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The financial industry has witnessed 
several crises in the past, some of 
which have had a major global 
impact. Although hedge funds 

are expected to have the capability to at least 
avoid the impact of such crises by hedging 
against market movements, the long-term 
capital management crisis in 1998 and the 
global meltdown in 2008 showed otherwise. 
In both cases, most hedge funds suffered large 
losses; In fact, almost all Dow Jones Credit 
Suisse hedge fund indexes experienced huge 
losses. These systemic losses have been asso-
ciated mostly with large, simultaneous liq-
uidation by market participants, causing a 
liquidity freeze that crippled hedge funds 
and spilled over to the general economy (see 
Brown et al. [2009]; Buraschi, Kosowski, and 
Trojani [2014]; and Lo, Getmansky, and Lee 
[2015]). The experiences from these crises 
have motivated investors, academics, and 
regulators to better understand systemic risk 
in hedge funds and these funds’ contribution 
to the overall risk of a portfolio (see Billio 
et al. [2012a, b]).

In this study, we concentrate on the 
risk of a portfolio of hedge funds from the 
investor’s point of view. In this respect, our 
article is generally related to that of Brown, 
Gregoriou, and Pascalau [2012], who inves-
tigated overdiversification in funds of hedge 
funds that could generate tail risk, and 
Heuson, Hutchinson, and Kumar [2014], who 

investigated hedge fund performance when 
returns are skewed. As funds of hedge funds 
primarily invest in hedge funds, it is impor-
tant to develop a risk measurement technique 
that captures the individual hedge funds’ risk 
exposure and the risk contribution of these 
hedge funds toward the overall portfolio 
risk, especially in light of the 1998 and 2008 
hedge fund crises. As documented by several 
studies, hedge funds follow dynamic trading 
strategies. As a result, the risk exposures and 
thus the risk contributions of hedge funds are 
expected to change significantly over time. 
To capture the dynamic nature of hedge 
funds, we apply a Markov regime-switching 
approach, which allows us to estimate time- 
and state-dependent risk exposures.

There are several ways to measure the 
risk of a f inancial asset or portfolio. The 
common ones include volatility, semivari-
ance, Value at Risk (VaR), and expected 
shortfall (ES). Different studies suggest 
the use of one or the other of these tools 
to measure the risk of f inancial assets and 
make optimal portfolio choices. The mean-
variance framework of Markowitz [1952] 
uses volatility (or variance) to understand the 
risk and select an optimal portfolio. Others, 
like Roy [1952], have suggested a safety first 
approach, which accounts for the possibility 
of surprises (i.e., returns below a certain, 
acceptable threshold). These ideas of using 
downside risk measures were developed 
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further by Bawa [1978], and Fishburn [1977] suggested 
semivariance and other partial moments as alternative 
risk measures. Currently, VaR and ES are the popular 
measures of downside/tail risk, VaR being the most 
widely used. Although VaR is used to determine the 
capital requirements of banks and other financial institu-
tions, it is shown to have some faults, including failing to 
be coherent. As a result, the academic literature seems to 
favor ES over VaR (see Artzner et al. [1999] and Inuia 
and Kijima [2005]).

These measures provide different pieces of infor-
mation about the risk of a portfolio and the contribu-
tion of different hedge fund strategies to a portfolio’s 
risk. Measuring the risk using these different measures 
helps one to better diversify the portfolio with respect 
to “normal” and “extreme” events. In fact, an asset’s 
contribution to portfolio volatility and tail risk are not 
necessarily the same when the asset’s returns are not 
normally distributed.

An individual asset’s contribution to the portfolio 
risk can be calculated in two ways. The first is by taking 
the difference between the portfolio risk measures com-
puted with and without the asset. A second, and more 
useful, way is to compute the marginal contribution of 
individual assets to the portfolio risk by calculating the 
first derivative of a risk measure with respect to the port-
folio weight of the asset. In the literature, authors who 
have taken this second approach include Scaillet [2004]; 
Fermanian and Scaillet [2005]; Hallerbach [2003]; 
Hans  [2004]; and Litzenberger and Modest [2008]. 
Scaillet [2004] and Fermanian and Scaillet [2005] derived 
the marginal ES as a linear function of the derivatives and 
proposed a nonparametric estimation based on empirical 
averages or kernel methods. Litzenberger and Modest 
[2008] more specifically proposed a measure for deter-
mining the percentage marginal contribution of indi-
vidual hedge funds to the ES of a fund of hedge funds. 
They used a mixture of normal distributions with subjec-
tively chosen parameters, subjectively predefined types of 
possible crises, and fixed (subjective) probabilities of these 
crises to calculate marginal VaR. The idea of marginal 
VaR is in line with the systemic risk measure proposed 
by Adrian and Brunnermeier [2010] in their conditional 
VaR (CoVaR) measure. Our work shares this spirit and 
suggests a methodology for estimating all parameters 
based on Markov’s regime-switching approach.1

