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Abstract      

The goal of this master’s thesis is to understand the performance implications of hedge fund’s tail 

risk, and the mechanisms of how some funds achieve lower tail risk. The current evidence on the 

performance implications is mixed, with most empirical hedge fund studies suggesting higher returns 

to higher risk. This is not obvious since the goal of skillful hedge fund managers is to deliver positive 

risk-adjusted returns, and indeed a few studies do report higher returns to lower risk. The issue is 

further complicated by the evidence of asset-level low-risk anomalies, which could create a low-skill 

alternative for managers to achieving higher returns with lower risk. 

 

Using a consolidation of commercial hedge fund databases, we decompose hedge fund tail risk, 

conditional on market distress, into two components: Systematic Conditional Tail Risk (SCTR) 

arising predictably via equity market exposure, and Idiosyncratic Conditional Tail Risk (ICTR) 

arising from unpredictable, proprietary alpha investment technology. First, using a subset of large, 

13F-HR matched hedge funds from March 2000 to June 2013, we show that especially low-ICTR 

hedge funds deliver superior future risk-adjusted returns. In contrast to existing hedge fund literature 

our results support the broader view in asset-pricing literature that low risk is associated with higher 

risk-adjusted returns. The results are robust to the inclusion of additional risk factors, including a low-

risk factor, suggesting that the better performance could be due to skillful hedging rather than 

harvesting of low-risk anomalies. This skill hypothesis is further supported by the finding that low-

risk funds charge higher incentive fees, consistent with economic theory. 

 

To further resolve the puzzle of whether low-risk funds outperform high-risk funds, using a large set 

of funds from January 1994 to June 2013, we run a comprehensive “horse race” between our risk 

measures and a replication of a large array of existing risk measures. Our results show that for many 

existing risk measures, the purported risk premium largely diminishes when controlling fund size, 

suggesting that existing results may be somewhat driven by the inclusion of smaller funds. Our 

measures SCTR and ICTR consistently show low-risk funds outperforming high-risk funds. 

 

Second, using 13F-HR option holdings data from March 1999 to June 2013, we investigate the 

underlying hedging mechanism implemented by low tail risk hedge funds. We demonstrate that low-

SCTR funds allocate a high fraction of their wealth – consistently over time – to protective option 

strategies, while low-ICTR funds use costly protective strategies only during the financial crisis. 

Funds with low ICTR also employ more stock, but not index, options, which fits the idiosyncratic 

nature of the measure. 

 

After the financial crisis, volatility-linked Exchange Traded Products (ETPs) have emerged as a 

potential alternative to hedging tail risk. We show that, from April 2009 to June 2013, the use of such 

volatility-linked ETPs is associated with lower SCTR but not ICTR, consistent with the option result, 

and indeed suggesting a complementary hedging mechanism. 
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1 INTRODUCTION 

In the aftermath of the financial crisis, investors become painfully aware of tail risk. 

With rising asset correlations, even portfolios that were well diversified during the 

normal times suffered from significant losses when the crisis occurred. Recent 

evidence shows that at the aggregate level hedge funds  seem to suffer from 

contagion during the times of low asset and funding liquidity (Boyson, Stahel & 

Stulz 2010), while a small portion of hedge funds may have protected themselves 

from the tail risk so that they are market tail neutral (Patton 2009). Indeed, Titman 

and Tiu (2011) find that hedge funds that that hedge — exhibit lower R-squareds 

with respect to systematic factors — deliver better performance. On the other hand, a 

series of recent papers show that hedge funds with higher systematic risk (Bali, 

Brown & Caglayan 2013) and tail risk (e.g., Kelly & Jiang 2012) deliver better 

performance than funds with lower risk. This paper aims to resolve this puzzle by 

shedding new light on conflicting results amongst these papers. In doing so, we first 

explore using a wide range of performance and risk metrics, how low-risk hedge 

funds perform relative to high-risk funds. Thereafter, using a large sample of option 

holdings that are not available in commercial databases, we analyze whether the low-

risk funds’ underlying hedging mechanism is associated with the usage of protective 

option strategies. 

Our main analysis is based on the Total Conditional Tail Risk (TCTR) that measures 

expected shortfall during market-wide tail events. To gain a better understanding of 

the underlying hedging mechanism, we decompose TCTR into two components: 

Systematic Conditional Tail Risk (SCTR) and Idiosyncratic Conditional Tail Risk 

(ICTR). This decomposition allows us to study separately the tail risk arising 

predictably via equity market exposure (beta), and the idiosyncratic tail risk 

unexplained by linear market exposure. 

Our empirical application contains two main parts. Using a consolidation of 

commercial hedge fund databases, we start by investigating the performance of a set 

of investment strategies based on our conditional tail risk measure and its 

decompositions into systematic and idiosyncratic parts.  Using 13F-HR options, 
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including both common stock and index options as well as Exchange Traded 

Products, we thereafter investigate how hedge funds’ holdings are associated with 

their realized conditional tail risk measures (i.e., underlying hedging mechanism). 

Due to electronic availability of 13F holdings reports, in our main empirical analysis, 

we focus on the period from the March 1999 to June 2013. 

We document five major empirical findings. First, we show that lower conditional 

tail risk predicts superior risk-adjusted returns and lower realized tail risk. Our results 

differ between systematic (SCTR) and idiosyncratic (ICTR) conditional tail risk. 

While low-SCTR funds deliver higher risk-adjusted returns, their mean excess 

returns remain flat. In contrast, low-ICTR funds deliver both higher risk-adjusted and 

mean excess returns. We interpret this discrepancy as empirical evidence of the high 

cost of market-wide tail risk hedging, since one way to achieve a low SCTR is to buy 

market tail protection, which existing literature suggests is overpriced due to 

leverage constraints (Frazzini & Pedersen 2012) and high demand (Litterman 2011). 

Given that it is not a trivial task to estimate tail risk measures using monthly hedge 

fund data, we perform a large number of robustness tests that confirm that our results 

are not driven by estimation error. Indeed, we find that our results hold for a wide 

range of performance and risk measures as well as risk factors including the Pastor 

and Stambaugh (2003) liquidity risk factor, Frazzini and Pedersen (2013) betting-

against-beta factor and the Agarwal and Naik (2004) equity option factors. 

Second, as we discuss above, hedge fund literature is mixed over the above finding 

that low-risk funds outperform high-risk funds. We therefore replicate a large array 

of existing risk measures and run a comprehensive “horse race” between them 

(including SCTR and ICTR) using a longer sample period from June 1994 to June 

2013, and systematically controlling for minimum fund size. Our results show that 

for many existing risk measures, the purported risk premium largely diminishes 

when controlling fund size, suggesting that existing results may be somewhat driven 

by the inclusion of smaller funds. Our measures SCTR and ICTR consistently show 

low-risk funds outperforming high-risk funds. Among the chosen set of measures, 

ICTR-based strategies are superior consistently across a large set of performance 
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measures that take into account, for example, systematic risk loadings, performance 

measure manipulation and nonlinearities in hedge fund returns. 

Third, we investigate the determinants of conditional tail risk measures to understand 

the mechanism of how hedge funds their hedge tail risk. We demonstrate that lower 

SCTR is associated with higher use of protective, but not non-protective, option 

strategies, suggesting an underlying hedging mechanism. For ICTR, we do not find a 

consistent association with higher use of options. However, our multivariate analysis 

suggests that during the financial crisis, funds with lower ICTR used more protective 

options to protect from losses exactly when most needed. This kind of opportunistic 

trading behavior is consistent with the empirical evidence that some hedge funds 

pose timing ability as previous literature suggests (Chen 2007; Chen & Liang 2007; 

Cao, Chen, Ling & Lo 2013). In general, low-risk funds seem to use more options, 

which, combined with the finding that lower risk predicts better performance, is 

consistent with the finding of Aragon and Martin (2012) that option-using hedge 

funds have better performance. We refine their result by showing that the effect is 

especially large in the use of protective options by low-SCTR funds; however, funds 

with low ICTR, while having even better performance, have less consistent 

connection with option usage. In contrast to Bollen (2013), who studies zero-R-

squared funds (roughly corresponding to our low-SCTR funds), we find no 

connection between tail risk and fund attrition rate, suggesting that our performance 

results are also not driven by seemingly low-risk funds having a higher attrition rate 

(“picking pennies in front of a steamroller”). 

Fourth, to gain a deeper understanding of the determinants of idiosyncratic 

conditional tail risk (ICTR), we conduct a sub-period analysis. It confirms that funds 

with low ICTR use protective options during crisis period. It also hints at consistent 

use of stock puts and non-hedging stock calls over time, but not index options. This 

result has a natural interpretation when considering that ICTR measures conditional 

tail risk arising from the fund’s idiosyncratic risk. Indeed, we would expect low 

idiosyncratic risk to arise via the use of idiosyncratic stock options, rather than 

market-wide index options. Stock puts can be used to protect existing stock 

positions, or can be used as standalone bearish bets, leading to lower ICTR during 
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market downturns. Non-hedging stock calls are standalone bullish bets, and their 

negative association with ICTR could indicate successful market-timing of individual 

undervalued stocks during market downturns. 

Fifth, given the recent evidence of popularity of tail hedge strategies (e.g., Litterman 

2011), we study systematically whether tail risk is associated with the use of 

specialized Exchange Trade Products (ETP), including volatility (VIX) linked, 

leveraged and inverse ETPs, which may provide additional mechanisms to hedging 

tail risk. Some types of specialized ETPs have existed only for a few years, so the 

data is much more limited than for established vanilla options. Still, we find that the 

use of volatility-linked ETPs is associated with lower SCTR but not ICTR, consistent 

with the finding for protective options, suggesting a complementary hedging 

mechanism. Use of leveraged ETPs is associated with higher SCTR, consistent with 

the idea of leverage increasing risk; for ICTR, the result is less consistent. 

Interestingly, during the financial crisis, both high-SCTR and high-ICTR funds used 

more inverse ETPs, but the trend is reversed for ICTR post-crisis. This suggests that 

ICTR is associated with opportunistic trading behavior that is consistent with the 

timing skills. 

Our paper relates to literature on low-risk anomaly. While Titman and Tiu (2011) 

show that hedge funds having low R-squareds with respect to common risk factors 

deliver superior risk-adjusted returns, several papers document that higher risk is 

associated positively with hedge fund performance. Indeed, Bali, Gokcan and Liang 

(2006) and Liang and Park (2006) show that higher Value-at-Risk and Expected 

Shortfall predict higher future returns. Bali, Brown and Caglayan (2012) show that a 

high composite measure of systematic risk is related to greater hedge fund 

performance. In addition, two recent working papers by Agarwal, Ruenzi and 

Weigert (2014) and Kelly and Jiang (2012) document a positive relationship between 

tail risk and hedge fund future performance. In contrast, comprehensible evidence 

across asset classes other than hedge funds shows that low risk is associated with 

higher performance. Most notably, in the spirit of Black (1972), Frazzini and 

Pedersen (2013) propose a betting against beta (BAB) factor, which is long leveraged 

low-beta assets and short high-beta assets, and which produces significant positive 
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risk-adjusted returns for individual equities and across asset classes. Using mutual 

fund data, Jordan and Riley (2014) show that low volatility funds outperform high 

volatility funds. We contribute to existing literature by providing evidence that 

support the broader view in empirical asset-pricing literature. Indeed, we document 

that low-risk hedge funds deliver especially higher risk-adjusted returns compared to 

high-risk hedge funds.  This result holds even when controlling for a low-risk factor 

(the betting-against-beta factor of Frazzini and Pedersen (2013)), suggesting that the 

better performance could be due to skillful hedging rather than harvesting of low-risk 

anomalies, consistent with the findings that lower R-square — a suitable proxy of 

skillful hedging — is associated with better performance for both hedge funds 

(Titman & Tiu 2011) and mutual funds (Amihud & Goyenko 2013). Like Titman and 

Tiu (2011), we also find a connection between lower risk and higher incentive fees, 

consistent with the skill hypothesis. We show that low-R-square funds deliver 

performance similar to low-SCTR and low-ICTR funds until the financial crisis, but 

after the financial crisis low-ICTR funds perform considerably better, suggesting that 

low ICTR might be a better indicator of managerial skill than low R-square, 

especially after the financial crisis. 

We contribute to the existing literature that examines hedge funds’ trading behavior. 

A series of papers investigate hedge funds’ trading behavior during the internet 

bubble and financial crisis (e.g., Brunnermeier & Nagel 2004; Ben-David, Franzoni 

& Moussawi 2012) as well as liquidity provision (e.g., Franzoni & Plazzi 2013; 

Aragon, Martin & Shi 2014). Another set of papers examine which kind of stocks 

hedge funds prefer to hold (Griffin & Xu 2009; Cao, Green & Li 2014) and the 

information contents of hedge fund equity holdings (Cao, Chen, Goetzmann & Liang 

2013; Cao, Goldie, Liang & Petrasek 2014) and option holdings (Aragon & Martin 

2012). We finally add to prior literature on hedge funds’ risk management (e.g., Lo 

2001; Jorion 2000, 2007, 2008; Cassar & Gerakos 2012) and the effect of derivatives 

and leverage on asset and fund returns (e.g., Koski & Pontiff 1999; Aragon & Martin 

2012; Frazzini & Pedersen 2012). We, however, differ significantly from these 

literature by shedding new light on the hedge funds’ underlying hedging mechanism. 

In particular, we demonstrate a strong link between hedge funds’ usage of protective 

option strategies and realized tail risk. 
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Our results have possible implications not only for hedge fund investors, but also 

more broadly for institutional investors that aim to hedge their market-wide tail risk. 

For example, Litterman (2011) discusses that a growing number of institutional 

investors such as pension funds have actively started to hedge against equity tail risk 

using various insurance strategies offered especially by investments banks. The 

recent anecdotal evidence shows that the cost of tail hedging has soared significantly 

due to high demand of such products.
1
  Financial economics theory also suggests that 

option-based protection carries an extra premium due to leverage constraints 

(Frazzini & Pedersen 2012). Our results show that lower market tail risk (as 

measured by SCTR) is associated with increased use of such protective options, but 

not greater mean excess returns; whereas idiosyncratic tail risk (as measured by 

ICTR) is not consistently associated with increased use of such options, but is 

associated with greater mean excess returns. This can be interpreted of evidence of 

overly aggressive market tail protection eating into long-term performance, as 

suggested by Litterman (2011); however, with both measures lower risk is associated 

with better risk-adjusted performance. 

This thesis proceeds as follows. Section 2 develops the tail risk measures. Section 3 

describes the data, performance evaluation metrics, and estimation methods. Section 

4 presents empirical performance results. Section 5 studies the mechanisms of 

hedging tail risk. Section 6 gives concluding remarks. 

