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ABSTRACT

Hedge Fund Essays

Sergiy Gorovyy

This dissertation analyzes hedge fund leverage and its determinants, investigates optimal hedge
fund manager behavior induced by hedge fund contracts, and uncovers an evidence of a hedge
fund transparency risk premium. The first essay investigates the leverage of hedge funds in the
time series and cross-section. Hedge fund leverage is found to be counter-cyclical to the leverage
of listed financial intermediaries. Changes in hedge fund leverage tend to be more predictable by
economy-wide factors than by fund-specific characteristics. In particular, decreases in funding
costs and increases in market values both forecast increases in hedge fund leverage. Decreases
in fund return volatilities predict future increases in leverage. In the second essay, | investigate
hedge fund compensation from an investor's point of view in a model with a risk neutral fund
manager who can continuously rebalance the fund's holdings. | solve for the optimal leverage
level in a fund that has a compensation contract with a high-water mark and hurdle rate
provisions where management and performance fees are paid at discrete time moments. The
compensation contract induces risk-loving behavior with managers often choosing the maximum
leverage. Third essay investigates risk premia associated with hedge fund transparency, liquidity,
complexity, and concentration over the period from April 2006 to March 2009. Consistent with
factor models of risk, we find that during normal times low-transparency, low-liquidity, and
high-concentration funds delivered a return premium, with economic magnitudes of 5% to 10%

per year, while during bad states of the economy, these funds experienced significantly lower



returns. We also offer a novel explanation for why highly concentrated funds command a risk
premium by revealing that the risk premium is mostly prevalent among non-transparent funds
where investors are unaware about the exact risks they are facing and hence cannot diversify

them away.
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1. Introduction

The events of the financial crisis over 2007—-2009 have maekyr the importance of
leverage of financial intermediaries to both asset pricelstaa overall economy. The ob-
served “deleveraging” of many listed financial institutoturing this period has been the
focus of many regulators and the subject of much res@rﬁhe role of hedge funds has
played a prominent role in these debates for several readeirs, although in the recent
financial turbulence no single hedge fund has caused a,dti@sssue of systemic risks
inherent in hedge funds has been lurking since the failutkeohedge fund Long-Term Cap-
ital Management L.P. (LTCM) in 1998.Second, within the asset management industry, the
hedge fund sector makes the most use of leverage. In facteld@/ely high and sophis-
ticated use of leverage is a defining characteristic of tligadund industry. Third, hedge
funds are large counterparties to the institutions diyemtlerseen by regulatory authorities,
especially commercial banks, investment banks, and othandial institutions which have
received large infusions of capital from governments.

However, while we observe the leverage of listed financidrmediaries through peri-
odic accounting statements and reports to regulatory atigs little is known about hedge
fund leverage despite the proposed regulations of hedgisfurthe U.S. and Europe. This
is because hedge funds are by their nature secretive, opaugibave little regulatory over-
sight. Leverage plays a central role in hedge fund managervany hedge funds rely on
leverage to enhance returns on assets which on an unlevasedviould not be sufficiently
high to attract funding. Leverage amplifies or dampens maikle and allows funds to ob-
tain notional exposure at levels greater than their capésé. Leverage is often employed by
hedge funds to target a level of return volatility desiredrmestors. Hedge funds use lever-

age to take advantage of mispricing opportunities by siamgbusly buying assets which are

1 See, for example, Adrian and Shin (2009), Brunnermeierg2@runnermeier and Pedersen (2009), and

He, Khang, and Krishnamurthy (2010), among many others.
2 Systemic risks of hedge funds are discussed by the Presid®atking Group on Financial Markets

(1999), Chan et al. (2007), Kambhu, Schuermann, and St&067), Financial Stability Forum (2007), and
Banque de France (2007).



perceived to be underpriced and shorting assets which areiped to be overpriced. Hedge
funds also dynamically manipulate leverage to respond &mgimg investment opportunity
sets.

We are the first paper, to our knowledge, to formally investgedge fund leverage us-
ing actual leverage ratios with a unique data set from a ffrldedge-funds. We track hedge
fund leverage in time series from December 2004 to Octob@® 28 period which includes
the worst periods of the financial crisis from 2008 to earlp20We characterize the cross-
section of leverage: we examine the dispersion of leveragesa funds and investigate the
macro and fund-specific determinants of future leveragagés We compare the leverage
and exposure of hedge funds with the leverage and totalaskktted financial companies.
As well as characterizing leverage at the aggregate leeshvestigate the leverage of hedge
fund sectors.

The prior works on hedge fund leverage are only estimates €sg., Banque de France,
2007; Lo, 2008) or rely only on static leverage ratios repiiy hedge funds to the main
databases. For example, leverage at a point in time is us&thnyeeweis et al. (2004) to
investigate the relation between hedge fund leverage aadhee Indirect estimates of hedge
fund leverage are computed by McGuire and Tsatsaronis {2808y factor regressions with
time-varying betas. Even without considering the sampdimgr in computing time-varying
factor loadings, this approach requires that the compédtefdactors be correctly specified,
otherwise the implied leverage estimates suffer from @dittariable bias. Regressions can
also not adequately capture abrupt changes in leverageer @tirk by Brunnermeier and
Pedersen (2009), Gorton and Metrick (2009), Adrian and $2@10), and others, cites
margin requirements, or haircuts, as supporting evidehtiene-varying leverage taken by
proprietary trading desks at investment banks and hedgisfurhese margin requirements
give maximum implied leverage, not the actual leveragettlaaters are using. In contrast,
we analyze actual leverage ratios of hedge funds.

Our work is related to several large literatures, some otiviiave risen to new promi-
nence with the financial crisis. First, our work is relatedpdimal leverage management by
hedge funds. Duffie, Wang, and Wang (2008) and Dai and Susaai@010) derive theo-



retical models of optimal leverage in the presence of mamage fees, insolvency losses,
and funding costs and restrictions at the fund level. At tharfce sector level, Acharya and
Viswanathan (2008) study optimal leverage in the presemeeaval hazard and liquidity
effects showing that due to deleveraging, bad shocks thaidmain good times are more
severe. A number of authors have built equilibrium modelsngheverage affects the entire
economy. In Fostel and Geanakoplos (2008), economy-widgil@ium leverage rises in
times of low volatility and falls in periods where uncertgims high and agents have very
disperse beliefs. Leverage amplifies liquidity losses aadl$ to overvalued assets during
normal times. Stein (2009) shows that leverage can be ctapénally by individual hedge
funds, but this can create a fire-sale externality causistgsyic risk by hedge funds simul-
taneously unwinding positions and reducing leverage. dlaee also many models where
the funding available to financial intermediaries, and ledegerage, affects asset prices. In
many of these models, deleveraging cycles are a key paregirthpagating mechanism of
shockg Finally, a large literature in corporate finance examines bompanies determine
optimal leverage. Recently, Welch (2004) studies the datents of firm debt ratios and
finds that approximately two-thirds of variation in corp@rdeverage ratios is due to net
issuing activity.

The remainder of the paper is organized as follows. We begBeiction 2 by defining
and describing several features of hedge fund leveragéo8é&cdescribes our data. Section
4 outlines the estimation methodology which allows us tetakcount of missing values.

Section 5 presents the empirical results. Finally, Sediooncludes.
2. The Mechanics of Hedge Fund L everage
2.1. Gross, Net, and Long-only Leverage

A hedge fund holds risky assets in long and short positiogestteer with cash. Leverage

measures the extent of the relative size of the long and pbsitions in risky assets relative

3 See, for example, Gromb and Vayanos (2002), He and Krishrtagn{2009), Brunnermeier and Pedersen
(2009), and Adrian and Shin (2010).



to the size of the portfolio. Cash can be held in both a longtioosor a short position, where
the former represents short-term lending and the latteesemts short-term borrowing. The
assets under management (AUM) of the fund is cash plus tfexetice between the fund’s
long and short positions and is the value of the claim all stwes have on the fund. The net
asset value (NAV) per share is the value of the fund per shatessequal to AUM divided
by the number of shares. We use the following three defirstafrieverage, which are also
widely used in industry:
Gross leveragés the sum of long and short exposure per share divided by WA defini-
tion implicitly treats both the long and short positions eparate sources of profits in their
own right, as would be the case for many long-short equitgléunThis leverage measure
overstates risk if the short position is used for hedging @oels not constitute a separate
active bet. If the risk of the short position by itself is sinal the short position is usually
taken together with a long position, a more appropriate defimof leverage can be:
Net leverages the difference between long and short exposure per skaressed as a
proportion of NAV. The net leverage measure captures ordyldhg positions representing
active positions which are not perfectly offset by shortdes] assuming the short positions
represent little risk by themselves. Finally, we consider,
Long-only leverag®r Long leverageas defined as the long positions per share divided by
NAV. Naturally, by ignoring the short positions, long-origverage could result in a large
underestimate of leverage, but we examine this conseevativgasure because the report-
ing requirements of hedge fund positions by the U.S. Seesrind Exchange Commission
(SEC) involve only long positiorns.We also investigate if long leverage behaves differently
from gross or net leverage, or put another way, if hedge fastigely manage their long and
short leverage positions differently.

Only a fund 100% invested in cash has a leverage of zero fahede leverage defi-

nitions. Furthermore, for a fund employing only levereddgositions, all three leverage

4 Regulation 13-F filings are required by any institutionakistor managing more than $100 million. Using
these filings, Brunnermeier and Nagel (2004) examine lamg-bedge fund positions in technology stocks
during the late 1990s bull market.



measure coincide. Thus, active short positions inducerdiffces between gross, net, and
long-only leverage. Appendix A illustrates these defimsf leverage for various hedge

fund portfolios.
2.2. How do Hedge Funds Obtain Leverage?

Hedge funds obtain leverage through a variety of means,hwihépend on the type of
securities traded by the hedge fund, the creditworthinédiseofund, and the exchange, if
any, on which the securities are traded. Often leverageoiged by a hedge fund’s prime
broker, but not all hedge funds use prime brol@r‘sy far the vast majority of leverage is
obtained through short-term funding as there are very falgdunds able to directly issue
long-term debt or secure long-term borrowing.

In the U.S., regulations govern the maximum leverage pé&ethin many exchange-
traded markets. The Federal Reserve Board’s Regulatione§ (R allows investors to
borrow up to a maximum 50% of a position on margin (which leda maximum level
of exposure equal té/0.5 = 2). For a short position, Reg T requires that short-sale ac-
counts hold collateral of 50% of the value of the short implya maximum short exposure
of two. By establishing offshore investment vehicles, leefighds can obtain “enhanced
leverage” higher than levels allowable by Reg T. Prime brekewve established facilities
overseas in less restrictive jurisdictions to provide s@isszice. Another way to obtain higher
leverage than allowed by Reg T is “portfolio margining” whiis another service provided
by prime brokers. Portfolio margining was approved by th€$E2005 and allows margins
to be calculated on a portfolio basis, rather than on a sgelytsecurity basi

Table[1 reports typical margin requirements (“haircut&quired by prime brokers or

other counterparties. The last column of the Table 1 listyhical levels of leverage able to

5 In addition to providing financing for leverage, prime brokprovide hedge fund clients with risk manage-
ment services, execution, custody, daily account statesnand short-sale inventory for stock borrowing. In
some cases, prime brokers provide office space, computthfyating infrastructure, and can even contribute

capital.
8 Portfolio margining only applies to “hardwired” relatigrsich as calls and puts on a stock, and the under-

lying stock itself, rather than to any statistical corrielas between different assets.



be obtained in each security market, that are the inverdeeafiargin requirements. These
are obtained at March 2010 by collating information fromnpei brokers and derivatives
exchangeg Note that some financial instruments, such as derivativedsoations, have
embedded leverage in addition to the leverage availabhe éxternal financing. The highest
leverage is available in Treasury, foreign exchange, andat&es security markets such as
interest rate and foreign exchange swaps. These swapdtemsaare over the counter and
permit much higher levels of leverage than Reg T. These gmsuenable investors to have
large notional exposure with little or no initial investntem collateral. Similarly, implied
leverage is high in futures markets because the marginneagents there are much lower
than in the equity markets.

Based on the dissimilar margin requirements of differentisées reported in Tablg 1,
it is not surprising that hedge fund leverage is heterogemnemd depends on the type of
investment strategy employed by the fund. Our results belogw that funds engaged in
relative value strategies, which trade primarily fixed im& swaps, and other derivatives,
have the highest average gross leverage of 4.8 through thplesa Some relative value
funds in our sample have gross leverage greater than 30it @reds which primarily hold
investment grade and high yield corporate bonds and creditatives have an average gross
leverage of 2.4 in our sample. Hedge funds in the equity aedtedriven strategies mainly
invest in equity and distressed corporate debt and heneelbaer leverage. In particular,
equity and event-driven funds have average gross leveffagé and1.3, respectively, over
our sample.

The cost of leverage to hedge funds depends on the methodtausddain leverage.
Prime brokers typically charge a spread over London Intélfaffered Rate (LIBOR) to
hedge fund clients who are borrowing to fund their long pos& and brokers pay a spread
below LIBOR for cash deposited by clients as collateral fusrs positions. These spreads
are higher for less creditworthy funds and are also highenmecurities being financed have

high credit risk or are more volatile. The cost of leveragetigh prime brokers reflects the

" Brunnermeier and Pedersen (2009) and Gorton and Metri€@)2how that margin requirements changed
substantially over the financial crisis.



costs of margin in traded derivatives markets. We inclucgriments capturing funding
costs like LIBOR and interest rate spreads in our analysis.

In many cases, there are maximum leverage constraints edpmg the providers of
leverage on hedge funds. Hedge fund managers make a degisioptimal leverage as
a function of the type of the investment strategy, the pegezkrisk-return trade-off of the
underlying trades, and the cost of obtaining leverage,wdjext to exogenously imposed
leverage limits. Financing risk is another consideratisriuamding provided by prime bro-
kers can be subject to sudden change. In contrast, levetagmed through derivatives
generally has lower exposure to funding risk. Prime brokesge the ability to pull financ-
ing in many circumstances, for example, when performandeA triggers are breached.
Dai and Sundaresan (2010) show that this structure eftdgtigaves the hedge funds short
an option visa-vis their prime broker. Adding further risk to this arrangent is the fact that
the hedge fund is also short an option &isds another significant financing source, their
client base, which also has the ability to pull financingdaling terms stipulated by the
offering memorandw@. We do not consider the implicit leverage in these fundingorst
in our analysis as we are unable to obtain data on hedge fume foroker agreements or
the full set of investment memoranda of hedge fund clienis;amalysis applies only to the

leverage reported by hedge funds in their active stratggies
2.3. Reported Hedge Fund Leverage

An important issue with hedge fund leverage is which seiesrdre included in the firm-
wide leverage calculation and how the contribution of eastusty to portfolio leverage
is calculated. The most primitive form of leverage caldolatis unadjusted balance sheet

leverage, which is simply the value of investment assetsjnubuding notional exposure

8 In many cases, hedge funds have the ability to restrict ausfly invoking gates even after lockup periods

have expired (see, for example, Ang and Bollen, 2010).
% Dudley and Nimalendran (2009) estimate funding costs andifig risks for hedge funds, which are

not directly observable, using historical data on margisiffutures exchanges and Chicago Board Options
Exchange Market Volatility Index (VIX). They do not consideedge fund leverage.



in derivatives, divided by equity capital. Since derivatexposure for hedge funds can be
large, this understates, in many cases dramatically, ecmnisk exposure.

To remedy this shortcoming, leverage is often adjusted doivdtive exposure by taking
delta-adjusted notional values of derivative contrgtsl.:or example, to account for the
different volatility and beta exposures of underlying istraents, hedge funds often beta-
adjust the exposures of (cash) equities by upward adjusgwverage for high-beta stock
holdings. Likewise, (cash) bond exposures are often asfjuist account for the different
exposures to interest rate factors. In particular, therdmriton of bond investments to the
leverage calculation is often scaled up or down by calaudgd 10-year equivalent bond
position. Thus, an investment of $100 in a bond with twicedbeation of a 10-year bond
would have a position of $200 in the leverage calculatione ®sues of accounting for
leverage for swaps and futures affect fixed income hedgesftimel most and long-short
equity hedge funds the least. For this reason, we break devandge statistics by hedge
fund sectors.

Funds investing primarily in futures, especially commizdif report a margin-to-equity
ratio, which is the amount of cash used to fund margin divickethe nominal trading level
of the fund. This measure is proportional to the percentdgev/ailable capital dedicated
to funding margin requirements. It is frequently used by owrdity trading advisors as a
gauge of their market exposure. Other funds investing heavibther zero-cost derivative
positions like swaps also employ similar measures baseatasrof nominal, or adjusted
nominal, exposure to collateral cash values to computedeee

Thus, an important caveat with our analysis is that leveraget measured in a consis-
tent fashion across hedge funds and the hedge funds in optesase different definitions of
leverage. Our data are also self-reported by hedge fundseléffects are partially captured

in our analysis through fund fixed effects. Our analysis f&suon the common behavior of

10 Many hedge funds account for the embedded leverage in tieesaositions through internal reporting
systems or external, third-party risk management systd@®&RiskMetrics. These risk system providers com-
pute risk statistics like deltas, left-hand tail measuressi like Value-at-Risk (VAR), and implied leverage
at both the security level and the aggregate portfolio leR&kMetrics allows hedge funds to “pass through”
their risk statistics to investors who can aggregate pmsitacross several funds.
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leverage across hedge funds rather than explaining them®wus in leverage of a specific

hedge fund.

3. Data

3.1. Macro Data

We capture the predictable components of hedge fund legdmgigvarious aggregate
market price variables, which we summarize in Appendix B.gnh two of these variables
in Fig. [Il. We plot the average cost of protection from a défatimajor “investment
banks” (Bear Stearns, Citibank, Credit Suisse, Goldmah§atSBC, JP Morgan, Lehman
Brothers, Merrill Lynch, and Morgan Stanley) computed gsinedit default swap (CDS)
contracts in the solid line with the scale on the left-hani$.aXhis is the market-weighted
cost of protection per year against default of each firm. @lected firms are representative
of broker/dealers and investment banking activity and viert® them as investment banks
even though many of them are commercial banks and some becemmeercial banks during
the sample period.

In Fig. [1] we also plot the VIX volatility index in the dottethé with the scale on
the right-hand axis. The correlation between VIX and invesit bank CDS protection is
0.89. Both of these series are low at the beginning of the kaema then start to increase
in mid-2007, which coincides with the initial losses in stibpe mortgages and other certain
securitized markets. In late 2008, CDS spreads and VIX asgedramatically after the
bankruptcy of Lehman Brothers, with VIX reaching a peak o¥6ét the end of October
2008 and the CDS spread reaching 3.55% per annum in Sept&d0&r In 2009, both
CDS and VIX decline after the global financial sector is diadd.

Our other macro series are monthly returns on investmeriishamonthly returns on the
S&P 500, the three-month LIBOR rate, and the three-montastng/ over Eurodollar (TED)
spread. The LIBOR and TED spreads are good proxies for theeggte cost of short-term
borrowing for large financial institutions. Prime brokemssp on at least the LIBOR and

TED spread costs to their hedge fund clients plus a spreadll§iwe also include the term
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spread, which is the difference between the 10-year Trgdsund yield and the yield on
three-month T-bills. This captures the slope of the yieldveuwhich under the Expectations
Hypothesis is a forward-looking measure of future shamtmterest rates and thus provides

a simple way of estimating future short-term borrowing sost

3.2. Hedge Fund Data

Our hedge fund data are obtained from a large fund-of-héaiggs (which we refer to
as the “Fund”). The original data set from the Fund contawver 5,000 observations of
758 funds from February 1977 to December 2009. In additidmetige fund leverage, our
data include information on the strategy employed by thegaddnds, monthly returns,
NAVs, and AUMs. The hedge funds are broadly representafiteenindustry and contain
funds managed in a variety of different styles includingbglomacro funds, fundamental
stock-picking funds, credit funds, quantitative fundsgd dands investing using technical
indicators. The hedge funds invest both in specific asseset for example, fixed income
or equities, and also across global asset classes. Oundatde both U.S. and international
hedge funds, but all returns, NAVs, and AUMs are in U.S. dslla

An important issue is whether the hedge funds in the dataddsibit a selection bias.
In particular, do the hedge funds selected by the Fund haterperformance and leverage
management than a typical hedge fund? The Fund selects eraneing both a “top down”
and a “bottom up” approach. The former involves selectingifuin various sector alloca-
tion bands for the Fund’s different fund-of-funds portédi The latter involves searching
for funds, or reallocating money across existing fundsigisi primarily qualitative, propri-
etary approach. Leverage is a consideration in choosingsfuout it is only one of many
factors among the usual suspects—Sharpe (1992) ratiosthedperformance criteria, due
diligence considerations, network, manager quality dpamency, gates and restrictions, sec-
tor composition, investment style, etc. The Fund did not lagddrage to its products and
only very rarely asked hedge funds to provide a customizéatilrty target or to provide

leverage which differed from the hedge funds’ existing picidfferings. There is no reason
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to believe that the Fund’s selection procedure results miguwvith leverage management
practices that are significantly different to the typicadlpe fund.

Our Fund database includes funds that are present in TASR)\g) Barclay Hedge, or
other databases commonly used in research and also indtidgunds which do not report
to the public hedge fund databases. This mitigates the tiagdyias of the TASS database
(see Malkiel and Saha, 2005; Ang, Rhodes-Kropf, and Zha@828garwal, Fos, and Jiang,
2010). However, the composition by sector is similar to tkrerall sector weighting of
the industry as reported by TASS and Barclay Hedge. Surbizeales are mitigated by the
fact that often hedge funds enter the database not when ¢ceijve funds from the Fund,
but several months prior to the Fund’s investment and thegnaéxit the database several
months after disinvestment. Our database also includegetfedds which terminate due to
poor performance. The aggregate performance of the Funchilausto the performance of

the main hedge fund indexes.

3.2.1. Hedge Fund Leverage

Leverage is reported by different hedge funds at varioupieacies and formats, which
are standardized by the Fund. Appendix C discusses somessd thrmats. Most reporting
is at the monthly frequency, but some leverage numbers poatesl quarterly or even less
frequently. For those funds reporting leverage at the gusgror at lower frequencies, the
Fund is often able to obtain leverage numbers directly fromhedge fund managers at
other dates through a combination of analyst site visitscaild to hedge fund managers.
The data are of high quality because the funds undergo tijbrdue diligence by the Fund.
In addition, the performance and risk reports are auditad,the Fund conducts regular,

intensive monitoring of the investments made in the indigichedge funds.

3.2.2. Hedge Fund Returns, Volatilities, and Flows

We have monthly returns on all the hedge funds. These retmersctual realized returns,

rather than returns reported to the publicly available lokdas. In addition to examining
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the relation between past returns and leverage, we cohstlatilities from the returns.
We construct monthly hedge fund volatility using the sangtendard deviation of returns
over the past 12 months. Fid.] 2. plots the volatilities ofrebge funds and different
hedge fund strategies over the sample. The volatilitideviothe same broad trend and are
approximately the same. This is consistent with hedge fuisdsy leverage to scale returns
to similar volatility levels.

Fig.[2] shows that at the beginning of the sample, hedge fatadilties were around 3%
per month and reach a low of around 2% per month in 2006. Asrsubpmortgages start
to deteriorate in mid-2007, hedge fund return volatilitgred to increase and reaches 4-5%
per month by 2009. Volatility stays at this high level untietend of the sample in October
2009. This is because we use rolling 12-month sample viblkegilwhich include the very
volatile, worst periods of the financial crisis 12 monthspto October 2009.

Fig.[3] compares the rolling 12-month volatilities of hedged returns in the data sam-
ple with the rolling 12-month volatilities of hedge funduets in the Hedge Fund Research,
Inc. (HFR) database for the December 2004 — October 2009t#med. We observe that the
average volatilities of hedge funds in the data closelykithe median hedge fund volatility
in the HFR database. Thus, the Fund’s hedge funds have veitaisieturn behavior as the
typical hedge fund reported on the publicly available das&is. Since hedge funds often
use leverage to target particular levels of volatilitystpartially alleviates concerns that the
Fund’s hedge funds have atypical leverage policies.

In addition to hedge fund volatility, we also use hedge fuod/# as a control variable.
We construct hedge fund-level flows over the past three nsaming the return and AUM

information from the following formula:

AU M,

Flow, = 20—
t—3

—(1+ R2)(1+ Riq)(1+ Ry), Q)

where Flow; is the past three-month flow in the hedge fudd/ )/, is assets under man-
agement at time, and R, is the hedge fund return from— 1 to ¢. The flow formula in Eq.
(@) is used by Chevalier and Ellison (1997), Sirri and Tufét@98), and Agarwal, Daniel,

and Naik (2009), among others. We compute three-month flag/the flows over the past
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month tend to be very volatile. We also compute past threetimeedge fund flows for the

aggregate hedge fund industry as measured by the BarclayeHtidabase using Eql (1).
3.3. Summary Statistics

We clean the raw data from the Fund and impose two filterst, feiften investments are
made by the Fund in several classes of shares of a given haaddieAll of these share classes
have almost identical returns and leverage ratios. We wsalihre class with the longest
history or the share class representing the largest AUM.9@cond filter is that we require
funds to have at least two years of leverage observationsfimal sample spans December
2004 to October 2009 and thus, our sample includes the paoaneeof quantitative funds
during Summer 2007 (see Khandani and Lo, 2007) and the fialecrasis of 2008 and early
2009. There are at least 63 funds in our sample at any one Titreemaximum number of
funds at any given month is 163 over the sample period.

Panel A of TabléR lists the number of observations and numbkedge funds broken
down by strategy. The strategies are defined by the Fund amsbidexactly correspond
to the sector definitions employed by TASS, Barclay Hedg&DBM, or other hedge fund
databases (which themselves employ arbitrary sector tlefin). The TASS categories of
fixed income arbitrage and convertible arbitrage fall urttierFund’s relative value sector.
In the relative value sector, hedge funds invest in both logesl and emerging markets and
can also invest in a variety of different asset classes. Mb#te Fund’s investments have
been in long-short equity funds in the equity category aiglighalso by far the largest hedge
fund sector in TASS, as reported, for example, by Chan e28l07). At the last month of
our sample, October 2009, the proportion of equity fund®megl in Barclay Hedge, not
including multi-strategy, other, and sector-specific gatees, is also over 40%.