In summary, our work is perfectly in line with 
the spirit of Litzenberger and Modest [2008], and 

rather than leaving to the risk controller the task of 
exogenously determining the states of nature and the 
probabilities of these states, we suggest the use of a 
Markov regime-switching approach, which allows one 
to estimate time- and state-dependent risk exposures, 
as well the state probabilities of the different risk 
factors. 

In addition to the marginal VaR, we also calcu-
late the marginal variance and the marginal ES. This 
last measure was proposed by Acharya et al. [2010] for 
measuring systemic risk for financial institutions. Our 
model has the following desired features: (1) it can accu-
rately predict portfolio volatility during normal, non-
crisis times; (2) it captures stress moves during crisis 
periods in a realistic way; (3) it is consistent with the 
empirical observation that returns in many financial 
markets are characterized by distributions with fat left 
tails; (4) it provides a unified framework for comparing 
trades whose risk may be composed of different pro-
portions of typical day-to-day non-crisis volatility and 
crisis risk; and (5) it allows one to estimate time- and 
state-dependent risk exposures, as well as the state prob-
abilities of the different risk factors, in a coherent and 
objective way.

We demonstrate the performance of our approach 
by considering an equally weighted portfolio composed 
of eight hedge fund strategy indexes from the Dow Jones 
Credit Suisse Hedge Fund Database. We study the hedge 
fund strategies’ marginal contributions to the volatility, 
VaR, and ES of this portfolio through an out-of-sample 
analysis of an 84-month period (from January 2005 to 
December 2011).

The main result of our analysis is that the contribu-
tion to the tail risk of a fund of hedge funds is only par-
tially related to the main systematic risk measure identified 
in the portfolio diversif ication literature: the market 
portfolio. Using the S&P 500 as a proxy for the market 
portfolio, we show that, even in a dynamic framework 
in which exposure to the market risk factor changes over 
time, this exposure’s contribution to the tail risk of a fund 
of hedge fund portfolios is rather marginal and mostly 
appears during crisis periods. Other factors largely affect 
the tail risk of a fund of hedge fund portfolios, such as 
liquidity risk and credit risk. The effects of these other 
factors are so strong that another strategy, dedicated short 
bias, which systematically takes a negative position on the 
equity market, is not able to hedge (at least not fully) the 
tail risk of the portfolio of hedge funds during a crisis, 
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but it does contribute to the tail risk along with all the 
other strategies, showing that the dedicated short bias 
strategy does not work as a hedging instrument when it 
is most needed.

This study is important in several ways. Previous 
studies—including those by Tasche [1999]; Gouriéroux, 
Laurent, and Scaillet [2000]; Hans [2004]; Scaillet 
[2004]; Fermanian and Scaillet [2005]; and Litzenberger 
and Modest [2008]—have showed that marginal risk 
contribution can be used in portfolio selection models. 
Crucially, marginal contribution analysis shows that 
high risk in individual assets does not necessarily mean 
a high contribution toward the portfolio risk. In general, 
however, the asset dependence structure matters, as 
several assets could be negatively correlated, leading to 
a diversification benefit. This is even more relevant if we 
consider a nonlinear dependence structure, such as that 
implied by the Markov switching, as the asset correlation 
could change over time. It is thus very useful to look 
at the marginal risk contributions of individual hedge 
funds to a portfolio instead of only the risk measures for 
individual hedge funds. That is, the marginal volatility, 
marginal VaR, or marginal ES contributions of indi-
vidual hedge funds tell us more than can be obtained by 
simply looking at the single hedge fund volatility, VaR, 
or ES, respectively.

