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A b s t r a c t

Three Essays on Empirical Asset Pricing

This dissertation contains three chapters.

The first chapter, coauthored with Andrew Ang and Matthew Rhodes-Kropf, provides 

a new method to evaluate the fund-of-funds industry. We show that funds-of-funds should 

not be evaluated relative to hedge fund returns from reported databases. Instead, the correct 

fund-of-funds benchmark is the return an investor would achieve from direct hedge fund 

investments on her own without recourse to funds-of-funds. We use certainty equivalent 

concepts and revealed preference arguments to estimate attributes o f the true, implied true 

fund-of-funds benchmark distribution. Since the benchmark characteristics seem reason

able, we conclude that, on average, funds-of-funds deserve their fees-on-fees.

The second chapter, coauthored with Haitao Li and Xiaoyan Zhang, examines the im

pact o f manager education, career concern and incentive on hedge fund performances, in

cluding its risk-taking behaviors, raw and risk-adjusted returns and fund flows. Managers 

from higher-SAT undergraduate institutes tend to have higher raw and risk-adjusted returns, 

more inflows, and take less risks. Younger managers tend to have higher returns, more in

flows, and take more risks. Fund incentive structures also significantly affect the relation 

between performance and education/career concern. Our results highlight the important 

role that manager talents and motivations play in the hedge fund performances.

The third chapter is based on a joint work with Xiaoyan Zhang. We find that the shape 

o f the volatility smirk has significant cross-sectional predictive power for future stock re

turns. Stocks whose options exhibit the steepest smirks underperform stocks whose options 

have the smallest volatility smirks by over 20% per year on a risk-adjusted basis. This pre

dictability is persistent for up to three months and is stronger for stocks with higher PIN
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measures or higher option leverage. Firms with steepest volatility smirks are those ex

periencing the most negative earning shocks in the next quarter. The results suggest that 

informed traders with negative news prefer to buy out-of-the-money put options, and the 

equity market is slow in incorporating the information embedded in volatility smirks.
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 1

Chapter 1 

Do Funds-of-Funds Deserve Their 

Fees-on-Fees?

1.1 Introduction

A fund-of-funds is a hedge fund that invests in other hedge funds. The funds-of-funds in

dustry is large and growing remarkably fast. Funds-of-funds now constitute more than one 

quarter o f the total assets under the direct management o f hedge funds. 1 At first glance, 

the reasons for the increasing popularity in funds-of-funds are numerous. First, they allow 

investors to obtain exposure to hedge fund investments that are otherwise closed to indi

vidual investors. Second, funds-of-funds generally have much lower required investment 

minimums than those required by hedge funds. Third, they provide investors access to a 

diversified portfolio o f hedge funds. Only individual investors with very large amounts of 

capital could replicate this degree o f diversification. Finally, they provide good access to 

information and professional portfolio management that would otherwise be difficult and 

expensive to obtain.

However, investors in funds-of-funds pay a steep price for this convenience. A fund-

of-funds passes onto investors all fees charged by the underlying hedge funds in the fund-

1 Since 2000, funds-of-funds have received 35% o f the new inflows into hedge funds, compared to re
ceiving 11% percent o f new flows in the early 1990s. For funds in the TASS database, the total value of 
assets under management for funds of funds is $70.1 billion compared to $282.4 billion for hedge funds as 
of September 2003. We compute the inflows from the TASS data.
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 2

of-funds’ portfolio. In addition, investors in funds-of-funds must also pay an extra set of 

fees to compensate the funds-of-funds’ managers. These fees-on-fees are not negligible. 

In the TASS database, the average management fee levied by funds-of-funds is 1.5% and 

the average fund-of-funds’ incentive fee is over 9.2%. These fees are on top o f an average 

management fee o f 1.4% and an average incentive fee o f 18.4% for hedge funds.

Hedge funds and funds-of-funds provide us with a unique platform to examine the value 

o f access to alternative asset classes. Most asset classes are cheaply and easily accessible, 

but if a set o f assets is difficult and costly to access, like venture capital or hedge funds, 

then we can use the returns o f these assets and the fees paid to access these investments 

to obtain a glimpse o f the perceived value investors place on these assets. In this paper, 

we infer the economic assumptions underlying the revealed preference o f an investor who 

is indifferent between a fund-of-funds investment and a hedge fund investment which that 

investor could make without recourse to funds-of-funds. Characterizing these economic 

assumptions allows us to judge if  the fees-on-fees o f funds-of-funds are reasonable.

Previous work on the hedge fund industry compares hedge funds with funds-of-funds 

and finds that, on average, funds-of-funds under-perform hedge funds.2 Many authors 

claim that the extra fees charged by funds-of-funds are too high and outweigh the effi

ciency gains o f investments in funds-of-funds. In particular, Brown, Goetzmann and Liang 

(2004) claim that the extra fees do not provide an appropriate incentive for funds-of-funds 

managers. The general consensus is that the fund-of-funds industry offers poor value to 

investors.3

The first contribution of this paper is to show that the conventional analysis o f com

paring alphas across hedge funds and funds-of-funds does not adequately measure the true 

potential benefit o f a fund-of-funds investment. Comparing returns across two asset classes 

is valid if  both assets are easily accessible. For example, mutual funds can be compared to 

index hands since investors can invest in either without issue. However, a direct comparison

2See, among others, Kat and Amin (2001), Amin and Kat (2002), Ackermann, McEnally and Ravenscraft 
(1999), Lhabitant and Learned (2002), Brown, Goetzmann and Liang (2004), Capocci and Hubner (2004), 
and Fung and Hsieh (2004).

3A rare counterexample is Fung and Hsieh (2000), who argue that the high fees of funds-of-funds cover 
the costly management of a hedge fund portfolio and that funds-of-funds must hold cash balances to cover 
the addition and withdrawal of hedge funds, which lowers their returns relative to hedge funds.
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 3

of hedge fund and fund-of-funds returns misses the unique nature o f the hedge fund indus

try. When an investor decides between a fund-of-funds and a direct hedge fund investment, 

she compares the fund-of-funds to the set o f hedge funds that she can locate and invest in 

by herself without using a fund-of-funds. Hedge funds are hard to find, hard to evaluate, 

hard to monitor, have high minimums, and are often closed to new investors. Thus, an 

investor choosing between direct hedge fund investments and using funds-of-funds has to 

compare her own costs and skill o f locating, evaluating and monitoring hedge funds which 

she could enter with the costs and skill o f the fund-of-funds manager.

This discussion makes it clear that the evaluation o f a fund-of-funds versus direct hedge 

fund investments is different for every investor. An investor with a large amount o f capital 

who has expertise in (and a low cost structure for) finding and evaluating hedge funds would 

prefer to invest directly in hedge funds, rather than investing indirectly through funds-of- 

funds. But, for an investor with little or no expertise in the hedge fund industry, the prob

ability o f choosing an incompetent hedge fund manager, or a hedge fund following a poor 

investment strategy, may be very high. Indeed, there are large cross-sectional differences in 

the performance o f individual hedge funds (see, for example, Li, Zhang and Zhao, 2005). 

Unskilled investors potentially face a large penalty for indiscriminately selecting hedge 

funds on their own, and thus many choose to invest through funds-of-funds instead.

As a result, the universe o f hedge funds that we see in data are funded either by ex

pert fund-of-funds managers or by investors with sufficient resources and skills that enable 

them to make direct hedge fund investments. In data, we do not observe the set o f hedge 

funds that received no funding, but would have received funding if  unskilled investors were 

forced to directly invest in hedge funds without investing through funds-of-funds. Hence, 

by construction, the observable set o f hedge fund investments is biased and appears to be 

good relative to the set o f after-fee returns o f funds-of-funds. While the return charac

teristics o f the funds-of-funds and hedge fund market tells us about the equilibrium when 

investors with different skills and costs sort themselves into users o f funds-of-funds and 

direct hedge fund investors, these return differences do not answer the question if  funds- 

of-funds deserve their high fees.

The second goal o f this paper to show how we can gain insight into the value o f the
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 4

funds-of-funds industry. To evaluate funds-of-funds, the correct benchmark should be the 

full distribution o f hedge funds that any particular investor can access, rather than a set of 

hedge funds observable in data. There is no direct way to compare funds-of-funds with their 

true benchmark because we do not observe the full distribution of hedge funds. However, 

we can use revealed preference to estimate the true underlying hedge fund distribution 

o f the marginal investor. Specifically, we ask what the alternate, accessible hedge fund 

distribution would look like in order to make an investor indifferent between a direct hedge 

fund investment and a fund-of-funds investment. Since investors choose to invest in funds- 

of-funds, the true distribution o f hedge funds these investors can access must be at least 

as bad as the distribution that makes them indifferent between the observed fund-of-funds 

investments and the true set o f hedge funds to which the investors can access.

Using certainty equivalent concepts, we estimate the implied benchmark distribution for 

funds-of-funds. Then, we compare characteristics o f the benchmark with the hedge fund 

returns observed in data. We find that the conditions where an investor chooses a fund-of- 

funds over a hedge fund are economically reasonable and plausible. This is particularly 

true for smaller and more risk-averse investors. Consider an investor holding a low-cost, 

benchmark portfolio o f well-diversified domestic and international assets who cannot short 

more than -20% with a risk aversion o f 7  =  8 . This investor finds that funds-of-funds 

add value if  she believes that her own direct investments in hedge funds would result in an 

average return just 0.50% per annum lower than the median return o f funded hedge funds 

in data. Alternatively, if  her own direct hedge fund investments have returns that are at least 

1.30% per annum more volatile than observable hedge fund returns, she would find that a 

fund-of-funds, rather than a direct hedge fund investment, would improve her utility. Thus, 

on average, funds-of-funds can provide sensible investment vehicles to obtain exposure to 

hedge fund investment strategies.

Investors’ revealed preferences tell us what they must believe about their own ability in 

order to chose a fund-of-funds. I f  we had found that investors needed to believe that they 

were implausibly bad on their own in order to justify a fund-of-funds, we would have con

cluded that fund-of-funds were over-charging for their investment performance. However, 

our analysis shows that contrary to popular belief and past work, it is relatively easy to
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 5

justify funds-of-funds’ fees. While we apply revealed preference arguments to the funds- 

of-funds industry, our analysis can be used more broadly to examine the potential value of 

an asset class when markets are incomplete and to compute the economic value o f access 

to broader diversification vehicles with limited access. Thus, we hope to change the way 

future analysis on alternative asset classes is conducted.

We comment that our analysis focuses only on characterizing the true benchmark for 

funds-of-funds and not on investigating the absolute performance o f hedge funds or funds- 

of-funds relative to standard asset pricing models. Whether hedge funds have average 

returns in excess o f their risk profiles is still an open question. Studies like Fung and 

Hsieh (2001) cannot reject that there is no average excess performance o f hedge funds after 

factors with option-like payoffs are included. On the other hand, Bailey, Li and Zhang 

(2004) find evidence o f the average out-performance o f hedge funds under the null o f no 

arbitrage, even when non-linear factor payoffs are considered.4 Our work is silent on the 

absolute investment performance o f hedge funds and funds-of-funds, and we focus only on 

what the expected relative performance o f after-fee returns o f funds-of-funds compared to 

hedge funds would have to be in order for investors to optimally choose to pay the added 

fees o f funds-of-funds.5

The rest o f this paper is organized as follows. Section 1.2 describes how the presence of 

skilled funds-of-funds’ managers causes the observed hedge fund returns to not represent 

the true hedge fund universe. In Section 1.3, we formulate the asset allocation problem and 

show how to characterize the true fund-of-funds benchmark. In Section 3.2, we describe the 

hedge fund and fund-of-funds data and compute statistics that are robust to reporting lags 

and non-synchronous trading. We lay out our empirical results evaluating fund-of-funds 

performance in Section 1.5. Section 1.6 conducts a series o f robustness checks. Finally, 

Section 1.7 concludes.

4Other authors computing alphas of funds-of-funds and hedge funds include Fung and Hsieh (1997, 2000, 
2001), Ackermann, McEnally and Ravenscraft (1999), Liang (1999), Edwards and Caglayan (2001), Ben Dor 
and Jagannathan (2002), Agarwal and Naik (2000, 2004), and Brown and Goetzmann (2004), among many 
others.

5We also do not address the question of optimal fees for hedge funds or funds-of-funds. Recent studies 
focusing on the optimal fee structure of hedge funds or funds-of-funds include Anson (2001), Goetzmann, 
Ingersoll and Ross (2003), Hodder and Jackwerth (2004), Bhansali and Wise (2005), and Stavros and West- 
erfield (2005).
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 6

1.2 What is the Appropriate Fund-of-Funds Benchmark?

Comparing after-fee alphas o f funds is a common portfolio evaluation tool used to gauge 

the performance o f equity investments. However, investing in hedge funds is very differ

ent from investing in the stock market. First, the best hedge funds are closed (presumably 

filled with the money of the smart investors who recognized the superiority o f these hedge 

funds at an early stage). Second, hedge funds require high minimum investments, with 

the top hedge funds requiring investments in the millions, sometimes tens o f millions, of 

dollars. Even if  a wealthy investor meets minimum requirements, there is no guarantee that 

a successful hedge fund will take that investor as a client. Third, and most importantly, un

like listed stocks that must provide timely disclosure notices and accounting reports, hedge 

funds are often secretive with little or no obvious market presence. Thus, it is plausible 

to assume that fund-of-funds managers and individual investors have different abilities in 

evaluating hedge funds, either because fund-of-funds managers have expertise in picking 

good hedge funds, or because they gather superior information at a cost.

A simple comparison o f the alphas o f funds-of-funds to the alphas o f hedge funds does 

not address the question o f whether funds-of-funds add value to the investors who choose 

to use them. An investor with little skill is not choosing between the alpha o f  the universe of 

hedge funds and the fund-of-funds’ alpha. Rather, she is choosing between the utility gain 

from an investment in a fund-of-funds and the utility gain from an investment in a hedge 

fund that she can find, meet the minimum requirements, and monitor. An investor may 

decide that the diversification benefits, access, and skills o f a fund-of-funds manager easily 

outperforms her own opportunity set. Thus, to determine if  funds-of-funds are adding 

value we need to compare the utility o f an investor in a fund-of-funds to the utility she 

would achieve if  funds-of-funds did not exist.6

6By unskilled investors, we do not mean investors with little money or investors without any financial 
knowledge. By law, most hedge funds and funds-of-funds are organized under the qualified investor exemp
tion in law and are limited to investors with a net worth of at least $5 million. By an unskilled investor, we 
mean an investor that does not have the same opportunity set to find hedge funds, or has inferior skills to 
evaluate and monitor hedge funds. In our model, we assume that fund-of-funds managers, on average, have 
such skills. To prevent poor hedge fund allocations, sophisticated investors spend significant resources to 
evaluate the skill o f the managers. William H. Donaldson, Chairman of the U.S. Securities and Exchange 
Commission, notes in his May 2003 testimony to Congress that sophisticated hedge fund investors “perform 
extensive due diligence prior to investing, often taking months to research a hedge fund before making an 
investment.” See http://www.sec.gov/news/testimony/052203tswhd.htm
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 7

We provide a simple model to show that funds-of-funds are a useful investment vehicle 

for unskilled investors because funds-of-funds offer them an opportunity to access the skill 

set o f sophisticated, skilled investors. In the following model, we show that unskilled 

investors are willing to pay to enter an economy where everyone has access to superior 

skills to evaluate hedge funds. Thus, in equilibrium, unskilled investors invest through 

skilled funds-of-funds. Funds-of-funds perform the same as hedge funds on a pre-fee basis 

but investors in funds-of-funds receive lower returns on an after-fee basis. Funds-of-funds 

add value because the unskilled investor’s alternative is to invest in hedge funds on her own 

and, consequently, earn lower average returns than skilled investors.

1.2.1 The Model

Consider an economy with two types o f hedge funds: good hedge funds (G) with per 

period after-fee returns rG ~  N ( p G, a G), and bad hedge funds (B ) with per period after- 

fee returns rB ~  N ( p B, a 2B), where p G >  p B and a G < a 2B. At each time period new 

hedge funds are bom. A fraction p  o f new funds are good and (1 — p)  are bad. New funds 

either receive an investment o f one unit o f capital or they exit the market. Funded hedge 

funds produce a return for one period. At the end o f that period their qualities are revealed. 

Investors would like to add money to funds revealed to be good, but these funds are closed 

to new investment. Investors withdraw money from bad funds which then exit the market. 

Good funds live one more period before retiring.

There are two types o f investors in the economy. They are either skilled (S ) or unskilled 

(U) at evaluating the quality o f hedge funds. The probability that a skilled or unskilled 

investor evaluates the quality o f a hedge fund correctly is Os  and 0 (j  respectively, with 

Os > Ou > 0.5. Thus, better skilled investors are more likely to know the tme quality 

o f the hedge funds. Let A equal the fraction o f new investors who are skilled at finding 

investments, and (1 — A) equal the fraction o f new investors who are unskilled. At each 

time period investors evaluate hedge funds until they find one that they think is a good fund 

and invest. Therefore, conditional on their level o f skill, investors will invest in good funds 

with probability p{, where p{ is given by:

Pi  =  < p 0 i / ( v0 i  +  (1 -  ¥>)(1 -  0 i) )-
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CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 8

Unskilled investors can become better with time. We assume that after one period a fraction 

X  o f unskilled investors become skilled. We solve the model for a steady state equilibrium 

that requires the assumption that x  =  HPg ~  Pb)/0-  ~  Pb)• All results hold without this 

assumption but all solutions would be time dependent.

Investors invest for two periods and then consume. They have the same mean-variance 

utility over final wealth: U =  E (rp) — \  var(rp), where rp is the two period return o f the 

investor’s portfolio o f good and bad hedge funds, and 7  is the investor’s coefficient o f risk 

aversion. There is also a riskless asset normalized to have a zero return.

In Figure 1.1, we pictorially represent the steady-state equilibrium o f the model, where 

the universe o f hedge funds includes good hedge funds that have survived, but are closed to 

new investment, and new good and bad hedge funds that have just arrived and have received 

funding. We are particularly interested in the expected return and variance o f the average 

hedge fund in the market and the expected utility o f the unskilled investors. We examine 

two cases: an economy where no funds-of-funds are available and unskilled investors must 

invest directly in hedge funds, and an economy with funds-of-funds through which the 

unskilled investors can channel their hedge fund investments.

Case of No Funds-of-Funds

Our first case is an economy where no funds-of-funds are available to unskilled investors. 

Thus, both skilled and unskilled investors directly invest in hedge funds based on their own 

ability 6s and Ou to select good funds. It is easy to show that, in steady state, the average 

hedge fund (h) in the economy has an expected return and variance of:

^ ( r h) =  2 [Aps +  (1 — A) p u \ p G +  [1 — Ap s  — (1 — A) p u\ n B 

var(Ul) =  2[Aps  +  (1 -  A) p u ] a% +  [1 -  Ap s  -  (1 -  Ajp^] 0%, (2 .1 )

and the utility o f the unskilled investor in each two-period economy is:

Uv  =  E ( r ^ )  — ^ v a r ( r - p )

=  2Pu ( Pg -  \  * g )  +  C1 -  Pu) [ p b  - ^ b ) .  (2-2)

where is the unskilled investor’s return on direct hedge fund investments.
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Case with Funds-of-Funds

In the second case, we introduce funds-of-funds that the unskilled investors can access. We 

assume that the funds-of-funds’ managers have the same ability as the skilled investors, 

and thus evaluate fund quality correctly with probability Os- Naturally, this allows the 

previously unskilled investors with ability 6V <  9s to now have the same ability as the 

skilled investors. In the steady-state equilibrium of this economy, the average hedge fund 

(h) has an expected return and variance of:

E (rd  =  2Ps Fg + i 1 ~  Ps) Fb

var(r£) =  2ps  a% +  (1 -  ps ) a%, (2.3)

where we use the asterisk to denote the economy with funds-of-funds. Since by assumption

Fg >  Fb  and (t2g < a%, it is straightforward to show that:

E (r f)  >  E (rh) 311(1 var(r^) <  var(r^). (2.4)

Thus, the existence o f funds-of-funds alters the return distribution o f funded hedge funds 

in the economy.

If  we assume that a fund-of-funds manager charges a fixed fee /  in percentage o f capital 

gains, then the utility o f unskilled investors in each two-period economy is:

Uu =  E(rp*) “  ^ var(rp*)

=  2Ps (1 ~  / )  Fg ~  o (1 — / ) 2<tG

+ ( !  -  Ps) [(1 -  / )  Fb  ~  g (X ~  f ) 2(7B (2.5)

where r1! '  denotes the afler-fee return o f the unskilled investor that uses a fund-of-funds.p

1.2.2 Discussion

While simple, this model illustrates three important points in comparing the returns o f 

hedge funds and funds-of-funds:

Point 1 The expected after-fee return o f the average fund-of-funds investment is lower than 

the expected return o f the average hedge fund, even though funds-of-funds’ managers are 

skilled investors.
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In the second economy where funds-of-funds exist, all hedge fund investors in the econ

omy are either skilled individual investors or fund-of-funds managers. They have the same 

ability to evaluate hedge funds, and thus earn the same expected returns before fees. But, 

the after fee-on-fees returns o f funds-of-funds are lower. Thus, to evaluate funds-of-funds, 

it is not meaningful to directly compare the average after-fee returns o f funds-of-funds to 

hedge funds, because by doing so, we are comparing the returns to unskilled investors 

(through funds-of-funds) with the returns that skilled investors could achieve. Instead, we 

must compare the gains from funds-of-funds with the gains that the same investors would 

have fared with direct hedge fund investments if  funds-of-funds did not exist. That is, we 

need to compare the utility o f the unskilled investors when no fund-of-funds exists (Uu) 

with their utility in the presence o f funds-of-funds and their added fees (Uy).

Point 2 Unskilled investors can potentially increase their utilities by investing through a 

fund-of-funds even though the average fund-of-funds do not outperform the average hedge 

fund.

In the first economy where the unskilled investors directly invest in hedge funds with

out the benefit o f a fund-of-funds intermediary, they receive a lower expected return and 

higher variance than the skilled investors, and thus an inferior utility. In the second econ

omy where funds-of-funds exist, the unskilled investors earn the same before-fee expected 

return and utility as the skilled investors. Thus, as long as the fees o f funds-of-funds are 

low enough, then unskilled investors increase their utility by using funds-of-funds, i.e., 

Ufj > Uu- Hence, it is wrong to conclude that funds-of-funds are not adding value just by 

comparing after-fee average returns. In our example, funds-of-funds add value, but they 

produce lower after-fee returns than hedge funds.

Importantly, the presence o f funds-of-funds also alters the distribution o f funded hedge 

fund returns from equation (2.4). Observe that in the economy with funds-of-funds, the 

distribution o f all funded hedge funds returns in the economy is better (with higher mean 

and lower variance) than the distribution o f hedge fund returns when no fund-of-funds
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exists.7

Point 3 In our theoretical model, we can directly compare the utility o f less skilled investors 

in an economy with and without funds-of-funds. However, in reality we only see the data 

from the economy that includes funds-of-funds.

In data, we only observe funded hedge funds that receive investments either through 

expert funds-of-funds or by sophisticated, skilled individuals. I f  individual investors all 

invested directly in hedge funds without funds-of-funds, then the set o f funded hedge funds 

would be much worse than what we observe in data. This causes the observable returns of 

hedge funds to not represent the full, true distribution o f hedge fund returns. It is plausible 

that in the hedge fund data that we observe, the left-hand tail o f the true hedge fund distribu

tion is truncated or alleviated, since many bad hedge funds are not funded! Thus, in reality 

we cannot do a direct comparison o f investors’ utilities with and without funds-of-funds.

This funding bias o f existing hedge fund databases is very different from the survivor

ship or reporting bias discussed in the literature. Many successful hedge funds do not 

report to hedge fund databases (see Ackermann et al., 1999), making observed hedge fund 

returns biased downwards. On the other hand, Malkiel and Saha (2004) argue that many 

unsuccessful hedge funds, which ultimately fail, stop reporting to the hedge fund databases, 

which causes hedge fund returns to be biased upwards. The bias we discuss here is differ

ent from these survivorship biases because these biases still involve whether hedge funds 

that have received funding report, or do not report, to a database. Our bias is that we never 

observe the hedge fimds that do not receive funding, but would have if  funds-of-funds did 

not exist. It is this unobserved set o f unfunded hedge funds, together with the observable 

set o f funded hedge funds, that constitutes the true fund-of-funds benchmark.

To characterize the correct benchmark for funds-of-funds, we ask the following indirect 

question: What would investors have to believe about their own ability to invest in hedge 

funds in order to make funds-of-funds a good idea? Answering this question also helps us 

to judge whether funds-of-funds add value.

7It is interesting to note that good hedge funds should be strong supporters of funds-of-funds as it increases 
the probability that they can obtain capital, while bad hedge funds would not be in favor of the additional 
scrutiny of a fund-of-funds.
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The Value of Adding a Fund-of-Funds

In our model, if  the discrepancy between the selection ability of the skilled and unskilled 

investors, 6S and 0V, is large enough, then the unskilled investors are better off investing 

through a fund-of-funds. The marginal Oy for the unskilled investor to prefer a fund-of- 

funds is given by:

and Uy is given in equation (2.5).

In Table 1.1, we give an example to make our point clearer. We compute the break-even 

skill level, 0*v , where unskilled investors prefer funds-of-funds over direct investments in 

hedge funds. We assume that the mean and variance o f the good and bad hedge funds are 

HG =  25%, <jg  =  10%, and p B =  15%, a B =  15%, respectively. We consider three 

different cases o f the probability that a skilled investor evaluates hedge funds correctly, 

9s — 0.9,0.8,0.7, and three different fee schedules /  charged by the funds-of-funds, /  =  

5%, 10%, 15%. We set the fraction o f good hedge funds ip — 1, | ,  and set the risk

aversion o f the unskilled investor at 7  =  4 ,8 ,12. If  the unskilled investor believes that 

she can correctly judge hedge funds with probability less than the 9*y reported in the table, 

then she is willing to use a fund-of-funds. Otherwise, she would prefer invest in a hedge 

fund directly. The larger is 9*v , the more likely the unskilled investor will choose a fund-of- 

funds, because it is easier for an unskilled investor to think, she has a skill level lower than

Table 1.1 shows that an unskilled investor only needs to think that she can do a little 

worse than fund-of-funds managers to prefer a fund-of-funds. For example, suppose that 

the number o f good and bad hedge funds in the economy are equal (p  =  and funds-of- 

funds charge a 10% fee ( /  =  10%). Then, if  9S =  90%, an unskilled investor with a risk 

aversion o f 7  =  8  only needs to believe that she will evaluate hedge funds correctly with 

probability 0.09 (=  0.90 — 0.81) less than skilled investors to prefer a fund-of-funds. As 7

° U C1 ~  Pu)¥> +  PuO- ~  <P)
P*u( 1 -  <P) (2.6)

where

Vi -  (Mb -  K )
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increases, 6*v  also increases. This means that unskilled investors with higher risk aversion 

levels are more likely to use funds-of-funds. As the fraction o f good hedge funds in the 

economy declines, 6*v  increases. This implies that unskilled investors are more willing to 

choose funds-of-funds when bad hedge funds abound. The intuition behind this result is 

that fimds-of-funds become more useful tools for unskilled investors when there are more 

bad hedge funds in the world because their value in screening bad hedge funds increases.

Table 1.1 also emphasizes that the answer to the question, “Do funds-of-funds deserve 

their fees-on-fees?” cannot be answered with a universal “yes” or “no.” Rather, the answer 

depends on who is asking the question. The more skilled an investor is, the less likely she 

will find funds-of-funds valuable. On the other hand, a less risk-averse individual is less 

likely to find value in a fund-of-funds. The question whether funds-of-funds add value is 

investor and time specific and depends on the investor’s investment opportunity set, risk 

aversion, and the investor’s belief about her own competence.

We can also draw on an analogy to the venture capital (VC) industry to emphasize this 

point (see Jones and Rhodes-Kropf, 2003). An investor would rather make an investment 

directly in a start-up that was funded by a top VC in order to avoid the fees paid to the VC 

intermediary. However, the average investor who tries to directly invest in start-up compa

nies would make very poor choices because they lack the expertise to select and monitor 

start-ups. Thus, the set o f start-ups in data are the start-ups that are funded by venture cap

italists, which appear to have high alphas (see, for example, Gompers and Lemer, 1997). 

An investor deciding to enter a VC fund should not compare VC fund returns with the un

derlying returns from VC funded start-ups, but should compare the expected profit from a 

VC fund investment with the investments that she could make on her own.

In our simple model, it is easy to compute the value added by funds-of-funds because 

we directly model the whole universe o f good and bad hedge funds. But, in data, fimds- 

of-funds and hedge funds cannot be directly compared because the true set o f hedge funds 

is not observable. The question we now ask is how to characterize the true, unobservable 

distribution o f hedge funds available to an unskilled investor that is the correct fund-of- 

fimds benchmark. Fortunately, we have the revealed preferences o f investors who have 

already chosen to invest in funds-of-funds. This involves a portfolio allocation decision.
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We now show how a standard portfolio allocation framework can infer characteristics of 

the true, benchmark fund-of-funds distribution.

1.3 The Portfolio Allocation Problem

To characterize the true fund-of-funds benchmark, we employ certainty equivalent concepts 

from portfolio allocation theory. We assume that the investor has a standard mean-variance 

utility function:

t /  =  E(rp) - i 7 var(rp), (3.7)

where rp is the portfolio return, which is a function o f portfolio weights in a risk-free asset 

and risky assets, and 7  is the investor’s coefficient o f risk aversion. We choose mean- 

variance utility as it is the standard benchmark utility function and work with risk aversion 

levels o f 7  = 4 ,  8 , and 12. Since it is well known that unconstrained mean-variance po

sitions are sensitive to expected returns and can produce extreme portfolio positions (see, 

among others, Green and Hollifield, 1992; Black and Litterman, 1992), in addition to an 

unconstrained optimal portfolio, we also examine no short-sale constraints, as well as a 

shorting limit o f -2 0 %.

Hedge fund strategies typically generate option-like returns and have payoffs that de

pend on higher moments (see, for example, Fung and Hsieh, 2001). The mean-variance 

utility in equation (3.7) does not consider the effect o f higher moments. Using utility func

tions where investors weight losses more than gains (like the first-order risk aversion utility 

function o f Gul, 2001) would produce lower portfolio allocations in both hedge funds or 

funds-of-funds. While we do examine the proportion o f the portfolio in hedge funds or 

funds-of-funds (see below), our focus is on the utility gain o f adding a hedge fund com

pared to the utility gain from adding a fund-of-fund. Using more complex utility functions 

that depend on higher moments would only favor positions in funds-of-funds because by di

versification, funds-of-funds are able to reduce the extreme movements o f individual hedge 

funds and thus have lower volatility. Hence, using mean-variance utility to characterize the 

true benchmark for funds-of-funds is a conservative choice, and utility functions that take
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into account downside risk or higher moments would make funds-of-funds even more at

tractive relative to hedge funds.

The value o f an investment in a fund-of-funds in utility terms depends on the current 

investment opportunity set. We specify different subsets o f benchmark assets to include:

1. AC1: U.S. large and small stocks.

Large and small stock returns are total returns from the Ibbotson S&P500 index and 

the Russell 2500 mid-to-small index, respectively.

2. AC2 = AC1 + U.S. Value and Growth Stocks.

The value and growth returns are taken from the MSCI U.S. Large Cap Value Index 

and the Large Cap Growth Index, respectively.

3. AC3 = AC2 + U.S. Bonds.

We use total returns on long-term government bonds, intermediate-term government 

bonds, and long-term corporate bonds, all from Ibbotson.

