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Abstract      

 

We study the risk-return characteristics in the time series of a broad collection of hedge funds from the 

TASS database, especially their exposure to aggregate volatility risk and whether their returns resemble 

a position in index options. Earlier research has suggested a non-linear relation between the returns of 

hedge funds and those of the market index akin to a short position in an index put option. We find no 

evidence of such a relation, as hedge funds have no exposure whatsoever to factors proxying for the 

returns of call or put index options.  

 

However, hedge funds exhibit non-linearity with respect to the market in way of a negative aggregate 

volatility beta, where volatility risk is proxied by an index straddle. Earlier literature having established 

a negative volatility risk premium, our results suggest that hedge funds perform well during times of 

low and expected volatility, while performing poorly when the volatility of the market rises. The 

volatility exposure is both statistically and economically significant, with one standard deviation change 

in the monthly return of the straddle factor being associated with 0.25 percentage points in the monthly 

return of the aggregate hedge fund index. 

 

We also study whether hedge funds’ direct use of options as investments has an effect on these 

measures. We divide funds into option users and non-users and find that, in the aggregate, option users 

have a larger (less negative) volatility beta. This suggests options being used with a hedging purpose, 

although our binary measure of option use leaves much to be desired in determining the exact source of 

this difference. 

 

Finally, we sort funds into deciles based on their historical volatility betas, and find that funds with 

more negative volatility exposure consistently beat their less-negative counterparts in terms of both 

Sharpe ratios and alphas, with a spread portfolio of low-minus-high beta funds having an annual alpha 

of 5.3%. 
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1 INTRODUCTION 

The risk-return characteristics of hedge funds are different from those of more 

conventional assets and mutual funds, who usually only hold long positions and have 

a simple goal of beating their benchmark index. Being less restricted by regulations, 

hedge funds often employ a wide array of dynamic strategies which include short 

selling and investing in less traditional and more illiquid assets. Having an absolute 

rather than a relative return target, which they will try to reach irrespective of the 

performance of the market, hedge fund returns offer an ideal environment to study 

more exotic systematic risk exposures and investment styles, as these differences in 

strategies and goals lead to a risk-return relation not found in traditional investment 

vessels. (Agarwal & Naik 2005). 

Hedge fund returns have been shown to exhibit non-normal distribution and non-

linearity with respect to standard asset indices (Fung & Hsieh 1997, Mitchell & 

Pulvino 2001, Agarwal & Naik 2004). Standard linear asset pricing models break 

down and provide inadequate results when used to model returns that in reality are 

non-linearly related to the benchmarks, and several studies have suggested new factors 

with inherent non-linearity that can be used to model hedge fund returns. Many of 

these factors are built with the help of options, derivative securities with an innate non-

linear relationship with their underlying asset. For example, Agarwal and Naik (2004) 

suggest a tradeable factor consisting of the returns of buying call or put options on the 

stock index to determine whether hedge funds have returns resembling a position in 

index options, while Coval and Shumway (2001) combine both to create a straddle 

whose payoff increases with both up and down movements of the underlying. Betting 

on large price movements whatever the direction, the straddle returns are a natural 

factor for volatility exposure. Assets with high sensitivity to stochastic aggregate 

volatility will have a non-linear relation with market returns, since their profits vary 

with the intensity of market price movements rather than direction. Several studies 

(e.g. Bakshi & Kapadia 2003, Ang, Hodrick, Xing & Zhang 2006) have estimated a 

negative volatility risk premium, making aggregate volatility a systematic risk factor 

that investors find attractive, willing to pay a premium to hold assets that offer them 

with a profit in the undesirable case of an increase in market-wide volatility. 
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We examine the potential option-like features and aggregate volatility exposure of 

hedge funds from the TASS database, which provides us with data for several different 

hedge fund investment strategies. We employ an array of factors conceived by earlier 

research and built with option returns. Our results can be summarised as follows. We 

find both statistically and economically significant negative volatility betas for the 

aggregate hedge fund index as well as several strategy indices. Hedge funds seem to 

act as sellers of volatility, harvesting stable premiums during times of expected and 

lower-than-expected volatility and making occasional larger losses when volatility 

increases to unexpected levels. However, we find no evidence of hedge funds showing 

call or put option-like features apart from a few cases in isolated strategy indices. 

Agarwal and Naik (2004) mention that the non-linearities may be caused by a number 

of reasons, including hedge funds’ use of options. They could also be caused  by the 

dynamic investment styles that hedge funds follow without any derivative-trading 

required, as the trend-following funds identified by Fung and Hsieh (2001) have 

option-like returns even without any relation to direct use of derivative securities. We 

test this relation by categorising hedge funds into option users and non-users and 

examining whether this has an effect on their risk exposures and other return 

characteristics. Hypothetically, funds that use options as part of their investment 

approach could reasonably have a more significant exposure to factors capturing non-

linear features, especially since many of them are built with options in the first place.  

To the best of our knowledge, our study is the first to examine how direct option use 

affects the systematic risk exposures of hedge funds, especially the volatility and 

option betas. Perhaps closest to our research is that of Chen (2011), who studies several 

hedge fund performance measures using the same database and the same method of 

determining user and non-user funds. As differences to our study, he divides funds 

based on the use of any derivative, not just options, including forwards, futures and 

swaps, and he does not report the sources of systematic risk in his research, only 

concentrating on performance measures such as Sharpe ratios, alphas and drawdowns. 

We find that option user funds have a less negative volatility beta than non-users, being 

somewhat better insured against sudden increases in market-wide volatility. This is 

consistent with the results of Chen, who finds that option use is associated with a 

decrease in several different risk measures. Given our simple binary measure of option 
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use and lack of knowledge of the extent or direction of hedge funds’ option positions, 

we can only determine that this difference exists, but not, for example, how a large net 

long or short position in options affects hedge funds’ systematic risk. 

Finally, we sort individual hedge funds based on their volatility betas and find that 

funds with lower (more negative) ex-ante volatility exposure held for one year 

consistently have higher risk-adjusted performance without significant differences in 

risk exposure. A spread portfolio buying hedge funds with the lowest historical 

volatility betas and selling those with the highest has a statistically significant alpha of 

5.3% annually with almost no systematic risk. Furthermore, volatility betting seems to 

be a dynamic position that funds adjust frequently, as there is no significant distinction 

between the ex-post betas of funds ranked on their ex-ante betas, leading us to believe 

that this difference in risk-adjusted performance is more due to an absent priced risk 

factor than manager skill. 

The rest of the thesis is structured as follows. Section 2 presents the most relevant 

theory and earlier research on option returns, volatility risk and how they relate to 

modelling hedge fund returns. We also explore the reasons why hedge funds seem to 

be more involved in derivatives than many other market participants. Section 3 

describes our hedge fund and factor data. Section 4 presents our multifactor model 

methodology and the results of our empirical research. Section 5 concludes. 
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2 THEORY AND EARLIER RESEARCH 

In this section, we will have a closer look on the theoretical underpinnings behind our 

research interests as well as the results of relevant earlier research. We will clarify 

what we mean by option-like returns and aggregate volatility risk and describe the 

stylised facts about the rather unique features of hedge fund returns. We will also 

consider the potential reasons for using options and other derivatives as investments 

and the effects of their use on hedge fund returns. 

2.1 Option returns 

Options are derivative securities which give the holder the right but not the obligation 

to buy (call option) or sell (put option) a security at a predetermined price, called the 

strike price. Options also have a specified maturity date on which (European option) 

or by which (American option) it must be exercised or it expires worthless. The 

maximum loss of a long option position is limited to the price of the option itself while 

possible gains are limitless. Conversely, a short position in an option, also called 

selling or “writing” options, provides the seller the cost of the option up front, but the 

potential losses are unlimited and can be large. The security on which the value of the 

option is based is called the underlying asset. Options can be written on practically any 

kind of asset, including commodities and currencies, but the most common options are 

stock or equity options or stock index options, where the underlying is a share of 

company stock or a stock index, respectively. Options are an extremely flexible type 

of security and can especially in the over-the-counter markets be tailored to provide 

virtually any kind of payoff profile, but in this paper, we consider three very basic 

types of option positions: calls, puts and straddles, which are a combination of a long 

or short call and put. (Hull, 2006: 181–190, 223–238). Figure 1 graphs an example of 

the payoff structure of a call, a put and a straddle as a function of the underlying asset 

price. 

According to classical option pricing models, the price of an option is a function of the 

current underlying price, the strike price, the time to maturity, the volatility of the 

underlying asset price, the risk-free rate and possible dividends to be paid during the 

life of the option (Hull, 2006: 205).  With observed market prices of options, the only  
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unknown of these variables is the volatility, and solving for it by inverting the model 

equation gives the implied volatility, which is often considered the market’s 

expectation of the volatility of the asset during the option’s life.  

The most fundamental option pricing model which is still used extensively today is the 

Black-Scholes model from the groundbreaking and Nobel-prize winning work of 

Black and Scholes (1973). The implications of this model lead to the conclusion that 

options are redundant assets, or in other words, they are simply leveraged positions in 

the underlying asset and can be replicated with a portfolio of the underlying and the 

risk-free asset. A delta-hedged option portfolio, which is a combination of an option 

and the underlying security in such proportions as to eliminate the effect of price 

variation in the underlying, should therefore only earn the risk-free rate on average.  

