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1. Introduction

The hedge fund industry has experienced exceptigralth rates in recent years. The incorporatiorltérnative, non-
traditional investment tools, the specific risk @weristics and the persistently superior ‘absolutturns have attracted
investors’ funds into hedge fund allocation. Acdngdto Hedge Fund Research (HFR), in 1990 there &@dehedge funds
with approx. USD 50 min. in assets under managentdoivever, in 2007, the exponential growth of tredde fund
industry shot these figures up to approximately08,&unds with more than USD 1 tIn. in assets undanagement. The
performance of alternative hedge fund investmeratesgies against traditional asset allocation a@wi(stocks, bonds,

currencies, mutual funds etc.) indicates both laighual returns and low volatilities.

The environment of highly volatile capital marketsier the last years, has led private and institati investors to seek
alternative investment vehicles and diversify inmemnt risks. At the same time, it has been arghet since hedge funds
implement market neutral stratediethey are capable of producing attractive riskustdjd returns, independent of market
trends, through fund protection in volatile and emain market times. However, the attractive hefige risk-return
characteristics against traditional investmentrattBves are associated with a number of limitatiofhe complex and time-
varying risk exposure of hedge fund strategiesitierént asset class factors induces substantiastcaints in measuring
their risk-return profile. Their flexibility in irgrnational investments in various asset classdgdges the implementation of
profitable but complicated strategies. Contrary tty@ical buy-and-hold strategy of mutual funds, ¢eedund managers
design vehicles that take advantage of investmppbmunities in illiquid securities, distressednfs, emerging markets,
arbitrage, and mergers and acquisitions, inter Hltzas been argued that the abnormal returngeddd funds are associated
to a liquidity risk premium and a lockup period threir investments; hedge funds with a lockup priovisattain annual
returns that are about 4% higher relative to funitls no-lockup period (Aragon, 2007). Recent studliage indicated to the
option-like payoff feature of hedge funds relatieeunderlying asset returns (Fung and Hsieh, 2@002; Mitchell and
Pulvino, 2001; Agarwal and Naik, 2004).

This paper intends to contribute to a growing baodyiterature on hedge fund investment strategied performance
evaluation. For that, we apply multivariate regismétching copula models to model the joint disttibos of selected hedge
fund classes and benchmark capital market retudns. empirical interest focuses on testing for threspnce of any
asymmetric dependence structures between sampte Hedd classes and benchmark markets (equity,, intetest rate
and commodity instruments). A number of differeahanical vine copulas are employed in a two-regifresmiework to
capture hedge fund reactions in bear and bull niackeditions. Canonical vine copulas represent zitile way of
expressing multivariate joint distributions intovaiiate conditional copulas. The rest of the papearganized as follows:
section 2 provides a summary of recent empiri¢atdture; section 2 analyses the theoretical cdaadpcopula functions,
dependence structures and marginal distributioastion 4 discusses an empirical application andirigs on these

theoretical concepts. Finally, section 5 concludes.
2. Literature Review

Past literature has studied different aspects dfjadunds, their investment strategies and thaifopmance evaluation.
Empirical evidence indicates that hedge fund ggiateexhibit low correlation with traditional asseturns as well as with
themselves (Fung and Hsieh, 1999; Schneeweis antyip 1998; Amenc et al., 2003; Agarwal and N&Rp4). The

inclusion of hedge funds in portfolios of traditadrassets improves substantially their risk-repnafile (Schneeweis et al.,
2002). On the other hand, it has been argued thdfih funds may not offer a superior performance asand-alone

! Despite the widespread impression that hedge fanglsn a position to attain ‘market neutralitygcent empirical studies indicate the
opposite outcome (Patton, 2007).



investment (Amin and Kat, 2003). However, investingart of portfolio assets into hedge funds impsowverall portfolio
performance. Hedge funds appear to efficiently suite bonds and cash in an equity portfolio beeanistheir attractive
high returns combined with low volatility and lowreelation with equity markets. Cointegration anelysupports a long-
run relationship between specific hedge fund gsgiate and traditional financial assets, while pagtndliversification

benefits are available for some hedge fund strasagithe framework of tactical asset allocatioiisg-and Kaiser, 2007).