4. AC4 = AC3 + Commodities.

Commodity returns are total returns on the Goldman Sachs commodity index.

5. AC5 = AC4 + Foreign Equity.

For foreign equity, we take MSCI country returns for the U.K., Japan, Germany, and 

France, and the MSCI emerging market free index, expressed in U.S. dollar returns.

6 . AC6  = AC5 + Foreign Bonds.

Foreign bonds represent U.K., German and Japan 1-month Eurobond returns ex

pressed in U.S. dollar returns.

All of the assets classes AC1-AC6 include a risk-free position in 1-month U.S. T-bills. In

vestors can invest in each o f these benchmark assets using low-cost, index vehicles. We 

start by considering only an all equity position in only large and small capitalization stocks
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(AC1) and then progressively increase the set o f assets. The full set o f benchmark as

sets (AC6 ) consists o f 16 risky asset positions in bonds and equities in both the U.S. and 

overseas markets, together with commodities.

We compute the diversification benefits, or utility gains, o f adding a fund-of-funds ve

hicle to these different sets o f basis assets. The asset allocation problem emphasizes that 

the optimal weight in funds-of-funds depends on the investor’s risk aversion, the current 

investment opportunity set, and any portfolio constraints. The portfolio allocation perspec

tive explicitly accounts for the diversification benefits o f fund-of-fund investments through 

the variance-covariance matrix. Hence, our asset allocation approach is a natural way of 

evaluating funds-of-funds rather than simply computing and comparing alphas that may 

not result from an investable strategy by individuals.

To judge the economic magnitude o f adding a hedge fund or a fund-of-funds position to 

a set o f benchmark assets, we compute the percentage increase in the certainty equivalent 

(CE), similar to Kandel and Stambaugh (1996), Campbell and Viceira (1999), and Ang and 

Bekaert (2002), among others. The CE represents the certain amount o f wealth required 

that is equivalent to holding the diversified position, from the perspective o f the investor. 

That is, it is the sure monetary payment a risk-averse investor must receive in order to 

compensate the investor for not investing in the risky position. For example, if  the CE 

is 9%, then 9% is the equivalent risk-free return that an investor must receive in order to 

compensate the investor not to hold the optimal portfolio. With mean-variance utility, the 

CE is simply the level o f the utility function at the optimal portfolio weight. Thus, in 

standard mean-variance space with expected return on the y-axis and volatility or variance 

on the z-axis, the CE represents the point where the utility indifference curve crosses the 

y-axis. We use CE* to represent the utility with the hedge fund or fund-of-funds position.

We examine the difference in CEs from adding hedge funds or funds-of-funds to a 

standard benchmark portfolio. I f  CE^ represents the optimal utility without a hedge fund 

or a fund-of-funds position, we can express the compensation required to forego the hedge 

fund or fund-of-fund position as a return in cents per dollar o f wealth:

The percentage increase in the CE is the cents per dollar amount which an individual must

(3.8)

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 1. DO FUNDS-OF-FUNDS DESERVE THEIR FEES-ON-FEES? 17

be compensated to give up the opportunity to invest in hedge funds or fund-of-funds.

The CE allows us to characterize the true, underlying distribution o f hedge fund returns. 

For example, suppose that the true distribution o f hedge funds has the same variance and 

correlations as the observed hedge fund returns in data (but different mean return). Then, 

we can compute the expected hedge fund return an investor would need to believe they 

could achieve on their own such that an investor would be indifferent between a direct 

hedge fund investment (with this return belief) and a fund-of-funds investment. Similarly, 

we can estimate the increase in risk that an investor would need to believe they face in 

choosing a hedge fund investment on her own, rather than using a fund-of-funds. This 

distribution is the true benchmark to which the marginal investor compares a fund-of-fund.

1.4 Hedge Fund and Fund-of-Funds Data

1.4.1 Description

We use the Tremont TASS database o f hedge fund and fund-of-funds returns with a sample 

ending in September 2003. Although the first observation in the database is in February 

1977, coverage o f the funds in the TASS database is very thin prior to the 1990s. Hence, 

we focus on the period from June 1992 to September 2003, where the beginning o f the 

sample is also the date where MSCI Growth and Value Indices become available.8 Due to 

the short sample, we are also careful to conduct a series o f robustness checks on the inputs 

to the asset allocation problem in Section 1.6 .

TASS divides the funds into two groups: live and graveyard. At the end o f September 

2003, the database contains 4,131 hedge funds, o f which 2,460 are live funds and 1,671 

are graveyard funds. To be included in our sample, we require each fund to have at least 

12 consecutive monthly net-of-fee returns, which removes 326 funds. We take those funds

8Prior to 1994, the TASS data backfills returns and does not include failed hedge funds. While some 
papers use hedge fund data post-1994 (see, for example, Fung and Hsieh, 2000; Agarwal and Naik, 2004), 
other papers use data prior to 1994, like Fung and Hsieh (1997, 2001), Brown and Goetzmann (2003), and 
Brown Goetzmann and Liang (2004). Getmansky, Lo and Makarov (2004) and Gupta and Liang (2005) 
use the full TASS sample. We do not directly compare hedge fund returns or funds-of-funds returns, or 
investigate the absolute level of hedge fund or fund-of-funds returns relative to performance benchmarks, 
where survivorship biases may create first-order effects. Nevertheless, all our results are tested with a series 
of robustness checks in Section 1.6.
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that TASS classifies as either a fund-of-funds or as a hedge fund. The hedge funds are 

further classified into one o f nine primary categories. This removes another 110 funds. 

This process leaves us with 3,695 funds: 2,947 hedge funds and 748 fund-of-funds. All the 

returns are after-fee returns.

We do not rely on indices o f hedge funds, or funds-of-funds, to estimate moments (al

though these are constructed by TASS). Instead, we use the entire cross-section o f data to 

compute means, variances, and correlations. For example, to compute the representative 

volatility o f hedge fund returns, we first compute the volatility o f each individual hedge 

fund. Then, we report the median cross-sectional standard deviation, which serves as the 

volatility o f a typical hedge fund return. Using all the cross-sectional data improves power 

and also permits us to examine an entire distribution o f the inputs into the portfolio alloca

tion problem.

Table 1.2 reports basic descriptive statistics o f the hedge funds and funds-of-funds. 

We also list summary statistics o f the hedge funds classified by investment styles defined 

by TASS, which are convertible arbitrage, dedicated short bias, emerging markets, equity 

market neutral, event driven, fixed income arbitrage, global macro, long/short equity hedge, 

and managed futures. A third o f hedge funds (33%) follow long/short equity hedge invest

ment strategies. Table 1.2 also reports details on the average incentive fee and management 

fee, along with the proportion o f funds that have high watermark provisions. The average 

management fee for hedge funds (funds-of-funds) is 1.41% (1.54%). Funds-of-funds have 

average incentive fees approximately half the size o f the average incentive fees for hedge 

funds, at 9.25% and 18.44% for funds-of-funds and hedge funds, respectively. Approxi

mately a third (32%) o f funds-of-funds have high watermarks, whereas the proportion of 

hedge funds having high watermarks is 43%.

In the last five columns o f Table 1.2, we report various summary statistics o f monthly 

after-fee excess returns of hedge funds and funds-of-funds. We use moments o f after

fee returns in the portfolio allocation problem. For the standard deviation, skewness, and 

kurtosis statistics, we first compute these statistics for each individual fund, and then report 

the median across funds. We compute returns in excess o f the 1-month U.S. T-bill risk-free 

rate. The median excess return for hedge funds is 0.54% per month, but only 0.32% per
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month for funds-of-funds. As Brown, Goetzmann and Liang (2004) comment, the 0.22% 

per month difference is mostly attributable to the double fee structure o f funds-of-funds. 

Hedge fund excess returns are also more variable, at 3.88% per month, than returns on 

funds-of-funds, at 2.07% per month. Thus, funds-of-funds succeed in reducing the total 

volatility o f an average hedge fund, but the overall Sharpe ratio o f funds-of-funds is lower 

at 0.452 per annum than the Sharpe ratio o f hedge funds at 0.518 per annum. Neither 

hedge funds nor funds-of-funds display excess skewness, and their kurtosis is below the 

kurtosis o f a normal distribution. Thus, the tails o f a normal distribution are a conservative 

approximation to reported hedge fund and fund-of-fund returns.

1.4.2 Estimating Moments of Returns

There are two important inputs o f the moments o f returns into an asset allocation problem 

with mean-variance utility: (i) the expected means and standard deviations o f the asset re

turns and (ii) the expected correlations, or covariances, between the asset returns. Clearly, 

the true expectations o f investors are unknown and unknowable. Thus, any portfolio allo

cation problem must make some guess at these expectations. Typically, this guess is based 

on the true historical information. In what follows, as a base case we will take historical 

means and medians as the true expectation. Later we will perform a sensitivity analysis 

on these assumptions. However, it is important to remember that the magnitude o f the in

puts is not very important to our study as we are interested in comparing funds-of-funds to 

direct hedge fund investments. Thus, the fact that many have argued that hedge funds out

performed expectations over our sample period is not relevant since funds-of-funds were 

impacted by the same surprise. Thus, our evaluation technique does not suffer from the 

‘error magnification’ problems typical o f optimal portfolio analysis.9

Means and Standard Deviations

As a baseline case, we take the median average excess return and the median standard 

deviation across all hedge funds or funds-of-funds, which represent the statistics o f a typical

9The central way in which the inputs matter is if  the expectations are such that no investor wishes to invest 
in either hedge funds or funds-of-funds. Under this scenario, we cannot compare the relative benefit o f one 
non-optimal asset class to another non-optimal asset class.
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hedge fund and a typical fund-of-funds. Later, we perform sensitivity analysis using the 

cross-sectional distribution o f the expected returns and standard deviation statistics.

Asness, Krail and Liew (2001) demonstrate that the returns o f hedge funds are affected 

by nonsynchronous price movements due to illiquid securities or lagged reporting. Lo and 

MacKinlay (1990) show that in their model o f nonsynchronous trading, the means o f asset 

returns are unaffected and the standard deviations o f individual asset returns are biased 

upwards. This upward bias causes the mean-variance asset allocation problem to produce 

conservative estimates o f the risky positions, particularly in hedge funds or funds-of-funds. 

Like the variances, the correlation between hedge fund or fund-of-funds returns with other 

asset classes is sensitive to nonsynchronous trading effects. However, the effect o f the bias 

on the mean-variance optimization is ambiguous, so to produce estimates o f correlations 

that are robust to nonsynchronous reporting lags, we introduce a methodology building on 

Dimson (1979).

Correlations

We compute correlations o f hedge fund and fund-of-funds returns using Dimson (1979) 

betas. For each asset k  and each fund i, we run a series o f monthly excess returns on both 

contemporaneous and lagged asset returns (using up to m  =  1 , . . . ,  6  lags):

r t = a k +  Pk,0rk,t + Pk,lr k,t-1 H 1- Pk,mrk,t-m, (4.9)

where r\ is the excess return o f the ith fund and rkjt is the excess return o f the fcth benchmark 

asset. If  non-synchronous trading exists, then the lagged betas (fk m are non-zero. The 

Dimson beta for the zth fund with respect to asset k, $ k m, is the sum o f the (3k m betas 

across the lags:

Afc.m =  +  Pk,l +  •" +  Pk,m- (4-10)

We compute the correlation implied by the Dimson beta, plk m, as:

Pk,m =  P l ,m  ■ <7k/<7i, (4.11)

where ak is the standard deviation o f asset k, and is the standard deviation o f fund i.

Since the beta estimates computed using the Dimson correction are closer to the true betas,
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the correlation estimates in equation (4.11) should provide more accurate estimates o f the 

true correlations between fund returns and asset returns. We use the median cross-sectional 

correlation across all funds indexed by i in our portfolio allocation analysis.

Table 1.3 reports the Dimson-adjusted correlations o f hedge fund and fund-of-funds 

returns with the benchmark assets. We report the results with three lag adjustments because 

the implied correlations are almost unchanged with more additional lags. There are several 

interesting results in Table 1.3. First, consistent with Asness, Krail and Liew (2001), the 

Dimson-adjusted correlations for both hedge funds and funds-of-funds increase in absolute 

value with the number o f lags. For example, the correlation o f fund-of-funds returns with 

U.S. large cap stocks more than doubles from 0.26 with no Dimson lags to 0.62 when three 

Dimson lags are included. Thus, not taking into account the Dimson lags over-states the 

diversification benefits o f hedge funds or funds-of-funds.

Second, consistent with Capocci and Hubner (2004) and others, the signs o f the cor

relations with the benchmark asset classes are the same for both hedge funds and funds- 

of-funds. For example, both hedge funds and funds-of-funds have, on average, positive 

correlations with both U.S. and foreign equities, but negative or zero correlations with U.S. 

and foreign bonds. However, the median absolute values o f the correlations o f fimds-of- 

funds are always larger in magnitude than those o f hedge funds. For example, accounting 

for the Dimson corrections, the correlation o f hedge funds with U.S. value stocks (growth 

stocks) is 0.33 (0.35), while the correlation o f fund-of-fund returns with U.S. value stocks 

(growth stocks) is 0.49 (0.57). Fung and Hsieh (2002) also report that individual hedge 

funds have lower correlations in absolute value to traditional asset classes than fund-of- 

funds returns. Thus, all else being equal, individuals should prefer to add a hedge fund, 

rather than a fund-of-funds, to their portfolio because o f the lower correlations o f hedge 

funds.

Baseline Case

In Table 1.4, we summarize the expected returns, standard deviations, and correlations 

for the baseline case o f inputs for the asset allocation problem. The means and standard 

deviations o f the benchmark assets are simple historical averages and volatilities over the
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June 1992 to September 2003 sample period. To obtain a total expected return for hedge 

funds and funds-of-funds, we combine the average excess returns reported in Table 1.2 

with a risk-free rate assumption o f 4.00%. The last two columns o f the table repeat the 

correlations o f hedge funds and funds-of-funds reported in Table 1.4 using three Dimson 

(1979) lags.

To give an idea o f the diversification benefits available from adding a hedge fund or a 

fund-of-funds, Figure 1.2 plots the mean-variance frontiers generated by AC6  as well as 

adding a hedge fund or a fund-of-funds investment to AC6 . When target expected returns 

are relatively low (below 0.75% per month), adding a fund-of-funds generates a lower 

volatility, so highly risk-averse investors already prefer funds-of-funds over an average 

hedge fund. For target expected returns above 0.75% per month, hedge funds generate 

a superior mean-variance frontier with lower volatility. Figure 1.2 shows that there are 

clearly diversification benefits in adding hedge funds or funds-of-funds to an already well- 

diversified portfolio. We now examine the actual hedge fund and fund-of-funds asset allo

cations implied by the mean-variance utility function (3.7) and characterize the true fund- 

of-funds benchmark from the certainty equivalents o f the optimal asset allocation weights. 

We examine the sensitivity o f our results to changes in the expected returns, volatilities, 

and correlations in Section 1.6 .

1.5 Empirical Results

In Section 1.5.1, we start by showing that well-diversified portfolios contain significant 

holdings o f hedge funds or funds-of-funds. Section 1.5.2 computes the utility gains of 

investing in hedge funds or funds-of-funds. In Section 1.5.3, we estimate characteristics of 

the unobserved, true fund-of-funds benchmark.

1.5.1 Optimal Holdings of Hedge Funds or Funds-of-Funds

We begin by reporting the optimal allocation to a median hedge fund from the mean- 

variance optimization problem in equation (3.7). Panel A o f Table 1.5 reports the optimal 

asset allocations combining hedge funds with asset classes AC1, AC2, or AC6  for several
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levels o f risk aversion. We report the allocations imposing no constraints, prohibiting short 

sales, and allowing short positions down to -20%. Panel B reports the asset positions when 

a typical fund-of-funds is added to the mix o f benchmark assets.

The message of Table 1.5 is that there are non-negligible allocations in hedge funds 

and funds-of-funds in an investor’s portfolio. In Panel A, the holdings o f hedge funds are 

large for all the benchmark asset classes and the holdings o f hedge funds are very similar 

across the asset classes. For example, for an investor only invested in U.S. equity in AC1, 

an investor with a risk aversion level o f 7  =  8  invests 30% o f her portfolio in hedge funds. 

When we consider the full range o f assets in AC6 , the allocation to hedge funds is 45% 

for an unconstrained portfolio for a risk aversion o f 7  =  8 . In this case, an investor holds 

many leveraged positions, particularly in U.S. intermediate-term bonds and U.S. equity. 

When short sales are prohibited, the allocation to hedge funds remains substantial, at 19% 

for a 7  =  8  investor. When short positions down to -20% are permitted, the hedge fund 

allocations range from 43% to 22% for risk aversions 7  =  4 to 7  =  12, respectively.

Similarly, Panel B o f Table 1.5 shows that investors optimally hold funds-of-funds. For 

the unconstrained portfolio allocation, the investor holds even larger positions in funds- 

of-funds compared to hedge funds in Panel A. For an unconstrained allocation over asset 

class AC6  and fimds-of-funds, a 7  — 8  investor places 247% of her portfolio into funds-of- 

funds. For the full AC6  position with no shorting permitted, an investor with a sufficiently 

high risk aversion holds funds-of-fimds, with holdings o f 8 % and 24% for risk aversion 

levels o f 7  =  8  and 7  =  12, respectively. Note that with no shorting, the 7  =  4 investor 

with a base investment opportunity set o f AC6  does not hold any fund-of-funds. Thus, any 

comparison o f whether funds-of-funds add value relative to hedge funds to this investor 

cannot be answered. We construct a benchmark fund-of-funds distribution only for cases 

where investors optimally hold funds-of-funds.

While some o f the asset positions from mean-variance utility are extreme and may not 

mirror actual portfolio decisions, Table 1.5 demonstrates that hedge funds or funds-of-funds 

play a role in an optimal portfolio. What is important is not the short, or leveraged, positions 

in other assets, but the fact that it is optimal to add hedge funds or funds-of-funds into a 

portfolio and that the hedge fund and funds-of-funds positions are positive. In using the
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asset allocation framework to infer the true, unobserved distribution o f hedge fund returns, 

we concentrate on the allocations not allowing short sales and only permitting short sales 

down to -20%. Naturally, the gains o f adding fimds-of-funds in unconstrained portfolios 

are dramatically larger, so our estimates o f the value-added benefits from funds-of-funds 

are conservative.

While we have used expectations that are the realized returns, it is important to re

member that our study does a comparison using utilities o f holding funds-of-funds. We 

emphasize that we are not arguing that the great realized performance o f the hedge fund or 

fund-of-funds class was expected. Furthermore, we do not need such high expected returns 

to make our point. We only need inputs such that investors choose to allocate some of 

their portfolios to funds-of-funds. Thus, this section shows that with the historical averages 

as inputs, an optimal portfolio does contain funds-of-funds, and we can proceed with our 

comparison.

1.5.2 The Utility Gain in Adding Hedge Funds or Funds-of-Funds

In Table 1.6, we report the annualized CEs that a mean-variance investor could obtain by 

investing in benchmark asset classes (AC1 to AC6 ) alone, or adding a hedge fund or a 

fund-of-funds position to the asset classes (AC1 to AC6 ). Panel A reports the level o f the 

CEs, while Panel B reports the percentage increases in certainty equivalents from adding a 

hedge fund or a fund-of-funds to the existing benchmark asset classes (see equation (3.8)). 

We focus our discussion on a risk aversion level o f 7  =  8 , but we also report the cases for 

7  =  4 and 12 in the table.

The numbers reported in Panel A represent the risk-free return that is equivalent to 

holding the asset class, or the asset class combined with a hedge fund or a fund-of-funds. 

For example, the 7  =  8  investor would be indifferent between an optimal position in U.S. 

large and small stocks (AC1) and a certain return o f 5.63% per annum. To give up an 

optimal portfolio comprising large and small stocks together with hedge funds (funds-of- 

funds), the same investor would require a risk-free return o f 6.15% (6.06%). Combining the 

full set o f assets, AC6 , with a hedge fund (fund-of-funds) position is equivalent to a risk

free return o f 8.44% (8.21%). These are much higher than the risk-free rate assumption of
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4%.

The increases in the CEs in Panel B represent the gain in utility that an investor realizes 

from moving from a low-cost benchmark portfolio (AC 1 -6 ) to adding hedge funds or funds- 

of-funds. For example, the utility gain in adding hedge funds (funds-of-funds) to AC1 is 

0.49% (0.41%) for a 7  =  8  investor. Since the hedge fund and fund-of-funds returns are 

after-fee returns, these represent risk-free gains o f 0.49% and 0.41% per annum in opening 

up the investment opportunity set from U.S. large and small stocks to including hedge 

funds and funds-of-funds, respectively. In Panel B, the gains o f adding hedge funds are 

generally larger than the gains o f adding funds-of-funds. For example, starting from AC6 , 

and allowing shorting down to -20%, a 7  =  8  individual increases her utility by 0.47% 

when adding hedge funds, compared to 0.36% for adding funds-of-funds. When no short 

sales are permitted, the preference for hedge funds is even greater, with percentage utility 

gains o f 0.23% (0.02%) for hedge funds (funds-of-funds).

However, the higher utility gains for adding hedge funds compared to adding funds-of- 

funds do not occur for all levels o f risk aversion. In Panel B with AC6 , a 7  =  12 investor 

prefers to add a fund-of-funds rather than a hedge fund (with percentage CE gains o f 0.39% 

and 0.46% for hedge funds and funds-of-funds, respectively). In Figure 1.3, we plot the 

certainty equivalents o f AC6  in relation to adding hedge fund investments or fimds-of-funds 

to AC6 . In the top panel, we do not permit short sales and in the bottom panel we allow 

short positions down to -2 0 %.

Figure 1.3 shows that for low levels o f risk aversion, adding a hedge fund to AC6  

dominates adding a fund-of-funds. This is consistent with the mean-variance frontiers in 

Figure 1.2. However, for risk aversion levels above 20 when shorting is not allowed, the 

utility gain o f adding a fund-of-funds is higher than the utility gain o f adding a hedge fund. 

When -20% short positions are permitted, funds-of-funds dominate hedge funds for risk 

aversion levels above 10. This is because funds-of-funds have lower expected returns and 

lower standard deviations than hedge funds. Consequently, less risk-averse investors prefer 

the higher returns o f hedge funds and tolerant the additional volatility, while for more risk- 

averse investors, the lower volatility o f funds-of-funds dominates.

Hence, sufficiently risk-averse investors prefer to hold funds-of-funds rather than di
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rectly invest in the hedge fund returns that we see in the data. Since the true distribution 

o f hedge funds must be worse than the observed distribution o f hedge fund returns, these 

high risk-averse individuals do not even need to think that they would do worse on their 

own direct hedge fund investments compared to a fund-of-funds in order to choose a fund- 

of-funds. Thus, from a portfolio perspective, funds-of-funds already provide preferred ve

hicles for individuals with very high risk aversion levels. To determine if  low or moderate 

risk-averse investors should utilize funds-of-funds, we need to estimate the characteristics 

o f the hedge funds these investors could access on their own. We now recover characteris

tics o f the true, underlying hedge fund distribution using revealed preference.

1.5.3 Characterizing the Benchmark Fund-of-Funds Distribution

In Tables 1.7 to 1.9, we characterize moments o f the true, benchmark fund-of-funds distri

bution which an unskilled investor could access. We cannot directly observe this distribu

tion but we can characterize it using revealed preference arguments. We denote the mean 

o f the benchmark distribution as n B and the standard deviation as a B.10

We know that an unskilled investor who is forced to directly invest in a hedge fund will 

face a direct hedge fund distribution at least as bad as the distribution o f funded hedge funds 

in data (see equation (2.4) and Point 2 o f the model). Hence, the benchmark distribution 

must have an expected return no greater than the hedge fund expected return in data, and the 

standard deviation o f  the benchmark distribution must be at least as volatile as the standard 

deviation o f hedge fund returns in data. Since the observable median hedge fund average 

return and standard deviation are 0.873% and 3.876% per month, respectively, it must be 

the case that fiB < 0.873% and a B > 3.876%.

We characterize the true universe o f hedge funds that an individual may face by asking 

what would make an investor indifferent between investing in the benchmark distribution, 

which is unobserved, and investing in a typical fund-of-funds, which is observed. At the 

margin, the ex-ante utility o f adding a hedge fund drawn from the true, benchmark fund- 

of-funds distribution must be the same as the ex-ante utility of making a fund-of-funds

10Naturally, if the benchmark also has other important moments such as pronounced higher downside 
moments, it only makes funds-of-funds more attractive because diversification in funds-of-funds alleviates 
some of the effects of lower left-hand tail outliers.
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investment. Hence, we characterize the benchmark distribution by estimating moments 

which induce the same utility as adding a fund-of-funds.

Characterizing the Mean

In Table 1.7, we characterize the mean o f the distribution o f both funded and unfunded 

hedge funds (the true fund-of-funds benchmark distribution), ftD, by making various as

sumptions on a B. Case 1, which assumes that a B =  3.876%, is the most conservative 

case because we expect that the real a B is greater than the hedge fund volatility in data. 

In Cases 2 and 3, we assume that the true a B =  1.1 x 3.876% and a B =  1.2 x 3.876%, 

respectively. The table reports the estimated fiB such that an investor is indifferent be

tween adding a hedge fund from the true, underlying hedge fund distribution and adding a 

typical fund-of-funds. Empty entries indicate that it is not optimal for an investor to hold 

any funds-of-funds, so constructing a benchmark distribution is not meaningful for these 

investors. Entries in italics indicate that an investor already prefers a fund-of-funds, rather 

than a direct hedge fund investment. These investors would have to think they would do 

substantially better than the average hedge fund if  they invested on their own in order for 

them not to use a fund-of-funds. 11

The entries in normal type in Table 1.7 report the highest possible \iD that the investor 

could believe she would obtain on a direct hedge fund investment from the true hedge fund 

universe in order to choose a fund-of-funds. The median observable hedge fund return in 

data is 0.873% per month. A 7  =  8  investor starting from AC6  facing short sale constraints 

has only to think that she would obtain 0.710% or less per month on average, or a reduction 

o f 1.96% per annum compared to the observable hedge fund returns, on her own hedge 

fund investments for her to prefer to use a fund-of-funds. When the 7  =  8  investor starting 

from AC6  can only short down to -20%, she only needs to believe that she would obtain 

investments 12 x (0.873 — 0.837)% =  0.43% per annum worse on average by investing 

directly in hedge funds in order to prefer funds-of-funds. Note that these performance 

‘reductions’ also include the costs o f finding, allocating and overseeing the hedge fund

11 The repeated entries for the columns under the no short sale case occur because the assets in AC3 are 
the same ones held in AC4-AC6. For example, Panel B of Table 1.5 shows that there are zero holdings in 
commodities, international equity, and international bonds for AC6 for no short sales.
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investments if  a fund-of-funds is not employed. Thus, investors who have a higher cost 

structure would find funds-of-funds even more attractive.

If  the true hedge fund distribution is more disperse, like Cases 2 and 3, many more 

investors would already prefer to directly invest in funds-of-funds rather than hedge funds, 

as indicated by the greater number o f cells in italic font. Hence, more realistic assump

tions for true underlying a B only increase the preference for funds-of-funds. In Case 3, 

a B =  1.2 x 3.876%, an AC6  investor with 7  =  8  has a benchmark funds-of-funds distri

bution with a mean o f 0.752% when no short sales are permitted. Funds-of-funds should 

be benchmarked against this mean. Thus, to select a fund-of-funds, the investor must face 

an average return o f only 1 .0 2 % per annum worse than the observable median hedge fund 

return. For a modest amount o f -20% shorting, the same investor already prefers a fimd-of- 

funds position. Thus, investors do not have to believe that they would perform very poorly 

on their own (or have very high costs) in order to prefer a fund-of-funds.

Characterizing Volatility

In Table 1.8 , we infer the benchmark standard deviation (the standard deviation an investor 

would face if  she invested on her own), a B, while making assumptions about \iB. Similar 

to Table 1.7, entries in italics indicate the cases where investors already prefer to invest 

in funds-of-funds, so the inferred a B values are lower than the median volatility o f hedge 

fund returns in data (3.876% per month). Case 1, where n B — 0.873% per month, is the 

most conservative choice because the true fiB must be less than or equal to the median 

0.873% average return o f hedge funds in data. For investors with 7  =  8  who do not already 

prefer funds-of-funds, a B ranges from 3.924% to 6.839% per month. Hence, in order for 

a fund-of-funds to add value, these investors must believe that they would choose hedge 

funds that have volatilities up to 1 .8  times higher than the hedge funds observed in data. 

Thus, funds-of-funds can substantially reduce the expected volatility o f direct hedge fund 

investments for some investors.

In Case 3, we assume that n B =  0.765%(= R / +  0.8 x 0.54%) per month. With this 

assumption, most investors already prefer funds-of-funds over hedge funds. Nevertheless, 

if  n B =  0.765%, the 7  =  8  investor holding AC6  who is not permitted to short believes that
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her direct hedge fund investments have at least a monthly standard deviation o f 4.890% =  

1.26 x 3.876% per month, whereas the typical hedge fund volatility is 3.876% per month. 

Thus, she would still assign high value to a fund-of-funds. When shorting down to -20% 

is permitted, the 7  =  8  investor already prefers a fund-of-funds investment over a hedge 

fund.

Characterizing Left-Hand Tails

We can also view the value-added benefits o f funds-of-funds as their ability to discriminate 

between hedge funds and filter out very bad hedge funds. Specifically, we ask what is the 

minimum fraction o f the left-hand tail of the true hedge fund distribution that a smart fund- 

of-funds manager must be able to avoid to add value. To perform this analysis, we assume 

that the underlying distribution o f both funded and unfunded hedge funds r e  is normally 

distributed, rB ~  N ((j,b , cf2b ), where a B is assumed to be 3.876%, 1.1 x 3.876% and 1.2 x 

3.876%, respectively, and fiB is the corresponding mean o f the full hedge fund distribution 

that we calculated in Table 1.7. The assumption o f normality is in the spirit o f the mean- 

variance optimization problem. We assume that the fund-of-funds can truncate the left- 

hand tail o f the distribution o f the true universe o f hedge funds, and we find the truncation 

point where an investor is indifferent between choosing a hedge fund from the truncated 

distribution and a fund-of-funds. In this analysis, we hold the correlations constant at the 

values in Table 1.4, but the truncation point alters the mean and variance o f the hedge fund 

distribution open to funds-of-funds (which become the mean and variance o f a truncated 

normal. distribution).

Table 1.9 reports the results. In the conservative Case 1, where a B =  3.876% per 

month, for a 7  =  8  investor starting from AC6  investing in a fund-of-funds is equivalent 

to removing at least 1.67% o f the lower left-hand tail when short sales are not permitted or 

0.30% of the lower left-hand tail when shorting down to -20% is allowed. An alternative 

description is that an investor only requires a belief that the typical fund-of-funds has the 

skill to remove at least the bottom 1.67% (0.30%) o f the full distribution o f underlying 

hedge funds in order for funds-of-funds to add value. It does not seem difficult to believe 

that funds-of-funds can screen out the worst 0.30% o f an investor’s hedge fund opportunity
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set. I f  the underlying hedge fund distribution has a volatility o f gb — 1-2 x 3.876%, then 

when no shorting is permitted, the minimum left-hand tail that an average fund-of-funds 

can remove is just 1.18% in order for a 7  =  8  investor to believe that funds-of-funds 

add value. Thus, investors need only believe that funds-of-funds have the skill to screen 

very small amounts o f the left-hand tail o f the true, underlying hedge fund distribution for 

funds-of-funds to add value.