Even though we concentrate on portfolios of 
hedge funds when discussing our methodology and 
results, the study can be extended to the analysis of 
risk contributions in any portfolio or even to the gen-
eral economy. Several recent studies have showed how 
marginal ES can be used for measuring systemic risk. 
Acharya et al. [2010] showed that marginal ES is a good 
proxy for an institution’s contribution to systemic risk. 
Brownlees and Engle [2010] then developed a method-
ology for estimating marginal ES. Although the latter 
authors employed a method of estimating volatility, 
correlation, and tails separately so as to use them later 
in the marginal ES estimation, our study estimates the 
whole distribution for each of the individual strategy 
indexes and the portfolio. The actual estimation in our 
study is performed in several steps, which allows us to 
minimize the estimation time. Our work shares with 
all the previous studies the fact that the marginal VaR 
and marginal ES are calculated conditional on certain 
risk factors.

The article is organized as follows. The f irst sec-
tion presents the different marginal contribution risk 

measures and the methodology to determine them. 
The second section reports the empirical analysis 
applied to a portfolio of hedge funds. The third sec-
tion concludes.

MARGINAL RISK CONTRIBUTION 
MEASURES

We consider three risk measures: (1) volatility, 
(2) VaR, and (3) ES. Volatility is usually defined as the 
standard deviation conditional on past information and is 
a classical measure of dispersion around the mean. Vola-
tility is, by definition, symmetric and thus not capable 
of capturing any asymmetric aspect of risk. This makes 
volatility more useful during normal market conditions, 
but less helpful during crises when the market is far 
below the mean. Common risk measures used to cap-
ture downside risk exposure are VaR and ES. VaR is 
theoretically defined as the maximum amount of loss 
that can occur over a given horizon at a certain confi-
dence level. The alternative suggested in the literature 
is the ES, also known as the expected tail loss (ETL), 
which overcomes some of the weaknesses of VaR. ES 
represents the loss expected beyond the loss represented 
by the VaR. In other words, ES is the expected return 
conditional on the return being lower than the VaR. For 
an analytical description of these measures, see Billio, 
Frattarolo, and Pelizzon [2016]).2

We propose a general method for computing three 
marginal risk measures: marginal volatility, marginal 
VaR, and marginal ES. We used the regime-switching 
models detailed by Billio, Frattarolo, and Pelizzon [2016] 
to estimate and forecast these risk measures. These mar-
ginal risk measures were used to estimate the marginal 
effect of a component of the portfolio P. More specifi-
cally, we applied the marginal risk measures to estimate 
the marginal effect of single strategies in a portfolio of 
hedge funds.

To compute the marginal risk contribution of 
strategy i, we constructed a new portfolio P ′, which 
consisted of an amount wi invested in strategy i, and 
an amount (1 − wi) invested in the original portfolio P. 
Note that wi is an incremental weight in a strategy that 
is already a component in the portfolio P. Then, by dif-
ferentiating with respect to wi at wi = 0, we could easily 
account for all the marginal effects of strategy i, either 
directly through strategy i or through the resulting 
change in the weight of the remaining strategies in 
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the portfolio. The return on the new portfolio P ′ was 
obtained using:

	 r w r w rP s i i s i P s(1 ), , ,= + −′ 	 (1)

Clearly, the state-dependent mean and volatility of 
the new portfolio are given by:

	 w wP s i i s i P s(1 ) ,, , ,µ = µ + − µ′ 	 (2)

	 w w w wP s i i s i P s i iP s(1 ) 2 (1 ),
2

,
2 2

,
2

1 ,σ = σ + − σ + − σ′ 	 (3)

where σiP,s is the state-dependent covariance between 
strategy i and portfolio P. We know that the covari-
ance σiP,s can be expressed in terms of the correlation ρiP,s 
between portfolio P and strategy i and the volatilities of the 
strategy and portfolio, that is, ρiPσiσP. Thus, replacing σiP 
with ρiPσiσP and differentiating with respect to wi at wi = 0, 
we get the marginal volatility (labeled Mσ) as follows:

	 M
wP s
P s

i w
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Moreover, the state-dependent ES of the portfolio 
P can be defined as:
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Again, by differentiating this equation with respect 
to wi at wi = 0, we get the marginal ES (labeled MES3):

	

w
p

s

I w
z

z

w w
z

z

w

P

i w

t h

t

P s

i
s

s S

P s
s

i

P s

i
s

P s
s

i w

i

i

MES
ES 1

( )

( )
( )

( )

0

,

,
,

,

0

∑= ∂
∂









 =

α






∂µ
∂

Φ





+ µ
∂Φ

∂
−

∂σ
∂

φ

− σ
∂φ

∂





′

=

+ ′

∈

′
′

′
= 	

(6)

where zs
P P s

P s

VaR ,

,

=
− µ

σ
′ ′

′

 is the standardized VaR for 

the portfolio P ′.