Under the Markowitz mean-variance portfolio thedttye inclusion of hedge funds in a portfolio wittaditional assets
appears to enhance the risk-reward trade-off oddittonal portfolio (Agarwal and Naik, 2004). Hoves, this framework
assumes that either portfolio returns are normdistributed or investor's utility function is quadic. However, the
reliability of the mean-variance framework is qimsable in case a portfolio is constructed by hefigels (Amenc and
Martellini, 2002; Brunel, 2004; Kat, 2005; Till, 2B0inter alia). The dynamic trading hedge fund strategies tovalid the
core assumption of normality and diversificatioméfits. A number of studies supports that the regabreturns of hedge
funds are not normally distributed (Brooks and R&01; Lo, 2001; Geman and Kharoubi, 2003; AIexEﬁD4)2.

It is now argued that the low reported correlatibesween hedge funds and traditional assets doepoésent the real
relationship between asset classes. Evidence efrigs and ‘asymmetric dependence’ in the jointidigions and their
importance in asset allocation has been indicatethé empirical finance literature. The term asyimimedependence
emphasizes the dependence between capital mahnkétsppears to be stronger in period of low retegompared to normal
or bullish market conditions. Patton (2004) demiaist the impact of both skewness and asymmetpieraiznce on equity
portfolio decisions for the constant relative rimkersion (CRRA) investor. Longin and Solnik (2001) es&eme value
theory to provide evidence of asymmetric increasmdelations in equity markets during turbulentipgs. Ang and Bekaert
(2002) and Ang and Chen (2002) reproduce the nmapli¢ations of the study of Longin and Solnik (2pdfased on

Markov switching models. Investment strategies #atount for upward and downward movements of firdmmarkets

clearly outperform static approaches (Campbell.e2@D2, Bae et al., 2003; Okimoto, 200&gr alia).

Recent empirical studies in hedge fund portfolio®at two important issues. First, the correlatietnween hedge funds and
traditional financial markets has gradually incexhsSecond, the relationship between hedge fundstraditional asset
classes should be examined in a framework beyoaadhventional linear approaches, as the compsxexposure (i.e.
volatility risk, liquidity risk, credit risk etc.pf different hedge fund strategies indicates. lagémdge fund risk exposure
appears to be different at times of financial @isempared to normal market conditions (Billio et 2008). However,
empirical literature on hedge funds has not ingestid asymmetric dependences of hedge fund anitidrad asset class
returns in depth. Lo (2001) has studied the ‘pHasking’ behaviour of otherwise uncorrelated mask#tiat suddenly
become synchronized, especially during downwardketaperiods. This phenomenon may partly explain ttirbulent
hedge fund response during and after major finheeents (e.g. Asian crisis; Russian crisis; cokapSLTCM fund). More
recently, Billio et al. (2006) have employed differswitching regime models to demonstrate thatinduturbulent market
periods, hedge funds appear to exhibit higher exmgogo traditional financial market movements. Rariore,
conventional, simple linear models do not accownt the time-varying behaviour of hedge funds and thsulting
asymmetric dependence. Schneeweis et al. (2002Zjuttnincreased unconditional and conditional dati@ns between
hedge funds and equity markets during turbulentketaperiods. On the other hand, Li and Kazemi (20@fect the
presence of asymmetry in conditional correlatiotwieen daily hedge fund returns and other investrimstituments.

2 Even if the distribution of hedge fund are notmat distributed, recent reports reveal that theonitgjof European hedge fund managers
ignore the third and fourth moment (i.e. skewness kurtosis) and rely on the traditional mean-var@analysis to evaluate hedge fund
performance (EDHEC, 2003).



A number of past empirical studies investigatefhesence of symmetric or asymmetric dependencesséinancial asset
classes by incorporating a linear correlation goigifit (Pearson coefficient). However, this appearbe an inappropriate
general dependence measure of a vector of randdables, as it is problematic in case the normaggumption is raised.
Furthermore, this linear correlation coefficientiizstable under varying calculation methods anfésifrom specific flaws
when non-linear dependences are assumed acrossnamgets. When an elliptical distribution, suchthe multivariate
Gaussian or the Student'distribution, adequately describes asset retuh®s) the linear correlation coefficient is both
capable and informative in depicting asset comovesieOtherwise, the linear correlation coefficiégdds inevitably to

misleading implications (Embrechts et al., 2002).