1.6 Sensitivity Analysis

Tables 1.7 to 1.9 suggest that the set o f assumptions needed for funds-of-funds to add 

value are reasonable and plausible. However, they are produced by considering expected 

return, volatility and correlation inputs equal to the realized return o f the median hedge fund 

compared to the median fund-of-funds. In this section, we explore the robustness o f our 

conclusions to several sensitivity tests. In Section 1.6.1, we investigate the effect o f being 

able to add a portfolio o f hedge funds and compare the portfolio to a typical fund-of-funds. 

Section 1.6.2 examines the effects o f changing the assumptions of means, volatilities, and 

correlation.

1.6.1 Comparing Hedge Fund Portfolios with Funds-of-Funds

While individual investors may only decide between adding one hedge fund or one fund-of- 

funds to a portfolio, institutional investors who are able to directly invest in several hedge 

funds often choose to invest through fund-of-funds vehicles instead. When large institu

tional investors can themselves diversify underlying hedge fund investments, do funds-of- 

funds provide any value?

To address this question, we create samples o f artificial funds-of-funds, each consisting 

o f ten hedge funds. We then compare the effects o f adding an artificial fund-of-funds 

versus an actual fund-of-funds to AC6 , which is the asset universe most relevant to a large 

diversified, institutional investor. We construct the artificial funds-of-funds as follows. At 

the beginning o f each year, we randomly select ten hedge funds from data to form an 

artificial fund-of-funds. We equally weight these ten randomly chosen hedge funds to form
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a portfolio and record the monthly returns o f the portfolio over the next year. We rebalance 

the portfolio annually. 12 This process is repeated 748 times to match the number o f funds- 

of-funds in our sample.

Panel A o f Table 1.10 reports the summary statistics o f monthly excess returns (%) of 

the 748 artificial funds-of-funds, compared to the 2947 hedge funds and 748 funds-of-funds 

in the data. By construction, we expect that the median excess return for artificial funds-of- 

funds, at 0.52% per month, to be almost the same as the median hedge fund return, at 0.54% 

per month. This is higher them the median fund-of-funds excess return o f 0.32% because 

we do not remove additional fees in the artificial funds-of-funds. Portfolio diversification 

in the artificial funds-of-funds reduces the median standard deviation o f hedge funds from 

3.88% per month to 2.53% per month. Funds-of-funds have an even lower median standard 

deviation, at 2.07% per month, indicating that fund-of-funds managers, on average, obtain 

better risk reductions than our artificial funds-of-funds.

In Panel B o f Table 1.10, we conduct the same three exercises in Tables 1.7 to 1.9 to 

characterize the mean, volatility, and left-hand-tail o f the benchmark fund-of-funds dis

tribution, respectively. We characterize the true universe o f hedge funds available to an 

institution by asking what would make an institutional investor indifferent between invest

ing in a median artificial fund-of-funds (that is, ten randomly selected hedge funds) and a 

fund-of-funds. We assume the ex-ante utility o f adding an artificial fund-of-funds from the 

true universe o f hedge funds is equal to the ex-ante utility o f making a typical fund-of-funds 

investment to characterize the benchmark fund-of-funds distribution. The results in Panel 

B show that even for institutional investors who are able to invest in diversified portfolios 

o f hedge funds themselves, the assumptions for them to prefer a fund-of-funds over direct 

hedge fund investments are still economically plausible. 13

In Case 1 o f Panel B, we estimate the mean o f the benchmark fund-of-funds distribu

tion by assuming <j b  =  2.53%, Ob  =  11 x 2.53%, and a s  =  1.2 x 2.53% per month, 

respectively. In data, the median artificial fund-of-funds return is 0.85%(= R j  +  0.52%)

12If  a hedge fund in the artificial fund-of-funds moves into the graveyard file, we assume that the money is 
evenly allocated to the remaining hedge funds. Thus, our artificial funds-of-funds are conservatively upward 
biased and represent the highest bound for the performance o f an unskilled, institutional investor.

13The entries for 7  =  4 investors when short sale constraint binds are empty because in these cases, the 
optimal portfolio allocation assigns zero weight to funds-of-funds.
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per month. I f  the true <j b  =  2.53% per month, then a 7  =  8  investor who can short down 

to -2 0 % prefers a fund-of-funds over her own investments in a portfolio o f ten random 

hedge funds if  she believes that she would obtain at best an expected return o f 0.74% per 

month on average on her own. 14 This is just 0.11 % per month (or 1.3% per annum) lower 

than the median return o f randomly chosen hedge fund portfolios in data. In the case where 

a s  =  1.2 x 2.53%, the same investor need only believe that she has to do worse than 0.80% 

per month to prefer a hedge fund. Put another way, a typical fund-of-fund adds at least 60 

basis points o f value per annum compared to an investors’ own randomly selected portfolio 

o f observable hedge funds. Or, pension fund managers who think they would spend 60 

basis points allocating and overseeing hedge fund investments would prefer a fund-of-fund 

even if  they expected the same performance as the after-fee returns o f a fund-of-funds.

In Case 2, we estimate the volatility of the benchmark fund-of-funds distribution by 

making assumptions on n B. In the most conservative case where \iD =  0.853%(= 4% /12-f 

0.52%) per month, a 7  =  8  investor with a shorting constraint of -20% chooses a funds- 

of-funds if  her own portfolio o f hedge funds has a volatility greater than 3 . 48% per month. 

This compares to a median artificial fund-of-funds volatility o f 2.53% per month, so funds- 

of-funds may be able to reduce volatility by at least 37%. In Case 3, we estimate the 

left-hand tail proportion from the true hedge fund distribution that skilled fund-of-funds 

managers must be able to screen. I f  a B =  2.53% per month, the 7  =  8  investor with a 

-2 0 % short sale constraint believes a fund-of-funds adds value if  funds-of-funds’ managers 

can remove, at minimum, the worst 1.77% of hedge funds from the left-hand tail o f the true 

hedge fund distribution. Thus, in summary, funds-of-funds are still likely to add significant 

value even when an investor can invest in a portfolio o f hedge funds on her own.

1.6.2 Robustness to Changing Moments

While we are careful to use robust measures for a typical hedge fund and fund-of-funds 

(particularly for computing correlations), it is still possible that the reported hedge fund and

14Some may find it odd that we talk about risk aversion for large pension fund investors. We might think 
these institutions are risk neutral. However, these institutions are run by individuals. Further, these individ
uals typically receive very low powered incentives for good performance, but can be easily fired for poor 
performance. This type of contract leads to extremely risk averse behavior.
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fund-of-funds returns themselves suffer from various survival bias and measurement errors 

(see Fung and Hsieh, 2000 and 2002; Malkiel and Saha, 2004). In this section, we conduct 

a series o f robustness checks to determine how sensitive our results are to different inputs 

for the moments o f fund-of-funds returns. So that our results can be easily interpreted, we 

concentrate on characterizing the value that funds-of-funds can add to the investor’s average 

return, relative to the average return o f an unskilled individual’s investment in a hedge fund. 

Thus, we compare our robustness exercises on characterizing /uB o f the benchmark fund- 

of-funds distribution to Table 1.7 by altering inputs about the underlying hedge fund and 

fund-of-funds distributions. We purposely concentrate on the most conservative case where 

we assume that a B =  3.876% per month, which is the median hedge fund volatility in data.

Taking advantage o f the cross-sectional distribution o f the 2947 hedge funds and 748 

funds-of-funds, we consider six robustness scenarios, two for each o f the expected returns, 

correlations, and volatilities. We only report the results for allowing shorting down to -20%. 

In each panel o f Table 1.11, we compute the benchmark fund-of-funds expected return, fiB, 

when we take the 25%-tile and 75%-tile values from the cross-sectional distribution o f the 

various moments. In each case, we hold other inputs fixed at their original level in Table 1.4. 

Entries in Table 1.11 with dashes indicate that it is not optimal for an investor to hold any 

funds-of-funds, and entries with plus signs denote that zero positions in both hedge funds 

and funds-of-funds. For these risk aversion levels, constructing a benchmark distribution 

is not meaningful. Entries in italics indicate that an investor already prefers a fund-of- 

funds, rather than a direct hedge fund investment, since by investing in a fund-of-funds, the 

investor gains access to a benchmark universe with a higher n B than the observed hedge 

funds in data.

In Panel A o f Table 1.11, we examine robustness o f our results to changing the ex

pected return for the fimd-of-funds return relative to the expected return o f hedge funds. 

Previously, we used the median fund-of-funds return as the input for the expected return 

in the mean-variance optimization (as in Table 1.7) and compared the benchmark fund-of- 

funds distribution to the median hedge fund return. What is important for our analysis is 

the relative difference between the median hedge fund and fund-of-fund return. To check 

robustness, we use the cross-section o f funds-of-funds to compute a distribution for the dif
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ference in returns between funds-of-funds and the median hedge fund return. We increase 

and decrease the median fund-of-funds return by 25% and 75% of the cross-sectional dis

tribution, to 0.598% and 0.708% per month, respectively. Naturally, when fund-of-funds 

means are higher, most investors directly prefer funds-of-funds to hedge funds.

Panel A shows that for those investors that do prefer hedge funds, a 7  =  4 investor 

starting from AC6  needs to believe that she would only earn 0.831 % per month on her own. 

Thus, if  this investor expects to perform just 0.50% per annum worse investing on her own 

(or has 0.50% per annum of costs) then she prefers a fund-of-funds. When fund-of-funds 

expected returns are set to 0.598% per month, 8 7  =  8  investor starting from AC6  must 

believe that she would only earn 0.721% per month on her own hedge fund investments, 

compared to the median hedge fund return o f 0.873% per month in data. Note again, that 

these performance ‘reductions’ might come from the investors costs o f direct hedge fund 

investing as well as actual poor investment performance.

In Panel B, we change the fund-of-funds volatility to its 25%-tile and 75%-tile level in 

the cross-sectional distribution. These levels are 1.124% and 3.363% per month, respec

tively. When the fund-of-funds volatilities is at the 25%-tile level, most investors already 

prefer funds-of-funds. A 7  =  4 investor with AC6  only needs to think they would achieve 

returns 0.873% — 0.837% =  0.036% per month, or 0.43% per annum, worse than the ob

servable hedge fund returns in data in order to invest in a low volatility fund-of-funds. At 

the 75%-tile volatility level, a 7  =  8  investor with AC6  would choose funds-of-funds if  

she believes that she would earn less than 0.671% per month on average (compared to the 

observable hedge fund median return o f 0.873% per month) on her own.

Panel C examines the effect o f changing all o f the correlations o f both hedge funds and 

fund-of-funds returns with the base assets. I f  all correlations decrease to the 25%-tile level, 

a 7  =  8  investor starting from AC6  prefers funds-of-funds if  she thinks that, by herself, she 

would earn at most 0.817% per month on average. This is 0.056% per month (or 0.67% 

per annum) less than the median average hedge fund returns in data. The lowest bound for 

the average return for which the investor must do worse to prefer funds-of-funds occurs 

for 7  =  4 from AC3 (U.S. stocks and bonds), which is still only 0.629% per month, or 

2.26% per annum. For the 75%-tile correlation levels, 8 7  =  8  investor already prefers
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funds-of-funds, for those cases where comparisons are meaningful.

In summary, our results that funds-of-funds are likely to add value under assumptions 

that are reasonable and plausible are robust to considering different inputs to means, volatil

ities and correlations across the cross-sectional distribution o f fund-of-funds returns. Thus, 

although we used realized values as the expected inputs in our base case portfolio optimiza

tions, this is no way drives our results or conclusions.

1.7 Conclusion

Funds-of-funds charge comparatively large fees-on-fees that are paid in addition to the fees 

paid to the underlying hedge funds and the after-fee alphas and average returns o f fimds-of- 

funds are lower than the after-fee alphas and average returns o f hedge funds. It is tempting 

to conclude from this that funds-of-funds add little value. However, we argue that this 

comparison is not correct and funds-of-funds should not be evaluated relative to the set 

o f hedge fund returns we observe in data. Thus, we need to reconsider how we evaluate 

alternative asset classes that may be difficult to access like hedge funds and funds-of-funds.

The hedge funds that we observe in data receive money either from sophisticated, 

skilled investors, or from skilled funds-of-funds. An investor with no skill in locating and 

monitoring hedge funds would, on average, choose hedge funds that are worse than the set 

o f hedge funds observed in data, if  she were forced to directly invest in hedge funds without 

recourse to funds-of-funds. The existence o f the fund-of-funds industry helps investors gain 

access to a better skill set of finding, evaluating, selecting, and monitoring hedge funds For 

unskilled investors, funds-of-funds add value, even if  their after-fee returns are lower than 

the returns o f hedge funds. Thus, the correct benchmark for a fund-of-funds investor is the 

universe o f hedge funds that she would face on her own, rather than the set o f observable 

hedge fund returns in data.

To characterize an appropriate benchmark for fund-of-funds investments, we use re

vealed preference to estimate the true benchmark distribution o f funds-of-funds. Specif

ically, we characterize the true, underlying hedge fund distribution an investor faces, by 

assuming that an investor is indifferent between a direct hedge fund investment and a fund- 

of-funds investment. Using certainty equivalent concepts from optimal portfolio allocation
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theory, we estimate various moments o f the fund-of-funds benchmark distribution. The set 

o f assumptions required to believe that funds-of-funds add value on average is plausible 

and reasonable. For example, investors need only believe that they will earn slightly worse 

expected returns on their own direct hedge fund investments compared to the median re

turn o f hedge funds in data (around 1% per annum lower) for funds-of-funds to add value. 

Furthermore, we also find that funds-of-funds are likely to add value even for institutional 

investors, who are able to directly invest in a diversified portfolio o f hedge funds.

Recently, there has been some debate regarding the regulation o f hedge funds. Much of 

this debate focuses on the trade-off between the potential benefits from allowing broader 

access to hedge funds and the potential for the abuse o f unskilled, individual investors. Our 

analysis suggests that allowing broader access to funds-of-funds, who report more infor

mation to investors, may be the appropriate solution. In particular, even though the average 

after-fee returns o f funds-of-funds is lower than hedge fund returns in data, funds-of-funds 

need only offer slight improvements in raising expected returns, lowering volatilities, or 

screening the lower left-hand tail o f the full underlying set o f hedge funds for funds-of- 

funds to provide considerable value to unskilled investors.
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Table 1.1: Unskilled Investor’s Willingness to Pay Funds-of-Funds

< P = \ tP =  h <p = !

Fund-of-Funds Fee 7=4 7=8 7=12 7=4 7=8 7=12 7=4 7=8 7=12

Case I: 6s  =  0.9
/  =  5% 0.88 0.88 0.89 0.85 0.86 0.87 0.76 0.79 0.82
/  =  10% ' 0.85 0.86 0.88 0.79 0.81 0.84 0.65 0.69 0.74
/  =  15% 0.82 0.84 0.86 0.74 0.77 0.80 0.56 0.61 0.66

Case 2: 6s  =  0.8
/  =  5% 0.77 0.78 0.79 0.75 0.76 0.77 0.69 0.71 0.73
/  =  10% 0.75 0.76 0.78 0.70 0.72 0.75 0.59 0.63 067
/  =  15% 0.72 0.74 0.77 0.65 0.68 0.72 0.51 0.55 0.60

Case 3: 6 s  =  0.7
/  =  5% 0.67 0.68 0.69 0.66 0.67 0.68 0.61 0.63 0.65
/  =  10% 0.64 0.67 0.69 0.61 0.63 0.66 0.52 0.56 0.59
/  =  15% 0.61 0.65 0.68 0.57 0.60 0.63 0.45 0.50 0.54

This table reports the marginal skill in identifying good hedge funds B y  for unskilled investors to 
prefer a fund-of-funds. We assume the mean and variance of the good and bad hedge funds are 
/rG =  25%, a  a  =  10%, and fiB =  15%, a B =  15%, respectively. The formula for By is given in 
equation (2 .6).
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Table 1.2: Descriptive Statistics of Hedge Funds

Category

Number of Funds Fee Structures Monthly Excess Returns %

Dead Live Total Pct.% Manag% Incent% High WM% Mean Median S.D. Skew. Kurt.

Sorted by 
Type

Hedge Fund 
Funds-of-Funds

1243
243

1704
505

2947
748

79.8
20.2

1.41
1.54

18.44
9.25

43.2
32.2

0.58
0.27

0.54
0.32

3.88
2.07

0.05
-0.02

1.53
1.60

Total 1486 2209 3695 100 1.43 16.6 41.0 0.51 0.48 3.39 0.03 1.54

Convertible Arbitrage 38 124 162 4.4 1.27 18.32 53.1 0.66 0.60 1.36 -0.22 1.20
Dedicated Short Bias 11 17 28 0.8 1.21 19.04 50.0 0.04 0.07 6.83 0.15 1.08
Emerging Markets 122 104 226 6.1 1.45 16.42 19.9 0.59 0.50 6.66 -0.11 2.35

Sorted by Equity Market Neutral 68 131 199 5.4 1.29 19.35 53.8 0.44 0.26 2.13 -0.09 1.00
Primary Event Driven 106 217 323 8.7 1.26 18.74 49.5 0.60 0.51 1.86 -0.32 2.54
Strategy Fixed Income Arb. 62 86 148 4.0 1.25 19.35 48.0 0.38 0.40 2.00 -0.80 3.76

Global Macro 101 88 189 5.1 1.55 17.36 34.4 0.44 0.36 4.33 0.27 1.37
L/S Equity Hedge 435 788 1223 33.1 1.17 18.83 52.9 0.75 0.72 4.62 0.17 1.37
Managed Futures 300 149 449 12.2 2.23 17.89 17.6 0.26 0.35 5.11 0.25 1.07

This table reports summary statistics of hedge funds and fund-of-funds in the TASS database, subdivided by fund type and primary strategy. We include 
all funds with at least 12 monthly observations that are classified as either a fund-of-funds or as one of the 9 hedge fund primary categories defined by 
TASS. The table reports the number and proportion of dead, live, and total funds in each category. For the fee structures, we report the average annual 
management fee, incentive fee, and the percentage of funds with a high watermark provision within each category. We calculate the mean, standard 
deviation, skewness, and kurtosis of monthly excess returns for each fund and report the mean and median of average excess returns, together with the 
median of the standard deviation, skewness, and kurtosis across funds for each category. Our sample period is from June 1992 to September 2003.
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Table 1.3 : Dimson (1979) Adjusted Correlations o f Hedge Fund and Fund-of-Funds Returns

Asset Class

Hedge Funds Funds-of-Funds

No lags 1 Lag 2 Lags 3 Lags No lags 1 Lag 2 Lags 3 Lags

U.S. Equities Large Cap 0.207 0.316 0.407 0.423 0.256 0.417 0.564 0.618
Small Cap 0.264 0.356 0.401 0.406 0.376 0.528 0.613 0.637
Growth 0.191 0.293 0.354 0.350 0.237 0.406 0.533 0.569
Value 0.162 0.244 0.296 0.329 0.189 0.331 0.418 0.492

U.S. Bonds Long-term Gov. -0.008 -0.052 -0.079 -0.087 0.053 -0.033 -0.144 -0.152
Inter-term Gov. -0.048 -0.106 -0.134 -0.112 -0.023 -0.153 -0.255 -0.225
Long-term Corp. 0.037 -0.006 -0.016 -0.026 0.125 0.050 -0.005 -0.022

Commodities 0.077 0.073 0.090 0.093 0.137 0.144 0.171 0.193

Foreign U.K. 0.177 0.264 0.345 0.382 0.224 0.372 0.497 0.561
Equities Japan 0.149 0.170 0.206 0.182 0.205 0.252 0.306 0.276

Germany 0.194 0.277 0.298 0.288 0.271 0.436 0.523 0.492
France 0.201 0.293 0.321 0.306 0.278 0.459 0.554 0.552
Emerging Markets 0.252 0.297 0.324 0.331 0.372 0.466 0.529 0.536

Foreign Bonds U.K. -0.039 -0.063 -0.166 -0.170 -0.032 -0.057 -0.212 -0.251
Germany -0.059 -0.099 -0.138 -0.167 -0.079 -0.118 -0.189 -0.220
Japan 0.000 -0.002 0.016 0.036 0.002 -0.030 -0.004 0.042

The table lists Dimson (1979) adjusted correlations between the returns of hedge funds and funds-of-funds and 16 benchmark assets, computed 
from equations (4.9) to (4.11). We report the median Dimson-adjusted correlation across all funds. The sample period is from June 1992 to 
September 2003.
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Table 1.4: Input Variables for the Asset Allocation Problem

Asset Class

Total 
Expected 
Return % Std Dev % Corr w/HF Corr w/FoF

U.S. Equities Large Cap 0.915 4.301 0.423 0.618
Small Cap 1.044 4.993 0.406 0 637
Growth 0.830 5.729 0.350 0.569
Value 0.946 3.896 0.329 0.492

U.S. Bonds Long-term Government 0.798 2.621 -0.087 -0.152
Intermediate-term Government 0.592 1.338 -0.112 -0.225
Long-term Corporate 0.735 2.113 -0.026 -0.022

Commodities 0.493 5.315 0.093 0.193

Foreign Equities U.K. 0.572 4.074 0.382 0.561
Japan 0.176 6.417 0.182 0.276
Germany 0.615 6.314 0.288 0.492
France 0.686 5.445 0.306 0.552
Emerging Markets 0.485 6.749 0.331 0.536

Foreign Bonds U.K. 0.449 2.584 -0.170 -0.251
Germany 0.371 2.949 -0.167 -0.220
Japan 0.238 3.544 0.036 0.042

Hedge Funds 0.873 3.876

Funds-of-Funds 0.653 2.067

The table reports the means and standard deviations o f the benchmark assets, hedge funds (HFs), 
and funds-of-funds (FoFs), together with the correlations o f HF or FoF returns with the benchmark 
assets used to solve the asset allocation problem. The mean and standard deviation moments for 
HFs are computed by taking the cross-sectional median across all HFs and FoFs. The HF and FoF 
correlations are computed taking into account the Dimson correction outlined in Section 1.4.2. The 
sample period is June 1992 to December 2003. We assume that the annual risk-free rate is 4.00% 
and all returns are monthly.
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Table 1.5: Asset Allocations with Hedge Funds or Funds-of-Funds

Panel A: Hedge Fund Holdings

Asset Class

No Constraints No Short Sales Short down to -20%

7=4 7=8 7=12 7=4 7=8 7=12 7=4 7=8 7=12

U.S. Large Cap 0.21 0.11 0.07 0.14 0.11 0.07 0.21 0.11 0.07
AC1 U.S. Small Cap 0.38 0.19 0.13 0.38 0.19 0.13 0.38 0.19 0.13

Risk-free Asset -0.19 0.40 0.60 0 0.40 0.60 -0.19 0.40 0.60
Hedge Fund 0.60 0.30 0.02 0.49 0.30 0.20 0.60 0.30 0.20

U.S. Large Cap -2.37 -1.19 -0.79 0 0 0 -0.20 -0.20 -0.20
U.S. Small Cap 0.52 0.26 0.17 0.20 0.10 0.06 0.37 0.25 0.17

AC2 U.S. Growth 0.45 0.23 0.15 0 0 0 -0.20 -0.18 -0.09
U.S. Value 2.24 1,12 0.75 0.44 0.33 0.22 0.77 0.57 0.42
Risk-free Asset -0.61 0.20 0.46 0 0.28 0.53 -0.21 0.24 0.49
Hedge Fund 0.77 0.38 0.26 0.36 0.29 0.19 0.47 0.32 0.21

U.S. Large Cap 1.61 0.81 0.54 0 0 0 -0.20 0.18 0.28
U.S. Small Cap 1.37 0.68 0.46 0.26 0.15 0.12 0.90 0.56 0.41
U.S. Growth - 1.02 -0.51 -0.34 0 0 0 -0.20 -0.20 -0.20
U.S. Value 0.40 0.20 0.13 0.14 0.14 0.12 0.75 0.34 0.18
U.S. LT Gov Bonds -1.09 -0.55 -0.36 0.45 0.52 0.42 1.18 0.64 0.28
U.S. IT Gov Bonds 5.76 2.88 1.92 0 0 0.14 -0.20 0.19 0.65
U.S. LT Corp Bonds 0.11 0.05 0.04 0 0 0 -0.20 -0.20 -0.20
U.S. Commodities -0.16 -0.08 -0.05 0 0 0 -0.17 -0.08 -0.05

AC6 U.K. Equities -1.52 -0.76 -0.51 0 0 0 -0.20 -0.20 -0.20
Japan Equities -0.26 -0.13 -0.09 0 0 0 -0.20 -0.11 -0.08
Germany Equities -0.35 -0.18 -0.12 0 0 0 -0.20 -0 20 -0.16
France Equities 0.67 0.33 0.22 0 0 0 0.03 0.13 0.14
Emerging Markets -0.37 -0.19 -0.12 0 0 0 -0.20 -0.20 -0.14
U.K. Bonds 1.64 0.82 0.55 0 0 0.03 0.09 0.26 0.26
Germany Bonds -0.67 -0.34 -0.22 0 0 0 -0.20 -0.08 -0.08
Japan Bonds -0.17 -0.09 -0.06 0 0 0 -0.20 -0.16 -0.11
Risk-free Asset -5.84 -2.39 -1.29 0 0 0 -0.21 -0.17 -0.20
Hedge Fund 0.89 0.45 0.30 0.15 0.19 0.18 0.43 0.30 0.22
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Table 1.5 Continued

Panel B: Fund-of-Funds Holdings

Asset Class

No Constraints No Short Sales Short down to -20%

7=4 7=8 7=12 7=4 7=8 7=12 7=4 7=8 7=12

U.S. Large Cap 0.18 0.09 0.06 0.17 0.09 0.06 0.17 0.09 0.06
AC1 U.S. Small Cap 0.27 0.13 0.09 0.37 0.13 0.09 0.34 0.13 0.09

Risk-free Asset -0.68 0.17 0.44 0 0.17 0.44 -0.20 0.17 0.44
Fund-of-Funds 1.23 0.61 0.41 0 46 0.61 0.41 0.69 0.61 0.41

U.S. Large Cap -0.72 -0.36 -0.24 0 0 0 -0.20 -0.20 -0.20
U.S. Small Cap 0.39 0.19 0.13 0.25 0.04 0.03 0.39 0.19 0.13

AC2 U.S. Growth -0.29 -0.15 -0.10 0 0 0 -0.20 -0.20 -0.11
U.S. Value 1.32 0.66 0.44 0.52 0.32 0.21 0.78 0.57 0.42
Risk-free Asset -1.13 -0.06 0.29 0 0.06 0.37 -0.21 -0.05 0.29
Fund-of-Funds 1.43 0.72 0.48 0.23 0.58 0.39 0.44 0.69 0.47

U.S. Large Cap -4.49 -2.24 -1.50 0 0 0 -0.07 0.20 0.27
U.S. Small Cap 1.08 0.54 0.36 0.31 0.19 0.10 0.91 0.52 0.37
U.S. Growth 1.36 0.68 0.45 0 0 0 -0.20 -0.20 -0.20
U.S. Value 4.11 2.05 1.37 0.18 0.16 0.12 0.69 0.33 0.18
U.S. LT Gov Bonds 0.75 0.38 0.25 0.51 0.56 0.44 1.21 0.75 0.40
U.S. IT Gov Bonds 6.74 3.37 2.25 0 0 0.07 -0.20 -0.08 0.35
U.S. LT Corp Bonds -2.36 -1.18 -0.79 0 0 0 -0.20 -0.20 -0.20
U.S. Commodities -0.56 -0.28 -0.19 0 0 0 -0.16 - 0.10 -0.08

AC6 U.K. Equities -2.34 -1.17 -0.78 0 0 0 -0.20 -0.20 -0.20
Japan Equities -0.06 -0.03 -0.02 0 0 0 -0.20 - 0.10 -0.06
Germany Equities -0.24 -0.12 -0.08 0 0 0 -0.20 -0.20 -0.16
France Equities 0.35 0.17 0.12 0 0 0 0.01 0.09 0.09
Emerging Markets -0.23 -0.12 -0.08 0 0 0 -0.20 -0.20 -0.15
U.K. Bonds 2.29 1.14 0.76 0 0 0.02 0.10 0.25 0.25
Germany Bonds -0.24 -0.12 -0.08 0 0 0 -0.20 -0.05 -0.04
Japan Bonds -0.32 -0.16 -0.11 0 0 0 -0.20 -0.17 -0.12
Risk-free Asset -9.78 -4.38 -2.58 0 0 01 0.01 -0.20 -0.20 -0.21
Fund-of-Funds 4.94 2.47 1.65 0 0.08 0.24 0.31 0.56 0.51

Panel A reports the optimal mean-variance asset allocation o f benchmark assets combined with a 
hedge fund position. We report results for three asset classes (AC1, AC2, AC6) where we impose no 
constraints on the portfolio positions, prohibit short sales, and allow shorting down to -20%. Panel 
B reports the optimal asset allocation o f benchmark assets combined with a fund-of-funds position. 
The data and input variables are described in Table 1.4. We assume that the annual risk-free rate is 
4% and that the coefficient o f risk aversion, 7 , equals 4 ,8, or 12.
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Table 1.6: Annualized Certainty Equivalents

Panel A: Annualized Certainty Equivalents (in Percentages)

Asset Class

No Short Sales Short down to -20%

7=4 7=8 7=12 7=4 7=8 7=12

AC1 = Lg Cap + Sm Cap 7.26 5.63 5.09 7.26 5.63 5.09
+ HF 8.20 6.15 5.44 8.31 6.15 5.44
H- FoF 7.69 6.06 5.37 7.91 6.06 5.37

AC2 = AC 1 + Growth + Value 8.09 6.05 5.37 8.65 6.40 5.63
+ HF 8.67 6.55 5.70 9.57 6.97 5.98
+ FoF 8.21 6.45 5.63 9.06 6.94 5.96

AC3 = AC2 + U.S. Bonds 9.43 8.19 7.22 10.96 8.79 7.61
+ HF 9.51 8.44 7.50 11.17 9.20 7.94
+ FoF 9.43 8.21 7.35 10.96 8.97 7.86

AC4 = AC3 + Commodities 9.43 8.19 7.22 11.32 8.87 7.66
+ HF 9.51 8.44 7.50 11.60 9.32 8.02
+ FoF 9.43 8.21 7.35 11.32 9.11 7.97

AC5 = AC4 + Foreign Equities 9.43 8.19 7.22 14.06 10.43 8.71
+ HF 9.51 8.44 7.50 14.54 10.93 9.11
+ FoF 9.43 8.21 7.35 14.08 10.81 9.17

AC6 = AC5 + Foreign Bonds 9.43 8.19 7.22 14.47 10.66 8.97
+ HF 9.51 8.44 7.51 15.07 11.18 9.40
+ FoF 9.43 8.21 7.35 14.56 11.06 9.47
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Table 1.6  Continued

Panel B: Increases in Certainty Equivalents (in Percentages)

No Short Sales Short down to -20%

Asset Class 7=4 7=8 7=12 7=4 7=8 7=12

AC 1 = Lg Cap + Sm Cap + HF 0.88 0.49 0.33 0.98 0.49 0.33
+ FoF 0.40 0.41 0.27 0.61 0.41 0.27

AC2 = AC 1 + Growth + Value + HF 0.54 0.47 0.31 0.85 0.54 0.33
+ FoF 0.11 038 0.25 0.38 0.51 0.31

AC3 = AC2 + U.S. Bonds + HF 0.07 0.23 0.26 0.19 0.38 0.31
+ FoF 0.00 0.02 0.12 0.00 0.17 0.23

AC4 = AC3 + Commodities + HF 0.07 0.23 0.26 0.25 0.41 0.33
+ FoF 0.00 0.02 0.12 0.00 0.22 0.29