After our data filters, there are a total of 208 unique hedgel$uin our sample with
8,136 monthly observations. Over half (114) of the funds um sample run long-short
equity strategies. The number of funds in the areas of cesditrelative value are 21 and

36, respectively. The remaining 37 funds are in the everedrstrategy, which are mainly
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merger arbitrage and distressed debt. The number of fupdstegl in Panel A of Tablel 2
is large enough for reliable inference when averaged aatoagegies and across all hedge
fund

In Panel B of Tabl€]2, we report summary statistics of all tedde fund variables ob-
served in the sample. These statistics should be carehtlypreted because they do not
sample all hedge funds at the same frequency and there asmgabservations in the raw
data. Panel B reports that the average gross leverage adrbesige funds is 2.13 with a
volatility of 0.62. This volatility is computed using onlypeerved data and the true volatility
of leverage, after estimating the unobserved values, wilblver, as we show below. Nev-
ertheless, it is clear that hedge fund leverage changestiover Even without taking into
account missing observations, this volatility is much lowean the volatility of leverage
reported in the estimations of McGuire and Tsataronis (20889 factor regressions. This
discrepancy could possibly result from the large error @irthrocedure of inferring leverage
from estimated factor coefficients in regressions on shartm@es. Individual gross hedge
fund leverage is also persistent, with an average autdatioe of 0.68 across all the hedge
funds. Again because of unobserved leverage ratios, thsispence is biased downwards
and we report more accurate measures of autocorrelatiomgtaito account other predictive
variables below.

Panel B of Tablé ]2 also reports the summary statistics foother two leverage mea-
sures. The average net leverage of hedge funds is 0.59 aradjaveng-only leverage is 1.36.
The raw volatilities of net leverage and long-only leverage 0.28 and 0.38, respectively,
which are significantly lower than the volatility of grosséeage. Thus, in our analysis, we
break out gross, net, and long-only leverage separately.

The other variables reported in Panel B of Tdble 2 are contdhbles used in our
analysis. The average hedge fund return is 29 basis pointsipeth. These returns are
autocorrelated, with an average autocorrelation of 0.2dsacfunds, which indicates that

out- or under-performing manager returns are persistenyoted by Getmansky, Lo, and

1 The sample also includes commodity trading funds and gloisdro funds, but we do not break out
separate performance of these sectors as there are toorfdw/fr reliable inference.
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Makarov (2004) and Jagannathan, Malakhov, and Novikov@20The returns are lower
than those reported by previous literature because ourlsamgudes the financial crisis
during which many hedge funds did po@.‘l’he average 12-month rolling volatility across
hedge funds is 2.65% per month. The volatility is computelg @arnen all fund returns in
the previous 12 months are observed. This explains why qopyocximately 70% of fund
volatilities are observed. Nevertheless, our volatilitgimates are close to those reported
in the literature by Ackermann, McEnally, and Ravenscra®99) and Chan et al. (2007),
among others.

The last two fund-specific variables we include are pastetmenth hedge fund flows
and log AUMs. Flows are on average positive, at 2.2% per manthexhibit a large av-
erage autocorrelation of 0.62. The average fund size ovesanaple is $962 million. The
median fund size is $430 million. The difference betweenmaad median of fund size
is explained by the presence of some large funds, with tigesafunds having AUMs well
over $10 billion in just one share class. Our sample is digghiased upwards in terms of
size compared to recent estimates such as those by Chan(20@all) and the Banque de
France (2007). This is due to the application of filters whihd to remove smaller funds
which are effectively different share classes of larged&inOur filters also remove funds
which are in their infancy. These funds are likely to havedolevels of leverage, with more
onerous financing conditions, than more established fundking the levels of our leverage
ratios conservatively biased upwards.

The last column in Panel B, Talile 2 lists the proportion of theracross all funds where
the variables are observed. While we always observe rettinesleverage variables are
observed approximately 80% of the time. We do not restrictamalysis to a special subset
of data where all variables are observed. Instead, ourithgompermits us to use all the
available data and to infer the leverage ratios when theyréssing. We now discuss our

estimation methodology.

125ee, among many others, Fung and Hsieh (1997, 2001), Broaetz@ann, and Ibbotson (1999), and
more recently, Bollen and Whaley (2009).
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4. M ethodology
4.1. Predictive Model

We specify that leverage over at month 1 for fundi, L, .1, is predictable at timeby
both economy-wide variables;, and fund-specific variables, which we collect in the vector

¥+, In the linear regression model:
ALjpy1 = +7 -2+ 0 Yir + Eitt1, (2)

whereAL; ;11 = L;+1 — L;; is the change in fund leverage fron¥ to ¢ + 1, «y is the
vector of predictive coefficients on economy-wide varigb}eis the vector of coefficients

on fund-specific variables, and the idiosyncratic eeiQr; ~ N(0,c?) is independent and
identically distributed (i.i.d.) across funds and time.e®et of firm-specific characteristics,
Y+, Includes lagged leverage, ,, which allows us to estimate the degree of mean reversion
of the leverage employed by funds. We capture fund-fixecceffm the constants which
differ across each fund.

We estimate the parametets= (c¢; v po?) using a Bayesian algorithm which also per-
mits estimates of non-observed leverage and other funcifgpeariables. Appendix D
contains details of this estimation. Briefly, the estimatioethod treats the non-reported
variables as additional parameters to be inferred alonig ivitAs an important byproduct,
the estimation supplies posterior means of leverage rafi@se these are unobserved in the
data. We use these estimates, combined with the observexhégvratios, to obtain time-
series estimates of aggregate hedge fund leverage anddever each sector. Since we use
uninformative priors, the special case where both the ssgins and regressands in Ed. (2)
are all observed in the data is equivalent to running stahdedinary least squares (OLS)
regression.

An advantage of our procedure is that we are able to use aradisons after imposing

the data filters. Using OLS would result in very few funds aibdervations because both

13 We also investigate the forecastability of proportionatlage changef\L; ;11/(1 + L; ), in the same
regression specification of EQJ (2). The results are verjlairo the results for leverage changes.
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the complete set of regressors and the regressand must é&wedhs Taking only observed
leverage produces a severely biased sample as differesg dffunds report at quarterly or
lower frequencies versus the monthly frequency. Suddgrsstoleverage reporting corre-
late with unexpected bad performance. Linearly interfpogatinobserved leverage produces
estimates that are too smooth because it relies on fillingintp based on the mean rever-
sion properties of leverage alone. We show below that othgables significantly predict

leverage, both in the time series and cross-section.
4.2. Contemporaneous Model

The model in Eq.[(R) is a predictive model where leverage twemnext period is fore-
castable by macro and fund-specific variables at the beggrofithe period. We consider an

alternative model where leverage is determined contemporssly with instruments:
Lig=ci+v-x+p-yis + €y, (3)

where we use the same set of macro variables ias in the predictive model(2), but we
now assume that the fund-specific variablgs, do not include lagged leverage.

In Eq. (3), the potential observable determinants of leyerlike VIX, interest rate
spreads, hedge fund flows, etc.aipandy;, are persistent. The unobserved determinants,
which are in the error term; ;, are also likely to be persistent so we specify that the srror

are serially correlated and follow
€t = Pe€r1 + Uy, (4)

wherev; ~ i.i.d. N(0,0?). It can be shown that accounting for the persistence in the
regressands in EqL](3) through VAR or autoregressive spatidns produces a reduced-
form model of the same form as E@l (2), except without a ladgesrage term. The relation
between Eq. [{2) and](3) involves the persistence of the segrels and the strength of
the serial correlationg,, of the error terms. Appendix D describes the estimatiorhef t

contemporaneous system and compares it with the predioekel.
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The contemporaneous model (3) can be used to test variousahen the determinants
of hedge fund leverage. It is important to note, howevet,Hig(3) is not a structural model.
Many of the fund-specific variables, and perhaps some of theronvariables, are jointly
endogenously determined with hedge fund leverage. Pubhanaty, while Eq.[(3) can shed
light on contemporaneous correlations between hedge aweddge and various instruments,
it is silent on causation. We can expect that some variablgsdre contemporaneously
associated with hedge fund leverage in Hd. (3) can have thesie sign when used as a
predictor of hedge fund leverage in Ed.] (2). Some of this canlie to the effect of the
serially correlated errors in the contemporaneous spatidit or that the contemporaneous

vs. predictive relations between certain variables anerbye are indeed different.
5. Empirical Results
5.1. Time Series of Leverage
5.1.1. Gross Leverage

We begin our analysis by presenting the time series of gmssdge of hedge funds.
This is obtained using the model in Ed] (2) with all macro amadfspecific variables and
fund-fixed effects. We graph gross hedge fund leverage fdrealge funds and the hedge
fund sectors in Fid._#4.. We report the posterior mean of gema&sage across all hedge funds
in the solid line. Gross leverage is stable at approxima&eyuntil mid-2007 where it starts
to decrease from 2.6 in June 2007 to a minimum of 1.4 in Mar@92@t the end of our
sample, October 2009, we estimate gross leverage acrogs haatls to be 1.5. Over the
whole sample, average gross leverage is 2.1. As expectedifiofairly smooth transitions
in Fig.[4l, gross leverage is very persistent with an autetation of 0.97.

The patterns of gross leverage for all hedge funds are broafiected in the dynamics
of the leverage for hedge fund sectors, which are also higglgistent with correlations well
above 0.95. Leverage for event-driven and equity fundswetpon average, at 1.3 and 1.6,

respectively, than for all hedge funds, which have an awegagss leverage of 2.1 over the



20

sample. Both the event-driven and equity sectors reachhigkiest peaks of gross leverage
in mid-2007 and gradually decrease their leverage over ttandial crisis. Event-driven
leverage falls below one and reaches a low of 0.8 in Decemb@8 Before rebounding.
Credit funds steadily increase their gross leverage fra@natithe beginning of 2005 to reach
a peak of 3.9 at June 2007. This decreases to 1.1 at the eng sdittple.

Fig. [4] shows that the most pronounced fall in leverage is seehe relative value
sector: relative value gross leverage reaches an earlygiéaR in April 2006 and starts to
cut back in early 2006. This is well before the beginning @& teterioration in subprime
mortgages in 2007. In December 2007, gross leverage inveslalue funds falls to 4.5 and
decreases slightly until a sharp increase over April to 2088 to reach a local high of 5.8
in June 2008. These periods coincide with increasing terimd in financial markets after
the purchase of Bear Stearns by JP Morgan Chase in March 2aa8ailliquidity of many
securitized asset mark@.The increasing leverage in early 2008 in relative value is no
due to any one fund; several large funds in the databaseittthigbehavior and, in general,
the leverage of all relative value funds over the financiaigis volatile. From June 2008
gross leverage of the relative value sector decreases fldno 2.3 at October 2009. Over

the whole sample, relative value gross leverage is 4.8.
5.1.2. Dispersion of Gross Leverage

While Fig.[4] shows the average hedge fund leverage, an apestign is how the cross-
section of leverage changes over time. We address this in@igvhich plots the median
and the cross-sectional interquartile range (25th and pé&ttentiles) of gross leverage. The

cross-sectional distribution of all leverage measures @bange, but is fairly stable across

14 Relative value strategies (e.g., capital structure atérand convertible bond arbitrage) tend to be more
sensitive to the relative relation between securities asdtclasses than credit, equity, and event-driven strate-
gies, which tend to be based more on single-security fund&aige When markets showed signs of normalizing
after the Bear Stearns takeover in March 2008, many relatilwee strategies were quick to reapply leverage
to take advantage of the stabilized and converging valostidhis period of improved market conditions was
brief as new financial sector shocks occurred during the Semofr?008, at which time relative value managers
quickly brought leverage down.
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the sample. Since there are some funds with very large lggeraour sample, the median
falls closer to the 25th percentile than to the 75th pertefdr all the leverage ratios. During
2005 to early 2007, the interquartile range for gross hedgd feverage stays in the range
1.0 to 1.3. During mid-2007, the interquartile cross-sewl dispersion increases to 1.6 in
May 2007 and then falls together with the overall decreadevierage during this period.
Interestingly, the largest decline in leverage in 2008mythe financial crisis is not associ-
ated with any significant change in the cross-section of éddgd leverage. In summary,
although hedge fund leverage is heterogeneous, the ceoisrgl pattern of hedge fund
leverage is fairly stable and in particular, does not sigaiftly change in 2008 when the

overall level of leverage is declining.
5.1.3. Gross vs. Net and Long-only Leverage

In Fig. [6] we plot gross, net, and long-only leverage acrdidsealge funds (top panel)
and for hedge fund sectors (bottom four panels). The linegruss leverage are the same as
Fig.[4] and are drawn so we can compare net and long-onlydgeefFig[8. shows that the
three leverage measures, for all hedge funds and withinedgenfund sectors, are highly
correlated and have the same broad trends. Table 3 repordations of the gross, net, and
long-only leverage and they are all high. In particular,sgranet, and long-only leverage all
have pairwise correlations above 0.92 in Panel A.

Panel B of Tabl€I3 reports the correlations of gross, netJamglleverage for the hedge
fund sectors. If there are no independent active short thedn,the correlations of all lever-
age measures should be one. Thus, we can infer the exterg esgffarate management of
long and short positions by examining the correlations betwgross and net leverage. The
correlation of net and gross leverage is lowest for equigygeefunds, at 0.49, and above
0.80 for the other hedge fund sectors. This is consistetfwitds in the equity sector most
actively separately managing their long and short bets.ohtrast, the highest correlation
between net and gross leverage is 0.88 for relative valugsfumhich indicates these funds

are most likely to take positions as long-short pairs.



22

One difference between the leverage measures in[Hig. 6aigha net and long-only
leverage ratios are smoother than gross leverage. Fordgehfeinds the standard deviation
of gross leverage is 0.36, whereas the standard deviatomef and long leverage are 0.14
and 0.25, respectively. Thus, hedge funds manage the gvassociated with active long
and short positions in different ways. This pattern is atqmeated in each of the hedge fund
sectors. The largest difference in the volatility of gromserage compared to net leverage
is for relative value, where gross and net leverage standewthtions are 1.22 and 0.20,
respectively. The mean of net leverage for relative valiedse much lower, at 0.82, than
the average level of gross leverage at 4.84. The low vdlatli net leverage for relative
value funds is consistent with these funds maintainingrizadd long-short positions where a
large number of their active bets consist of taking advaate#gelative pricing differentials
between assets. The stable and low net leverage for relatlue funds could also imply
that focusing on gross leverage overstates the marketfribkschedge fund sector.

An interesting episode for equity hedge funds is the temgdyan on shorting financial
stocks which was imposed in September 2008 and repealed omth hater (see Boehmer,
Jones, and Zhang, 2009, for details). Equity hedge fundadgeswas already trending down-
wards prior to this period beginning in mid-2007 and theneasoticeable additional effect
in September or October 2008 for gross leverage or longdevrage. However, Fid, 16.
shows there is a small downward dip in net leverage duringetineonths with net leverage
being 0.48, 0.44, and 0.50 during the months of July, Septenand October 2008, respec-
tively. Thus, this event seems to affect the short leveraxgitipns of equity funds, but the
overall effect is small. This could be because the ban atkonly the financial sector or
because these hedge funds were able to take offsetting tiraderivatives markets or other
non-financial firms to maintain their short positions.

Finally, we observe a high level of covariation for net anddeonly leverage in Fig. b.
across all hedge funds and within sectors. This is similtrédigh degree of comovement of
gross leverage across sectors in Ei§y. 4.. We report caomesafor all hedge funds and across
sectors for each leverage measure in Table 4. These crasdations are high indicating

that each leverage measure generally rises and falls irtaridr each hedge fund sector.
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In particular, Panel A shows that although the relative @adactor contains the smallest
number of funds, the correlation of gross leverage of netatalue with all hedge funds is
0.93. The lowest correlation is between relative value arethiedriven, at 0.65. Put another
way, looking at gross leverage across all hedge funds is d gommary measure for what
is happening to gross leverage in the various hedge fundrsedanels B and C also show
that this is true for net and long-only leverage. Thus, gdetel variation in hedge fund

leverage is similar to the aggregate-level behavior ofriege across all hedge funds.

5.2. Macro Predictors of Hedge Fund Leverage

In this section, we discuss the ability of various macro amudtspecific variables to
predict hedge fund leverage. We first report estimates optbkdictive model in Eq.[{2)
taking only economy-wide variables and report the result$able[5. We consider gross
leverage in Panel A, net leverage in Panel B, and long-ongrége in Panel C. In all re-
gressions we include lagged leverage as an independeablariRegressions (1)—(8) add
each macro variable one at a time together with lagged |geesahile all variables jointly
enter regression (9). We use fund-level fixed effects inafessions. In each panel, the
coefficients on lagged leverage are negative with very hagtguiort-statistics. The lagged
leverage coefficients range from -0.20 to -0.31 indicativad hedge fund leverage is strongly
mean-reverting.

Panel A, which reports results for gross leverage, showaththe macro variables, with
the exception of aggregate hedge fund flows, significantidiot changes in hedge fund
leverage when used in conjunction with past leverage. Tigesh coefficient in magnitude
is on investment bank CDS protection, where for a 1% increa€®S spreads, next-month
hedge fund leverage shrinks by 11.5%, on average. As inesdthanks perform well (re-
gression (2)) or the S&P 500 posts higher returns (regre¢8i), hedge fund leverage tends
to increase next month. We observe that when volatilityeases, as measured by VIX
(regression (4)), or assets become riskier, as measurdteby&D spread (regression (6)),

hedge fund leverage tends to decrease over the next monis.isT¢onsistent with hedge
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funds targeting a specific risk profile of their returns, whan increase in the riskiness of
the assets leads to a reduction in their exposure. In piatj@ai1% movement in VIX pre-
dicts that gross leverage declines by 0.9% over the nextheont a 1% increase in the TED
spread predicts gross leverage will fall over the next mayth5.2%.

In regression (5), the sign on LIBOR is unexpectedly positive might expect increases
in funding rates, of which LIBOR should be a large componentlecrease future leverage.
Instead, the coefficient on LIBOR is positive at 4.35. Thistsprising given that Figl_#.
shows that hedge fund leverage decreases before and duoeriipancial crisis. However,
in the joint regression (9), the coefficient on LIBOR flipsrsignd is now negative at -
6.66. Thus, controlling for other variables, which are digantly correlated especially
over the 2007-2009 period, produces the expected negataon between LIBOR and
future leverage changes. In fact, LIBOR, the TED spread, G@8ads, and VIX are very
highly correlated, all around 90%, and capture common effagsociated with the financial
crisis over the sample period. Thus, it is not surprising tha coefficient on VIX also
becomes insignificant in the joint regression (9). In castirdne term spread coefficients are
consistently negative as expected, which implies thatdrigltpected funding costs reduce
leverage next period.

In regression (9), where we take all macro variables toggtiepredictors of hedge fund
leverage which have posteribsstatistics greater than two in absolute value are investme
bank CDS spreads, the lagged S&P 500 return, LIBOR, and thegtpread. Increases in
current funding costs, as measured by CDS spreads and LIB&cpdecreases in leverage,
as do increases in future expected funding costs, as medsyithe term spread.

In Panels B and C of Tablg 5, we report estimates of the santessgns for net and
long-only leverage. In Panel B, all the coefficients on themaariables are significant in
the bivariate regressions (1)—(8), with the same signs aslPafor gross leverage but with
smaller magnitudes. However, there are no significant maedictors of net leverage in the
joint regression (9). Thus, overall net leverage is mosthetmined only by its lagged value.
Said differently, the only significant distinguishing fee¢ of net leverage predictability is

that it is highly mean-reverting. In Panel C, long-only Ieage is significantly predicted by
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each individual macro variable in regressions (1)—(8) il same signs as gross leverage
in Panel A. The last column in Panel C for regression (9) resghiat increases in the cost of
investment bank CDS protection and the term spread signifyclawer future long leverage.
This indicates that most of the predictability in gross kage by macro determinants in Panel

A is coming from the predictability of long-only leverage thacro variables.
5.3. Fund-specific Predictors of Hedge Fund Leverage

In Table[® we examine the ability of fund-specific variableptedict hedge fund lever-
age. All the regressions in Talilé 6 include the macro prediaised in Tablgl5 which are
not reported as they have the same signs, same significareds, land approximately the
same magnitudes, as the coefficients reported in the madyaegressions of Tablg 5.

The main surprising result of Tallé 6 is that, with one exiceptall of the fund-specific
variables have insignificant coefficients. This is for bdité tase of the bivariate regressions
(2)—(4), where the fund-specific variables are used togetiita past leverage, and in the
case of the joint regression (5). This occurs for all threasnees of leverage in Panels A-C.
Moreover, the adjuste@?s of the macro-only specifications in Talple 5 are almost ident
cal to their counterparts in the fund-specific variable #fmations in Tablé 5. This finding
suggests that hedge funds exhibit a high degree of sinyilartheir leverage exposures that
depends largely only on the aggregate state of the econowuyl ddferently, predictable
changes in hedge fund leverage are mostly systematic areldhe few fund-level idiosyn-
cratic effect

The only fund-specific variable that has a postetistatistic larger than two is hedge
fund return volatility. In Panel A for gross leverage, themiable has a coefficient of -1.41
in the joint regression (5) with a posteribstatistic of -2.11. The bivariate regression (2)

also has a similar coefficient on fund-specific volatility ®f34 with a posteriot-statistic of -

15 Qur filters remove young hedge funds which tend to be smaltidrtand to have higher funding costs.
Thus, our data filters could account for the lack of a relatietween AUM and hedge fund leverage. The lack
of a relation between past flows and leverage can be due twenudriod, lockups, and gates restrictions (see,
for example, Ang and Bollen, 2010), which give managers adeaotice of flows before they actually occur.
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1.93. Inthe deleveraging cycles of Brunnermeier and Peddé2009) and others, fund return
volatility affects margins and since margins correspontinhits in leverage, increases in
fund return volatility should lead to lower leverage levelfedge funds. Thus, our findings
confirm the prediction of Brunnemeier and Pedersen of afgignily negative coefficient

on return volatility. This is essentially the only signifiddund-specific effect and it occurs

only for gross leverage.
5.4. Contemporaneous Relations with Hedge Fund Leverage

We now investigate the contemporaneous relations of gevesdge in the model in Eq.
@3) with macro and fund-specific variables. Table 7 repdresregression coefficients of
the contemporaneous modgl (3) and compares them with tldkcpve model [(2), which
are identical to regression (9) of Table 5 for the macro-gmdictors and regression (5) of
Tablel6 for the fund-specific predictors.

The contemporaneous model has significantly lower adjutedthan the predictive
model, at 0.08 vs. 0.13 for the macro-only system and 0.0Dvk3 for the fund-specific
variable system. Thus, the fit of the contemporaneous modbkbut lagged leverage is
worse than the predictive system with lagged leverage. &lethe lagged leverage coeffi-
cient is an extremely important predictor. The contempeoars model does have signifi-
cantly autocorrelated error terms, with estimates.06f 0.25 and 0.55 for the macro-only
and fund-specific variable cases, respectively. As a spatidh check, we compute the au-
tocorrelation of error terms in the predictive specificatid his turns out to be 0.03. Thus,
absorbing the persistence of leverage by past leverageeaigtht-hand side (RHS) absorbs
most of the serial correlation effects—when lagged leveriagncluded as a regressor, there
seems to be little gained by making the error terms autoletec:

Table[T shows two major differences in sign between the ptigdimodel coefficients
and the contemporaneous determinants of leverage in th@voaty specification. First, the
coefficient on the S&P 500 return is positive at 0.67 in thedpoteve model and negative at

-0.94 in the contemporaneous model. As the stock marketasess, leverage contempora-
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neously decreases—nby definition, as asset values incrBasehigher stock returns in the
past forecast that hedge fund leverage will increase inuhed.

Second, the coefficient on LIBOR is contemporaneously pesiat 3.44, but insignifi-
cant, in the contemporaneous model compared to a signiffazgative coefficient of -6.66
in the predictive model. We expect the coefficient to be rnegatvhich it is in the predictive
regression. The unexpected positive sign in the contempores model could be due to lack
of power or the fact that true funding costs could have mudrteh duration and be more
variable than LIBOR. The LIBOR interest rate is, of courseakd predictor even though it
could be an inferior instrument to proxy for leverage costa contemporaneous model.

The coefficient on VIX and on aggregate hedge fund flows hageséime sign in the
predictive and contemporaneous systems, but while thfeictsfare statistically insignificant
in predicting hedge fund leverage, they are significantiytemporaneously correlated. In
the contemporaneous model, VIX has a coefficient of -1.48 wiposteriot-statistic of -
4.79. When VIX increases, it is well-known that asset priedi{the leverage effect), which
accounts for the negative contemporaneous coefficiens fifiding is also consistent with
the prediction of Fostel and Geanakoplos (2008), amongsitléere leverage decreases
during times of high volatility. It is also consistent witkedige funds increasing (decreasing)
leverage during less (more) volatile times to achieve ardégarget level of volatility. As
a predictor, the forecasting ability of VIX for future lewage is largely subsumed by lagged
leverage as a regressor. The finding that aggregate hedg@ddws are contemporaneously
correlated with hedge fund leverage goes against Steir®j2@Mo predicts that the entry of
new capital should decrease the leverage of arbitrageurs.

The last two columns of Tablg 7 report coefficients for fupeéssfic variables for the
predictive and contemporaneous systems, where both é¢stimeaontrol for the macro vari-
ables. The results are similar. The only significant vagailboth cases is the fund’s rolling
12-month volatility of returns. The effect, however, is rustronger contemporaneously
(with a coefficient of -4.35 and a posteribstatistic of -2.35) compared to the predictive
model (with a coefficient of -1.41 with a posteribstatistic of -2.11). While the negative

forecasting ability of fund-specific volatility for futureverage is consistent with delever-
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aging cycle models, the contemporaneous relation is evenggdr. Like the effect of VIX,
this can be a reflection of the leverage effect, but it is atswststent with hedge funds using

leverage to target a desired level of volatility.
5.5. Hedge Fund Leverage vs. Finance Sector Leverage

In this section we compare hedge fund leverage to the legevhlisted financial com-
panies. We focus on aggregate gross hedge fund leverageubptevious results show
that the net and long-only leverage ratios exhibit similaitgrns both for all hedge funds
and within hedge fund sectors. We define the leverage ofllistens as the value of total
assets divided by market value, that is, we study marketdgee Other authors studying
the leverage of financial institutions like Adrian and SH20@9, 2010), among others, use
book leverage rather than market leverage. We use marlertlge because the market eg-
uity value is closest to the NAV of a hedge fund (see AppendiX¥¥e compare hedge fund
leverage to the leverage of banks, investment banks, arehtire finance sector, which we
describe in more detail in Appendix8l.