3. Copula Functions, Dependence Structures and Marginal Distributions

Copula functions offer an attractive alternative @ioal framework to capture linear, non-linear aad dependences and
can conveniently describe the joint distributiotmaen two or more random variables (Sklar, 1958gErand Valdez, 1998;
Embrechts et al., 2003). Indeed, copula functidiasvefor the link between different marginal digtitions and dependence
structures without imposing any restriction of nafity on the joint distribution (such as linear dagence of financial
assets). More specifically, copula functions déscthe process in which uniform one-dimensionarihistions can join to

form multivariate distributions.

An important advantage of copulas against otherhststic dependence and multivariate distributioref®is the simple
two-step procedure for the estimation of the depand structure across a sample of multivariateakbes. In the first step,
a parametric or non-parametric functional form ésedmined for each individual marginal distributidn the second step,
an appropriate copula function for reproducing d®pendence structure between the marginal distitmiis specified.
However, the potential choice of models that cad l® misspecified margins inevitably affects tbpwudas function results.
The scope of marginal modelling is to capture terabalependencies of the financial univariate sermsch as

autocorrelation and time-varying volatility.

In the context of hedge funds, our empirical redeanvestigates two joint directions: (a) the canahvine copula that
supports dependence structures in a multivariatetegb and is appropriate for multi-assets analysigl portfolio
applications (Aas et al., 2007); and, (b) the Markavitching regime models that provide challengatigracteristics for
modelling asymmetric dependences in financial narke a similar framework, Okimoto (2008) investigs dependence
structures in a bivariate setting of internatioegliity markets incorporating three different Marlewitching models: a pure
Markov switching model; a Markov switching semi-asyetric copula model (copula function introducedoinly one
regime); and a Markov switching asymmetric coputaa (copula function introduced in both two reganeélhe empirical
findings support two types of asymmetric dependenasymmetric dependence between bear and normiietsiaand,
asymmetric dependence with lower tail dependend®ar markets. Chollete et al. (2008) employ regmitching copula
models incorporating the canonical vine approactielmompose the multivariate copula function infr@duct of bivariate
conditional copulas. The empirical findings indiean adequate performance of the canonical vinelaogpproach in

replicating the ‘exceedance correlation’ in a sangdlequity index returns.

31 Copula Function

Consider an-dimensional random vectof = (X4, ... , X,) with a view to analyse the dependence of its comepts. The

information on the distribution of a vectaris fully described by the following joint cumuledi distribution function:



Fx() = Bk, o %) = B (X< =B (X <xq, o0, X<%0) (D)

where ¥ describes the marginal distributionsXfthat is calculated through the joint distributimmction. However, this

structure of the joint distribution function mixéise information on the dependence between therdiffecomponents of
vector X with information of individual components themsedv Copulas are multivariate uniform distributiomstt

decompose the above representation of the joirttiliton function into two parts, the dependenteiure and the

marginal distributions. The fact that copulas fimts$ apply to uniform distributions over the int&n0, 1] makes essential
the extensive use of probability-integral and gikattansformations. Therefore, the initial randeettorX with continuous

marginal distribution functionk,, ... ,F,, is transformed with the method of probabilityeigtal transformation to uniform
marginal distributiondJ; = F;(X;). A ‘copula function’ is the joint cumulative digiution function of the multivariate vector
U = (Uy, Uy, ...,U,), that is denoted by:

Clupnug ) =BT, g, Uy Zugd) (2)

A wide range of copula functions are available tie £mpirical literature, appropriate to capturefedént dependency
relationships. The candidate copulas are GausSiagton, Gumbel, rotated Clayton and rotated Gumtak list includes
some of the most popular copula in statistic amerfcial applications appropriate to capture impargymmetric joint
extreme events, asymmetric tail dependence etcsseaucopula is symmetric joint functional formstioé corresponding
elliptical distributions. The Gaussian copula istguestrictive as it provides only weak informatiabout tail dependence.
Different from elliptical distributions, Clayton ar@umbel copulas can capture asymmetric dependeantten assign more
probability on single lower or upper tail dependenin particular, Clayton copula is able to modelyolower tail
dependence, while Gumbel copula allows only upgiérdependence. The rotated Gumbel copula (surgeplla) similar

to Clayton has stronger lower tail dependence. Ipefylix A, we provide the functional forms of theuatas.