                                                 
1
 Financial Times, Cost of ‘tail risk’ protection to soar, Telis Demos and Michael Mackenzie, 

February 8, 2012. 
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2 MEASURES OF TAIL RISK 

In this section, we develop our risk measures for main empirical testing: the 

Systematic Conditional Tail Risk (SCTR), which measures expected shortfall of the 

fund’s linear market exposure (beta) during market-wide tail events; and 

Idiosyncratic Conditional Tail Risk (ICTR), which measures expected shortfall of the 

fund’s alpha technology during market-wide events. Both of these measures are 

conditioned on a market-wide tail event, which allows us to study separately the tail 

risk arising systematically via market exposure (beta), and idiosyncratic tail risk 

unexplained by market exposure. We also survey the return-based measures of tail 

risk used in the literature, especially in the context of hedge fund tail risk. For 

convenience, we define all risk measures so that higher values correspond to higher 

risk, which will ease later exposition. 

2.1 Value-at-Risk 

Let random variable 𝑅 denote return on an investment
2
, with probability function 

𝐹𝑅(𝑥) = Pr[𝑅 ≤ 𝑥]. 

Given a fixed confidence level 𝛼 (usually 1% or 5%), the 1 − 𝛼 level value-at-risk 

(𝑉𝑎𝑅) of an investment is defined by the 𝛼 quantile of the return: 

𝑉𝑎𝑅 = −inf{𝑥 ∈ ℝ ∶ 𝛼 ≤ 𝐹𝑅(𝑥)}.  

If the return distribution is continuous, 𝑉𝑎𝑅 is given simply by the inverse of the 

probability function: 

𝑉𝑎𝑅 = −𝐹𝑅
−1(𝛼). 

                                                 
2
 In the definitions, all returns in excess of the risk-free rate. 
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In the context of hedge fund performance, Bali, Gokcan and Liang (2006) test the 

VaR with a consolidated version of the Lipper TASS and Hedge Fund Research 

databases of monthly hedge fund returns over the period of 1995 to 2003, finding 

that higher VaR predicts superior performance, suggesting a risk premium to holding 

tail risk. Liang and Park (2006) find similar results when testing the VaR with the 

Lipper TASS database over the period of 1995 to 2004. 

2.2 Expected Shortfall 

A theoretical problem with the value-at-risk is its lack of subadditivity, i.e., the VaR 

of a sum of investments can be more than the sum of their individual VaRs (Artzner, 

Delbaen, Eber & Heath 1999). This goes against the intuitive notion of a diversified 

portfolio being no more risky than its constituents. The expected shortfall (ES) does 

not suffer from this problem (Acerbi & Tasche 2001), and is defined as 

𝐸𝑆 = −𝐸[𝑅|𝑅 ≤ −𝑉𝑎𝑅]. 

In the context of hedge fund performance, Liang and Park (2006) test the ES with the 

Lipper TASS database of monthly hedge fund returns over the period of 1995 to 

2004, finding that higher ES predicts superior performance, suggesting a risk 

premium to holding tail risk. 

2.3 Conditional Tail Risk 

Let 𝑅𝑖 denote the return of an investment fund, and 𝑅𝑚 denote the return of the 

market. We define Total Conditional Tail Risk (TCTR) as the fund’s expected 

shortfall conditional on market distress: 

𝑇𝐶𝑇𝑅𝑖 = −𝐸[𝑅𝑖|𝑅𝑚 ≤ −𝑉𝑎𝑅𝑚]. 

This simple definition is hardly original. A similar measure is used in a recent survey 

of tail risk protection strategies by Benson, Shapiro, Smith and Thomas (2013), albeit 

with fixed threshold for market distress. Mathematically, the definition is very close 
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to the systemic risk measure marginal expected shortfall (MES) of Acharya, 

Pedersen, Philippo and Richardson (2010), a connection we shall look at more 

carefully in Section 2.4. 

A problem with TCTR as a measure of a fund’s tail risk is that it conflates the tail 

risk arising from fund’s linear systematic risk (beta) with fund’s idiosyncratic tail 

risk (which can be non-linearly dependent on the market, as in option based market 

tail risk protection, or totally independent of the market). In the literature, this kind of 

conflation is sometimes handled explicitly. For example, in their study of hedge fund 

return contagion, Boyson, Stahel and Stulz (2010) define contagion as correlation 

above that predicted by economic fundamentals. Patton (2009), who constructs five 

measures of market neutrality, notes that market dependency in the first two 

moments (mean and variance) mechanically creates market-dependency in higher 

moments, and therefore he adjust the returns for these first two moments before 

testing for higher-order market neutrality. 

However, Patton (2009) also notes that mean-dependence is the greater driver of 

mechanical higher-order dependence, whereas adjusting for variance-dependence too 

generates little additional benefit. For simplicity, we therefore propose using the 

Capital Asset Pricing Model 

𝑅𝑖 = 𝛼𝑖 + 𝛽𝑖𝑅𝑚 + 𝜖𝑖 

and decomposing TCTR into Systematic Conditional Tail Risk (SCTR) and 

Idiosyncratic Conditional Tail Risk (ICTR), defined as the conditional expected 

shortfall of the fitted and residual returns, respectively: 

𝑆𝐶𝑇𝑅𝑖 = −𝐸[𝑅𝑖 − ϵi|𝑅𝑚 ≤ −𝑉𝑎𝑅𝑚] 

and 

𝐼𝐶𝑇𝑅𝑖 = −𝐸[𝜖𝑖|𝑅𝑚 ≤ −𝑉𝑎𝑅𝑚]. 
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Many variations of the decomposition are possible. As defined above, SCTR 

includes not only the predictable beta exposure, but also the predictable, historical 

alpha, whereas ICTR includes only the unpredictable (zero-mean) portion of the 

fund’s residual return. Assuming that there may be short-term persistence in alpha, 

this might mechanically make SCTR a good predictor of performance. However, in 

our performance comparisons seen later in Section 4.3, we find that low-ICTR funds 

consistently outperform low-SCTR funds, despite lacking the information on 

historical mean alpha. This makes our results conservative with respect to this 

variation. 

Another natural variation is the inclusion of more predictors. For example, Patton 

(2009) uses a third-order polynomial of market return to model its mean-dependence 

on fund returns. We could also use Fung–Hsieh factors (Fung & Hsieh 2004) or 

similar standard benchmarks. However, since we are conditioning on equity market 

tail events, and since our emphasis is on understanding the mechanisms of hedging 

equity market tail risk, we decided to opt for the single-factor model.  In the interest 

of parsimony, we show our results only using the definitions of SCTR and ICTR 

seen above. Results for the variant measures are qualitatively similar. 

2.4 Other Measures 

Bali, Brown and Caglayan (2013), using Lipper TASS database of monthly hedge 

fund returns over the period of January 1994 to June 2010, decompose the total 

variance of a fund’s return into systematic risk (SR) and unsystematic risk (USR) 

variance components, and show that higher SR, but not USR, predicts superior 

performance. Their results also show that total variance (SR+USR) predicts superior 

performance, which is in contrast to Liang and Park (2006), who, also using Lipper 

TASS database but over the period of 1995 to 2004, find that standard deviation (i.e., 

the square root of variance) does not predict superior performance.
3
 SR is not strictly 

                                                 
3
 Since Bali et al. (2013) test their results over multiple periods, this discrepancy is unlikely to be 

explained by the choice of period. In our replication efforts, we found the results to be quite sensitive 

to the functional form, with variance yielding better results than standard deviation. 
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speaking a tail risk measure, but a systematic risk measure of second-order 

momentum (variance) arising from market exposure. 

Titman and Tiu (2011) calculate the adjusted coefficient of determination (R²) from a 

linear factor model of fund returns against common risk factors, and show that a 

lower R² predicts superior performance. Although R² is not really a measure of risk 

per se, it is intimately linked with fund’s systematic risk exposure, which can be 

controlled by skillful hedging. Their result is therefore not inconsistent with 

existence of risk premium, but may reflect managerial skill. Indeed, they find that the 

low-R² funds – which perform better and have potentially more skilled managers – 

charge higher incentive fees, consistent with economic theory. 

A recent working paper by Agarwal, Ruenzi and Weigert (2014) uses a consolidated 

hedge fund database from 1994 to 2007, and measures the lower tail dependence 

coefficient, which they term crash sensitivity (CrashSens), of fund returns against 

CRSP value-weighted equity market index. Lower tail dependence coefficient is a 

standard measure defined as 

𝐿𝑇𝐷𝑖 = lim
𝛼→0

𝑃[𝑅𝑖 ≤ −𝑉𝑎𝑅𝑖|𝑅𝑚 ≤ −𝑉𝑎𝑅𝑚]. 

Next, they scale this measure by the ratio of fund volatility to market volatility 

(measured by standard deviation), yielding a measure termed crash risk (CrashRisk). 

They show that this measure is linked to fund performance, with higher risk 

predicting better performance. They also show that the measure is linked to fund 

13F-HR equity holdings, with high-risk funds holding high-risk stocks. 

To estimate the lower tail dependence coefficient, Agarwal et al. (2014) employ a 

straightforward non-parametric estimator based on empirical distribution function, 

using a 24-month rolling window. However, since LTD is based on an intersection of 

two rare events, we belief this yields a rather noisy estimate. Assuming, for example, 

that the estimate is conditioned on two months where 𝑅𝑚 ≤ −𝑉𝑎𝑅𝑚, LTD can have 

only three unique values (although this noisiness is alleviated by the later volatility 

scaling). We believe that the shortfall-based measures SCTR and ICTR, while being 
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conditioned on equally few data, yield less noisy estimators, since we are calculating 

the conditional expectation of a continuous return variable instead of an indicator 

variable. 

Several authors examine whether hedge funds contribute to systemic risk using a set 

of measures and causality tests. Acharya, Pedersen, Philippon and Richardson (2010) 

define marginal expected shortfall (MES) of fund 𝑖 as 

𝑀𝐸𝑆𝑖 = −𝐸[𝑅𝑖|𝑅𝑠 ≤ −𝑉𝑎𝑅𝑠], 

where 𝑅𝑠 is the return of the financial system. They motivate this measure by 

decomposing the system return into a value-weighted sum of constituent returns, 

some terms of which can be interpreted as investment funds: 

𝑅𝑠 = ∑ 𝑤𝑖𝑅
𝑖.

𝑖

 

The expected shortfall of the market is then 

𝐸𝑆𝑠 = −𝐸 [∑ 𝑤𝑖𝑅
𝑖|𝑅𝑠 ≤ −𝑉𝑎𝑅𝑠

𝑖

] = ∑ 𝑤𝑖𝑀𝐸𝑆𝑖.

𝑖

 

Marginal expected shortfall is therefore the value-weighted contribution of the fund 

to the system’s expected shortfall, and is therefore a natural measure of systemic risk. 

Acharya et al. (2010) apply their MES measure to daily return data of financial 

institutions. In the context of hedge fund performance, Brown, Hwang, In and Kim 

(2011) apply the MES to monthly hedge fund returns from the Lipper TASS database 

over the period from 1999 to 2009, finding that higher systemic risk predicts superior 

performance. 
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Using weekly returns of publicly traded financial institutions, Adrian and 

Brunnermeier (2009) define conditional value-at-risk (CoVaR) as the expected 

shortfall of the financial system conditional on the institution having a tail event, i.e., 

𝐶𝑜𝑉𝑎𝑅𝑖 = −𝐸[𝑅𝑠|𝑅𝑖 ≤ −𝑉𝑎𝑅𝑖]. 

This measure is analogous to MES, where the roles of institution and system returns 

have been switched. Next, they define Δ𝐶𝑜𝑉𝑎𝑅𝑖 as the CoVaR of the institution 

minus the CoVaR evaluated at level 𝛼 = 50%: 

Δ𝐶𝑜𝑉𝑎𝑅𝑖 = 𝐸[𝑅𝑠|𝑅𝑖 ≤ 𝑉𝑎𝑅𝑖] − 𝐸[𝑅𝑠|𝑅𝑖 ≤ 𝑉𝑎𝑅𝛼=50%
𝑖 ]. 

Similar to MES, Δ𝐶𝑜𝑉𝑎𝑅𝑖 measures the contribution of an institution to the system’s 

tail risk.  

However, since our emphasis is not on measuring systemic risk, but more on the 

market neutrality of the hedge funds, we use market return 𝑅𝑚 instead of system 

return 𝑅𝑠 in our definition of Total Conditional Tail Risk (TCTR), yielding a 

measure not of systemic risk contribution, but of conditional tail risk naturally 

decomposable into systematic (SCTR) and idiosyncratic components (ICTR). 

In addition, we do not aim to address the issue of whether hedge funds contribute to 

financial system crashes; the evidence over this issue is mixed, with Edward (1999) 

arguing that most hedge funds are too small to have real contagion effects, whereas 

newer studies, like Adams, Füss and Gropp (2012) present evidence for such 

contagion, especially since the financial crisis of 2008. However, Billio, Getmansky, 

Lo and Pelizzon (2012) suggest that while hedge funds can provide early indications 

of market dislocation, their contributions to systemic risk may not be as significant as 

those of banks, insurance companies, and brokers who take on risks more appropriate 

for hedge funds. 
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3 DATA AND METHODS 

Our data come from two main sources: a consolidation of commercial hedge fund 

databases, which contains fund characteristics and monthly time series of returns and 

AUMs; and 13F holdings reports (13F-HR), which contain quarterly advisor-level 

long positions, including both common stock and index options. 

3.1 Consolidated Hedge Fund Database 

We use an aggregate of five commercial hedge fund databases from BarclayHedge, 

EurekaHedge, Hedge Fund Research, Lipper TASS, and Morningstar. In short, we 

harmonize variables common to all databases (e.g., fund domicile and main strategy), 

eliminate duplicate share classes, and consolidate funds appearing in two or more 

databases (by selecting the version with the longest time series). We detect duplicate 

funds at the advisor level using a return correlation measure. For details on the 

aggregation procedure, see Joenväärä, Kosowski and Tolonen (2014a). 

3.2 Quarterly Holdings Data 

Investment advisors with regulatory assets under management of at least $100 

million must report their quarter-end long positions in public companies, including 

bonds and plain vanilla options, to SEC using a 13F holdings report (13F-HR). We 

have downloaded and parsed these reports from 1999 (when the reports first started 

appearing electronically) to 2013. Similar quarterly institutional holdings are 

available from commercial data providers such as Thomson–Reuters, but these 

commercial databases only contain equity holdings; by parsing the holdings 

ourselves, we get access to the unique data on both common and index option 

holdings as well as Exchange Traded Funds (ETF) and Exchange Traded Notes 

(ETN) that are used in tail risk hedging (e.g., Litterman 2011). 

For each holding, a 13F-HR includes a value field, which contains the market value 

of the holding (or for option holdings, the market value of the underlying shares) in 

thousands of dollars; and an amount field, which contains the number of shares 
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owned (or for option holdings, the number of underlying shares implicated; or for 

bond holdings, the principal amount in dollars). 