AC 5 = AC4 + Foreign Equities + HF 0.07 0.23 0.26 0.42 0.45 0.37
+ FoF 0.00 0.02 0.12 0.02 0.34 0.42

AC6 = AC5 + Foreign Bonds + HF 0.07 0.23 0.27 0.52 0.47 0.39
+ FoF 0.00 0.02 0.12 0.08 0.36 0.46

Panel A reports the annualized certainty equivalents (CEs) in percentage terms that an investor with 
mean-variance utility could obtain by investing in different asset classes (AC1-AC6) alone, or com
bined with a hedge fund (HF) or a fund-of-funds (FoF). For each asset class, we report the CEs 
of investing in the three portfolios (i) benchmark assets only, (ii) benchmark assets and a FoF, and 
(iii) benchmark assets and a HF. In each case, we do not allow short sales or allow short positions 
down to -20%. Panel B reports the percentage increases in CEs (defined in equation (3.8)) that an 
investor could obtain by adding a hedge fund (HF) or a fund-of-funds (FoF) to her existing portfolio 
of benchmark assets. The input variables for the mean-variance asset allocation problem are listed 
in Table 1.4. We assume that the annual risk-free rate is 4% and the level o f risk aversion 7  equals 
4, 8, or 12.
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Table 1.7: Characterizing the Mean o f the Benchmark Fund-of-Funds Distribution

No Short Sales Short down to -20%

Asset Class 7=4 7 = 8  7=12 7=4 7 = 8  7=12

Median Hedge Fund Return in Data = 0.873% per month 

Case 1: <j b  =  3.876% = Median Hedge Fund Volatility in Data

AC 1 + FoF 0.772 0.847 0.847 0.812 0.847 0.847
AC2 + FoF 0.730 0.842 0.842 0.766 0.866 0.866
AC3 + FoF - 0.710 0.789 - 0.786 0.838
AC4 + FoF - 0.710 0.789 0.633 0.802 0.855
AC5 + FoF - 0.710 0.789 0.711 0.835 0.896
AC6 + FoF - 0.710 0.789 0.731 0.837 0.899

Case 2: ab =  1.1 X 3.876%

A C l+ F oF 0.813 0,898 0.898 0.860 0.898 0.898
AC2 + FoF 0.761 0.893 0.893 0.804 0.920 0.919
AC3 + FoF - 0.731 0.825 - 0.820 0.882
AC4 + FoF - 0.731 0.825 0.663 0.838 0.900
AC5 + FoF - 0.731 0.825 0.726 0.875 0.945
AC6 + FoF - 0.731 0.825 0.752 0.876 0.947

Case 3: a B =  1.2 x 3.876%

AC 1 + FoF 0.857 0.949 0.949 0.907 0.949 0.949
AC2 + FoF 0.791 0.944 0.944 0.844 0.973 0.972
AC3 + FoF - 0.752 0.862 - 0.854 0.925
AC4 + FoF - 0.752 0.862 0.693 0.874 0.945
AC5 + FoF - 0.752 0.862 0.742 0.914 0.995
AC6 + FoF — 0.752 0.861 0.773 0.915 0.996

The table reports the expected monthly return, fiB (in percentages), which is constructed so that 
an investor is indifferent between adding a hedge fund with this expected return, or adding a fund- 
of-funds to an asset class defined in Section 1.3 (AC1-AC6). We assume that the fund-of-funds 
benchmark standard deviation is equal to a B =  3.876% per month in Case 1, which is the median 
standard deviation of hedge fund excess returns in data; 0 3  =  1 1 x 3.876% in Case 2; and a B =  
1.2 x 3.876% in Case 3. A hyphen in the table means that there is zero allocation to a fund-of-funds 
in that category. Entries in italics indicate that the mean is greater than the observed median hedge 
fund average return in data (0.873% per month) and consequently, in these cases, investors already 
prefer a fund-of-funds even if  they can obtain somewhat higher returns on their own. This is because 
these investors are sufficiently risk-averse and favor the diversification benefits o f funds-of-funds.
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Table 1.8: Characterizing the Volatility o f the Benchmark Fund-of-Funds Distribution

No Short Sales Short down to -20%

Asset Class 7=4 7=8 7=12 7=4 7=8 7=12

Median Volatility of Hedge Fund Returns in Data = 3.876% per month

Case 1: fiB =  0.873%(= Rf +  0.54%)
= Median Hedge Fund Return in Data

AC1 + FoF 4.799 4.076 4.076 4.374 4.076 4.076
AC2 + FoF 5.660 4.110 4.110 4.933 3.924 3.930
AC3 + FoF - 6.839 4.775 - 4.872 4.187
AC4 + FoF - 6.839 4.775 9.305 4.644 4.034
AC5 + FoF - 6.839 4.775 7.864 4.251 3.695
AC6 + FoF - 6.839 4.782 6.504 4.233 3.665

Case 2: fiB =  0.819%(= Rf +  0.9 x 0.54%)

AC1 + FoF 4.315 3.669 3.669 3.937 3.669 3.669
AC2 + FoF 5.000 3.699 3.699 4.410 3.531 3.537
AC3 + FoF - 5.868 4.200 - 4.259 3.702
AC4 + FoF - 5.868 4.200 7.542 4.059 3.566
AC5 + FoF - 5.868 4.200 6.552 3.720 3.267
AC6 + FoF - 5.868 4.204 5.511 3.691 3.228

Case 3: fiB = 0.765%(= Rf +  0.8 x 0.54%)

AC1 + FoF 3.811 3.261 3.261 3.499 3.261 3.261
AC2 + FoF 4.324 3.288 3.288 3.866 3.139 3.144
AC3 + FoF - 4.890 3.623 - 3.642 3.214
AC4 + FoF - 4.890 3.623 5.779 3.471 3.095
AC5 + FoF - 4.890 3.623 5.231 3.186 2.836
AC6 + FoF — 4.890 3.624 4.509 3.145 2.787

The table reports the monthly standard deviation, crs, (in percentage terms), which is constructed so 
that an investor is indifferent between adding a hedge fund with this standard deviation, or adding a 
fund-of-funds to an asset class defined in Section 1.3 (AC1-AC6). We assume that the fund-of-funds 
benchmark expected return is equal to fiB =  0.873% =  R f  +  0.54% per month in Case 1, which is 
the assumed risk-free rate of 4% per annum plus the median expected excess return of hedge funds 
in data; /iB =  Rf +  0.9 x 0.54% in Case 2; and fiB =  Rf +  0.8 x 0.54% in Case 3. A hyphen 
in the table means that there is zero allocation to funds-of-funds in that category. Entries in italics 
indicate that the benchmark fund-of-funds standard deviation is less than the observed median hedge 
fund average volatility in data (3.876% per month) and consequently, in these cases, investors prefer 
a fund-of-funds even if  they can obtain a somewhat lower volatility on their own. This is because 
these investors are sufficiently risk-averse and favor the diversification benefits o f funds-of-funds.
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Table 1.9: Characterizing the Left-Hand Tail o f the Benchmark Fund-of-Funds Distribution

Asset Class

No Short Sales Short down to -20%

7=4 7=8 7=12 7=4 7=8 7=12

Case 1: a B =  3.876%

AC1 +FoF 0.97 0.22 0.22 0.55 0.22 0.22
AC2 + FoF 1.44 0.26 0.26 1.03 0.05 0.06
AC3 + FoF - 1.67 0.79 - 0.83 0.29
AC4 + FoF - 1.67 0.79 2.60 0.65 0.15
AC5 + FoF - 1.67 0.79 1.66 0.33 0.00
AC6 + FoF - 1.67 0.79 1.42 0.30 0.00

Case 2: a B =  1.1 X 3.876%

AC1 + FoF 0.54 0.00 0.00 0.10 0.00 0.00
AC2 + FoF 1.09 0.00 0.00 0.62 0.00 0.00
AC3 + FoF - 0.47 0.00 = 1.18 0.09
AC4 + FoF - 1.43 0.42 2.24 0.30 0.00
AC5 + FoF - 1.43 0.42 1.48 0.00 0.00
AC6 + FoF - 1.43 0.42 1.18 0.00 0.00

Case 3: crB =  1.2 x 3.876%

AC 1 + FoF 0.13 0.00 0.00 0.00 0.00 0.00
AC2 + FoF 0.77 0.00 0.00 0.24 0.00 0.00
AC3 + FoF - 1.18 0.09 - 0.16 0.00
AC4 + FoF - 1.18 0.09 1.88 0.00 0.00
AC5 + FoF - 1.18 0.09 1.30 0.00 0.00
AC6 + FoF — 1.18 0.09 0.96 0.00 0.00

The table reports the left-hand tail proportion in percentage terms of the normal distribution fitted 
to the observed median return and volatility of hedge fund returns in data. If  the normal distribution 
were truncated at that left-hand tail proportion, the investor would be indifferent between adding 
the truncated hedge fund distribution and adding a median fund-of-funds to an asset class defined in 
Section 1.3 (AC1-AC6). We assume that the original hedge fund distribution is normally distributed 
with mean n B =  0.873% per month, which is the median expected return of hedge funds in data, 
and monthly volatility a B. In Case 1, we assume that a B =  3.876% per month, which is the median 
standard deviation of hedge fund returns in data. In Cases 2 and 3, we assume a B =  1.1 x 3.876% 
and a B =  1.2 x 3.876%, respectively. A hyphen in the table means that there is zero allocation to 
funds-of-funds in that category. Entries with zero indicate that an investor already prefers a fund-of- 
funds investment over a hedge fund investment.
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Table 1.10: Artificial Funds-of-Funds

Panel A: Summary Statistics

Number
Mean 
Ex Ret

Median 
Ex Ret

Median 
Std Dev

Artificial Fund-of-Funds 748 0.53 0.52 2.53
Hedge Fund 2947 0.58 0.54 3 88

Fund-of-Funds 748 0.27 0.32 2.07

Panel B: Characterizing the Benchmark Hedge Fund Distribution

No Short Sales Short down to -20%

AC6 + FoF 7=4 7=8 7=12 7=4 7=8 7=12

Case 1: Characterizing the Mean

a B =  2.53% -  0.745 0.769 0.733 0.744 0.763
oB =  1.1 x 2.53% -  0.769 0803 0.754 0.774 0.798
oB =  1.2 x 2.53% -  0.793 0.838 0.774 0.803 0.833

Case 2: Characterizing the Volatility

HB = R f +  0.52% -  3.685 3.174 4.046 3.484 3.202
HB =  Rf +  0-9 x 0.52% -  3.147 2.789 3.409 3.043 2.828
fl g  =  Rf +  0.8 x 0.52% -  2.602 2.400 2.761 2.595 2.448

Case 3: Characterizing the Left-hand Tail

o b  =  2.53% -  1.77 1.33 1.97 1.77 1.44
o b  =  1.1 x 2.53% -  1.33 0.76 1.60 1.25 0.84
oB =  1.2 x 2.53% -  0.92 0.23 1.25 0.76 0.30

Panel A reports summary statistics o f monthly excess returns in percentage terms of the 748 artificial 
funds-of-funds, compared to hedge funds and funds-of-funds in data. To construct the sample of 
artificial funds-of-funds, we randomly select 10 hedge funds from hedge fund data at the beginning 
o f each year. We equally weight the hedge funds and record the monthly returns of the portfolio 
for the year. We rebalance the portfolio annually. This process is repeated 748 times to match 
the number of funds-of-funds in our sample. In Panel B, we characterize the expected monthly 
return, standard deviation, and left-hand tail proportion (in percentage terms) of the benchmark 
fund-of-funds distribution similar to Tables 1.7 to 1.9. We estimate the fund-of-funds benchmark by 
assuming that the institutional investor is indifferent between adding an artificial fund-of-funds and 
adding a fund-of-funds to Asset Class 6, AC6, defined in Section 1.3. A hyphen in a cell means that 
there is zero allocation to funds-of-funds in that category. In each case, we assume that the risk-free 
rate is R f  =  4%/12 per month.
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Table 1.11: Robustness Checks on Hedge Fund /Fund-of-Funds Moments

Asset Class

Lower Higher

7=4 7=8 7=12 7=4 7=8 7=12

Median Hedge Fund Return in Data = 0.873% per month

Panel A: Changing Expected Returns

AC1 + FoF 0.721 0.722 0.722 0.887 0.971 0.971
AC2 + FoF 0.691 0.742 0.745 0.841 0.989 0.989
AC3 + FoF - 0.675 0.734 0.735 0.884 0.947
AC4 + FoF - 0.690 0.750 0.757 0.907 0.966
AC5 + FoF - 0.720 0.780 0.805 0.949 1.005
AC6 + FoF - 0.721 0.783 0.831 0.952 1.011

Panel B: Changing Volatilities

A C l+ F oF 0.935 1.180 1.316 — _

AC2 + FoF 0.876 1.139 1.291 0.580 0.588 0.591
AC3 + FoF - 0.940 1.098 - 0.619 0.648
AC4 + FoF 0.737 0.964 1.117 0.633 0.634 0.663
AC5 + FoF 0.782 1.018 1.153 - 0.661 0.691
AC6 + FoF 0.837 1.021 1.139 - 0.671 0.707

Panel C: Changing Correlations

AC 1 + FoF 0.736 0.839 0.839 0.862 0.885 0.885
AC2 + FoF 0.697 0.822 0.821 0.838 0.907 0.907
AC3 + FoF 0.629 0.725 0.812 + + +
AC4 + FoF 0.653 0.749 0.829 + + +
AC5 + FoF 0.708 0.816 0.871 - 0.890 1.154
AC6 + FoF 0.733 0.817 0.851 1.004 1.272

This table reports the benchmark fund-of-funds expected monthly return (in percentages), fiB, under 
six robustness scenarios for allowing shorting down to -20%. In Panel A, we change the expected 
return o f funds-of-funds from the median (0.653% per month) to 0.598% and 0.708% per month. 
These numbers represent changing the expected return o f funds-of-funds from the median to the 
25% and 75% values of the cross-sectional distribution of the difference between fund-of-funds 
returns and the median hedge fund return, holding other inputs fixed at their original level in Table 
1.4. In Panel B, we change the fund-of-funds volatility from the median (2.067% per month) to the 
25%-tile and 75%-tile values (1.124% and 3.363% per month), holding other inputs fixed. In Panel 
C, we change the correlations of both hedge funds and funds-of-funds returns with the base assets 
from the median to the 25%-tile and 75%-tile values, holding all other inputs fixed. Entries with 
plus signs means that there is zero allocations to both hedge fund and fund-of-funds, and entries 
with dashes means that it is not optimal for an investor to hold any fund-of-funds. In these cases, 
constructing a benchmark distribution is not meaningful. Entries in italics indicate that an investor 
already prefers a fund-of-funds over a hedge fund, as the fund-of-funds can provide access to a 
benchmark distribution with a higher fiB than the median hedge fund return in data.
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Figure 1.1: Steady-State Equilibrium o f the Model

Steady State

Arrive

Reveal, Bad 
Good Close to Nd Good Retire

Each line represents the timeline of a new hedge fund that receives capital. At the end of period 1, 
quality is revealed. Bad hedge funds exit the market while good hedge funds close to new investment 
and live one more period. At any point in time, the universe o f hedge funds includes good, seasoned 
hedge funds that have withstood the test of time, new good hedge funds, and new bad hedge funds.
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Figure 1.2: Mean-Variance Frontiers
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The plot shows the mean-standard deviation frontiers generated by AC6 only, AC6 and a typical 
hedge funds, and AC6 and a typical funds-of-funds. The mean-variance frontiers are produced using 
the moments in Table 1.4. We also show the individual position in mean-standard deviation space 
for hedge funds (HF) and funds-of-funds (FoF). The sample period is from June 1992 to September 
2003.
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Figure 1.3: Certainty Equivalents as a Function o f Risk Aversion
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We plot the annualized certainty equivalents for different levels o f risk aversion, for 7  =  2 to 24. In 
both panels, we plot the certainty equivalents o f AC6 only; for including hedge funds to AC6; and 
for including funds-of-funds to AC6 . In the top panel, we do not permit short sales, while in the 
bottom panel, short sales are allowed down to -20%.
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Chapter 2 

Manager Characteristics and Hedge 

Fund Performance

2.1 Introduction

An investment in a hedge fu n d  is really an investment in a manager and the specialized

talent he possesses to capture profits from  a unique strategy. Sanford J. Grossman, The

Wall Street Journal, September 29, 2005

Hedge funds have experienced tremendous growth in the past decade. According to 

SEC and various hedge fund research companies, the amount o f assets under management 

by hedge funds has grown from about $15 billion in 1990 to about $1 trillion by the end 

o f 2004, and the number o f existing hedge funds is about 7,000 to 8,000. Some indus

try experts even predict that hedge fund assets could exceed $3 trillion globally by 2008. 

As a result, hedge funds have attracted enormous attention from a wide range o f market 

participants and academics in recent years.

Hedge funds differ from mutual funds in the ways they operate and how their managers 

are compensated. For example, hedge funds are not subject to the same level o f regula

tion as mutual funds and thus enjoy greater flexibility in their investment strategies. As a 

result, hedge funds frequently use short selling, leverage, and derivatives, strategies rarely 

used by mutual funds, to enhance returns and/or reduce risk. While mutual funds charge 

a management fee proportional to assets under management (usually 1 -2 %), most hedge
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funds charge an incentive fee, typically 15% to 2 0 % of profits, in addition to a fixed 1- 

2% management fee. Moreover, hedge fund managers often invest a significant portion of 

their personal wealth in the funds they manage; and many funds have a high watermark 

provision, which requires managers to recoup previous losses before receiving incentive 

fees.

Hedge funds also differ from mutual funds in the economic functions they perform in 

the economy. As pointed out by Sanford J. Grossman (2005) in a recent Wall Street Journal 

commentary, while mutual funds enable small investors to pool their money and invest in 

diversified portfolios, “a hedge fund is a vehicle for acquiring the specialized talents o f its 

manager.” Grossman observes that, “Hedge funds are typically managed by an entrepreneur 

and hedge fund returns are the outcome o f an entrepreneur activity.” As a result, Grossman 

emphasizes that a “fund’s return will be no better than its management and the economic 

environment in which it produces its product. An investor should understand the product 

being produced and the manager producing it.”

The insightful observation o f Grossman (2005) suggests that the performance o f a hedge 

fund depends crucially on both the investment strategies it follows and the talents o f its 

manager in implementing such strategies. Though great progress has been made in un

derstanding the risk and return properties o f many hedge fund strategies, 1 only limited 

analysis has been done on the impact o f manager talents on hedge fund performances in 

the literature. Just like any entrepreneur activity, it is entirely possible that some hedge 

fund managers are better than others in making investment decisions. Given the billions of 

dollars pouring into hedge funds from pension funds, endowments, and other institutional 

investors each year, identifying manager characteristics that lead to superior performance 

could be very helpful to potential investors in selecting hedge fund managers and also could 

have profound welfare implications.

In this paper, we provide a comprehensive empirical analysis o f the impact o f manager 

characteristics on hedge fund performances. We conjecture that everything else equal, a 

manager who is more talented and more devoted to his/her job is more likely to have better 

performance. We use intelligence, education, and working experience as proxies for man

'See, for example, the interesting works o f Mitchell and Pulvino (2001), Fung and Hsieh (2001), and 
Agarwal and Naik (2004).
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ager talents. We use manager career concern and compensation as proxies for manager job 

commitments. The rationale is that a younger manager who is under pressure to establish 

his/her career might be willing to put in more effort than an older and more established 

manager, and a rich and performance-driven compensation package might motivate fund 

managers to work harder at their jobs. Overall, our paper contributes to the fast-growing 

literature on hedge funds in three important ways.

First, we construct probably the most comprehensive dataset on manager characteris

tics based on more than 4,000 hedge funds covered by TASS between 1994 and 2003.2 

The dataset covers a wide range o f information on personal, educational, and professional 

backgrounds o f managers o f most hedge funds. Specifically, we collect information on 

the following six characteristics o f the lead manager o f each fund if  such information is 

available: the manager’s age, the total number o f years o f working, the number o f years of 

working at the specific hedge fund (i.e., manager tenure), the composite SAT score for the 

manager’s undergraduate institute, whether the manager has a CPA or CFA, and whether 

the manager has an MBA degree. Broadly speaking, the six characteristics can be divided 

into two groups: SAT, CFA/CPA and MBA dummies represent intelligence and education;3 

age, years o f working, and tenure could represent working experience and career concern. 

In addition to the above six manager characteristics, we also consider different incentive 

structures o f hedge funds, such as whether a fund has a high watermark, and whether the 

manager has personal wealth invested in the fund. As a result, we are able to examine the 

incremental impact o f incentive structures on hedge fund performance.

Second, we conduct a careful analysis on risk adjustments for hedge fund returns to ob

tain hedge fund abnormal performance. Many studies have shown that due to the dynamic 

trading strategies and derivatives used by hedge funds, traditional linear asset pricing mod

els could give misleading results on hedge fund performance. Given that there are no 

well-established risk-adjustment methods for hedge fund returns, we choose a wide variety 

o f models to ensure the robustness o f our results. Specifically, in addition to the traditional

2Boyson (2003, 2004) studies hedge fund performance and mananger career concerns using a much 
smaller sample of about 200 funds up to 2000. In contrast, we are able to obtain quite detailed informa
tion on a much broader set o f manager characteristics for about 1,000 hedge funds up to 2003.

3 O f course, these variables could also reflect other qualities o f the manager, such as ambition, competi
tiveness, work ethics, etc.
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Fama and French (1993) (hereafter FF) three-factor model, to capture the nonlinearity in 

hedge fund returns, we also consider models that include returns on various hedge fund in

dices and options as factors (see Agarwal and Naik, 2004). As a further robustness check, 

we consider two specific hedge fund strategies whose risk and return properties have been 

carefully examined and thus are reasonably well understood in the literature. These are 

the risk arbitrage strategy studied by Mitchell and Pulvino (2001) and the trend following 

strategy studied by Fung and Hsieh (2001).

Finally, based on the new dataset on manager characteristics and various risk-adjustment 

methods, we document a strong impact o f manager education, career concern, and incen

tive on different aspects o f hedge fund performances, such as fund risk-taking behaviors, 

raw and risk-adjusted returns, and fund flows. For example, we find that managers from 

higher-SAT institutes tend to take less risks (measured by either overall return volatility or 

loadings o f hedge fund returns on systematic risk factors) and have higher raw and risk- 

adjusted returns. On the other hand, we find that managers with longer years o f working 

tend to have lower raw and risk-adjusted returns and take less risks. We also find that 

younger and better-educated managers tend to attract more capital inflows. These results 

are very robust to different risk-adjustment benchmarks we consider and also hold for the 

two specific strategies: risk arbitrage and trend following. We also find that the relations be

tween hedge fund returns and education/career concern significantly depend on hedge fund 

incentive structures. For example, we find that the impact o f education (career concern) 

becomes stronger (weaker) for funds with a high watermark; and the impact o f education 

(career concern) becomes weaker (stronger) for funds with manager personal wealth in

vested. These results suggest that incentive structures can significantly influence manager 

behaviors. High watermark seems to be an effective compensation scheme that helps mo

tivate all managers regardless o f their education backgrounds and ages. Though personal 

investment helps align the interests o f managers and investors, it tends to worsen the career 

concern issue.

Our empirical results are consistent with the conjecture that more talented and devoted 

managers are more likely to have better performances and thus strongly suggest that some 

hedge fund managers are indeed better than others. Our results are also stronger and more

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 2. MANAGER CHARACTERISTICS AND HEDGE FUND PERFORMANCES1

robust than those on mutual funds. For example, while Chevalier and Ellison (1999) find 

mutual fund managers from higher-SAT institutes tend to have higher raw returns, their 

results become less significant for risk-adjusted returns. In contrast, our results hold for 

both raw and risk-adjusted returns and are robust to many different risk-adjustment bench

marks. The complexities o f hedge fund strategies, the entrepreneur nature o f hedge fund 

operations, and the strong compensation structure o f hedge fund managers could potentially 

lead to a stronger dependence o f hedge fund performance on manager characteristics. Our 

results provide supporting evidence to Grossman’s observation that hedge funds are funda

mentally different from mutual funds, and a manager’s talents and motivations should be 

important considerations in selecting hedge fund managers.

The remainder o f the paper proceeds as follows. In Section 2.2, we introduce our data 

on hedge fund returns and manager characteristics. In Section 2.3, we introduce a wide 

variety o f risk-adjustment benchmarks for hedge fund returns. In Section 2.4, we exam

ine the relation between different aspects o f hedge fund performance and manager edu

cation/career concerns. In Section 2.5, we specialize our analysis to two special hedge 

fund strategies whose risk and return properties have been relatively well understood in 

the literature. In Section 2.6, we study the impact o f incentive structures on hedge fund 

performance. Section 2.7 concludes.

2.2 Data on Hedge Fund Returns and Manager Charac
teristics

The data on hedge fund returns and manager characteristics are obtained from TASS. 

Among all the datasets that have been used in the existing hedge fund literature, the TASS 

database is probably the most comprehensive one. 4 Overall, TASS covers more that 4,000 

funds from November 1977 to September 2003. All funds are classified into “live” and 

“graveyard” categories. “Live” funds are those that are active as of September 2003. Once 

a fund is considered no longer active, it is transferred to the “graveyard” category.5 The

4TASS builds its dataset based on surveys of hedge fund managers. Funds report to TASS mainly for 
marketing purposes, because they are prohibited from public advertisements.

5 A fund is in “graveyard” because either it had bad performance or it had stopped reporting to TASS. 
For instance, a fund might have done well and attracted enough capital, and it no longer has any incentive to
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“graveyard” database did not exist before 1994. Thus, funds that became inactive before 

1994 were not recorded by TASS. To mitigate the potential problem o f survivorship bias, 

we include both “live” and “dead” funds and restrict our sample to the period between 

January 1994 and September 2003, yielding a sample o f 4,131 funds.

To obtain a more complete picture on hedge fund performance, our analysis focuses 

on different aspects o f hedge fund performances, such as fund risk-taking behaviors (mea

sured by both overall fund return volatility and loadings o f fund returns on systematic risk 

factors), raw and risk-adjusted returns, and fund flows. We make these choices because we 

believe that managers would devote their time and effort to improve performance measures 

that could lead to higher compensations, which could come from management/incentive 

fees and personal wealth invested in their funds. For example, Goetzmann, Ingersoll, and 

Ross (2003) argue that both returns and capital flows are important for hedge fund man

ager compensation, although the relative importance depends on market condition and is 

time-varying. The monthly returns provided by TASS are calculated as percentage changes 

in net asset values during the month, net o f management/incentive fees and other fund ex

penses, and are closely related to actual returns received by investors. TASS also provides 

data on several fund characteristics, such as management and incentive fees, whether a fund 

has a high water mark and whether its managers have personal wealth invested in the fund.

Other than returns and fund characteristics, TASS also provides rich information on 

personal, educational, and professional backgrounds o f managers o f most funds. Although 

the return data o f TASS have been extensively studied in the literature, our paper is one of 

the first that examines the impact of manager characteristics on hedge fund performance. 

Specifically, we identify a lead manager o f a particular fund and construct a dataset on 

the characteristics o f this manager.6 For personal information, we obtain the age o f the 

manager, which is either reported in the dataset or inferred based on the assumption that 

the manager was 21 upon graduation from college. For educational background, we iden

tify the undergraduate college the manager attended, the SAT score o f the college from

report to TASS.
6We choose the founder of a fund as the lead manager, and for funds with multiple founders we choose 

the one that is in charge of investment strategies or for whom the characteristics information is available.
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U.S. News and Princeton Review o f 2003,7 whether the manager has an MBA degree, 

and whether the manager has a CFA or CPA. For professional background, we obtain the 

years the manager has worked either directly from the dataset or assume that the manager 

started working right after MBA if  he/she has one. We also obtain the number o f years 

the manager has worked at a particular fund, which we refer to as manager tenure. Gener

ally speaking, SAT, MBA, and CPA/CFA dummies could capture either the intelligence or 

education o f the fund manager, while age, years o f working, and tenure could capture the 

working experience and career concern o f the manager.

Out o f the 4,000 funds covered by TASS, we are able to identify most o f the character

istics o f the lead manager for about 1,000 funds. Panel A o f Table 2.1 provides summary 

statistics on quarterly returns, and fund and manager characteristics for the 1 ,0 0 0  hedge 

funds.8 For fund characteristics, we report incentive and management fees, whether the 

fund has a high watermark, whether the manager has personal wealth invested in the fund, 

the age and asset value o f the fund, and the number o f managers o f the fund. For man

ager characteristics, we include SAT, MBA and CFA/CPA dummies, manager age, years 

o f working, and manager tenure. To be consistent with the panel-data approach in later 

analysis, we treat a quarter-fund observation as an independent observation. In total, we 

have 13,067 quarter-fund observations for returns and most characteristic variables.

The average raw and excess quarterly returns are 2.76% and 1.83% respectively, with a 

wide dispersion. The lowest return is around -20% and the highest is more than 30% per 

quarter. In terms o f fund characteristics, we find that most funds charge a 20% incentive 

fee and 1-1.5% management fee. About 44% o f the funds have a high watermark, and 

managers o f 54% o f the funds have personal wealth invested in their own funds. The mean 

and median ages o f funds are about 4 years. The mean and median sizes o f funds are about 

$30 million. The SAT scores range from the lowest o f 865 to the highest o f 1,520 with a

7We repeat our analysis using SAT scores in 1973, 1983, and 1993 obtained from Lovejoy’s college guide 
and U.S. News and reach very similar results.

8One of the most important reasons we use quarterly returns is that some of our characteristics, such as 
SAT and tenure, either do not change or change very little over monthly intervals. Moreover, as documented in 
Getmansky, Lo, and Makarov (2003), quarterly returns also might be more precisely measured than monthly 
returns for hedge funds due to liquidity issues. O f course, we also could use annual returns, but then we 
would lose too many observations by doing so.
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mean/median around 1,300.9 In results not reported, about 30% of the managers graduated 

from Ivy league universities. About 17% o f the managers have either a CFA or CPA, and 

46% of the managers have an MBA degree, while the rest fail to report on this item . 10 

Although the majority of the funds are run by one or two managers, certain funds have as 

many as 13 managers. For many funds, the age variable is missing and in total we only 

have around 7,351 quarter-fund observations with age information. For those funds with 

age information, the mean and median manager ages are about 44 years, with the youngest 

o f 24 years and the oldest o f 85 years . 11 On average, managers have close to 20 years of 

working experience, with the shortest o f 2 years and the longest o f 60 years. On average, 

managers have stayed with their current fund for 3 to 4 years, with the shortest o f less than 

one quarter and the longest o f 23.5 years.

Panel B o f Table 2.1 reports the correlations among fund excess returns and various 

manager characteristics. We find a significant positive correlation between fund excess 

returns and SAT, which provides preliminary evidence that managers from higher-SAT 

colleges are more likely to have better performance. On the other hand, we find signifi

cant negative correlations between excess returns and fund age/size, and several working 

experience variables. This provides preliminary evidence that younger/smaller funds and 

managers with shorter working experience tend to have better performance. We find a 

strong positive correlation o f 95% between fund age and manager tenure, which is con

sistent with the typical structure o f  hedge funds: They are usually established by a few 

important managers who tend to stay with the fund. Chevalier and Ellison (1997) argue 

that years o f working is a better proxy for working experience than manager tenure. In our 

empirical analysis, we use years o f working as a proxy for working experience or career 

concern, and we always include fund age as a fund characteristics control. We also find 

significant positive correlations between fund size and SAT/years of working, suggesting

9The general level o f SAT scores has increased from early 1970s to 2003 by about 100 points.
10 A zerovalue of an MBA or CFA/CPA dummy variable does not necessarily mean that the manager does 

not have an MBA or CFA/CPA, respectively. It could be that the manager fails to report this information. 
For this reason, we do not use MBA and CFA/CPA dummies in our regressions. However, we will use this 
information to test whether there is a difference between the complete sample and those who definitely have 
a CFA/CPA or MBA.