32 M ultivariate Dependence Structures

An interesting application of copula functions reféo developing and testing higher dimension cafuhctions to handle
asymmetric and non-linear dependences of finam@&iuments in the construction and managemenssstgortfolios. The
difficult task of handling higher dimension copulesdecomposed into a cascade of bivariate cop(las. following
factorization for the joint density function shoalearly the pair-copula construction in capturihg portion of dependence

structure for a random vectr= (Xy, ... ,X;) in a joint density function:
flagxn) = fleg): Flongland  Flanglrn_pxn) - s Flrg Jrgm 20 (3)

In our study, we model the dependence structusaoiple hedge funds and traditional equity markateviing a special
regular vine case calledanonical vine (Kurowicka and Cooke, 2004). The density of theimensional canonical vine is

given by:
n n—1 n—j
f{xv "'J-rr!:] = H f{xi:] H H Cfj i [ L1 {F {-r_i' |x14 s xj’—l}JF{xjH |x14 "'J-r_i'—l}:l
k=1 j=1i=1 (4)



The advantage of canonical vine copula methodsislitlity to easily decompose any high dimensiontiariate joint

distributions in a sequence of bivariate copulas tapture the pair relationship between randorabkes. The estimation
process supposes that one variable plays the piadéa In our case we select each time a tradiigmdices (TR-ind) as the
pivotal variable which is modelled with a group teddge fund indices (HF-ind). In the first step wedel the bivariate
copulas of TR-ind with all other variables (HF-ind)the system. Then we condition on TR-ind, wesider all bivariate
conditional copulas of the first HF-ind with allher variables in the system etc. The dependencetste of a three

dimensional canonical vine copula is graphicallyresented in figure 1.
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Figure 1. This figure presents the dependence structureaafnanical vine copula with four variables. In thmstfstate, the dependence
structure between variable 1 and all the otheraldes is modelled with bivariate copulas. In theosel state, the dependence structure of
variable 2 with variables 3 and 4, conditionallyvariable 1. In the last state, we model the depeoel structure between variables 3 and 4,
conditionally on variables 1 to 2. A system withiaiables require the estimation of 6 bivariateutag.
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33 Regime Switching Copula

A plausible way for modelling the asymmetric depamzk structure between hedge funds and traditasssts is a regime-
switching model. Thus, we expand the canonical eimgula model into a multivariate regime-switchzgpula model that
supports the examination of dependence structuderutwo states, one high dependence regime andv alépendence
regime. Our methodological approach is in line vtite work of Cholleteet al. (2008) that apply a similar approach to

% The joint probability function under the canonistiucture in a three-dimensional case can beenris: f(x;, Xz, Xa) = Cia(Fi(X1), Fo(X2)) -
Cua(Fi(X1), Fs(Xa)) - Gap(Foa(X2|Xa), Fan(Xslxe)) fu(Xxa) - f2(X2) - fa(Xs), where g and gz indicates the relationship between variablgmna ;
and x and x, respectively, as they are captured by the selemipula and &), represents the relationship between the variablesid %
conditioning on variablex With features;ff, and § we indicate the density functions for the variabig x, and %, respectively.



capture the asymmetric dependence in internatieqaity market The seminal work of Hamilton (1989) that introddc
the Markov-switching models in time series analgsisld be useful not only to distinguish structbreaks in returns and
variance of financial time series but also in tlepehdence structure between the variables. In odehthe regimes only

affect the dependence structure. Thus, the joinsitieof the data being in the reginean be described as follows:
. i i n
PO Y s = 1) = ¢V (R(Yap s B (U L0 T i (Y141 6)
i-1

WhereY; = (Y11, --.. Yny) iS the vector of observationg,ndicates the unobserved state variabl¥is the copula in regimp
with parametep? and the figurd; indicates the density function gf The fact that marginal distributions are sepdyate
estimated from the dependence structure makesh@dbie introduction of regimes only in the deperwde structure,
simplifying significant the estimation process. Aoding to the first-order Markov chain process, pnebability of being in
a particular state in timeonly dependent on the state prevailisig For the two regimes = 1 ands, = 2 the probabilitieg;
are defined as:

P — |: pll p12j|
P21 P2
wherepy; + pro = pa1 + P2 = 1. The parametgy;, express the probability of remaining in the “higépendence” regime,
while the p,, indicates the probability to maintaining in th@w dependence” regime. Also, the paramefgssand p,;
calculates the transition probability of moving rfroone regime to another. Specifically, the parampte express the

probability than a “low dependence” regime will fmlowed by a “high dependence” regime, while thergmeterpy

measures the probability that “low dependence”megivill transit to a “high dependence” regime.