Figure 1: Option payout at maturity. This figure shows a European option’s payoff when exercised 

as a function of the underlying asset’s price, including the price paid for the option position. The strike 

price of the option is $5 and the price of both the call and the put option are $0.5. 
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However, multiple studies suggest that options tend to be relatively overpriced. 

Jackwerth and Rubinstein (1997) show that the Black-Scholes implied volatilities are 

systematically and consistently above the actual realised volatilities, indicating that, 

on average, the prices of options are higher than they should be according to the model. 

This undermines the interpretation of implied volatility as the market’s expectation of 

future volatility and suggests that it should be taken as an indicator of option 

expensiveness, instead. Coval and Shumway (2001) find that zero-beta index option 

straddles earn negative average returns, even though according to the Black-Scholes 

model they should earn the risk-free rate. Likewise, Cao and Han (2013) find that the 

average delta-hedged equity call and put option returns are below zero and negatively 

correlated with the underlying stock’s idiosyncratic volatility. Together, these results 

suggest that options are not redundant assets, or as Cao and Han (2013: 1) put it: 

“Options are traded because they are useful and, therefore, options cannot be redundant 

for all investors.” An, Ang, Bali and Cakici (2014) remind that options would be 

redundant only in an idealised world where transaction costs, information asymmetries 

and restrictions on shorting do not exist, but none of these are true for the real world. 

Just like any other asset, options provide returns that depend on their systematic risk 

exposure and not simply on the underlying price process. 

Coval and Shumway (2001) divide option returns into two components. The first 

component is the leverage effect, which is reflected in the option value’s sensitivity to 

the underlying asset, delta1. The second part pertains to the payoff structure of options. 

Because option prices are non-linearly related to the asset price, they depend on the 

higher moments of the underlying’s returns than just the mean and standard deviation. 

The Black-Scholes model assumes that asset prices follow geometric Brownian 

motion, which implies that exposure to the higher moments should not be priced, 

making options redundant. Thus, in excess of the leverage effect, options should only 

earn the risk-free rate, on average. Coval and Shumway show that even under much 

broader assumptions than those in the Black-Scholes model, this leverage effect should 

be priced in such a way that calls (puts) have higher (lower) expected returns than their 

                                                 
1 In the case of an index option, delta is synonymous with beta, as the underlying asset is the market 

index. 
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underlying assets, and find empirically that this is indeed the case with S&P 500 and 

S&P 100 index options.  

However, the option returns are much too low to be explained solely by the leverage 

effect. For example, in Coval & Shumway (2011), at-the-money call options on the 

S&P 500 index have betas ranging from 26 to 34 and earn annual mean returns of 

between 96 and 110 percent, which is not nearly enough given their approximated 

market risk premium of 6 percent annually2. They verify this finding by turning to 

delta-hedged zero-beta straddles, which should earn the risk-free rate on average, 

having no market risk exposure.  

They define their straddle position as 

𝑟𝑣 =  𝜃𝑟𝑐 + (1 − 𝜃)𝑟𝑝,                                                                                            (1) 

𝜃𝛽𝑐 + (1 − 𝜃)𝛽𝑝 = 0, 

where rv, rc and rp are the straddle, call and put return, respectively, θ is the proportion 

invested in call options and βc and βp are the call and put market betas, respectively. 

The weight is solved by 

𝜃 =
−𝛽𝑝

𝛽𝑐 − 𝛽𝑝
.                                                                                                            (2) 

Constructing the straddles requires knowing the betas of both call and put options. This 

can be alleviated by considering the put-call parity 

𝐶𝑡 = 𝑃𝑡 + 𝑆𝑡 − (𝑋 + 𝐷)𝑒−𝑟(𝑇−𝑡),                                                                        (3) 

                                                 
2 The enormous betas of options make intuitive sense due to the fact that an option holder exposes 

themselves to a very large part of the asset’s price movements with a fraction of the investment. For 

instance, every dollar increase in the asset price provides a dollar for an in-the-money call option holder 

in case the option is exercised, but the investor has only paid a small part of the asset price for this 

position. 
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where Ct is the call price, Pt is the put price, St is the price of the underlying asset, all 

at time t, X is the strike price, D is the dividends to be paid at the maturity, r is the risk-

free rate and (T – t) is the time until maturity, with 𝑒−𝑟(𝑇−𝑡) being the discount factor. 

The put-call parity is an important relation between the prices of a European call and 

put option with the same expiration date and strike price, making it possible to deduce 

the one from the other (Hull 2006: 212). Dividing the put-call parity above with Ct at 

time (t + Δt), where Δt is less than (T – t), gives 

𝐶𝑡+𝛥𝑡

𝐶𝑡
=

𝑃𝑡

𝐶𝑡

𝑃𝑡+𝛥𝑡

𝑃𝑡
+

𝑆𝑡

𝐶𝑡

𝑆𝑡+𝛥𝑡

𝑆𝑡
+

(𝑋 + 𝐷)𝑒−𝑟𝑡

𝐶𝑡
,                                                   (4) 

which implies that 

𝛽𝑐 =
𝑃

𝐶
𝛽𝑝 +

𝑆

𝐶
𝛽𝑠.                                                                                                    (5) 

As the underlying asset is the market index, we can assume that βs = 1. Solving for βp 

in equation (5) and substituting it to equation (2) gives us the return of a zero-beta 

index straddle, which can now be defined as 

𝑟𝑣 =
−𝐶𝛽𝑐 + 𝑆

𝑃𝛽𝑐 − 𝐶𝛽𝑐 + 𝑆
𝑟𝑐 +

𝑃𝛽𝑐

𝑃𝛽𝑐 − 𝐶𝛽𝑐 + 𝑆
𝑟𝑝.                                                     (6) 

This expression for zero-beta index straddle returns includes only one unknown 

variable, the call option’s beta, which Coval and Shumway identify from the Black-

Scholes equation. 

Coval and Shumway (2001) find that straddle returns are consistently negative, with 

at-the-money S&P 500 straddles having an average weekly return of –3.15% with high 

statistical significance. They note the irony of using Black-Scholes betas in forming 

returns that reject the Black-Scholes model and allow for considerable 

mismeasurement. This does not change the qualitative nature of their results. Likewise, 

their results are not rejected by including the crash of 1987 captured by the daily 

returns of S&P 100 straddles, which have comparable negative returns even taking 
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into account their ability to hedge market crashes. They further apply several 

robustness tests, but the significant negative returns persist. Taken at face value, these 

results suggest that the overpricing of options should be trivial to exploit by selling 

straddles and pocketing the negative average returns, all without assuming significant 

market risk. However, a more compelling interpretation is that something apart from 

market risk is priced in the option returns. As straddles are basically bets on large 

market movements, no matter the direction, they have large volatility betas, with 

returns increasing along with higher-than-expected volatility. We next consider this 

aggregate volatility exposure as a possible source of priced risk in the returns of 

options and other securities. 

2.2 Priced volatility 

A notion that most option pricing models have in common is that, ceteris paribus, 

option prices increase with volatility. An investor holding a stock does not usually 

benefit from increased volatility, as they are exposed to both up- and downside 

movements of the stock price. Option holders, however, have limited downside 

exposure, and for them, increased volatility means a greater probability of the option 

being in-the-money and to a greater degree when exercised. Options are therefore 

subject to volatility risk, and a negative aggregate volatility risk premium could 

explain the seemingly overpriced options. 

Bakshi and Kapadia (2003) motivate the possibility of such priced volatility risk with 

three empirical findings. First, a long position in options hedges against significant 

market downturns, since high volatility often coincides with negative market returns3, 

and investors might be willing to pay a premium to insure themselves against market 

declines. Second, they note that the empirical finding of the Black-Scholes implied 

volatilities tending to be higher than realised volatilities could be explained by a priced 

                                                 
3 French, Schwert and Stambaugh (1987) argue that the expected level of stock market volatility is 

positively correlated with risk premia. Positive innovations (i.e. unexpected increases) in volatility lead 

to an upward revision in expected volatility, which in turn leads to an increase in risk premia and a 

decrease in prices, causing a negative relation between contemporaneous changes in volatility and stock 

returns. Similar results are found by, among others, Campbell and Hentschel (1992) and Glosten, 

Jagannathan and Runkle (1993). 
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volatility premium. As stated earlier, implied volatility is a model-specific measure, 

and if the model omits a feature that the markets assign a price for, this will be reflected 

in the implied volatility. Third, options are not redundant securities as argued in section 

2.1, and models omitting market volatility and its risk premium seem to be inconsistent 

with observed option prices. Indeed, by examining delta-hedged option portfolios on 

the S&P 500 index, they find that the mean delta-hedged returns are negative and 

consistent with a negative volatility risk premium.  

Options offer a natural environment to motivate and study aggregate volatility 

exposure, as their values are by definition highly dependent on volatility levels. 

However, the aggregate volatility premium is a significant price component in other 

asset classes, as well. Ang, Hodrick, Xing and Zhang (2006) study the same 

phenomenon in the cross-section of stock returns instead of option prices, and find 

supporting evidence of a negative aggregate volatility premium and that stocks with 

high exposure to volatility risk earn low returns. Further verification is found by 

Bondarenko (2014), who finds that the negative volatility risk premium is 

economically very high. 