Fig. [7] plots the average level of gross hedge fund levenaglee solid line using the
left-hand scale and plots the leverage of the financial seatovarious dashed lines on the
right-hand scale. The level of gross hedge fund leveradeeisame as in Fi§.14. and starts to
decline in mid-2007. Gross hedge fund leverage is modestges 1.5 and 2.5, compared to
the leverage of listed financial firms: the average leverdgesestment banks and the whole
finance sector over our sample are 14.2 and 9.4, respectivgly[/] shows that leverage
in each of the banking and investment banking subsectorsh@nadhole finance sector are
highly correlated. Finance sector leverage starts to risenvhedge fund leverage starts to
fall in 2007, continues to rise in 2008, and then shoots uaity009 before reverting back

to more normal levels in late 2009. This counter-cyclicahdngor of financial leverage,

16 He, Khang, and Krishnamurthy (2010) contrast the behafioommercial and investment bank leverage
and show they are different. However, many investment baréee either acquired or became commercial
banks during the financial crisis. Since our focus is on hddge leverage, we choose to contrast hedge fund
leverage with the leverage of all of these institutions.
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where market leverage increases during bad times, is ¢ensisith the model of He and
Krishnamurthy (200

The remarkable takeaway of F[g] 7. is that hedge fund leeeisagounter-cyclical to the
market leverage of financial intermediaries. As hedge faverage declines in 2007 and
continues to fall over the financial crisis in 2008 and eaf®2, the leverage of financial
institutions continues to inexorably rise. The highesktlesf gross hedge fund leverage
is 2.6 at June 2007, well before the worst periods of the filmreisis. In contrast, the
leverage of investment banks is 10.4 at June 2007 and sg\spidles upward to reach a
peak of 40.7 in February 2009. During this month, the U.Sa3uey takes equity positions
in all of the major U.S. banks. In contrast, hedge fund leyeria very modest at 1.4 at that
time. Note that hedge fund leverage started to decline st #samonths before the financial
crisis began in 2008.

We show the counter-cyclical behavior of hedge fund levetadinance sector leverage
more completely in Tablg]8. We report correlation matricegross, net, and long-only
hedge fund leverage in Panels A-C, respectively, with baike&estment banks, and the
finance sector. These correlations are very negative. Fonpbe, the correlations of gross
leverage for all hedge funds with the finance sector are ;0@82, and -0.88 for banks,
investment banks, and the finance sector, respectivelycdirelations are very similar for
each listed finance sector. The correlations between fiaafions and hedge funds are
also highly negative for each hedge fund strategy. Cleadgge fund leverage moves in
the opposite way during the financial crisis to the leveragegulated and listed financial
intermediaries.

There are at least two explanations for the counter-cyidhiehavior of hedge fund lever-
age with respect to listed financial intermediary leverdgest, hedge funds voluntarily re-

duced leverage much earlier than banks as part of theiraegwestment process of search-

17 Other authors like Fostel and Geanakoplos (2008), AdriarSiin (2009, 2010), and Shleifer and Vishny
(2010) emphasize the pro-cyclicality of leverage. Manyhefse authors focus on accounting or book leverage
rather than market leverage. Market leverage increasesriohigh levels during the financial crisis because
stock prices of financial institutions are very low at thiaei.
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ing for trades with excess profitability and funding them. #ternative explanation is that
the reduction of hedge fund leverage was involuntary. Hédges often obtain their lever-

age through prime brokers which are attached to investraarksand other financial firms.
The change in hedge fund leverage could be caused by theiensppi leverage to hedge
funds curtailing funding. Risk managers in the prime braker divisions of investment

banks could have been prescient in partially forecastiegttinbulent periods in 2008 and
forced hedge funds to reduce leverage earlier. Only wheestiwere very bad in late 2008
did investment banks adjust their own balance sheet legeifyile this story cannot be re-
futed, the substantial lead time of six to eight months, sholearly in Fig[ 4., where hedge
funds reduced leverage before 2008 makes this unlikelythEumore, anecdotal evidence
through the Fund’s industry contacts suggests that prirokens were not substantially in-

creasing funding costs in early to mid-2007.
5.6. Hedge Fund vs. Finance Sector Exposure

We last attempt to measure the dynamic total exposure ofédgenfund industry. We
do this by multiplying leverage by AUM to obtain an estimafelte total exposure. This
exercise is, of course, subject not only to the estimatioor &f our procedure, but also the
measurement error of total hedge fund AUM. Since hedge faneisiot required to report,
the estimates of aggregated hedge fund AUM in the publiddasts are probably conserva-
tive. Thus, our estimated levels of hedge fund exposure twale interpreted carefully.

Fig. [8] plots total hedge fund exposure by taking the es@ohgross leverage across
hedge funds and aggregated hedge fund AUM reported from dineldy Hedge database.
In the top panel, we plot hedge fund exposure in the solid(liefe-hand scale) and hedge
fund AUM in the dashed-dot line (right-hand scale) in tafis of dollars. The correlation
between the two series is 0.83. Both AUM and exposure ineregsr 2006 and 2007 and
start falling after June 2008. The total hedge fund expostars the sample in January 2005
at $2.5 trillion, steadily increases, and then drops froneakpof $4.9 trillion in June 2008

to a low of $1.7 trillion in March 2009. This decrease reprgsen overall drop of 65%
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from peak. The correlations of hedge fund AUM and total exjpesvith gross leverage are
only 0.08 and 0.61, respectively. Note that the decreasedgéfund leverage from 2007 to
2009 is from around 2.3 to 1.5. Thus, hedge fund exposurensapity driven by AUM and
the dramatic fall in total hedge fund exposure over the fir@mreisis is caused by investors
withdrawing capital from the hedge fund sector. While matugies emphasize the role of
leverage cycles, Fid. 18. highlights that inflows and outfl@se important components of
determining total exposure for hedge funds.

The bottom panel of Figl_8. plots the total exposure and ntarkieie for investment
banks for comparison. Exposure is defined as the total antd@asisets held on the balance
sheet. Investment bank and hedge fund exposure have spattarns in the top and bottom
panels of Fig[ 8. and have a high correlation of 0.8. Therestsaap drop in investment bank
assets in March 2009 which is due to large writedowns in lw&@@heets during this quarter.
Total assets of investment banks decreased from $6.9rilti early 2008 to a low of $3.8
trillion in February 2009. Towards the end of the samplegssebounded to $5.2 trillion as
financial markets stabilized.

We graph the relative exposure of hedge funds to investneaarkdiand the finance sector
in Fig. [Q, which is measured as the ratio of hedge fund expasutotal assets for each of
the investment banks and finance sector. The ratio of hedgk dyposure to investment
banks (the finance sector) is approximately 65% (30%) uatlye2008. Then, the events
of the financial crisis in 2008 cause hedge fund exposuredtngeto 40% and 15% of the
total asset base of investment banks and the finance sespeatively. Thus, total exposure
of hedge funds is modest compared with the exposure of ligtadcial intermediaries,
especially recently after the financial crisis, and it is mstdeven before the start of the

financial crisis in mid-2007.

6. Conclusion

This paper presents, to our knowledge, the first formal amlgf hedge fund lever-

age using actual leverage ratios. Our unique data set fraimadf-hedge-funds provides



32

us with both a time series of hedge fund leverage from Decer@@@4 to October 2009,
which includes the worst periods of the financial crisis, ammtloss-section to investigate the
determinants of the dynamics of hedge fund leverage. Wewenaeveral interesting and
important results.

First, hedge fund leverage is fairly modest, especially garad with the listed leverage
of broker/dealers and investment banks. The average gnemsbe (including long and short
positions) across all hedge funds is 2.1. While there areedands with large leverage, well
above 30, most hedge funds have low leverage partly due to medge funds belonging
to the equity sector where leverage is low. Gross leveragetfeer hedge fund sectors like
relative value is higher, at 4.8, over the sample.

Second, hedge fund leverage is counter-cyclical to the etéekerage of listed financial
intermediaries. In particular, hedge fund leverage dea®arior to the start of the financial
crisis in mid-2007, where the leverage of investment bamkisthe finance sector continues
to increase. At the worst periods of the financial crisis te 2008, hedge fund leverage
is at its lowest while the leverage of investment banks igsahighest. We find that the
dispersion of hedge fund leverage does not markedly chamgetloe financial crisis and
that the leverage of each hedge fund sector moves in a sipatsern to aggregate hedge
fund leverage. However, we find that the total exposure ofjeddnds is similar to the total
exposure of investment banks even though the behavior efdge is different. The main
reason for this similar behavior is not the change in hedgd feverage, but the withdrawal
of assets from the hedge fund industry during 2008.

Third, we find that the predictability of hedge fund leveragenainly from economy-
wide, systematic variables. In particular, decreasesndifig costs as measured by LIBOR,
interest rate spreads, and the cost of default protectionvestment banks predict increases
in hedge fund leverage over the next month. Increases in pgses measured by lagged
market returns also predict increases in hedge fund legeiag find the only fund-specific
variable significantly predicting hedge fund leverage tsime volatility, where increases in
fund return volatility tend to reduce leverage. There iddievidence that hedge fund lever-

age changes are predictable by hedge fund flows or assets madagement. Contempo-
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raneously, hedge fund leverage decreases when VIX or fpadHtc volatility increase and
hedge fund leverage is positively related to aggregateéntdyl flows.

An interesting direction for future work is to study hedgadueverage and returns, since
in theory, when managers perceive better investment oppitigs, they should increase
leverage. Thus, leverage levels can provide a crude meakafgedge fund manager’s mar-
ket outlook. Existing empirical work finds little relationn an unconditional level between
leverage and returns at the stock level (see, e.g., Bhari®88; Fama and French, 1992),
which could be due to not accounting for endogenous leveaagkeinvestment choices.
Hedge funds are a good laboratory to examine the relatiomdast dynamic leverage man-
agement and returns because the underlying asset retermsae easily measured than the

asset returns of corporations.
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Appendix A. Examplesof hedge fund leverage

In order to illustrate how our definitions of leverage differ various portfolios, we present several simple
examples of highly stylized hedge funds. In all our examphgsassume no fees are paid so the gross value of
the fund is the same as the net value of the fund. All the ti@itses are done instantaneously and we report
the overall balance sheet of the fund at the same date. Fofisityy assume there is only one share so the
NAV per share is the same as the AUM of the fund.

Example 1. Long-only fund

Consider a hedge fund that has just obtained $10 in cash freestors. The hedge fund manager pur-
chases securities worth $10. In addition, the hedge fundagerborrows $50 and invests those proceeds in a
$50 long securities position. The NAV of the hedge fund isdiffierence between the long and short positions,
which is $10, and is the same as the initial investment bysitors. The balance sheet of the hedge fund after
these transactions can be represented by:

Long assets | Short assets
$60 Long securities $50 Borrowed cash
$10 NAV

In this case, the hedge fund has $60 of Long securities and $0art securities on its balance sheet. As a
result, gross leverage &/10 = 6, net leverage i$0/10 = 6, and long-only leverage is also 6. All these
leverage measures coincide because there are no riskyshssepositions and the long positions are levered
by short cash positions.

Note that an unlevered long-only fund, which holds long apssitions between zero and one together
with cash, has positive leverage ratios less than one. Adktleverage ratios—gross, net, and long-only—also
coincide. In comparison, a corporate finance definitionwélage where assets are the sum of debt and equity
would resultin a zero leverage measure. This is becauséxastinted as an asset on corporate balance sheets,
but in our leverage definitions, only risky assets are inetlith the leverage measures.

Example 2: Dedicated long-short fund

Suppose a fund with an initial cash endowment of $10 usesctrtt to purchase a $10 long security
position. In addition, the fund places $50 in long-shorshetrisky assets. The balance sheet of the fund is:

Long assets | Short assets
$60 Long securitieg $50 Short securities
$10 NAV

In this case, gross leverage(#) + 50)/10 = 11, net leverage i$60 — 50)/10 = 1, and long-only leverage is
60/10 = 6. Now all three leverage measures are different because @irésence of the active short position.
In particular, the active short bet in this example indubesharked difference between gross and net leverage.

Example 3: General levered fund

Consider a fund with the following balance sheet:

Longassets |  Shortassets
$20 Long securitij $8 Short securities

$2 Borrowed cash
$10 NAV

In this example, the fund obtains leverage by both a shott pasition as well as a short position in risky
assets. The gross leveragé® + 8)/10 = 2.8, net leverage i$20 — 8)/10 = 1.2, and long-only leverage
is20/10 = 2. In this example, the long position is leveraged by both ssecurity positions, which could be
active bets or passive hedges, and a short cash positioa.thaitwhereas net leverage in Example 2 is equal
to one, the combination of short risky and cash positionsesuet leverage to be different from one.
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Example 4: Dedicated short fund

Our final example is a dedicated short fund. The fund startls $10 cash, which it pledges as a col-
lateral to borrow $50 worth of assets. This represents aiméhngircut) of 20%. The proceeds from selling
the securities result in cash received by the fund. Theséqusrepresent $60 of cash on the asset side of the
balance sheet and $50 of short securities on the liability sf the fund’s balance sheet:

Long assets | Short assets
$60 Long cash $50 Short securities
$10 NAV

In this case, the hedge fund has $0 of Long securities and f550at securities on its balance sheet. Hence,
the fund’s gross leverage {® + 50)/10 = 50/10 = 5, the net leverage i€) — 50)/10 = —50/10 = —5,
and the long-only leverage /10 = 0. In the case when net leverage is negative, the fund is sdid teet
short, otherwise it is said to be net long. Since the funddtponly active short positions, the leverage on the
long-side of the balance sheet is zero.

In the case of a fund buying or selling derivative securitiestead of transacting in the physical or cash
market, the previous examples hold if the derivatives amuaposed into underlying, but time-varying, po-
sitions in physical assets and risk-free securities at ¢ipernting date. At a given time, once the derivatives
are decomposed into replicating positions in underlyirmugées, the same leverage calculations can be per-
formed.

Appendix B. Macro data sources

This appendix describes data sources of the macro variabtethe construction of leverage for investment
banks, bank holding companies, and the financial sector.

B.1. Macro variables

The list of macro variables is:

Investment bank (IB) CDS protectioiVe take credit default swap (CDS) spreads on 10-year sepiod<h

of the following institutions, with tickers in parenthesd3ear Stearns (BSC), Citigroup (C), Credit Suisse
(CS), Goldman Sachs (GS), HSBC (HBC), JP Morgan (JPM), LehBnathers (LEH), Merrill Lynch (MER),
and Morgan Stanley (MS). While several of these firms are ipaiommercial banks with relatively small
investment banking and proprietary trading activities paned to other firms in the list, we take these firms as
representative of broker/dealer and investment bankitigitgc Merrill Lynch and Bear Stearns ceased to be
independent entities in the sample and Lehman Brothersezhi@nkruptcy. Data on CDS prices are obtained
from Bloomberg and market weights are taken from CRSP. Th8 €antract is specified so that a buyer of
protection pays premiums specified in percentage pointamarm of a notional contract amount to a seller of
protection. If the credit event (default) occurs, then tlkes of protection has to deliver the underlying bond
to the buyer of protection. We take CDS on 10-year senior boifithe listed financial institutions. We market
weight the CDS spreads using market capitalization dateoommon equity for those firms in existence at a
given point in time.

Investment bank (IB) returndiVe take monthly total returns on the investment banks fronsER hese are
market value weighted.

S_&P 500 returns.This is the total return on the S&P 500 index taken from Stash@aPoor’s Index Ser-
vices.

VIX. This is the monthly level of the VIX volatility index takendm Yahoo Finance.

LIBOR.We obtain the three-month LIBOR rate from Bloomberg.



36

TED spread.The TED spread is the difference between the three-montiORField and the three-month
T-bill yield. We obtain the three-month T-bill rate from ti¢. Louis Fed.

Term spread. The term spread is defined to be the difference between theed0Treasury yield and the
three-month T-bill. These are obtained from the St. Louis.Fe

Aggregate hedge fund flowshis is the past three-month flow on the aggregate hedge fushasiry, at a
monthly frequency, constructed from the Barclays Hedgel flatabase. This is computed following Section
3.2.2.

B.2. Financial sector leverage

We construct leverage for investment banks (BSC, C, CS, &%;,HPM, LEH, MER, and MS), bank
holding companies, and the entire financial sector usingfe&%®1 Compustat data. Bank holding companies
are defined as U.S.-based institutions with Standard Indu&tiassification (SIC) codes which fall between
6000 and 6199. We define the financial sector as all U.S.-b@saganies with SIC codes between 6000 and
6299.

Leverage for the listed financial sub-sector is defined to be:

Ziesub—sectorAivt (B.1)
Ziesub—sectoMVivt

for firm ¢ at timet, MV, . is the company’s market value obtained from CRSP as the product of number of
shares outstanding and the closing price at the end of théhmoand 4, ; is the total assets of the company
obtained from COMPUSTAT. The assets are reported quadadyve use the most recent, observable quarterly
balance sheet report. Note thaf,/MYV;; is the market leverage of companysing the market value of
common stock as the value of equity.

Appendix C. Examples of reported hedge fund leverage

Hedge funds report their leverage to investors in severaldts, often with several measures of leverage.
First, hedge funds periodically send their investors reghkarts which list performance and risk statistics over
the last reporting period. Table A.1 provides an extract afk exposure report from an actual hedge fund.
This fund breaks down its exposure into different sectotsraports a gross leverage of 1.11, a net leverage of
0.22, and a long-only leverage of 0.66. This fund reporté hartg and short positions in each sector. These
numbers are received by the Fund every reporting period.

Second, some hedge funds report leverage information @stov letters. An extract of an actual letter is:

We made 5.3% on the short book and lost 3.3% on the long bookinglatarted the month

with 7% net long position, we were by mid-month slightly ihetrsfor the first time in the fund’s

history. Around mid-month we suspected that the markeg, failggered by subprime losses
in the financial system, were coming to an end and decidedbtalcea modest 18% net long
position, which is where we ended the month.

From the text of the investor letter, we observe that netrbgye at the end of the month is 0.18, but gross
leverage and long-only leverage are not reported. HowtdveFund is able to obtain more details on leverage,
and other risk and performance characteristics of eachehieaigl than reported in the investor letters by having
analysts visit or call the funds to obtain further infornoati Thus, although the hedge fund officially does not
report size of long and short exposure at this month, ourskttaontains this information.

Appendix D. Estimation

This appendix describes the conditional distributionglisehe Gibbs sampler. We treat the unobserved
data variables as additional parameters using data augtisentA textbook exposition of these procedures is
Robert and Casella (1999).
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D.1. Predictive model

We rewrite the predictive model as:
Yiepi=ci+61-Yir+ P2 Xiy +¢€it41, (D.1)

whereY; ; is leverage of fund at timet, the vectorX; ; includes both fund-specific variables and economy-
wide variables, and; ; ~ N(0,0?) and is i.i.d. across funds and time. The constant terms;aptures
fund-fixed effects. We are especially interested in the iptiv@ coefficientss = (51 52).

We cast the model in Eq._(D.1) into a measurement equation:

Vi = Yier + wistr, (D.2)

where each observation errorfm; .11} is equal to zero ift; ;1 is observed and i¥; ;11 is unobserved is
distributed asV (0, o2)), where the measurement error is i.i.d. across funds andaimiés orthogonal te; ;1.
This extreme form of measurement error follows Sinopolile{2004) and others and effectively eliminates
observations which are observed from the set of measuresgeations. This allows us to use a Kalman filter,
with extreme heteroskedasticity, in the estimation (séevije We denote

03 =0% + 05},
which is the total variance for observations where leveisget reported.

We denote the parametets= (3 02 02) and partition the dat& = {Y;,} andX = {X,,} into observed
and unobserved set&, = {X°0s Xunobsl andYy = {Y°bs yunobsl where we denote the unobserved data
with “unobs” superscripts. The set of observed data we deag = {X°** Y°**}. We usef_ to denote the
set of parameters less the parameter currently being drawn.

The set of conditional distributions in the Gibbs sampler is

p(ﬁ, (& |9_’ Y, Xunobs7 Yunobs).

Conditional onX“"°*s andY “"°%s being observed, Eq[(0.1) is a regular OLS regression andanaise a
conjugate Normal draw. The dependent variable has two nvegm if the regressor is observed in data the
residuals have variane& and if the regressor is unobserved in data the residuain@iso2. Thus, we can
rewrite Eqs.[(D.11) and (Dl2) as

Y=X38+V, (D.3)

whereY = {Y; 111 — ¢}, X = {Y;: X, .}, andV ~ N(0,X), whereX is a diagonal covariance matrix with
entriess? or o2 depending on whether the regressor is observed in data.or not

We estimate the fixed effects in each iteration by approgisiatemeaning both sides of Eq._(D.3). For
fund-fixed effects we subtract average values of the lefidhede and right-hand side variables for the obser-
vations that correspond to that fund. The fixed effects chamgach iteration because the missiit*°** and
Xunobs gre updated.

p(0'2, 012)|9_’ y7 Xunobs’ Yunobs)

We drawo? using a conjugate Inverse Gamma distribution given thesssjon[(D.B) taking only the entries
where the residual varianceds. We can draw? = o2 + o2, by taking the entries where the residual variance
is o2, We ensure that? > o2 in each draw.

p(Yunobs |9’ y7 Xunobs)

We can interpret the system fof ; as a state equation ().1) and a measurement equitioh (Ohiz)allows

us to use a forward filtering backward sampling (FFBS) dralefong Carter and Kohn (1994), except with
(extreme) heteroskedasticity and exogenous variablesndétational simplicity, we suppress dependence on
fundi below and use a FFBS draw separately on each fuvith missing values.
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We run the Kalman filter to determine the conditional disttibns of the unobserved variables,
Yt|t—1 ~ N(,ut,tfla ‘/t,tfl)a

whereY;,_, is Y; conditional on the history of observations up to and inalgdi — 1, which we denote as
Ht*li
fei—1 =c+ 1Y, + faXe

and
Vii—1 = BiVic14-1+ 02,

treating theX; values as exogenous.
WhenY* is added to the history, we have the joint distribution

Y; it t—1 Vii—1 Vii—1
(Yt*> N (<Mt,t1) ’ <V;5,t—1 Vig—1+ 0121,>> ' (©.4)

Note thato2, = 0 if Y; is observed. From the moments of a partitioned normal, we hav

Yie = Yi|Y Hy 1 ~ Nt Vi), (D.5)
where v
- tt—1 -
et = Hee—1 + Vie1 + UIQU( t Ht,tfl)a
and ) ,
Ve Vi
Vt.,t _ Vt7t71 o tit—1 - t,t—10y,

Viie1+02  Vig1+02
Note that if 32 = 0, this simplifies to a regular Kalman filter. We assume theahdistribution is

N c+ o EX o?
U1 1_B1 71_[3% )

which is the stationary distribution fdr; assumingX, is exogenous. We update as per a normal Kalman
filter to obtain the distributiony;;- and the smoothed conditional valugs,. Once the Kalman filter is run
forwards, we backwards sample following Carter and Koh®4)9

p(Xunobsw’ y’ Yunobs)

We assume that the regressand variables, both observechahdeuved, are all jointly normally distributed
N(f, ). To draw the unobserved variables for funat timet, X;ff‘)bs, we have

Xpmobs| X ebs .Y ~ N(m,v?), (D.6)

wherem andv? can be obtained by the mean and variance of a partitionedaievhere

Xip = (X0 X[70) ~ N(f1, %)

has been partitioned into the observed and unobserved e¢@nfs A similar procedure is used by Li, Sarkar,
and Wang (2003), except we recognize that is endogenously persistent.

We update the valugs andX. each iteration by a conjugate normal distribution and cgaje Wishart
draw, respectively.

We estimate with a burn-in period of 1,000 observations af@@ simulations. Convergence is extremely
fast. We reportin the tables a posterior mean for each pdesirmed a posteridrstatistic which is the ratio of
the posterior mean and posterior standard deviation. Ehisnake inference comparable to a classical OLS
estimation, which cannot handle missing observations.
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During each iteration we compute adjust@d statistics. We calculate the reguldf as

- SSresidual

R*=1
SStotal

(D.7)

where S'S,.csiauqr denotes the residual sum of squares, whilkg,;,; denotes the total sum of squares. For

our model that predicts valugés ; by producing estimate¥; ;, SSyesidual = Zi_’t(Yi,tH — f’i,tﬂ)? and
SStotat = 34 (Y41 — V)2, whereY is the average value &f ; andY; ;1 = ¢; + (1 - Vi, + B2 - X4, from
Eq. (D3). We record the adjustdtt:

n—=k

djustedR?> =1 — (1 - R?)——————
adjustedr ( R)n—p—k’

(D.8)

where the number of observationsisthe number of funds i, and the number of explanatory variableg.s
In the tables, we report the posterior mean of the adjuBfestatistic computed in each iteration.