The explicit separation of individual series aneéithdependence structure supposes the specificafiche marginal
distributions from which the suitable distributishould be determined. Past empirical research atelic different
distributional assumptions for the marginal digitibn of the multivariate model. However, potentiagrginal distribution
misspecification has forced researchers to empbomyparametric approaches for the margins, condargréheir interest to
the modelling of the joint distribution (CholletachiHeinen, 2006; Ane and Kharoubi, 2003). The nilgjaf past studies
consider marginal distributions as ‘nuisance patarskand apply the empirical distribution functiorstead (Berg and
Bakken, 2007; Kim et al2007). On the other hand, parametric approachesmasthat the asset return generating process
can be adequately described by parameters of kmlistributions. More recently, the full parametetiaa of copula and
marginal distribution functions has been appliedpported by goodness-of-fit tests (Joe, 1997, 20@&ton, 2004;
Palmitesta and Provasi, 2005; Berg and Aas, 2007).

33 Marginal Distributions

We assume that the marginal distributions of battige funds and traditional capital markets followARMA(k,n) process
with a GARCH(q,p) volatility structure. Past empirical research sarfgo GARCH models to conveniently model marginal
distributions (Embrechts and Dias, 2005; PattorQ620Chollette, et al., 2008; Garcia and Tsafak, &0@ter alia).

4 The empirical literature on Markov switching maslil copula methodology remains limited with theeptions of Rodriguez (2007) in a
univariate setting; and Garcia and Tsafak (2008)@inolleteet al. (2008) in a multivariate extension.



Furthermore, few recent studies employ regime $witt models as alternative parametric forms to rhadarginal

distributions (Rodriguez, 2007; Okimoto, 2008). Timevariare returm;, for asset is given by:

r
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wherew, a, f and ¢ are constant parameters. TAR(KK) component in the mean equation can capture theepce of
autocorrelation in the marginal series that maysedofrequent, non-synchronous and other markegifeptions. For hedge
funds in particular, monthly returns exhibit sigcéint autocorrelation effects that are attributedliquid security holdings
and the reported smoothed returns (Asness et@1;2Getmansky et al., 2004). The error term inditional variance is
assumed to follow &ARCH process that permits removing of volatility clustg. The innovationsz, are assumed to
follow a skewed Student'sdistribution (e.g. Hansen, 1994; Poon and GrarZfi§3).

Since the goodness-of-fit of a copula functiontisrggly dependent on the fit of the marginal disition, we pay particular
attention to test for the ability of the differéBARCH-type specifications to fit our empirical samplee\&pply goodness-
of-fit tests on the probability integral transforisthe variables, in line with past empirical segl( Patton, 2006a, 2006b).
We apply, more specifically, the Kolmogorov-Smirn@¢S), the Kupier (KU) and the chi-squared)(tests to test for the
hypothesis that the transformed series are unifodigtributed on [0,1]. In our case, the null hypegis assumes that the
transformed sample is drawn from a uniform distidou (the assumption of uniform distributed margissthe most
important claim of copula framework). Furthermones employ the Ljung-Box statistic and the Lagrangetiplier (LM)

test to evaluate whether the marginal uniform tistionsu, = F(X) is serially correlated.

4, Empirical Application and Findings
4.1 Data

We employ hedge fund (index) data to proxy hedgel fieturns produced by different hedge fund stiasedhe dataset has
been compiled from the Hedge Fund Research (HFR)ctiraéntly monitors about 7,500 funds and fundwfds (FoF).
HFR provides index series data on different hedgd ftrategies and constructs an equally-weightgdegate hedge fund
index, based on 2,000 funds of its database umve#§R hedge funds are grouped according to the# mwestment
strategies and complementary sub-strategies, imgudi) equity hedge; event-driven; macro and treéavalue arbitrage;
emerging markets; (core strategies); and, (ii) shias; fixed income-convertible arbitrage stratedfgtressed/restructuring

strategy; merger arbitrage; and, equity marketnaé(gub-strategies).

The range of investment strategies in the selebtathe fund sample supports testing whether hedugsfundertake a
market ‘directional’ or ‘non-directional’ exposuréhe ‘directional’ (or ‘market timing’) hedge furgtrategies exhibit high
market correlations and bet on returns producedchbjpr upward or downward market movements. The -tioactional’

(or ‘market neutral’) hedge fund strategies, on dkieer hand, attempt to systematically mediate eigkosure to financial
market movements and gain higher returns by exptparbitrage opportunities and market inefficiesciThe selection of

both directional and non-directional hedge fundtsygies permits to empirically measure the depereletiucture between



hedge fund strategies and traditional asset claBss®d on monthly data, the study period exparaia ffanuary 1990 to
September 2008, a total of 225 observations.