In addition to the value and amount fields, for each holding, a 13F-HR includes the 

historical Committee on Uniform Security Identification Procedures (CUSIP) 

number, which identifies the held instrument (or for option holdings, the underlying 

instrument); and special flags for whether the holding is a bond, call option or a put 

option. We detect shares (in stocks and ETFs) by matching the CUSIP number 

against the historical CUSIP numbers in CRSP database. We detect options by using 

the call/put flag of the 13F-HR, and matching the CUSIP number against CRSP, 

similar to shares.
4
  For both shares and options, we use the CRSP share code to 

differentiate between stocks (share code between 10 and 12) and ETFs (share code 

equal to 73); other types of shares and options are removed. We detect bonds by 

matching the CUSIP number against the CUSIP numbers appearing in the Mergent 

FISD database. Holdings not recognized as shares, options or bonds are removed 

from the sample. 

To harmonize the valuation of holdings, we define the notional value of a share (in a 

stock or an ETF) as its market value (CRSP historical price times amount field); the 

notional value of an option as the market value of its underlying shares (CRSP 

historical price times amount field); and the notional value of a bond as its face value 

(amount field). With this definition, the notional values of individual holdings, and 

the total value of a portfolio, can be calculated robustly for each 13F-HR. (The 

amount field is generally is easier to parse, and generally more trustworthy, than the 

value field.) 

To study the determinants of hedge funds’ tail risk, we calculate two holdings-based 

measures, Protective and NonProtective, that measure use of option strategies that 

either have or do not have a tail-risk protective nature. Their construction is inspired 

                                                 
4
 Often, the seventh and eighth characters of a reported option CUSIP (which identify the issue) do not 

correspond to those of the underlying instrument, but are made up by the filer. In this case, we match 

the CUSIP to CRSP using the first six characters (which identify the issuer), but only if the resulting 

CRSP match is unique. 
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by Aragon and Martin (2012). A call option is protective if it is held simultaneously 

with a put option on the same underlying instrument (detected using CUSIP). A put 

option is always protective. Protective is then the fraction of a portfolio notional 

value allocated in protective options, and NonProtective is the fraction of a portfolio 

notional value allocated in non-protective options. 

Besides options, a newer possibility for managing tail risk is the use of leveraged, 

inverse, or volatility-based Exchange Traded Products (ETP), especially Exchange 

Traded Notes (ETN). To detect and categorize ETP positions, we downloaded a 

categorized list of all US ETP tickers from Morningstar. We downloaded the 

corresponding CUSIPs and quarter-end prices from Bloomberg. Since we already 

had a good CRSP-based match of ETF positions, we merely merged them with the 

categorization provided by Morningstar. As for ETNs, which are not included in 

CRSP and only partially in Mergent FISD, we detected them simply based on 

CUSIP, and set their notional value to Bloomberg price times reported amount of 

shares. 

The holdings are matched to consolidated database by advisor name, using both an 

approximate string matching algorithm and manual matching to confirm imperfectly 

matched strings. Notice that since holdings are observed on a quarterly frequency 

only, we repeat the observed holdings-based measures for the subsequent two 

months to produce a monthly time-series. Also, holdings are observed at advisor 

level only, so the same observations apply for all funds of the advisor; and, in 

general, we cannot tell which of the funds are actually using the option strategies. 

3.3 Descriptive Statistics 

Our consolidated hedge fund database covers the period from January 1994 through 

June 2013.
5
 During this period, there are 36,498 reporting funds and 11,609 advisors. 

                                                 
5
 We downloaded our data on November 2013, but the amount of reported hedge fund returns gets 

smaller towards the last observed dates of September and October, suggesting a reporting lag. For 

robustness, and for merging with our quarterly holdings, we therefore chose quarter-end month June 

2013 as the last date in our sample. Such a conservative choice of ending date should also eliminate 

bias caused by strategic reporting delays (Aragon & Nanda 2013). 
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Our 13F-HR data covers the period from the March 1999 to June 2013. In our 

baseline analyses, we restrict ourselves to the subset of funds whose advisor has 

reported 13F-HR for at least a year. This sample covers the period from March 2000 

to June 2013, with 4,903 reporting funds and 1,060 advisors. 

Table 1 shows mean statistics of the 13F-HR matched funds, and compares them 

with non-matched funds from the same period. We see that the number of matched 

funds and advisors is much smaller compared to the non-matched funds. Mean assets 

under management is significantly larger in the matched subset, as is fund age (years 

since fund inception); however, the matched funds are not significantly more likely 

to be alive (i.e., reporting) at the end of the period. As for fund organization, matched 

funds are more likely to be US-domiciled and USD-denominated. Incentive 

structures (management and incentive fees, use of high-water mark, and use of a 

hurdle rate) are significantly different, but in inconsistent directions (however, these 

directions are likely explained by the domicile difference documented by Joenväärä 

and Kosowski (2014b)). Matched funds are more likely to use leverage, but the 

average level of leverage is not significantly larger. 
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Table 1: Summary Statistics of Hedge Fund Characteristics 

This table compares the mean characteristics of 13F-HR matched and non-13F-HR matched hedge funds from the 

time period March 1999 to June 2013. “AUM” is the maximum assets under management over the period. “Age” is 

the maximum age over the period. “Alive” shows the portion of funds that are still reporting as of the period end. 

“US-domiciled?” shows the portion of funds domiciled in the US. “USD-denominated?” shows the portion of funds 

denominated in US dollars. “Management fee” shows the management fee within a specific category. “Incentive 

fee” denotes the performance-based fee that fund charges. “High-water mark” shows a portion of funds that impose 

a high-water mark provision. “Hurdle rate” shows the portion of funds imposing a hurdle rate.  “Leveraged?” 

reports the portion of funds that use leverage. “Average leverage” is the average level of leverage. The t-test is 

assumes unequal variances. 

 

Variable 13F-HR No 13F-HR Diff t-value 

Funds 4,901 29,217 
  

Advisors 1,060 9,646 
  

AUM (millions of USD) 458.20 222.40 235.80 8.67 

Age (years) 7.19 5.55 1.63 21.06 

Alive? 40.5 % 40.1 % 0.4 % 0.49 

US-domiciled? 37.8 % 26.1 % 11.6 % 15.75 

USD-denominated? 75.4 % 62.7 % 12.7 % 18.82 

Management fee 1.4 % 1.5 % −0.1 % −9.00 

Incentive fee 17.7 % 17.0 % 0.7 % 7.26 

High-water mark? 81.8 % 71.3 % 10.5 % 16.78 

Hurdle rate? 14.1 % 20.6 % −6.6 % −9.86 

Leveraged? 57.2 % 50.1 % 7.1 % 8.73 

Average leverage 60.6 % 57.0 % 3.6 % 1.08 
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Table 2: Summary Statistics of Hedge Fund Holdings 

This table presents summary statistics of the holdings in the 31,479 portfolios (13F-HR) of the 1,060 advisors 

matched with hedge fund returns from March 1999 to June 2013. 

 

Holding Type Number of Positions Notional Value 

 
Mean Std Mean Std 

All holdings 275.7 623.2 2,960.8 10,104.6 

    Shares 250.1 567.7 2,688.0 9,108.3 

        Common stock 218.0 475.6 2,407.1 8,123.0 

        ETF 5.7 34.8 53.2 423.1 

        ADR 11.1 30.7 108.9 430.3 

        REIT 8.0 22.3 83.1 433.5 

        Closed-end funds 4.7 31.8 9.0 63.0 

        Other shares 2.6 8.8 26.6 170.6 

    Options 12.8 99.0 178.5 1815.9 

        Call options 10.4 90.9 90.5 903.9 

            Non-directional 7.0 75.8 70.4 852.8 

            Directional 3.4 21.1 20.1 102.5 

        Put options 9.4 83.2 88.0 925.0 

            Non-directional 8.4 82.0 78.1 920.7 

            Directional 1.1 4.6 9.9 53.6 

    Bonds 10.1 35.3 94.3 439.8 

        Convertible bonds 7.9 28.5 79.7 371.0 

        Other bonds 2.2 8.5 14.6 76.8 

    Unrecognized 12.0 61.9 − − 
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The most important implication of these results is that the return data from matched 

funds are less likely to be biased than general hedge fund returns, since the matched 

funds are larger and older. In fact, these hedge funds are most prominent hedge funds 

that manage the majority of assets of hedge fund-industry (Edelman, Fung & Hsieh 

2013). As a result, we do not perform any backfill or size-adjustment to the fund 

returns. However, as a robustness test, we shall explore the issue of database biases 

in Section 4.3. 

Table 2 displays mean 13F-HR portfolio characteristics for the 1,060 matched 

advisors from March 1999 to June 2013. We gathered the resulting 31,479 portfolios 

and removed positions with notional value in the top 1% to eliminate outliers due to 

data errors. For each portfolio, we calculate its total number of positions (each 

position defined as a unique CUSIP or underlying CUSIP, most recent if available), 

and total notional value, and repeat the calculation for each holding type (e.g., total 

number and notional value of call options). The table shows the means and standard 

deviations of the resulting counts and values. Notional values are shown in millions 

of dollars. Further differentiation of shares is based on CRSP share code; further 

differentiation of bonds is based on FISD convertible flag. 

For our purposes, Table 2 confirms that our matched advisors do use options, with an 

average portfolio having about 6% of its notional value allocated in options. The 

standard deviation in option value is also large compared to deviation in total 

portfolio value, which suggests that some advisors apply options particularly 

aggressively. Options are allocated roughly equally in puts and calls; and, using the 

decomposition of Aragon and Martin (2012) of options into directional (speculative) 

and non-directional (hedging) options, non-directional options are more used than 

directional options, especially with put options. Despite our longer time period and 

larger sample, our table is quite similar to that of Aragon and Martin (2012). The last 

row of Table 2 shows that 4.4% of positions are unrecognized, suggesting that our 

set of holdings is quite complete. 
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3.4 Performance Measures 

To study whether tail risk affects fund performance, we use a standard portfolio 

sorting methodology. On each month from March 2001 to June 2013 we sort funds 

into quintile portfolios, based on the chosen risk measure, and track the equally-

weighted return produced by the portfolios in the following month.
6
 We only use 

returns from funds whose advisor has filed 13F-HRs for at least a year. Thus the 

performance results are based on similar data as the holdings results.
7
 

To assess the performance of the risk-sorted portfolios, we first calculate summary 

statistics of their monthly raw returns. Such statistics have the benefit of being 

independent of the benchmark model. As straightforward statistics, we calculate the 

mean return, volatility, skewness and kurtosis, all in excess of the risk-free rate (three 

month T-bill rate). More financial economics theory motivated metrics are the 

maximum drawdown, Sharpe ratio, and the manipulation-proof performance measure 

(MPPM) of Ingersoll, Goetzmann, Spiegel and Welch (2007), defined as 

𝑀𝑃𝑃𝑀 =
1

(1 − 𝛾)Δ𝑡
ln (

1

𝑇
∑ (

1 + 𝑟𝑡

1 + 𝑟𝑓,𝑡
)

1−𝛾𝑇

𝑡=1

), 

where 𝑇 is the number of observations, 𝑟𝑡 is the monthly portfolio return, 𝑟𝑓,𝑡 is the 

monthly risk-free rate, Δ𝑡 = 1
12⁄  to annualize the measure, and for the risk-aversion 

coefficient we use a typical value 𝛾 = 5. The MPPM should be more robust to non-

linear return-manipulation by simple and dynamic option strategies. 

As a complementary assessment of the performance of the sorted portfolios, we use 

the Fung and Hsieh (2004) model. It contains the set of seven risk factors, namely the 

excess return of the S&P 500 index (SP), the return of the Russell 2000 index minus 

the return of the S&P 500 index (SIZE), the excess return of ten-year Treasuries 

(CGS10), the return of Moody’s Baa-rated corporate bonds minus ten-year 

                                                 
6
 Our robustness analysis presented in Section 4.3 shows that the results hold when we use longer 

sample period from January 1994 to June 2013. 
7
 As the funds of these holdings-reporting firms tend to be relatively large and old, we do not perform 

any backfill or size correction on the fund returns. 
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Treasuries (CREDSPR), and the excess returns of look-back straddles on bonds 

(PTFSBD), currencies (PTFSFX) and commodities (PTFSCOM).
8
 The Fung and 

Hsieh (2004) alpha is defined as the intercept from the regression. To control for the 

impact of leverage on performance, we calculate the information ratio, defined as the 

ratio of alpha to tracking error (standard deviation of error term of the benchmark 

regression). 

For each statistic, we calculate its top–bottom spread (more precisely, the difference 

between low-risk and high-risk portfolios) and, like Ledoit and Wolf (2008), test its 

significance both via a stationary block bootstrap of Politis and Romano (1994) with 

500 replications and a 6-month expected block length, and a heteroskedasticity and 

autocorrelation consistent GMM estimator (where the moment estimates are 

available). The block bootstrap is robust to dependencies between the portfolio 

returns. We reuse the bootstrap samples to test the statistics for monotonicity using 

the test of Patton and Timmermann (2010), which results in two p-values for each 

statistic: one for rejecting the null hypothesis of the statistic not being monotonically 

increasing, and one for rejecting the null hypothesis of the statistic not being 

monotonically decreasing. Monotonicity almost always implies a significant top–

bottom spread, but not vice versa, so it can be interpreted as a stronger result. 

3.5 Estimation of Risk Measures 

As explained in Section 2, we use two expected shortfall based measures, Systematic 

Conditional Tail Risk (SCTR) and Idiosyncratic Conditional Tail Risk (ICTR). 

Various methods exist to estimate such measures, but the choice of estimators is 

limited by the monthly frequency of hedge fund returns. In cross-sectional studies the 

short length of individual fund return series further complicates the problem. For 

example, Patton (2009) employs a sophisticated parametric model to study individual 

hedge funds’ market neutrality, but his tests of higher-order neutrality require 66 to 

100 months of return data — this level of data requirements subjects the sample to 

both survivorship bias and a multi-period sampling bias (Fung & Hsieh 2000). 

                                                 
8
 In the robustness checks of Section 4.2, we test the inclusion of additional risk factors. 
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Finally, we want our estimators to be time-varying and preferably free of look-ahead 

bias, so even for funds with long history we need an estimator with low data 

requirements. We therefore employ straightforward non-parametric estimators based 

on empirical distribution function on a 24-month rolling window, setting 𝛼 =

5%, and using S&P500 return as a proxy for market return.
9
 For ICTR, we estimate 

fund betas with OLS. 