D.2. Contemporaneous model

The estimation of the contemporaneous model in Edj. (3) iflairo the predictive model in Eq[X2),
except that we must now account for serial correlation irettner terms. The model is

Yii =B'Xit + €ig, (D.9)

where for simplicity we ignore the fund-fixed effects. Furgiidiosyncratic error tern, ,, follows the AR(1)
process
€it = Pe€it—1 + Vi, (D.10)

wherev; ; ~ N(0,0?). Similar to the predictive model, leverage may be unobskatdimet, so we employ
the measurement Eq._(D.2).
We follow Chib (1993) in recasting Eq$.(I0.9) ahd (0.10) asgutar OLS equation by defining

Yie = Yie— Vit

~z‘.,t = Xit— o Xit—1. (D.11)
This allows us to write ~ ~

Yii=ci+B'Xig+ vig, (D.12)

which now has an i.i.d. error term. The corresponding mesamant equation is

?Tt =Y+ wiy, (D.13)

K2

where the observation error variancerfs= o2 + o2, Whereffm is unobserved and? if Y, is observed.
The set of conditional draws in the Gibbs sampler we use are:

p(BlO_, Y, Y unobs)

We draw3 using a conjugate normal draw from the regression Eq._{D.TI8gre are two possible variances,
o? in the cas&’; , is observed and? in the case it is unobserved.

p(¢€|9_7 y’ Yunobs)

Chib (1993) notes that EJ. (D.110) is a standard regressimn diith ¢; given by Eq.[[D.D). We draw, with a
conjugate normal distribution.

plo* o360, V7, Y o),
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We drawo? using a conjugate Inverse Gamma distribution from the ssjoe Eq. [D.IR). We ensure that
o2 > o2 in each draw.

p(yunobs |9’ y)

Same as Section D.1.
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Table 1: Margin requirements by security type

Margin  Implied
(haircut) leverage

Treasuries 0.1-3% 33-100
Investment grade corp bonds  5-10% 10-20
High yield bonds 10-15% 6.6-10
Convertible bonds 15-20% 5-6.6
Equities 5-50% 2—-20
Commodity futures 10% 10
Financial futures 3% 33
Foreign exchange futures 2% 50
Options (equity) 75% 1.3
Interest rate swaps 1% 100
Foreign exchange swaps 1% 100
Total return swaps 10% 10

The table lists the margin requirements and their implieellef leverage in various security markets.
The data are obtained by collating information from primekers and derivatives exchanges as of March 2010.
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Table 2: Summary statistics of data

Panel A: Number of observations

Strategy Observations Funds
Relative value (RV) 1414 36
Credit (CR) 875 21
Event-driven (ED) 1408 37
Equity (EQ) 4439 114
Total hedge funds 8136 208
Panel B: Fund-specific variables
Standard Auto-
Mean deviation correlation % Observed
Observed gross leverage 2.130 0.616 0.680 82.0%
Observed net leverage 0.587 0.278 0.595 82.0%
Observed long-only leverage 1.360 0.382 0.690 82.1%
Past 1-month returns 0.003 0.031 0.241 100.0%
Past 12-month volatility 0.026 0.010 0.828 69.6%
Past 3-month flows 0.022 0.226 0.620 77.4%
8.528 0.143 0.883 85.0%

Log AUM

Panel A lists the number of observations and number of hedlygsfbroken down by strategy. Panel B
reports summary statistics for the hedge fund variablessaall funds. We report means, standard deviation,
and autocorrelation of the monthly frequency variables eans and standard deviation are computed using
the full observed data while the autocorrelations are cdetpanly using observations with adjacent months
for each fund. We compute the variables for each fund and tepart the average across funds for each
variable. Hedge fund flows are computed using assets undeagement (AUM) and fund returns over the
past three months following Ed.](1). The last column repibwespercentage of observations that are observed
in the data set. The data sample is from December 2004 to Exc20i09.
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Table 3: Correlations of gross, net, and long-only leverage

Gross Net Long-only Gross Net Long-only

Panel A: All hedge funds

Gross 1.000

Net 0.927 1.000
Long-only 0.994 0.962 1.000

Panel B: Hedge fund sectors

Relative value Equity

Gross 1.000 1.000

Net 0.876 1.000 0.490 1.000
Long-only 0.997 0.910 1.000 0.955 0.725 1.000
Event-driven Credit

Gross 1.000 1.000

Net 0.835 1.000 0.805 1.000
Long-only 0.974 0.938 1.000 0.981 0.904 1.000

The table reports correlations of the posterior means afggnoet, and long-only leverage for all hedge
funds and for hedge fund sectors at a monthly frequency.Gewgrage is a sum of long and short exposures
as a portion of assets under management (AUM). Net levesagedifference of long and short exposures
as a portion of AUM. Long-only leverage is the long exposwgagortion of AUM. The hedge fund leverage
ratios consist of all observed hedge fund leverage and atirhedge fund leverage when these are unobserved
following Eg. (2) and the estimation method outlined in Apgix D using all macro and fund-specific variables
and fund-fixed effects. The data sample contains 8136 mpatidervations that cover 208 hedge funds during
a period from December 2004 to October 2009.
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Table 4: Cross-correlations of hedge fund leverage witeat@'s

Hedge fund strategies

All hedge
funds (HF) RV EQ ED CR

Panel A: Gross leverage

All hedge funds (HF) 1.000

Relative value (RV) 0.930 1.000

Equity (EQ) 0.761 0.557 1.000

Event-driven (ED) 0.846 0.650 0.899 1.000
Credit (CR) 0.836 0.738 0.853 0.786 1.000

Panel B: Net leverage

All hedge funds (HF) 1.000

Relative value (RV) 0.780 1.000

Equity (EQ) 0.932 0.695 1.000

Event-driven (ED) 0.963 0.657 0.857 1.000
Credit (CR) 0.921 0.578 0.854 0.879 1.000

Panel C: Long-only leverage

All hedge funds (HF) 1.000

Relative value (RV) 0.923 1.000

Equity (EQ) 0.866 0.683 1.000

Event-driven (ED) 0.915 0.736 0.920 1.000
Credit (CR) 0.877 0.751 0.917 0.857 1.000

The table reports correlations of the posterior means eféaye of hedge funds (HF) and average leverage
of their specific strategies (RV, EQ, ED, CR) for each of thiénittons of hedge fund leverage: Gross leverage
(Panel A), Net leverage (Panel B), and Long-only leverag@eéPC) separately at a monthly frequency. Gross
leverage is a sum of long and short exposures as a portiorsefsasnder management (AUM). Net leverage
is a difference of long and short exposures as a portion of AUdhg-only leverage is the long exposure as
a portion of AUM. The hedge fund leverage ratios consist bblserved hedge fund leverage and estimated
hedge fund leverage when these are unobserved following@pand the estimation method outlined in
Appendix D using all macro and fund-specific variables amtiftixed effects. The data sample contains 8136
monthly observations that cover 208 hedge funds duringiaghérom December 2004 to October 2009.



Table 5: Macro predictors of hedge fund leverage

a7

@) 2 3 4 ®) (6) (M ) )
Panel A: Gross leverage
Pastgrosslev -0.2446 -0.2228 -0.2250 -0.2423 -0.2378 2882 -0.2401 -0.2347 -0.2447
[-32.0] [-28.8] [-30.7] [-31.8] [-30.0] [-29.5] [-31.5] PR0.9] [-32.0]
IB CDS -11.49 -9.3278
[-12.4] [-3.54]
IB ret 0.5968 -0.0436
[6.11] [-0.26]
S&P 500 ret 1.3684 0.6750
[7.68] [2.09]
VIX -0.9238 -0.1010
[-11.9] [-0.51]
LIBOR 4.3489 -6.6629
[7.66] [-2.35]
TED spread -15.19 7.5973
[-8.64] [1.90]
Term spread -6.8214 -10.32
[-9.54] [-2.80]
Agg HF flows 7.7129 0.0934
[1.15] [0.38]
AdjustedR? 0.130 0.118 0.121 0.129 0.120 0.122 0.123 0.120 0.131
Panel B: Net leverage
Past net lev -0.3114 -0.2931 -0.3003 -0.3013 -0.3053 -®296.3036 -0.2959 -0.3052
[-3.48] [-3.75] [-3.31] [-4.22] [-3.61] [-3.49] [-3.90] R.86] [-3.82]
IB CDS -3.3967 -1.1898
[-3.69] [-1.04]
IB ret 0.2644 0.1340
[5.88] [1.83]
S&P 500 ret 0.5101 0.0784
[5.92] [0.57]
VIX -0.2854 -0.1051
[-4.83] [-1.22]
LIBOR 1.4241 0.9969
[2.75] [0.85]
TED spread -4.5400 -0.7010
[-4.26] [-0.43]
Term spread -2.0531 0.5129
[-3.16] [0.34]
Agg HF flows 0.3295 -0.0668
[3.29] [-0.61]
AdjustedR? 0.155 0.150 0.151 0.155 0.151 0.149 0.153 0.149 0.156
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Table[% Continued
1) (2 (3) (4) (5) (6) (1) (8) 9)

Panel C: Long-only leverage

Pastlonglev  -0.2376 -0.2157 -0.2177 -0.2351 -0.2301 4822-0.2324 -0.2273 -0.2373
[-31.2] [-27.0] [-29.1] [-31.3] [-28.4] [29.9] [29.4] R0.1] [-29.9]

IB CDS -6.9342 -4.9876
[-12.6] [-3.39]
IB ret 0.4228 0.0433
[6.77] [0.40]
S&P 500 ret 0.9124 0.3891
[8.52] [1.92]
VIX -0.5741 -0.0918
[-12.7] [-0.79]
LIBOR 2.5667 -2.8146
[7.59] [-1.58]
TED spread -9.4262 3.2221
[-8.51] [1.31]
Term spread -4.0850 -4.6731
[-9.48] [-2.00]
Agg HF flows 0.6891 0.0152
[7.81] [0.10]

Adjusted R? 0.126 0.116 0.118 0.126 0.116 0.118 0.119 0.117 0.127

The table reports regression coefficients of HJ. (2) to ptezhianges in gross leverage (Panel A), net
leverage (Panel B), and long-only leverage (Panel C) owenéxt month. Gross leverage is a sum of long and
short exposures as a portion of assets under management)(Adtleverage is a difference of long and short
exposures as a portion of AUM. Long-only leverage is the lergosure as a portion of AUM. The first row
in each panel reports the coefficient on the lagged leveragahte and the other right-hand side variables are
all macro variables. Each column reports a different regoes “IB CDS” is the equity market-value weighted
cost of CDS protection on defaults on 10-year senior bondsagdr investment banks (1B), “IB ret” is the return
on the market-value weighted portfolio of IB common sto¢B&P 500 ret” is the monthly total return on the
S&P500 index, “Agg HF flows” is the past three-month flow on #ggregate hedge fund industry as reported
by Barclay Hedge. All variables are described in detail irpApdix B. The table reports posterior means of
coefficients and posterior meanstestatistics in square brackets below each coefficient. #tlhsations have
fund fixed effects. Appendix D contains details of the estiom including the implementation of fixed effects
and the calculation of the adjustétf. The data sample contains 8136 monthly observations thvar @98
hedge funds during a period from December 2004 to Octobed.200



Table 6: Fund-specific predictors of hedge fund leverage

@) ) ©)

®)

Panel A: Gross leverage

Pastgrosslev  -0.2443 -0.2452 -0.2445
[-30.3] [-30.5] [-30.5]

Past ret -0.1288
[-0.49]
12-Month vol -1.337
[-1.93]
3-Month flows -0.0053
[-0.21]
Log AUM

Adjusted R? 0.130 0.131 0.131

Panel B: Net leverage

Past net lev -0.3107 -0.3066 -0.3106
[-3.69] [-3.99] [-3.59]

Past ret -0.2357
[-1.93]
12-Month vol 0.1615
[0.51]
3-Month flows 0.0142
[1.35]
Log AUM

Adjusted R? 0.157 0.156 0.156

-0.2451 -0.2455

[-31.1]
-0.2151
[-0.82]
-1.4139
[-2.11]
-0.0024
[-0.10]
-0.0414
[-1.43]
0.131

-0.3089 -0.3098

[-3.62]
-0.2057
[-1.64]
0.0543
[0.18]
0.0153
[1.49]
-0.0201
[-1.45]
0.157

49
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Table[® Continued
1) (2 (3) 4) (5)

Panel C: Long-only leverage

Pastlonglev  -0.2371 -0.2372 -0.2373 -0.2381 -0.2375
[-30.4] [-32.1] [-31.1] [29.9] [-30.6]

Past ret -0.1923 -0.2258
[-1.20] [-1.41]
12-Month vol -0.6278 -0.7289
[-1.60] [-1.76]
3-Month flows 0.0048 0.0045
[0.33] [0.31]
Log AUM -0.0236 -0.0284

[-1.38] [-1.60]
AdjustedR? 0127 0127 0.127 0127  0.127

The table reports regression coefficients of HJ. (2) to ptezhianges in gross leverage (Panel A), net
leverage (Panel B), and long-only leverage (Panel C) owenéxt month. Gross leverage is a sum of long and
short exposures as a portion of assets under management)(Adtleverage is a difference of long and short
exposures as a portion of AUM. Long-only leverage is the lergosure as a portion of AUM. The first row
in each panel reports the coefficient on the lagged leveragahte and the other right-hand side variables are
fund-specific and macro variables. Each column reportsfardift regression. “Past ret” is the fund’s return
in the past month, “12-Month vol” is the volatility of the hgel fund’s returns computed using monthly data
over the past 12 months, “3-Month flows” is the hedge fund flm&rdhe past three months computed using
Eqg. (1), and “Log AUM" is the logarithm of each hedge fund’s MUAII the regression specifications also
control for the macro predictors used in Table 5: the cost@S@rotection on major investment banks, the
return on the market-value weighted portfolio of investtriwmks, the S&P 500 return, option VIX volatility,
LIBOR, the TED spread, the term spread, and aggregate hadddlbws. All variables are described in detail
in Appendix B. The table reports posterior means of coefiitsi@nd posterior means Bétatistics in square
brackets below each coefficient. All estimations have fiireld effects. Appendix D contains details of the
estimation, including the implementation of fixed effectsldhe calculation of the adjusteg?. The data
sample contains 8136 monthly observations that cover 288eéh&unds during a period from December 2004
to October 2009.
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Table 7: Contemporaneous relations with gross hedge fieddge

Predictive Contemporaneous Predictive Contemporaneous
Macro variables Fund-specific variables
Past leverage -0.2447 Past leverage -0.2455
[-32.0] [-31.1]
IB CDS -9.3278 -1.3666 Past ret -0.2151 -0.1123
[-3.54] [-0.38] [-0.82] [-0.35]
IB ret -0.0436 -0.2248 12-Month vol -1.4139 -4.3495
[-0.26] [-0.90] [-2.11] [-2.35]
S&P 500 ret 0.6750 -0.9419 3-Month flows  -0.0024 -0.0530
[2.09] [-2.02] [-0.10] [-1.11]
VIX -0.1010 -1.4324 Log AUM -0.0414 0.2552
[-0.51] [-4.79] [-1.43] [1.75]
LIBOR -6.6629 3.4420
[-2.35] [0.76]
TED spread 7.5973 8.7629
[1.90] [1.49]
Term spread -10.32 -12.237
[-2.80] [-2.09]
Agg HF flows 0.0934 1.3419
[0.38] [3.13]
Oe 0.2494 De 0.5547
[32.9] [45.5]
AdjustedR? 0.131 0.080 Adjustedr? 0.131 0.086

The table reports regression coefficients for macro and-gpetific variables of the “Predictive” model
in Eq. (2) and the “Contemporaneous” model in Eq. (3) for gtusdge fund leverage. Gross leverage is a sum
of long and short exposures as a portion of assets under rauesng (AUM). The predictive model coefficients
are identical to regression (9) of Taljle 5 for the macro-gmdictors and regression (5) of Table 6 for the
fund-specific predictors. The “Fund-specific variablegjressions control for the macro predictors listed in
the “Macro variables” regressions: “IB CDS” is the equitynket-value weighted cost of CDS protection on
defaults on 10-year senior bonds of major investment bali®s (B ret” is the return on the market-value
weighted portfolio of IB common stocks, “S&P 500 ret” is thenthly total return on the S&P 500 index,
“Agg HF flows” is the past three-month flow on the aggregategleefiind industry as reported by Barclay
Hedge. For the fund-specific variables: “Past ret” is thedfsineturn in the past month, “12-Month vol” is the
volatility of the hedge fund’s returns computed using mbntata over the past 12 months, “3-Month flows”
is the hedge fund flow over the past three months computed &sjn[1), and “Log AUM" is the logarithm of
each hedge fund’s AUM. All variables are described in détaflppendix B. The table reports posterior means
of coefficients and posterior meanstedtatistics in square brackets below each coefficient. gtiheations
have fund-fixed effects. Appendix D contains details of thneation, including the implementation of fixed
effects and the calculation of the adjusteél The data sample contains 8136 monthly observations tivat co
208 hedge funds during a period from December 2004 to OcRile9.
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Table 8: Correlations of hedge fund and finance sector lgeera

Hedge fund strategies

All hedge
funds RV EQ ED CR

Panel A: Gross leverage

Banks -0.884 -0.820 -0.613 -0.774 -0.658
Investment banks -0.823 -0.734 -0.536 -0.733 -0.586
Finance sector -0.884 -0.812 -0.608 -0.776 -0.656

Panel B: Net leverage

Banks -0.873 -0.623 -0.740 -0.923 -0.772
Investment banks -0.845 -0.525 -0.766 -0.891 -0.765
Finance sector -0.884 -0.610 -0.764 -0.931 -0.789

Panel C: Long-only leverage

Banks -0.893 -0.801 -0.735 -0.867 -0.722
Investment banks -0.840 -0.712 -0.680 -0.828 -0.667
Finance sector -0.896 -0.791 -0.738 -0.872 -0.726

The table reports correlations of average levels of leveaddedge funds (HF) and average leverage of
their specific strategies—relative value (RV), equity (E&)ent-driven (ED), and credit (CR)—with average
leverage of bank holding companies (banks), investmerkdbéBear Stearns, Citibank, Credit Suisse, Gold-
man Sachs, HSBC, JP Morgan, Lehman Brothers, Merrill Lyack, Morgan Stanley), and the finance sector
separately for each definition of hedge fund leverage: Gm&sage (Panel A), Net leverage (Panel B), and
Long-only leverage (Panel C) at the monthly frequency. Wamate the leverage of finance subsectors fol-
lowing Appendix B. The leverage of hedge funds consists lodladerved hedge fund leverage and estimated
hedge fund leverage when these are unobserved followindZy@nd the estimation method outlined in Ap-
pendix D using all macro and fund-specific variables and ffixell effects. Gross leverage is a sum of long
and short exposures as a portion of assets under managexdny. (Net leverage is a difference of long and
short exposures as a portion of AUM. Long-only leverageéslting exposure as a portion of AUM. The data
sample is from December 2004 to October 2009.



53

Table A.1: A sample hedge fund risk exposure report

Gross leverage Netleverage Long marketvalue/ Short meakee/

Sector ratio (%) ratio (%) Equity (%) Equity (%)
Consumer discretionary 16.73 1.93 9.33 (7.40)
Consumer staples 9.08 5.16 7.12 (1.96)
Energy 7.84 (1.91) 2.97 (4.87)
Financials 4.20 (2.87) 0.66 (3.53)
Health care 5.01 2.17 3.59 (1.42)
Industrials 22.14 7.28 14.71 (7.43)
Information technology 26.05 5.41 15.73 (10.32)
Materials 1.31 0.46 0.89 (0.43)
Other assets 17.72 3.76 10.74 (6.98)
Telecommunication services 0.69 0.28 0.48 (0.212)
Total 110.78 21.68 66.23 (44.55)

This table shows a sample hedge fund risk exposure repoig.fdind reports exposures monthly broken
down by sector. The reported quantities are percentagest@fsset value (NAV). Gross leverage is a sum of
long and short exposures as a portion of assets under maaagedM). Net leverage is a difference of long
and short exposures as a portion of AUM.
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Figure 1.: VIX and CDS protection.
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The market-value-weighted credit default swap (CDS) cdgirotection for the investment banks (Bear
Stearns, Citibank, Credit Suisse, Goldman Sachs, HSBC,aligav, Lehman Brothers, Merrill Lynch, and
Morgan Stanley) is shown in the solid line with the axis on léfe-hand scale. We plot the VIX volatility
index in the dotted line with the axis on the right-hand scalae data sample is from December 2004 to
October 2009 at a monthly frequency.
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Figure 2.: Rolling 12-month hedge fund volatilities.
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This figure compares volatilities of returns of differendige fund strategies over the sample period. The
monthly volatility for each strategy is constructed as aerage value of sample volatilities of returns over

the past 12 months for the hedge funds that belong to theegtrafThe strategies are relative value (RV),

equity (EQ), event driven (ED), credit (CR), and the wholeldee fund sample is denoted HF. The data
sample is from December 2004 to October 2009.
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Figure 3.: Hedge fund volatilities vs. HFR volatilities.
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We plot 25th, 50th, and 75th percentile values of 12-moniiimgpvolatilities of returns of funds in the HFR
database and the average 12-month rolling volatility afinret of funds in the Fund’s database. The data
sample is from December 2004 to October 2009.
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Figure 4.: Hedge fund gross leverage.
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The figure plots hedge fund gross leverage for all hedge f(idB$ and hedge fund sectors. The sectors are
relative value (RV), equity (EQ), event driven (ED), andditéCR). The leverage aggregates all observed
hedge fund leverage and estimated hedge fund leverage Wwesa are unobserved following the estimation
method outlined in Appendix D. These estimates are obtaised) the model in Eq[12) using all macro and
fund-specific variables and fund-fixed effects. The data@ais from December 2004 to October 2009.
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Figure 5.: Cross-sectional dispersion of gross hedge fevetage.
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The figure plots the median (solid line) together with theh2itd 75th cross-sectional percentiles (dashed and
dashed-dot lines, respectively) of gross hedge fund lgesaaross all funds. The hedge fund leverage ratios
consist of all observed hedge fund leverage and estimatdgehfend leverage when these are unobserved
following Eg. (2) and the estimation method outlined in Apdix D using all macro and fund-specific
variables and fund-fixed effects. The data sample is fronebBdxer 2004 to October 2009.
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Figure 6.: Gross, net, and long-only hedge fund leverage.
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The figure shows the dynamics of the posterior means of gewssdge (solid line), net leverage (dashed-dot

line), and long-only leverage (dashed line) for all hedgedfiand for hedge fund sectors at the monthly

frequency. The hedge fund leverage ratios consist of akivesl hedge fund leverage and estimated hedge
fund leverage when these are unobserved following[Eg. @}t estimation method outlined in Appendix

D using all macro and fund-specific variables and fund-fixézbes. The data sample is from December 2004
to October 2009.
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Figure 7.: Hedge fund and finance sector leverage.
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We compare average gross hedge fund leverage with the ¢eveféanks, investment banks, and the finance
sector. The left-hand axis corresponds to average groggelfadd leverage and the right-hand axis corre-
sponds to the leverage of banks, investment banks, and tecérsector. The hedge fund leverage ratios
consist of all observed hedge fund leverage and estimatgehfeind leverage when these are unobserved
following Eq. (2) and the estimation method outlined in Apgix D using all macro and fund-specific vari-
ables and fund-fixed effects. The finance sector leveragenistcting following the method described in
Appendix B. The data sample is from December 2004 to Octob@® 2
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Figure 8.: Hedge fund and investment bank gross exposurkeaeige.
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We graph the gross exposure and AUM of hedge funds in PanetlAhaengross exposure and market value
of equity of investment banks (IB) in Panel B. For hedge fumadstake gross leverage across all hedge funds
which consists of observed gross leverage and estimated pwerage when these are unobserved following
Eq. [2) and the estimation method outlined in Appendix D gsilt macro and fund-specific variables and
fund-fixed effects. The hedge fund exposure is computed bigptying the gross leverage by the aggregated
AUM of hedge funds from the Barclays Hedge database. Inwastimank exposure is the total amount of
assets held by investment banks. The left-hand axes in boislpcorrespond to AUM or equity. The market
value of investment banks is the value of common equity. AppeB contains further details on these
variables. The right-hand axes correspond to gross exposte scale of both axes is in trillions of dollars.
The data sample is from December 2004 to October 2009.
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Figure 9.: Relative gross exposures of hedge funds to imergtbanks and the finance
sector.
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We plot the ratio of gross exposure of hedge funds (HF) tostmaent banks (IB) and the finance sector (FS).
The gross exposure is computed by multiplying gross leveeangl AUM in the case of hedge funds and is
total assets in the case of investment banks and the finaot®.sEor hedge funds, we take gross leverage
across all hedge funds which consists of observed grosealgeeand estimated gross leverage when these
are unobserved following the estimation method outlinedppendix D using all macro and fund-specific
variables and fund-fixed effects. The left-hand axis cqoesls to the relative gross exposure of hedge funds
to the assets of investment banks, while the right-hand @isesponds to the relative exposure of hedge
funds to the assets of the finance sector. The data sampteridfecember 2004 to October 2009.
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Hedge Fund Compensat%n

Sergiy GorovyB

Abstract

| investigate hedge fund compensation in a model with a resknal fund manager who can
continuously rebalance the fund’s holdings. | solve fordpé&mal leverage level in a fund
that has a compensation contract with a high-water mark andldnrate provisions where
management and performance fees are paid at discrete timemt®. The compensation

contract induces risk-loving behavior with managers oftenosing the maximum leverage.

JEL ClassificationG11, G23, G32
Keywords Hedge Fund, Portfolio Choice, Capital Structure, Leverddargins

*| thank Andrew Ang, Vyacheslav Fos, Suresh Sundaresan, Négmg, and seminar participants at
Columbia University for helpful comments. | would like alsmthank Evan Dudley and Mahendrarajah Ni-
malendran for sharing CME margin requirement data.

fColumbia University; Email: sgorovyyl4@gsb.columbiaied



64

1 Introduction

Hedge fund compensation contracts are one of the most coaigadi compensation contracts
in the money management industry. Hedge fund fees are arhertgghest fees relative to
the fees of other money managers. For example, mutual fumage on average 1.7%
of Assets Under Management (AUM) per yELwhiIe hedge funds usually charge a 2%
management fee and an additional 20% performance fee, wWereranagement fee is pro-
portional to the fund’s AUM and the performance fee is projpoal to the fund’s net AUM
gain. Hedge fund investors became especially concerndxtinathigher fees in hedge fund
compensation contracts during the financial crisis of 202(7 Investors paid high fees
even during the period when hedge funds experienced larggtive returns. Some of the
hedge funds did not have provisions that restrict paymepediormance fees (high-water
mark or hurdle rate provisions) and they charged performéees for periods when the fund
delivered a positive performance even when the fund’s leng pperformance was negative.
After the crisis, provisions that restrict payment of thefpanance fee became widespread.
This paper studies hedge fund compensation contracts airdrtfiluence on the invest-
ment decisions of hedge fund managers. | formulate a modklawisk-averse investor and
a risk-neutral hedge fund manager. The manager has a trattatggy and he is allowed
to apply leverage in order to amplify hedge fund returns. amager can rebalance the
fund’s portfolio continuously, while the fees for his semiare charged at the end of each
time period (for example, a month, a quarter, or a year). értiodel, | specify a hedge
fund compensation contract with management and perforen@as that include high-water
mark and hurdle rate provisions. The model nests, as speasalk, models with compen-
sation contracts that have only management fees, conthatthave performance fees with
only the high-water mark provision, and contracts that haeéormance fees with only the

hurdle rate provision.

1 See Khorana, Servaes, and Tufano (2009).
2 See, for example, Karmin and Strasburg (2009).
3 According to HFR database 91.7% of hedge fund compensatioinacts contained the high-water mark

provision and 13.1% of the contracts contained the hurdépeovision in 2010.
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| find that the hedge fund compensation contracts inducetaiskg behavior in man-
agers in the sense that managers use the maximum leveragel@oshich is exogenously
specified to be the inverse of a margin requirement. | findttinete is a strong correlation
between the inverse of margin requirement for S&P 500 fistaomtract and average hedge
fund leverage. Similar to Goetzmann, Ingersoll, and Ro883, this paper studies hedge
fund fees. | construct an equivalent management fee (EMIeyder to compare various
hedge fund compensation contracts. The EMF allows the cosgpeof complicated hedge
fund compensation contracts to simple mutual fund compemseontracts that deliver the
same utility for the manager. | find that the hedge fund corspton contract that charges a
2% per annum management fee and 20% performance fee witighuiMater mark or hurdle
rate provisions has an EMF equal to 6.45%, while the hedgiedompensation contract that
charges a 2% per annum management fee and 20% performarsceifeeludes an indexed
with respect to hurdle rate high-water mark provision hagk®tr equal to 5.31%. Conse-
guently, the cost of the indexed high-water mark provis®edqual to 1.14% management
fee. | also find that the hedge fund compensation contrattctierges monthly a 2% per
annum management fee and a 20% performance fee with bothwtatgr mark and hurdle
rate provisions has an EMF equal to 2.93%. Consequentlgehfohd managers dislike an
increase in the fee payment frequency more than they digig&endexed high-water mark
provision, since an adoption of monthly frequency is eqentto a sacrifice of a 2.38%
management fee.