The literature has devised multiple ways to construct a factor that mimics volatility 

risk. Ang et al. (2006) use the changes in the Chicago Board Options Exchange VIX 

index value. The VIX index, sometimes called the ‘fear index’, traces the implied 

volatility of S&P 500 index options over the next 30 days. The returns of the Coval 

and Shumway (2001) straddles described above constitute another natural volatility 

risk measure, and they themselves take a cursory glance at their application as risk 

factors. They do not delve very deep into the implications of volatility exposure, but 

do find that smaller firms have significantly more negative straddle betas than large 

firms using the CRSP size-quantile stock portfolios.  

More recently, Cremers, Halling and Weinbaum (2015) break aggregate volatility risk 

into two orthogonal factors in the cross-section of stock returns: aggregate jump risk 

and diffuse volatility risk. They find that they indeed constitute two separately priced 

risk components that are not correlated with each other. Assets that have a positive 

loading on diffuse volatility insure against shifting investment opportunities, while 

assets with jump risk exposure insure against more extreme tail events such as large 



15 

market crashes, and both require lower expected returns as investors are attracted to 

these features. They argue that the delta-neutral straddle position of Coval and 

Shumway (2001) will not remain delta-neutral if the underlying asset experiences an 

extreme move since it still has a considerable positive gamma4. As the straddle is only 

discretely rebalanced, a large enough movement of the underlying price between 

rebalances causes the option value to again be sensitive to changes in the asset price, 

and thus the returns can be affected by both diffuse volatility and jump risk.  

Coval and Shumway (2001) address this issue only briefly. They combine their 

straddle with a short position in a deeply out-of-the-money put that sells away the 

straddle’s ability to hedge large crashes, but this only considers the downside of jump 

risk and the level chosen for what is considered a ‘crash’ is arbitrary. Cremers et al. 

separate these two risk factors by constructing a delta and gamma neutral but vega 

positive portfolio (completely excluding jump risk) and a delta and vega neutral but 

gamma positive portfolio (completely excluding volatility risk). Consistent with Coval 

and Shumway (2001) and Bakshi and Kapadia (2003), they find that average straddle 

returns are negative, and more so than the average means of their jump and volatility 

factors, granting evidence for their claim that straddle returns are subject to both jump 

and volatility risk. They also show that while their factors are not correlated with each 

other, they are both highly correlated with the straddle returns. Appropriately, they 

estimate a negative market price for both volatility and jump risk, with the equally-

weighted spread portfolio going long high and short low jump and volatility beta 

stocks earning an average annual return of –8.9% and –4.6%, respectively, with great 

statistical (and economic) significance. 

Agarwal, Arisoy and Naik (2015) take pricing volatility a dimension further. As a 

measure of uncertainty, they employ volatility of aggregate volatility, which they 

proxy with a lookback straddle on the VIX index. An approach similar to the trend-

                                                 
4 Gamma refers to the second derivative of the option’s value with respect to the underlying price, i.e. 

delta’s sensitivity to changes in the underlying. A low gamma means that delta stays relatively stable 

even with large movements in the underlying asset price. There are several dimensions of risk arising 

from the derivative nature of options, often denoted by different Greek letters and collectively simply 

called the “Greeks”. For our purposes, the important ones are delta and gamma along with vega, which 

is the option’s sensitivity to changes in the underlying asset’s volatility. 
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following factors introduced in Fung and Hsieh (2001), which are an integral part of 

the Fung-Hsieh 7-factor model, lookback straddles benefit the holder from the entire 

range of the underlying price path, allowing them to retrospectively sell at the highest 

and buy at the lowest price reached during the life of the option. Their procedure 

involves buying two straddles, denoted an ‘up’ and ‘down’ straddle, and updating their 

position daily by selling the old up (down) straddle and buying a new one with the 

next highest (lowest) strike price if VIX has risen above (fallen below) the old strike.  

Accordingly, their factor has significant correlation with aggregate volatility measures, 

including the jump and volatility factors of Cremers et al. (2015) and the return of the 

VIX index. Agarwal et al. (2015) motivate their factor by the assumption that investors 

do not only consider risk in the sense of expected returns and their probability 

distributions, but also in the frame of uncertainty about these distributions5. The 

difference is fundamental; an investor who can assign probabilities to different 

outcomes and thus make decisions to suit their risk preferences sits much more 

comfortably than an investor who is unsure about the relevant probabilities in the first 

place. The VIX index represents how investors perceive the risk in the market’s 

movements and what its future volatility will be, or the “known unknowns”, as 

Baltussen, Van Bekkum and Van Der Grient (2012) put it, and volatility of volatility 

measures the second-order uncertainty about expected returns and their distributions. 

Consistent with other volatility risk measures, Agarwal et al. find in studying hedge 

fund returns that a high exposure to volatility of aggregate volatility leads to lower 

returns. Baltussen et al. study the same phenomenon in stock returns and find similar 

results of high volatility-of-volatility beta stocks having low returns. 

2.3 Hedge fund returns 

It has long been observed that the dynamic investing styles of hedge funds tend to 

produce return profiles very different from those of more conventional assets and 

mutual funds. Fung and Hsieh (1997) find that hedge fund returns have very low 

                                                 
5 Literature on uncertainty is extensive, beginning from the early works of Knight (1921), but is not 

considered in detail in this paper. Agarwal et al. refer to Epstein and Schneider (2010) and Guidolin and 

Rinaldi (2013) for a review of the subject. 
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correlations with the returns of mutual funds and traditional asset classes and exhibit 

returns akin to those of options with non-linear exposures to accepted indices often 

used as risk factors, thus making conventional buy-and-hold style factors as in Sharpe 

(1992) insufficient in explaining their systematic risk. A common approach in asset 

pricing is to apply a linear model, where the returns of the asset are modelled on chosen 

explanatory factors to capture their exposure to various systematic risks. This requires 

asset returns to be a linear function of the factors if the model is to be correct, and as 

such the approach is inadequate at modelling returns that have a non-linear relation 

with the factors, as pointed out by Agarwal and Naik (2004). However, this problem 

can be alleviated by using options as additional factors without having to abandon 

linear models, as options by their nature are non-linearly related to their underlying. 

Fung and Hsieh (2001) attempt to capture the systematic risk of a particular strategy 

of hedge funds called trend-following funds by building an asset-return based factor 

to replicate the returns of these funds. This factor is constructed using the returns of a 

lookback straddle, and they find that this approach is better at explaining the returns 

of trend-following funds than simple buy-and-hold factors based on major asset 

classes. Mitchell and Pulvino (2001) consider another popular hedge fund strategy, 

risk arbitrage, and likewise state that applying linear asset pricing models to returns 

that are potentially non-linearly related to the market is problematic. The risk arbitrage 

strategy attempts to profit from the spread left behind by the target of a merger or 

acquisition trading at a lower price than offered by the acquiring company after the 

announcement has been made but before the completion of the deal is confirmed. The 

fund collects the spread in the case of a successful merger and incurs a heavy loss if it 

fails. They find evidence of non-linearity, as the returns of risk arbitrageurs have a 

market beta close to zero in normal market conditions, but when the market has a sharp 

downturn and the probability of a deal failure is much higher, the correlation increases 

leading to large negative returns, the opposite of which is not observed when markets 

surge. This resembles the return of a short position on an index put option. 

Agarwal and Naik (2004) show that these option-like features are not limited to the 

returns of trend followers and risk arbitrageurs. They find that a broad set of different 

equity-oriented hedge fund strategies exhibit a payoff structure similar to a short 

position on an out-of-the-money put option on the equity market index in addition to 
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having significant load on the size and value factors of Fama and French (1993) and 

the momentum factor of Carhart (1997). The factors they use to capture non-linear 

option-like return characteristics consist of the return series constructed from the 

market prices of highly liquid at-the-money and out-of-the-money call and put options 

on the S&P 500 composite index. For example, they confirm Mitchell and Pulvino’s 

(2001) finding by identifying event arbitrage funds as exhibiting short put option 

features. These funds reap a profit when markets go up, but the gains are not related to 

the extent which the market surges. When the markets go down, the funds suddenly 

display a linear positive relation with the market direction, that is to say, they lose 

money. Similar exposures are found from restructuring, event driven, relative value 

arbitrage and convertible arbitrage strategies. Agarwal and Naik speculate that these 

features might be due to either the funds’ returns relating to economic activity and 

suffering from market downturns or the managers deliberately creating a position 

resembling a shorted put option for their own gain. The reasoning behind this is that 

hedge fund managers often have performance-based incentive contracts, and to them 

the downside risk of writing put options is mostly irrelevant, as their compensation is 

not dependent on the extent of losses were they to happen. However, Lucas, Siegmann 

and Verbeek (2009) challenge the results of Agarwal and Naik, finding little to no 

evidence of option-like features in hedge fund returns. 

Volatility risk exposure is another potentially important source of non-linearity in 

hedge fund returns. If hedge funds have significant volatility betas, a component of 

their return does not depend on the direction of the market but rather on the magnitude 

of price variation, whether up or down. Funds with high positive volatility betas make 

profits in both market crashes and surges while losing out in stable markets. 