With the same procedure, the marginal VaR 
(labeled MVaR) can be obtained as follows:
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Billio, Frattarolo, and Pelizzon [2016] describes 
in detail the derivation of the preceding equations and 
how to obtain closed-form solutions for all three risk 
measures (Mσ, MVaR, and MES).

EMPIRICAL RESULTS

Data

We considered monthly aggregate hedge fund 
strategy index returns from the Dow Jones Credit 
Suisse Hedge Fund Database from January 1994 to 
December 2011. This database tracks approximately 
8,000 hedge funds, which fall into 10 different strate-
gies according to their investment style. The Dow Jones 
Credit Suisse hedge fund indexes are asset-weighted 
indexes of funds with a minimum of $50 million of assets 
under management, a minimum one-year track record, 
and current audited f inancial statements. Currently, 
more than 400 funds are used to obtain these indexes. 
An aggregate index is computed from this universe, and 
10 subindexes based on investment style are also com-
puted using a similar method. Indexes are updated and 
rebalanced at a monthly frequency, and the universe of 
funds is redefined on a quarterly basis. The performance 
data used in the indexes are net of all fees. Moreover, the 
database accounts for survivorship bias in hedge funds 
(Fung and Hsieh [2000]). New funds are included on 
a going-forward basis only, removing instant history 
bias. The Dow Jones Credit Suisse indexes also include 
funds that are closed to new investments, which further 
reduces selection bias. The indexes are computed so as 
to get a maximal representation of their universe, with 
at least 85% coverage. Finally, the database tracks hedge 
funds from all over the world. For all of these reasons, 
the Dow Jones Credit Suisse indexes are a good proxy 
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to use in studying hedge funds. In this article, we con-
centrate on the eight equity-related strategy indexes. 

The detailed definition of the risk factors in the 
factor model used, selected according to the literature, 

is reported in Exhibit 1. Exhibit 2 provides summary 
statistics for these strategies and for the risk factors, and 
the second part of Exhibit 2 shows that the Gaussian 
assumption is also rejected for most of the risk factors. 

E x h i b i t  1
Risk Factors Definitions

Notes: Definitions of risk factors included in the multifactor regime-switching model. All data, except for UMD, were obtained from Datastream. UMD, 
the momentum factor, was obtained from Ken French’s website.

E x h i b i t  2
Summary Statistics

Notes: Summary statistics for the eight hedge fund indexes considered as well as for the risk factors used to explain their systematic risk exposure. A brief 
definition of the risk factors can be found in Exhibit 1.

T
he

 J
ou

rn
al

 o
f 

A
lte

rn
at

iv
e 

In
ve

st
m

en
ts

 2
01

6.
18

.4
:1

09
-1

24
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.ii
jo

ur
na

ls
.c

om
 b

y 
on

 0
4/

06
/1

6.
It

 is
 il

le
ga

l t
o 

m
ak

e 
un

au
th

or
iz

ed
 c

op
ie

s 
of

 th
is

 a
rt

ic
le

, f
or

w
ar

d 
to

 a
n 

un
au

th
or

iz
ed

 u
se

r 
or

 to
 p

os
t e

le
ct

ro
ni

ca
lly

 w
ith

ou
t P

ub
lis

he
r 

pe
rm

is
si

on
.



114      Hedge Fund Tail Risk: An Investigation in Stressed Markets	S pring 2016

This necessitates the use of a nonlinear model, such as 
the Markov regime-switching model suggested here.