In contrast to my model which predicts that hedge fund layera mostly determined by
its maximum possible value, there is no consensus in theeataditerature on the corre-
lation between the performance fee and hedge fund levefsgermann et al. (1999) and
Brown et al. (2001) report that the correlation between tdgomance fee and the fund’s
leverage is low, while Kouwenberg and Ziema (2007) repat iths high. Empirical results
on the hedge fund manager compensation have to be careitéipreted due to the fact
that hedge funds do not have to report their compensati@nses. Additional assumptions
about the distribution of the high-water marks and the shameested by managers in their

funds are needed in order to draw conclusions about mamhgernpensation. | find that
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since, independent of the level of the performance fee, ¢lagé fund manager chooses the
maximum leverage, the correlation between the performtaecand fund’s leverage should
be low.

Theoretical literature does not also agree on the corogldtetween hedge fund fees and
hedge fund leverage. Carpenter (2000) proposes that tiendpke form of compensation
contract leads, in some cases, to very high levels of leggnabile in other cases it leads
to even more conservative levels than the one the manageéd take if investing personal
money. Panageas and Westerfield (2009) and Lan, Wang, amgd(2ah2) suggest that the
risk neutral manager uses leverage conservatively.

The model formulated in this paper is related to the modefsidered in Hodder and
Jackwert (2007), Panageas and Westerfield (2009), and Lamng VEnd Yang (2012). Sim-
ilar to Panageas and Westerfield (2009) and Lan, Wang, and (2012), the hedge fund
manager has access to risk-free and risky assets and isdllmrcontinuously rebalance
the fund’s portfolio. Panageas and Westerfield (2009) cmleckhat the risk-neutral man-
ager does not place unbounded weights on the risky asseatedtspconvexity of the com-
pensation contract. Lan, Wang, and Yang (2012) considexpansion of Panageas and
Westerfield (2009) model and find that the manager behavesigk-averse way with the
risk aversion coefficient determined by a liquidation baanyd | use a suggestion proposed
by Hodder and Jackwert (2007) to consider a model where ttgehkind charges fees at
discrete time moments, which is also the way hedge fundsfémg/in the real world. | show
that the presence of margin requirement is required in theefreince otherwise the optimal
leverage level is unbounded. | consider possibilities afifliquidation by the investor and
by the prime broker as suggested by Dai and Sundaresan (@0d@ihd no significant effect
on the managerial behavior.

Sectiori 2 describes the hedge fund compensation contréhtie® calculations. Section
presents the model. Sectibh 4 estimates costs of the haggr-wvinark and hurdle rate

provisions and Sectidd 5 concludes.
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2 Hedge Fund Fees

Traditional hedge fund compensation contracts contaih b@nagement and performance
fees.

The management féga fee that is proportional to the total value of fund’s Asdénder
Management (AUM). The management fee is common in money gesment industry and
is the standard mutual fund fee. The management fee can bgechat the beginning or
at the end of each time period. In a multi-period model thesepossibilities differ only
in payment of the first and the last fees. We consider a caseswwhe management fee is
charged at the end of each period to make formulas simpléer itawill become clear that
the timing of the management fee payment does not changetictusions of the paper.

The performance feis charged based on the performance of the fund during thedoer
Payment of the performance fee is conditional on the net'$ymetformance being positive
and on satisfaction of some additional constraints (e.igh-twvater mark and hurdle rate
provisions) if they are present in the compensation contréerhune and Lorence (2005)
define the performance fee as a fee that is charged on “net adlded”. “Net value added”
is the difference between “gross value added” and expehsesrt general include legal,
accounting, trustee, administrative, marketing and salestodial, and general investment
management charges. “Gross value added” is the differegtoeelen the value of the current
fund’s AUM before fees and the value of the previous afterfiend’'s AUM. We consider
only management and performance fees in this paper, so ffensas subtracted from the
“gross value added” constitute only the management fee.

The high-water mark provisiorequires the fund to outperform the highest Net Asset
Value (NAV) in order for the investor to be charged the perfance fee. The value of the
performance fee is proportional to the outperformance. Vidiee of the high-water mark
can be indexed or not indexed depending on the contractfegadicin. We consider a case

where the value of the high-water mark is indexed by the & .n|=

4We selected the indexed high-water mark case because litsresless complicated formulas, while the
differences between the outcomes in the indexed and notéadeases are not economically significant. The
formulas in the case where the high-water mark is not indexednore complex due to the fact that the hedge
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The hurdle rate provisiostates that the fund does not charge the performance fee when
the fund’s return is below some predetermined value calledhtirdle rate (for example, this
can be some constant required rate of return, beginningegb¢hiod LIBOR, or a treasury
yield).

According to January 2010 HFR database 11.1% of hedge fumglacds include high-
water mark and hurdle rate provisions, 80.6% of the corgranciude only the high-water
mark provision, 2.0% of the contracts include only the heirdke provision, and 6.3% of the
contracts do not include either the high-water mark or threlleurate provision.

In order to understand how high-water mark and hurdle rateigions affect calcula-
tions of hedge fund fees consider the following example shimwTable[1. A money man-
ager decides to start a hedge fund at the end of 2006. He nreéatsestor and they sign
a compensation contract with a 2% management fee and a 20%pance fee payable
when a high-water mark is outperformed, which is indexethwespect to 4%. The investor
allocates $1,000,000 in the hedge fund at the end of 2006.

The hedge fund delivers a 20% gross return which results ih,208,000 value of the
fund at the end of 2007. The fees are now levied and the nunibérable[1 state the
following series of fee calculations. At first the managenfer is charged, which results
in a $24,000 management fee. The fund’s value becomes en$h/176,000 after payment
of the management fee. The value of the indexed high-watek maequal to the initial
$1,000,000 indexed by 4% which is equal to $1,040,000. Thd'swalue outperforms this
value by $136,000, so the manager gefis2ax $136, 000 = $27, 200 performance fee. The
total amount of the fees charged in 2007 is equal to $51,26@.ehding value of the fund
is $1,148,800 at the end of 2007.

In the column labeled '2008’, | detail the next series of aédtions for 2008. The fund
delivers a -20% gross return. This shrinks the fund from 43,800 down to $919,040. In

fund can outperform the value of the high-water mark by @eglivg return that does not satisfy the hurdle rate
provision, so that the value of the high-water mark is updatg the performance fee is not paid. This is not
the case in the indexed high-water mark case since bothgioogiare automatically satisfied by outperforming
the value of the indexed high-water mark.
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contrast, the indexed high-water mark value increases bgddss now $1,194,752. There-
fore, since the fund value is below this amount, the manages dot obtain the performance
fee. Only the management fee equab a2 x $919, 040 = $18, 381 is charged in 2008. The

ending value of the fund is $900,659 at the end of 2008.

In the final column of Tablel1, the fund delivers a 50% grossrreincreasing the size of
the fund from $900,659 to $1,350,989 in 2009. The high-watark is again indexed and
is now equal to $1,242,542. The performance fee is chargeteoautperformance of this
value, which is equal to $81,427. The manager obtait x $1, 350,989 = $27,020 in
management fees afd® x $81,427 = $16, 285 in performance fees which results in a total
of $43,305 in fees charged in 2009. The ending value of the fsi$1,307,684 at the end of
2009.

The general case of the total amount of fees charged as adniéthe fund’'s AUM and

high-water mark is equal to
2(Ar, Ayt Hia) = fnAe + fo(1— fr) Ae — (1 + ) Hy )™

where A, is the value of the AUM at time before the fees are paidi;_,), is the value
of the AUM after the fees were paid at the end of the previouogdeH; ; is the value
of the high-water mark after the fees were paid at the endeopthvious periodf,, is the
management feg, is the performance fee,. is the hurdle rate which is also the rate of the
high-water mark indexation, and notation) * denotesnax{x,0}. The total amount of the
fees charged is composed of the management fee that is egfiallf and the performance
fee thatis equal tg,((1 — f..)A: — (1 + h,)Hi—1)t, where(1 — f,,,) A; is the fund’s AUM
after payment of the management fee éhet 1,.) H,_; is the value of the indexed high-water
mark.

In the previous exampl¢,, = 2%, f, = 20%, h, = 4%, Hy = Apx = Ay =
$1,000,000, A; = $1,200,00, z(A;, Aoy, Hy) = $51,200, A1, = $1,148,800, H; =
$1, 148,800, Ay = $919, 040, z(Az, A4, Hy) = $18,381, Ay, = $900, 659, Hy = $1,194, 752,
Az = $1,350,989, z(As, Asy, Hy) = $43,305, and A3, = $1, 307, 684.
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3 Model Setup

We construct a model with a fund manager who is able to dyraliyicebalance the fund’s
portfolio as, for example, in Goetzmann, Ingersoll, andR@9003), Panageas and Wester-
field (2009), and Lan, Wang, and Yang (2012). The fund manelgarges fees at discrete
time moments. In Goetzmann, Ingersoll, Ross (2003), Pasaged Westerfield (2009),
and Lan, Wang, and Yang (2012) the fees are charged conshudayment of the fees at
discrete time moments makes an enormous difference betasigaificantly changes the
nature of the compensation options — instead of an infiniteber of infinitesimal options in
the continuous case the manager has a finite (or countabi#)enof options of substantial
size. The payment of fees at discrete intervals is morestéads in the real world fees are

charged at the end of each month, quarter, or year.

3.1 Modd

The investor invests with the hedge fund at titne 0. The hedge fund manager dynami-
cally rebalances the fund’s portfolio between a risky antsle-free asset. The risky asset
represents the manager’s proprietary strategy. The iowesallowed to withdraw all the
capital from the hedge fund at the end of any investment dexiter the fees for the period
are paid. There is no reinvestment afterwards.

There is only one investor in this model who makes only onestment with the hedge
fund and therefore the fund’s AUM and NAV coincide. This al®to use the AUM instead
of the NAV in the high-water mark definition, which signifiaggnsimplifies the model.

The risk-free asset delivers a constant rate of return0. The price of the risk-free asset

evolves according to
dPy
P

The price of the risky asset evolves according to

= rdt.

dPy,
Py,

= pdt + o dB,,
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wherep > r, 0 > 0, and B, is a standard Brownian motion. The risky asset can be inter-
preted not only as a particular security, but also as an engéeivtrading strategy employed
by the fund.

At each time moment, the manager specifies the leverage leyehpplied to the risky
asset, which is effectively the weight of the risky assethef portfolio. The weight of the
risk-free asset is equal to— 7;. We allow the manager the possibility to lever up the risky
asset, which corresponds to having> 1 or to short-sell the risky asset, which corresponds
to havingr; < 0. Sincep > r the manager prefers to havg> 0 for all timest.

We assume an exogenous margin requirementvhich effectively limits the leverage
the fund manager can take.marginis a requirement from an institution providing leverage
(a prime-broker or an exchange) to an institution (fundjpobhg leverage to post a portion
m of the market value of the security purchased to a marginwatdcoFutures contracts
exchanges require agents to post specific dollar amountsakcin contract to the margin
account, but following Dudley and Nimalendran (2011), itas be converted to a portion
of the value of the underlying securities. The portiareffectively provides the maximum
leverage the fund can take equaln%tb For example, Regulation T(Reg T) in the US requires
agents to post at least 50% of the market value of equitieghtaar sold short to a margin
account, which correspondsito = 0.5.

The fund’s AUM, A;, at timet between moments when the fees are paid evolves accord-
ing to

dA; = Aym(pdt + o dBy) + (1 — m) Ayr dt. Q)

At the moment the fees are paid the fund’s AUM decreases dicapto
Ay = Ay — Z(At, A(t—1)+, Ht—l)

where A; denotes the value of fund’'s AUM at timebefore fees and!;, denotes the value

5 There are two types of margins availabieitial margin, which is the amount required to be posted to the
margin account when the position is opened araintenance margin— the amount required to be maintained
on the margin account while the position is open. We congidgr maintenance margin in this paper because
it limits the maximum leverage the fund can take over timeilevthe initial margin provides limitations only
at the moment of the trade.
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of fund’s AUM at timet after fees.z(A;, A—1)+, H;—1) denotes the amount of fees paid at
the moment given the current and the previous after-fee AUM as well addkest level of

the high-water marlf/;_,. The total value of fees is given by
2(Ay, Ap-ye, Hior) = fn A + f(1 = f) Ae = (14 hy ) Hi) ™ (2)
The value of the indexed high-water mark is updated accgritin
Hy = max{(1+ h,)H1, (14 hy)Ag—1y4, Avy } = max{(1 + h,.)H—1, A ). (3)

where the value of the high-water mark is indexed by the leuraler,. The performance
fee is paid if the fund’s AUM after the management fee is paidigher than the value of the
indexed high-water markl + h,.)H;_;.

The investor decides to continue with the investment in theége fund after payment
of the fees with probability) (A, A1)+, H;—1) that depends on the current and previous
values of the fund’s after-fee AUM and the previous valueta high-water mark. Note
that there is no need to include the current high watermdteuaecause it is determined by
other included variables. A constant fgrcorresponds to a constant disinvestment frequency
assumed in Panageas and Westerfield (2009). If the fun@tisrequal tol for all the values
above some boundary and it is equalitfor all the values below the boundary, then this
corresponds to a liquidation boundary considered in HodddrJackwert (2007).

The manager maximizes his utility function

V (Ao, Hy) = mrél[éoi’% E [52(1417 Aoy, Ho) + 52Q(A1+7 Aoy, Ho)2(Ag, Ary, Hy)+ @

BPQ(A1y, Aoy, Ho)Q(Aay, Avy, Hi)z(As, Agy, Ha) + .. ]
wherer; denotes leverage strategy,is the margin requirement, denotes total fund fees,
A, denotes fund’'s AUM at time, A, denotes fund’s AUM after fees are paid at time7,
denotes the value of the high-water mark at timé& denotes the continuation probability,
andg = ﬁ is the time discount factor.

Table[2 specifies parameter values in the model. The meani0% and the volatility

o = 20% of the risky asset are assumed to match the parameters of & m&ex, which
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is one of the possible investment strategies. The riskifaeer = 4% is matched to the
average US treasury rate. The time discotint 0.96 is inversely related to the risk-free

rate and the margim = 50% is specified to match the Reg T requirement.

3.2 Solution

The optimization probleni {4) can be written in the followirggursive form:

V(A1 Hior) = ngﬁ% E [B2(Ai, Aji—1y+, Hizx) + BQ(Ai, AG—1y4, Him)V(Ai, Hy)]
)

subject to[(1L),[(R), and {3), whei€(A;_1);, H;—1) is the managerial utility, the AUM of
the fund at timel — 1 after fees are paid is equal #;_,), the value of the indexed high-
water mark is equal td{;_;, andm is the margin requiremegl. Later | show that if the
margin requirement is dropped in the optimization problEjtiien the optimal leverage is
unbounded.

The functionz defined by equatiori{2) represents the total hedge fund fepaga at

time¢. This function is homogeneous of degree 1, that is
Z(bAl, bA(H_, bH) = bZ(Al, A0+7 H),

SO

=it (G 50) < (.57

Denotew, = %* andw; = g—g for t € (0, 1]. Assuming the utility functiorl/ is also
homogeneous of degree 1, thati$hA, bH) = bV (A, H),

V(A H)=HV (% 1) = HV (%) = HV(w).

Equation[(5) can be rewritten as

A Aoy

Ay
H, = FE |GH, —_— — A Ao, Hy) H — .
oV (wo) mfélﬁ?;] {5 ¥ (HO, H, ) + BQ(A4, Aoy, Ho) H\V ( , )] (6)

5Note, that we can substitute indésn equation [[5) and consider intervil, 1] instead of the interval
[i —1,1].
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Assuming that the probability that the investor continwestay invested in the fund depends
only on the ratio of the after-fee AUM to the high-water masie obtain

From equation[(3) that defines the update of the indexed Wafler mark value we have

H1 = max{(l + h,n)HQ, A1+},

where
A A A
A1+ :Al —Z(Al,A(H_,HQ) HOFZ —HQZ <H(1) I;;_) :H()(wl —z(wl,wo)).
Therefore
Ay Ay . Ay . Jwr = 2z(wi,wo)
H ~ max{(l+h)Hy, At VA + k) Hy S TR

This allows me to rewrite equationl (7) as

V(wo) = max E[Bz(wl,wo)JrﬁQ <min{w,l})

me[o

m }

(8)
-max{l + h,,w; — z(w1, wo) }V (min {%w, 1})} :
where function:(w;, wy) satisfies
2 (w1, wo) = frwr + fp((1 = fr)wr — (14 hy)) ™. 9)

Note that the total value of the fees paid dependsgtihroughw, due to portfolio manage-
ment strategy that starts from the AUM to high-water marloratual tow.

AppendiXA provides an analytical solution of the systemapiations((8) and{9) for the
case where the functiap is constant. The optimal leverage level is equa%twvhich is the
maximum leverage allowed.

In order to solve the system of equatiohs (8) dnd (9) in theeg@rcase, | discretize
the time period0, 1] and the set of feasible leverage levglsm|. During each of the time

moments the manager has a finite set of options with diffargiitty levels and the optimal
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leverage is the leverage which delivers the highest ufititythe manager. After a number
of steps going from timeé = 1 to timet = 0 we find the managerial utility at time+ after
fee payment. The ultility after fees is used to find the optimahagerial decision before the
fees are paid. Time momeht= 0 is equivalent to timeé = 1 and we start the process again
starting now from the utility obtained far= 0. The procedure is repeated until the solution

obtained converges. The numerical procedure is explamégpendiXB.

3.3 Extension: Model Without Margins

In the previous section, | obtained that the margin requénetsidrive the hedge fund manager
behavior. This section investigates managerial behamioase the margin requirements are
relaxed. In this case the only difference between this maddlthe model considered in
Panageas and Westerfield (2009) is the timing of fee paynhe®anageas and Westerfield
(2009) the fees are paid continuously in infinitesimal inceats, while in this paper the
fund manager is paid at discrete time moments. This minangda@aroduces a huge change
in optimal leverage.

Consider one possible managerial strategy. Assume thegeaighooses a constant

leverage levek, = 7 for ¢ € [0, 1]. Then from equatiori (1) we have
dA; = Ay(r +m(p —r))dt + AymodBy. (10)

Consequently,
A = Agyertnnm=gtiont, (11)
where is a standard normal variable.
As a result,
E[A)] = Agpertmn, (12)
Therefore, the expected value of the AUM at titme 1 prior to the payment of fees goes to
infinity as 7 goes to infinity.
The dollar value of the management fee is equaf,ta\;, so the expected value of the
management fee paid at time= 1 is equal tof,, Aq e’ *~")7 which increases to infinity

asm increases to infinity.
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The dollar value of the performance fee is equaffdl — f,,)A1 — (1 + h,)Ho)*. The
expected value of the performance fee satisfies
E[fy((1 = fn)Ar — (L+ he)Ho) "] = f,E[(1 — fin) Ay — (1 + hy) Ho]
= fpo((1 = fo) E[A] — (1 + hy ) Ho).

(13)

The right hand side of equation (13) goes to infinityragoes to infinity. Consequently, the
expected value of the performance fee goes to infinity gees to infinity.

The reasoning used in inequalify {13) with respect to thexed high-water mark can
be used with respect to any level that needs to be outpertbmmerder for the manager to
obtain the performance fee. Therefore, the expected vdlie @erformance based portion
of the managerial compensation goes to infinity as leveraigereases to infinity provided
fp >0andl — f,, > 0.

All the fees the hedge fund charges across time are nonmegat the total expected
utility for the risk-neutral manager goes to infinity sinbe first fee already goes to infinity.
As a result, the manager cannot have an optimal strategyh#saad bounded leverage level
and delivers a finite utility, since he can always choose hdri¢everage level that provides
a higher utility than the given strategy.

Consider a case where the manager is restricted to rebadpportfolio only att = 1

after the fees are paid. In this situation denotinifpe weight of the risky asset we obtain
A = Ao(7re“_§+g§ + (1 —m)e"),

SO
E[A)] = Ag(me* + (1 —m)e") = Ag(e" + (e —€")).

E[A,] goes to infinity as leverage goes to infinity, sinte— ¢ > 0. Considering the man-

agement and the performance fees as before, we obtain thakpected value of each of
the fees goes to infinity as the leveragegoes to infinity. This shows that the result that
the risk-neutral manager does not have an optimal boungecdhige does not depend on the

ability to continuously rebalance the fund’s portfolio.
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Therefore, unlike in the models where the fees are chargetincmusly we obtain that
when the fees are charged at discrete time moments the meel@$ some additional limi-
tations in order for the manager to use a limited leverageekample, Panageas and West-
erfield (2009) find that a risk neutral manager who has a coatia flow of fees chooses a
limited leverage, while | find that a small change to their mloghere the continuous flow
of fees is substituted with payment of fees at discrete tiroments, the optimal managerial
behavior changes. When the manager faces a continuous flilmexnfhe has less incentive
to choose high leverage, since the closest payment optiofingesimal, while a loss would
lead to a drop in value of all the future options that add updalastantial sum. In a discrete
case, however, the closest option value is already sultanid infinitely high leverage
delivers infinitely high expected utility from this optiohoae, and therefore the manager
chooses to behave differently in this case.

There are a number of arguments for limitations on hedge fanerage provided in
the academic literature: future career concerns, maragaviestments in the fund, and
liquidation in the case of a poor performance. | consides¢tend other arguments in terms
of the model with the risk neutral hedge fund manager in Aplpeltl and find that they
do not lead to limitations on the optimal leverage level.hié hedge fund manager is risk
averse, he chooses a finite leverage, but this result comragisk aversion rather than these
listed reasons. The question of an average risk aversi@hdéhedge fund managers is an
interesting one, but unfortunately, according to my knalgks there is no empirical study
which reports it. There are many books about individual leeflgpnd manager stories, for
example, Richard (2010), who points out that if anythindeast some hedge fund manager
behavior is risk-seeking rather than risk-averse. Hedgd flows are convex (see Chevalier
and Ellison, 1997 and Sirri and Tufano, 1998), and this difeavely results in risk-seeking
behavior because it increases utility gains from positegitts and decreases utility losses
from negative results.

Lan, Wang, and Yang (2012) propose that the presence of adtgon boundary in-
duces limited leverage levels without an exogenous maegjunirement. Dai and Sundaresan

(2010) provide two possible types of hedge fund liquidatioat are relevant to the model:
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liquidation by the investor and liquidation by a prime broki a continuous fee payment
framework with a liquidation boundary, as in Lan, Wang, arah{ (2012), it is impossible
to distinguish between these two cases. Below | considee&tensions of the basic model

which allow me to study managerial behavior given each ofwtepossibilities separately.

3.4 Extension: Liquidation by the Investor

Lan, Wang, and Yang (2012) consider a model with a contindlousof fees and find that
a liquidation boundary set to the AUM to high-water markaaif 0.685 makes risk neutral
manager to behave in a risk-averse way. They also considasewhere the liquidation
boundary is set to the ratio equal to 0.5 and find similar tssul

| consider an extension of the basic model where the investsra liquidation boundary
for the fund to AUM to high-water mark ratio df. |1 assume that liquidation by investor
can happen only after the moment the fees are paid, whichdguarement set in order so
the investor does not liquidate the fund before the first Brespaid. In reality there are
lockup and notification periods that restrict early withn In the terms of the model the
liquidation boundary is set a3(w) = 1 for the ratio of AUM to high-water mark that is
abovel, andQ(w) = 0 for w that is below,.

Figure[1 shows numerical solution of this problem in the oabkere the manager can
rebalance fund’s portfolio only at discrete time momentd ign= 0.5. Each of the separate
pictures corresponds to a different intermediate time marfrem¢ = 0 tot = 1, where
| assume that the fund charges fees at the end of each year(df). The manager uses
maximum leverage during the first half of the year, because even if the fund yreléorms,
then there is still the second half of the year the managerexaup losses. However, at the
levels of AUM close to the liquidation boundary he startsawér leverage, since now the
probability to receive performance compensation is snadiile there is a high probability
of liquidation in case of further losses. Closer to the enthefyear manager tries to avoid

very costly liquidation by lowering leverage even more. Hwoer, if the fund is below the

" See, for example, Ang and Bollen (2010).
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liquidation boundary then the manager uses all the availabkrage in order to gamble for
survival, as in Hodder and Jackwert (2007). At the levelshef AUM significantly higher
than the liquidation boundary the manager uses all theablaileverage since even using the
maximum leverage he has a very small probability of beingitigted. When this numerical
solution for discrete time is taken to the limit with respechumber of subperiods within a
year in order to solve the continuous time case, we find thigtadrihe liquidation boundary
at the moment the fees are paid is the optimal leverage eguakd while everywhere else
it is equal to the maximum allowed level. This is because tlamager can always lower

leverage close to the boundary and avoid liquidation in tiouous time case.

3.5 Extension: Liquidation by the Prime Broker

Hodder and Jackwert (2007) consider a discrete time modkelanisk averse manager and a
liquidation boundary given by an AUM to high-water mark cadif 0.5. Liquidation in their
model can happen any time moment before the fees are paidhuwhihe same situation
as the liquidation by prime broker case in Dai and Sundaré3@h0). They derive that
managerial behavior depends not only on the AUM to high-mvatark ration, but also on
the time until the fees are paid. Next | examine this casearctntext of my model.

Consider now an extension of the main model where the primlegbicontinuously mon-
itors the hedge fund’s operations and liquidates the funednathe ratio of current AUM to
high-water mark falls below some predetermined value. ERiension assumes that the
managerial value function is equal to 0 fobelow some liquidation boundary inside of the
0, 1] time interval instead of just the fee payment moment.