Straightforward non-parametric estimators based on the empirical distribution 

function are by definition free of bias. However, lack of estimator accuracy could 

still render the estimates unusable as a ranking tool for tail risk. To address this, we 

test the estimates for persistence up to 36 months, with the intuition that significant 

persistence implies low estimation noise. In this test, we do not restrict the sample to 

13F-HR filing firms. The results are shown in Table 3. In Panel A, on each month 

from December 1995 to June 2013, we sort funds by TCTR into five quantiles, and 

calculate the average value of TCTR, and the future values TCTR (where available) 

at 1, 3, 6, 12, 24 and 36 months, for each quintile. We then test the spread between 

top and bottom quintiles for statistical significance. Panels B and C repeat the tests 

using the SCTR and ICTR measures, respectively. The results show that TCTR and 

SCTR have significant persistence at all measured intervals. For ICTR, persistence 

vanishes at 24 and 36 months, and there is actually evidence of countercyclicality at 

24 months, but the economic significance (the magnitude of the spread) of these 

long-term predictions is small. The better persistence of TCTR and SCTR could be 

explained by the underlying persistence in linear market beta, which is eliminated in 

ICTR. 

                                                 
9
 In our implementation, the quintile estimator of 𝑉𝑎𝑅𝑚 rounds the number of samples used upwards, 

so we are conditioning each measurement on ⌈24 ∗ 0.05⌉ = ⌈1.2⌉ = 2 observations. With a 36-

month rolling window we would also condition on ⌈36 ∗ 0.05⌉ = ⌈1.8⌉ = 2 observations. The 

tradeoff is that a 24-month window reacts quicker to new tail events, whereas a 36-month window 

remembers old tail events longer. A longer window also results in more survivorship and multi-period 

sampling bias, although according to Fung and Hsieh (2000) its magnitude (in terms of fund returns) 

should still be small at 36 months. Our results are qualitatively similar when using a 36-month 

window. 
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Table 3: Persistence of Conditional Risk Measures 

This table shows the persistence of risk measures over different time intervals. On each month from December 1995 to 

June 2013, funds are sorted by risk (TCTR, STCR or ICTR) into five quantiles, and the average values of future risk at 

1, 3, 6, 12, 24 and 36 months are calculated for each quintile. Wald-type test statistic from a heteroskedasticity and 

autocorrelation consistent GMM estimator is shown by tHAC. 

 

Panel A: Total Conditional Tail Risk 

        TCTR TCTR TCTR TCTR TCTR TCTR TCTR TCTR 

(quintile) (value) (1M) (3M) (6M) (12M) (24M) (36M) 

High 0.102 0.099 0.094 0.088 0.078 0.06 0.059 

4 0.045 0.044 0.044 0.043 0.041 0.039 0.04 

3 0.021 0.021 0.021 0.022 0.023 0.025 0.026 

2 0.002 0.003 0.004 0.007 0.010 0.016 0.016 

Low -0.038 -0.035 -0.029 -0.022 -0.011 0.006 0.007 

Diff -0.14 -0.134 -0.122 -0.109 -0.089 -0.054 -0.052 

tHAC -18.215 -16.939 -14.709 -12.48 -10.303 -9.154 -7.958 

 
       Panel B: Systematic Conditional Tail Risk 

        SCTR SCTR SCTR SCTR SCTR SCTR SCTR SCTR 

(quintile) (value) (1M) (3M) (6M) (12M) (24M) (36M) 

High 0.086 0.086 0.084 0.081 0.075 0.061 0.058 

4 0.038 0.038 0.038 0.038 0.037 0.036 0.036 

3 0.018 0.018 0.019 0.019 0.021 0.023 0.023 

2 0.002 0.002 0.003 0.005 0.007 0.012 0.013 

Low -0.029 -0.028 -0.025 -0.021 -0.014 0.001 0.003 

Diff -0.115 -0.114 -0.109 -0.103 -0.088 -0.060 -0.056 

tHAC -15.220 -14.886 -14.163 -13.182 -11.725 -11.976 -9.541 

        Panel B: Idiosyncratic Conditional Tail Risk 

 

ICTR ICTR ICTR ICTR ICTR ICTR ICTR ICTR 

(quintile) (value) (1M) (3M) (6M) (12M) (24M) (36M) 

High 0.037 0.033 0.027 0.021 0.012 0.001 0.003 

4 0.011 0.010 0.009 0.007 0.005 0.002 0.003 

3 0.002 0.002 0.003 0.002 0.003 0.003 0.003 

2 -0.006 -0.005 -0.003 -0.002 0.001 0.004 0.003 

Low -0.030 -0.026 -0.02 -0.014 -0.005 0.004 0.003 

Diff -0.067 -0.059 -0.047 -0.035 -0.017 0.003 -0.001 

tHAC -33.54 -27.115 -17.066 -10.484 -5.942 3.124 -0.391 
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4 TAIL RISK AND PERFORMANCE 

In this section we present our empirical results linking tail risk to fund performance. 

First, we show our baseline results for the 13F-HR matched subset of funds, finding 

that lower risk generally predicts better performance. Second, we consider the 

robustness of these results to the inclusion of additional risk factors. Finally, we 

confirm these results in a larger sample of funds, using a longer time period, and 

using various fund size thresholds; we also repeat the performance testing using 

measures from similar studies, to shed light on the issue of whether tail risk is 

associated with better or worse performance. 

4.1 Baseline Results 

Table 4 summarizes the excess returns of risk-sorted portfolios. For completeness, 

we show results for Total Conditional Tail Risk (TCTR) and its components 

Systemic Conditional Tail Risk (SCTR) and Idiosyncratic Conditional Tail Risk 

(ICTR); we expect the results for TCTR to be somewhere between SCTR and ICTR. 

For all measures, lower risk is monotonically associated with a higher Sharpe ratio (p 

< 0.05). For ICTR, lower risk is monotonically associated with higher excess returns 

(p < 0.05), but for TCTR and SCTR, there is no association, even in spread. Lower 

ICTR is also monotonically associated with higher MPPM (p < 0.01); for TCTR, the 

association is limited to the spread only (p < 0.10), and for SCTR there is no 

association. The relation in maximum drawdown is much more dramatic with TCTR 

and SCTR, with 40.44% and 42.18% spreads, respectively, between high-risk and 

low-risk portfolios, compared to only 16.97% spread with ICTR. This naturally 

reflects the beta-neutrality of the ICTR measure, as the drawdown component 

implied by linear market exposure is removed. 
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Table 4: Hedge Fund Average Returns and Tail Risk 

This table presents measures for EW portfolios sorted on total (TCTR), systematic (SCTR) and idiosyncratic (ICTR) 

conditional tail risk from March 2000 to June 2013, with monthly rebalancing. Under “Basic measures”, “Mean” is the 

portfolio's mean return and “Std” is its standard deviation, both in annualized percentage; “Sharpe” is the Sharpe ratio, 

or the mean return divided by its standard deviation, annualized. Under “Tail risk measures”, “Skew” (skewness) and 

“Kurt” (kurtosis) are the portfolio return moments; “MPPM” is the annualized manipulation-proof performance 

measure of Goetzmann et al. (2007) as estimated using a risk-aversion coefficient of 5; and “MaxDD” is the maximum 

drawdown. All panels show two Wald-type statistics for spreads: one based on 500 stationary bootstrap replications 

(tBoot), and one based on a heteroskedasticity and autocorrelation consistent GMM estimator (tHAC). Monotonicity 

tests show p-values from Patton–Timmermann (2010) monotonicity tests based on 500 stationary bootstrap replications. 

“pMR_Up” is the p-value of increasing pattern in the respective measure. ”pMR_Down” is the p-value of decreasing 

pattern in the respective measure. 

 

Panel A: Total Conditional Tail Risk 

 

 
Basic measures 

 
Tail risk measures 

TCTR Mean Std Sharpe 
 

MPPM Skew Kurt MaxDD 

High 1.49 18.23 0.08   -7.58 -0.17 0.17 50.33 

4 3.17 10.39 0.30 
 

0.35 -0.22 0.17 33.03 

3 3.85 6.50 0.59 
 

2.75 -0.32 0.40 21.68 

2 3.55 4.11 0.86 
 

3.11 -0.32 0.33 13.53 

Low 4.61 3.88 1.19   4.22 -0.06 0.19 9.89 

Low – High 3.12 -14.35 1.11   11.79 0.11 0.02 -40.44 

tHAC 0.59 -8.73 3.33 
 

1.83 0.77 0.26 
 

tBoot 0.53 -7.40 3.44 
 

1.71 0.88 0.11 -3.30 

         
Monotonicity tests 

pMR_Up 0.35 1 0   0.16 0.68 0.78 0.85 

pMR_Down 0.71 0.08 0.90   0.98 0.99 0.93 0.03 

         
 

Panel B: Systematic Conditional Tail Risk 

 

 
Basic measures 

 
Tail risk measures 

SCTR Mean Std Sharpe 
 

MPPM Skew Kurt MaxDD 

High 2.41 18.61 0.13   -6.97 -0.17 0.14 51.59 

4 3.47 10.51 0.33 
 

0.62 -0.17 0.12 32.02 

3 3.58 6.81 0.53 
 

2.37 -0.30 0.34 23.29 

2 3.35 4.09 0.82 
 

2.91 -0.45 0.52 13.72 

Low 3.86 3.30 1.17   3.57 -0.23 0.22 9.41 

Low – High 1.45 -15.30 1.04   10.54 -0.06 0.08 -42.18 

tHAC 0.26 -9.78 2.73 
 

1.58 -0.49 0.97 
 

tBoot 0.27 -8.22 2.86 
 

1.51 -0.20 0.50 -3.32 

         
Monotonicity tests 

pMR_Up 0.33 1 0   0.15 0.87 0.98 0.92 

pMR_Down 0.56 0.00 0.89   0.95 0.97 0.77 0.02 
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Panel C: Idiosyncratic Conditional Tail Risk 

 

 
Basic measures 

 
Tail risk measures 

ICTR Mean Std Sharpe 
 

MPPM Skew Kurt MaxDD 

High -0.43 12.82 -0.03   -4.91 -0.30 0.25 38.73 

4 2.18 7.62 0.29 
 

0.65 -0.35 0.39 25.64 

3 3.47 6.39 0.54 
 

2.41 -0.29 0.34 23.53 

2 4.73 6.25 0.76 
 

3.73 -0.17 0.17 19.59 

Low 6.77 9.09 0.75   4.70 -0.04 0.03 21.76 

Low – High 7.21 -3.73 0.78   9.61 0.26 -0.22 -16.97 

tHAC 3.30 -3.10 4.31 
 

3.26 2.62 -1.82 
 

tBoot 3.52 -2.63 4.67 
 

3.24 2.23 -1.29 -2.17 

         
Monotonicity tests 

pMR_Up 0 1 0.03   0.00 0.39 0.80 0.72 

pMR_Down 0.88 1 0.98   0.97 0.83 0.71 0.41 
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Table 5: Fung and Hsieh (2004) Model and Tail Risk 

This table presents the estimates of Fung–Hsieh (2004) model for EW portfolios sorted on total (TCTR), systematic (SCTR) and idiosyncratic (ICTR) conditional tail risk 

from March 2000 to June 2013, with monthly rebalancing. Values for “Alpha” and “IR” (information ratio) are defined (respectively) as the annualized intercept of the 

regression model, and the annualized intercept divided by the annualized standard deviation of residual term. (The seven factors are the S&P 500 return minus the risk-free 

rate (SP), returns on the Russell 2000 index minus the S&P 500 index return (SIZE), excess return on 10-year Treasury bonds (CGS10), the yield spread between 10-year 

Treasury bonds and Moody's Baa-rated bonds (CREDSPR), bond PTFS, currency PTFS, and commodities PTFS; here PTFS denotes “primitive trend-following strategy”.) 

All panels show two Wald-type statistics for spreads: one based on 5,00 stationary bootstrap replications (tBoot), and one based on a heteroskedasticity and autocorrelation 

consistent GMM estimator (tHAC). Monotonicity tests show p-values from Patton–Timmermann (2010) monotonicity tests based on 5,00 stationary bootstrap replications. 

“pMR_Up” is the p-value of increasing pattern in respective measure. ”pMR_Down” is the p-value of decreasing pattern. 

 

Panel A: Total Conditional Tail Risk 

 

TCTR Alpha TE IR 

 

SP SIZE CGS10 CREDSPR PTFSBD PTFSFX PTFSCOM R² 

High -2.92 6.44 -0.45   0.859 0.269 -0.037 0.521 -0.008 0.014 -0.003 0.87 

4 -0.23 4.22 -0.05 
 

0.446 0.214 0.022 0.320 -0.020 0.011 0.004 0.83 

3 1.49 3.42 0.44 
 

0.240 0.105 0.039 0.252 -0.018 0.008 0.004 0.71 

2 2.14 2.61 0.82 
 

0.138 0.053 0.040 0.159 -0.008 0.005 -0.001 0.58 

Low 3.62 3.55 1.02   0.048 0.090 0.057 0.034 -0.010 0.009 0.012 0.12 

Low – High 6.54 -2.89 1.47   -0.810 -0.178 0.094 -0.488 -0.002 -0.005 0.015 -0.74 

tHAC 3.32 -5.20 3.36 
 

-14.13 -2.93 1.33 -6.86 -0.19 -0.53 1.33 
 

tBoot 2.48 -5.32 2.52 
 

-12.64 -2.95 1.18 -5.45 -0.08 -0.56 1.55 -6.39 

 

Monotonicity Tests 

pMR_Up 0.00 1.00 0.02   1 0.982 0.054 0.994 0.954 0.552 0.544 1 

pMR_Down 0.91 0.99 0.83   0 0.71 0.85 0 0.816 0.638 0.976 0 
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Panel B: Systematic Conditional Tail Risk 

 

 

SCTR Alpha TE IR 

 

SP SIZE CGS10 CREDSPR PTFSBD PTFSFX PTFSCOM R² 

High -1.86 5.90 -0.31   0.915 0.290 -0.052 0.463 -0.007 0.015 0.002 0.89 

4 0.13 4.43 0.03 
 

0.444 0.220 -0.004 0.312 -0.022 0.013 0.004 0.81 

3 1.21 3.61 0.34 
 

0.251 0.107 0.041 0.272 -0.015 0.007 0.005 0.71 

2 1.85 2.64 0.70 
 

0.118 0.064 0.042 0.184 -0.008 0.003 -0.001 0.56 

Low 2.81 3.11 0.90   0.004 0.048 0.093 0.050 -0.012 0.009 0.006 0.07 

Low – High 4.66 -2.79 1.22   -0.911 -0.242 0.146 -0.413 -0.005 -0.006 0.004 -0.82 

tHAC 2.61 -6.16 2.82 
 

-17.45 -4.99 2.42 -6.87 -0.45 -0.81 0.43  

tBoot 2.11 -6.19 2.39 
 

-14.64 -4.35 2.02 -5.93 -0.23 -0.88 0.48 -7.74 

 