Hedge Fund Strategies

Our complete sample contains 216 observations for 
each strategy. Our estimation procedure used expanding 
windows to estimate the parameters. That is, we started 
by using the f irst 132 observations ( January 1994 to 
December 2004) to estimate the parameters for 
December 2004 and, when necessary, to compute the 
out-of-sample forecasts for the subsequent month. We 
repeated the process, each time including one additional 
observation, until we reached the end of the sample, 
thus using all the available data. Through such a process, 
we were able to estimate and forecast for 84 months 
( January 2005 to December 2011). Later in the article, 
we refer to this period as the estimation period.

For each strategy index, we estimated two dif-
ferent models. The first, which we call S&P-RSM (S&P 
regime-switching model), uses the S&P 500 Composite 
Index as the only risk factor on the right-hand side of the 
equation. The second model, called MF-RSM (multi-
factor regime-switching model), includes several addi-
tional risk factors. Details of the estimation procedure 
are available upon request. 

Using the S&P-RSM model, we examined the 
possibility of estimating the marginal risk contributions 
of individual strategies by considering only their con-
ditional distributions with respect to the equity market 
risk factor. An example of the estimated parameters is 
presented in Exhibit 3, where we use the whole sample. 
For this specific case, we observed that the S&P 500 
coefficients are significant for all strategies except the 
convertible arbitrage strategy in both regimes and the 
equity market–neutral strategy in the normal market 
regime.4

The results in Exhibit 3 seem to suggest that the 
only hedge fund strategy that could contribute to a 
reduction of risk in the portfolio is the dedicated short 
bias since it has a negative exposure with respect to the 
market and therefore potentially a negative correlation 
with the other strategies. A similar argument could be 
applied for the convertible arbitrage strategy and the 
equity market–neutral strategy. Therefore, by looking to 
the exposure to the S&P500, we can identify strategies 
that are natural hedgers to the risk of the portfolio, at 
least for its variance risk.

The picture changes when we include additional 
risk factors in the model, as reported in Exhibit 4. All 
hedge fund strategies have significant exposure to the 
S&P 500 in both normal and down market regimes, 
except for the emerging market and equity market–
neutral strategies.5 The results reported in Exhibit 4 are 
extremely important because they highlight the fact that 
the different hedge fund strategies do present common 
exposures to the different risk factors. In particular, the 
dedicated short bias strategy has a negative exposure to 
the credit risk factor when the S&P 500 is in the down 
market regime. This negative exposure is similar in sign 
and significance to that of the emerging market strategy 
and the distressed strategy. Therefore, the ability of the 
dedicated short bias strategy to hedge the portfolio’s risk 
seems to be debatable. In our analysis, detailed in the 
next section, we show that this common exposure to 
credit and liquidity risk factors largely reduces the nat-
ural ability of some hedge fund strategies to be hedgers 
to the total portfolio risk, at least during crisis periods.

Tail Risk of the Portfolio of Hedge Funds

In this section, we present the estimation of the 
strategies’ marginal risk contributions to an equally 
weighted portfolio using regime-switching models.6 We 
considered a portfolio P that is composed of eight strate-
gies with equal weights. Combining two states for each 
strategy and two for the market, the set of all possible 
states for this portfolio has dimension equal to 29 = 512. 
The state-dependent means and volatilities of P were 
computed in the standard way using the state-dependent 
means and volatilities of the individual strategies. The 
Mσ, MVaR, and MES of the strategies and the portfolio 
were computed as described by Billio, Frattarolo, and 
Pelizzon [2016].

Before proceeding with presenting the dynamics 
of the marginal contributions over time, we provide a 
general picture by presenting the average marginal risk 
contributions of each strategy over three periods: the 
whole estimation period ( January 2005 to December 
2011), the period before the 2008 crisis ( January 2005 
to July 2008), and the period during and after the 2008 
crisis (August 2008 to December 2011).