11 We do not include age in our regressions because age is missing for about 40% of the fluids. However, 
due to the high correlation between age and years of working, we will not lose much information by omitting 
age in our analysis.
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that manager characteristics affect not only the returns but also the sizes o f hedge funds.

Due to the nature o f currently available hedge fund datasets, most empirical studies of 

hedge funds potentially face various selection biases in their data . 12 To minimize the impact 

o f survivorship bias, we restrict our sample to the period between 1994 and 2003 which 

include both dead and live funds. Panel C o f Table 2.1 provides a comparison between live 

and dead funds. Overall, we do not find big differences between the two groups of funds. 

Panel D o f Table 2.1 compares the 1,000 funds with manager characteristics with the rest o f 

the funds covered by TASS. In general, we do not find statistically significant differences 

in various measures between the two groups o f funds either.

2.3 Risk-Adjustment Benchmarks for Hedge Fund Returns

The rich dataset constructed in the previous section allows us to examine the relation be

tween hedge fund performance and manager education, career concern, and incentive. One 

challenge we face in this analysis is that risk adjustments for hedge fund returns are much 

more difficult due to their use o f derivatives and dynamic trading strategies. Many studies 

have shown that standard linear asset pricing models fail to adequately capture the risk and 

return properties o f most hedge funds, and it is fair to say that there is no well-established 

method for hedge fund risk adjustments in the existing literature. Therefore, to ensure ro

bust findings, we consider two broad classes o f models to obtain risk-adjusted hedge fund 

returns.

In the first class o f models, we use various hedge fund indices as benchmarks to adjust 

for risks in hedge fund returns. The basic idea behind this approach is that these indices 

might be able to capture the risk exposures o f average hedge funds and automatically adjust 

for the nonlinearity in hedge fund returns. One advantage o f this approach is that we do 

not need to explicitly model the risk-taking behavior o f hedge funds. Another advantage is 

that this approach is easy to implement: Investors can easily compare returns o f individual 

hedge funds with that o f broad hedge fund indices. We obtain the risk-adjusted returns 

as the intercept term o f regressions o f individual hedge fund returns on the returns o f the

12See Ackermann, McEnally, and Ravenscraft (1999) for a taxonomy of potential biases in hedge fund 
datasets.
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indices, and the risk exposures as the regression coefficients or the loadings o f the indices. 13

Among the three indices we consider, the first one is the broad hedge fund index (a 

weighted average o f returns o f all hedge funds) provided by TASS. We also consider the 

index of funds o f funds, which is a weighted average o f returns o f funds o f funds. Fung and 

Hsieh (2002) argue that returns o f funds o f funds are more accurately measured than that 

o f regular hedge funds and could better reflect true hedge fund performance. The above 

two indices, however, might not be able to capture the cross-sectional differences in hedge 

funds strategies. For example, TASS reports around a dozen widely followed investment 

styles whose risk and return properties differ from each other dramatically. Brown and 

Goetzmann (2003) argue that styles capture most o f the cross-sectional differences in hedge 

fund returns. Therefore, in addition to the above two indices, we also use style indices, 

which is the weighted average returns o f all funds within each style, to adjust the risks of 

hedge funds in that specific style.

The second class o f  benchmarks we consider include the Fama-French three-factor 

model (FF hereafter), and a model specifically developed for hedge funds by Agarwal and 

Naik (2004) (AN hereafter). The FF model is well-established in the asset pricing literature 

and has been successfully applied to returns o f stocks, stock portfolios, and mutual funds. 

The FF model has three factors: a market factor which is the excess return o f the market 

portfolio (MKT hereafter), a size factor which captures return difference between small 

and big firms (SMB hereafter), and a book-to-market factor which captures return differ

ence between value and growth firms (HML hereafter) . 14 Agarwal and Naik (2004) propose 

to include option returns in traditional asset pricing models to capture the nonlinearities in 

hedge fund returns due to dynamic trading strategies and derivatives. The AN model has 

two factors: a market factor as in FF, and an option factor which is the excess return of 

an out-of-money put option on market index (OPT hereafter). We obtain the option data 

from CBOE. Agarwal and Naik (2004) show that the AN model is relatively successful in 

capturing hedge fund returns. One caveat we need to keep in mind is that option returns

13We can always restrict the loadings to be one, which amounts to a strict excess return measure with 
respect to the indicies. We find that unit loadings do not materially change the empirical findings and do not 
report the results.

14We obtain the data for MKT, SMB, and HML from Kenneth French’s Web site.
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tend to be very volatile and could lead to noisy parameter estimates.

Based on the above benchmark models, we run time series regressions for each fimd

to estimate its risk exposures to the various factors, and the risk-adjusted returns. Then

we take the estimated risk loadings and risk-adjusted (or abnormal) returns as independent 

variables, and run panel-date regressions on various manager characteristics. More specif

ically, at the end o f each quarter, we use the past 1 2  monthly returns to run the following 

regression: 15

Ri, t  =  a i +  P'i,qF t +  £j,t, (3.1)

where (3i q (generally a vector) represents the risk exposures o f fund i at quarter q to the 

various factors, and Ft (also generally a vector) is the monthly value o f different factors. 

Since the regression is done every quarter, we implicitly allow /3iq to be time-varying. The 

risk-adjusted return o f fund i at quarter q, a i q, is calculated as:

=  Riq  — (3iqFq, (3-2)

where R hq is the raw return o f fund i in quarter q, (3i q is the estimated risk exposures for 

fund i in quarter q, and Fq is the value o f the various factors in quarter q.

To explore the relation between hedge fund performance and manager characteristics, 

the empirical analysis in this paper is mainly based on the following panel-data regression. 

Let yitq represent one particular measure o f hedge fund performance, which could be overall 

return volatility or factor loadings, raw excess or risk-adjusted returns, or fund flows of 

fund i at quarter <7 .16 Let S A T t be the average admission SAT score o f fund i ’s manager’s 

undergraduate institute, and W O R K i q be years o f working o f the manager for fund i at 

quarter q, and let C o n tro l^  be a vector o f control variables for fimd i at quarter q. Given 

that the performance o f hedge funds could depend on the size and age o f the fund, we 

choose lag fund size and age as control variables. 17 We also include year dummies to

15We choose 12 monthly returns to obtain a fairly precise estimate of (3 and also preserve enough observa
tions. The main results using past 24 monthly returns to estimate (3 are very similar.

16We delete the top and bottom 1% observations on independent variables to avoid potential recording 
errors.

17Though it is easier to manage a smaller fund, a larger fund may have advantages in transactions costs and 
economy of scale. Thus it is possible that there might be an optimal fund size. As pointed out by Getmansky 
(2004), there is also a life-cycle effect in hedge fund performance.
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control for fixed time effect. Then all empirical analysis in our paper is based on the panel- 

data regression approach with the following benchmark regression:

IH,q = bo + h S A T i + b^W ORK^q + b'3Control^q + u^q. (3.3)

In all regressions, we always allow for heteroskedasticity and serial correlations in model 

residuals and use Newey and West’s (1987) estimator to estimate standard errors.

2.4 Education, Career Concern, and Hedge Fund Perfor
mance

In this section, we examine the relation between hedge fund performance and manager 

education and career concern, which are measured by SAT and WORK, respectively.

2.4.1 Results Based on Raw Returns

Table 2.2 first reports the panel-data regressions o f raw excess returns on SAT and WORK 

as described in Equation (3.3). The regression results reveal a strong positive relation 

between raw excess returns and SAT. The coefficient o f SAT is highly significant and 

equals 0.140. We also document a strong negative relation between raw excess returns 

and WORK, where the coefficient is -0.026 and highly significant. The parameter esti

mates o f SAT and WORK suggest that everything else being the same, a manager from an 

undergraduate institute with a 200 point higher SAT (for instance, from George Washing

ton University with an SAT o f 1280 to Yale University with an SAT o f 1480) can expect 

to earn an additional 1.1% raw excess return per year, and a manager with 5 years less 

working experience can expect to earn an additional 0.5% raw excess return more per year. 

Given the relatively low volatility o f hedge fund returns (16% per year), the difference of 

0.5-1.1% in excess returns is economically important.

We also examine the risk-taking behaviors o f fund managers by using fund total return 

volatility as the dependent variable in Equation (3.3). Fund total volatility is calculated 

as the volatility o f monthly returns over the past 12 months and is updated every quarter. 

Given that certain hedge fund investors care about absolute performance, total volatility is
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a reasonable measure of fund risk and has the advantage of being model free. We find a sig

nificant negative relation between fund total volatility and SAT, suggesting that managers 

from higher-SAT institutes tend to take less risks. We also find that managers with longer 

working experiences take significantly less risks.

The above results are consistent with the hypothesis that better-educated managers are 

better at their jobs and thus can achieve higher returns at lower risk exposures. They are 

also consistent with the career concern hypothesis that younger managers have stronger 

incentives to work hard at their jobs and are more willing to take risks, and consequently 

tend to have better performance than older and more established managers. In the above 

regressions, we find that the control variable fund size is negatively related to raw excess 

returns and total volatility. This suggests that it is probably more difficult to manage a larger 

fund given the limited number o f arbitrage opportunities in the market. Larger funds are 

usually more established and thus may have less incentives to take excessive risks. Larger 

funds also can invest in more securities, which may lead to less overall volatility due to the 

additional diversification benefits.

2.4.2 Results Based on Risk-Adjusted Returns

Although the results in Table 2.2 are strong and significant, raw hedge fund returns could 

be due to either risk taking or manager’s ability in identifying mispriced securities. For 

investors who are interested in selecting managers with positive abnormal performance, it 

would be more interesting to study the relation between risk-adjusted returns and manager 

characteristics. In this section, we relate hedge fund risk-taking behaviors and abnormal 

returns to manager education and career concern.

Panel A o f Table 2.3 reports the regressions o f estimated fund risk loadings on SAT 

and WORK. We find that the coefficients o f SAT are not very significant in the two models 

in which the risk factors are either the all hedge fund or the fund-of-funds index. One 

possible reason is that these two broad indices may not be able to adequately capture the 

risk exposures o f all hedge funds given the many different strategies they follow. The 

results become much more uniform in all other models. For example, we find a significant 

negative relation between fund exposures to its style index and SAT. In the two asset pricing
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models, there is a rather negative relation between fund exposures to the market factor and 

SAT, suggesting that managers from higher-SAT institutes tend to take less systematic risks 

than their peers. Meanwhile, the dependence o f risk exposures on WORK is rather mixed. 

In certain models, longer working experience leads to higher risk exposures, while in other 

models, the opposite happens. Most o f the coefficients are not significant either. Therefore, 

we cannot draw any definite conclusion between risk exposures to systematic factors and 

WORK.

Panel B o f Table 2.3 reports the regressions o f hedge fund risk-adjusted returns on 

SAT and WORK. We find a strong positive relation between risk-adjusted returns and SAT, 

which is very robust to the risk-adjustment benchmarks we use. The coefficients of SAT in 

all five models range from about 0.09 to 0.16, and are all significant at the 5% level. The 

parameter estimates suggest that everything else equal, a manager who graduates from a 

college with a 200 point higher SAT will earn between 0.72 and 1.28% additional abnormal 

return per year. We also find a strong negative relation between risk-adjusted returns and 

WORK, which is also very robust to the different risk-adjustment benchmarks. The coeffi

cients of WORK range from -0.015 to -0.023, and most o f them are highly significant. The 

only exception is that o f the AN model, in which the large standard errors could be driven 

by the volatile option factor. The parameter estimates suggest that a manager with 5 years 

less working experience can earn between 0.30 and 0.46% additional abnormal return per 

year.

The SAT score o f a manager’s undergraduate institute could represent different qualities 

o f the manager. For example, higher SAT could mean the manager is more intelligent, 

more ambitious and driven, more competitive, has better work ethics, or better educated, 

etc.18 Given the highly competitive nature o f the hedge fund industry and the complexity 

o f hedge fund strategies, our results on hedge fund performance and SAT are consistent 

with the conjecture that managers with better educational backgrounds might be able to 

understand, design, and implement these strategies better than others, either because they 

are smarter and better educated, or because they are more devoted to their jobs.

18SAT also could measure how closely connected graduates from a certain university are. We use endow
ments per student for each university as a proxy for connection and find that it has no significant impact on 
performance.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



CHAPTER 2. MANAGER CHARACTERISTICS AND HEDGE FUND PERFORMANCES1

Manager working experience could measure a manager’s knowledge and experience 

about the industry, as well as the manager’s incentive to work hard at his/her job. On 

one hand, a more experienced manager might be able to earn higher returns due to his/her 

experience and knowledge. On the other hand, because such a manager is more likely 

to be better established, he/she also may have less incentive to work hard than a younger 

manager who still needs to establish his/her career. The negative relation between hedge 

fund performance and years o f working seems to suggest that the impact o f career concern 

dominates that o f working experience.

The above empirical analysis documents a strong positive (negative) relation between 

both raw and risk-adjusted hedge fund returns and SAT (WORK). These systematic patterns 

strongly suggest that certain managers are indeed better than others and, no matter seeking 

superior absolute or relative performance, investors are better off by selecting younger 

managers with better educational backgrounds, everything else the same.

2.4.3 Interactions Between Education and Career Concern and Im
pact of Professional Training

So far SAT and WORK have entered our regressions separately, although it is conceivable 

that these two variables may complement each other in determining fund performance. 

For example, the advantages o f better education may be diminished for older managers 

who have accumulated years o f industry experiences. We examine the importance o f the 

interactions between the two variables by using the following dummy variable regression:

=  K  + ibi + b% I(W O RKitq > 18.5) } S A T i  +  [K? +  ^ /(S A T , >  1321 )]W O R K ^q 

+ b f C o n tro l^  +  u fq

where I ( S A T i  > 1321) equals one if  manager i ’s undergraduate school average SAT is 

higher than 1321 and zero otherwise; I ( W O R K i q  > 18.5) equals one if  manager i ’s years 

o f working is longer than 18.5 and zero otherwise. The number 1321 (18.5) is the median 

value for variable S A T  ( W O R K ) .  Since we obtain similar results using different risk- 

adjustment benchmarks, we only report results using the style index as the risk factor.

To avoid possible collinearity problems from simultaneously using I (W O R K i q >
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18.5)]S'j4Ti and I ( S A T i  > 1321 )]W O R K iq, we consider them separately in the two re

gressions in Panel A o f Table 2.4 respectively. We find that when managers have relatively 

longer years o f working, the impact o f SAT is diminished. Meanwhile, the negative impact 

of WORK is weakened for managers from higher-SAT schools. However, the coefficients 

o f both dummy variables are not significant.

We also examine whether there is any nonlinear dependence o f hedge fimd returns on 

education and years o f working, by including squared terms o f S A T  and W O R K  in the 

original regression. However, the coefficients o f the nonlinear terms are not significant. 

Therefore, in the following empirical analysis, we will continue to use the linear regression 

without the interaction term.

In addition to SAT, we also consider other forms o f education and training. In particular, 

we consider whether a manager has CFA/CPA, or an MBA degree, which we refer to as 

professional training. Panel B o f Table 2 .4 reports the following regression o f risk-adjusted 

returns on SAT and WORK for managers with and without an MBA,19

a  i,q = b% + b ° I(M B A ) + [b% + bZI(M B A )]SA T i

+[6J +  b p { M B A )]W O R K i!q +  6“; C o n tro l^  +  u«q

where I  (M B  A )  equals one if  manager from fimd i has an MBA degree and zero otherwise.

In all regressions, we find a systematic positive (negative) relation between fund risk- 

adjusted returns and SAT (WORK). However, the coefficients on MBA dummies for both 

SAT and WORK are not significant and tend to change signs in different regressions. We 

also consider other forms o f advanced training, such as CFA/CPA and PhD and obtain 

similar results as that o f MBA. Therefore, it seems that advanced training is not necessarily 

helpful in making better hedge fund managers.20

2.4.4 Results on Fund Flows

Since a nontrivial portion (about 20 to 50%) o f hedge fund manager compensation comes 

from management fee, which is proportional to assets under management, hedge fimd man

19 We omit results on CFA/CPA because they are very similar to that o f MBA.
20We also compare the performance o f male and female managers, but do not find any significant 

differences.
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agers also have strong incentives to attract more capitals. As a result, fund flows also could 

reflect manager’s ability and/or effort. In this section, we focus on the standard flow growth 

rate:

j-T  ^ h Q —1 (̂
,q  ~  ~ A  i  ’

where A hq is the asset under management and retitq is the raw return for fund i at quarter 

q. We investigate the relation between fund flows and manager characteristics by using the 

general regression in Equation (3.3). In addition to fund age and size, we also control for 

lag flow, lag return and current return because there could be serial correlation in flows, and 

flows might chase lag returns and comove with current returns.

Panel-data regressions o f fund flows on manager characteristics in Table 2.5 reveal the 

impact of education and career concern on fund flows. The coefficients o f the benchmark 

regression in the second column confirm previous findings that there is positive serial cor

relation in flows and smaller funds tend to have more inflows than bigger funds. Current 

and lag returns are positively related to current flows, suggesting that flows chase past good 

returns and comove with current returns. Finally, after controlling for size, return, and past 

flows, we find that SAT has a significant and positive coefficient, while WORK has an 

insignificant negative coefficient. It is conceivable that managers with better educational 

backgrounds might be able to attract more money either because they are better connected 

and better salespersons, or because investors are more confident that their past good perfor

mance reflects true ability rather than luck. The insignificance of the working experience 

variable might result from the fact that WORK may be correlated with other right hand side 

control variables.

It is also interesting to examine whether manager characteristics interact with the im

pacts of return, size, and past flows on current flows. The dummy variable regressions in the 

rest o f Table 2.5 show that higher SAT reduces the negative impact o f fund size on flows, 

and flows chase past returns more strongly for funds with higher-SAT managers. This sug

gests that better-educated managers not only generate higher returns, but also attract more 

inflows to the funds. For the working experience dummy, shorter working experience also 

reduces the negative impact o f fund size/age on flows, and increases the flow-chasing-retum 

effect.
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Overall, we find that manager characteristics are important not only for fund returns, 

but also for fund flows, especially through their interactions with other fund characteris

tics. The results are consistent with the fact that manager compensation comes from both 

management and incentive fees, and suggest that the abilities o f managers are reflected not 

only in returns but also in fund flows.

2.5 Two Special Cases

Although the relations between hedge fund performance and SAT/WORK are pretty robust 

to various risk-adjustment benchmarks, these models could still be misspecified. In this 

section, we specialize our analysis to two specific hedge fund strategies whose risk-retum 

characteristics have been reasonably well understood in the literature. These two strate

gies are the risk arbitrage strategy studied by Mitchell and Pulvino (2001) and the trend 

following strategy studied by Fung and Hsieh (2001).

2.5.1 Risk Arbitragers

Risk arbitrage, or the so-called merger arbitrage, has become very popular among hedge 

funds. Generally speaking, in a merger or takeover the acquiring company’s stock price 

tends to go down and the acquired company’s stock price tends to go up. To take advantage 

o f this pattern, risk arbitragers typically short the acquiring company and long the acquired 

company. Although the strategy is called merger arbitrage, it is not a pure arbitrage op

portunity. The main risk is that the deal may not go through, in which case the arbitragers 

would lose money.

Mitchell and Pulvino (2001) have conducted a careful analysis on the risk and return 

properties o f merger arbitrage. They examine a return index o f all the merger deals in the 

past few decades and returns o f hedge funds that specialize in this strategy. They find that 

returns on merger arbitrage resemble that o f a shorted put option. That is, the strategy 

makes money if  the market goes up or at least stays flat, but loses money if  the market goes 

down. Mitchell and Pulvino (2001) use the following piecewise linear regression to capture
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the returns o f the risk arbitrage strategy,

Ri,t =  (1 -  5 ) ( a i , l o w  +  P i> lowM K T t ) I ( M K T t  <  -4 % ) (5.4)

+ 5 ( o i i jh ig h  +  P i , h i g h M K T t ) I { M K T t  ^  —4%) +

where R i t is the excess return on asset i at time t, S is a weighting coefficient, a l^ow 

(&i,hi9h) is ^ e  intercept when market return is below (above) -4%, (3 i,low (Pi,high) is ^  

market risk loading when market return is below (above) -4%, M K T t  is the excess return 

o f the market portfolio, and /(•) is an indicator function, which equals one if  the condition 

in the parenthesis is true and zero otherwise. Mitchell and Pulvino (2001) show that by 

allowing different exposures to the market factor in up and down markets, the above model 

captures the returns o f merger arbitrage very well.

We apply the model o f Mitchell and Pulvino (2001) to the 150 funds in the TASS dataset 

(in total 2,350 fund-quarter observations) that have an investment focus o f “risk arbitrage” 

and for which we can identify most of the manager characteristics. Although the sample 

period o f Mitchell and Pulvino (2001) is between 1963 and 1998, their model works equally 

well in our sample period. Panel A o f Table 2.6 compares the equal-weighted returns of 

the 150 risk arbitrage funds with the returns on the market portfolio in each year o f our 

sample. As predicted by Mitchell and Pulvino (2001), the risk arbitrage strategy performs 

very well in up markets but very poorly in down markets. For example, between 1995 and 

1999, when the market has above 30% returns, the returns on risk arbitrage are also very 

high.21 On the other hand, between 2000 and 2002 and in 1994 when the market was doing 

poorly, the risk arbitrage returns were substantially lower.

In Panel B o f Table 2.6, we estimate the model o f Mitchell and Pulvino (2001) using 

the equally weighted returns o f all risk arbitrage funds in our sample. Even though we use 

different threshold levels, we obtain very similar results as that in Mitchell and Pulvino 

(2001). It is interesting to see that the estimates o f /3low in down markets are between 0.2 

and 0.3, and the estimates o f (3high in up markets are always close to 0.1. This clearly 

indicates that the betas are different under different market conditions. The high adjusted 

R 2 s in all models suggest that the piecewise regression model captures the returns o f risk

21The low return in 1998 is an outlier and could be a result of the hedge fund crisis caused by the collapse 
of Long Term Capital Management.
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arbitrage funds reasonably well. Since the results are very similar for different thresholds, 

we adopt the same value used in Mitchell and Pulvino (2001), -4%, in our risk-adjustment 

analysis.

Panel C o f Table 2.6 reports the regressions o f raw excess returns, risk exposures, and 

risk-adjusted returns o f risk arbitrage funds on SAT and WORK. We document a strong 

positive relation between raw excess returns and SAT, and a strong negative relation be

tween raw excess returns and WORK. In terms of risk-taking behavior, while for general 

hedge funds, managers from higher-SAT institutes tend to take less risks, we find the op

posite results for risk arbitrage funds. Consistent with previous findings, longer working 

experience reduces risk-taking.

The most interesting and important result o f Panel C is the remarkably similar relation 

between risk-adjusted returns and SAT/WORK as we document before for general hedge 

funds. For example, we find that for risk arbitrage funds, managers from higher-SAT in

stitutes also have significantly higher abnormal returns: A 200-point increase in SAT leads 

to about 0.8% higher abnormal return per year. Foi risk arbitrage funds, managers with 

longer working experience tend to have lower risk-adjusted returns: 5 years less working 

experience leads to 0.5% higher abnormal return per year.

The overall results o f Table 2.6 show that the relation between hedge fund performance 

and manager characteristics we document for general hedge funds are very robust and 

also hold for risk arbitrage funds, for which we have better developed models for risk 

adjustments.

2.5.2 Trend Followers

Another hedge fund strategy that has been carefully studied in the literature is trend fol

lowing. This strategy has been widely used by commodity trading advisors, who hope to 

identify trends in prices and then either buy on upward or sell on downward trend. The 

returns on trend followers tend to be large and positive during the best and worst periods o f 

market performance. Due to this nonlinear feature, the returns on trend followers have low 

correlations with standard equity, bond, currency, and commodity indices. The important 

work o f Fung and Hsieh (2001) shows that returns o f trend followers resemble closely that
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o f a lookback straddle. They further demonstrate that the following model which includes 

lookback straddles from several major markets (stock, bond, commodity, interest rate, and 

foreign currency) can explain the returns of trend followers very well:

R i , t  =  +  (5 i s t o c k P T  F  S s to c k j  +  (3 i ,b o n d ^ ^ ^ ^ b o n d ,t  ""F / ^ ;  . r u 7 'r ( ‘7 i r y R T  R R c u m 'iic y ,t 

f t  i , i n t e r e s t  F  S i n t e r e s t , t  + P  ̂ commodity ^  R commodity, t  + ei,t; (5-5)

where PTFS stands for lookback straddle returns, and the subscripts represent the market 

for which the straddles are constructed.22

We apply the model o f Fung and Hsieh (2001) to obtain the risk-adjusted returns o f the 

90 live and dead funds (1,350 quarter-fund observations) in the TASS dataset that have a 

“trend following” investment focus and for which we can identify the manager character

istics. In Panel A o f Table 2.7, we estimate three different versions o f the model for the 

equal-weighted index o f the 90 trend following funds. In the first model, which includes 

the lookback straddles from all five markets, the adjusted R 2 is 27.8% and the coefficients 

o f currency and commodity straddles are highly significant. The next two models use only 

a subset o f the five straddle factors. Consistent with Fung and Hsieh (2001), we find that 

the incremental contributions o f stock and interest rate straddles over the other three are 

very small. We obtain similar results in later analysis using all three models and report 

results based on the second model which has the highest adjusted R 2.

Panel B o f Table 2.7 reports the regressions o f raw excess returns, risk-taking behav

iors, and risk-adjusted returns on SAT and WORK. The relation between raw hedge fund 

performance and manager characteristics for trend followers becomes somewhat weaker. 

For example, we do not find significant dependence o f raw excess returns on either SAT 

or WORK in both sets o f regressions. Manager characteristics also have little explanatory 

power of fund risk-taking behaviors: The coefficients for most risk loadings are not signifi

cant. We obtain quite different results when using risk-adjusted returns for trend followers. 

Although the coefficients o f SAT are negative and insignificant for raw excess returns, the 

coefficients o f SAT are positive and significant at the 10% level for risk-adjusted returns. 

The estimate, which is 0.297, suggests that a manager from an undergraduate institute with

22The returns on the five lookback straddles are obtained from David Hsieh’s Web site.
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a 200-point higher SAT can earn a higher risk-adjusted return o f almost 2.4% per year. On 

the other hand, we do not find any significant relation between risk-adjusted returns and 

WORK for trend followers.

Although the model o f Fimd and Hsieh (2001) serves a good risk-adjustment benchmark 

for trend followers, there are some caveats we need to keep in mind when interpreting the 

results. First, due to the relative small number o f trend following funds in our sample, 

we may not have enough information to obtain statistically significant estimates. Second, 

the returns on straddles tend to be very volatile, which also could introduce noises in pa

rameter estimates. Indeed we find a weaker relation between hedge fund performance and 

manager characteristics for trend followers. Despite that, we still find manager educational 

background to be positively related to risk-adjusted returns.

2.6 Incentive Structures and Hedge Fund Performance

Our analysis so far has shown that manager education and career concern significantly 

affect hedge fund performance. In this section, we consider another important factor that 

could potentially affect hedge fund performance: fund incentive structures. Everything else 

equal, a stronger incentive package could motivate managers to devote more time and effort 

to their jobs. To the extent that devotion and effort could offset lack o f talents and abilities, 

or the tendency to slow down after many years of working, incentive structures also could 

affect hedge fund performance. Though mutual fund managers are compensated mainly 

through management fees, hedge fund managers are compensated through management 

and incentive fees, and personal wealth invested in the fund. In addition, many hedge 

funds have a high watermark provision, which requires managers to make up all previous 

losses before receiving incentive fees.23 In this section, we examine the impact o f  fimd 

incentive structures, such as high watermark, personal capital investment, and whether a 

fund is a fund o f funds, on hedge fund performance.24

One important concern one might have when studying the impact o f incentive struc

23See Goetzmann, Ingersoll, and Ross (2003) for a careful analysis of high water mark.
24The incentive fees of funds of funds are about 10%, which is substantially smaller than that of regular 

hedge funds, which is about 15-20%. Thus, funds of funds provide an opportunity to examine the impact of 
inentive fees on hedge fund performance.
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tures is that incentives may be chosen endogenously by managers and thus are closely 

related to manager characteristics. For example, it could be that smarter managers, more 

confident about their own abilities, are more likely to choose the more challenging com

pensation contract. However, we believe this issue is unlikely to be very serious in our 

sample for the following two reasons. First, we find big variations in returns and manager 

characteristics for funds that belong to each incentive structure group, which indicates that 

it is unlikely that managers choose incentive structures based on their own performances or 

characteristics. Second, the choice o f incentive structures is mainly determined by industry 

common practice at the time when the fund is founded, and it is rarely changed afterward. 

For instance, while most funds established in the late 1990s incorporate a high watermark 

provision, most o f them do not have that before the late 1990s.25

Since we also examine whether different incentive structures affect the impact o f educa

tion and career concern on hedge fund performance, this section also implicitly serves as a 

robustness check that the above results are indeed driven by manager characteristics rather 

than incentive structures. In results not reported, we find that the relation between hedge 

fund returns and SAT/WORK remain robust for subgroups o f hedge funds with different 

incentive structures. In Table 2.8, we specifically focus on the differences in the coefficients 

o f SAT and WORK for funds with different incentive structures. Since we obtain similar 

results using all five risk-adjustment models, we only report results from the hedge fund 

style index model.

2.6.1 High Watermark

About half o f the funds in TASS indicate that they have a high watermark. This incentive 

structure not only aligns the interests o f managers and investors closer to each other, but 

also substantially raises the hurdle on manager performance. As a result, high water mark 

provision could provide a constant stimulus to fund managers to devote time and effort to 

their jobs, especially when the funds are under water.

To investigate how a high watermark might affect the impacts of manager character

istics, we use a dummy variable approach by allowing the coefficients to be different for

25The fixed time effect introduced by this kind of data can be handled by time dummies in our regressions.
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funds with and without high watermark:

a i<q = b% + b([ I (H W M ) + [b% + b% I{H W M )\SA Ti

+[b“ + b « I(H W M )]W O R K hq +  b f  C o n tro l^  +

where I ( H W M )  equals one if  fund i has a high watermark and zero otherwise. The 

regression results are reported in Panel A o f Table 2.8, with the fully specified model in the 

second column. To address the potential collinearity problem, we also include a dummy 

for each coefficient individually in the next three regressions. To save space, we omit 

parameter estimates for the control variables.

Overall, we find that high watermark has an important impact on the relation between 

hedge fund performance and manager education and career concern. For example, the posi

tive effect o f SAT on performance becomes 100% stronger for funds with a high watermark 

than those without it. And the negative effect o f WORK on return becomes 30% weaker 

for funds with a high watermark than those without it. Although the coefficients are not 

statistically significant in the fully specified regression, they are statistically significant if 

we include the dummy variables individually. If  we use the fully specified regression as 

a reference, we find that a 200-point increase in SAT leads to 1.75% (0.88%) additional 

abnormal returns per year for funds with (without) a high watermark. On the other hand, 

we find that 5 more years of working can lead to 0.30% (0.46%) less abnormal returns per 

year for funds with (without) a high watermark.