Monotonicity Tests 

pMR_Up 0.00 1 0.01   1 0.96 0.03 0.99 1.00 0.76 0.73 1.00 

pMR_Down 0.85 0.92 0.65   0.00 0.00 0.78 0.00 0.79 0.75 0.83 0.00 

 

 

 

Panel C: Idiosyncratic Conditional Tail Risk 

 

ICTR Alpha TE IR 

 

SP SIZE CGS10 CREDSPR PTFSBD PTFSFX PTFSCOM R² 

High -4.13 6.45 -0.64   0.530 0.181 0.083 0.463 -0.005 0.012 -0.005 0.73 

4 -0.54 3.50 -0.15 
 

0.305 0.121 0.053 0.304 -0.015 0.011 0.000 0.78 

3 1.45 3.01 0.48 
 

0.259 0.111 0.015 0.213 -0.011 0.005 0.000 0.77 

2 2.95 3.14 0.94 
 

0.261 0.097 -0.013 0.163 -0.015 0.009 0.001 0.74 

Low 4.46 5.07 0.88   0.377 0.220 -0.018 0.142 -0.018 0.011 0.021 0.67 

Low – High 8.59 -1.38 1.52   -0.153 0.039 -0.101 -0.321 -0.012 -0.001 0.026 -0.06 

tHAC 4.72 -3.53 4.73 
 

-2.24 0.51 -1.36 -3.51 -0.87 -0.08 2.02 
 

tBoot 4.32 -3.01 4.50 
 

-2.01 0.55 -1.25 -2.66 -0.65 -0.12 2.01 -0.82 

 

Monotonicity Tests 

pMR_Up 0 1 0.08   1 0.83 0.60 0.96 0.85 0.70 0.06 0.90 

pMR_Down 0.98 1.00 0.96   1.00 1.00 0.04 0.01 0.45 0.48 0.99 0.69 
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Table 5 summarizes the risk-adjusted returns of risk-sorted portfolios. For all risk 

measures, lower risk is monotonically associated with higher alpha and information 

ratio (p < 0.10), but for ICTR the spreads are larger than for SCTR, with TCTR 

being somewhere in between. Predictably, due to its beta-neutrality, ICTR has more 

modest association in exposure to SP factor, and no association in adjusted R-square 

at all, whereas TCTR and SCTR have much clearer associations, with lower risk 

being monotonically associated with lower SP exposure (p < 0.01) and lower 

adjusted R-square (p < 0.01). This is particularly interesting since Titman and Tiu 

(2011) report that lower R-square predicts better performance. Their result may 

explain the better performance of low-SCTR funds, where an association with R-

square exists; but does not explain the even better performance of low-ICTR funds, 

where no association with R-square exists.  

It is interesting to note that lower SCTR is associated with higher alpha, but not 

excess returns, whereas with ICTR both associations are monotonic and significant. 

Since one way to achieve a low SCTR is to buy market tail protection, this could 

reflect the high cost of such protection (Litterman 2011; Frazzini & Pedersen 2012) 

eating into pre-adjusted returns. 

Figure 1 shows the cumulative abnormal returns of the top, middle and bottom sorted 

portfolios. It visually confirms that the performance relation is clear and consistent 

over time. 

As expected, the results for TCTR are somewhere between the results for its 

components SCTR and ICTR, but in general closer to SCTR, suggesting that the 

systematic component is the larger driver in total risk. Indeed, the results seen later in 

Section 5.1, which show that cross-sectional variance in SCTR is larger than in 

ICTR, confirm this finding. For the remainder of Section 4, we will therefore omit 

TCTR from our analysis. 
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Figure 1: Cumulative Abnormal Returns 

This figure shows the cumulative abnormal returns of the Fung–Hsieh (2004) model for EW portfolios sorted on total 

(TCTR), systematic (SCTR) and idiosyncratic (ICTR) conditional tail risk from March 2000 to June 2013, with 

monthly rebalancing. Each month, the funds are sorted into five portfolios, but for clarity the figure shows only the top 

(high risk), middle (median risk) and bottom (low risk) portfolios. 

Panel A: Total Conditional Tail Risk (TCTR) 

 

Panel B: Systematic Conditional Tail Risk (SCTR) 
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Panel C: Idiosyncratic Conditional Tail Risk (ICTR) 
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4.2 Potentially Missing Risk Factors 

4.2.1 Liquidity Factors 

Differences in risk-adjusted performance results could be driven by omitted risk 

factors. First, we will look into the effects of liquidity. In Panel A of Table 6, we 

show the relevant performance results after addition of two risk factors: the betting-

against-beta (BAB
10

) factor of Frazzini and Pedersen (2013), which proxies for 

funding liquidity risk, and the liquidity risk (LIQ) factor of Pastor and Stambaugh 

(2003), which proxies for sensitivity to liquidity crises. 

Panel A of Table 6 shows that, compared to Table 5, the low-risk minus high-risk 

spreads in alpha and information ratios are somewhat diminished by the additional 

factors for SCTR but not for ICTR. With SCTR-sorted portfolios, alpha spread drops 

from 6.54 % to 3.67 %, and information ratio spread drops from 1.47 to 0.96, but the 

results remain significant (p < 0.05 and p < 0.01, respectively). With ICTR-sorted 

portfolios, alpha spread drops from 8.59 % to 8.24 %, and information ratio spread 

drops from 1.52 to 1.48, with no real loss in significance. 

With SCTR-sorted portfolios, lower risk is associated with higher exposure to the 

BAB factor (spread p < 0.01) and therefore potentially higher funding liquidity risk. 

With ICTR-sorted portfolios, the spread is insignificant. As we shall see later in 

Section 5, lower SCTR, but not lower ICTR, is associated with increased use of 

protective options, which could indicate a closer relationship with the fund’s prime 

broker, and thus higher funding liquidity risk. 

                                                 
10

 We thank Andrea Frazzini for providing us with an up-to-date series of the BAB factor. 
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Table 6: Impact of Potentially Omitted Factors on Risk-Adjusted Returns 

Panel A shows the relevant performance results (for SCTR and ICTR) after addition of two risk factors: the betting-

against-beta (BAB) factor of Frazzini and Pedersen (2013), which proxies for funding liquidity risk, and the liquidity 

risk (LIQ) factor of Pastor and Stambaugh (2003), which proxies for sensitivity to liquidity crises. Panel B shows the 

relevant performance results (for SCTR and ICTR) after addition of two option-writing factors of Agarwal and Naik 

(2004). These factors replicate the returns gained by writing put options (Put_OTM) and call options (Call_OTM) 

against the SP500 index, based on OptionMetrics data. Results are generated following the methodology provided by 

Table 5, which also specifies the main variables presented in this table. “Raw AC” is the autocorrelation of excess 

return. “Res AC” is the residual autocorrelation obtained from the augmented Fung and Hsieh (2004) model. “Res 

Kurt” and Res Skew” are the kurtosis and skewness of residuals obtained from the augmented Fung and Hsieh (2004) 

model. 

Panel A: Funding Liquidity, Liquidity Risk and Level of Liquidity 

           SCTR Alpha IR 

 

CREDSPR BAB LIQ R² 

 

Raw AC Res AC 

High -1.90 -0.34 

 

0.456 -0.095 0.117 0.90 

 

0.24 0.15 

4 -0.80 -0.19 

 

0.254 0.037 0.076 0.82 

 

0.22 0.05 

3 0.00 0.00 

 

0.199 0.090 0.050 0.75 

 

0.24 0.02 

2 0.83 0.35 

 

0.122 0.080 0.036 0.65 

 

0.33 0.15 

Low 1.77 0.62 

 

-0.012 0.092 0.025 0.22 

 

0.15 0.18 

Low – High 3.67 0.96 

 

-0.469 0.188 -0.092 -0.69 

 

-0.09 0.04 

tHAC 2.39 2.67 

 

-5.47 4.39 -2.35 

    tBoot 2.07 2.60 

 

-5.46 3.65 -2.71 -8.08 

 

-0.74 0.05 

           pMR_Up 0 0.002 

 

1 0.294 0.924 1 

 

0.992 0.64 

pMR_Down 0.708 0.672 

 

0 1 0 0 

 

0.66 0.908 

           ICTR Alpha IR 

 

SP BAB LIQ R² 

 

Raw AC Res AC 

High -4.66 -0.76 

 

0.426 -0.058 0.136 0.76 

 

0.22 0.00 

4 -1.64 -0.50 

 

0.237 0.077 0.051 0.81 

 

0.27 0.01 

3 0.62 0.22 

 

0.163 0.064 0.031 0.79 

 

0.29 0.12 

2 2.00 0.68 

 

0.106 0.072 0.036 0.76 

 

0.26 0.13 

Low 3.58 0.72 

 

0.088 0.052 0.051 0.68 

 

0.17 0.05 

Low – High 8.24 1.48 

 

-0.338 0.111 -0.085 -0.07 

 

-0.05 0.05 

tHAC 4.72 4.74 

 

-3.17 1.14 -2.09 

    tBoot 3.54 3.40 

 

-2.49 0.94 -1.81 -1.11 

 

-0.63 0.41 

           pMR_Up 0 0.022 

 

0.996 0.472 1 0.992 

 

0.918 0.456 

pMR_Down 0.998 0.974 

 

0.02 0.994 0.520 0.764 

 

0.526 0.726 
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Panel B:  Equity Option Factors 

 

STCR Alpha IR 

 

SP Put_OTM Call_OTM R² 

 

Res. Skew Res. Kurt 

High -2.35 -0.40 

 

0.86 -0.0031 0.0004 0.89 

 

0.035 0.029 

4 -0.15 -0.03 

 

0.42 -0.0016 0.0001 0.81 

 

-0.031 0.079 

3 1.21 0.34 

 

0.23 -0.0007 0.0008 0.70 

 

-0.117 0.060 

2 1.93 0.74 

 

0.09 -0.0008 0.0013 0.56 

 

-0.228 0.183 

Low 2.94 0.95 

 

-0.02 -0.0003 0.0010 0.06 

 

-0.362 0.400 

Low – High 5.28 1.35 

 

-0.88 0.0028 0.0006 -0.83 

 

-0.397 0.371 

tHAC 2.97 3.07 

 

-13.23 0.80 0.27 

  

-2.70 2.82 

tBoot 1.76 1.98 

 

-15.80 0.68 0.22 -7.84 

 

-1.79 1.10 

           pMR_Up 0 0.012 

 

1 0.092 0.124 1 

 

0.912 0.054 

pMR_Down 0.842 0.638 

 

0 0.594 0.266 0 

 

0 0.976 

           

           ICTR Alpha IR 

 

SP Put_OTM Call_OTM R² 

 

Res. Skew Res. Kurt 

High -4.85 -0.76 

 

0.46 -0.0042 0.0003 0.74 

 

-0.069 0.047 

4 -0.84 -0.24 

 

0.26 -0.0022 0.0006 0.78 

 

-0.144 0.025 

3 1.54 0.51 

 

0.24 -0.0004 0.0010 0.77 

 

-0.119 0.154 

2 2.97 0.95 

 

0.23 -0.0010 0.0012 0.73 

 

-0.179 0.200 

Low 4.85 0.96 

 

0.39 0.0014 0.0008 0.67 

 

-0.109 0.088 

Low – High 9.70 1.72 

 

-0.07 0.0056 0.0005 -0.06 

 

-0.039 0.041 

tHAC 5.37 5.14 

 

-0.88 1.03 0.15 

  

-0.48 0.78 

tBoot 4.15 4.20 

 

-0.90 0.95 0.12 -0.77 

 

-0.30 0.34 

           pMR_Up 0.002 0.024 

 

1 0.184 0.136 0.94 

 

0.404 0.624 

pMR_Down 0.986 0.944 

 

1 0.744 0.172 0.716 

 

0.326 0.794 
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With both SCTR-sorted and ICTR-sorted portfolios, lower risk is associated with 

lower exposure to LIQ factor, and thus lower sensitivity to liquidity crises 

(monotonically for SCTR with p < 0.01; in spread for ICTR with p < 0.05). As seen 

in Table 4, lower tail risk is associated with vastly smaller drawdowns, so this could 

be a mechanical effect driven by major liquidity crises, which generally imply huge 

drawdowns. 

Panel A of Table 6 also shows the autocorrelation of excess returns and the 

autocorrelation of risk-adjusted returns (i.e., residuals obtained from the augmented 

Fung and Hsieh (2004) model). They have no significant associations to tail risk, 

which, knowing that illiquid strategies imply higher autocorrelation (Getmansky, Lo 

& Makarov 2004), further suggests that our performance results are not driven by an 

illiquidity premium. 

As an interesting note, we also see that the level of autocorrelation in the risk-

adjusted returns is generally much lower than in excess returns. As explained by 

Edelman, Fung and Hsieh (2013), the credit spread factor (CREDSPR), which is 

included in our baseline factor model, is itself autocorrelated and thus leads to lower 

autocorrelation after risk-adjustment. Indeed, in Panel A of Table 6 we see that lower 

tail risk is always monotonically associated with lower exposure to CREDSPR (p < 

0.05), and visually the greatest reductions in autocorrelation after risk-adjustment are 

observed in high-risk portfolios. 

In an alternative, untabulated specification, we test the addition of the BAB and LIQ 

factors separately, leading to two eight-factor models instead of a single nine-factor 

model. The results are qualitatively unchanged. 

4.2.2 Option-Writing Factors 

Next, we will look at the addition of two option-writing factors of Agarwal and Naik 

(2004). These factors replicate the returns gained by writing put options (Put_OTM) 

and call options (Call_OTM) against the SP500 index, based on OptionMetrics data. 

All written options are front-month options, i.e., they mature in the next month; they 
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are written at the start of the month and bought back at the start of the next month. 

To choose the specific option to be written, we exclude in-the-money options 

(always on a discounted basis) and the option closest to at-the-money, and from the 

remaining options select the one least out-of-the-money.
11

 

The results are shown in Panel B of Table 6. The performance measures (alpha and 

information ratio) are again virtually unchanged. There are no significant 

associations with option-writing factors and tail risk, measured either with SCTR or 

ICTR. This is somewhat in contrast with the holdings-based results seen later in 

Section 5, which show that at least the use of long options is significantly associated 

with tail risk measures. The results remain qualitatively unchanged if we use only the 

SP, Put_OTM and Call_OTM factors. Using only the Put_OTM and Call_OTM 

factors produces significant coefficients, but we believe that such model is wrongly 

specified and that the lone option factors merely replicate the upside and downside of 

the missing market factor.
12

 Jurek and Stafford (2013) obtain similar results when 

using put-writing factor alone or together with market factor in a linear factor hedge 

fund replicating model, namely that the significance of the put-writing factor 

vanishes when combined with the market factor. 

In an alternative, untabulated specification, we test the addition of the Put_OTM and 

Call_OTM factors separately, leading to two eight-factor models instead of a single 

nine-factor model. The results are qualitatively unchanged. 