In order to relatively compare and contrast hedmel fperformance against traditional capital markats select a range of
widely employed (benchmark) capital market indiassproxies for important investment asset clasBesse benchmark
markets under consideration include: stock markatee S&P500 index for domestic equity portfoli@sibclude largest
public firms in the equity market; the MSCI (Morg&tanley) world equity index to represent a globdilersified stock
portfolio (including 23 developed countries); atite Russell2000 index as a proxy for smallest fitha are of primary
investment importance for non-directional hedgedfstrategies; bond markets - the Barclays Globalrégmte inde% to
summarize different bond market returns of the nimgtid international bond markets; the Citigrougt®aon World
Government Bond index; the Merrill Lynch US highIgiéendex, that tracks the performance of the higildyUS bond
market; and, the 3-month Libor as the risk-free;rabmmodity markets - we also consider the wedj®PGS commodity
indeX as indicator for important commodity market resiemd we include Brent crude oil and Gold pricerretuTable 1

summarizes the traditional market indices incorfeatan this study to compare and contrast agastshéished hedge fund

strategies.
Tablel
Indicesfor Traditional Asset Classes
TRADITIONAL ASSETS Abbreviation
Stock Mar ket
S&P500 TR-SP
MSCI World Index TR-MS
Russell 2000 TR-RU
Bond Market
Barclays Global Aggregate TR-BG
CitiGroup Bond Index TR-CB
Merrill Lynch US High Yield TR-ML
Interest Rate Market
3-months LIBOR TR-LI
Commodities Mar ket
S&P GS Commodity Index TR-CI
Brent Crude Oil Index TR-OI
Gold TR-GC
4.2 Hedge Fund Performance vs. Traditional Asset Classes

An initial overview of the historic performance thie markets under study is presented in Tablesntmarizes descriptive
statistics for hedge fund (index) returns and tiadal asset classes. These figures reveal an tangtorariation in the values
of statistics across different strategies. The loawerage return per month is recorded for shad £0.34%) combined with
highest standard deviation (5.6%). The emergingketafunds appear to generate highest returns owatldfedge fund
strategies (mean returns at 1.21 per month). M@eave do not observe any significant deviationshef directional vs.
non-directional fund performance (average retur®0% and 0.89% per month, respectively). On the raont the
underlying risk, as measured by the standard dewiais a multiple in the case of directional stgies (standard deviation
at 4% and 1.5% for the directional and non-direaidunds, respectively). Interestingly, all hedged strategies (except

® The Barclays Global Aggregate index is the forireliman Brothers Global Bond index, renamed as ofRiber 1, 2008.
% The S&P GS commodity index is now the former GadnSachs commodity index.



from short bias) attain higher, on average, reteompared to conventional asset classes. The mwatrding performance
is recorded by crude oil that has exhibited a smedar price increase over the last three yearsifmeturn at 0.70% per
month; standard deviation at 9.17%); and, the U$arate bonds (Merrill Lynch US High Yield indexnéan return at
0.70% per month; standard deviation at 2.13%).

Moreover, the estimated skewness for the samplgenddnds ranges from -4.1100 (convertible arbityage 0.4059
(macro). The reported hedge funds with positiversiess are only macro, short bias and equity hatigeremaining funds
demonstrate negative asymmetry. Furthermore, tiodia coefficient is higher than 3 in all of thangple hedge fund
strategies (indicating deviation from normalityurfrisingly, the most negatively skew is found fie tarbitrage strategies
(see convertible arbitrage, merger arbitrage atative value arbitragenter alia) which are wrongly considered as low
risky strategies defensive against major negatierms. On the contrarily, in the merger arbitragrategy, hedge fund
gains come at the maximum profit from the premivemerated by the difference between the offerecepaind the last
quoted market price of the target firm in an mergeent and the corresponding risk is that the desl be cancelled off
causing major losses to the arbitragers. Thus, dhddigd distributions are characterized by fat taitsl extreme return
values. In general, both high kurtosis and negasyammetry in asset return distributions are tweeegk characteristics for
risk-averse investors. However, it is widely argtiledt hedge fund investors can potentially attairatiractive risk-return
trade-off at the cost of higher kurtosis and negatkewness. Our results are similar to previoupireal findings that

confirm the presence of extreme values in hedgesBrooks and Kat, 2001).

