction term in the selection equation along with
the OFFSHORE dummy.

To balance concerns of sample size and inclusiveness, I estimate the selection equation
as a fund-year panel, with average returns measured over the previous calendar year to
December, and the rank variables computed as of December prior to the year in which
the indication appears for the fund on Hedgebay. The final set of variables in the selection
equation comprises the strategy dummies; the entire set of static variables employed in
Table III; three dynamic variables, namely: average returns over the previous year, the
size of the fund captured by its rank in the cross-sectional distribution each year, and the
minimum investment level of the fund, also measured by its percentile rank each year;

and finally OFFSHORE.

4.1.2. Results: Probit Selection Equation

Table VIII presents results from estimating the probit model for selection. The panel
regression is estimated using a total of 32,746 fund-year observations comprising both
hedge funds and funds-of-funds, of which there are 1, 114 fund-years in which trades oc-
curred on Hedgebay. The Chi-squared statistic from a Wald test of the null hypothesis that
all coefficients are jointly zero is 986.21, a rejection of the null that none of the variables
employed in the probit are useful for explaining selection at the 1% level of significance.
The table presents marginal effects of each continuous right-hand side variable, that is,
the change in the probability of selection that results from an infinitesimal change in each
variable. They reveal that the continuous variables in the specification (the mean returns

of the funds over the year prior to the year of the transaction and the fund size) are both
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positive and significant determinants of selection. Clearly past performance and the size
of the fund (and indication of past performance over a longer term) are both significant
determinants of indications of interest arriving for funds. Furthermore, the management
fees and incentive fees are positively associated with the arrival of indications of inter-
est. These results confirm the anecdotal evidence that highly successful funds raise their
fees. The funds are also likely to be demanded on Hedgebay when they have high to-
tal redemption restrictions (lockup + redemption frequency + redemption notice period),
which accords with the fact that Hedgebay is an important venue for the acquisition or
disposal of funds that are do not easily permit capital withdrawal.

The marginal effects of the binary right-hand side variables are differences in the prob-
ability of selection when the variable takes the value of 1 rather than 0. Of these binary
variables, most of the strategy dummies are significant at the 5% level. This reflects the
fact that the strategy mix of the sample under consideration in this study differs signif-
icantly from that in the universe of all hedge funds and funds of funds. Turning to the
other binary var