4.3 Horse Race: Does High Risk Outperform Low Risk? 

In our baseline results, we used only 13F-HR matched funds, which restricted our 

time period to March 2000 to June 2013. For example, this will make us miss the 

collapse of the Long-Term Capital Management (Edwards 1999). As seen in the 

summary statistics (Table 1), these 13F-HR matched funds are also larger and older 

                                                 
11

 The results remain qualitatively unchanged if we select instead the option closest to at-the-money. 
12

 During the period from March 2000 to June 2013, the two option factors used together explain 78% 

of the variation in the market excess return. 
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than non-matched funds, meaning our results may not generalize to smaller and 

younger funds. 

Also, our performance results suggest that lower risk is associated with better risk-

adjusted returns (for SCTR and ICTR) and better mean excess returns (for ICTR 

only). Such a performance result, which seems to suggest a low-risk anomaly to 

hedge fund tail risk, is in contrast to existing literature on hedge fund tail risk, which 

consistently finds a risk-premium to holding tail risk. In the mutual fund literature, 

Jordan and Riley (2014) do find a low-volatility anomaly in mutual fund 

performance. To study this issue, we replicated three additional measures from the 

literature: the expected shortfall (ES) used by Liang and Park (2006); the systematic 

risk (SR) used by Bali, Brown and Caglayan (2013); and the adjusted R-square (R
2
) 

used by Titman and Tiu (2011).
 
The literature predicts that higher ES and SR should 

be associated with better performance. Titman and Tiu (2011) show that lower R
2
 

predicts better performance; although R
2 

is not strictly speaking a risk measure, it is 

still intimately connected with systematic risk, so we use it as a risk, with the 

convention that higher R
2 

means higher risk. 

We believe our data is particularly well suited to such an extensive replication study, 

given our uniquely long sample continuing to June 2013. Also, many studies use 

only the Lipper TASS hedge fund database, whereas ours is consolidated from all 

five major databases, thereby mitigating possible database-specific biases. 

Finally, results from individual studies may be biased by the choice of a minimum 

AUM. If no minimum AUM is chosen, the results may be driven by tiny funds that 

are available only for family and friends (Joenväärä, Kosowski & Tolonen 2014c). In 

our baseline results, given our use of 13F-HR matched funds, we may have the 

opposite problem, namely of results being driven by the most prominent large funds 

that manage majority of industry assets. For this reason, we repeat all calculations 

using three minimum AUMs: zero USD (corresponding to no limit; we do require 
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that the AUM is reported, though), 20 million USD, and 50 million USD.
13

 

Following Titman and Tiu (2011), we retain the fund’s return history starting from 

the time that the fund first reached the required AUM limit. For consistency, we 

estimate all measures using a 24-month rolling window. Most studies also remove 

the first 12 months of fund returns to eliminate backfill bias, but this is already 

incorporated to the 24-month rolling window.
14

 

Table 7 presents portfolio sort results for three performance measures: mean excess 

returns, alphas, and the MPPM. The portfolios are ordered so that the first portfolio 

corresponds to high risk, and the last portfolio to low risk, and spreads refer to low-

risk minus high-risk values. We see that for the ICTR measure, the results are 

consistent for all AUM limits. For SCTR, using only relatively large funds (>= 50 

million USD) leads to results similar to our baseline, but inclusion of tiny funds (< 

20 million USD) weakens the alpha and MPPM spreads to statistically insignificant 

levels, with the inclusion of small funds (>= 20 million USD) producing results 

somewhere in between. Interestingly, for SCTR the mean excess return spread is 

consistently negative, suggestive of a risk-premium, but this spread is not statistically 

significant, and its magnitude decreases with increasing AUM limit. 

As for the competing measures ES and SR, the effects of different AUM limits are 

interesting to see. In mean excess returns, the spreads are consistently negative, 

suggestive of a risk-premium as found in the original studies, although we cannot 

replicate their statistical significance.
15

 However, the magnitude of the spreads gets 

smaller as the AUM limit grows (for ES, dropping from –3.60 % to –0.84 %; for SR, 

dropping from –4.12 % to –2.05 %), suggesting that the results are to a degree driven 

by small and tiny funds. 

                                                 
13

 Avramov, Kosowski, Naik and Teo (2011) and Kosowksi, Naik and Teo (2007) use 20 million 

dollars as a minimum limit, whereas Titman and Tiu (2011) uses a 30 million dollars limit. Edelman, 

Fung and Hsieh (2013) use 50 million dollars as a minimum limit for hedge fund firm size. 
14

 This means, though, that for the first 12 months of fund returns with a lagged tail risk measure 

available, the tail risk estimate is based on potentially backfilled returns. 
15

 In untabulated results, the mean excess return spread for the SR measure becomes significant when 

we follow the original paper carefully in their choice of database, funds, period and window length. 
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Table 7: Horse Race: Does High Risk Outperform Low Risk (Hedging)? 

This table presents portfolio sort results for three performance measures: Mean excess returns, Fung–Hsieh (2004) Alphas, and the MPPM of Goetzmann, Ingersoll, Ross and 

Welch (2007) over the long sample period from January 1994 to June 2013. The portfolios are ordered so that the first portfolio corresponds to high risk, and the last portfolio 

to low risk. The risk measures used are our systematic (SCTR) and idiosyncratic (ICTR) conditional tail risk measures; expected shortfall (ES) used by Liang and Park (2006); 

the systematic risk (SR) used by Bali, Brown and Caglayan (2013); and the R² of Titman and Tiu (2011). To examine whether small funds drive results, the table uses the 

following asset under management (AUM) limits: (1) no limit (≥ 0), (2) only funds managing at least 20 million US dollars (≥ $20M), and (3) only funds managing at least 50 

million US dollars (≥ $50M). 

 

Panel A: Mean Excess Returns 

 

 
SCTR ICTR ES SR R² 

AUM limit ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M 

High 8.15 7.12 6.17 4.60 3.77 3.08 8.26 6.71 5.66 8.70 7.40 6.62 6.14 6.23 6.18 

4 6.17 5.83 5.14 4.12 4.26 4.18 6.20 6.09 5.59 6.07 5.47 5.09 6.03 5.49 5.13 

3 4.37 4.25 4.03 4.44 4.26 4.28 5.08 4.53 4.57 5.30 5.29 4.82 5.78 5.03 4.40 

2 4.12 4.21 4.45 6.03 5.62 5.27 4.03 4.08 4.00 3.59 3.59 3.53 5.48 4.89 4.26 

Low 5.38 4.72 4.84 9.06 8.24 7.84 4.67 4.76 4.82 4.57 4.40 4.57 4.81 4.52 4.67 

Low – High -2.77 -2.40 -1.33 4.46 4.47 4.76 -3.60 -1.95 -0.84 -4.12 -3.00 -2.05 -1.32 -1.71 -1.51 

tHAC -0.55 -0.52 -0.30 1.96 1.96 2.04 -0.93 -0.52 -0.23 -1.09 -0.83 -0.58 -0.52 -0.70 -0.62 

                Panel B: Fung and Hsieh (2004) Alphas 

 

 
SCTR ICTR ES SR R² 

AUM limit ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M 

High 1.39 0.46 -0.48 0.50 -0.53 -1.27 2.15 0.40 -0.68 2.25 0.88 0.04 1.26 1.39 1.34 

4 1.94 1.63 1.11 0.70 0.84 0.76 1.88 1.76 1.24 1.93 1.31 0.97 1.89 1.49 1.17 

3 1.62 1.46 1.36 1.81 1.71 1.80 2.01 1.42 1.56 2.38 2.39 1.91 2.43 1.59 0.92 

2 2.48 2.59 2.84 3.38 2.99 2.65 1.95 2.09 2.08 2.11 2.09 2.18 3.09 2.37 1.78 

Low 4.31 3.47 3.41 5.45 4.63 4.34 3.83 3.99 4.08 3.14 3.00 3.16 3.18 2.85 3.07 

Low – High 2.92 3.00 3.89 4.95 5.16 5.61 1.68 3.58 4.76 0.89 2.12 3.12 1.91 1.46 1.73 

tHAC 1.40 1.54 2.19 2.40 2.51 2.68 0.79 1.76 2.40 0.43 1.13 1.67 1.66 1.32 1.48 
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Panel C: MPPMs 

 

 
SCTR ICTR ES SR R² 

AUM limit ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M ≥ 0 ≥ $20M ≥$50M 

High -0.26 -0.49 -1.00 1.04 0.24 -0.47 1.74 0.31 -0.54 1.70 0.81 0.15 2.45 2.76 2.81 

4 3.50 3.19 2.62 2.58 2.74 2.71 3.65 3.59 3.15 3.67 3.10 2.78 3.54 3.20 2.85 

3 3.20 3.07 2.92 3.43 3.32 3.39 3.73 3.16 3.28 4.13 4.11 3.69 4.11 3.33 2.77 

2 3.68 3.79 4.04 4.91 4.51 4.22 3.42 3.51 3.48 3.20 3.21 3.19 4.41 3.79 3.20 

Low 4.40 3.92 3.97 6.50 5.64 5.38 4.52 4.62 4.68 4.09 3.91 4.06 4.28 3.96 4.11 

Low – High 4.66 4.41 4.97 5.46 5.40 5.85 2.77 4.31 5.22 2.39 3.09 3.91 1.83 1.20 1.31 

tHAC 0.79 0.81 0.96 1.85 1.79 1.92 0.61 0.95 1.19 0.54 0.74 0.94 0.66 0.45 0.50 
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Figure 2: Horse Race: Does High Risk Outperform Low Risk (Hedging)? 

This figure shows the EW cumulative abnormal returns from investing, with monthly rebalancing, in the lowest or 

highest risk quintile of funds, for five risk measures: Systematic Conditional Tail Risk (SCTR), Idiosyncratic 

Conditional Tail Risk (ICTR), Expected Shortfall (ES), Systematic Risk (SR) and adjusted R-square (R2). For SCTR, 

ICTR and R2, we invest in the lowest risk quintile of funds; for ES, SR, we invest in the highest risk quintile of funds; 

the choice is based on existing literature and our hypotheses on which quintile should generate the best returns for each 

risk measure. 

Panel A: AUM ≥ 0 

 

Panel B: AUM ≥ $20M 
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Panel C: AUM ≥ $50M 
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For ES and SR, the alpha spreads get larger (more positive) as the AUM limit grows, 

reaching statistical significance for ES at 20 million and for SR at 50 million limit. 

We could not replicate the negative alpha spreads reported in the original papers, and 

with increasing AUM limit the results move consistently further from them. 

The results for R
2 

are not very significant. The mean spreads are consistently 

negative, and alpha and MPPM spreads consistently positive; but only the zero AUM 

limit alpha spread is significant (p < 0.10), and all spreads quite low in magnitude 

compared to other measures. For the MPPM performance measure, it is interesting to 

see that it works quite similarly with SCTR, ES, and SR, with all values increasing 

with the AUM limit, although never reaching statistical significance. In this respect, 

the MPPM behaves quite similarly to the alpha. For ICTR and R
2 

as well, MPPM 

spreads closely follows alpha spreads. 

Figure 2 shows the cumulative abnormal performance for the lowest-SCTR, lowest-

ICTR, highest-ER, highest-SR, and lowest-R
2 

quintile of funds. In other words, it 

tries to replicate the best long-only performance achievable as suggested by existing 

literature and our hypotheses. Different panels show different AUM limits. There are 

three important results. First, the performance of high-ES and high-SR based 

portfolios, but not other three portfolios, gets worse with increasing AUM limit, 

consistent with Table 7. Second, SCTR and R
2 

follow each other quite closely in all 

panels, consistent with SCTR’s strong association with R
2
 seen in Section 4.1. Third, 

SCTR, ICTR and R
2 

all follow each other quite closely until the financial crisis, but 

post-crisis ICTR keeps gaining whereas SCTR and R
2 
level off. 

All in all, the results suggests that our baseline results (for SCTR and ICTR) are 

quite robust to the choice of period, funds and minimum AUM, while the risk-

premium results reported in earlier studies (for ES and SR) may be somewhat driven 

by smaller funds (and perhaps, choice of period, funds and the database). It also 

confirms the close nature of the SCTR and R
2 

measures, suggesting that the better 

performance of low-risk funds might be due to skillful hedging, and not so much a 

low-risk anomaly; and after financial crisis, as SCTR and R
2
, ICTR may serve a 

better proxy of the managerial skill. 
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5 MECHANISMS OF HEDGING 

In this section, using 13F-HR holdings, we empirically study whether and how funds 

hedge their tail risk. We first show results on the use of protective and non-protective 

options, using both univariate portfolio sorts and multivariate regression. To 

elucidate the mechanisms of hedging idiosyncratic risk, we next decompose 

protective and non-protective options into more fine-grained option styles and 

conduct a sub-period study. Finally, we study the use of novel, specialized Exchange 

Traded Products (ETPs) as an alternative mechanism for hedging. 

5.1 Univariate Sorts 

Table 8 shows univariate determinants of tail risk. The table is generated with a 

portfolio sorting methodology similar to the performance sorts. In Panel A, we see 

that a lower SCTR is associated with a greater contemporaneous use of both 

protective and non-protective option strategies, but the effect is clearer on protective 

strategies.
16

 In low-risk portfolios, an average of 4.72% of portfolio notional value is 

allocated in protective options, whereas in high-risk portfolio the figure is only 

1.11%. 

In Panel B, we see that, unlike for SCTR, lower ICTR is not associated with higher 

use of protective option strategies. This suggests that tail risk common with market 

(as measured by SCTR) can be protected against using vanilla option strategies, 

whereas tail risk uncommon with market (as measured by ICTR) cannot. However, 

lower ICTR is still associated with significantly higher use of non-protective options. 

 

                                                 
16

 In untabulated results, instead of using contemporaneous option variables, we lag them by 12 

months. The results remain qualitatively unchanged for both SCTR and ICTR. 
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Table 8: Univariate Sorts and Usage of Options 

This table shows mean fund characteristics of five portfolios sorted each month on systematic (SCTR) and idiosyncratic (ICTR) conditional tail risk, from March 2001 to June 

2013. SCTR (ICTR) is the contemporaneous systematic conditional tail risk (idiosyncratic conditional tail risk). “Protective options” is the contemporaneous fraction of 

portfolio notional value allocated in protective option strategies. “Non-protective options” is the contemporaneous fraction of portfolio notional value allocated in non-

protective option strategies. “Log(AUM)” is the natural logarithm of 24-month lagged fund dollar AUM. “Age” is the contemporaneous fund age in years. “Prc_Err” is 

defined as the mean difference of the advisor’s reported valuation and CRSP valuation of equity position divided by CRSP valuation.” |Prc_Err|” is the analogous to 

“Prc_Err”, but calculated using absolute difference in valuation. “Incentive Fee” is the average incentive fee of the funds’ belonging to the respective portfolio. “High-water 

mark” is the percentage of funds’ imposing a high-water mark provision. “Leverage dummy” is a fraction of funds uses leverage. “Attrition rate” measures the fraction of 

funds that stop reporting during the month. Variable tHAC is the Wald-type test statistic from a heteroskedasticity and autocorrelation consistent GMM estimator, with 

significant values (here p < 0.05). The data comprise 3,826 funds, 151 months, and 153,602 fund-months. 