Conversely, volatility sellers reap the premium during steady prices and suffer losses 

when volatility increases. Exposure to call and put option returns such as in Agarwal 

and Naik (2004) are related to volatility, but only consider one direction of larger-than-

expected market movements. While volatility risk and its associated price premium is 

well documented especially in the stock market, it has been studied surprisingly little 

in the context of hedge funds. In Bondarenko (2004), hedge funds are found to be 

sellers of volatility, with a significant portion of their returns being explained by a 

negative variance beta. He argues that volatility risk is a key determinant of hedge fund 
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returns and disregarding it can lead to erroneous conclusions about their risk-return 

characteristics6. 

Buraschi, Kosowski and Trojani (2014) study the cousin of volatility risk, correlation 

risk, in hedge fund returns. Correlation risk arises when the correlations between assets 

or asset classes suddenly and unexpectedly rise, possibly causing a seemingly well-

diversified portfolio to suddenly lose a great deal of its hedging effectiveness. This is 

especially pronounced in the hedge fund industry, where absolute return targets lead 

to many funds seeking investment styles with a low net exposure to the market. 

Achieving market neutrality requires assumptions about hedge ratios and betas, which 

in turn require assumptions about asset correlations. With non-constant correlations, 

even a fully-hedged fund might be subject to correlation shocks. An abrupt rise in asset 

correlations deteriorates diversification and hedging possibilities across the market. 

Following similar logic as with the volatility premium, risk-averse investors might 

prefer securities with high payoffs in states of increasing correlations, with the 

premium they are willing to pay for such securities leading to lower average returns. 

Economic intuition would thus assign a negatively priced risk premium to correlation 

risk, if indeed it is priced at all. Buraschi, Kosowski and Trojani find exactly that using 

two-pass Fama-MacBeth (Fama & MacBeth 1973) regressions to confirm a negative 

correlation risk premium. As with the volatility premium, they find that the hedge fund 

industry as a whole has a negative correlation beta, making profits when correlations 

stay steady, but making large losses in the case of a positive correlation shock.  

Furthermore, their results are robust to including a volatility risk proxy in their 

regressions, confirming that volatility and correlation are two different risk factors, 

with both having their own negative risk premium. 

2.4 Hedge fund derivative use 

In addition to investigating the risk exposures and return profiles of hedge funds both 

individually and in the aggregate, we are also interested in whether having option 

                                                 
6 Bondarenko (2004) is the precursor working paper to his later published work in Bondarenko (2014), 

but for an unknown reason, his published article completely omits the section dedicated to applying his 

model to hedge fund returns. 



20 

positions in their portfolios has an discernible effect on these measures, so it is relevant 

to discuss the potential reasons for hedge funds using derivatives7. As hedge funds are 

less restricted in their choice of investments than many other market participants, such 

as mutual funds and individual investors, they might conceivably utilise more 

regulated and less accessible securities such as options and other derivatives to a 

greater degree. Indeed, Chen (2011) finds that 71% of hedge funds in a large sample 

trade derivatives compared to only 21% of mutual funds in the sample of Koski and 

Pontiff (1999). In our research, a more recent sample from the same database as in 

Chen’s paper has 67% of hedge funds trading derivatives. In both his paper and ours 

the most common derivative for hedge funds are options, especially equity options.  

However, Deli and Varma (2002) find that nearly two-thirds of mutual funds are 

permitted to use derivatives, yet many refrain from doing so. This is verified by 

Almazan, Brown, Carlson and Chapman (2004), who find that 75% of mutual funds 

are allowed to trade options but only about 10% of them do. These findings suggest 

that there are other reasons for hedge funds using options and other derivatives more 

than mutual funds apart from simply being permitted to do so. This subsection will 

shed light on the potential reasons for option and derivative use in general and why 

hedge funds seem to be more involved in the derivative market than mutual funds, as 

well as address the implications of derivative use on fund risk and performance found 

by earlier research. 

Derivatives can be useful for a fund manager for the purposes of both hedging and its 

polar opposite, speculation. Koski and Pontiff (1999) find no evidence of either in the 

mutual fund industry, with funds of users and nonusers having no significant 

difference in overall risk measures or performance, which they contradict with the 

popular association of derivatives with excess risk taking. However, they find that 

derivative users are able to better dampen the effect of prior performance on risk.  

                                                 
7 In the empirical section, we separate funds based only on option use, ignoring other derivatives. Some 

non-users might still use other derivatives, but as more than 75% of derivative users in our data also use 

options, we assume that option and derivative use in general are driven by the same motivations. 
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Conversely, among hedge funds, Aragon and Martin (2012) find strong evidence of 

speculative use of derivatives by examining the option positions of hedge fund 

managers and the subsequent stock market returns and volatility. Non-directional 

positions such as protective puts and straddles that bet on fluctuations in the market 

are consistently followed by high volatility. Furthermore, a portfolio buying stocks 

where hedge funds hold directional positions of calls (puts) and holding for one quarter 

(month) yields an annualised alpha of 5.7% (−10.7%). Respectively, these reflect 

significant volatility timing and selectivity skill among hedge fund managers. The 

option market seems to be a powerful tool to exploit superior information, and 

managers with this sort of insight seem to gravitate towards the hedge fund industry, 

perhaps due to the less restricted environment to utilise the option market to its fullest.  

Chen (2011) agrees to some evidence of speculative derivative use, but also reports 

results that indicate hedge funds using derivatives as means of diminishing risk, as 

measures such as volatility, market risk, downside risk and extreme event risk are on 

average lower for funds that use derivatives. He also finds some evidence that 

derivative-using hedge funds have higher pre-fee performance, but this does not lead 

to higher net-of-fee returns, suggesting that any profits gained from trading derivatives 

are kept by the hedge funds themselves by charging higher fees.  

Options can also be used to gain exposure to certain assets at a fraction of the initial 

cost of actually investing in said asset, making them a potential source of leverage. 

Frazzini and Pedersen (2012) study this embedded leverage, defined as market 

exposure per unit of committed capital, and give multiple reasons why this aspect of 

options might be attractive to investors. Many investors, such as individuals, mutual 

funds and banks, have their level of leverage constrained by regulations. Even the less 

regulated hedge funds face margin requirements that must be satisfied. If permitted, 

buying options, among other securities with embedded leverage, achieves the same 

goal of gaining substantial market exposure without violating potential constraints, 

risking a loss greater than 100% or having to constantly rebalance the portfolio. 

Frazzini and Pedersen find that securities with embedded leverage, options being only 

one instance of such, have lower required returns, with investors being willing to pay 

a premium to acquire them, giving credence to the idea that embedded leverage is a 

quality that investors find attractive. 
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Deli and Varma (2002) argue three potential benefits for funds investing in derivative 

securities. First, in order to gain a particular risk exposure, trading derivatives is 

cheaper than trading the underlying securities, and this difference is accentuated by 

the illiquidity of the fund’s portfolio (the less liquid the portfolio, the greater the 

potential gains of trading derivatives). Second, derivatives may be useful in handling 

cash flow shocks to the fund which can cause liquidity-motivated trading. According 

to Edelen (1999), managers prefer to handle cash flow shocks by trading rather than 

allowing variation in cash positions to prevent changing the fund’s risk exposure, and 

Deli and Varma argue that derivatives may offer a less costly way of achieving this 

compared to trading the underlying securities. Third, derivatives may alleviate the 

opportunity cost of holding cash, especially for funds with high expected returns; 

investors bear an opportunity cost proportional to the fund’s expected return if the fund 

holds cash instead of being fully invested. The fund can boost the exposure to the 

desired level by trading derivatives with underlyings similar to the assets in the 

portfolio and still hold a great part of its cash reserves, changing the opportunity cost 

of cash into the cost of the derivative position. However, they also point out the 

potential drawbacks of derivative use in the mutual funds industry. Agency costs might 

offset the gains since managers might utilise derivatives to easily and cost-effectively 

alter the fund’s risk, as the managers of poorly (well) performing funds have an 

incentive to increase (reduce) portfolio risk (Brown, Harlow & Starks 1996, Chevalier 

& Ellison 1997). Rational investors who understand this issue might be willing to pay 

less in compensation or limit their committed capital to the fund due to differing 

incentives. If these agency costs exceed the potential benefits from trading derivatives, 

the fund might willingly refrain from the use of derivatives completely, even if there 

is no regulatory constraint. These potential costs are faced by hedge funds as well, but 

the greater control they hold over their cash flows might alleviate them, making 

derivatives more attractive.   
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3 DATA 

This section will describe the dataset we use in section 4 in our empirical research. We 

will address the unique nature of hedge fund databases and the problems that arise with 

it, as well as the means used to alleviate these problems. We will also describe the risk 

factors we use in our model as explanatory variables to capture systematic risk sources 

in hedge fund returns. 

3.1 Hedge fund data 

The hedge fund data for this paper are from the Lipper TASS hedge fund database, 

which contains information about individual funds classified into categories based on 

their investment strategy or style. We consider 11 such categories: convertible 

arbitrage (CA), dedicated short bias (DSB), emerging markets (EM), equity market 

neutral (EMN), event driven (ED), fixed income arbitrage (FIA), global macro (GM), 

long/short equity hedge (L/S), managed futures (MF), multi-strategy (MS) and options 

strategy (OP). In addition to monthly returns and strategy, the database includes self-

reported information about a large number of hedge fund characteristics, such as the 

name of the fund, its management firm, fee structure, leverage, derivative use and 

more. 