We reach at similar conclusions for the equity metistributions that are leptokurtic and negatiggmmetric. On the other
hand, commaodity indices present promising charesties with lower kurtosis and positive asymmetfarthermore, the
Jarque-Bera test indicates rejection of the norgnalisumption. Hence, hedge fund investors shoutdider alternative
performance measures beyond standard mean andhcarémalysis to evaluate the hedge fund risk-reprafile. The
Ljung-Box Q-statistics for the presence of autocorrelationcaigs serial correlation in eight out of ten hefiged classes.
A plausible explanation of high autocorrelatiorhiedge funds against traditional funds (e.g. mufwadis) is the extensive
investment positions of the former on illiquid asser over-the-counter markets that cannot be adtedufor on a regular
basis (Brooks and Kat, 2001; Getmansky et al. 20Dd)is, reported hedge fund performance reflecteally smoothed
returns that suffer from both autocorrelation ani$@ in the data.

Table2
Descriptive Statistics
Annual. Annual. . Jarque- .
Mean Std. Dev Mean Std. Dev. Skew Kurt Min Max Bera Ljung-Box
HEDGE FUNDS
Directional Strategies
; 0.0788 11.101 14.928
Macro 0.0116 0.0229 0.1390 0.0793 0.4059 3.7246 064D [0.003] [0.010]
. 4 0.1480 155.319 24.431
Emerging Markets 0.0121 0.0413 0.145 0.1431 -@830 6.7158 -0.2102 [0.000] [0.000]
. 0.2284 40.7366 8.5059
Short Bias 0.0034 0.0566 0.0411 0.196[L 0.1462 5.063 -0.2121 [0.000] [0.130]
Non-Directional Strategies
; . 0.0333 10496.404| 50.429
Convertible Arbitrage 0.0066 0.0139 0.0794 0.04843 4.1100 35.4353 -0.1229 [0.000] [0.000]
. " ] 0.0706 237.729 63.286
Distressed Securities 0.0106 0.017 0.12 0.0602 0.6436 7.8684 -0.0850 [0.000] [0.000]
. 0.1088 21.683 10.990
Equity Hedge 0.0118 0.0256 0.1421 0.0888 0.0019 2085| -0.0770 [0.000] [0.051]
Equity Market Neutral 0.0067 0.0092 0.080: 0.0320 0.1329 4.1892 -0.0307| 0.0359 13.920 12.987
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[0.000] [0.023]
. 0.0513 206.776 21.964
Event Driven 0.0103 0.0191 0.1236 0.066D -1.2340 99%6 -0.0890 [0.000] [0.000]
. 0.0312 937.230 12.489
Merger Arbitrage 0.0077 0.0124 0.0924 0.0429 -29254 11.9238 -0.0646 [0.000] [0.028]
. . 0.0572 885.672 29.904
Relative Value Arbitrage 0.0087 0.0111 0.104p 03038 -1.2358 12.4002 -0.0580 [0.000] [0.000]
Aggregate Hedge Fund Index
. . 0.0765 70.871 16.084
Weighted Composite Index 0.0101 0.0198 0.1213 68B0| -0.6227 5.4513 -0.087( [0.000] [0.006]
TRADITIONAL ASSETS
Stock Mar ket
] 0.1057 25.1247 2.6122
D - 4
S&P500 0.0053 0.0404 0.0636 0.1402 0.6279 4.05p0 0.1575 [0.000] [0.759]
L 0.0983 24.6235 2.7350
MSCI World Index 0.0033 0.0411 0.0392 0.1425 6767 3.8915 -0.1445 [0.000] [0.740]
4 0.1520 31.4482 13.4138
Russell 2000 0.0062 0.0528 0.0744 0.1829 -0.67174.2449 -0.2168 [0.000] [0.019]
Bond Market
4 0.0284 5.1436 10.9754
Barclays Global Aggregate -0.000( 0.0090 -0.0004 031 -0.3411 3.2887 -0.0267 [0.076] [0.051]
" 0.0577 0.8477 18.0351
CitiGroup Bond Index 0.0058 0.0187 0.069¢ 0.0646 1480 2.9467 -0.0438 [0.654] [0.002]
) . . 4 0.0711 99.0270 8.9190
Merrill Lynch US High Yield 0.0070 0.0213 0.0839 0038 -0.6717 5.9594 -0.0813 [0.000] 0.112]
Interest Rate Market
0.3659 1094.91 64.5758
- - - 4 -
3-months LIBOR 0.0032 0.0677 0.038 0.2344 1048 | 13.6848 0.4129 [0.000] [0.000]
Commodities Mar ket
. 0.1810 2.1809 7.9506
q -
S&P GS Commodity Index 0.0049 0.0571 0.0586 619 0.0584 3.4679 0.1817] [0.336] [0.158]
. L 4 0.3610 20.2167 13.9723
Brent Crude Oil Index 0.0070 0.0917 0.0845 0.3177 0.1017 4.4543 -0.3134 [0.000] [0.015]
0.1557 15.6410 5.4389
Gold 0.0032 0.0387 0.0379 0.1334 0.4098 3.9983 0101 [0.000] [0.364]