High watermark raises the performance hurdle and provides a constant motivation to 

all managers because they have to work hard all the time in order to receive their incentive 

fees. The positive high watermark dummy for SAT suggests that it could be the case that 

the advantages o f more talented managers become more significant when they are forced to 

work hard. On the other hand, given that both young and old managers have to work hard 

to earn their incentive fees, more established managers are less likely to relax and WORK 

has a less negative impact on fund performance.
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2.6.2 Personal Capital Investment

Another interesting feature o f hedge fund incentive structure is that many managers have 

their personal wealth invested in the funds they manage. In general, due to their personal 

investment, these managers are more likely to be devoted to their jobs. Therefore, for man

agers who lack talent and education, their extra efforts and hard work could to some extent 

offset these disadvantages. On the other hand, because o f personal investments in their own 

funds, older and more established managers may be more conservative in their investment 

strategies. Hence, we expect the relation between performance and education (career con

cern) to be weaker (stronger) for funds with manager personal capital investments. Our 

empirical results below confirm this conjecture.

We conduct a similar dummy variable regression as in the high watermark case, with 

the dummy variable equaling one if  the fund has personal capital investment and zero oth

erwise. The results are presented in Panel B o f Table 2.8. As before, the coefficients of 

the dummy variables are not statistically significant if  we use the fully specified regression, 

but they become more significant if we include them one by one. Using the fully specified 

model as reference, we find that a 200-point increase in SAT leads to 0.80% (1.92%) addi

tional risk-adjusted return per year for firms with (without) manager personal investments. 

This result is consistent with the hypothesis that effort and devotion can offset lack o f talent 

and formal training. We also find that 5 more years o f working could lead to 0.52% (0.40%) 

less risk-adjusted returns per year for funds with (without) manager personal investments. 

Managers with personal capital investments in the fund are more likely to work harder in 

the early stage o f their careers. And after being well established, they may have substantial 

amount o f personal wealth invested in their funds. Due to the diminishing marginal utility 

o f additional wealth, these managers could become very conservative and care more about 

preserving their wealth than making more money.

2.6.3 Regular Hedge Funds vs. Funds of Funds

According to TASS, about 10% o f hedge funds belong to the so-called funds o f funds. 

Though regular hedge funds make direct investments in different markets, funds o f funds 

invest in a group o f other hedge funds. By doing this, funds o f funds can diversify away
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idiosyncratic risks in individual hedge funds and thus achieve more stable returns. Unlike 

regular hedge funds, funds o f funds pursue a relatively more-diversified investment strat

egy. As a result, the incentive fees for funds o f funds (typically around 10%) is significantly 

lower than that o f regular funds (typically between 15%-20%). This difference allows us 

to study the impact o f incentive fees on the relation between hedge fund performance and 

manager characteristics.

Panel C o f Table 2.8 reports the regressions o f risk-adjusted returns o f regular funds and 

funds of funds on SAT and WORK. We find a significant positive relation between risk- 

adjusted returns and SAT for both groups o f funds, although the coefficients o f SAT for 

funds of funds are bigger. These estimates suggest that everything else equal, a 200-point 

higher SAT leads to 1.20% (1.84%) higher risk-adjusted returns per year for regular funds 

(funds of funds). There are several possible reasons why SAT has a bigger impact on the 

performance o f funds o f funds. First, a manager o f a fimd o f funds needs to understand and 

follow many different strategies. In contrast, a manager o f a regular fund can concentrate 

on one single strategy. Thus, a manager who is smarter, better educated, and has broader 

knowledge might be able to achieve better results with funds o f funds. Second, because 

o f the much lower incentive fees, managers o f funds o f funds might not have as strong 

incentive to work hard as those o f regular funds. Without such extra efforts, a manager’s 

raw intelligence and education could become more important for performance.26

We also document a strong negative relation between hedge fund returns and WORK for 

both groups o f funds. The parameter estimates suggest that everything else equal, 5 years 

less working experience leads to 0.52% (0.24%) higher risk-adjusted returns for regular 

funds (fund o f funds). The potential financial rewards from the high incentive fees of 

regular funds might provide stronger incentives for younger managers to work harder in 

the early stage o f their careers. This could lead to a bigger decline in performance when 

these managers start to slow down after they become older and more established. On the 

other hand, because such incentives for younger managers are weaker for funds o f funds,

26The argument here is different from that of high watermark, which sets a very high hurdle of performance 
for all types of managers. When all manages have to work hard and do their best to earn their incentive fees, 
the advantages o f more talented managers become even more significant. In contrast, for regular hedge funds, 
more talented managers may not have to work as hard to earn their incentive fees.
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the declines in performance as managers become older also could be less dramatic.

2.7 Conclusion

Hedge funds differ from mutual funds in fundamental ways. These differences raise chal

lenges as well as opportunities for studying the important issue of delegated portfolio man

agement. Although the existing literature has mainly focused on the unique investment 

strategies and compensation structures o f hedge funds, we focus on the “human” factors 

that affect hedge fund performances. Based on the observation that investing in hedge 

funds is essentially investing in the talents o f hedge fund managers, we examine the im

pact o f manager education, career concern, and incentive on hedge fund performances. We 

find that managers from higher-SAT undergraduate institutes tend to have higher raw and 

risk-adjusted returns, more inflows, and take less risks. Younger managers tend to have 

higher returns, more inflows, and take more risks. Fund incentive structures also signifi

cantly affect the relation between performance and education/career concern. Our results 

highlight the entrepreneur nature o f hedge fund operations and the important role managers 

play in determining hedge fund performances. These results should be valuable to financial 

economists who are interested in understanding hedge fund performances, as well as po

tential investors who are interested in identifying managers with superior performances.
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Table 2.1: Summary Statistics

Panel A: Summary Statistics of Fund Returns, Manager and Fund Characteristics 
(Quarter-Fund Observations)

Variable N Mean Std Dev Minimum Qi Median Q3 Maximu

Fund Returns
Quarterly Return % 13067 2.76 7.16 -20.53 -0.57 2.35 5.80 31.11
Quarterly Ex Return % 13067 1.83 7.15 -21 76 -1.41 1.41 4.86 30.04

Fund Characteristics
IncentiveFee 13067 17.80 6.01 0 20 20 20 35
ManagementFee 13067 1.26 0.57 0 1 1 1.5 6
HighWaterMark dummy 13067 0.44 0.50 0 0 0 1 1
PersonalCapital dummy 13067 0.54 0.50 0 0 1 1 1
Fund age 13067 4.05 3.28 0.5 1.75 3.25 5.5 23.5
Log(assets) 13067 17.14 1.65 11.5! 16.09 17.23 18.32 22.10

M anager Characteristics
SAT (/100) 13067 13.07 1.41 8.65 11.95 13.3 14.2 15.2
CFA/CPA Dummy 13067 0.17 0.38 0 0 0 0 1
MBA Dummy 13067 0.46 0.50 0 0 0 1 1
Age 7351 44.36 8.98 24.5 37.5 42.5 51 85.25
Years of working 13067 20.34 8.78 2 14.25 18 5 25.5 59.25
Tenure 13067 3.92 3.14 0 1.5 3 5.5 23.5
No. Managers 13067 2.08 1.40 1 1 2 3 13

Panel B: Correlations between Fund Excess Returns and Manager Characteristics

Excess Return Fund Age Log(size) SAT Manager Age Work

Fund Age -0.02
Log(size) -0.04 0.28
SAT 0.03 0.04 0.09
Manager Age -0.03 0.26 0.01 -0.03
Work -0.04 0.28 0.08 0.01 0.86
Tenure -0.02 0.95 0.30 0.04 0.30
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Panel C: Live Funds vs. Dead Funds

Dead Funds Live Funds

Variable N Mean Std Dev N Mean Std Dev

Fund Returns
Quarterly Return % 3316 2.78 8.02 9480 2.76 6.84

Fund Characteristics
IncentiveFee 3437 18.62 5.45 9630 17.50 6.17
ManagementFee 3437 1.26 0.53 9630 1.26 0.58
HighWaterMark dummy 3437 0.23 0.42 9630 0.52 0.50
PersonalCapital dummy 3437 0.66 0.48 9630 0.50 0.50
Fund age 3437 3.52 3.04 9630 4.24 3.35
Log(assets) 3437 16.65 1.63 9630 17.31 1.62.

M anager Characteristics
SAT (/100) 3437 13.09 1.37 9630 13.06 1.43
CFACPA Dummy 3437 0.10 0.30 9630 0.20 0.40
MBA Dummy 3437 0.49 0.50 9630 0.45 0.50
Age 2021 45.04 9.98 5330 44.10 8.55
Years o f working 3437 20.13 9.38 9630 20.41 8.56
Tenure 3437 3.49 3.04 9630 4.07 3.16
No. Managers 3437 1.69 0.85 9630 2.22 1.53

Panel D: Subsamples with / without Manager Characteristics 
(Quarter-Fund Observations)

With manager characteristics Without manager characteristics

Variable N Mean Std Dev N Mean Std Dev

Fund Returns
Quarterly Return % 13067 2.76

Fund Characteristics
IncentiveFee 13067 17.80
ManagementF ee 13067 1.26
HighWaterMark dummy 13067 0.44
PersonalCapital dummy 13067 0.54
Fund age 13067 4.05
Log(assets) 13067 17.14

7.16 54563 2.54 11.54

6.01 53027 15.71 7.93
0.57 53027 1.49 0.88
0.50 53027 0.32 0.47
0.50 53027 0.44 0.50
3.28 53027 3.17 3.86
1.65 45110 16.82 1.86

Note: Data are obtained from TASS database. Sample period is 1994-2003. The age of the manager is either 
reported in the dataset or inferred by assuming that the manager was 21 when graduated from college. The 
variable SAT is constructed as follows. We first identify the undergraduate college the manager attended, then 
we find the SAT scores o f the college from U.S. News and Princeton Review. The years of working variable 
is either directly from the dataset or is calculated by assuming that the manager started working right after 
MBA if he/she has one. The variable tenure is directly from the dataset.
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Table 2.2: Raw Returns o f Hedge Funds and Manager Characteristics

Ex. Ret Tot. Volatility

Intercept 4.560 9.871
(4.98) (16.50)

SAT 0.140 -0.070
(3.06) (-2.12)

WORK -0.026 -0.018
(-3.63) (-3.39)

Fund age 0.000 0.044
(-0.01) (3.06)

Lag(size) -0.141 -0.366
(-3.25) (-13.37)

Adj. R 2 3.73% 14.03%

The variable SAT is constructed as follows. We first identify the undergraduate college the manager 
attended, then we find the SAT scores o f the college from U.S. News and Princeton Review. The 
years o f working variable, WORK, is either directly from the dataset or is calculated by assuming 
that the manager started working right after MBA if he/she has one. The variable fund age is directly 
from the dataset. To eliminate outliers, we delete top and bottom 1% observations. The row below 
coefficients reports t-statistics. The corresponding standard errors are calculated using Newey-West 
standard errors (lag =  4), and year dummies are included in the model. The dependent variable 
quarterly excess return is calculated as the difference between fund raw return and the quarterly 
riskfree rate. The dependent variable is the volatility calculated using past 12 months of data.
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Table 2.3: Risk-Adjusted Returns and Risk Taking o f Hedge Funds and Manager Charac
teristics

Panel A: Risk-Taking Behavior

Dependent
variables P(Style) (3(HF) P(FoF)

FF
P ( M K T )

FF
P ( S M B )

FF
0 ( H M L )

AN
0 ( M K T )

AN
f3(OPT)

Intercept 1.487 0.903 1.691 0.787 0.360 -0.158 1.286 0.021
(8.52) (3.90) (5.87) (8.44) (4.97) (-1.78) (9.34) (3.33)

SAT -0.033 0.006 -0.006 -0.009 -0.006 0.006 -0.017 -0.001
(-3.58) (0.47) (-0.42) (-1.87) (-1.65) (1.24) (-2.36) (-1.52)

WORK 0.001 -0.003 -0.005 -0.001 -0.001 0.000 -0.002 0.000
(0.75) (-1.30) (-1.84) (-1.16) (-1.03) (0.55) (-1.58) (0.01)

Fund age 0.020 0.018 0.020 0.005 0.000 -0.001 0.004 0.000
(5.16) (2.88) (2.65) (2.14) (0.12) (-0.27) (1.33) (-1.26)

Lag(size) -0.033 -0.045 -0.060 -0.023 -0.006 0.003 -0.035 -0.001
(-4.02) (-4.02) (-4.39) (-5.22) (-1.84) (0.87) (-5.55) (-1.76)

A d j R 2 1.73% 5.89% 2.17% 5.55% 1.42% 1.62% 6.34% 3.84%

Panel B: Risk-Adjusted Returns

STYLE INDEX FoF FF3 AN

Intercept 1.253 0.973 0.448 0.219 1.904
(1.67) (1.15) (0.56) (0.27) (2.09)

SAT 0.156 0.124 0.139 0.143 0.094
(4.11) (2.99) (3.53) (3.63) (1.98)

WORK -0.023 -0.020 -0.016 -0.021 -0.015
(-3.92) (-3.09) (-2.66) (-3.41) (-1.87)

Fund age -0.034 -0.056 -0.046 -0.064 -0.012
(-2.22) (-3.11) (-2.71) (-3.97) (-0.61)

Lag(size) -0.049 0.038 0.049 0.042 -0.053
(-1.41) (1.00) (1.36) (1.14) (-1.21)

A d j R 2 1.00% 2.68% 1.53% 3.04% 3.72%

The variable SAT is constructed as follows. We first identify the undergraduate college the manager 
attended, then we find the SAT scores o f the college from U.S. News and Princeton Review. The 
years of working variable, WORK, is either directly from the dataset or is calculated by assuming 
that the manager started working right after MBA if he/she has one. The variable fund age is directly 
from the dataset. To eliminate outliers, we delete top and bottom 1% observations. The row below 
coefficients reports t-statistics. The corresponding standard errors are calculated using Newey-West 
standard errors (lag =  4), and year dummies are included in the model. In Panel A, risk loading /3’s 
are calculated as in Equation 3.1. In Panel B, the risk adjusted returns are calculated as in Equation 
3.2. FF indicates the Fama and French (1993) model, and AN indicates the Agarwal and Naik (2004) 
model.
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Table 2.4: The Interactions Between Education and Career Concern and The Impact of 
Professional Trainings

Panel A: Interaction between SAT and Working Experience

I II

Intercept 1.634 1 270
(1.74) (1.67)

SAT 0.127 0.156
(2.20) (4.07)

WORK -0.026 -0.025
(-3.73) (-2.91)

SAT*D(WORK > 18.5) -0.003
(0.22)

WORK*D(SAT > 1330) 0.005
(0.70)

Fimd age -0.034 -0.035
(-2.22) (-2.22)

Lag(size) -0.048 -0.049
(-1.39) (-1.40)

A d j R 2 1.00% 1.00%

Panel B: MBA Degree

I II III IV

Intercept 1.872 1.236 1.189 1.177
(2.08) (1.64) (1.56) (1.54)

D(MBA) -1.455 -0.121
(-1.40) (-1.07)

SAT 0.113 0.158 0.161 0.159
(2.27) (4.11) (4.16) (4.12)

SAT* D(MBA) 0.098 -0.008
(1.26) (-0.92)

WORK -0.024 -0.022 -0.022 -0.019
(-2.40) (-3.55) (-3.56) (-2.56)

WORK* D(MBA) 0.003 -0.005
(0.24) (-0.96)

A d j R 2 1.01% 1.01% 1.00% 1.00%

The dependent variable, quarterly risk-adjusted return is calculated as the hedge fund style index 
adjusted return. The variable SAT is constructed as follows. We first identify the undergraduate 
college the manager attended, then we find the SAT scores o f the college from U.S News and 
Princeton Review. The years of working variable is either directly from the dataset or is calculated 
by assuming that the manager started working right after MBA if he/she has one. The variable fimd 
age is directly from the dataset. To eliminate outliers, we delete top and bottom 1% observations. 
The row below coefficients reports t-statistics, which are calculated using Newey-West standard 
errors (lag =  4), and year dummies are included in the model.
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Table 2.5: Fund Flow and Manager Characteristics

Interaction Variable X

without with Dummy Variable D=D(SAT >  1321) with Dummy Variable D=D(work >  18.5)

Dummy lag(flow) lag(size) ret lag(ret) fimd age lag(flow) lag(size) ret lag(ret) fund age

Intercept 52.1 61.065 61.644 61.263 61.136 61.589 61.129 60.659 60.877 60.765 61.186
(5.69) (6.82) (6.83) (6.83) (6.83) (6.75) (6.84) (6.77) (6.78) (6.81) (6.81)

Lag(Flow) 0.041 0.039 0.041 0.041 0.041 0.041 0.035 0.041 0.041 0.041 0.041
(2.86) (1.87) (2.86) (2.86) (2.85) (2.86) (2.27) (2.84) (2.86) (2.84) (2.84)

Lag(Size) -3.225 -3.152 -3.247 -3.166 -3.157 -3 189 -3.155 -3.091 -3.145 -3.144 -3.134
(-6.27) (-6.23) (-6.26) (-6.23) (-6.23) (-6.13) (-6.26) (-6.08) (-6.2) (-6.22) (-6.22)

Return 0.211 0.216 0.213 0.122 0.216 0.215 0.215 0.214 0.291 0.213 0.217
(3.61) (3.66) (3.61) (2.46) (3.68) (3.62) (3.63) (3.63) (3.52) (3.67) (3.66)

Lag(Retum) 0.491 0.495 0.493 0.494 0.456 0.494 0.496 0.491 0.493 0.631 0.496
(6.14) (6.12) (6.13) (6.17) (6.93) (6.14) (6.14) (6.13) (6.18) (5.39) (6.17)

Fund age -1.011 -1.046 -1.048 -1.045 -1.046 -1.144 -1.046 -0.964 -1.024 -1.007 -1.398

SAT

WORK

(-7.89)
0.844
(2.31)
-0.059
(-0.88)

(-7.51) (-7.44) (-7.45) (-7.47) (-8.67) (-7.66) (-7.14) (-7.24) (-7.03) (-8.22)

C=X*D 0.005
(0.19)

0.11
(2.02)

0.182
(1.73)

0.073
(0.5)

0.235
(1.36)

0.027
(0.91)

-0.113
(-2.29)

-0.181
(-1.75)

-0.335
(-2.37)

0.389
(2.61)

Adj. R 2 3.14% 3.09% 3.12% 3.11% 3.09% 3.10% 3.11% 3.12% 3.11% 3.18% 3.11%

The dependent variable is quarterly flow growth rate. The variable SAT is constructed as follows. We first identify the undergraduate college the 
manager attended, then we find the SAT scores of the college from U.S. News and Princeton Review. The years o f working variable is either 
directly from the dataset or is calculated by assuming that the manager started working right after MBA if he/she has one. The variable fund 
age is directly from the dataset. To eliminate outliers, we delete top and bottom 1% observations. The row below coefficients reports t-statistics, 
which are calculated using Newey-West standard errors (lag =  4), and year dummies are included in the model.
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CHAPTER 2. MANAGER CHARACTERISTICS AND HEDGE FUND PERFORMANCES

Table 2.6: Risk Arbitrage 

Panel A: Annual Risk Arbitrage Returns

Risk Arb Hedge Fund
Year Index Market Risk-free Index

1994 -1.41 -0.75 3.91 -4.36
1995 15.9 35.67 5.6 21.69
1996 19.52 33.61 6.9 35.27
1997 19.16 38.71 6.62 26.7
1998 3.59 38.03 6.48 -3.98
1999 27.11 32.75 7.02 30.33
2000 12.96 -19.21 7.45 2.24
2001 8.35 -26.35 4.9 3.8
2002 4.88 -17.94 2.16 4.93
2003 7.14 28.79 0.96 14.36

Panel B: Piecewise Linear Regression for Different Threshold

______________________ Plow P hiah  Adj. R

Threshold= - 3% 0.205 0.098 29.8%
Threshold= - 4% 0.234 0.098 30.3%
Threshold= - 5% 0.272 0.098 31.0%

Panel C: Relation with Manager Characteristics

a Plow P hiah Ex. Ret

Intercept -1.615 0.187 0.059 -1.403
(-1.68) (1.73) (0.64) (-1.17)

SAT 0.103 0.019 0.012 0.147
(2.14) (2.97) (2.55) (2.5)

WORK -0.024 -0.003 -0.001 -0.023
(-2.87) (-2.8) (-1.95) (-2.19)

Fund age -0.012 0.01 0.006 0.016
(-0.56) (3.96) (3.26) (0.51)

Lag(size) 0.045 -0.019 -0.007 -0.047
(0.94) (-3.9) (-1.8) (-0.76)

Adj. R 2 12.09% 7.36% 6.11% 7.70%

This table only includes hedge fund with a risk arbitrage investment focus. The bs in Panel B and 
C are defined as in Equation 5.4. The variable SAT is constructed as follows. We first identify 
the undergraduate college the manager attended, then we find the SAT scores o f the college from 
U.S. News and Princeton Review. The years of working variable is either directly from the dataset 
or is calculated by assuming that the manager started working right after MBA if he/she has one. 
The variable fund age is directly from the dataset. To eliminate outliers, we delete top and bottom 
1% observations. In Panel C, t-statistics are reported in parenthesis, which are calculated using 
Newey-West standard errors (lag =  4), with year dummies included in the model.
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Table 2.7: Trend Follower

Panel A: Regression of TF Index Returns on Different Set o f PTFS Portfolios

Intercept ftb o n d f t  c u rre n c y f t  c o m m o d ity f t  s to ck ftin t e r e s t  Adj. R

Model 1 0.898 0.018 0.032 0.049 0.024 -0.008 27.8%
Model 2 0.882 0.017 0.031 0.047 0.021 28.0%
Model 3 0.772 0.021 0.034 0.048 26.9%

Panel B: Relation with Manager Characteristics

a f t  bond ftc u r re n c y ftco m m o d ity @ sto ck Ex. Ret

Intercept -0.141 0.081 0.327 0.579 0.080 0.095
(-0.04) (0.88) (3.88) (3.68) (0.74) (0.03)

SAT 0.297 -0.004 -0.010 -0.007 0.000 0.009
(1.91) (-1.28) (-2.79) (-1.20) (-0.02) (0.06)

WORK 0.038 -0.001 -0.002 0.000 0.000 0.004
(1.14) (-1.55) (-2.12) (0.10) (0.39) (0.13)

Fimd age -0.104 -0.001 0.002 0.000 0.000 -0.066
(-2.30) (-0.80) (1.75) (-0.15) (-0.12) (-1.59)

Lag(size) -0.091 -0.001 -0.008 -0.015 -0.001 -0.160
(-0.57) (-0.14) (-2.23) (-2.77) (-0.11) (-0.90)

Adj. R 2 4.73% 4.08% 13.70% 4.48% 8.36% 1.29%

This table only includes hedge fund with a trend follower investment focus. The /3s in Panel A and 
B are defined as in Equation 2.5.2. The variable SAT is constructed as follows. We first identify the 
undergraduate college the manager attended, then we find the SAT scores of the college from U.S. 
News and Princeton Review. The years o f working variable is either directly from the dataset or is 
calculated by assuming that the manager started working right after MBA if he/she has one. The 
variable fund age is directly from the dataset. To eliminate outliers, we delete top and bottom 1% 
observations. In Panel A, numbers in bold indicate significance at 5% level. In Panel B, t-statistics 
are reported in parenthesis, which are calculated using Newey-West standard errors (lag =  4), with 
year dummies included in the model.
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Table 2.8: Incentive Structure And Fund Manager Characteristics

Panel A: High Watermark

I II III IV

Intercept 1.933 1.228 1.364 1.336
(2.19) (1.63) (1.81) (1.77)

D(HWM) -1.305 0.293
(-1.26) (2.50)

SAT 0.108 0.153 0.143 0.156
(2.17) (3.97) (3.67) (4.05)

SAT*D(HWM) 0.110 0.024
(1.43) (2.64)

WORK -0.023 -0.021 -0.020 -0.026
(-3.02) (-3.43) (-3.37) (-4.33)

WORK*D(HWM) 0.008 0.014
(0.65) (2.70)

Adj. R 2 1.06% 1.06% 1.06% 1.06%

Panel B: Personal Capital Investment 

I II III IV

Intercept 0.110 1.293 1.198 1.202
(0.12) (1.71) (1.58) (1.59)

D(PCI) 1.859 -0.151
(1.83) (-1.29)

SAT 0.240 0.158 0.166 0.160
(4.23) (4.12) (4.26) (4.15)

SAT* D(PCI) -0.143 -0.013
(-1-87) (-1.48)

WORK -0.019 -0.023 -0.023 -0.019
(-2.23) (-3.90) (-3.89) (-3.02)

WORK* D(PCI) -0.007 -0.007
(-0.63) (-1.51)

Adj. R 2 1.03% 1.01% 1.02% 1.02%
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Panel C: Regular Hedge Funds vs. Funds of Funds

I II m  IV

Intercept 1.367 1.235 1.235 1.229
(1.74) (1.62) (1.63) (1.62)

D(F of F) -1.393 0.047
(-1.31) (0.42)

SAT 0.148 0.157 0.157 0.157
(3.58) (4.08) (4.08) (4.09)

SAT*D(F o f F) 0.088 0.005
(1.06) (0.53)

WORK -0.026 -0.024 -0.024 -0.024
(-3.75) (-3.88) (-3.89) (-3.84)

WORK*D(F of F) 0.014 0.004
(1.20) (0.90)

Adj. R 2 0.99% 1.00% 1.00% 1.00%

The dependent variable, quarterly risk-adjusted return is calculated as the hedge fund style index 
adjusted return. The variable SAT is constructed as follows. We first identify the undergraduate 
college the manager attended, then we find the SAT scores o f the college from U.S. News and 
Princeton Review. The years of working variable is either directly from the dataset or is calculated 
by assuming that the manager started working right after MBA if he/she has one. The variable fund 
age is directly from the dataset. To eliminate outliers, we delete top and bottom 1% observations. 
The row below coefficients reports t-statistics, which are calculated using Newey-West standard 
errors (lag =  4), with year dummies included in the model.
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Chapter 3 

Option Volatility Smirk and Future 

Stock Returns

3.1 Introduction

One fundamental question in finance is how information becomes incorporated into asset 

prices. Due to distinct characteristics o f different markets, informed traders may choose 

certain market to trade, and thus information will be first incorporated into asset prices 

where these trades happen. I f  other markets fail to adjust quickly to the new information 

because o f market inefficiency, we might observe lead-lag relations between asset prices 

among different markets. In this paper, we exploit comprehensive public option transaction 

data to demonstrate that option prices contain important information for the underlying 

equities. In particular, we focus on the predictability and information content o f volatility 

smirks, which is the difference between the implied volatility o f an out-of-the-money (OTM 

hereafter) put option and the implied volatility o f an at-the-money (ATM hereafter) call 

option. We demonstrate that option volatility smirks significantly predicts future equity 

returns in the cross-section. Our analysis also sheds light on the nature o f the information 

embedded in volatility smirks. The pattern o f volatility smirks has been well-known for 

stock index options, and many papers provide explanations for the volatility smirks pattern. 

Bates (1991) argues that the set o f index call and put option prices across all exercise prices 

gives a direct indication o f market participants aggregate subjective distribution o f future
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price realizations. Therefore, OTM puts become unusually expensive (compared to ATM 

calls) and volatility smirks become especially large before big negative jumps in price 

levels, for example during the year preceding the 1987 stock market crash. In an index 

option pricing model, Pan (2002) incorporates both a jump risk premium and a volatility 

risk premium,1 and shows investors aversion toward a negative jump is the driving force for 

the volatility smirks. For OTM put options, the jump risk premium component represents 

80% of total risk premium, while the same number is only 30% for OTM call. That is, 

investors tend to choose OTM puts to express their worry about future negative jump risk 

and consistently, OTM puts become more expensive before big negative jumps.

We focus on individual stock options rather than stock index options. We first document 

the prevalent existence o f volatility smirks in individual stock options. For all firms with 

listed options during 1996 to 2005, more than 88% observations display positive volatility 

smirks, with a median difference between OTM put and ATM call implied volatility o f 

5%. Next, we demonstrate that the implied volatility smirks has economically and statis

tically significant predictability for future stock returns. Based on Bates (1991) and Pan 

(2002) argument on index option, higher volatility smirks in individual options should sim

ilarly reflect higher subjective probability o f large negative price jumps, and thus firms 

with steeper volatility smirks should have lower subsequent returns compared to firms with 

flatter volatility smirks. For our sample period from 1996 to 2005, stocks with steeper 

volatility smirks underperform those with flatter smirks by 0.46% per week (or 26.95% 

per year) on a risk-adjusted basis. The predictability is robust to controls o f various cross- 

sectional effects, such as size, book-to-market, idiosyncratic volatility and momentum. We 

further examine if this predictability is driven by small firms by restricting our sample to 

only the large firms in the Russell 1000 index.2 In addition, we also exclude the Russell 

1000 firms with high shorting costs. Even with a sample o f largest US equity firms with 

relatively low transaction costs, we find the risk-adjusted return to the long-short strategy 

to be over 20% per year, indicating strong predictability o f implied volatility.

This predictability suggests that some informed traders choose option market to trade

'Many other papers also include both jump and volatility processes for index option pricing models, for 
instance Duffie, Pan and Singleton (2000), Broadie, Chernov and Johannes (2005) and many more.

2The Russell 1000 index consists o f approximately 92% of the total US equity market capitalization.
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on their information. Black (1975) suggests that informed investors prefer to trade on their 

superior information about fundamentals in the option market because they can take more 

leveraged positions. Easley, O ’Hara and Srinivas (1998) develop a sequential trade model 

for informed traders in both the stock market and option market. For profit-maximizing 

informed traders to prefer to trade in the option market, the leverage in option should be 

high, the stock should be illiquid, and/or the number o f informed traders in the stock market 

should be large.3 Our empirical results show that predictability from volatility smirks is 

stronger for firms with higher option leverage and for firms with a higher concentration of 

informed trading in its equity, which supports the theoretical predication o f Easley, O ’Hara 

and Srinivas (1998).

The predictability o f volatility smirks indicates that it must contain some relevant in

formation for the firm in the future. To understand the nature o f the information embedded 

in volatility smirks, we first investigate the relation between volatility smirks and future 

earnings shocks. We find that stocks with the highest volatility smirks are those stocks 

experiencing the most negative earnings shocks in the coming quarter. We further examine 

whether the predictability persists or reverses itself right away. We find the predictability 

implied by the volatility skew is persistent for up to three months and then slowly dies out. 

Our results indicate that the information in volatility smirks is related to firm fundamentals.

Our paper contributes to the literature which examines the linkage between the option 

market and stock market at firm level.4 Easley, O ’Hara and Srinivas (1998) provide em

pirical evidence that option volume (separated by buyer-initiated and seller-initiated) can 

predict stock returns. Ofek, Richardson and Whitelaw (2004) use individual stock options 

in combination with the rebate rate spreads to examine deviation from put-call parity. They 

find the extent o f deviation from put-call parity and the rebate rate spreads are significant 

predictors o f future stock returns. Chakravarty, Gulen and Mayhew (2004) investigate the 

contribution o f option markets to price discovery and find that for their sample o f 60 firms

3 Alternatively, informed traders could choose to trade OTM put when there is bad news, because short- 
selling becomes too expensive in the stock market. As mentioned earlier, we find the predictability is essen
tially the same after we exclude firms with higher shorting cost. Therefore, short-selling constraint in the 
stock market does not appear to be the main reason for predictability of volatility smirks.

4The literature is too large to be fully reviewed here, and we simply include several papers that are most 
related.
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over five years option market’s contribution to price discovery is about 17% on average. 