As of September 2013, the TASS database lists 8902 individual funds in the categories 

this paper considers, and for each fund, the database reports whether it uses derivatives 

as part of its portfolio as well as the type of derivative (forwards, futures, options and 

swaps) for those that do as a binary variable of either yes or no. Table 1 presents the 

distribution of derivative use for each fund category and each derivative type. Across 

the 8902 funds, 67.0% use at least one type of derivative, with considerable variation 

between categories. For example, the managed futures and options strategy categories 

have the highest proportion of derivative users with 89.6% and 88.6%, respectively, 

while equity market neutral funds have the lowest proportion of only 49.3%, meaning 

that more than half of the funds in this category do not use derivatives at all. The most 

common asset class for derivative use is equity, with 50.8% of all funds using at least 

one type of equity derivative, while commodities were the least popular with only 

14.9% of funds using any type of commodity derivative.  
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Our numbers of hedge fund derivative use are very similar to Chen (2011), whose June 

2006 data from the same database found that 70.6% of hedge funds use at least one 

type of derivative, and the distribution of derivative use by category and derivative 

type is largely the same with minor variation. However, in this paper, we only consider 

the effect of options and not other derivatives on hedge fund return profiles. A majority 

of the funds using derivatives use options, either as their only derivative category or 

along with others; 50.5% of all funds use options, meaning that out of the funds that 

use at least one type of derivative, more than three quarters also use options.  

As is often the case with hedge fund databases, TASS is a private data vendor and as 

such not subject to many regulations and disclosure requirements that apply to 

institutions providing data on publicly-traded securities and mutual funds, and 

reporting to the database is voluntary and ultimately at the discretion of the fund 

managers themselves. This leads to the TASS and other hedge fund databases being 

vulnerable to many biases, the most important of which are described by Fung and 

Hsieh (2000).  

Survivorship bias arises when the database contains information only on funds that are 

still in operation and actively reporting to the database. If funds drop out and stop 

reporting mainly due to poor performance, either being fully liquidated or not being 

willing to disclose inferior returns, then including only the surviving funds will cause 

hedge fund performance to be biased upwards. Instant-history or backfill bias is caused 

by the historical returns of a fund being retrospectively recorded when it is added into 

the database by the vendor. If fund managers decide to approach a data vendor only 

after they have established a record of good returns that they want to market, then the 

backfilled returns from the time before the fund’s inclusion will have an upward bias. 

Unlike mutual funds, hedge fund managers can refuse to participate in the disclosure 

of their information altogether, and thus hedge fund databases are subject to selection 

bias. Presumably, better-performing funds will more likely want to be included in a 

database to gain good exposure, causing databases to paint a picture not representative 

of the entire universe of investable funds. Fung and Hsieh (2000) suggest using funds-

of-funds to study aggregate hedge fund returns, since they are a natural proxy for the 

complete available universe of hedge fund investments, but as we are interested in 

studying several separate investment strategies in isolation, we forego this approach. 
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We apply several filters to the hedge fund data to create our sample. First, we require 

all funds to have returns reported at least monthly. Second, to combat backfill bias, we 

delete the first 12 months from each fund’s return series. Third, we require each fund 

to have at least 24 months of reported returns between February 1996 and July 2013, 

which constitutes our sample time period8. After applying these filters, the final sample 

includes the monthly returns of 6092 individual funds, whose excess returns we use to 

conduct our empirical research. Survivorship bias is countered by the fact that the 

TASS data also includes defunct (dead) funds. It is good to note, however, that as 

reporting to the database is voluntary, selection bias cannot be removed from the 

sample. Any remaining biases cause performance to be overestimated, but our study 

is more concerned with the systematic risk exposures of hedge funds than performance 

measures. 

Table 2 presents our final sample with the summary statistics of monthly hedge fund 

index excess returns at the aggregate level with an index of the entire sample as well 

as indices based on their strategies and option use. We specify option users as funds 

who had an affirmative answer in the option (OP) column of at least one asset class in 

Table 1. Table 2 also reports the number of funds (N) left in each category after the 

filtering process as well as the number of funds that still report to the database (alive) 

and defunct funds that have ceased their reporting (dead). The history of the TASS 

database can be seen from the dead funds outnumbering the alive funds by 4269 to 

1823 in the full sample. For contrast, Chen’s (2011) June 2006 sample of 5551 

individual funds had 3297 live and 2254 dead funds.  

Different strategies have large variation in their number of funds, ranging from just 26 

individual funds for options strategy to a dominating 2465 for long/short equity hedge. 

The sample sizes of options strategy as well as dedicated short bias with its 35 funds 

are a problem for the empirical analysis, especially when split into option user and 

non-user funds diminishing the number of funds further, but we will include them, 

nonetheless. The proportion of option users in the sample is very close to 50%, similar 

to the unfiltered sample, with 3062 user funds and 3030 non-users. It should be noted, 

                                                 
8 Our time frame is very suitable for studying the effects of volatility, as it includes several large tail-

events of high market turmoil as well as times of relative calm. 
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however, that while a clear majority of derivative user funds also use options in the 

unfiltered sample, as mentioned above, this is not the case for every individual 

strategy. For instance, the managed futures strategy had 89.6% of funds using 

derivatives, but in our final sample only 33.6% of them use options, which is fitting 

for an investment strategy that concentrates on the commodity and financial futures 

market. 

At the aggregate level seen from Panel A of Table 2, hedge funds boast a decent Sharpe 

ratio of 0.89 and they exhibit some negative skewness. The Sharpe ratio is in part due 

to the relatively low standard deviation of the aggregate index (2.11% monthly, or 

7.32% annually), since the mean return of 0.54% monthly (6.46% annually) is not 

much more than could reasonably be expected from an equity index investment during 

the time sample. Indeed, in our sample the S&P 500 index had an average monthly 

return of 0.50% (6.05% annually). At the aggregate level, there does not seem to be 

much difference between funds using options and those that do not.  

Panel B of Table 2 presents hedge funds in a double sort on fund strategy and option 

usage. In the full sample, the strategies display monthly means ranging from 0.41% to 

0.70% and Sharpe ratios of between 0.49 and 0.99. The only odd one out is dedicated 

short bias, which has a monthly mean and a Sharpe ratio of –0.09 and –0.07, 

respectively, suggesting that the negative market exposure inherent in the fund style 

during nearly two decades of average annual market return of about 6% has made its 

mark on the strategy’s performance. The returns of many strategies seem to gravitate 

towards heavier tails, with especially convertible arbitrage, equity market neutral and 

fixed income arbitrage having extremely high kurtosis. All strategies had both option 

users and non-users in our sample, except for options strategy, which, fittingly, had 

only option-user funds9, and is therefore not redundantly reported in the option users 

category. Our sample period consists of 210 months of data for each category, except 

again for options strategy, whose data lacks months from the beginning of the sample 

and consists of the last 187 months. The most likely reason for this as well as the 

                                                 
9 Strangely, as can be seen from Table 1, more than 10% of the options strategy funds in the database 

did not use options or any other derivatives, for that matter, but none of them were left after the filtering 

of our final sample. 
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extremely low number of funds in this category is that it is the most recently introduced 

strategy of those we study in the TASS database. 

3.2 Factor data 

We choose a set of risk factors from earlier literature to be used as explanatory 

variables in the multifactor model described in section 4. As a baseline set of factors, 

we employ the 7-factor model of Fung and Hsieh (2004), which is used extensively in 

benchmarking hedge fund returns. We examine whether hedge fund returns exhibit 

option-like returns with the call and put option portfolios created by Agarwal and Naik 

(2004). Finally, we study the systematic volatility risk in hedge fund returns using the 

straddle portfolio of Coval and Shumway (2001) and its jump and diffuse volatility 

components from Cremers et al. (2015). This subsection will describe the risk factors 

and their structure in detail. 

The Fung and Hsieh (2004) factor data consists of seven factors that are used especially 

in modelling hedge fund returns. They include two equity-oriented, two bond-oriented 

and three trend-following risk factors. The equity factors are the equity market factor 

(SP), proxied by the Standard & Poor’s 500 index monthly return, and the size spread 

factor (SCLC), proxied by the spread of the monthly returns of the Russell 2000 and 

the S&P 500 indices. The bond-oriented factors are the bond market factor (CGS10), 

represented by the monthly change in the 10-year treasury constant maturity yield, and 

the credit spread factor (CREDSPR), which is the monthly change in Moody’s Baa-

rated corporate bond yield minus the 10-year treasury constant maturity yield. Finally, 

the three trend-following factors first proposed in Fung and Hsieh (2001) are portfolios 

of lookback straddles on bonds (PTFSBD), currencies (PTFSFX) and commodities 

(PTFSCOM). The data for these factors are from David Hsieh’s webpage. We use 

these factors as a baseline benchmark, but are more interested in the results from the 

factors described below. 

From Agarwal and Naik (2004), we have four option-based factors that mimic the 

return of buying call and put options, and we use them to examine whether hedge fund 

returns exhibit option-like features. The factors consist of highly liquid at-the-money 

and out-of-the-money European call and put options on the S&P 500 index. The 
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process of generating the returns is as follows. On the first trading day of a month, 

they buy the option expiring in the next month from the Chicago Mercantile Exchange, 

and on the first trading day of the following month sell it and repeat the process. This 

produces the monthly returns for at-the-money calls (Call_ATM) and puts (Put_ATM) 

and out-of-the-money calls (Call_OTM) and puts (Put_OTM). The at-the-money 

options are chosen as those with a strike price closest to the current index level, and 

the out-of-the-money options are those with the next higher (calls) or next lower (puts) 

strike price. 