Figure[2 shows a numerical solution of this extension. Edcth® separate pictures
corresponds to a different intermediate time moment ftom0 to ¢ = 1, where | assume
that the fund charges fees at the end of each year £atl). | find that if the manager is
allowed to rebalance the fund’s portfolio only at discreteet moments then he maintains
leverage close t0 if the fund’s AUM is significantly close to the liquidation bodary in

order to preserve the fund. When the fund is liquidated theager loses all future fees
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and therefore he tries to avoid liquidation. If the fund’s MUs significantly above the
liquidation boundary, then the manager decides to use thxéman leverage, since he will
have time to reduce leverage and preserve the fund in casgafive performance, while in
a case of a positive performance he faces significant ugjiitps from the performance fees.
Figure2 shows that if the fund’s AUM is lower than the fundighrwater mark, then the
manager chooses a more conservative portfolio before ghedgment than at the beginning
of the year in order to preserve the fund’s AUM. The reasorttieg behavior is that even
using the maximum level of leverage, the probability to abfzerformance fees is small,
while a drop in the AUM level may lead to a struggle for surVivethe next term. This case
differs significantly from the case where liquidation igtgered by the investor, since there is
much less dependence on the particular time moment herks thkimanagerial behavior is
more conservative when the fund is close to liquidation lolauy inside of the time interval.
For the same AUM to high-water mark ratio considered rigtgrathe moment the fees
are paid, the leverage is lower in the case of liquidation tiy@ broker than in the case
of liquidation by investor. For example, the AUM to the higlater mark ratio equal to
0.6 in the liquidation by investor case is already high enoughtie fund manager who
chooses the maximum leveraggewhile in the liquidation by prime broker case the fund’s
leverage is close to 1. The difference disappears when Ithekigquidation by prime broker
extension to the limit with respect to the number of interfatglitime moments during, 1]
time interval. This corresponds to the continuous porfatianagement case where for the
AUM to high-water mark ratio equal to the liquidation boung#he leverage is equal to
0 while everywhere else it is equal to the maximum allowed llev@nsequently, in the
continuous portfolio management model formulation ther@o difference in managerial

behavior between the cases of liquidation by the investotignidation by the prime broker.

3.6 Extension: Multiple Margin States

Consider an extension of the base model that instead of dasdnsargin requirement in-

cludes several possible margin states < my, < ... < m;. The motivation for such



81

extension comes from Dai and Sundaresan (2010) who regairthé typical values of the
margin requirements changed significantly from April 2007August 2008, for example,
the margin requirements for AAA ABS CDO changed from 2-4% %6 the margin re-
guirements for high-yield bonds changed from 10-15% to @%4 In this case the hedge
fund may suddenly face much stricter margin requirementis gignificantly lower maxi-
mum level of leverage allowed. Since the hedge fund manag®n& there is a possibility
of a forced deleveraging in the future with an associatet, b@smay chose leverage lower
than the maximum allowed leverage.

There is no need to apply lower leverage thn%nin the state of the world with margin
requirementny, since the manager wishes maximum leverage in this statehenfibtced
deleveraging is impossible in this regime. Therefore, shighest margin state (the lowest
maximum leverage state) the hedge fund manager chooseadevequal to the maximum
possible leverage. In other states of the world the managgr aecide not to have the
highest possible leverage because of the possibility eefbdeleveraging. As a result, for
the margin levels lower thamn, the manager chooses leverage that depends on the likelihood
of forced deleveraging and its timing and therefore the bddgd leverage is less correlated

with the time-varying maximum leverage level than in theéest@ith margin requirement,,.

3.7 Testable Implications

The main model and the multiple margin states extensionyo®tivo testable implications.
First, the hedge fund leverage is determined mostly by themman leverage level which is
equal to the inverse of margin requirement. In order to tastimplication we use a proxy
for the maximum possible leverage equal to the inverse ot&gu Mercantile Exchange
(CME) margin requirements for S&P 500 futures contractsnfidudley and Nimalendran
(2011). FigurdB shows daily relative margin requirememtsstructed as a ratio of the
margin requirement in dollars and the market value of theedgihg assets. | also use
average gross hedge fund leverage from Ang et al. (2011\réfy shows both series from

December 2004 to June 2009. | find that sample correlationdset the two series is equal
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to 0.914, while the sample correlation of changes in the average hadgkleverage and
changes in the inverse of margin requirement is equal4d. These high and significant
correlations support the conjecture that the maximum pteskvel of leverage significantly
correlates with hedge fund leverage.

The multiple margin states extension suggests that thelation between the margin
requirement and the hedge fund leverage is higher in the wiih the stricter margin re-
guirement. In order to test this hypothesis, | split the diatta two periods: 2005-2006 and
2007-2008. During the first period the margin requiremermduger, at0.05, and therefore
a lower correlation between the margin requirement and éxéalgd leverage is expected.
During 2007-2008, the margin is higher, @i, and a higher level of correlation between
the margin requirement and hedge fund leverage is expetteel.sample correlation over
2005-2006 period is equal t16, while the sample correlation over 2007-2008 period is
equal to0.97, which confirms this prediction. The correlation betweennges in the mar-
gin requirement and changes in hedge fund leverage duridg-2006 is equal te-0.07 and
during 2007-2008 it is equal t@.57, which shows that the correlation between changes in
the margin requirement and changes in hedge fund leveradgoifiigher during the periods

with the highest margin requirements.

4 Costsof the High-water Mark and the Hurdle Rate Pro-
visions

Comparing two otherwise identical compensation contraots with a provision and the
other one without, it is clear that on the one hand presenteegbrovision lowers the fees
the manager collects at the moment, but it also increasdsitidés remaining AUM, which
increases future fees. Since the investor prefers to iegudvisions that limit payment of
the performance fees, it is interesting to determine if te@ager dislikes them and to mea-
sure their utility cost. The question of costs of individpabvisions became more important

in light of a recent regulatory debate on the levels of hedge fees and provisions included
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in the compensation contra@sln this section | study the impact of high-water mark and
hurdle rate provisions on managerial utility in terms of thedel.

For simplicity | consider a baseline case where the invesitirdraws his investment
from the hedge fund at the end of the time period with a fixedoabdity () and stays
invested with probabilityy — Q.

| introduce an equivalent management fee (EMF) in order tapare effects of differ-
ent fee provisions across contracts. The EMF is the valubeofrtanagement fee such that
the hedge fund manager is indifferent between his curresigénéund contract and a mutual
fund contract that charges only a management fee equal teNtte Therefore, for each
hedge fund compensation contract, there is a corresponalimigal fund compensation con-
tract yields the same utility to the manager. Consequentbnagement and performance
fees from the hedge fund contract together with differenovmions can be mapped to one
number, which allows simple comparisons across differentracts. This approach allows
me to find appropriate fee changes in case the manager onégtan wants to modify the
compensation contract by adding or subtracting one or bidtiegorovisions.

A mutual fund that charges only the management fee is a pests& of the model con-
sidered in Section 3.3. Equatidd (8) can be rewritten as

V(WO) =F [BZ (wl, (A)(]) + 5@(&)1 - z(wl, Wo))v (1)] y (14)

whereV (w) = Cw and z(wi,wy) = fnwi. The optimal leverage levet is equal to the

inverse of the margin requirement, so

w1 = w0€r+(u—r)7r— 2 +07T§. (15)

Therefore,
E [w1] = woe =T, (16)

Plugging equatiori (16) in equatidn {(14) and canceling.gutobtain

C = Bfme 7+ QL = frn)et7C. (17)

8 See, for example, Karmin and Strasburg (2009).
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This allows to express the equivalent management fee irstefitne level of the managerial

utility for $1 of AUM and model parameters:

Ce = w=rm — BQC
B(1-QC)

Table[3 reports values of the EMF obtained using equafiol fd8different specifi-

cations of the hedge fund compensation contracts. The hedgecompensation contract
that pays annually a 2% management fee and a 20% performaat¢a$ an EMF equal to
6.45%. Restriction of the fee payment by the high-water npaokision decreases the EMF
to 5.75%. If the payment of the performance fee is restribted 4% hurdle rate, then the
EMF decreases to 6.11%. If the hedge fund compensationamtr@ontains both the high-
water mark and the hurdle rate provisions, then the EMF fisrdbntract is equal to 5.31%.
The main result of these calculations is that the additiothefhigh-water mark provision
without indexation is equivalent to a 0.7% drop in EMF from®% to 5.75%, the addition
of the 4% hurdle rate to a contract without the high-waterknpaovision is equivalent to a
0.34% drop in EMF from 6.45% to 6.11% and an addition of theeksdl by 4% high-water
mark is equivalent to a 1.14% drop in EMF from 6.45% to 5.31%.

| also consider a possibility of change in the frequency ef fayments by increasing
the frequency from annual to quarterly or monthly. The valagthe parameters used for
the quarterly and the monthly models are adjusted so thataheual compounded values
are equal to the values for the annual model, in particiharprobability to disinvest in the
first year in the monthly model coincides with the probapild disinvest in the first year in
the annual model. | find that the increase in the frequench®feée payment is even more
detrimental for the hedge fund managers. A change in theiénecy of the fee payments
from annual to quarterly leads to a drop in the EMF from 5.309.73%. A change in the
frequency of the fee payments from annual to monthly leadmteven more pronounced
drop in the EMF — from 5.31% to 2.93%. The results suggesthkdyge fund managers
dislike an increase in the fee payment frequency more thandislike high-water mark and

hurdle rate provisions.
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5 Conclusions

| consider a hedge fund model with a manager who can contsiyoebalance while the fees
for his services are paid at discrete time moments. In thidahd consider management and
performance fees. Payment of the performance fees can toetexs by high-water mark
and/or hurdle rate provisions. The manager faces a marguiregnent and a possibility of
liquidation in case of poor performance.

| find that if the model does not include the margin requiretsehen the risk-neutral
manager chooses to employ unbounded leverage. Exogenoyshged margin require-
ments limit the maximum allowed leverage level. The analygth multiple states where
margins can differ suggests that the inverse of the margjnirement is a significant deter-
minant of the hedge fund leverage, since the manager chtmess the maximum leverage
available in at least some states. | test this conjectureguSME S&P 500 futures mar-
gins data and average hedge fund leverage and find that ttedatimm between hedge fund
leverage and the inverse of the margin requirement over-2008 is equal t®.91. The
correlation between changes in hedge fund leverage angebamthe inverse of the margin
requirement is equal 1©.47.

| construct an equivalent management fee (EMF) — the manegefee that the hedge
fund manager is indifferent between managing his hedge &madmanaging a mutual fund
that charges only a management fee of EMF. | use this measamaripare different hedge
fund compensation contracts from the point of view of manadgiity. | estimate that for
a standard 2% per annum management fee and 20% performancerfgact that has no
provisions restricting payment of the performance feesaddition of the high-water mark
provision without indexation is equivalent to a 0.7% drofEF from 6.45% to 5.75%, an
addition of a 4% hurdle rate is equivalent to a 0.34% drop inFEkdm 6.45% to 6.11%
and an addition of the indexed by 4% high-water mark is edentao a 1.14% drop in EMF
from 6.45% to 5.31%. | also find that an increase in the frequeari fee payments from
annual to quarterly or monthly costs more for the hedge fuadager than these provisions.

For example, a change in the frequency of fee payments fromedito monthly in a contract
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that has a 2% management fee and a 20% performance fee withexed by 4% high-water
mark provision leads to a drop in EMF from 5.31% to 2.93%.

Hedge fund compensation contracts constitute a very stiageand a fruitful topic for
the academic research. An interesting question for fughety is the influence of different
economic variables on the terms of the hedge fund compensaintracts. For example, the
hurdle rate provision is not as popular in new contracts a&g before the financial crisis.
Agarwal, Naveen, and Naik (2009) report that during 19940261% of the hedge fund
compensation contracts had a hurdle rate provision, wkiteraing to HFR 2010 database
only 13.1% of hedge fund contracts now have a hurdle rateigioov The high-water mark
provision, however, became more popular. Agarwal, Navaad, Naik (2009) report that
during 1994 - 2002, 80% of the hedge fund compensation atisthed the high-water mark
provision, while according to HFR 2010 database 91.7% ottheent hedge fund compen-

sation contracts have the high-water mark provision.
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Appendix

A Analytical Solution of the Constant Q Case

In order to solve the system of equatioik (8) ddd (9) at firg tfwat the compensatigf{w;, wo) iS a convex
function ofw;. Consider the total expected utility functidhas a sum of the discounted future compensation
options. The future options are multiplied by the constawbpbility ), so the future options add convex
functions under the expectation sign. Therefore, the fetd over time form a convex function.

Consider a leverage strategythat forms a step function, that is, it consists of intervetere the leverage
is constant. Consider one of these intenjalst.]. If the leverage on this intervat changes to}; then the
expected value of the total fees increases. The valug cin be written as

2
wre’l‘(tg—t] )+(M—’I‘)7T(t2—t1)—%71’2(t2—t1)+0'\/t2—t] 71'5'

Denote

2
o7 = wrer(t27t1)+(,ufr)rr(t27t1)f"7772(1527251)

When we consider two symmetric realizations of the standarthal variable equal ton and—n, we see that
for leverager this results invy; = wie 7V =1 andw;, = wie?V2 1™ while for leveragel it results
iNwy; = wre V=15 andwyy = wre?VE— 11w, We can rewrite this asy; = wyqe V=15 —pPin and
wWogy = wlge(’vtr“(%‘l’i)”, that is the smaller value is divided and the larger value iftiplied by the same
number. Due to the convexity of the sum of total fees paidstira of values iwy; andwss is higher than the
sum inwy; andwio. Therefore, the manager prefers to change leverage interval[t,, t2] to the maximum
level # This is true for each of the intervals of the strategy and asekult, manager prefers to have leverage
equal tonil at each pointin time.

Consider some strategy}. It can be approximated by step function strategies thatlatesa preferable
than the strategy, = % Taking this approximation series to the limit we find that stategyr, = % cannot
be inferior to the strategy; and therefore the strategy = % provides the highest possible utility for the
hedge fund manager.

B Numerical Solution

The main restriction of the equatidd (5) is the hardwiredardgmund on the leverage Ievgl due to a margin

level mF] The lower bound on the leverage level is zero, since for tlgatiee weights there is the same
normal distribution around the mean, as for the positiveghts, but the value of the mean return itself is
lower, therefore it is never optimal to have negative wesdgiftthe risky asset (assumipg> r.

The optimization problem is solved on a set of feasible lagerlevelsr € [0, %]. Consider a grid of

different leverage Ievels,ni—N that spans the interval, %], wherei = 0,1,..., N and N is some integer
number.
The manager solves optimization problems at time momgnigherej = 0, 1,...,7 andT is the number

of time intervals. In this numerical solution we use an uhdeg assumption that on each of the time intervals

[%, %] the leverage level is constant. This assumption simplifiegleting since there is no violation of
margin requirements during the time intervals between therete moments where the manager decides on
the leverage. Additionally, it allows to write down simplarifnulas for the distribution of the new value of the

AUM, that is

f+(umr)m b2 o [T B,
Ajn=Aje T (B'l)
T T
thatis ) s
el 1 o o
Ajn = Ay eTTmnmr =S 05e (B-2)

2
T

]

9 The need for this limitation is based on Secfiod 3.3.



88

where¢ is a standard normal variable.

There are several problems that arise from this approaute fie manager has to know the expected value
of the future utility function in order to solve the optimtitan problem[(5). Therefore, at first we need to know
the values of the future utility function and then we needda@ble to calculate the expected value of the future
utility for a normal probability density function.

| use Gauss-Hermite quadrature in order to approximatedhe\of the integral over the normal density
function. The Gauss-Hermite quadrature is a method foreqdmating integrals

| f@era
using finite sums
/ f(x)efzzda: ~ Zwlf(arl)
-0 i=1

where for each number we calculate the abscissasand their weightsv;. This poses a new problem, since
we need to know the values of the future utility function attepoint and not only on some predetermined grid.
The future utility function is obviously increasing in thatio of the AUM to the high-water mark, since given
the same value of the high-water mark, the higher valueseofbM result in higher fees for the manager.
| use a spline procedure to estimate values of the functitwdsn grid nodes. Since the utility function is
monotonous, we know that the error obtained using this esitm procedure is boundgd.

At the end of the time interval we add fees and the value of tifieydunction going forward, which is the
function obtained at the beginning of the time interval.sTi@sults in the following algorithm:

Step 0. Take random initial values of the utility function going feaird for a specified grid of the assets under
management to the high-water mark ratio for the time griden%d

Step 1. Calculate the value of the utility function at the tiré-?eas a sum of the discounted fees obtained at
the end of the period and of the discounted utility functibth@ new assets to high-water mark ratio.
The utility function used is the utility function for the tergrid node%. The value of the assets under
management is the after-fees assets under managementeahiglthwater mark is the updated high-
water mark. If there is a probability to continue that may elegh on the assets to high-water mark
ratio, then it's an additional discounting multiplier udedthe utility function going forward. This step
defines values of the utility function at the noge

Step 2. For the previous nodé of the time interval find the leverage level that maximizesdkpected utility
function calculated using Gauss-Hermite quadrature ukimgxpected utility obtained for the time grid

node%. Assign the value of the utility function at the current pdimtthis maximum value. Repeat
step 2 until the nodé..

Step 3. If the values of the utility function at the noc% converged, then stop. Otherwise go to Step 1.

C Other Argumentsfor Limited L everage

The academic literature has provided a number of argumengsrhore conservative use of leverage by hedge
fund manager. Some of these models consider risk-neuttlgleheind managers, while other models consider
risk averse managers. Here | test each of the presented engsim light of the main model. There are two

10 Additionally we consider a method that allows to bound thieies of the utility function and to improve
the lower and upper bounds in order to check our approximati®he errors come from estimation of values
between the nodes, but since the estimated function isaeirg, the values in the neighbor nodes provide
upper and lower bounds for the values of the utility functi@tween them. Therefore, instead of approximat-
ing values of integrals we may calculate the upper and lowentds on these values. Using the estimation
procedure for highest values we obtain the upper boundseowattues of the utility function, while using the
lowest values we obtain the lower bounds. Increasing thsigeof the grid we improve estimations, which
decreases the gap between the upper and the lower bounds.
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main differences of the main model from the referenced n®ae} model accounts for both management and
performance fees as well as high-water mark and hurdle ratégions and while the manager can rebalance
portfolio continuously, the fees for his service are paidiatrete moments.

C.1 Futurecareer concerns

Brown et al. (2001), Panageas and Westerfield (2009) and ¢taattd Jackwert (2007) among others argue
that the multi-period career concerns that arise from tgaagimumber of compensation options over the long
run lead to limitations on the risk taking by the fund manager

As | showed in Sectiof 3.3, the risk-neutral manager in trse a@hen the fees are charged at discrete
time moments can achieve infinitely high utility from the ficompensation option already. Since the other
options result in nonnegative utilities due to the fees p@ionnegative, the manager’s total expected utility is
infinitely high and therefore there is no need to decreassrdge due to the presence of future options. Thus,
the multi-period career concerns by themselves do not negkesk-neutral manager to limit the leverage level.

C.2 Managerial investmentsin the fund

Kowenberg and Ziema (2007) suggest that a substantial¥e3§%) stake in the fund reduces managerial risk

taking. This argument does not apply for the risk-neutralgesfund manager. When the leverage increases
towards infinity the expected values of the management anpldtformance fees increase towards infinity. The

expected value of the personal investment with the fundiatseases towards infinity. Therefore the manager

is prone to take unbounded leverage in this case.

C.3 Liquidation in case of a poor performance

The fund can be liquidated by the investor, that is the irorastin withdraw the capital from the fund. Investors
can withdraw money from hedge only after a lengthy notifmatperiod (Ang and Bollen, 2010) which sig-
nificantly limits investors freedom to withdraw money. Thedel in Sectiofi 3 incorporates this in a form of
possibility to withdraw money only at the fee payment morsehtodder and Jackwert (2007) suggest that if
the fund’s liquidation may be linked to the ratio of the fum&UM to the high-water mark level, that is if this
ratio drops below a predetermined level, then the invesgineests from the fund. In the model formulated in
Sectior B this can be done by defining the probability of cargtion with investment equal tofor the case
when the ratio of the fund’s AUM to the high-water mark droggd this threshold.

Considering that the dollar value of the performance fees go@finity when leverage goes to infinity and
it is payed out only in the case of outperformance of the higiter mark, it is obvious that by using levels of
leverage that go to infinity the manager obtains levels dityithat go to infinity. Therefore, the possibility of
liquidation by the investor in case of significant underparfance does not lead to limited leverage.

C.4 Different high-water mark levels for different investors

A similar argument to the argument regarding the future eracencerns can be made in a case, where we
consider a number of investors with different values of tightwater marks. This results in a number of
different options for each time moment, but the expected ffaim each of these options increases to infinity
for leverage level that increases towards infinity. Themefbe managerial utility increases towards infinity
and consequently the diversity of the investors in terméeirthigh-water marks does not make risk neutral
manager to apply bounded leverage.

C.5 Conditional probability of continuation with investment

An extension of the case where investor liquidates the hadgeif the ratio of the fund’s AUM to the high-
water mark drops below some threshold is the case where dfalpitity that investor will stay invested in the
hedge fund depends on the ratio of the fund’s AUM to the higltewmark level. However, the hedge fund
manager obtains the performance fee for the first periodsa odoutperformance of the high-water mark and
therefore the expected utility from the performance feesgowards infinity when leverage goes to infinity.
Consequently, independent of the ability of the investatdédaide if he wants to disinvest from the fund, the
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hedge fund manager can obtain infinitely high utility. As sulg the ability of investor to disinvest from the
fund does lead to limitations on leverage.

C.6 Margin requirements

Duffie et al. (2008) produce a policy implication that reg@sihedge funds to have a fixed level of maximum
leverage they can take. A policy that accomplishes thigeadly in place.

Margin (haircut) is a requirement from prime-brokers orfexeges for hedge fund managers to post a
particular portionn of the value of the assets that manager wants to buy or to-shbitb a margin account.
This results in a hardwired bound on leverage equal t€onsequently the manager does not have a possibility
to get an infinitely high expected utility from the first feesdaall the before mentioned reasons may matter
when there is a positive margin requirement.

C.7 Continuous monitoring with a possibility of liquidation

We can consider a model with a continuous monitor, presureabpkime-broker, who continuously monitors
the hedge fund’s performance. This monitor immediatelyiiates the fund in casé; drops below a particular
predetermined level. This case is considered in the Sd8ithrThe main observation is that the presence of this
monitor matters in the discrete case, butin the continuass the manager will always take unlimited leverage.
This is different from the constant optimal leverage soluibf manager’s problem obtained in Merton (1969),
Panageas and Westerfield (2009), and Lan, Wang, and Yang)(#tdt depends on the risky asset expected
returny and its volatilityo.
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Table 1: Fee payment example

Initial Value 2007 2008 2009
Performance 20% -20% 50%
Fund Size Before Fees 1,200,000 919,040 1,350,989
Management Fee 2% 24,000 18,381 27,020
After Management Fee 1,176,000 900,659 1,323,969
Net Value Added 176,000 -248,141 423,310
High-water Mark 1,000,000 1,148,800 1,194,752
Indexed High-water Mark 4% 1,040,000 1,194,752 1,242,542
Outperformance 136,000 0 81,427
Performance Fee 20% 27,200 0 16,285
Total Fees 51,200 18,381 43,305
Investor 1,000,000 1,148,800 900,659 1,307,684

This table shows a fee payment example for a hedge fund tlagjet a 2% management fee and a 20%
performance fee. The high-water mark value is indexed by aat& The indexed high-water mark value
has to be outperformed in order for the fund to obtain thequerénce fee. The investor invests $1,000,000
at the end of 2006. This table reports an evolution of hissthment and the fees paid over time.

Table 2: Values of parameters used in estimations

Variable Value

1 10%
o 20%
r 4%

15} 0.96
m 50%

This table reports the values of the parameters used in tmercal examples throughout the paper. Here
is the mean return of the risky strategy employed by the h&dp o is the volatility of this risky strategy;,

is the risk-free ratej is the time discount factor that is related to the risk-frzte randn is the value of the
margin requirement that bounds the leverage level the hieslglemanager can use 95{



Table 3: Equivalent no-performance fee contracts

Frequency f, f, High-watermark Hurdlerate Equivalent ManagementFee
Annual 2% 20% 0 0% 6.447%
Annual 2% 20% 1 0% 5.754%
Annual 2% 20% 0 4% 6.107%
Annual 2% 20% 1 4% 5.308%
Quarterly 2% 20% 1 4% 3.723%
Monthly 2% 20% 1 4% 2.926%

94

This table reports the values of the equivalent managemserfor different specifications of the hedge fund
compensation contract. The equivalent management feei& tmthe management fee; where the hedge

fund manager is indifferent between managing his hedgedmaddnanaging a mutual fund that charges only
the managementfee;. f,, denotes the management fee gpdenotes the performance fee specified in the
compensation contract. The high-water mark column in thketeontains an indicator variable that reflects

the presence of the high-water mark provision in the comgéms contract. The high-water mark is the
highest NAV the investor had with the hedge fund. The higleweaark provision requires the manager to

outperform the high-water mark in order to obtain the perfance fee. The hurdle rate column contains
the hurdle rate value that restricts payment of the perfoonadee to cases where the fund outperformed the
hurdle rate. If the high-water mark and the hurdle rate aesgmt in the compensation contract, then we
assume that the high-water mark is indexed with respectdtindle rate. The hedge fund manager has to

satisfy all the existing provisions in order to obtain thefpemance fees.
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Figure 1: Optimal portfolio with liquidation by the investo
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This figure shows the optimal hedge fund leverage level igadraxis) depending on the AUM to the high-
water mark ratio (horizontal axis) for time moments- 0, ¢ = 0.1, ... ,¢ = 0.9, during the time interval
between the fee payment moments that correspomd=tc) and¢ = 1. The pictures correspond to a case
where the investor liquidates the fund in case the AUM to tigh-fwater mark ratio drops belo5 at the
fee payment moment. The dashed line represents the ligpadadundary, that is present only at the moment
the fee is paid. The investor can liquidate the fund onlyrafie fees are paid. The margin requirement is
assumed to be equal @05 which corresponds to the maximum leverage level equal to
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Figure 2: Optimal portfolio with a liquidation by the primediker
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This figure shows the optimal hedge fund leverage level igadraxis) depending on the AUM to the high-
water mark ratio (horizontal axis) for time moments- 0, ¢ = 0.1, ... ,¢ = 0.9, during the time interval
between the fee payment moments that correspond=£c) andt¢ = 1. The pictures correspond to a case
where the prime broker liquidates the fund in case the AUMh®tigh-water mark ratio drops belaws

at any point during thé0, 1] time interval. The dashed line represents the liquidatimmidlary. The margin
requirement is assumed to be equab towhich corresponds to the maximum leverage level equal to
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Figure 3: CME margin requirements for S&P 500 futures canigra
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This figure shows daily relative margin requirements impdsg Chicago Mercantile Exchange (CME) as a
function of time. The relative margin requirements are wigd as a ratio of a maintenance margin require-
ment in dollars to the value of the underlying S&P 500 futwestracts. The data sample is from January
2, 1986 to June 30, 2009. The horizontal axis correspondm®adnd the vertical axis corresponds to the
relative margin level.
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Figure 4. Comparison of an average hedge fund leverage aimgense of the CME margin
requirement
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This figure compares the average hedge fund leverage otitaieng et al. (2011) shown in solid line with

the inverse of the relative Chicago Mercantile Exchange ELMhargin requirement for S&P 500 futures
contracts obtained from the data used in Dudley and Nimasn(®010) shown in dashed line. The value
axis for the average hedge fund leverage is on the left-higieg while the value axis for the inverse of the

CME margin requirement is on the right-hand side. The datg$ais monthly from December 2004 to June
20009.
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Hedge Fund Risk Premia: Transparency, Liquidity, Compexi
and Concentrati
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Abstract

We study risk premia associated with hedge fund transpgrdigaidity, complexity, and
concentration over April 2006 to March 2009. We directly sw@& these qualitative charac-
teristics by using the internal grades that a fund of funticaed to all the funds it invested
in, and which represents the unique information that cabeabbtained from quantitative
data alone. Consistent with factor models of risk premiusafind that during normal times
low-transparency, low-liquidity, and high-concentratifmnds delivered a return premium,
with economic magnitudes of 5% to 10% per year, while duriad states of the economy,
these funds experienced significantly lower returns. Weradfnovel explanation for why
highly concentrated funds command a risk premium by rengdhat their risk premium is
mostly prevalent among non-transparent funds where iak&stre unaware about the exact

risks they are facing and hence cannot diversify them away.
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1 Introduction

In the modern era of delegated portfolio management hedgisfoonstitute one of the most
interesting and complicated investment vehicles. Usuh#y operate in a way that does not
require them to disclose details about their operationss dbes not mean that hedge funds
do not disclose this information, but that they are not adadigo do so and as a result the
level of disclosure is an internal decision by the hedge fanachager. The fund’s structure
and disclosure level is rarely modified during fund’s lifec@ the fund’s investors expect it to
maintain the same structure and disclosure level duringpiésation. After 2008, however,
hedge funds began to offer more transparency on demand fovergment and investors.
Sometimes hedge funds use third party aggregation sesuchsas “Riskmetrics” in order to
disclose more information on the aggregate risks of the fuitisbut disclosing its particular
holdings.