Cao, Chen and Griffin (2005) find that prior to takeover announcements, call volume im

balances are strongly correlated to next-day stock returns. Finally, Pan and Poteshman 

(2006) show put-call ratios by newly initiated trades have significant predictability for eq

uity returns, which indicates informed trading in the option market.

Our work differs from previous papers in several dimensions. First, we are the first 

paper to exam the information content o f volatility smirks o f individual stock options. The

oretical work like Pan (2002) has illustrated that investor’s aversion to large negative jumps 

is very important for the shape o f the volatility smirks. Intuitively, OTM put is a natural 

place for informed traders with negative news to place their trades and thus the shape of 

the volatility smirks would reflect the likelihood o f negative news happening in the future. 

Previous literature has mostly focused on information content in volume. For instance, Pan 

and Poteshman (2006), Cao, Chen and Griffin (2005) and Chan, Chung and Fong (2002) all 

investigate if volume from option market reflects predictive information for equity market. 

Chakravarty, Gulen and Mayhen (2004) and Ofek, Richardson and Whitelaw (2004) both 

uses option price information in predicting equity returns but none o f these studies exam the 

information content in volatility smirks. Besides, Chakravarty, Gulen and Mayhen (2004) 

have a relatively small sample with only 60 firms. Second, our results shed light on the 

informational contents o f volatility smirks. Given that the literature has documented option 

prices as well as other information in option market predict movements in the underlying 

security, it is natural to ask whether the predictability is due to informed trader’s informa

tion about fundamentals. We find the information embedded in volatility smirks is related 

to future earnings shock, where firms with the steepest volatility smirks have the most se

vere negative earnings surprises. Meanwhile, we also find that future earnings surprises 

can’t fully account for the predictive power o f volatility smirk, which indicates volatility 

smirks also contain other relevant information. Finally, we develop trading strategies based 

on the volatility smirks, and we examine risk-adjusted returns o f those trading strategies 

over different holding periods, in regard to how fast markets adjust to public information 

and whether those trading strategies are possibly profitable. Pan and Poteshman (2006) find 

that publicly observable option signals are able to predict stock returns for only the next one
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or two trading days and the stock prices subsequently reverse. They conclude that it is the 

private information that leads to the predictability. In contrast, we find no quick reversals 

o f the stock price movements following publicly observable volatility smirks. In fact, the 

predictability from volatility smirks persists at the monthly frequency and gradually dies 

out after three months. This obviously leads to a market inefficiency story, where the stock 

market is slow to digest public signals from the option market, possibly due to transaction 

cost or costs associated with collecting and analyzing the information from option market. 

Meanwhile, we also find that the above trading strategies are profitable, after we take into 

account o f transaction cost, for a holding period longer than one month.

This paper is organized as follows. Section 3.2 describes the data we use. Section 3.3 

summarizes empirical results on the predictability o f the option price information for equity 

returns. Section 3.4 investigates the information content o f volatility smirks. Section 3.5 

concludes.

3.2 Data

Our sample period is from January 1996 to December 2005. Option data are from Option- 

Metrics, which provides end-of-day bid and ask quotes, implied volatilities, volumes, and 

Greeks based on Black and Scholes (1973) model on every call and put option on individ

ual stocks traded on U.S. exchanges.5 Equity return and accounting data are from CRSP 

and COMPUSTAT, and earnings forecast data are from IBES.

Our implied volatility smirks measure, skew, is calculated as the difference between the 

implied volatilities o f an OTM put and an ATM call. For firm i at week t, we compute

skew i>t — v o l°™ p  — v o l tJ MC. (2.1)

A put option is defined as OTM when the ratio o f strike price to the stock price is lower 

than 0.95 (but higher than 0.80), and a call option is defined as ATM when the ratio of 

strike price to the stock price is close to 1. To make sure that the options have enough 

liquidity, we only include options with time to expiration between 10 and 60 days, and we

5Not every stock has listed and traded options. On average, the cross-sectional sample size increases 
substantially from 639 stocks in 1996 to 1594 stocks in 2005, which reflects the overall expansion of the 
equity option market over this period.
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only include firms with positive option trading within a week. For each day, we select the 

ATM call with strike price closest to stock price, and the OTM put with strike price closest 

to 0.95 * stock price. We compute the ATM call weekly implied volatility, volATMC, by 

averaging over the week (Tuesday to Tuesday). We also compute the OTM put weekly 

implied volatility, volOTMP, similarly.

Contrary to stock and bond markets, which always have positive supplies, options are 

derivatives, and the total long positions are equal to total short positions at all times. We 

can derive simple intuition o f the variable skew from interactions o f demand and supply 

in the option market. For instance, if  there is an overwhelming perception o f bad news 

coming for a firm, investors tend to buy put options either for protection against future 

stock price drops (hedging purpose), or for an expectation o f a higher return on the long put 

positions (speculative purpose). I f  there are more people wanting to long the put than those 

wanting to short the put, both the price and the implied volatility for the put will increase, 

reflecting the higher demand. In general, big buying pressure for puts is associated with 

bad news which will lower future stock prices. Empirically, we choose to use OTM put to 

better measure the severity o f the bad news. When the bad news is relatively severe, we 

expect big buying pressure for OTM puts, and our skew variable will take a higher value. 

We choose to use implied volatility o f ATM calls as the benchmark o f implied volatility, 

because it is generally believed that the ATM call is one o f the most liquid options traded 

and should fairly reflect investors’ consensus o f the firm’s uncertainty. We do not use 

OTM calls because OTM calls are less liquid than ATM calls. In addition, since we try to 

capture negative news, we remove observations where the implied volatility o f the OTM 

put is lower than that o f the ATM call. Since 88% of all observations have positive skew, 

this filter takes away 12% of total observations.6 We also do not directly calculate the 

buying pressure and selling pressure as in Easley, O ’Hara and Srinivas (1998) and Pan and 

Poteshman (2006) due to data limitations.

Table 3.1 provides summary statistics for the underlying stocks and options in our sam

ple. We present the distribution o f key variables over 365,706 firm-week observations. The

6The 12% of firms with negative skew are generally small firms with very low option trading volume, 
where ATM calls have higher implied volatilities because of low liquidity. If we don’t exclude those firms, 
the results are still quantitatively similar.
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first two rows report firm equity market capitalizations and book-to-market ratios. Natu

rally, our sample firms are relatively large with low book-to-market ratios, consistent with 

the fact that options are only traded for firms with large market capitalizations. The vari

able turnover in the third row is computed by dividing the stock monthly trading volume 

by the total number o f shares outstanding. On average, 26.22% of shares are traded within 

a month, which implies our sample firms are far more liquid than an average firm traded 

on NYSE/NASDAQ/AMEX, with a turnover o f about 13.70% per month over the same 

period. The variable volSTOCK in the fourth row is the stock return volatility, calculated 

over daily return data from past one month. An average firm in our sample has annual

ized volatility o f around 47.86%. Compared to the average firm level volatility o f 57% of 

all stocks as in Ang, Hodrick, Xing and Zhang (2006), our sample firms are less volatile, 

possibly again because our sample is tilted toward large firms. The last three rows report 

summary statistics calculated from option data. The implied volatility for an ATM call op

tion, volATMC, has an average o f 48.84%, close to 1% higher than the historical volatility, 

volSTOCK. This finding is consistent with Bakshi and Kapadia (2003a, 2003b), who also 

argue the difference is due to a negative volatility risk premium. The implied volatility for 

an OTM put option, volOTMP, has an average o f around 54.89%, much higher than both 

volSTOCK and volATMC. The variable skew, defined as the difference between v o l°™ p 

and volATMC, has a mean o f 6.05% and a median o f 4.97%.

3.3 Can Volatility Skew Predict Future Stock Return?

We argue that the variable skew reflects people’s expectations o f the likelihood of a neg

ative price jump. If  informed traders choose the option market to trade first, and if the 

stock market is slow in incorporating this information, then we should see that information 

incorporated in option prices predicts future stock returns. In this section, we illustrate that 

option volatility smirks predict future stock returns using different methodologies, and we 

also test whether our findings are consistent with theoretical implications o f Easley, O ’Hara 

and Srinivas (1998) on informed trades. Specifically, in Section 3.3.1, we construct long- 

short trading strategies based on volatility skew; in Section 3.3.2, we demonstrate that the 

predictability o f volatility skew is robust after controlling for other firm characteristics; in
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Section 3.3.3, we decompose skew into two parts and examine which part is driving the 

predictability; Section 3.3.4 shows the predictability is still strong and large after we re

strict our sample to the Russell 1000 universe; and finally, we test implications o f Easley, 

O ’Hara and Srinivas (1998) in Section 3.3.5.

3.3.1 Long-Short Portfolio Trading Strategy

We sort firms into portfolios for several reasons. First, if the difference between portfolio 

returns is big and significant, we can easily long the portfolio with the highest return and 

short the portfolio with the lowest return. The return on this long-short investment strategy 

heuristically illustrates the importance and significance o f this sorting variable. Second, 

compared to linear regressions, the portfolio sorting approach does not impose a (possibly 

restrictive) linear relation between the information variable and the return. Finally, by 

grouping individual firms into portfolios, we should be able to reduce firm level noises 

in the data. We form portfolios based on skew as follows. Each week, we sort all sample 

firms into decile portfolios based on the last week (Wednesday to Tuesday) average o f skew. 

Portfolio 1 includes firms with the lowest skews, and portfolio 10 includes firms with the 

highest skews. We then skip one day and compute the next week (from Wednesday close 

to Wednesday close) return o f individual decile portfolios.7

The decile portfolio returns and characteristics are presented in Table 3.2. Panel A re

ports skew-sorted decile portfolio returns over 514 weeks. On average, each decile portfolio 

has 58 stocks. Using value weighting, portfolio 1 with the lowest skews, has a weekly re

turn o f 0.44% (25.65% annualized), and portfolio 10, with the highest skews, has a weekly 

return of 0.01% (0.52% annualized). Consistent with our conjecture that steeper volatil

ity smirks forecast bad news, portfolio 10 underperforms portfolio 1 by 0.42% per week 

(24.35% annualized) with a t-statistic o f 3.96. The difference between portfolios 1 and 

10 becomes even larger if  we use equal weighting. Since we always find equal-weighting 

results are similar or stronger than value-weighting results, we will skip equal-weighting 

results in later discussions. We conduct risk-adjustment by applying the Fama and French

7We choose to skip one day between portfolio formation period and holding period because the option 
market closes at 4:02 pm for individual stock options, but the equity market closes at 4 pm. The results are 
even stronger if we do not skip a day.
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(1996) three-factor model. The Fama-French alpha for portfolio 1 and 10 are 0.24% and 

-0.22%, respectively. I f  we long portfolio 1 and short portfolio 10, the Fama-French alpha 

o f the long-short strategy is 0.46% per week (26.95% annualized) with t-statistics o f 4.36.

It is clear that the large spread for this long-short strategy is driven by both portfolio 1 and 

portfolio 10. I f  we add in the momentum factor to the Fama-French three factor model, 

which we denote as FF4, the results remain similar.

We report several characteristics o f the decile portfolio firms in Panel B. The size col

umn exhibits a hump-shaped pattern from portfolio 1 to 10. Even though market capital

ization for portfolio 1 and 10 are relatively smaller, as our sample consists mainly o f large 

cap firms, they are not really small as the average market capitalization is still above $ 4 

billion. For the bm column, the pattern is relatively flat, except for the decile 10, whose 

bm becomes higher than the other 9 deciles. For the stock return volatility, volatility for 

decile 1 and 10 are larger than the other 8 deciles. Since the pattern in volatility is not 

monotonic, the volatility effect (Ang et al 2006) might not be behind the predictive power 

o f volatility skew. The last column reports the difference between volATMC and volSTOCK. 

Interestingly, as skew increases monotonically from portfolio 1 to 10, the difference be

tween volATMC and volSTOCK decreases monotonically from portfolio 1 to 10. Thus, it is 

possible that skew’s predictive power is related to the magnitude o f the negative volatility 

risk premium.

3.3.2 Is The Predictability Driven By Other Firm Characteristics?

To separate the predictability o f option volatility smirks from the difference between volATMC 

and volSTOCK and other well-documented variables which are related to cross-sectional re

turn differences, we next control for those other variables. We use both a double sorting 

procedure and the Fama-MacBeth (1973) regression.

We consider 7 control variables which have been shown to have predictive power for the 

cross-sectional equity returns. The first control variable is firm size. Since Banz (1981), 

numerous papers have demonstrated that smaller firms have higher returns than bigger 

firms. The second control variable is book-to-market ratio. This is related to the value 

premium (Fama and French 1993, 1996), who document that firms with higher book-to-
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market ratios outperform firms with lower book-to-market ratios. The third control variable 

is lagged equity return from past six months. We use this variable to control for possible 

momentum effect (Jegadeesh and Titman 1993) in stock returns. The fourth control variable 

is stock historical volatility as Ang et al (2006) show high historical volatility strongly 

predicts low subsequent return. The fifth control variable is stock turnover. As shown in 

Lee and Swaminathan (2000) and Chordia and Swaminathan (2000), firm level liquidity is 

tightly related to a firm’s future stock return. The sixth control variable, the put-call call 

ratio (variable per), is calculated from option market as the average volume o f puts over 

volume o f calls from the last week. Pan and Poteshman (2006) show that high put-call 

ratio is related to low future stock returns.8 Finally, we control for the difference between 

volATMC and volSTOCK to examine whether the predictive power o f skew is related to the 

negative volatility risk premium, as in Bakshi and Kapadia (2003a, 2003b).

For the double sorting procedure, at the end o f each week (note we define week as from 

Tuesday to Tuesday), we first sort all firms into quintiles according to one control variable, 

observed from the last period . Then we sort firms within each quintile into 5 groups 

according to volatility smirks variable, skew. Now we have a total o f 25 portfolios, and we 

name them portfolios 11,..., 15,..., 51 ,..., 55. The first digit refers to the control variable 

ranking, from the lowest to the highest, and the second digit refers to the skew ranking, 

from the lowest to the highest. We recalculate the return o f individual skew portfolios by 

averaging over five portfolios with different control variable values. For instance, the return 

on the lowest skew portfolio is an average o f return on portfolio 11,21 ,31 ,41  and 51, and 

the return on the highest skew portfolio is an average o f return on portfolio 15, 25, 35, 

45 and 55. Using this approach, we make sure that the return spread between highest and 

lowest skew is not driven by any o f the control variables.

We present the double sort results in Panel A o f Table 3.3, where we report weekly 

Fama-French three-factor model alphas. Overall, by controlling several cross-sectional 

variables, the magnitude o f long-short strategy Fama-French alphas range between 0.22% 

and 0.32% per week, or -12.11% to -18.07% per year, with a t-statistic always higher than

8Pan and Poteshman (2006) use newly initiated put-to-call ratio to predict equity returns. As newly 
initiated put-to-call ratio is not publicly available, our overall put-to-call ratio serves only as a rough 
approximation.
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3. Compared to the single sort results in Table 3.2, with alpha of 0.46% and t-statistic of 

4.36, controlling for other variables obviously reduces the magnitude and significance of 

alphas, but the alphas are still economically large and statistically significant.

The advantage o f the portfolio sorting approach is that it represents an investable trad

ing strategy. However, we can only control other characteristics one by one using double 

sorting, and it is not empirically feasible to control all characteristics using sorting proce

dures. The alternative, Fama-MacBeth (1973) regression, enables us to control many firm 

characteristics at the same time.

The standard Fama-Macbeth regression has two stages. In the first stage, we estimate 

the following regression in cross section for each week t:

re ti>t+1 = bot -  bitskewit +  b2tlogsizeit 4- b3tbmit +  bitlretit

+bbtvolftTOCK +  b&tpcrit + bn turnoverit + eit. (3.2)

In the above specification, we control the same six firm characteristics: log o f firm 

market capitalization (variable logsize), book-to-market ratio (variable bm), return for past 

six months (variable Iret), volatility o f daily stock returns (variable volSTOCK), option 

put-call ratio (variable per) and stock turnover (variable turnover). Notice that this is a 

predictive regression, where the dependent variable is the return for the next week, and 

all independent variables are observable in the current week. After obtaining a time-series 

o f slope coefficients, bOt, ..., b7t, the second stage o f Fama-MacBeth methodology is to 

conduct inference on the time-series o f the coefficients, by assuming the coefficients over 

time are i.i.d. For robustness, we also examine results when we allow the time-series of 

coefficients to have a trend or to have auto-correlation structures by detrending and using 

the Newey-West (1989) adjustment. The results are similar to those o f the i.i.d. case and 

are available upon request.

We report the Fama-MacBeth regression results in Panel B o f Table 3.3. In the first re

gression, we only include skew, and the coefficient is -0.025 with a t-statistic o f -5.51. That 

is, if  the skew increases by 1%, the next week returns will decrease by 2.3 basis points. 

From Table 3.1, the 25 percentile o f skew is 2.94%, and the 75 percentile is 7.77%; when 

skew increases from 25 percentile to 75 percentile, the implied decrease in next week’s re

turn is (7.77%-2.94%)*(-0.023)=12 basis points, or 6.43% per year. When we include other
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controls in the second regression, the magnitude and t-statistic of the coefficient on skew 

stay essentially the same. Not surprisingly, the size variable carries a negative coefficient, 

because smaller size usually means higher return. However, the coefficient is insignificant. 

For the bm variable, the coefficient is positive and marginally significant, which is consis

tent with findings on the value effect. The lagged return over past six months turns out to 

be positive and significant, which indicates a strong momentum effect. For the firm lagged 

volatility, the coefficient is negative and significant, which is consistent with the volatility 

effect documented in Ang et al (2006). Most interestingly, we notice that the put-call ratio 

has a significant and negative coefficient for predicting future returns, which is consistent 

with findings in Pan and Poteshman (2006). Note that put-call ratio measures the differ

ence between volumes o f traded puts and calls. When there is a higher volume for puts 

than calls, it indicates that most investors are bearish rather than bullish. Investors who 

believe the price will drop in the future might use puts to express their bearish opinion 

while bullish investors would buy call options. This is similar to the intuition o f our skew 

variable. The difference is that the put-call ratio measures information using volume, while 

skew measures information using price. The above results show that they both are able to 

predict future negative returns, and their predictive powers are not completely overlapping. 

Otherwise, only one o f them should be significant. Finally, the liquidity variable turnover 

is not significant.

To summarize, after we control for other firm characteristics by using either double 

sorting or Fama-MacBeth regression, the predictive power o f skew is still economically 

large and statistically significant. One disadvantage o f the Fama-MacBeth regression is 

that we impose a linear structure over firm level data, which might be too restrictive and 

might not be able to control noise in firm level data. In later discussion, we will mainly 

focus on the portfolio sorting approach.
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3.3.3 Decomposing Skew

Notice that the skew variable can simply be decomposed into two parts:

r O T M P ' A TM Cskewij

rO T M P <ATMP ) +  (vol. -  v o lfJ MC

= slopeijt + pC{t , (3.3)

where the first part is the difference between an OTM put and an ATM put, which we denote 

as slope, and the second part is the difference between an ATM put and an ATM call, which 

we denote as pc. Intuitively, the two parts might contain different information. Suppose 

the informed trader knows that there will be a negative jump in the future, and thus he is 

bearish on the stock. Based on his bearish belief, he would prefer puts to calls in general, 

and it doesn’t have to be OTM puts. The informed trader would potentially prefer OTM 

puts to ATM puts when he believes the future negative jump is more likely to be severe 

because OTM puts would provide more leverage and more return for each dollar amount 

he paid for the puts. Therefore, the variable slope is more relevant for severe negative news, 

and the variable pc is relevant for all negative news.

The variable pc is closely related to ’’deviation from put-call parity”, as defined in Ofek, 

Richardson and Whitelaw (2004). Ofek et al (2004) compute the ’’deviation from put-call 

parity” as C-P+PV(K)-S+EEP, where C is call price, P is put price, PV(K) is the present 

value o f strike price K, S is the stock price, and EEP is the early exercise premium. Since 

our pc is the difference between implied volatilities o f an ATM call and an ATM put, 

and option prices are positively correlated with implied volatilities, the pc variable should 

be positively correlated with ’’deviation from put-call parity”. Ofek et al (2004) interpret 

the ’’deviation from put-call parity” as a measurement o f violation o f no-arbitrage, which 

can be an alternative interpretation for variable pc. On the other hand, variable slope is 

about price difference between two put options with different strike prices. As in Bates 

(1991), the set o f option prices across all exercise prices gives a direct indication o f market 

participants’ subjective distribution o f future price realizations. Based on this argument, 

variable slope measures the difference in distributions with different strike prices, and can 

be related to downside risk premium in option prices.
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The summary statistics for variable pc and slope are presented in Table 3.4, Panel A. 

We first compute cross-sectional statistics for variable skew, pc and slope every week, and 

the reported figures are averages over time-series o f cross-sectional statistics. The mean 

for skew, pc and slope are 6.129, 2.387 and 3.752, respectively, with corresponding cross- 

sectional dispersions o f 5.174,4.472 and 4.187. Hence, the magnitudes and the dispersions 

o f the two components o f skew are comparable. Both pc and slope have around 60% cross- 

sectional correlation with skew. By construction, the two variables should be negatively 

correlated, and the correlation is -32%.

The most important question is: is the predictability o f skew driven by pc, or slope? We 

address this issue by using a double sort procedure, and results are presented in Panel B of 

Table 3.4. We first sort all firms into quintile portfolios based on past pc or slope. Then 

within each pc or slope quintile, we further sort firms into quintiles based on past skew. 

We calculate the return for the lowest skew firms by averaging over the five portfolios 

with lowest skews, across different pc or slope groups. We calculate the return for highest 

skew in a similar way. I f  the predictability o f skew is driven by pc (or slope), then after 

controlling for pc (or slope) in double sort, we shouldn’t see a significant risk-adjusted 

difference between low skew firms and high skew firms. In the first two rows o f Panel B, 

after we control for information in pc, the difference between lowest skew firms and highest 

skew firms is still as large as 0.24% per week, with a t-statistic o f 3.56. If  we control for 

information in slope, the difference between lowest skew firms and highest skew firms 

becomes 0.18% per week, with a t-statistic o f 2.57. Obviously, neither pc nor slope can 

fully account for the information in skew, and both pieces are relevant for predictability of 

skew.

In results not reported, we also conduct single sort on pc and slope, separately. Firms 

with highest pc underperform firms with lowest pc by 23 basis points per week, with a 

t-statistic o f 2.15, by using the Fama-French 3 factor model for risk adjustment. This is 

consistent with Ofek et al’s (2004) finding that ’’deviation from put-call parity” is a signifi

cant predictor o f future returns. Recall from Table 3.2, firms with lowest skew outperform 

firms with highest skew by 46 basis points per week, with a t-statistic o f 4.36. Combining 

the two single sort results, we believe that the information in variable pc generates roughly
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half o f the predictability o f the variable skew.

3.3.4 The Long-Short Strategy For The Russell 1000 Stocks

In the above discussion, we illustrate the strong predictive power o f option price informa

tion for stock returns using long-short strategy, where we short the portfolio with highest 

skew, and we long the portfolio with lowest skew. Since the information we utilize is from 

last week option trading, which is publicly available, the long-short strategy itself should 

be implementable subject to liquidity constraints. In this section, we investigate if  this re

ally represents an attractive trading strategy. To address this issue, we need to take into 

account trading costs in our calculation. As noted in Cochrane (2005), ’’empiricists (are) 

struggling with definitions o f liquidity and how to see its effects”, here we take a simple 

cut by restricting ourselves to the Russell 1000 stocks.

Options can be listed for any stocks that are traded on exchanges, and some o f these 

stocks can be relatively small and less liquid, which will incur high transaction costs. The 

Russell 1000 stocks cover the large-cap segment o f the U.S. equity universe and represents 

approximately 92% o f the market cap o f the U.S. equity market. Presumably, the trans

action costs o f trading the Russell 1000 stocks are relatively lower than those o f smaller 

firms. We first present summary statistics for the Russell 1000 stocks and their options 

in Panel A o f Table 3.5. On average, there are 500 stocks each week in the Russell 1000 

index with valid option data. Compared to Table 3.1, the Russell 1000 stocks are on aver

age 50% larger than our original sample, and the Russell 1000 stocks have lower volatility 

(both historical and implied) than the original sample stocks. Interestingly, the Russell 

1000 stocks have lower equity turnover than our original sample stocks, which implies that 

stocks that are currently not in the index but with option trading tend to have high turnover. 

The magnitude o f skew is comparable to those in Table 3.1.

In Panel B o f Table 3.5, we present single sorting results for the Russell 1000 stocks 

using volatility skew. The decile portfolio with the highest skew firms underperforms the 

decile portfolio with the lowest skew firms by 0.36% per week, which is 6 basis points 

lower than the results in Table 3.2 when we include all eligible stocks. The t-statistic is 

3.35. If  we use the Fama-French three factor model as risk adjustment, the difference
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between decile 1 and 10 becomes 0.38% per week, with a t-statistic o f 3.49, which is 8 

basis points lower than the results in Table 3.2. We also include summary statistics for 

firm characteristics, size and bm, for each o f the decile portfolios. The pattern is generally 

similar to those in Table 3.2. Overall, within the Russell 1000 stocks, the information in 

option prices still generates large and significant return differences on a risk adjusted basis, 

while the magnitude becomes slightly smaller than when using all available stocks.

To make the long-short strategy work, one has to be able to buy the firms with the lowest 

skew and sell the firms with the highest skew, with relatively low costs. It is well-known 

that shorting a stock tends to be more expensive than buying a stock. A short-seller needs 

to locate the shares, put down collateral and then face the recall risk. Short-sellers receive 

minimal compensation on the collateral, which is measured by the rebate rate, paid by 

share-lenders to short-sellers. Usually the lenders will pay the federal overnight borrowing 

rate, but when demand for shorting one particular stock rises, the rebate rate might turn 

negative, which means that short-sellers will then pay the share-lenders. The negative 

rebate rate on a particular stock indicates that it is really expensive to short this stock. 

When investors construct the long-short strategy to lower transaction cost, they should 

avoid shorting the firms with negative rebate rates. I f  the information in skew is fully 

understood and incorporated by the stock short-selling market, or if  the stock short-selling 

market is perfectly efficient, it is possible that the firms with the highest skew are those 

firms with negative rebate rates. Consequently, since it is expensive to short firms with 

negative rebate rates, investors will not be able to form a profitable long-short strategy 

based on our skew variable. Our next robustness check is designed to show that our long- 

short strategy is still viable when excluding firms with higher shorting cost, i. e., when the 

rebate rates are lower than the federal overnight borrowing rate.

Since the market for shorting is a dealer market, the rebate rate data is not public and is 

hard to obtain. We are able to obtain monthly rebate rate data for a two year period, 2004 - 

2005, from a major brokerage firm in New York. Basically, we have 24 monthly snapshots 

o f rebate rates for the Russell 1000 stocks at the end o f each month. For each month, there 

are usually 40-70 stocks in the index with rebate rates lower than the federal rate. We are 

surprised to see that there is not much time-variation in which stocks have low rebate rates.
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For instance, the same 30-35 stocks always receive very low rebate rates across the two 

year sample. The lack o f time-variation indicates that the short-selling market might not be 

very efficient in incorporating new information.9

The results with rebate rate information are presented in Panel C o f Table 3.5. The 

left panel presents portfolio sorting results after we exclude firms with a rebate rate lower 

than the federal rate, and the right panel includes all available firms in the Russell 1000 

index for the same sample period and serves as a benchmark for comparison. In the left 

panel, the risk-adjusted returns (the Fama-French three factor model alpha) for decile 1 

and 10 become 0.20% and -0.06% per week. The long-short strategy can still generate 

a risk-adjusted return o f 0.26% per week, with a marginally significant t-statistic o f 1.69. 

Comparing the benchmark numbers in the right panel, we find that by excluding those 

expensive-to-short stocks, the return spread stays almost identical, which indicates that the 

lower spread and lower t-statistic, compared to Panel B, are both driven by the specific short 

sample period, rather than the rebate rate information. Therefore, excluding expensive-to- 

short stocks will not hurt the gains from the long-short strategy, which also implies that the 

short-selling market is not perfectly efficient in incorporating the information in the option 

volatility smirks.

Asset pricing theories, such as Miller (1977), predict that if  there is short-selling con

straint, firms can become over-priced, for instance, firms with high volatility skew might be 

over priced simply due to short-constraints and the price does not reflect the opinion o f the 

pessimistic investors. Another example is the over-pricing o f the internet stocks between 

1999 and 2000. Battalio and Schultz (2006) show that those over-priced internet stocks 

are not hard to short by using options, yet they are still overpriced. Similarly, we show 

that by avoiding firms with high shorting cost, the portfolio with high volatility skew firms 

still underperforms. Therefore, short-selling constraint is not the reason behind the return 

spread generated by skew.

We have to be particularly cautious when we interpret the above results. When we re

strict the sample to the Russell 1000 universe and when we exclude firms with high shorting 

cost, we don’t consider all other possible transaction costs, for instance, commissions and

9The caveat of this argument is that we have quoted rebate rates, and they are not necessarily the same as 
transaction rebate rates.
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possible price impact. Therefore, we would like to interpret the above results as evidence 

for strong predictability rather than strong profitability. More discussion on transaction 

cost is delayed to a later section, where we consider more trading strategies with different 

holding periods.

3.3.5 Where Do Informed Traders Trade?

Given the strong predictability o f volatility skew for future stock returns, it must be the case 

that some investors have information advantages, and they choose to trade in the option 

market rather than the stock market. Why do informed traders choose the option market to 

reveal information?

Easley, O’Hara and Srinivas (1998) provide a theoretical framework for understanding 

where informed traders trade. In the pooling equilibrium o f their model, given access to 

both the stock market and option market, informed traders will choose to trade in one or 

both markets based on profit maximization. The informed traders will choose to trade in 

the option market if  the options traded provide high leverage, and/or if  there are many 

informed traders in the stock market, and/or the stock market for the particular firm is 

illiquid. To test the above theoretical implications, we need to find measurable proxies for 

the key variables. For option leverage, the natural candidate is the option’s delta, which is 

the first order derivative o f option price with respect to stock price. Delta is calculated and 

provided by OptionMetrics using the Black-Scholes (1973) model. Our argument is that 

informed traders will use OTM put to reveal the negative information, and thus we focus 

on the delta o f OTM put, rather than delta o f ATM call. High leverage o f a put option is 

equivalent to a large magnitude (absolute value) o f delta. Easley, Hvidkjaer and O ’Hara 

(2002) proposes a PIN10 (probability o f informed trading) measure to proxy for percentage 

o f informed trading for individual stocks. We proxy stock trading liquidity by using stock 

turnover. To be consistent with Easley, O ’Hara and Srinivas (1998), the predictability of 

skew should become stronger when option delta is large, when PIN becomes high and when 

stock turnover is low.

To investigate how skew’s predictability fluctuates with option delta, PIN and stock

10The data on PIN is obtained from Hvidkjaer’s website, with the sample period from 1996-2002.
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turnover, we apply a double sort procedure on each o f the three variables. For instance, to 

see the skew’s predictive power across firms with different PINs, we first sort firms into 5 

groups based on PIN. Within each PIN group, we further sort firms into 5 groups based on 

skew. Within each PIN group, we calculate the return difference between portfolio 1 (with 

lowest skew firms) and portfolio 5 (with the highest skew firms). That is, we construct a 

long-short strategy within each PIN group. We calculate the risk-adjusted return for the 

long-short strategy using the Fama-French three factor model. If  informed traders choose 

to trade in the option market when there is higher concentration o f informed traders in the 

stock market (higher PIN), we should see a larger alpha for the long-short strategy for high 

PIN groups, and a smaller alpha for the long-short strategy for low PIN groups. The same 

idea applies to turnover and delta.