To study hedge fund volatility exposure, we use the straddle (STR) factor from Coval 

and Shumway (2001). They construct the daily straddle return by taking the weighted 

average of straddle returns with strike prices immediately above and below the opening 

price of the S&P 100 index. The returns are determined as explained in section 2.1. 

This position is rebalanced daily, and the factor consists of the monthly straddle 

returns. We also use the factors constructed by Cremers et al. (2015) to examine two 

components of volatility risk: diffuse volatility (VOL) and jump risk (JUMP). Their 

jump risk proxy portfolio is constructed as a combination of a long position in one 

zero-beta, at-the-money straddle and a short position in a number of zero-beta at-the-

money straddles with a longer maturity, where the number of shorted straddles is 

chosen to create a vega-neutral and gamma-positive portfolio. Correspondingly, their 

volatility risk proxy portfolio consists of a long position in one zero-beta at-the-money 

straddle and a short position in a number of zero-beta at-the-money straddles of a 

shorter maturity, where the number of shorted straddles is chosen to create a gamma-

neutral and vega-positive portfolio. The factor we use is the monthly return of these 

positions. The data for all the factors, apart from the Fung & Hsieh 7-factor model, are 

from OptionMetrics. 

Table 3 presents the summary statistics of the monthly factors as well as their pairwise 

correlations. During our sample period, the market has had an average monthly 

(annual) return of 0.5% (6.05%), as can be seen from Panel A. The call and put option 

factors have very highly negative monthly means, with extremely high standard 

deviations. Many option positions expire or are sold almost worthless, and the minima 

of the factors are all close to –100%, but correspondingly, the maxima can go over 

300%, meaning that some option positions have more than quadrupled their investment 
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in a single month. Likewise, STR, along with its components JUMP and VOL, have 

negative mean returns and high standard deviations, though not to the same extent. 

STR has a mean monthly return of –6.21%, which is in line with (though not as low) 

with Coval and Shumway’s (2001) finding of about –3% weekly returns. All the 

option-based factors are positively skewed, as befits their nature. Panel B shows the 

pairwise correlation of our array of factors. The at-the-money and out-of-the-money 

call (and put) option factors have correlations nearing one, as they are built in exactly 

the same way, with the only difference being the slightly different strike price of the 

option held. Likewise, STR is highly correlated with its components JUMP and VOL, 

which, on the other hand, have a pairwise correlation of only 0.13, in line with the 

intentions of Cremers et al. (2015). The volatility-proxying factors are all negatively 

(although weakly) correlated with the market, evidence for high volatility coinciding 

with low market returns. 
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4 MULTIFACTOR MODEL 

We study the risk profile of hedge fund returns by employing a linear multifactor 

model. This is done by regressing the monthly excess returns of either an index of 

funds or individual funds on the monthly excess returns of the factor portfolios 

described in section 3.2. We use Ordinary Least Squares (OLS) in estimating the 

regression parameters. In other words, we estimate the parameters of the equation 

𝑅𝑝𝑡 = 𝛼𝑝 + ∑ 𝛽𝑝
𝑖 𝐹𝑡

𝑖

𝑛

𝑖=1

+ 𝜀𝑝𝑡,                                                                                  (7) 

where Rpt is the excess return of either an individual hedge fund or a hedge fund index 

p at time t, αp is the regression intercept or ‘alpha’ of index p, 𝛽𝑝
𝑖  is the regression 

coefficient or ‘beta’ of index p on factor i, 𝐹𝑡
𝑖 is the excess return of factor i at time t, 

and εpt is the error term of index p at time t. 

We estimate the model in a stepwise fashion, similar in spirit, but not identical, to 

Agarwal and Naik (2004). First, we specify four different initial models, where highly 

correlating factors have been separated to account for multicollinearity. Agarwal and 

Naik’s at-the-money and out-of-the-money call and put factors are extremely highly 

correlated, and as such, separate regressions will be run for both pairs. Likewise, Coval 

and Shumway’s (2001) straddle factor correlates highly with the diffuse volatility and 

jump risk factors of Cremers et al. (2015), the two effectively being the straddle factor 

split into two components, and we run them in separate regressions, as well. 

Combining the pairs, we have four separate model specifications with no 

multicollinearity left, which allow us to study each factor of interest without 

interference from correlating factors.  

The stepwise procedure itself involves adding and/or deleting variables (factors) based 

on the Akaike Information Criterion (AIC) of the model, starting with the initial 

specification of each of the four models described above. The AIC is a measure that 

balances the fit of the model with the number of explanatory variables, selecting 

variables parsimoniously and punishing over-parametrisation. We respecify all four 
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models with those chosen by the stepwise procedure and choose one final model by 

comparing the AICs of the newly specified models. When we split funds into 

categories based on their strategy and/or option use, the stepwise procedure chooses a 

model for each group separately, only including factors that are important in modelling 

that specific group’s returns. 

4.1 Index returns 

First, we will study the risk profiles of different equally-weighted hedge fund indices. 

The whole sample will be studied in the aggregate, and each investment strategy will 

have its own index. We will also build indices of option users and non-users both in 

the aggregate and within separate strategies to study whether option use has an effect 

on the betas (or alphas) of hedge funds. 

4.1.1 Aggregate index returns 

Table 4 shows the results of the multifactor model for the aggregate hedge fund index 

return, with the return of every fund included in the sample having equal weight. The 

first column presents the factors, the second column contains the results for the full 

sample, the third and fourth columns separate funds into option users and non-users, 

respectively, and the fifth and final column has the spread portfolio, which goes long 

user funds and shorts non-users. Applying to all results reported in this study, we only 

report the factors chosen by the stepwise procedure. If a factor is missing from the left-

most column of any table, that factor was never chosen by the procedure to be part of 

the final model for any index of hedge funds in that table, and as such its inclusion 

would be redundant.  

Aggregate hedge fund returns exhibit positive loading on the equity market with a 

market beta of 0.28, small but still economically significant. Despite their name and 

absolute return targets, hedge funds have not hedged away all of their market 
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exposure10. Furthermore, they exhibit signs of a positive size spread loading, which 

suggests their portfolios consisting more of smaller market cap stocks, on average. 

Likewise, hedge funds have a positive and significant market credit, credit spread and 

trend-following currency betas, and the index has a rather large statistically significant 

alpha of 3.12% annually, which could be due to our conservative measures of only 

removing the first twelve months when accounting for backfill bias. The alpha could 

potentially diminish or disappear altogether if we removed the first 24 or 36 months 

or all months prior to the inclusion of an individual fund, but this would naturally have 

a drastic impact on the number of funds and observations per fund of the final sample, 

especially when some strategies have very few observations to begin with. As our 

study is more interested in the betas rather than alphas and we have no reason to 

assume that the factor exposures are systematically different for the track record phase 

of a hedge fund, we stay with the conservative number of twelve months. 

No features resembling the return of call or put options seem to be present in the 

aggregate index returns. The call and put option factors, both at-the-money and out-

of-the-money, failed to show any significance. However, variation in exposure 

between strategies might lead to a vanishing call and put betas at the aggregate level, 

and we will examine strategy-specific exposures in the next subsection. Perhaps the 

most interesting result of the aggregate index is the significant negative exposure on 

the STR factor, which proxies for volatility risk in our model. The straddle betas might 

seem deceptively small to have any economic significance, but it pays to bear in mind 

that the magnitude of variance in the factor returns is much greater than the variance 

in hedge fund returns, and even a small beta in absolute value can have a significant 

economic impact. One standard deviation change in the monthly return of the straddle 

factor is associated with 0.25 percentage points in the monthly return of the aggregate 

hedge fund index. 

                                                 
10 Asness, Krail and Liew (2001) provide evidence suggesting that even this beta is greatly 

underestimated. They show that problems with pricing many illiquid and over-the-counter securities 

hedge funds hold causes their market exposure to be understated when calculated from 

contemporaneous monthly returns, and subsequently many studies (including ours) overestimate hedge 

funds’ risk-adjusted performance. 
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Columns three and four of Table 4 contain the multifactor model results for option 

users and non-users, respectively, but due to the differing model selection, direct 

comparison is difficult. A quick glance suggests that option users have a slightly larger 

exposure to the market and size factors and slightly smaller exposure to the credit rate 

and spread factors. The volatility beta measured by the STR factor seems to be larger 

(less negative) for option users. There is no hint towards any difference between call 

or put option-like returns between the two groups, or, for that matter, either group 

having a non-zero beta for any of the option factors to begin with. 

The portfolio in column five contains more relevant information on option usage, as it 

buys funds that use options and sells funds that do not, capturing any systematic 

differences between the two groups, and the stepwise procedure selects only one model 

for the resulting spread portfolio. This allows for a direct comparison of the different 

exposures of users and non-users along with testing their statistical significance. The 

spread portfolio is built as an equal-weighted combination of the equally-weighted 

indices of users and non-users. In other words, the same amount of money is invested 

in both users and non-users regardless of the number of funds in either group, 

rebalanced monthly. The fact that option users and non-users were divided nearly half-

and-half in the aggregate sample ensures that the funds of one group are not 

overrepresented.  