Panel A: Systematic Conditional Tail Risk 

    
Protective  Non-protective 

  
Incentive High-water  Leverage  Attrition  

 
SCTR log(AUM) Age options options |Prc_Err| Prc_Err fee mark dummy rate 

High 0.089 17.809 8.283 1.111% 1.384% 0.345% 0.008% 0.160 0.737 0.452 0.011 

4 0.041 18.040 7.335 2.146% 1.491% 0.424% -0.021% 0.180 0.835 0.533 0.010 

3 0.020 18.130 7.159 2.847% 1.841% 0.460% -0.008% 0.184 0.854 0.573 0.010 

2 0.006 18.269 6.922 3.886% 2.040% 0.512% -0.058% 0.187 0.857 0.611 0.008 

Low -0.015 17.987 6.495 4.722% 2.022% 0.509% -0.007% 0.190 0.865 0.608 0.009 

Low - High -0.103 0.178 -1.789 3.611% 0.637% 0.164% -0.015% 0.030 0.128 0.157 -0.002 

tHAC -11.73 2.62 -19.26 8.07 2.99 2.80 -0.51 12.60 10.85 12.36 -1.28 

            
Panel B: Idiosyncratic Conditional Tail Risk 

    
Protective  Non-protective 

  
Incentive High-water  Leverage  Attrition  

 
ICTR log(AUM) Age options options |Prc_Err| Prc_Err fee mark dummy rate 

High 0.030 17.846 6.845 2.495% 1.505% 0.438% -0.006% 0.176 0.796 0.537 0.012 

4 0.009 18.031 7.080 3.168% 1.760% 0.561% -0.012% 0.179 0.833 0.557 0.011 

3 0.002 18.237 7.549 3.388% 1.769% 0.530% -0.029% 0.181 0.843 0.581 0.009 

2 -0.005 18.157 7.474 3.119% 1.760% 0.385% -0.027% 0.181 0.837 0.560 0.008 

Low -0.022 17.953 7.242 2.543% 1.984% 0.328% -0.013% 0.184 0.839 0.543 0.010 

Low - High -0.052 0.107 0.396 0.048% 0.479% -0.110% -0.007% 0.008 0.044 0.006 -0.002 

tHAC -20.04 1.43 2.33 0.19 4.11 -2.64 -0.31 3.02 3.22 0.56 -1.64 
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All in all, lower-risk funds, whether measured by SCTR or ICTR, seem to have a 

higher propensity for the use of options. Combined with the findings of Section 4 

that lower risk predicts better performance, this is consistent with the finding of 

Aragon and Martin (2012) that option-using hedge funds have better performance. 

We refine their result by showing that the effect is especially large in the use of 

protective options by low-SCTR funds; however, funds with low ICTR, while having 

even better performance, have less consistent connection with option usage. 

The table also shows mean fund AUM (logarithmic, 24-month lagged) and mean 

fund age (in years) for each risk quantile. Low-risk funds have more assets, but the 

spread is statistically significant only for SCTR. With fund age, the results are 

inconclusive: lower TCTR is associated with younger funds (p < 0.01), whereas 

lower ICTR is associated with older funds (p < 0.05). 

The table also shows mean equity mispricing proxies for each risk quantile, in the 

spirit of Cici, Kempf and Puetz (2014). For each 13F-HR filing, we have calculated 

the mean percentage mispricing of its equity positions (against CRSP reference 

prices), and also the mean absolute percentage mispricing. Cici et al. (2014) show 

that such mispricing is associated with return smoothing, and could therefore indicate 

illiquid, hard-to-value positions; so for our purposes, these mispricing proxies also 

serve as proxies of illiquidity. The results are inconclusive, with half the coefficients 

being insignificant (p > 0.10), and the other half having mixed signs, which suggests 

that there is no obvious illiquidity explanation driving our performance results, 

consistent with the liquidity risk factor results of Section 4.3.1. 

The table also shows three fund characteristics: fractional incentive fees, whether the 

fund has a high-water mark clause, and whether the fund employs leverage. All 

variables are significantly associated with lower risk (SCTR or ICTR), with the 

exception of leverage use for ICTR. The higher incentive fees of low-risk funds is 

particularly interesting since this is also the finding of Titman and Tiu (2011), who 

find that funds with low adjusted R-square perform and better and charge higher 

incentive fees. This is consistent with the economic theory that more skilled, better 

performing managers can charge higher fees. 
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Finally, the table shows the mean monthly attrition rate. There are no statistically 

significant associations with tail risk and attrition. This suggests that our 

performance results are not driven by the seemingly low-risk funds having a higher 

attrition rate (“picking pennies in front of a steamroller”); if anything, the numbers 

hint a positive association between risk and attrition.  This is in direct contrast to 

Bollen (2013), who finds that zero-R-squared funds (corresponding roughly to our 

low-SCTR funds) have a higher probability of failure. 

5.2 Multivariate Regression 

Table 9 tests the determinants of tail risk in a multivariate regression framework, 

using the same data as Table 8, with a few additional fund characteristics added as 

controls. To study the possibility of time-varying option use, in a second 

specification we include the interaction terms of our option variables (Protective and 

NonProtective) with a Crisis indicator that gets a value of one for months between 

January 2007 and March 2009. 

We see that in both specifications (with and without interaction terms), lower SCTR 

is associated with higher use of protective, but not non-protective options (p < 

0.001). In other words, compared to univariate sorts, the association with non-

protective option use vanishes. The interaction term with protective options and 

crisis is weakly significant (p < 0.10), but its magnitude is small compared to the 

baseline coefficient, suggesting no economically significant crisis-dependent use of 

options. In sum, funds with low SCTR use more protective, but not non-protective 

options. This suggests a possible mechanism for achieving a low SCTR, namely the 

use of protective options. 

For ICTR, lower risk is not consistently associated with use of options. Compared to 

univariate sorts, Protective remains insignificant and NonProtective becomes 

insignificant. In the specification with interaction terms, Protective is positive and 

weakly significant (p < 0.10), and the interaction term (Protective x Crisis) is 

negative and highly significant (p < 0.01), suggesting that during the financial crisis, 

funds with low idiosyncratic conditional tail risk used more protective options. 
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Table 9: Multivariate Analysis and Usage of Options 

This table shows the results of multivariate regressions that examine the determinants of systematic (SCTR) and 

idiosyncratic (ICTR) conditional tail risk measures over the sample period from March 2001 to June 2013.  The main 

explanatory variables are defined in Table 8. To study the possibility of time-varying option use, in a second 

specification we include the interaction terms between option variables (Protective and NonProtective) and a Crisis 

indicator that gets a value of one for months between January 2007 and March 2009 and zero otherwise. “Flow” is the 

annual fractional capital flow, lagged by 24 months. “Restriction” is the sum of redemption and notice periods. 

“Lockup” denotes the length of period when investors are restricted to withdraw their initial investment. Regressions 

include both time (annual) and investment style fixed effects, and standard errors are clustered at fund level. 

 

  
SCTR 

 
ICTR 

Protective options 
 

-0.0272 
 

-0.0294 
 

0.0013 
 

0.0035 

  
(-6.62) 

 
(-6.35) 

 
(0.82) 

 
(1.77) 

         
Non-protective options 

 
0.0005 

 
0.0003 

 
-0.0059 

 
-0.0063 

  
(0.05) 

 
(0.02) 

 
(-1.14) 

 
(-1.12) 

         
Protective x Crisis 

   
0.0095 

   
-0.0081 

    
(1.85) 

   
(-2.91) 

         
NonProtective x Crisis 

   
0.0023 

   
0.0016 

    
(0.14) 

   
(0.34) 

         
Crisis 

   
-0.0023 

   
0.0128 

    
(-2.09) 

   
(15.18) 

         
log(AUM) 

 
-0.0015 

 
-0.0015 

 
0.0002 

 
0.0002 

  
(-2.81) 

 
(-2.80) 

 
(0.93) 

 
(1.01) 

         
Age 

 
0.0007 

 
0.0007 

 
-0.0002 

 
-0.0002 

  
(3.50) 

 
(3.51) 

 
(-3.70) 

 
(-3.88) 

         
Flow 

 
-0.0001 

 
-0.0001 

 
-0.0004 

 
-0.0004 

  
(-0.12) 

 
(-0.12) 

 
(-1.51) 

 
(-1.54) 

         
Restriction 

 
-0.0036 

 
-0.0036 

 
0.0000 

 
0.0000 

  
(-0.98) 

 
(-0.98) 

 
(-0.02) 

 
(0.00) 

         
Lockup 

 
0.0002 

 
0.0002 

 
0.0000 

 
0.0000 

  
(0.12) 

 
(0.13) 

 
(0.01) 

 
(-0.01) 

         
High-water mark 

 
-0.0027 

 
-0.0027 

 
-0.0028 

 
-0.0028 

  
(-0.93) 

 
(-0.93) 

 
(-2.83) 

 
(-2.85) 

         
Incentive Fee 

 
-0.0591 

 
-0.0590 

 
0.0079 

 
0.0078 

  
(-2.40) 

 
(-2.40) 

 
(1.06) 

 
(1.05) 

         
Leverage dummy 

 
-0.0000 

 
-0.0001 

 
-0.0001 

 
-0.0001 

  
(-0.02) 

 
(-0.03) 

 
(-0.15) 

 
(-0.17) 



54 

 

 

Figure 3: Mechanisms of Hedging 

This figure shows the contemporaneous fraction of portfolio notional value allocated in different option strategies for 

portfolios sorted each quarter on systematic (SCTR) and idiosyncratic (ICTR) conditional tail risk, from March 2001 to 

June 2013. “Protective” is the contemporaneous fraction of portfolio notional value allocated in protective option 

strategies. “Nonprotective” is the contemporaneous fraction of portfolio notional value allocated in non-protective 

option strategies. Each quarter, the funds are sorted into five portfolios, but for clarity the figure shows the fraction of 

option holdings only the top (high risk), middle (median risk) and bottom (low risk) portfolios. 

 

Panel A: Usage of Protective Options by Systematic Conditional Tail Risk (SCTR) 

 

Panel B: Usage of Non-Protective Options by Systematic Conditional Tail Risk (SCTR) 
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Panel C: Protective Options by Idiosyncratic Conditional Tail Risk (ICTR) 

 

Panel D: Non-Protective Options by Idiosyncratic Conditional Tail Risk (ICTR) 
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Figure 3 shows the time-series development of the use of protective and non-

protective options for both SCTR and ICTR sorted portfolios. Panel A confirms that 

low-SCTR portfolios use more protective options consistently over time. Panel B 

confirms that there is no clear between SCTR and use of non-protective options. 

Panels C suggests no visually clear link between ICTR and use of protective options. 

Panel D confirms that there is no clear link between ICTR and use of non-protective 

options. All panels suggest that the use of options has been generally growing over 

time. 

5.3 Decomposing Usage of Options 

To gain a deeper understanding of the determinants of idiosyncratic conditional tail 

risk (ICTR), in Table 10 we show the univariate sorts for four periods: whole period 

(March 2001 to June 2013), pre-crisis period (March 2001 to December 2007), crisis 

period (January 2007 to March 2009), and post-crisis period (April 2009 to June 

2013). 

The table also breaks down the option variables (Protective and NonProtective) into 

more fine-grained variables following the terminology of Aragon and Martin (2012). 

As for protective options, calls held together with puts are termed non-directional 

calls; puts held together with calls or stock are termed non-directional puts; and puts 

held alone are termed directional puts. The only non-protective options in our data, 

namely calls held without a put, are termed non-directional calls. Finally, all of these 

fine-grained option variables are broken down further into stock and index 

components. 



57 

 

 

Table 10: Decomposing the Options Usage and ICTR 

This table shows the univariate sorts for four periods: whole period (March 2001 to June 2013), pre-crisis period (March 2001 to December 2007), crisis period (January 2007 

to March 2009), and post-crisis period (April 2009 to June 2013). The table also breaks down the option variables (Protective and NonProtective) into more fine-grained 

variables following the terminology of Aragon and Martin (2012). As for protective options, calls held together with puts are termed non-directional calls; puts held together 

with calls or stock are termed non-directional puts; and puts held alone are termed directional puts. The only non-protective options in our data, namely calls held without a 

put, are termed non-directional calls. Finally, all of these fine-grained option variables are broken down further into stock and index components.  