The results presented in Panel A of Exhibit 5 show 
that over the whole estimation period the emerging 
market strategy makes the highest contribution to each 
of the three risk measures. This is in line with the risk 
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measures in terms of single strategies: The emerging 
market strategy has the highest volatility, VaR, and ES. 
The strategy with the next highest volatility, VaR and 
ES is the dedicated short bias strategy. However, this 

strategy makes the lowest marginal contribution in terms 
of volatility (–20.41), VaR (–51.08), and ES (–53.36). 
This result can be explained by the fact that the dedi-
cated short bias strategy is designed to be negatively 

E x h i b i t  5
Average Marginal Risk Contributions (S&P-RSM)

Notes: Average marginal contributions of the eight strategy indexes to the volatility, VaR, and ES of a fund of hedge funds, represented by an equally 
weighted portfolio of the eight strategies, estimated using the S&P-RSM model. Panel A presents the average marginal risk contributions for the whole test 
period, January 2005 to December 2011. Panels B, C, and D present the results for three subperiods before, during, and after the Lehman meltdown.
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related to the other strategies through its negative expo-
sure to the market. 

Exhibit  5 shows that the dedicated short bias 
strategy makes negative contributions to all three 
portfolio risk measures. The negative contributions of 
those strategies are interpreted as actually decreasing 
the portfolio risk. For instance, a –20% volatility 
contribution by strategy X can be interpreted as 
meaning that the volatility of the portfolio is 20% less 
than it would be if strategy X were not included. That 
is, strategies with negative contributions generate great 
hedging benefits, which indicated that, despite having 
high idiosyncratic risk, such strategies help to reduce 
risk when included in a portfolio with other strate-
gies. From Panels B and C of Exhibit 5, we observe 
that this feature is shared by the convertible arbitrage, 
dedicated short bias, and equity market–neutral strate-
gies. However, if we look at the three subsamples (pre-
Lehman, Lehman meltdown, and post-Lehman), this 
feature characterizes the equity market–neutral strategy 
only for the pre-Lehman period. In the Lehman melt-
down and post-Lehman period, we find that the equity 
market–neutral strategy makes a positive marginal con-
tribution to the variance of the portfolio of funds. The 
same applies, with a lower intensity, for the convert-
ible bond arbitrage strategy. On the other hand, there 
is a striking difference between the Mσ and both the 
MVaR and the MES over the whole estimation period: 
The convertible arbitrage and equity market–neutral 
strategies make negative contributions to the portfolio 
volatility and positive contributions to the portfolio tail 
risk (MVaR and MES).

The complete results for the three sample periods 
are reported in Panels B, C, and D of Exhibit 5. The 
general picture of which strategy makes the greatest or 
smallest contribution is the same here as it is for the 
whole period given in Panel A. However, the actual 
percentage contributions of each strategy differ among 
the three periods. Comparing the marginal contribu-
tions to portfolio volatility, we observe that, although 
the marginal contributions of the strategies that make 
positive contributions in the first period decrease in the 
second, those of the strategies that make negative con-
tributions in the first period show significant (in terms 
of percentage change) increases in the second period, 
with some contributions even switching sign. That is, 
those strategies that could be used as hedging instru-
ments in the f irst period lose their hedging benefits 

and in some cases become risk contributors. This result 
suggests that, during and after the Lehman meltdown, all 
strategies systematically become greater risk contribu-
tors, with almost no exception: Even the dedicated short 
bias strategy largely reduces its hedging role when con-
sidering tail risk (from -49.41 to -14.97) for the MES 
measure. It would be difficult to capture this effect using 
the individual strategy risk measures.

In summary, this f irst analysis shows that some 
strategies, like dedicated short bias, contribute negatively 
to the risk of the overall portfolio of hedge funds. Some 
strategies, like emerging market, contribute the most 
to the total portfolio risk. As a result, some strategies 
are natural hedgers, and some strategies tend to amplify 
portfolio risk. The effect is qualitatively the same for all 
three measure of marginal risk contribution but quan-
titatively largely different.

The second analysis we performed considers the 
other risk factors that may systematically affect hedge 
fund strategies. This analysis provides results that are 
rather different. As shown in Exhibit 4, factors other 
than the S&P 500 affect hedge fund strategies. The 
inclusion of these factors in the picture greatly changes 
the different hedge fund strategies’ tail risk contribu-
tions to the portfolio. In particular, we observe that the 
exposure to these other risk factors affects the tail risk of 
the portfolio more than it does the volatility. In fact, the 
contribution does not change significantly in terms of 
marginal standard deviation but does change greatly for 
the MVaR and the MES. Looking at the dedicated short 
bias strategy, for example, we can see that the ability to 
hedge portfolio risk reduces by one half and the equity 
market–neutral and convertible arbitrage strategies now 
positively contribute to the MVaR and MES without 
providing any hedging benefit.