Qualitatively, the results are similar to the cursory analysis above, as the portfolio has 

a positive size beta and a negative credit rate beta, while the market and credit spread 

factors have been omitted completely. This conforms well with the separate 

regressions in columns three and four, which had relatively large gaps between the size 

and credit rate betas and much smaller differences in the market and credit spread 

betas. The size and credit rate betas are also highly statistically significant. 

Interestingly, instead of the straddle factor, the stepwise procedure chose the diffuse 

volatility factor as an explanatory variable in the spread portfolio regression, with a 

positive VOL beta corresponding to the positive difference between the STR betas of 

users and non-users in the separate regressions, and this difference is highly 

statistically significant. The alpha of the spread portfolio is 0.63, meaning that user 

funds, on average, have better risk-adjusted performance, but this alpha is not 

statistically significant.  
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4.1.2 Strategy-specific index returns 

Table 5 shows the results of the stepwise regression model with funds categorised into 

equally-weighted indices of their reported investment strategies, or styles. The 7-factor 

exposures conform rather well to what could be expected from each strategy. For all 

strategies except for managed futures, the market beta is highly significant, with the 

size of the exposure varying between strategies. For example, dedicated short bias has 

a negative market beta of –0.63, which in absolute value is the largest market exposure 

of any strategy, while equity market neutral has one of the lowest betas of 0.10. Most 

strategies have annual alphas of 2–5%, ranging from 2.1% for fixed income arbitrage 

to a strapping 4.8% for long/short equity hedge, except convertible arbitrage, dedicated 

short bias, emerging markets and managed futures, whose alphas are not statistically 

significant. 

Only the managed futures strategy shows any significance at the 5% confidence level 

for the call or put option factors, with a positive Call_ATM beta of 0.006. Again, the 

wild variation in call option returns means that even such a small beta can have an 

economic impact, with a one standard deviation shift in the monthly return of the 

Call_ATM factor corresponding to a 0.49 percentage points in the monthly return of 

the managed futures index. Otherwise, statistically significant exposures to option-like 

returns are not present in any strategy, and the influence of the managed futures 

strategy is not enough to show in the aggregate index of Table 4. Even options strategy, 

which has a 100% option user population in the sample, fails to show any significance 

towards option-like returns. The negative STR beta found in the aggregate returns is 

confined to convertible arbitrage, event driven, managed futures, global macro, multi-

strategy and options strategy. The stepwise procedure bypassed STR as a factor for 

dedicated short bias, equity market neutral, fixed income arbitrage and long/short 

equity hedge. Emerging markets has a beta that is negative, but fails to show statistical 

significance, while no strategy hints at a positive straddle beta.  
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Table 6 shows the multifactor model results for the spread portfolio of option users 

and non-users, separately for each strategy category11. The spread portfolio is built in 

the same way as the aggregate spread portfolio described above, but it should be noted, 

that as within some strategies, the number of option user and non-user funds can be 

rather one-sided, the individual funds of one group can have a much greater weight 

each in the resulting portfolio. However, we deem that an approach that invests an 

equal amount of money in both groups is the most natural way of studying the 

differences between them.  

For dedicated short bias, emerging markets, global macro, long/short equity hedge and 

managed futures, the spread portfolio has a statistically significant negative market 

beta, suggesting that option users have significantly less market risk than non-users for 

these strategies, except for dedicated short bias, where option users having a smaller 

beta than non-users means a more negative market beta, with non-users having a lower 

absolute market exposure. Event driven is the only strategy where option users have a 

statistically significantly larger market beta, while the rest of the strategies show no 

difference whatsoever. It should be noted that while some strategies show option-use-

based variation in their market betas, this variation is not strong enough to appear in 

the aggregate index. Option use has varying effects on the size factor, with option use 

being associated with a smaller beta in dedicated short bias, emerging markets and 

fixed income arbitrage and a larger beta in equity market neutral, managed futures and 

long/short equity hedge, though the difference in managed futures is not statistically 

significant. The alphas are mostly statistically insignificant, except for equity market 

neutral and long/short equity hedge, which show somewhat positive and significant 

alphas. 

The volatility exposure difference apparent in the aggregate index seems to be mainly 

driven by three strategies: emerging markets, multi-strategy and managed futures. For 

emerging markets and multi-strategy, the differences in the diffuse volatility betas are 

rather large and highly statistically significant, with betas of 0.034 and 0.024, 

                                                 
11 The tables containing the separate regressions for option users and non-users are in Tables A1 and 

A2, respectively, found in Appendix 1. In the text, we only concentrate on the spread portfolio, as it 

allows for more meaningful analysis. 



41 



42 

respectively. With these two strategies, option use is thus being associated with a larger 

diffuse volatility exposure. No other strategy exhibits a statistically significant 

difference in VOL, either positive or negative, but the managed futures strategy spread 

has a positive and significant STR loading, with option use, again, being connected to 

a more positive beta. This difference, however, is more strongly driven by the JUMP 

factor than the VOL factor, and as such the stepwise procedure chose their combination 

STR as an explanatory variable rather than VOL. Option use has a statistically 

significant effect varying in quality on the option betas of only three strategies, namely 

fixed income arbitrage, long/short equity hedge and multi-strategy. 

4.1.3 Discussion 

Our results challenge the findings of Agarwal and Naik (2004) who find hedge fund 

returns to significantly resemble a short position in an index put option. Apart from a 

couple of strategy indices showing some significance towards the returns of index calls 

or puts (a result which might well be simply statistical noise given our vast array of 

both factors and return series), the option-like returns are nowhere to be seen, and we 

find option use to have no effect on these measures. Besides, the scarce instances of 

statistically significant option betas were invariably positive and not negative, like in 

the results of Agarwal and Naik. Our results are in line with Lucas et al. (2009), who, 

likewise, find very little evidence of option-like characteristics in hedge fund returns. 

Agarwal and Naik suggest hedge funds using options as one possible source of their 

findings, but our results show that there is no difference between option users and non-

users with regard to option-like returns. Hypothetically, option users should show 

stronger evidence of option-like returns, but neither group of hedge funds had any 

exposure to any of the option return proxying factors. 

Hedge funds have a significant negative volatility beta. This suggests that hedge funds, 

in the aggregate as well as across several investment strategies, are sellers of volatility; 

their returns resemble that of a shorted index straddle, earning steady returns 

uncorrelated with the market during times of low volatility, occasioned by lower 

returns when volatility climbs higher than expected. As earlier literature has 

established a negative volatility premium, a negative loading on the straddle factor 

leads to higher expected returns, a premium which hedge funds reap as they are bearing 
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the risk of market downturns which coincide with high volatility. Our results are 

similar to those found by Bondarenko (2004). When STR was replaced with either 

JUMP or VOL or both in the model selected for the aggregate hedge fund index, the 

two were always negative and on par in magnitude with the original straddle factor, 

but neither of them were statistically significant either separately or together in one 

regression. It seems that aggregate volatility risk in hedge fund returns is a combination 

of both diffuse volatility and jump risk exposure, and not a results of just one or the 

other.  

Strangely, the strategy that had the strongest negative exposure to volatility risk was 

managed futures, although the opposite was expected. Fung and Hsieh (2001) and 

Asness, Krail and Liew (2001) both find evidence consistent of managed futures, also 

called Commodity Trading Advisors (CTAs), are long volatility, having positive 

performance in extreme market conditions. Our results suggest the opposite; while 

consistent with their results of managed futures having no linear exposure with the 

market (the only strategy in our data to achieve such market neutrality), we find these 

funds to be the most eager volatility short sellers. However, we are not alone, as more 

recent results in Buraschi, Kosowski and Trojani (2014) show that managed futures 

funds have a negative correlation risk beta, which, under economic intuition, is 

consistent with a negative exposure to aggregate volatility. 

At the aggregate level, option use has no effect on market beta, although option users 

have a slightly larger exposure to the size factor. Options being used for value creation 

(at least successfully) is disputed by there being no significant difference between the 

alphas of the two groups. As for volatility exposure, we find that option users have a 

higher (less negative) volatility beta. Intuitively, this suggests that funds that trade in 

options have a better insurance against sudden increases in aggregate volatility, paid 

for by reaping a smaller premium during steady times than non-user funds. This result 

suggests a hedging motivation behind the use of options, similar to the findings of 

Chen (2011). The difference in volatility exposure of the two groups was found in the 

diffuse volatility factor. In unreported spread portfolio regressions, where VOL was 

replaced with either STR or JUMP, the straddle beta was positive and statistically 

significant, but less so than the diffuse volatility beta, and the jump factor had no 

significance whatsoever with a t-value of 0.9. This suggests that the difference in 
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volatility risk of users and non-users derive from differing diffuse volatility betas 

alone, and as such VOL is a better choice for the spread portfolio’s model than STR, 

as it excludes the redundant part carried by STR which is the same for both groups. 