We present the double sort results in Table 3.6. We first examine the option leverage 

variable, the delta o f the OTM put option. For the firms with the lowest leverage in OTM 

put options, the long-short strategy has an alpha o f 0.14% per week, which is one third 

in magnitude o f the alpha in the highest leverage group, 0 45% per week. Both alphas 

are also statistically significant. Therefore, when the option has high leverage, informed 

traders are more likely to choose to trade in the option market since it is more profitable, 

and the predictability o f skew for equity returns is stronger for firms with higher option 

leverage. The evidence here lends direct support to the implications from Easley, Hvidk- 

jaer and O’Hara (2002). Turning to the results for PIN in the next two rows, we find for 

the first PIN group, the long-short strategy spread’s Fama-French alpha is 0.35% per week 

with t-statistic of 2.85. For the highest PIN group, the spread’s alpha increases to 0.85% per 

week with t-statistic o f 4.35. It is clear that for firms with higher asymmetric information, 

informed traders tend to choose the option market to reveal bad news, which also supports 

Easley, Hvidkjaer and O ’Hara (2002). For the turnover results in the last two rows, we 

find the empirical results inconsistent with the theoretical prediction from Easley, Hvidk

jaer and O ’Hara (2002). If  the stock liquidity affects where informed traders trade, and 

if  turnover could well capture the liquidity of a stock, we should have larger risk-adjusted 

return spreads for low turnover stocks compared to high turnover stocks. However, we find 

in the lowest turnover group, the risk-adjusted return for the long-short strategy on skew is
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0.15% per week, and insignificant, and in the highest turnover group, the long-short spread 

increases to 0.56% per week, with a t-statistic o f 2.99. It is possible that our monthly 

measure o f turnover is not a precise measure for stock liquidity.

Overall, the predictability o f option price information is stronger for firms with higher 

option leverage and with a higher concentration o f informed traders in the stock market. 

We do not find stock market liquidity plays an important role in the predictability, poten

tially because our turnover measure is a flawed liquidity proxy. The empirical findings in 

this section are mostly consistent with theoretical predictions from Easley, Hvidkjaer and 

O ’Hara (2002).

3.4 The Information Content Of Volatility Smirk

After discussing the strong predictability o f option prices, the next important question to 

ask is: what kind o f information do option traders know? The bottom line is: no matter 

what information the option traders possess, it is relevant for the firm and thus affects future 

stock returns. Broadly, relevant information for a firm includes shocks to discount rate and 

cash flow, which can be at aggregate market level, at industry level or firm-specific. Given 

the difficulty o f pinpointing what exact information the skew contains, in this section we 

conduct two experiments. We examine whether skew is relevant for future earnings surprise 

in Section 3.4.1, and we investigate the persistence of skew predictability in Section 3.4.2.

3.4.1 Volatility Smirks And Future Earnings Surprise

Since our data only spans 10 years, which is only enough for one or two small market- 

wide or industry-wide business cycles, we focus more on firm level information rather than 

aggregate counterparts. The most important firm level event is its earnings announcement. 

Dubinsky and Johannes (2006) note that the majority o f the volatility in stock returns is 

concentrated around earnings announcement days, which indicates earnings announcement 

is a major channel for new information release. Hence, our first effort is to investigate 

whether the option volatility smirks contain information related to future earnings. Amin 

and Lee (1997) document that option trading is related to price discovery o f earnings news,
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but they mostly focus on the 4 day period right before earnings announcement.

We take the following steps. First, we sort firms into quintile portfolios based on volatil

ity skew from last week. Then, we examine the next quarterly earnings surprise for firms 

in each quintile portfolio. The earnings surprise variable, UE, is the difference between 

announced earnings and the latest consensus earnings forecast before the announcement. 

We also examine the standardized earnings surprise variable SUE, by dividing UE by the 

standard deviation o f the latest consensus earnings forecast. I f  the information in skew is 

related to firm earnings, firms with the highest skew (most severe bad news) should have 

the lowest SUE/UE in the next quarter.

We report earnings surprise statistics in Table 3.7. In Panel A, we include all obser

vations with an earnings release within the next 12 weeks after we observe variable skew. 

Firms with the lowest skew have an average earnings surprise of around 0.84 cent for the 

next quarter, and firms with the highest skew have an average earnings surprise o f around 

-0.37 cent. This is consistent with the hypothesis that skew is related to future earnings, 

and high skew means bad news. The difference in UE between the lowest skew firms and 

highest skew firms is 1.22 cent, with a highly significant t-statistic o f 6.25. The next col

umn reports SUE, and the results are qualitatively similar. Since not all firms in our sample 

have data available in IBES, the average number o f stocks in each quintile is around 120.

To make sure that our results are not sensitive to the 12 weeks restriction, we also 

conduct tests where we include firms with earnings release for the next 1 to 24 weeks, and 

results are presented in Panel B. Here we focus on SUE, and the differences between lowest 

and highest skew firms are always positive and significant.

In Panel C, we estimate a simple Fama-MacBeth regression, where we regress future 

SUE on past skew. Not surprisingly, the skew variable can predict future SUE, and the 

coefficient is always negative and significant. Evidently, the information in volatility smirks 

is tightly related to future earnings surprise, i.e., firm’s fundamentals.11

11 One interesting question is whether the information in skew is completely about future earnings surprise. 
To address this issue, we use another double sort, where we first control future SUE, and then sort on skew. It 
turns out that low skew firms still significantly outperform high skew firms, but the magnitude becomes 25% 
smaller, after we control for future SUE. This implies that SUE is relevant for skew, but skew also contains 
other information.
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3.4.2 Persistence Of Volatility Smirk’s Predictability

In this section, we examine the reversal pattern in predictability. If  the stock market is very 

efficient and the digestion of the new information is fast, the predictability is unlikely to 

persist over a long period. Meanwhile, if  the information is about temporary fads, presum

ably the predictability will also fade away rather quickly, and the predictability is less likely 

to persist over a long period.

To test this hypothesis, we examine the predictability o f option volatility smirks from 

the last week for the next 24 weeks (around a half year) return. Compared to most other 

price reversal studies, our horizon is not particularly long, but notice that our option data 

have a short horizon to. We conduct a series o f Fama-MacBeth regressions,

re t i>t+1 =  bfU + b1tskewit +  b™tlog.sizelt + b%tbmit +  bltlretit

+b?;tvolftTOCK +  b%tpcrH + bjtturnoverit +  e£, (4.4)

where reti)t+n is the return for firm i during week t + n. The difference between Equation 

(4.4) and Equation (3.2) is that we include not only the next week’s return on the left-hand 

side, but we include returns for up to the next 24 weeks, with n = 1,..., 24.

We report the summary statistics for coefficients b\ ,..., bj5 in Panel A o f Table 3.8. For 

the first week, the coefficient on skew is as large as -0.025 with a t-statistic o f -5.51. The 

coefficient goes down to -0.008 for the second week, and ranges from -0.006 to -0.014 for 

the next twelve weeks, while all except one o f those coefficients are statistically significant. 

The coefficients start to lose significance after week 12. A joint test o f coefficients up to 12 

weeks are not significantly different from zero is easily rejected. It is clear from the table 

that the information in skew persists for about three months, and then gradually decreases.

Alternatively, we examine the persistence o f skew predictability by using holding period 

returns. In Panel B o f Table 3.8, we first form decile portfolios by sorting firms on past 

week skew, and then we report holding period returns for the next 1 week until the next 24 

weeks. Those holding period returns are adjusted by the Fama-French three factor model, 

and they are annualized. For a holding period o f one week, the annualized return difference 

between firms with the lowest skew and the highest skew is 23.92%. When we extend the 

holding period to two weeks, the annualized return difference reduces to 18.72%, which
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indicates that a small part o f the information has been incorporated into stock prices. For 

four weeks, eight weeks and twelve weeks, the annualized return differences are 11.18%, 

10.14% and 12.48%. Obviously, information in volatility smirks is gradually incorporate 

into equity prices. But even for a holding period twenty-four weeks, the annualized return 

difference is still as large as 9.01%. All above return differences are statistically significant 

with t-statistics higher than 2.97.

The persistence o f the predictability o f volatility skew suggests equity market is slow 

in reacting to information in the option market, and the information is not about temporary 

fads. One possible explanation for market inefficiency might be the cost associated with 

collecting and analyzing the data from the option market. Comerton-Forde, Hendershott 

and Jones (2007) examine trading cost over 1994 - 2004 for NYSE firms. In terms of 

effective spread, for an average NYSE firm, the one way trading cost is about 20 basis 

point in 1994, it goes down to 10 basis points in 1997, and it is less than 5 basis points for 

2004. For our long-short strategies, on each rebalancing day, investors at most incur 4 one

way trading costs if  there are no overlaps between the old long/short portfolios and the new 

long/short portfolios. Suppose we take the average transaction cost as 10 basis points for 

our sample period, and suppose we choose 2-week holding period and rebalance 26 times 

per year. Then transaction cost will take lObp * 4 * 26 = 10.40%, while the 2 week holding 

period return is 18.72%. Hence, our long-short strategy still represents a profitable strategy. 

I f  the investors would like to save on transaction cost, and rebalance less frequently, they 

can choose to holding for 4 weeks or 8 weeks, and profitability stays intact. The above 

calculation is rather preliminary, because we don’t consider commissions (even though it is 

pretty low nowadays), and we don’t consider cross-sectional differences in the transaction 

costs. But those numbers clearly show that our strategies are very likely to be profitable in 

real life.

3.5 Conclusion

As we have noted in the outset o f this paper, one fundamental question in finance is how 

information is incorporated into asset prices. Informed traders might choose to trade in dif

ferent markets to take their informational advantage. Thus, one market could lead another
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market in the price discovery process, if the second market is not efficient in absorbing 

the new information. In this paper we investigate the predictability o f option volatility 

smirks for future equity returns, where volatility smirks is the difference between implied 

volatilities o f OTM puts and ATM calls.

Empirically, the majority o f individual stock options exhibit a volatility smirk pattern. 

We find volatility smirks defined as skew has significant predictive power for future equity 

returns and the cross-sectional predictability is robust to various controls. For a sub-sample 

o f the Russell 1000 stocks, which are less expensive to trade, we still find the portfolio 

with the highest skew under-perform the portfolio with lowest skew by more than 15% per 

year after risk-adjustment. The predictability is consistent with the existence o f informed 

traders in the option market and an inefficient stock market.

Consistent with prediction by Easley, Hvidkjaer and O ’Hara (2002), we find the pre

dictability o f skew is stronger for stocks with more informed traders, and stocks with higher 

option leverage. The predictability o f skew is persistent for up to three months horizon and 

then slowly dies out. We also find firms with the steepest volatility smirks are those expe

riencing the most negative earnings shocks in subsequent months. This suggests that the 

information embedded in option prices are related to firm fundamentals.
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Table 3.1: Summary Statistics

Variable Mean 5% Ql Median Q3 95%

size($b) 12.70 0.33 1.03 3.02 9.84 54.64
bm 0.38 0.06 0.17 0.29 0.49 0.95
turnover (%) 26.22 5.03 10 13 18.21 32.72 71.86
vo lSTOCK (%) 47.86 16.59 27.40 39.88 59.41 105.63
volATMC (%) 48.84 20.65 31.58 43.14 60.52 95.99
vo lOTMP (%) 54.89 25.63 37.05 49.22 67.12 102.80
skew (%) 6.05 0.85 2.94 4.97 7.77 14.78

This table presents the summary statistics of our sample over the period 1996 to 2005. Data on stocks is 
obtained from CRSP and Compustat, and data on options is from OptionMetrics. Variable size is the firm 
market capitalization in $ billion. Variable bm is the book-to-market ratio. Variable turnover is calculated as 
monthly volume over shares outstanding in percentage. Variable vo lSTOCK is underlying return volatility 
calculated using last month stock daily returns. Variable vo lATMC is the Black-Scholes implied volatility for 
at-the-money call options, with strike price / stock price close to 1. Variable vo lOTMP is the Black-Scholes 
implied volatility for out-of-the-money put options, with strike price / stock price close to 0.95. Variable skew 
is the difference between vo lOTMP and vo lATMC. Reported statistics are calculated over a pooling panel of 
365,706 firm-week observations.
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Table 3.2: Predictability o f Volatility Smirks for Future Stock Returns

Panel A: Raw Returns and Risk-Adjusted Returns

decile
value-

weighted t-stat
equally-
weighted t-stat

FF3
alpha t-stat

FF4
alpha t-stat

low skew 0.44 3.12 0.44 2.74 0.24 3.68 0.21 3.12
2 0.29 2.23 0.18 1.22 0.10 1.52 0.05 0.78
3 0.22 1.71 0.22 1.49 0.05 0.75 0.01 0.22
4 0.21 1.71 0.20 1.39 0.05 0.98 0.03 0.48
5 0.27 2.13 0.21 1.43 0.10 1.72 0.09 1.51
6 0.18 1.48 0.19 1.26 0.01 0.22 0.00 0.03
7 0.14 1.12 0.21 1.43 -0.03 -0.56 -0.01 -0.28
8 0.22 1.73 0.23 1.56 0.05 0.82 0.06 0.93
9 0.22 1.68 0.12 0.79 0.04 0.62 0.09 1.41
high skew 0.01 0.10 -0.03 -0.21 -0.22 -2.84 -0.16 -2.07
low-high 0.42 3.96 0.47 6.22 0.46 4.36 0.36 3.53

Panel B: Other Characteristics

volATMC
decile skew size bm v o l S T O C K - v o l STOCK

low skew 0.94 7.39 0.37 51.34 2.53
2 2.17 11.20 0.35 48.74 1.50
3 3.06 14.16 0.35 47.38 1.02
4 3.84 16.15 0.34 46.94 0.75
5 4.62 16.87 0.34 47.23 0.46
6 5.46 16.93 0.34 47.21 0.34
7 6.46 15.64 0.35 47.97 0 19
8 7.77 13.45 0.36 48.94 -0.04
9 9.82 9.99 0.39 50.32 -0.32
high skew 16.39 4.78 0.44 53.49 -0.52

Data is from CRSP and Compustat (for stocks) and OptionMetries (for options) over the sample period 
1996 to 2005. Variable skew is the difference between implied volatility of out-of-the-money put options 
(strike/stock close to 0.95) and at-the-money call options (strike/stock close to 1) Panel A and B reports 
weekly portfolio forming results based on skew. For each week, we calculate the average skew for each stock 
based on last week data and from decile portfolios based on average skew. We then skip a day and hold 
the decile portfolios for another week. Each decile portfolio has 58 stocks on average. Panel A reports raw 
returns and risk-adjusted returns using Fama-French 3 factor model and Fama-French 4 factor model (with a 
momentum factor). The t-statistics are calculated over 514 weeks. Panel B presents several characteristics, 
which are computed by averaging over firms within each decile portfolio. Variable size is the firm market 
capitalization in Sbillion. Variable bm is the book-to-market ratio. Variable volSTOCK is the underlying 
return volatility calculated using last month stock daily returns. Variable vo lATMC is the Black-Scholes 
implied volatility for at-the-money call options, with strike price / stock price close to 1.
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Table 3.3: Predictability o f Volatility Smirks after Controlling for Other Effects

Panel A: Portfolio Double Sort Approach

low skew 2 3 4 high skew low-high

size 0.15 0.03 0.05 0.08 -0.12 0.27
(3.63) (0.64) (1.04) (1.55) (-2.43) (4.77)

bm 0.20 0.12 0.06 0.07 -0.04 0.25
(4.66) (2.98) (1.61) (1.70) (-0.83) (3.58)

lret 0.20 0.12 0.06 0.03 -0.03 0.22
(4.06) (2.73) (1.30) (0.65) (-0.56 (3.33)

vo lSTOCK 0.19 0.10 0.05 0.04 -0.06 0.25
(3.49) (2.00) (1.02) (0.86) (-1.02) (3.15)

turnover 0.24 0.13 0.18 0.08 -0.08 0.32
(4.24) (2.33) (3.46) (1.37) (-1.38) (4.06)

per 0.21 0.06 0.05 0.07 -0.07 0.28
(4.89) (1.49) (1.52) (1-72) (-1.31) (3.90)

V o l A T M C  _  v d S T O C K 0.23 0.11 0.09 0.10 -0.05 0.28
(4.82) (2.75) (2.25) (2.22 (-0.91) (3.74)

Panel B: Fama-MacBeth Regression

I n

regression coef. t-stat coef. t-stat

Intercept 0.347 (2.40) 0.532 (1.40)
skew -0.025 (-5.51) -0.022 (-5.62)
logsize -0.007 (-0.34)
bm 0.155 (1.85)
lret 0.254 (2.38)
vo lstock -0.057 (-1.95)
per -0.141 (-1.97)
turnover 0.001 (0.89)
Adj. R 2 0.27% 7.58%

Panel A presents the double-sort results. The portfolio sorting variable, skew , is the difference between 
implied volatility of OTM put options (strike/stock close to 0.95) and ATM call options (strike/stock close to 
1). We use seven control variables. Variable s iz e  is the firm market capitalization in Sbillion. Variable bm 
is the book-to-market ratio. Variable Iret is the last six month return. Variable volSTOCK is the underlying 
return volatility calculated using last month stock daily returns. Variable tu rn over  is the stock trade volume 
over number of shares outstanding. Variable per  is the option volume put-call ratio. Variable vo lATMC is the 
Black-Scholes implied volatility for at-the-money call options, with strike price / stock price close to 1. We 
first sort all firms into quintile portfolios based on control characteristics, and within each quintile, we further 
sort firms into quintile portfolios based on skew . In total we have 25 portfolios. Reported return for portfolio 
1 (5) in the first (fifth) column is the average return over five portfolios with the lowest (highest) skew , in 
different characteristics groups. Return on low-high is the difference between portfolio 1 and portfolio 5. In 
Panel A, presented numbers are Fama-French 3 factor model alphas, and the t-statistics are calculated over 
514 weeks o f time-series observations. Panel B reports the Fama-MacBeth estimates from Equation (3.2). 
The dependent variable is stock’s next week return. Reported numbers are the time-series averages o f weekly 
estimates and adjusted R 2. t-statistics are calculated over 514 weeks of time-series observations.
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Table 3.4: Volatility Smirk Decomposition

Panel A: Summary Statistics

Correlation

mean stdev p25 median p75 skew pc slope

skew 6.139 5.174 2.893 4.982 7.911 100% 59% 56%
pc 2.387 4.472 0.191 1.475 3.546 59% 100% -32%
slope 3.752 4.187 0.958 3.021 5.487 56% -32% 100%

Panel B:
Can Either PC Or Slope Fully Explain the Predictability o f Skew?

low skew 2 3 4 high skew low-high

pc 0.21 0.06 0.10 0.07 -0.03 0.24
4.39 1.44 2.84 1.86 -0.70 3.56

slope 0.17 0.17 0.08 0.02 -0.01 0,18
3.85 4.54 2.23 0.58 -0.23 2.57

In the table, we decompose our skew measure into two part, pc and slope, and investigate which component 
can explain the predictability of skew. Variable skew is the difference between implied volatility of out-of-the- 
money put options (strike/stock close to 0.95) and at-the-money call options (strike/stock close to 1). Variable 
pc is the difference between implied volatility o f at-the-money put options (strike/stock close to 1) and at- 
the-money call options (strike/stock close to 1). Variable slope is the difference between implied volatility 
of out-of-the-money put options (strike/stock close to 0.95) and at-the-money put options (strike/stock close 
to 1). In Panel A, we present summary statistics o f skew, pc and slope, where we first average over cross 
section every week, and then average over time series of cross-sectional statistics. In Panel B, we present the 
double-sort results. We first sort all firms into quintile portfolios based on either pc or slope, and within each 
quintile, we further sort firms into quintile portfolios based on skew. In total we have 25 portfolios. Reported 
return for portfolio 1 (5) in the first (fifth) column is the average return over five portfolios with the lowest 
(highest) skew, in different pc or slope groups. Return on low-high is the difference between portfolio 1 and 
portfolio 5. Fama-French 3 factor model alphas are reported in Panel B and the t-statistics are calculated over 
514 weeks of time-series observations.
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Table 3.5: The Russell 1000 Universe

Panel A:
Summary Statistics for Underlying Stocks and Options Data in Our Sample

Variable Mean 5% Q1 Median Q3 95%

size($b) 18.75 1.41 2.98 6.46 15.94 76.26
bm 0.39 0.06 0.17 0.29 0.49 0.97
turnover (%) 21.21 4.54 8.46 14.24 25.43 59.60
vo lSTOCK (%) 41.16 15.26 24.09 34.32 50.13 91.11
vo lATMC (%) 41.94 19.26 28.00 37.04 50.42 82.31
vo lOTMP (%) 47.76 24.22 33.41 42.88 56.75 88.38
skew (%) 5.82 0.97 3.10 4.99 7.51 13.35

Panel B:
Portfolio Sorting with All the Russell 1000 Stocks

decile
value-

weighted t-stat
FF3

alpha t-stat skew size bm

low skew 0.41 2.98 0.22 3.26 1.08 11.72 0.39
2 0.32 2.46 0.13 1.97 2.29 16.52 0.36
3 0.21 1.57 0.03 0.43 3.10 19.37 0.35
4 0.25 2.03 0.10 1.74 3.83 22.56 0.34
5 0.18 1.51 0.01 0.19 4.53 22.90 0.34
6 0.22 1.76 0.07 1.20 5.28 23.84 0.35
7 0.10 0.82 -0.07 -1.29 6.16 22.52 0.35
8 0.26 2.06 0.10 1.59 7.30 20.80 0.36
9 0.23 1.83 0.05 0.82 9.05 17.13 0.39
high skew 0.04 0.32 -0.16 -2.09 14.39 9.83 0.47
low-high 0.36 3.35 0.38 3.49

Panel C:
Portfolio Sorting for Stocks with Rebate Rate Information (2004-2005)

the Russell 1000 firms with rebate rate all Russell 1000 firms
equal to federal rate with rebate information

decile
value

weighted t-stat
FF3

alpha t-stat
value-

weighted t-stat
FF3

alpha t-stat

low skew 0.55 2.74 0.20 1.93 0.54 2.69 0.19 1.83
2 0.39 2.23 0.08 0.82 0.38 221 0.08 0.82
3 0.10 0.53 -0.23 -2.20 0.09 0.46 -0.24 -2.33
4 0.36 2.26 0.09 1.16 0.35 2.18 0.09 1.14
5 0.21 1.22 -0.08 -1.17 0.23 1.38 -0.07 -0.98
6 0.23 1.50 -0.03 -0.49 0.18 1.11 -0.09 -1.29
7 0.26 1.60 0.02 0.28 0.27 1.63 0.02 0.30
8 0.23 1.46 0.01 0.13 0.25 1.60 0.03 0.35
9 0.23 1.38 0.00 0.03 0.22 1.34 -0.01 -0.18
high skew 0.17 1.01 -0.06 -0.68 0.17 1.00 -0.06 -0.65
low-high 0.37 2.47 0.26 1.69 0.37 2.45 0.25 1.63
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In this table, we restrict our stocks to the Russell 1000 universe over the sample period 1996-2005. Our 
portfolio sorting variable, skew, is the difference between implied volatility of out-of-the-money put options 
(strike/stock close to 0.95) and at-the-money call options (strike/stock close to 1). On average, each week 
we have about 500 stocks in the Russell 1000 index with valid option data. Panel A reports the summary 
statistics o f our sample firms. Variable size is the firm market capitalization. Variable bm is the book-to- 
market ratio. Variable vo lSTOCK is the underlying return volatility calculated using last month stock daily 
returns. Variable volATMC is the Black-Scholes implied volatility for at-the-money (ATM) call options. 
Variable vo lOTMP is the Black-Scholes implied volatility for out-of-the-money put options. Variable skew 
is the difference between vo lOTMP and vo lATMC. Panel B and C report the returns and characteristics of 
portfolio constructed on last week skew. As a robustness check, results shown in Panel C exclude firms with 
a rebate rate higher than the federal rate. Since our data is limited on rebate rates, the sample period for 
Panel C is only for 2004/8 to 2005/12. For each week, we calculate the average skew for each stock based 
on last week data, and form decile portfolios based on average skew. We then skip a day and hold the decile 
portfolios for another week. We report raw returns and risk-adjusted returns using the Fama-French 3 factor 
model. The t-statistics are calculated over a time-series o f 514 weeks in Panel B and 73 weeks in Panel C.
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Table 3.6: Where Do Informed Traders Trade?

Low delta 2 3 4 High delta

Low skew-
high skew 0.14 0.08 0.24 0.43 0.45
t-stat 1.65 0.73 1.71 2.16 2.43

Low pin 2 3 4 High pin

Low skew-
high skew 0.35 0.18 0.17 0.39 0.85
t-stat 2.85 1.32 1.07 2.15 4.35

Low turnover 2 3 4 High turnover

Low skew-
high skew 0.15 0.26 0.33 0.31 0.56
t-stat 1.75 2.08 1.98 1.87 2.99

In this table, we examine whether the predictive power o f skew varies with other stock and option characteris
tics. Variable skew is the difference between implied volatility of out-of-the-money put options (strike/stock 
close to 0.95) and at-the-money call options (strike/stock close to 1), Stock characteristics include turnover 
(stock trade volume over number of shares outstanding) and PIN (probability of informed trade). The option 
characteristic is the absolute value o f put option delta. Using the double sort procedure, every week we first 
sort firms into 5 groups based on one of the characteristics. Within each characteristic group, we further sort 
firms into 5 groups based on skew. Within each characteristic group, we form a long-short strategy by longing 
the lowest skew firms and shorting the highest skew firms. Presented numbers are Fama-French three factor 
model alphas for these long-short strategies. Since PIN measure is only available until 2002, our results on 
PIN are restricted to 1996 to 2002.
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Table 3.7: Option Volatility Smirks and Future Earnings Surprise

Panel A:
Earnings Surprises for Firms with Earnings Announcement within the Next 12 Weeks

UE SUE

low skew 0.84 0.63
2 1.09 0.69
3 1.13 0.66
4 0.70 0.50
high skew -0.37 -0.20
low-high 1.22 0.84
t-stat 6.25 4.75

Panel B:
Earnings Surprises (SUE) for Firms with Earnings Announcement within the Next N Weeks

n weeks low skew 2 3 4 high skew low-high t-stat

1 0.70 0.83 0.66 0.44 -0.59 -1.31 -1.96
2 0.68 0.71 0.73 0.47 -0.29 -1.00 -2.75
4 0.64 0.76 0.67 0.52 -0.18 -0.82 -2.56
8 0.60 0.71 0.66 0.58 -0.18 -0.80 -2.88
12 0.63 0.69 0.66 0.50 -0.20 -0.84 -4.75
16 0.61 0.64 0.66 0.47 -0.41 -1.03 -4.66
20 0.58 0.64 0.64 0.47 -0.42 -1.01 -4.89
24 0.56 0.64 0.63 0.43 -0.33 -0.90 -5.43

Panel C:
Fama-MacBeth Regression of the Future N-th Week SUE on Skew

n-th
week coef. t-stat

n-th
week coef. t-stat

n-th
week coef. t-stat

1 -3.77 -1.93 11 -2.86 -1.41 21 2.77 1.24
2 -3.62 -1.87 12 -5.25 -2.50 22 3.07 1.43
3 -2.39 -1.20 13 -4.60 -2.08 23 -1.28 -0.61
4 -0.83 -0.52 14 -7.84 -3.87 24 -0.23 -0.11
5 -3.01 -1.88 15 -5.31 -2.69
6 -3.31 -2.11 16 -4.61 -2.25
7 -3.90 -2.20 17 -2.59 -1.25
8 -5.08 -2.53 18 -2.46 -1.17
9 -7.22 -3.18 19 1.10 0.53
10 -1.11 -0.55 20 0.27 0.13
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This table presents the predictability of skew on future earnings surprise. Variable UE is the unexpected 
earnings, difference between real earnings and latest earnings forecast. Variable SUE is the standardized 
UE, where UE is divided by volatility of analyst forecasts. Variable skew is the difference between im
plied volatility o f out-of-the-money put options (strike/stock close to 0.95) and at-the-money call options 
(strike/stock close to 1). In Panel A and B, we sort stocks into quintiles based on last week skew, and then 
check the average next quarter SUE/UE for each portfolio. In Panel A, we only include stocks with earnings 
release within the next 12 weeks, and each quintile on average contains about 120 firms. In Panel B, we 
examine the robustness by including firms with earnings release from next week to next 24 weeks. In Panel 
C, we estimate FM regression for the next 24 weeks with the following specification:

S U E itt+n =  +  b^skew u +  e”t .

The dependent variable is firm’s SUE in the n-th week.
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Table 3.8: Predictability over the Next 24 Weeks

Panel A:
Fama-MacBeth Regression of the Future N-th Week Return on Skew

n-th
week coef. t-stat

n-th
week coef. t-stat

n-th
week coef. t-stat

1 -0.025 -5.51 11 -0.014 -3.55 21 -0.010 -2.39
2 -0.008 -2.13 12 -0.010 -2.30 22 -0.003 -0.97
3 -0.010 -2.45 13 -0.003 -0.63 23 -0.004 -0.85
4 -0.008 -2.22 14 -0.006 -1.46 24 -0.006 -1.51
5 -0.011 -2.84 15 -0.006 -1.60
6 -0.007 -1.90 16 -0.009 -2.18
7 -0.007 -2.28 17 -0.001 -0.60
8 -0.008 -2.20 18 -0.002 -0.59
9 -0.006 -1.46 19 -0.003 -0.68
10 -0.008 -1.95 20 -0.009 -1.96

Panel B:
Annualized Risk-Adjusted Returns for N-Week Holding Periods

decile 1 2 4 8 12 16 20 24

Low skew 12.48 10.40 5.33 4.88 6.41 5.88 4.78 4.25
2 5.20 6.50 5.33 3.64 3.68 3.80 3.98 3.90
3 2.60 1.04 3.51 4.49 4.55 5.23 4.68 5.50
4 2.60 1.04 2.34 1.95 3.64 2.93 3.30 2.97
5 5.20 3.90 0.78 2.73 3.12 3.06 3.54 2.90
6 0.52 -1.82 -0.52 1.24 1.26 0.94 1.14 1.73
7 -1.56 -1.56 0.26 -0.20 -0.35 -0.10 0.23 0.28
8 2.60 2.86 3.38 1.30 0.30 0.72 0.42 0.33
9 2.08 -0.26 -1.04 -1.43 -1.95 -1.89 -1.69 -1.34
high skew -11.44 -8.06 -5.98 -5.33 -6.02 -5.95 -5.23 -4.75
Low-high 23.92 18.72 11.18 10.14 12.48 11.83 9.98 9.01
t-stat 4.36 4.46 3.54 2.97 2.97 3.39 3.54 3.37

This table presents the predictability of skew over various holding periods. In Panel A, we estimate FM 
regression as shown in Equation (4.4) for the next 24 weeks. The dependent variable is the stock return during 
the n-th week. For the independent variables: variable skew is the difference between implied volatility of 
out-of-the-money put options (strike/stock close to 0.95) and at-the-money call options (strike/stock close to 
1), variable logsize is firm’s log market capitalization, variable bm is firm’s book to market ratio, variable 
lret is firm’s past 6-month return, variable vo lSTOCK is underlying return volatility calculated using last 
month stock daily returns, variable per is the option volume put-call ratio, and variable turnover is the stock 
volume divided by number of shares outstanding. Panel B reports the different holding period returns of 
decile portfolios formed on last week skew. The holding periods vary from 1 week to 24 weeks. Reported 
numbers are risk-adjusted weekly returns using Fama-French three factor model.
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