The question of whether hedge funds should be required ttogis information regard-
ing their trades and positions is important, especiallhelight of recent regulatory changes,
including the Dodd-Frank Wall Street Reform Act passed ity 2010. This act requires
managers of hedge funds with more than $150 million in asseter management to regis-
ter with the Securities and Exchange Commission and becahjed to its disclosure rules.
Although the consequences of this act are yet to be evaluattds paper we attempt to ex-
plore the connection between hedge fund reporting levetla@idreturns. The primary goal
of this paper is, thus, to determine whether there is a sggmfireturn premium associated
with more secretive, less transparent hedge funds.

The contribution of our paper is three-fold. First of all, bging a novel proprietary
dataset obtained from a fund of funds that spans April 200ddcch 2009, we are able to
directly measure the transparency level of a fund, a quiaktaharacteristic that is missing
in public hedge fund databases, use it to uncover and quahgf non-transparency risk
premium which amounts to 5.4% per year. The data spans boith gaod bad states of the
economy allowing us to test the risk-premium story agaimstiternative of better managers

being selected into managing low-transparency funds. rigkduy investigating how excess
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returns vary with other fund characteristics, such as fimddity, complexity of its strategy,
and concentration of its investments, we document the psesef several other risk premia
in a cross-section of hedge fund returns. Finally, we exployw transparency, liquidity,
complexity, and concentration help explain the fund retwotatility and capital inflows.

Few papers in the asset pricing literature have raised tessof hedge fund trans-
parency, presumably due to the absence of adequate datpltwesthis question. Anson
(2002) outlines different types of transparency and disesisvhy investors may want higher
degree of transparency. Hedges (2007) overviews the kagsssf hedge fund investment
from a practitioners perspective. Goltz and Schroder (28L@vey hedge fund managers
and investors on their reporting practices and find that thedity of hedge fund reporting
is considered to be an important investment criterion. Agghand Jorion (2012) study
guantitatively effects of hedge funds’ decisions on whetb@rovide or not to provide man-
aged accounts to their investors. Managed accounts cageaumities custodial in the client’s
name, who knows the exact account positions, while comrathgtcounts contain securities
custodial in manager's name and clients do not generallyknod’s holdings. Aggarwal
and Jorion (2012) interpret the incidence of accepting madaccounts as indicating of the
willingness of the fund to offer transparency and do nottestlae results to risk premiums. In
contrast to these studies, we are able to directly measarekl of transparency of a fund
by using proprietary scores that are based on formal andnraointeractions with hedge
funds, such as internal reports, meetings with managerglaode calls made by a fund of
funds. To the best of our knowledge, we are the first paper pinex and quantify the risk
premium associated with low transparency.

To illustrate the risk premium channel, let us consider le-aigerse investor who faces
two alternative hedge funds. If investing with one is morkyifrom the point of view
of investors, this fund will have to deliver superior retsiiuring normal times in order to
attract any investment at all, i.e. investors are compenddat bearing risks. At some point
these risks will realize, and this is when the riskier fundenperforms.

To further relate this to transparency, hedge funds thabsfdo provide less informa-

tion about their positions and strategy details to invessieave investors uncertain about the
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underlying risks of investing with these hedge funds. Irtipatar when a transparent fund
starts to diverge from its declared strategy, investorsoeackly disinvest if they dislike the
change, while in case of a non-transparent fund investdtonly learn about the change
in the fund strategy later and have to face the consequeridés. means that risk-averse
investors should be compensated for bearing the risks iassdavith non-transparency. In
particular, during normal times, low-transparency hedgel§ are expected to perform bet-
ter than high-transparency hedge funds by delivering artiaddl non-transparency risk
premium. During bad times, on the other hand, the risks @ssacwith non-transparency
can realize, meaning that the low-transparency funds mbyedéower returns relative to
high-transparency funds.

The time frame of our dataset is April 2006 to March 2009 il separately study the
return premia over the good and bad states of the economwrticylar, this period covers
the collapse of large global investment banks — Bear Steartié ehman Brothers, in March
and September 2008, respectively. Investors feared baicy with bad investments lead-
ing to a demand for transparency. Therefore, it is realtstizsssume that non-transparency
risks indeed realized during the later period of our datdeé&d, our empirical results show
that during the crisis period from April 2008 to March 2009 transparent funds outper-
formed the less transparent funds by about 7.1% per year.

We also document a presence of a hedge fund illiquidity rigkmpum. This is consis-
tent with a large literature on risk premia associated Wiidpidity across a variety of asset
classes! In general, an illiquidity premium is a premium for investmié more illiquid as-
sets. For example, when the investor faces two alternasiseta with one being more liquid
than the other, she is able to disinvest from a more liquidtasgh a lower loss when faced
with a liquidity shock. Therefore, risk-averse investongst in less liquid assets only if they
expect to obtain superior returns. The most liquid fundsundataset are the funds that both
invest in higher liquidity assets and have fewer restridiwith regard to investment with-

drawal (so fewer lockup restrictions). We estimate thqulidity premium to be about 5.7%

1See Amihud and Mendelson (1986) for the seminal contribytis well as Pastor and Stambaugh (2003),
and Acharya and Pedersen (2005).
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to 7.8% per year depending on the empirical specificationis EEhconsistent with Liang
(1999) and Aragon (2007) who show that funds with longer igcgeriods outperform other
funds.

Given the richness of our dataset, we are also able to exgileresk premia associated
with more complicated strategies used by hedge funds, dsawehore concentrated in-
vestments. We find that during normal times, high-compjeix@dge funds underperformed
low-complexity hedge funds by 3.8% per year, while we do mat & significant underperfor-
mance afterwards. The complex funds are usually non-teaeapand have medium or low
liquidity and therefore this complexity result is partiatiriven by hedge fund transparency
and liquidity. This points to a presence of a hegative coxipleisk premium among hedge
funds.

It is interesting to note that concentration of hedge funeégtiments should not matter
in the light of the standard finance theory due to the themak#bility of investors to diver-
sify away the non-systematic (idiosyncratic) risks. TIsi$n contrast to a recent empirical
study by Ang et al. (2009) who find that idiosyncratic vol&fibears a significant negative
premium. In our paper we are able to offer a novel explanaifamhy investors may not be
able to diversify their risks, by exploring in which fundstboncentration premium is most
pronounced. Intuitively, hedge fund investors should bmmpensated for the risks associ-
ated with concentrated investments of a fund when they d&mmt/ what constitutes these
investments, i.e. they do not know which risks to diversifiag. Hence, we expect to see a
concentration risk premium only among the non-transpdredge funds. Indeed, we verify
this prediction using the interactions between concentradnd transparency variables in
our empirical setup.

Our paper is close in spirit to Brown, Goetzmann, Liang, ackvwi&rz (2008) who use
SEC filing data to construct an—score, which is a combined measure of conflict of interests,
concentrated ownership, and leverage. They show thai-tfeeore is a significant predictor
of the projected fund life. In a subsequent paper, Brown,t@oann, Liang, and Schwarz
(2012) use proprietary due diligence data to construct anadipnal risk variable as a linear

combination of variables that correspond to mistakes itestants, internalized pricing, and
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presence of an auditor in the Big 4 group. We consider operaltirisk in a broader sense,
where the willingness of hedge fund managers to provideldefieheir strategies, as well as
hedge fund liquidity, investment concentration, and thiétgiof the investors to understand
fund’s operations are important.

We also study hedge fund return volatility and capital flowsl dind that the return
volatility can be partially explained by the high degree eflpe fund concentration and
liquidity, with up to 37% of the explained variation in thdlfsample specification. During
each of the periods considered the difference betweeniteatof high-concentration ver-
sus low-concentration funds constitutes on average 2%gzet while the volatility of high-
liquidity funds is on average about 1% lower than the vatstdf low-liquidity funds. Both
these magnitudes are economically significant given treatlerage hedge fund volatility
over the sample is equal to 11.0% per year.

Finally, we also study how hedge fund capital flows are reldtetheir transparency,
liquidity, complexity, and concentration and find that amaur qualitative variables only
the level of liquidity can robustly explain capital flows ass different periods in our sample.
In particular, we find that low-liquidity funds experiendaglavier outflows, especially during
the crisis period from April 2008 to March 2009, where thdaténce between the flows
from low-liquidity and high-liquidity funds amounted to Zopercent.

Our paper is organized as follows: Sectidn 2 describes thee ated variables used in
our study, Sectiofl3 explains the estimation procedure hadmpirical setup, Sectidn 4
discusses the main results on the risk premia associatédnaitsparency, liquidity, com-
plexity, and concentration, as well as additional resuits mbustness checks, and Seclibn 5

concludes.

2 Data

We use a unique dataset obtained from a fund of funds thaaicendetailed fund-year in-
formation over the 2007—2009 period. This fund of funds is ohthe largest in the U.S.

The data provide information on hedge fund returns net of,fekeeir assets under manage-
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ment, and long and short exposures. Most importantly, tdaseinclude scores for hedge
fund transparency, liquidity, complexity, and concentraias rated by the fund of funds on
a scale from 1 to 4. Each year, at the end of March, the fundrafdigrades all the hedge
funds it invests in based on its interactions with them dyitime previous twelve months.
These interactions consist of weekly or monthly reportdeofund of funds, meetings with
managers, phone calls, etc. Due to the nature of the scorotggs and a significant level
of effort put into the construction of the scores we feel aberfit that they represent unique
information about funds’ operation that cannot be captimgdhe quantitative data alone.
Such qualitative measures are not present in public hedgkdatabases, such as CISDM,
HFR, or TASS. Therefore, we think our data are especially-augted for studying the return
premia associated with different qualitative charactiessof hedge funds.

The definitions of transparency, liquidity, complexitydatoncentration as used by the
fund of funds are natural and intuitive. In particular, hedgnd transparency represents
the willingness of the hedge fund manager to share infoonatbout the fund’s current
activities and investments with its investors. Hedge fugditlity measures the liquidity
of investments with the hedge fund from the point of view ofestors. It comprises both
the liquidity of the fund’s assets and restrictions on widvdal from the fund, such as the
presence and the length of lockup periods. Hedge fund codityporresponds to the com-
plexity of the hedge fund strategy and its operations. Fang{e, an offshore hedge fund
that uses derivative instruments and swap agreementssgleoad to be complicated, since
it is very hard for investors to understand exactly the kiofdssks it faces by investing with
this fund. Finally, hedge fund concentration represergdeliel of concentration of hedge
fund investments.

After filtering out various versions of the funds we are lefthw855 observations of 167
different hedge funds that are evenly spread across the yfears, with 121 observations
in 2007, 122 — in 2008, and 112 — in 2009. Since our qualitajnagles are given at the
end of March, we use 2007, 2008, and 2009 to denote April 26Q@&rch 2007, April
2007 to March 2008, April 2008 to March 2009 periods, coroeslingly. For example,

the annualized return of a fund from April 2006 to March 208 Miatched to transparency,
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liquidity, complexity, and concentration grades that thed of funds issued at the end of
March 2007. This approach ensures that all interactions the hedge fund that constitute
the basis for the grades are conducted in the same periodttivddund return is realized.

Our time frame is purposefully divided into three very disti periods, since the risk
premium story predicts different funds to perform betteimiyigood versus bad states of the
economy. According to the Financial Crisis Inquiry Rep@®11), the period from April
2006 to March 2007 can be considered a normal year. The bagiof the period from
April 2007 to March 2008 also corresponds to a good stateeoEttonomy, but the end of
this period was already associated with a recession in U8.coHapse of Bear Stearns in
March 2008 declared the beginning of the financial crisisyedreat April 2007 to March
2008 as an intermediary period. Finally, April 2008 to Mag®09 was clearly a period
corresponding to a bad state of the economy, highlightetdéankruptcy filing by Lehman
Brothers, one of the largest investment baEi‘s’he exogeneity of the global financial crisis
allows us to test the risk premium explanation, since we hle @ observe both the return
premia during normal times as well as manifestations of treesponding risks during the
crisis period.

Hedge funds in our dataset represent a broad set of stratelgigarticular, there are
credit (CR), event-driven (ED), equity (EQ), relativewal(RV), and tactical trading (TT)
hedge funds. Credit hedge funds trade mostly corporateshand CDS on those bonds;
event-driven hedge funds seek to predict market moves basasgecific news announce-
ments; equity hedge funds trade equities; relative valagédunds implement pair trades
where one asset is believed to outperform another assgiendent of macro events; and
tactical trading funds speculate on the direction of mapkiees of currencies, commodities,
equities and bonds.

Each fund is identified by a single strategy, which is timeanmant for a given hedge
fund (at least during the period considered). Panel A of @dbtabulates the number of

hedge funds by various strategies for each of the periodsidered. Approximately half of

2|t is also worth mentioning, that according to NBER April B0 November 2007 was an expansion
period while December 2007 to March 2009 was a recessiongheri
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the hedge funds in the database are equity funds, withvelatlue and event-driven as the
next popular strategies. This distribution of strategi@®ss funds is comparable to other
databases, as reported, for example, by Bali, Brown, antbgag (2011) for TASS.

Panel B of Tablé]1 reports the mean, standard deviationh256@-th, and 75-th per-
centiles, and the number of observations for hedge fundaized returns, volatility, and
assets under management (AUM) separately for each of tladgeronsidered. Hedge funds
performed well as a group during the normal period from Ap@i06 to March 2007 deliv-
ering on average a 13.59% per annum return with a 6.53% stho@&iation. During the
intermediate period they delivered on average a 3.72%rretith a higher 10.92% volatil-
ity, while during the crisis period they delivered on averagnegative -16.56% return with
a 15.81% volatility.

The funds in our dataset are somewhat larger than funds IDK]SHFR, or TASS
databases, since we filter out copies of the same funds, Ithatigh legally constitute dif-
ferent hedge funds are in fact just different versions ofsdi@e fund (and hence have same
returns, as well as transparency, liquidity, complexityg aoncentration scores). An exam-
ple of such situation would be an onshore and an offshoreores®f a fund (different for
tax treatment) or versions denominated in different cuiesnthat have identical portfolios.
Ang, Gorovyy, and van Inwegen (2011) use the same data toexipédge fund leverage and
note that funds in the dataset are not subject to selectam Qiherefore, we are confident
that funds in our dataset are representative of the hedgkimdustry.

For each of the qualitative characteristics (transpardigyidity, complexity, and con-
centration), we define their High, Medium, and Low levelseTiind of funds gives original
grades in such a way that a grade of 1 represents the lowesoliethe characteristic from
the point of view of risk for an investor. In particular, funidith high levels of transparency
and liquidity and funds with low levels of complexity and cemtration are rated with a 1.

For consistency purposes and the ease of interpretatioefiveedll the variables in such
a way that a High value represents a high level of\theable itselfrather than a high level
of problemwith that variable. Therefore, whenever we speak of highgparency or high

complexity, for example, we always mean a higliel of transparency and a hidavel of
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complexity, respectively. We define Medium and Low levela similar way. There is a very

small percentage of funds that are ever rated with a 4, heea®mbine the grades of 3 and
4 into one category in order to ensure that we have a reasonabiber of observations in

each category.

Panel C of Tablgll reports the pairwise rank correlationséen transparency, liquidity,
complexity, and concentration, computed using Kendall%38) rz-method to account for
the categorical nature of the variables and ties, for eael. y&s can be seen from these
results, the pairwise correlations are quite robust owee tiMore transparent funds are also
more liquid, with the correlation statistically signifideat the 5% level for 2007 and at the
10% level for 2008 and 2009. More transparent and more lifyrids are also less complex
on average. Finally, more liquid funds are also less comatsd. These results document

the interesting patterns in the cross-sectional distobutf fund characteristics.

3 Empirical Strategy

We study the hedge fund return premia associated with teaiaspy, liquidity, complexity,

and concentration using the following empirical specifaat

__ _H H H H H H H H
Tit = aTranDTran,it + aLiq DLiq,it + aComDComit + aCOHDCOI’Lit
M M M M M M M M
+ aTranDTram't + aLiq DLiq,it + aComDCOmit + aConDConit (1)

-+ ’}/Xllt + dt + €it

wherer;; denotes the annual excess return of fund yeart. « is a set of regression
coefficients with respect to the corresponding indicataraldes D;;, where the subscript
refers to the qualitative characteristic of the fund (tgarency, liquidity, complexity, or
concentration) and the superscript refers to the levelaif¢haracteristic (High or Medium).
For example, the indicator variable,,;, is equal to 1 if fund in yeart has a high level of
transparency, and 0 otherwise. Similarly, the indicataiakde DY, ,, is equal to 1 if fund

1 in yeart has a medium level of complexity, and O otherwise. In someifpations we

also allow for a vector of controly;; that includes the return volatility and the logarithm of
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the fund’s assets under management, to account for a patdifterence in performance of
funds that have different level of volatility or size.

Since risk premia for transparency, liquidity, complexaynd concentration can be dif-
ferent for different years, we estimate the above relatignseparately for each year. Fur-
thermore, in our full-sample results that cover all threargeof data we include year fixed
effectsd; in order to account for macroeconomic effects that are comtmall hedge funds.
Finally, ¢;; denotes the error term in the above-specified regressiorlmod

The “Low” levels of our qualitative variables of interesteanaturally omitted in the
regression specification. Funds with Low levels of trangpey, liquidity, complexity, and
concentration serve as the base categegoefficients can be interpreted as the correspond-
ing risk premia with respect to these groups of funds.

Although there is a panel component to our data, the quaktaharacteristics of in-
terest are highly persistent within a fund. For example, rgnall the funds that have a
transparency level present for two years or more, 89% dgthave the same level of trans-
parency in all years. Similarly, 91%, 94%, and 83% of fundgetthe same level of liquidity,
complexity, and concentration, respectively, in all yedrse observation that the fund dis-
closure level and its structure in general are rarely matiditer the fund’s initiation is not
surprising, because fund investors expect the fund to siaitlhe same configuration over
time. Given the high persistency of fund qualitative chegastics, we do not attempt to
estimate the within-fund return premia for transpareniqyitlity, complexity, and concen-
tration, especially since we believe that the cross-seatitelationship in this case is more
insightful.

We also include strategy fixed effects to allow for a diffdr@nperformance of funds
pursuing different strategies in some regression spetidita Such specifications allow
to explore how fund returns vary with transparency, liqiyidiomplexity, and concentration
across funds of the same strategy or style. Finally, in alspecifications we report standard
errors that are robust to heteroskedasticity, as well asinvfind correlation over time in

full-sample results.
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4 Results

4.1 Univariate Results

We start with univariate regressions of hedge fund perfogaaon the indicator variables
corresponding to our qualitative characteristics in otdetake a first look at hedge funds
with different levels of transparency, liquidity, compiigx and concentration. Tablé 2 re-
ports the results of such specifications. We see that, densiwith our predictions from
Sectior 1, high-transparency hedge funds and mediumgaaescy hedge funds consider-
ably underperformed the low-transparency hedge fundsiguahie normal time period from
April 2006 to March 2007 (Panel A). This underperformancgagistically significant at the
1% significance level. Moreover, the economic magnitudéhisf ¢oefficient is large, sug-
gesting for an average difference in returns between lo@-hagh-transparency hedge funds
of 5.7% per year. At the same time, medium-transparency éenéalgds underperformed
low-transparency hedge funds by 4.3% per year.

During the intermediate April 2007 to March 2008 period, difeerence in performance
becomes less significant both economically and statistidalring the crisis period (April
2008 to March 2009), however, we see a clear reversal in gmeddithe difference between
high-transparency and low-transparency hedge fund retéyccording to the theory, if risks
associated with low-transparency funds are realized sghriod, we should see the high-
transparency funds to be performing better during thisogerindeed, the high-transparency
funds outperform the low-transparency funds by 7.1% per. Wnile economically large,
it is insignificant, due to the high volatility of returns dig this period (as documented in
Panel B of Tabléll, with a p-value of 14%.

Turning to our liquidity measure in Panel B, we observe that difference in perfor-
mance between high- and low-liquidity hedge funds is evererpoonounced than the dif-
ference in performance between high- and low-transparbadge funds. Table 2 reports
that during April 2006 to March 2007 period high-liquiditedige funds underperformed
low-liquidity hedge funds by 7.8% per year and medium-letityi hedge funds underper-
formed low-liquidity hedge funds by 5.5% year, with both ffiméents highly economically
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and statistically significant. In the intermediate AprillZ0to March 2008 period we observe
that the signs of the coefficients are reversed with highidiy hedge funds outperforming
low-liquidity hedge funds by 8.2%. Finally, during the d¢siperiod we observe that high-
liquidity hedge funds outperformed low liquidity hedge élsnby an extraordinary 28.2%,
while medium-liquidity hedge funds outperfomed them by3%8. These results are again
both highly economically and statistically significant. rGetent with the illiquidity-risk
premium story, during the good period low-liquidity fundsligier higher return as a com-
pensation for the illiquidity risk premium, while duringetbad period the risk manifests in
the underperformance of these funds.

Interestingly, we do not find any evidence for the existerf@ernsk premium associated
with the complexity of the strategies employed by fundsgast in the univariate framework.
The results in Tablel2, Panel C suggest that there is notstatier economical difference
between returns of high-complexity and low-complexitydsnn all periods. This suggests
that the risk premium associated with fund complexity is knfat exists at all.

We also observe a premium for hedge fund concentration tegban Table 2, Panel
D. During the normal April 2006 to March 2007 period, highlgncentrated hedge funds
outperform low-concentration funds by 7.4%, while medioomcentration funds outperfom
low-concentration hedge funds by 4.4%. During April 2007MMarch 2008, we observe
that the realized risk premium is close to zero and during:tises period of April 2008 to
March 2009, we see a reversal with highly concentrated h&dgks underperforming low-
concentration hedge funds by 12.3%. These results arestenswith the existence of risk
premium associated with more concentrated (less divatsiiimds.

In the last column of each panel in Table 2 we consider regnesshat include all three
time periods and allow for a different average return in egesr by including year fixed
effects. We observe that the coefficients for transparendycancentration lose their sig-
nificance. This is not surprising in light of the risk premiwgtory, since our three years
both cover the years of expansion and the years of recessiow. and insignificant co-
efficients for the qualitative variables over time rule oo talternative story where fund

managers with persistently better performance are sel@ut® managing low-transparency
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and/or high-concentration funds. The exogenous variatiwoduced by the downturn of the
economy in 2008-2009 enables us to observe the performdriceds in different states of

the world, and to provide a direct support for the risk premitory that is represented by
funds earning a positive premium during growth periods agghtive premium during crisis

periods when the embedded risk manifests.

We observe that the difference in performance between laigtdow-liquidity funds is
positive and significant, which seems to be driven by the fgglg difference in performance
between high-liquidity and low-liquidity hedge funds chgithe crisis period. Since the
recession years are less frequent than the growth periasxpect the significance of the
liquidity coefficient to drop if the time frame of the study svacreased.

In light of the above results it is interesting to explore wiee the documented risk
premia still exists if we take a more general approach aligwor all of our measures to
influence returns at the same time, as well as investigat¢heheur results are driven by
other potential factors such as fund return volatilityesiz the strategy employed. This is

the approach we take next.

4.2 Multivariate Results

Table[3 reports the results of multivariate regressions isa all of our qualitative vari-
ables at the same time, as well as controls for hedge fungwgiaility and strategy. These
results are very similar to the results we obtained in unaregressions. For example, dur-
ing the normal April 2006 to March 2007 period, high-tranmgpey funds underperformed
low-transparency funds by 5.4% per year, controlling far lével of other qualitative char-
acteristics. At the same time, high-liquidity funds undafprmed low-liquidity funds by
5.7% per year or 6.1% in the specification which includestamithl controls for the size of
the hedge fund, its return volatility and its strategy.

It is important to control for all of our qualitative charadtstics at the same time, since
many of them are correlated with each other, as reportednelRaof Tabld L. The results

in Table[3, however, suggest that each of the main varialbliesevest is important irrespec-
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tive of the values of other variables, and the risk premiumdw-transparency funds, for
instance, is not driven by illiquidity or concentration pr@. These results are also robust
to the inclusion of the logarithm of assets under managelifgeptoxy for the size of the
hedge fund), return volatility, and strategy fixed effecisggesting that the observed risk
premia are not driven by funds being larger or more volatieby a potentially different
performance of funds employing different strategjies

Similar to our univariate results, the regression coeffitseare mostly insignificant dur-
ing the intermediate April 2007 to March 2008 period, whilgidg the crisis period we ob-
serve a reversal in the signs of the coefficients for highsparency and high- and medium-
liquidity funds, with the latter two being statisticallygsiificant at the 1% level both in the
specifications with and without additional controls.

In contrast to the univariate regression results we find sanuence of a low-complexity
risk premium. In particular, we observe that high-compglefunds significantly under-
performed the low-complexity funds during the normal A@@06 to March 2007 period
by about 3.7%-3.9% per year. This suggests that the abséreedence towards a low-
complexity risk premium in the univariate case (Panel C dil@&) is likely driven by a
negative correlation of complexity with transparency anditlity (as reported by Panel C
of Table[1), given that high levels of both command a retuempum during normal times.
It is therefore important to look at all qualitative variabltogether in order to implicitly
account for interrelations between them. The results id€l@kcan thus be interpreted as
the presence of risk premia associated with low transpgrémw liquidity, low complexity
and high concentration, conditional on the level of all gfaéive characteristics as well as
additional controls.