More specifically, the results presented in Panel 
A of Exhibit 6 show that, over the whole estimation 
period, it is again the emerging market strategy that 
makes the highest contribution to all three risk mea-
sures. It is interesting to observe that, looking at the 
individual strategies, the emerging market strategy has 
the highest volatility (3.42) but, in terms of VaR and ES, 
the dedicated short bias strategy has the higher tail risk 
(-7.03 and -9.45 respectively). Although the dedicated 
short bias strategy has the second-highest estimated vola-
tility and the highest VaR and ES (-15.02 and -18.27, 
respectively), this strategy again makes lower marginal 
risk contributions to the portfolio over all the samples 
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considered. In fact, Exhibit 6 shows that the dedicated 
short bias strategy makes negative contributions to all 
three portfolio risk measures, which means that, for 
large sample periods, this strategy is able to reduce the 

tail risk of the portfolio of hedge funds even if exposed 
to various risk factors.

In summary, our analysis evidences that other risk 
factors and financial crisis times show that all hedge fund 

E x h i b i t  6
Average Marginal Risk Contributions (MF-RSM)

Notes: Average marginal contributions of the eight strategy indexes to the volatility, VaR, and ES of a fund of hedge funds, represented by an equally 
weighted portfolio of the eight strategies, estimated using the MF-RSM model. Panel A presents the average marginal risk contributions for the whole test 
period, January 2005 to December 2011. Panels B, C, and D present the results for three subperiods before, during, and after the Lehman meltdown.
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strategies tend to be positively exposed to liquidity and 
credit risk, and as such, all positively contribute to the 
total tail risk of the portfolio of hedge fund strategies. As 
a result, the natural ability of some hedge fund strategies 
to be hedgers to the total portfolio risk disappears during 
crisis periods. This is important especially during crisis 
periods, as investors seek diversif ication and hedging 
benefits from hedge funds.

To complete the picture, we present the dynamics 
of the marginal risk contribution of each strategy over the 
period from January 2005 to December 2011. Exhibit 7 

shows the percentage marginal contribution of each strategy 
to the portfolio volatility, estimated using the S&P-RSM 
and MF-RSM models in Panels A and B, respectively. 
These results indicate that the emerging markets strategy 
is the greatest contributor to the equally weighted port-
folio risk throughout the whole period. This is not sur-
prising given that this strategy has the highest estimated 
volatility among the group of strategies. Moreover, the 
dedicated short bias strategy contributes toward reducing 
the volatility of the portfolio for almost all months in the 
estimation period, with the exception of a few months in 

E x h i b i t  7
Dynamics of Marginal Volatility Contribution 

Note: The graphs show the dynamics of each strategy marginal contribution to the portfolio volatility, estimated using the S&P-RSM model (Panel A) and 
the MF-RSM model (Panel B) over the period of January 2005 to December 2011.

For a color version of this exhibit please visit The Journal of Alternative Investments at www.iijai.com.
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2009. Other strategies also make slightly negative contri-
butions for most of the sample period. Figures show that 
these negative contributions are minimal for the one-year 
period from September 2008 to September 2009. This 
is an important result, indicating that, since most hedge 
funds (independently of their strategy) were affected by 
the liquidity freeze, they lost their ability to hedge tail risk. 
This in turn suggests that, to some extent, the models are 
able to capture the systemic risk in the portfolio, especially 
during major crises such as the 2008 liquidity crisis. We 
observe that the strategies that help to reduce the volatility 

of the portfolio in other months lose this characteristic 
during the Lehman meltdown. In particular, the dedicated 
short bias strategy, which has the largest effect in terms 
of reducing portfolio volatility in normal periods, has the 
smallest capability of reducing volatility—with very small 
negative contributions and even positive contributions in 
some months—during the crisis periods.

Although largely different in terms of the magni-
tude of individual strategy contributions, we find similar 
results for the marginal contributions to portfolio tail 
risk, as measured by VaR and ES (see Exhibits 8 and 9).  

E x h i b i t  8
Dynamics of Marginal Value at Risk Contribution 

Note: The graphs show the dynamics of each strategy marginal contribution to the portfolio VaR, estimated using the S&P-RSM model (Panel A) and the 
MF-RSM model (Panel B) over the period of January 2005 to December 2011.