Panel A: Whole period (March 2001 to June 2013), 

     
Protective Options 

 
Non-protective Options 

  
Protective Nonprotective 

 
Non-directional 

 
Directional 

 
Directional 

  
All All 

 
Call 

 
Put 

 
Put 

 
Call 

 
ICTR Options Options 

 
Stock Index 

 
Stock Index 

 
Stock Index 

 
Stock Index 

High 2.97% 2.50% 1.50% 
 

0.392 % 0.151 %   0.527 % 0.388 %   0.415 % 0.621 % 
 

1.184 % 0.321 % 

4 0.91% 3.17% 1.76% 
 

0.574 % 0.155 % 
 

0.803 % 0.386 % 
 

0.560 % 0.690 % 
 

1.403 % 0.357 % 

3 0.15% 3.39% 1.77% 
 

0.469 % 0.184 % 
 

0.776 % 0.406 % 
 

0.748 % 0.804 % 
 

1.442 % 0.327 % 

2 -0.51% 3.12% 1.76% 
 

0.398 % 0.167 % 
 

0.706 % 0.452 % 
 

0.688 % 0.708 % 
 

1.404 % 0.356 % 

Low -2.23% 2.54% 1.98% 
 

0.327 % 0.167 %   0.573 % 0.355 %   0.539 % 0.582 % 
 

1.674 % 0.310 % 

Diff -5.20% 0.05% 0.48% 
 

-0.065 % 0.016 %   0.046 % -0.033 %   0.124 % -0.040 % 
 

0.490 % -0.011 % 

tHAC -20.04 0.19 4.11 
 

-1.16 0.39 
 

0.56 -0.47 
 

1.94 -0.59 
 

4.50 -0.22 

 

Panel B: Pre-crisis period (March 2001 to December 2007) 

     
Protective Options 

 
Non-protective  

  
Protective Nonprotective 

 
Non-directional 

 
Directional 

 
Directional 

Pre Crisis 
 

All All 
 

Call 
 

Put 
 

Put 
 

Call 

 
ICTR Options Options 

 
Stock Index 

 
Stock Index 

 
Stock Index 

 
Stock Index 

High 2.86% 1.77% 0.84% 
 

0.392 % 0.070 %   0.548 % 0.081 %   0.334 % 0.347 % 
 

0.754 % 0.083 % 

4 0.69% 2.36% 1.37% 
 

0.582 % 0.058 % 
 

0.802 % 0.074 % 
 

0.512 % 0.331 % 
 

1.189 % 0.182 % 

3 0.04% 2.19% 1.36% 
 

0.460 % 0.074 % 
 

0.737 % 0.094 % 
 

0.556 % 0.267 % 
 

1.211 % 0.151 % 

2 -0.50% 1.67% 1.19% 
 

0.319 % 0.064 % 
 

0.558 % 0.082 % 
 

0.534 % 0.116 % 
 

1.024 % 0.167 % 

Low -2.23% 1.89% 1.59% 
 

0.393 % 0.063 %   0.593 % 0.058 %   0.509 % 0.270 % 
 

1.429 % 0.160 % 

Diff -5.08% 0.11% 0.75% 
 

0.001 % -0.007 %   0.045 % -0.023 %   0.175 % -0.077 % 
 

0.675 % 0.077 % 

tHAC -12.80 0.47 4.43 
 

0.02 -0.18 
 

0.40 -0.51 
 

2.36 -1.02 
 

4.11 1.13 
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Panel C: Crisis period (January 2007 to March 2009) 

 

  
  

 
Protective Options 

 
Non-protective  

  
Protective Nonprotective 

 
Non-directional 

 
Directional 

 
Directional 

Crisis 
 

All All 
 

Call 
 

Put 
 

Put 
 

Call 

 
ICTR Options Options 

 
Stock Index 

 
Stock Index 

 
Stock Index 

 
Stock Index 

High 3.27% 2.47% 1.48% 
 

0.428 % 0.127 %   0.635 % 0.376 %   0.435 % 0.471 % 
 

1.152 % 0.326 % 

4 1.27% 2.26% 1.37% 
 

0.268 % 0.071 % 
 

0.581 % 0.349 % 
 

0.430 % 0.565 % 
 

1.136 % 0.237 % 

3 0.45% 3.63% 1.19% 
 

0.376 % 0.143 % 
 

0.846 % 0.340 % 
 

1.178 % 0.749 % 
 

1.009 % 0.186 % 

2 -0.27% 3.37% 1.25% 
 

0.320 % 0.135 % 
 

0.812 % 0.412 % 
 

0.900 % 0.794 % 
 

1.086 % 0.160 % 

Low -1.81% 3.28% 1.69% 
 

0.402 % 0.251 %   0.741 % 0.442 %   0.750 % 0.690 % 
 

1.348 % 0.337 % 

Diff -5.08% 0.81% 0.21% 
 

-0.026 % 0.125 %   0.107 % 0.066 %   0.315 % 0.219 % 
 

0.196 % 0.011 % 

tHAC -7.49 1.76 1.03 
 

-0.16 1.99 
 

0.56 1.08 
 

2.24 2.30 
 

1.48 0.08 

                
Panel D: Post-crisis period (April 2009 to June 2013) 

 

     
Protective Options 

 
Non-protective 

  
Protective Nonprotective 

 
Non-directional 

 
Directional 

 
Directional 

PostCrisis 
 

All All 
 

Call 
 

Put 
 

Put 
 

Call 

 
ICTR Options Options 

 
Stock Index 

 
Stock Index 

 
Stock Index 

 
Stock Index 

High 2.98% 3.50% 2.44% 
 

0.373 % 0.276 %   0.442 % 0.815 %   0.516 % 1.078 % 
 

1.791 % 0.644 % 

4 1.01% 4.76% 2.50% 
 

0.724 % 0.333 % 
 

0.922 % 0.833 % 
 

0.694 % 1.248 % 
 

1.840 % 0.660 % 

3 0.15% 4.91% 2.63% 
 

0.532 % 0.357 % 
 

0.792 % 0.869 % 
 

0.784 % 1.572 % 
 

1.988 % 0.642 % 

2 -0.64% 4.97% 2.81% 
 

0.548 % 0.326 % 
 

0.852 % 0.980 % 
 

0.786 % 1.475 % 
 

2.094 % 0.719 % 

Low -2.45% 3.06% 2.68% 
 

0.196 % 0.265 %   0.457 % 0.717 %   0.468 % 0.952 % 
 

2.183 % 0.502 % 

Diff -5.43% -0.44% 0.25% 
 

-0.178 % -0.011 %   0.015 % -0.098 %   -0.047 % -0.125 % 
 

0.392 % -0.142 % 

tHAC -16.87 -0.84 1.44 
 

-2.70 -0.12 
 

0.10 -0.53 
 

-0.44 -0.93 
 

2.14 -1.95 
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First, the table confirms the result from the multivariate regression that low-ICTR 

funds use more protective options during crisis period. In the whole period, the only 

statistically significant associations are directional stock puts (p < 0.10) and 

directional stock calls (p < 0.01). The association with directional stock calls is 

relatively robust across the periods (pre-crisis t=4.11, crisis t=1.48, post-crisis 

t=2.14). Another relatively robust association is the use of protective stock puts, both 

directional and non-directional; over all four periods, out of eight coefficients seven 

are positive (the only negative coefficient being insignificant with t = –0.44), and 

three are significant (at p < 0.10 and p < 0.05). 

The results have natural interpretations when considering that ICTR measures 

conditional tail risk arising from the fund’s alpha strategy. Therefore, we would 

expect low ICTR to arise via the use of individual stock options, rather than market-

wide index options. Stock puts can be used non-directionally to protect existing stock 

positions, or can be used directionally as standalone bearish bets, leading to lower 

ICTR during market downturns. Directional stock calls are standalone bullish bets, 

and their positive association with lower ICTR could indicate successful market-

timing of individual undervalued stocks during market downturns. 

However, due to the fact that we cannot observe short positions as they are not 

included in 13F-HRs, these interpretations should be taken with a grain of salt. Using 

shorted stock or options, a hedge fund can implement more complicated than the 

ones explained above. Finally, although we do not test it statistically, it is obvious 

from Table 10 that the use of index options relative to stock options has grown 

dramatically over time, especially after the financial crisis, consistent with existing 

evidence of post-crisis surge in the demand of market-wide tail risk protection 

(Litterman 2011). 

5.4 Use of Exchange Traded Products 

Specialized Exchange Traded Products (ETPs), including volatility (VIX) linked, 

leveraged and inverse ETPs, may provide additional mechanisms to hedging tail risk. 

Some types of specialized ETPs have existed only for a few years, so the data are 
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much more limited than for established vanilla options. For this reason, and to gain 

an understanding of the time-varying use of more established ETPs, we study 

separately the whole period (March 2001 to June 2013), crisis period (January 2007 

to March 2009) and post-crisis period (April 2009 to June 2013). 

Table 11 presents the univariate sort results. In Panel A, we see that lower SCTR is 

associated with higher use long volatility linked ETPs, measured either as a fraction 

of ETP assets or as a fraction of total assets. For ICTR, no significant association 

exists. This result is consistent with that of protective options seen in Sections 5.1 

and 5.2, suggesting a complementary hedging mechanism. All volatility linked ETP 

results are limited to the post-crisis period due to the novelty of these instruments. 

Panel A also shows that, over the whole period, lower SCTR is associated with 

higher use of ETPs, and lower ICTR associated with lower use of ETPs, but the 

effect is clearer for SCTR. These results are not easy to interpret in the context of 

hedging tail risk, so we refrain from drawing any conclusions. 

Panel B shows the use of inverse ETPs, as a fraction of ETP assets, for the three 

periods. During the crisis period, there is a very clear association with high risk and 

high use of inverse ETPs, measured by either SCTR or ICTR. For SCTR, this trend 

continues post-crisis, albeit weaker; for ICTR, the trend is reversed post-crisis, with 

low-ICTR funds employing more inverse ETPs. 

Panel C shows the use of leveraged ETPs, as a fraction of ETP assets, for the three 

periods. Higher SCTR is consistently associated higher use of leveraged ETPs, 

consistent with the idea of leverage increasing risk. For ICTR, the results are 

inconclusive. 
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Table 11: Usage of Exchange Traded Products and Tail Risk Hedging 

This table shows the univariate sorts for the periods: whole period (March 2001 to June 2013), crisis period (January 2007 to March 2009), and post-crisis period (April 2009 to June 

2013). Panel A presents results for all Exchange Traded Products (both Funds and Notes) during the whole period, and for long positions to volatility products during the post-crisis 

period. “PF_All” is the fraction of portfolio AUM invested in ETPs. “ETP_Volatility” is the fraction of ETP investments allocated to Long Volatility ETP products. “PF_Volatility” 

is the fraction of portfolio AUM invested in long volatility ETP. Panel B presents results for Inverse Exchange Traded Products. “Inverse ETPs” is the fraction of ETP investments 

allocated to inverse ETP products. Panel C presents results for Leveraged Exchange Traded Products. “Leveraged ETPs” is the fraction of ETP investments allocated to leveraged 

ETP products. 

 

Panel  A: Long Volatility ETPs and Tail Risk Hedging 

       

 
Whole  Post-crisis 

  
Whole  Post-crisis 

SCTR PF_All ETP_Volatility PF_Volatility 
 

ICTR PF_All ETP_Volatility PF_Volatility 

High 2.271 % 0.192 % 0.004 % 
 

High 3.728 % 0.351 % 0.006 % 

4 3.289 % 0.336 % 0.008 % 
 

4 3.239 % 0.491 % 0.019 % 

3 3.176 % 0.569 % 0.008 % 
 

3 2.932 % 0.750 % 0.011 % 

2 3.246 % 0.484 % 0.007 % 
 

2 2.881 % 0.449 % 0.010 % 

Low 3.976 % 0.600 % 0.023 % 
 

Low 3.181 % 0.168 % 0.004 % 

High - Low 1.706 % 0.409 % 0.018 % 
 

High - Low -0.547 % -0.183 % -0.001 % 

tHAC 5.46 2.36 2.96 
 

tHAC -2.33 -1.50 -0.73 

         
Panel  B: Inverse ETPs and Tail Risk Hedging 

 

 
Whole  Crisis Post-crisis 

  
Whole Crisis Post-crisis 

SCTR Inverse ETPs 
 

ICTR Inverse ETPs 

High 4.662 % 12.054 % 7.087 % 
 

High 3.776 % 10.421 % 5.430 % 

4 5.049 % 10.619 % 8.986 % 
 

4 4.092 % 9.464 % 6.838 % 

3 5.181 % 8.607 % 10.449 % 
 

3 4.441 % 8.889 % 8.119 % 

2 4.611 % 7.400 % 9.444 % 
 

2 4.866 % 7.811 % 9.968 % 

Low 2.634 % 5.779 % 4.583 % 
 

Low 4.527 % 6.810 % 9.515 % 

High - Low -2.028 % -6.275 % -2.504 % 
 

High - Low 0.751 % -3.611 % 4.085 % 

tHAC -3.23 -5.98 -2.33 
 

tHAC 1.04 -2.70 3.69 
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Panel  C: Leveraged ETPs and Tail Risk Hedging 

         

 
Whole  Crisis Post-crisis 

  
Whole  Crisis Post-crisis 

SCTR Leveraged ETPs 
 

ICTR Leveraged ETPs 

High 1.001 % 0.962 % 2.396 % 
 

High 0.920 % 0.794 % 2.250 % 

4 0.545 % 1.005 % 1.050 % 
 

4 0.505 % 1.172 % 0.845 % 

3 0.506 % 1.269 % 0.798 % 
 

3 0.304 % 0.882 % 0.416 % 

2 0.306 % 0.693 % 0.521 % 
 

2 0.273 % 0.561 % 0.496 % 

Low 0.212 % 0.402 % 0.403 % 
 

Low 0.476 % 0.811 % 0.951 % 

High - Low -0.789 % -0.561 % -1.993 % 
 

High - Low -0.445 % 0.017 % -1.299 % 

tHAC -2.97 -2.52 -3.56 
 

tHAC -1.90 0.05 -2.37 
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6 CONCLUSION 

Given that equity tail risk hedging has become a wide practice among institutional 

investors (e.g., Litterman 2011), our paper sheds empirically some new light on this 

important issue. We use hedge fund industry as a natural test laboratory in which we 

explore the actual performance and hedging mechanisms using unique data on hedge 

fund holdings.  

We first demonstrated that while aggressive hedgers of market-wide tail risk (as 

measured by lower Systematic Conditional Tail Risk, or SCTR) deliver higher risk-

adjusted returns, their mean excess returns remain flat. Second, we demonstrated that 

these aggressive hedgers of market-wide tail risk hold more protective options, but 

not non-protective options. This suggests an underlying hedging mechanism, and a 

potential explanation to the non-increasing mean excess returns, since literature 

suggests such tail protection is overpriced and in high demand. We also found that 

the lower-SCTR funds use more volatility-linked Exchange Traded Products 

(introduced after the financial crisis), suggesting a complementary hedging 

mechanism.  

However, for hedge funds with low Idiosyncratic Conditional Tail Risk (ICTR), 

rather than low exposure to market-wide tail risk (as measured by SCTR), both risk-

adjusted returns and mean excess returns show superior performance. 

Unsurprisingly, since this risk is idiosyncratic and comes from the fund’s alpha 

generating strategy, it is harder to find holdings-based determinants for it. We did 

find evidence that low idiosyncratic risk was associated with timely use of protective 

options during the financial crisis; and weak evidence of association with the use of 

stock, but not index, options, perhaps combined with skillful market timing. 

Our paper contributes to the renewed literature on low-risk anomaly. There are a 

growing number of papers showing that low-risk assets tend to provide higher risk-

adjusted returns. This “stylized fact” has been completely opposite for hedge funds, 

with most studies showing that hedge funds with high systematic risk or tail risk 

deliver higher risk-adjusted returns. The evidence is not completely unanimous 
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however, as Titman and Tiu (2011) report that funds with lower R-square against 

common factors deliver better performance. Using a large consolidated database, our 

paper provides strong evidence supporting the view that low-tail risk hedge funds 

deliver superior future risk-adjusted performance measured using various 

performance measures. The results are robust to the inclusion of a low-risk factor, 

suggesting that the better performance could be due to skillful hedging rather than 

harvesting of low-risk anomalies. Consistent with the economic theory that the more 

skilled managers should be able to charge higher fees, like Titman and Tiu (2011) we 

find that lower-risk funds charge higher incentive fees, further supporting the skill 

hypothesis. In our “horse race” of performance results, we showed that low-R-square 

funds deliver performance similar to low-SCTR and low-ICTR funds until the 

financial crisis, but after the financial crisis low-ICTR funds perform considerably 

better, suggesting that low ICTR might be a better indicator of managerial skill than 

low R-square, especially after the financial crisis. 
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