During the final period we find a significant negative effecpast return volatility on

future fund returns which is connected to higher on averatgs ©f assets belonging to high

3 Ideally, we would like to estimate a separate specificatisrefich strategy to explore potential differences
in magnitudes of the risk premia across various strate¢lesiever, the number of strategy-year observations
is too small to fit so many parameters, so we have to leaverttigiiing question for future research. Instead,
we estimate a set of specifications where we drop one stratemtime and find that the results are robust.
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volatility funds. This is explained in part by withdrawalsdain part by reduction in hedge

fund leverage. We observe no size premium during any of tleetheriods.

4.3 Robusthess Checks

The data sample consists of observations when the fund défactually chose to invest with
a given fund in a given year, so a potential concern for owltess that the fund of funds
selected a different subsample of funds every year and ireason some high-transparent
funds underperformed some low-transparent funds in themaloperiod from April 2006 to
March 2007 while other high-transparent funds outperfalrother low-transparent funds
in the crisis period from April 2008 to March 2009. To expldwgther the issue of the
selection and as a robustness check, we also provide tHesrekestimating the same set of
specifications in a balanced panel in Tdble 4, where we refuirds to be present during all
three periods. This leaves us with 73 observations per year.

We note that the magnitudes of the risk premia associatédiraimsparency and liquidity
are almost identical when we require the funds to be preseall three periods. Further-
more, the picture with regard to complexity and concerdratisk premia becomes even
more clear. In particular, controlling for other qualiteticharacteristics, high-complexity
funds underperformed low-complexity funds by 5.2% per ykamg the normal April 2006
to March 2007 period. When we additionally control for vaist, size of the fund, and
strategy employed, this coefficient stays highly statdhycsignificant with a simillar eco-
nomic magnitude of 4.6% per year. Interestingly, high-@nration funds overperformed
low-concentration funds by 10.5% per year, or 8.5% per ydanmadditional controls are
taken into account. Taken together, the evidence in Tabledests that our results are not
driven by a different composition of funds from year to ydart rather by the same funds
earning a risk premium during good times and facing a losswveheegative economy shock

realizes.
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4.4 Concentration and Transparency | nteractions

The results in Tablds| 2] 3 andl 4 provide evidence for the poesef various risk premia,
in particular the one associated with high levels of cormegiain of hedge fund investments.
Standard finance theory, however, suggests that investoustsbe able to diversify away all
non-systematic (idiosyncratic) risk (see Markowitz, 1982 the seminal paper). Therefore,
such a premium should exist only if investors’ diversifioatcapabilities are limited.

To the best of our knowledge the question of why investors alofully diversify the
risks associated with holding a concentrated portfolioma@sbeen explored in the context
of hedge funds. Concentration should command a premium \Wwadge fund investors do
not know hedge fund holdings and hence cannot diversifycastsal risks away. On the
other hand, when investors perfectly know what underlysggés the fund is trading, even if
the fund is concentrated, they can diversify the correspgnsks and hence concentration
should not require a risk premium.

In terms of our empirical framework, this suggests that wauthobserve a concentration
risk premium mainly among low-transparency funds. To testhypothesis, we regress fund
excess returns on their qualitative characteristics ¢parency, liquidity, complexity, and
concentration) by year, where we additionally introdut¢eairwise interactions of the levels
of transparency and concentration. Indeed, the resultabielb suggest that it is exactly the
low-transparency high-concentration funds that commaretan premium during normal
times.

In particular, during the April 2006 to March 2007 period argdhe low-transparency
funds, high-concentration funds earned 11.7% more thalotireoncentration ones, where
this difference is significant at a 1% level. At the same tiampng the high-transparency
funds the return premium of high-concentration funds okredw-concentration funds con-
stituted a mere1.7% — 9.6% = 2.1% per year, which is statistically indistinguishable from
zero. The—9.6% difference between these two return premia thus has arpnetation of a

difference-in-differences estimate and is significant &¥alevel. Overall, the results of Ta-

4 See, for example, Merton (1987).
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ble[3 corroborate our intuition that investors are in fadedb diversify the risks associated
with investing in funds that hold concentrated asset pbo$aas long as their portfolios are

transparent.

4.5 Hedge Fund Volatility and Flows

In this section, we investigate the effect of transpareligpyidity, complexity, and concentra-
tion on hedge fund volatilities and flows. Hedge fund voiitis computed as an annualized
sample monthly return volatility using previous 12 monthlyservations. Hedge fund 12-
month flow is equal to relative change in the fund’s AUM adgalfior fund’s return following
Ang et al. (2011).

Tablel6 reports results of multivariate regressions of bddgd return volatility on trans-
parency, liquidity, complexity, and concentration indaa, for each year as well as for all
three years of data controlling for an average level of vidhatising year fixed effects in the
last column. We observe that some portion of volatility carakiributed to these qualitative
variables, with up to 37% of explained variation in the fs#lmple specification. The signs
of the coefficients are in general similar across years. TgieIguidity funds are generally
less volatile, with a 0.9% lower annualized volatility asvgmared to low-liquidity funds.
This result is very intuitive since higher levels of liquigof fund holdings lead to smaller
jumps in returns on a month-to-month basis as compared se thilliquid funds which can
experience such jumps due to updates in prices of theirsas$hts evidence is consistent
with the one presented in Huberman and Halka (2001) who dentithat more liquid stocks
have lower idiosyncratic volatilities. As expected, thifeet is most pronounced during the
crisis period from April 2008 to March 2009, given that theemdl propensity to experience
sudden changes in asset prices is higher during this period.

We also observe high-concentration hedge funds to be signtfiy more volatile than
the low-concentration funds, with a difference in annweadizolatility of about 2% across
different specifications. This is intuitive as high-contration funds diversify less, so simi-

lar shocks to prices lead to larger changes in returns oethesds compared to the low-
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concentration funds. This magnitude is economically $igamt given that the average
hedge fund volatility over the sample is equal to 11.0% pear.yénterestingly, we do not
find any difference in volatility of hedge fund returns beemehigh-transparency and low-
transparency funds.

Finally, we also study how hedge fund capital flows are reldtetheir transparency,
liquidity, complexity, and concentration by consideringiltivariate regressions of hedge
fund flows on these variables. Results of the regressiongpogted in Tablgl7. We find that
hedge fund flows are in general very volatile and that amomgyaalitative variables only
the liquidity characteristic can robustly explain capftalvs across different periods in our
sample. In particular, we find that high-liquidity funds exg@nced bigger inflows than low-
liquidity funds, especially during the crisis period fronp# 2008 to March 2009. Given
that the actual values of these flows were negative, we irgetpis result as low-liquidity
funds experiencing heavier outflows than high-liquiditnds, with the difference of about

26.6 percentage points.

5 Conclusion

We use proprietary data obtained from a fund of funds to sthdyrisk premia associated
with hedge fund transparency, liquidity, complexity, amthcentration. We directly measure
the transparency level of a fund, a qualitative charadterisat is missing in public hedge
fund databases, and estimate a non-transparency riskyreaii5.4% per year during nor-
mal times. We also have qualitative measures of hedge fgudlity, complexity, and con-
centration. We estimate an illiquidity premium of 6.1% peayduring normal times. We do
not find a premium for hedge fund complexity with high-conxgyefunds significantly un-
derperforming during normal times. With regard to hedgedfaancentration risk premium
we find that it is concentrated in high-concentration loangparency funds. We estimate
a high-concentration low-transparency premium of 11.7%ndunormal times. This is a
premium investors require in order to invest in concentrdtedge funds which risks they

cannot diversify since investors do not know the area whezeisks are concentrated. This
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result can be interpreted as a novel explanation for whysitore cannot diversify away the
non-systematic risks.

Importantly, the use of the data that come from both good addskates of the economy
allows us to directly test the risk-premium story against #fternative of better managers
being selected into funds which belong to one of the categorhccording to the risk pre-
miums story we find that during normal times low transparemay liquidity, and high
concentration and low transparency funds deliver a premwnile during bad times risks
manifest and these funds underperform.

Finally, we explore how transparency, liquidity, comptgxand concentration help ex-
plain the fund return volatility and capital flows. In pattiar, the returns of high-liquidity
and low-concentration funds are less volatile. This resuttot surprising since high con-
centration of illiquid investments can lead to significamps in hedge fund returns. With
regard to hedge fund capital flows we find that during the £p&riod low-liquidity funds

experienced significantly heavier outflows than high-lifityi funds.
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Table 1: Summary Statistics of Data

Panel A: Number of funds by strategy

Strategy 2007 2008 2009
CR 11 13 10
ED 18 19 20
EQ 65 65 51
RV 20 20 25
T 7 5 6
Total 121 122 112

Panel B: Hedge fund characteristics

Variable Year Mean Std q25 50 qrs N
Return 2007 13.59% 8.62% 9.03% 13.32% 18.02% 121
2008 3.72% 14.52% -5.00% 2.61% 10.58% 122
2009 -16.56% 19.64% -28.30% -16.21% -5.32% 112
Volatility 2007 6.53% 4.34% 3.68% 5.89% 7.80% 121
2008 10.92% 6.70% 6.44% 9.04% 13.09% 122
2009 15.81% 10.06% 9.30% 12.67% 20.38% 112
AUM 2007 905m 1.67b 128m 364m 1.05b 121
2008 1.04b 1.86b 145m 399m 1.28b 122
2009 810m 1.47b 121m 249m 1.03b 112

Panel C: Pairwise rank correlations of qualitative variasl by year

Year Transparency  Liquidity Complexity Concentration
2007 Transparency 1.000

Liquidity 0.187** 1.000

Complexity —0.144* —0.155* 1.000

Concentration —0.025 —0.175** 0.090 1.000
2008 Transparency 1.000

Liquidity 0.159* 1.000

Complexity —0.335***  —0.159* 1.000

Concentration 0.071 —0.140* —0.135 1.000
2009 Transparency 1.000

Liquidity 0.147* 1.000

Complexity —0.269*"*  —0.241*** 1.000

Concentration 0.073 —0.193** —0.269*** 1.000

This table reports various descriptive statistics of ouadBRanel A reports the number of funds in our sample
by strategy by year. CR denotes credit hedge funds, ED —-&rer@n hedge funds, EQ — equity hedge funds,
RV — relative-value hedge funds, and TT — tactical-tradiadde funds. 2007 stands for April 2006 to March
2007, 2008 — for April 2007 to March 2008, and 2009 — for Apfi08 to March 2009. Panel B reports the
summary statistics of hedge fund returns, volatility, asskeds under management (AUM) for each of the time
periods. Mean denotes the annualized sample average, isitedehe annualized sample standard deviation,
425, 50, andqrs denote the 25-th, 50th, and the 75th percentiles, resgdgtivinally, N denotes the number
of observations. Panel C reports the pairwise rank coroglgbetween transparency, liquidity, complexity, and
concentration, computed using Kendall's (1938}method to account for the categorical type of the variables
and ties. *, **, and *** indicate significance at the 10%, 5%\da1% levels correspondingly.



Table 2: Hedge fund performance: Univariate regressiaultses

Panel A: Transparency

Variable Level

APRO06-MARO7

APRO7-MARO08

122

APRO8-MAR09 APRGFARO9

Transparency High
Medium

Observations

AdjustedR?

Panel B: Liquidity

Variable Level

—0.057***
(0.020)

—0.043**
(0.018)

121
0.042

APR06-MARO7

—0.039
(0.046)

—0.029
(0.035)

122
0.007

APRO7-MARO08

0.071

(0.048)
—0.008

(0.043)

112
0.018

—0.015
(0.024)
~0.024
(0.022)

355
0.352

APR08-MAR09 APRGFARO9

Liquidity High
Medium

Observations

Adjusted R?

Panel C: Complexity

Variable Level

—0.078**
(0.017)
—0.055***

(0.018)

121
0.103

APRO06-MARO7

0.082*
(0.042)
0.045
(0.032)

122
0.036

APRO7-MARO08

0.282***

(0.034)

0.133***

(0.035)

112
0.251

0.105***
(0.022)
0.048**
(0.019)

355
0.385

APRO8-MAR09 APRGFARO9

Complexity High

Medium

Observations
AdjustedR?

—0.010
(0.016)
0.023
(0.017)

121
0.015

0.020
(0.045)
0.023

(0.027)

122
0.006

0.031
(0.050)
—0.027
(0.043)

112
0.011

0.014
(0.026)

0.004
(0.020)

355
0.351
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Table2 Continued
Panel D: Concentration
Variable Level APR06-MARO7 APRO7-MAR08 APR08-MAR09 APRGOFARO9
Concentration High 0.074* 0.008 —0.122** —0.020
(0.041) (0.037) (0.053) (0.029)
Medium 0.044*** —0.008 —0.035 0.005
(0.013) (0.026) (0.038) (0.016)
Observations 121 122 112 355
AdjustedR? 0.105 0.002 0.059 0.352

This table reports the results of linear univariate regoessof annual hedge fund excess returns on indicator
variables representing different fund characteristisslescribed in Sections 2 and 3, separately for each time
period considered (April 2006 to March 2007, April 2007 torigla2008, and April 2008 to March 2009), as
well as for all three years, where the year fixed effects atkuidted. Panel A, B, C, and D report the results
for transparency, liquidity, complexity, and concenwatirespectively. The base category are the funds with
low levels of transparency, liquidity, complexity, and centration, so that the obtained slope coefficients can
be interpreted as the corresponding return premia earnbdgjhy and medium-level funds with respect to the
low-level groups of funds. Standard errors, robust to lesterdasticity, as well as to within-fund correlation in
full-sample results, are reported in brackets. *, **, and irfdicate significance at the 10%, 5%, and 1% levels
correspondingly.



Table 3: Hedge fund performance: Multivariate regressesuits

Variable Level APR06-MARQ7 APRO7-MARO08 APR08-MAR09 APROGBARO9
Transparency High —0.054***  —0.054** —0.045 —0.022 0.052 0.035 —0.030 —0.009
(0.019) (0.022) (0.048) (0.046) (0.040) (0.039) (0.024) (0.024)
Medium —0.042**  —0.043**  —0.025 —0.019 —0.027 0.006 —0.030  —0.012
(0.018) (0.021) (0.039) (0.035) (0.034) (0.026) (0.022) (0.019)
Liquidity High —0.057***  —0.061** 0.102** 0.063 0.279*** 0.176*** 0.116%** 0.047**
(0.016) (0.028) (0.047) (0.041) (0.038) (0.043)  (0.024) (0.023)
Medium —0.051*** —0.052** 0.056 0.032 0.156%** 0.132*** 0.059*** 0.025
(0.018) (0.022) (0.036) (0.031) (0.038) (0.033) (0.021) (0.019)
Complexity High —0.037***  —0.039** 0.021 —0.075 0.064 —0.012 0.016 —0.053
(0.013) (0.020) (0.049) (0.063) (0.043) (0.052) (0.024) (0.033)
Medium 0.001 —0.004 0.040 0.037 0.024 —0.021 0.016 —0.004
(0.016) (0.020) (0.031) (0.044) (0.045) (0.026) (0.023) (0.023)
Concentration High 0.057 0.088** 0.027 0.018 —0.044 0.050* 0.004 0.062***
(0.040) (0.043) (0.037) (0.035) (0.051) (0.029) (0.028) (0.023)
Medium  0.039*** 0.048*** 0.004 0.021 —0.002 —0.003 0.015 0.036**
(0.013) (0.017) (0.026) (0.029) (0.036) (0.030) (0.016) (0.016)
Ln(AUM) —0.003 0.016* 0.003 0.008
(0.004) (0.010) (0.008) (0.005)
\Volatility —1.390 —0.637 —4.705*** —3.581***
(0.985) (0.891) (0.378) (0.370)
Strategy fixed effects Y Y Y Y
Observations 121 121 122 122 112 112 355 355
AdjustedR? 0.222 0.249 0.063 0.290 0.300 0.722 0.394 0.566

This table reports the results of linear multivariate regiens of annual hedge fund excess returns on indicatablas representing different fund charac-
teristics, as described in Sections 2 and 3, separatelafitr #me period considered (April 2006 to March 2007, Ap@i0Z to March 2008, and April 2008
to March 2009), as well as for all three years, where the ygadfeffects are included. The base category are the funtidavitlevels of transparency,
liquidity, complexity, and concentration, so that the at¢a slope coefficients can be interpreted as the corregpgneturn premia earned by high- and
medium-level funds with respect to the low-level groupswfds. Every other column also includes the controls for ibe af the hedge fund (proxied by
the logarithm of its assets under management), annualiaedility, and strategy fixed effects. Standard errorsusilio heteroskedasticity, as well as to
within-fund correlation in full-sample results, are refgatin brackets. *, **, and *** indicate significance at the%05%, and 1% levels correspondingly.
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Table 4: Hedge fund performance: Balanced panel multitearggression results

Variable Level APR06-MARO7 APR07-MARO08 APR08-MAR09 APROBARO9
Transparency High —0.058** —0.052** —0.096* 0.008 0.065 0.038 —0.035 —0.015
(0.024) (0.025) (0.050) (0.044) (0.042) (0.035) (0.029) (0.026)
Medium —0.045**  —0.043** —0.080*  —0.038 —0.043  —0.007 —0.047*  —0.020
(0.018) (0.018) (0.042) (0.036) (0.038) (0.025) (0.027) (0.022)
Liquidity High —0.059***  —0.061** 0.137** 0.114** 0.278*** 0.147*** 0.115%** 0.062**
(0.018) (0.027) (0.067) (0.049) (0.048) (0.045) (0.036) (0.030)
Medium —0.043** —0.041** 0.043 0.023 0.164*** 0.112*** 0.055* 0.023
(0.017) (0.020) (0.049) (0.040) (0.037) (0.026) (0.030) (0.025)
Complexity High —0.052***  —0.046*** 0.044 —0.004 0.042 —0.063 0.008 —0.057
(0.016) (0.016) (0.071) (0.072) (0.044) (0.047) (0.036) (0.044)
Medium —0.025 —0.024* 0.029 0.059 0.075 0.007 0.018 0.008
(0.015) (0.014) (0.050) (0.049) (0.050) (0.027) (0.029) (0.028)
Concentration High 0.105%** 0.085***  —0.006 —0.024 —0.089 0.010 —0.006 0.056**
(0.025) (0.030) (0.049) (0.057) (0.059) (0.029) (0.038) (0.025)
Medium  0.036*** 0.031** 0.031 0.049 —0.019 —0.005 0.019 0.047*
(0.013) (0.014) (0.034) (0.038) (0.041) (0.027) (0.021) (0.021)
Ln(AUM) —0.005 0.032** 0.010 0.018***
(0.004) (0.014) (0.006) (0.005)
\olatility 0.467* 0.116 —1.371*** —1.104***
(0.238) (0.511) (0.100) (0.115)
Strategy fixed effects Y Y Y Y
Observations 73 73 73 73 73 73 219 219
AdjustedR? 0.480 0.520 0.168 0.410 0.340 0.831 0.511 0.683

This table reports the results of linear multivariate regiens of annual hedge fund excess returns on indicat@hlas representing different fund charac-
teristics, as described in Sections 2 and 3, separatelafiir #me period considered (April 2006 to March 2007, Ap@i0Z to March 2008, and April 2008
to March 2009), as well as for all three years, where the ygadfeffects are included, on a balanced panel of funds. Tée dategory are the funds with
low levels of transparency, liquidity, complexity, and centration, so that the obtained slope coefficients can teepireted as the corresponding return
premia earned by high- and medium-level funds with respette low-level groups of funds. Every other column alsoudels the controls for the size
of the hedge fund (proxied by the logarithm of its assets untBnagement), annualized volatility, and strategy fixdédot$. Standard errors, robust to
heteroskedasticity, as well as to within-fund correlafiofull-sample results, are reported in brackets. *, **, gftlindicate significance at the 10%, 5%,
and 1% levels correspondingly.
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Table 5: Hedge fund performance: Transparency and coratemtinteraction results

Variable Level APRO06-MARO7 APRO7-MAR08 APRO08-MAR09 APRGEARO9
Transparency High —0.043* 0.093 0.078 0.021
(0.023) (0.074) (0.061) (0.035)
Medium —0.040* 0.094 —0.007 0.008
(0.023) (0.074) (0.059) (0.035)
Liquidity High —0.059*** 0.131*** 0.284*** 0.124***
(0.018) (0.050) (0.041) (0.025)
Medium —0.051*** 0.083** 0.161*** 0.067***
(0.019) (0.042) (0.039) (0.023)
Complexity High —0.034** 0.065 0.069 0.030
(0.016) (0.055) (0.048) (0.026)
Medium 0.002 0.060* 0.030 0.024
(0.022) (0.034) (0.048) (0.024)
Concentration High 0.117*** 0.277*** —0.035 0.085*
(0.024) (0.081) (0.031) (0.050)
Medium 0.025 0.145* 0.013 0.065*
(0.033) (0.082) (0.061) (0.038)
Interactions High&High —0.096*** —0.268*** 0.024 —0.078
(0.033) (0.125) (0.072) (0.061)
High&Med 0.005 —0.217** —0.083 —0.096*
(0.048) (0.108) (0.090) (0.050)
Med&High —0.062 —0.273*** —0.016 —0.091
(0.074) (0.096) (0.094) (0.065)
Med&Med 0.018 —0.156* —0.036 —0.051
(0.036) (0.093) (0.072) (0.043)
Observations 121 122 112 355
AdjustedR? 0.237 0.119 0.305 0.400

This table reports the results of linear multivariate regiens of annual hedge fund excess returns on indicator
variables representing different fund characteristisgjescribed in Sections 2 and 3, separately for each time
period considered (April 2006 to March 2007, April 2007 torigla2008, and April 2008 to March 2009), as
well as for all three years, where the year fixed effects atkitted. Additionally the regressions include the
interactions between transparency and concentratioahlad. The first level in the interaction terms notation
represents the level of transparency, while the last onesponds to the level of concentration. For example,
High&Med is a dummy variable that is equal to 1 if a fund has ghHevel of transparency and a medium
level of concentration. The base category are the fundslaxtHevels of transparency, liquidity, complexity,
and concentration, so that the obtained slope coefficiam$e interpreted as the corresponding return premia
earned by high- and medium-level funds with respect to thel&vel groups of funds. Standard errors, robust
to heteroskedasticity, as well as to within-fund correlatin full-sample results, are reported in brackets. *,
** and *** indicate significance at the 10%, 5%, and 1% levetsrespondingly.
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Table 6: Hedge fund return volatility: Multivariate regsés results

Variable Level

APRO06-MARO7 APRO7-MARO08 APRO08-MAR09 APRGHARO9

Transparency  High
Medium
Liquidity High
Medium
Complexity High
Medium
Concentration High
Medium

Observations
AdjustedR?

0.0041
(0.0036)
0.0026
(0.0026)
0.0029
(0.0041)
0.0010
(0.0030)
—0.0037
(0.0035)
—0.0093***
(0.0027)
0.0225%**
(0.0046)
0.0049***
(0.0020)

121
0.342

0.0035
(0.0062)
—0.0002
(0.0042)
~0.0131**
(0.0061)
—0.0112**
(0.0051)
—0.0046
(0.0046)
—0.0116***
(0.0035)
0.0177%*
(0.0045)
~0.0002
(0.0033)

122
0.298

—0.0046
(0.0063)

0.0064
(0.0044)

—0.0165**

(0.0049)
—0.0027
(0.0060)
0.0008
(0.0050)
—0.0042
(0.0072)
0.0223**
(0.0095)
—0.0020
(0.0047)

112
0.213

0.0026
(0.0036)
0.0035
(0.0024)
—0.0090***
(0.0036)
—0.0043
(0.0033)
—0.0024
(0.0028)
—0.0076**
(0.0032)
0.0205"**
(0.0042)
0.0012
(0.0021)

355
0.373

This table reports the results of linear multivariate regiens of annual hedge fund return volatilities on indi-
cator variables representing different fund characiesisas described in Sections 2 and 3, separately for each
time period considered (April 2006 to March 2007, April 2@6March 2008, and April 2008 to March 2009),
as well as for all three years, where the year fixed effecténataeded. The base category are the funds with
low levels of transparency, liquidity, complexity, and centration, so that the obtained slope coefficients can
be interpreted as the corresponding volatility differebesveen high- and medium-level funds as compared to
the low-level groups of funds. Volatility is equal to an aafimed sample monthly return volatility calculated
using previous 12 months. Standard errors, robust to rekedasticity, as well as to within-fund correlation
in full-sample results, are reported in brackets. *, **, aftlindicate significance at the 10%, 5%, and 1%

levels correspondingly.
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Table 7: Hedge fund flows: Multivariate regression results

Variable Level APRO06-MARO7 APRO7-MAR08 APRO08-MAR09 APRGEARO9
Transparency  High 0.222 0.453 —0.031 0.205
(0.237) (0.420) (0.077) (0.173)

Medium 0.096 0.100 —0.070 0.046

(0.157) (0.230) (0.058) (0.095)

Liquidity High 0.157 0.240 0.266*** 0.224
(0.370) (0.392) (0.092) (0.197)

Medium —0.265* —0.067 0.155** —0.056

(0.152) (0.211) (0.062) (0.093)

Complexity High 0.283* 0.297 0.120 0.235*
(0.168) (0.361) (0.077) (0.140)

Medium —0.061 0.265 0.156** 0.139

(0.174) (0.175) (0.069) (0.085)

Concentration High 0.233 —0.026 0.091 0.087
(0.201) (0.194) (0.068) (0.098)

Medium 0.280* 0.062 0.045 0.141

(0.163) (0.197) (0.063) (0.094)

Observations 109 107 95 311
AdjustedR? 0.133 0.055 0.123 0.189

This table reports the results of linear multivariate regirens of annual hedge fund inflows (measured as a
percentage of past assets under management) on indicatdvlega representing different fund characteristics,
as described in Sections 2 and 3, separately for each tinedpnsidered (April 2006 to March 2007, April
2007 to March 2008, and April 2008 to March 2009), as well asalbthree years, where the year fixed
effects are included. The base category are the funds witHeeels of transparency, liquidity, complexity,
and concentration, so that the obtained slope coefficiaarisbe interpreted as the corresponding volatility
difference between high- and medium-level funds as conap@réhe low-level groups of funds. Hedge fund
flow is equal to a relative change in the fund’'s AUM adjustedftmd’s returns during previous 12 months.
Standard errors, robust to heteroskedasticity, as wel agthin-fund correlation in full-sample results, are
reported in brackets. *, **, and *** indicate significancethe 10%, 5%, and 1% levels correspondingly.