For a color version of this exhibit please visit The Journal of Alternative Investments at www.iijai.com.
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The most signif icant difference between the tail 
risk and volatility contributions is due to the equity 
long–short and distressed strategies. Although they 
both make positive contributions to portfolio risk in 
general, they contribute higher percentages of the 
portfolio tail risk throughout the estimation period.

CONCLUSION

This article provided a new risk management tool 
for measuring tail risk for portfolio of hedge funds, based 

on regime-switching models. Our empirical results 
showed that the contribution to the tail risk of a port-
folio of hedge funds is only partially related to the main 
systematic risk measure identified in portfolio diversifi-
cation literature: the market portfolio. By using the S&P 
500 as a proxy for the market portfolio, we showed that, 
even in a dynamic framework in which exposure to the 
market risk factor changes over time, the contribution of 
this exposure to the tail risk of a hedge funds portfolio 
is largely lower than expected and mostly occurs during 
crisis periods. Other factors greatly affect the tail risk of a 

E x h i b i t  9
Dynamics of Marginal Expected Shortfall Contribution

Note: The graphs show the dynamics of each strategy’s marginal contribution to the portfolio ES, estimated using the S&P-RSM model (Panel A) and the 
MF-RSM model (Panel B) over the period of January 2005 to December 2011. 

For a color version of this exhibit please visit The Journal of Alternative Investments at www.iijai.com.
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fund of hedge funds, such as liquidity risk or credit risk. 
The effects of these other factors are so strong that even 
a strategy such as dedicated short bias, which is char-
acterized by a negative position on the equity market 
and therefore is a natural hedging strategy, is not able 
to reduce, even partially, the tail risk during a crisis. In 
contrast, it contributes to the tail risk like all the other 
strategies and does not act as a hedging instrument when 
the need for it to do so is high.

Therefore, our results show that, mostly during a 
crisis period, all of the hedge fund strategies contribute 
to tail risk, largely because of their exposure to the 
liquidity and credit risks that affect the entire hedge 
fund industry, and there is no great distinction between 
strategies.

The results of the article have natural extensions to 
the growing literature on funds of funds. These funds 
invest in different hedge fund strategies, thus providing 
diversification benefits to investors. However, this ben-
efit was nonexistent during the recent systemic crisis 
when all strategies became correlated. Consequently, 
investors who thought they were hedged lost money 
due to the fact that all strategies positively contributed 
to the tail risk of the total portfolio. This may explain 
the decline in the number of funds of funds and total 
investments allocated to them that we have observed in 
recent years.
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1For further discussion of regime-switching models 
characterized by Markov chains, please see Hamilton [1994]; 
Billio and Pelizzon [2000]; Billio, Getmansky, and Pelizzon 
[2012a]; and Billio, Frattarolo, and Pelizzon [2014].

2Billio, Frattarolo, and Pellizon [2016] serves as an 
online appendix to this article.

3This derivation is similar to Litzenberger and Modest’s 
[2008] derivation of the marginal contribution to the ETL.

4Although the second case is in line with the strategy 
of equity market–neutral funds, convertible arbitrage gives 
the wrong impression that the strategy is independent from 

the equity market. However, the estimated market exposure 
for this strategy varies over time and is mostly significant in 
at least one of the regimes—specifically, the normal market 
regime in the expanding window estimation.

5Although the case of the equity market–neutral 
strategy is perfectly in line with our a priori understanding 
of the strategy, the nonsignificance of the emerging market 
strategy exposure could seem mind-boggling at first glance. 
However, this can be explained by the fact that we are now 
including the Emerging Markets Stock Index.

6We used this portfolio of hedge fund strategies to 
represent funds of hedge funds. It is obvious that it is not 
straightforward to extend our f indings directly to struc-
tured portfolios such as those managed by a fund of funds, 
mostly because funds of funds invest in individual hedge 
funds instead of indexes and have a different structure, with 
layers of fees among other things. However, to the extent that 
strategy indexes represent the risk exposure of funds in the 
specific strategy, we can expect the portfolio to ref lect the 
risk exposure of a fund of funds investing in the eight strate-
gies we consider here. Moreover, estimating such a model for 
each individual hedge fund would be very computationally 
intensive.
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