However, it should be noted that our measure of option use is far from ideal. The TASS 

database reports derivative use for each fund as a simple binary variable in each asset 

and derivative class with no regard to the extent or purpose. We have no way of 

knowing whether an individual fund in the user category has a significant amount of 

its assets under management invested in options with a clear objective or if their 

reported answers only reflect minimal or perhaps even solitary option positions. We 

also do not know whether funds have a long or a short position in the options, only 

that they use them. Bondarenko (2004) mentions that one way for hedge funds to short 

volatility is selling call and put options, and since in our results option users have a 

less negative volatility beta, our measure of option use would be consistent with a long 

position, though this is not verifiable. Buying and selling options can intuitively have 

an opposite effect on the risk-return profiles of hedge funds, and as such a continuous, 

quantitative measure of option use would serve better in our research, and would allow 

for a portfolio sort approach instead of a binary distinction. However, our results show 

that there is significant distinction in the risk-return profiles of users and non-users, 

which warrants future research. 

4.2 Portfolio sorts 

So far, we have found that a great number of hedge funds with several investment 

strategies as well as across the whole aggregate sample exhibit a negative straddle beta, 

and are thus selling volatility. We next turn to portfolio sorts, where we form portfolios 

based on individual funds’ STR betas, and assess both the relative performance and 

risk profiles of these portfolios. In calculating the betas, we skip the stepwise model 

selecting procedure and settle with the model that was found most relevant for our 

sample, namely the Fung & Hsieh 7-factor model enhanced by the STR factor.  

We form the portfolios as follows. Each December in our sample period, we estimate 

each fund’s STR beta with the aforementioned model using the returns of the previous 

24 months. We then rank the funds into deciles, with portfolio 1 (P1) having the funds 
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with the lowest (most negative) STR betas and portfolio 10 (P10) having the ones with 

the highest (the least negative or positive). The portfolio is held for one year, and on 

the next December, the betas of the funds are recalculated and new decile portfolios 

are created, which we again hold for one year. The process is repeated at the end of 

each year and the monthly postranking returns produce a single series of returns for 

every decile portfolio.  As we require 24 months of data for the estimation of the rolling 

betas, the first portfolios are formed on December 1998, and our time series of sorted 

portfolio returns runs through January 1999 to July 2013. 

Table 7 shows the summary statistics of the monthly returns of all decile portfolios 

from the lowest beta (P1) to the highest beta (P10) and the spread portfolio, which 

goes long the lowest-beta portfolio and shorts the highest-beta one (P1–P10). The 

Sharpe ratios, and to a lesser extent the mean returns, are consistently higher at the 

lower ranks, with P1 having the highest Sharpe of 0.86, which is significantly 

statistically different from zero. The spread portfolio, which goes long the lowest-beta 

portfolio P1 and shorts the highest-beta portfolio P10 (P1–P10) has a positive monthly 

mean return of 0.23% and a Sharpe of 0.30, although the Sharpe ratio is not statistically 

significant at the 5% confidence level. Although portfolio P10 does not have the lowest 

mean return among the sorted portfolios, it is the only one with a Sharpe ratio that is 

not statistically different from zero with a t-value of 1.70.  

Table 8 presents the regression model results for all eleven portfolios. The alphas of 

the lower-beta portfolios are consistently higher than their higher-beta counterparts. 

Portfolios P1 through P4 have significant alphas decreasing from 5.7% to 2.1%, 

annually. The alphas of portfolios P5 through P10 continue to decrease, although no 

longer monotonically, and they all fail to show statistical significance, while the spread 

portfolio has a significant annual alpha of 5.3%. The spread portfolio’s alpha is also 

much less likely to suffer from backfill bias caused by our conservative 

countermeasures, as it buys and sells the exact same number of hedge funds, and any 

remaining backfill bias should therefore be neutralised, unless an individual fund’s 

volatility exposure is somehow related to its track record phase. Furthermore, the 

lowest- and highest-beta portfolios seem to have very little difference in their risk 

exposures, as only the SCLC beta of the spread portfolio is significant, with high-beta 

hedge funds tending to be more heavily long small-cap stocks.  
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The behaviour of the alphas has significant implications. If an investor buys hedge 

funds with the lowest STR betas and shorts funds with the highest, they can achieve 

an excellent risk-adjusted return almost without any systematic risk. Of course, in the 

context of hedge funds, such an investment that requires shorting is not necessarily 

plausible from an investor stand point, and furthermore, the high risk-adjusted returns 

of volatility sellers might diminish in net-of-fee returns, were the managers to keep the 

value added to themselves. However, simply buying the lowest-beta hedge funds also 

yields similarly impressive risk-adjusted return, although the investor would then be 

subject to considerable negative volatility risk.  

The systematic risk exposures of the sorted portfolios show very little consistent 

differences. Like stated above, the only statistically significant beta of the spread 

portfolio was that of the size factor. The STR betas of the portfolios do not conform to 

the procedure of portfolio forming, most likely caused by the long holding period of 

one year. Portfolios P1 through P4 have betas statistically not different from zero, 

while portfolios P5 through P9 have significant negative betas, and portfolio P10 

formed with the funds of the highest STR beta fails to show any significance in its 

volatility exposure. Accordingly, the spread portfolio has a statistically insignificant 

STR beta. It would seem that a certain volatility exposure is not a consistent strategy 

that individual hedge funds stick to, but rather a temporary position which varies 

during a fund’s lifetime. However, the alphas suggest that there are inherent 

differences in value creation between the ex-ante volatility exposures of hedge funds. 

The fact that different funds belong to different deciles through time suggests that this
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is less due to manager skill and might simply be a result of other omitted priced risk 

factors. 
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5 CONCLUSION 

In this paper, we study the risk-return characteristics of broad hedge fund indices and 

the cross-section of individual hedge funds using an expansive array of risk factors 

collected from earlier literature as well as what impact option use has on this risk-

return profile. Our research confirms many previous results, challenges others and 

produces some novel findings. 

First, we provide disputing evidence for the notion that hedge fund returns resemble a 

short position in index put options. Indeed, we find no evidence of hedge funds 

exhibiting any call or put option-like return features except in a few isolated cases in 

some strategy indices. Even then, the option betas were positive and not negative, as 

hypothesised. One suggested cause of option-like returns was hedge funds’ direct use 

of options as investments, but we find no features resembling the returns of call or put 

options in either the option user or non-user group. 

Second, we confirm the notion that hedge funds as an industry are short aggregate 

volatility, where volatility risk is proxied by the returns of an index straddle on the 

S&P 100 index, and thus reap the benefits of the negative volatility risk premium. This 

exposure appears to consist of both diffuse volatility and jump risk components. The 

short position of hedge funds is both statistically and economically significant, with 

one standard deviation change in the monthly return of the volatility factor 

corresponding to 0.25 percentage points in the return of the aggregate hedge fund 

index. The negative volatility beta of the aggregate index is a result of the convertible 

arbitrage, event driven, managed futures, global macro, multi-strategy and options 

strategy indices, all of which boast a significant negative volatility exposure. 

Dedicated short bias, emerging markets, equity market neutral, fixed income arbitrage 

and long/short equity hedge strategies have no exposure to systematic volatility, and 

no strategy index even as much as hints towards a positive volatility beta. 

Third, as a novel finding, we show that hedge funds that use options have a higher 

(less negative) volatility beta, in the aggregate, and this effect is confined to the diffuse 

volatility component with no significant difference in jump risk. This difference is 

generated by just three strategies, emerging markets, multi-strategy and managed 
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futures, although the difference in the volatility beta of the managed futures strategy 

is caused more by jump risk than diffuse volatility risk disparity. A lower absolute 

volatility exposure suggests that, on average, hedge funds employ options as a hedging 

measure and are better insured against sudden increases in market-wide volatility. 

Finally, after confirming hedge funds being short volatility, on average, we turn to 

portfolio sorts, where we examine the volatility exposure in the cross-section of 

individual funds and sort them to decile portfolios based on their historical straddle 

betas. We find that the risk-adjusted performance as measured by the portfolios’ alphas 

are consistently larger for portfolios with lower (more negative) historical volatility 

betas, with the low-minus-high spread portfolio boasting an impressive 5.3% annual 

alpha with almost no systematic risk. Furthermore, the mean returns and Sharpe ratios 

of low-beta hedge funds are, on average, higher than their high-beta counterparts. 

Our results are relevant for hedge fund investors and researchers. Negative volatility 

exposure leads to steady performance and a return premium during times of low 

market turbulence, but at the same time, hedge funds are vulnerable to large losses 

during times of extreme market movements. Apart from supporting the notion that 

volatility risk is an important determinant of hedge fund returns and should be included 

in models attempting to correctly assess their risk-adjusted returns, we show that there 

are inherent differences in added value between funds with different volatility 

exposures. Since funds rather freely change their volatility exposure throughout our 

sample period, we are led to believe that this difference is more likely due to other 

priced risk factors absent from the model rather than due to manager skill, the 

determining of which we leave for future research. We also show that there are 

differences between hedge funds that use options and those that do not, and although 

we find no evidence of risk-adjusted performance difference between the two groups, 

which would be of interest to investors, we give motivation for future research to 

determine the exact effects of option use on fund returns, information which is not 

relevant for only researchers but also to regulators and even fund managers 

themselves. Our binary variable of option use is enough to show that asymmetry exists, 

but the nature of our data makes more accurate inference impossible. Our results could 

be greatly expanded given a more fluid, quantitative measure of fund-level option or 

derivative use.   
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