Notes: The table presents descriptive statistics foréterns of the sample hedge fund indices andtiieés that proxy the traditional asset classesis8ts include
mean, standard deviation, skewness, kurtosis, marirminimum, Jarque-Bera normality test and thengjBox Q-statistic on first 5 lags. Figures indrg p-values.

Table 3 summarizes additional statistical meastoedhe hedge fund sample under study: namely, (tis&-adjusted)
Sharpe ratio; tail risk (value-at-risk estimatesipdified Sharpe ratio and number of months withatigg fund returns.
Based on hedge fund Sharpe ratios, the non-diredtistnategies deliver in general a better risksretiiade-off against
directional strategies (non-directional strategigeg. Sharpe ratio at 0.6236 vs. directional stiategt 0.2947). The most
advantageous strategies for hedge fund investqreaapo be two non-directional strategies, equigrket neutral and
relative value arbitrage (Sharpe ratios at 0.7568 @8096, respectively). On the contrary, shoaststrategy performs
poorly compared to the other hedge fund strate@ésarpe ratio at 0.0656). In total, eight out afenhedge fund classes
exhibit a Sharpe ratio higher than that of the S8FPhdex. Across the conventional asset classesMrrill Lynch US
High Yield index, a proxy for the high yield corpoe bond market, performs better than any othekebauring the study
period (Sharpe ratios at 0.3416). Moreover, themodity asset class may not suffer from negativerasgtry and excess
kurtosis as mentioned previously (see Table 2)itsyterformance is moderated according to the agjkisted Sharpe ratio
which is the lowest among the conventional marK&karpe ratios at 0.0907, 0.0798 and 0.0892 foratgregate
commodity index, the crude oil index and gold, extjvely). Neverthelesss, the commodity funds ammmended as a
significant diversifier in portfolio composed bytlitional assets and hedge funds (Edward and Cam|&3@01).
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The higher realized hedge fund Sharpe ratios velat the stock market indicate a positive alphiae Estimated beta

coefficients of hedge fund returns on equity magatfolio (S&P500) ranges from -0.9805 (short bi@s0.5993 (emerging

markets). Despite Sharpe ratio’s and Jensen alp¥ides popularity as risk-adjusted-performance messithe deviation of

hedge funds from normality combined with their rimear exposure to capital markets raises doubtsitathe validity of

hedge fund empirical performance. Empirical evidermn heavy hedge fund losses, related, to majandial crises,

indicates that hedge funds may be facing signifideft-tail risk. The empirical hedge fund VaR esites (realized

maximum loss) range from 0.6% (relative value aslgi¢) to 8.8% (short bias) within a time horizonooe month and
probability 95%. The estimated S&P500 and aggrebatige fund index VaRs are 7.01% and 2.21%, respéctiThe
modified Sharpe ratio (MSRJs found to be substantially lower than converdloBharpe ratio for the hedge fund classes

under study. The presence of negative skewnesgagehfund returns moderates the earlier supeskireturn trade-off in

hedge fund performance. Now, equity market ne@xhibits the highest estimated MSR (0.3257) buttdhias remains the

poorest performing strategy (0.0420).

Table3
Additional Preliminary Results

Modified Percentage of
Sharpe ratio VaR | Sharpe ratio negative o Jii R
months
HEDGE FUNDS
Directional Strategies
Macro 0.5183 -0.0222 0.2649 31.11 0.0106* 0.2099* .130
Emerging Markets| 0.3001 -0.055p 0.1481 31.11 0.0090 0.5993* 0.342
Short Bias 0.0656 -0.088( 0.0420 50.66 0.0091* 8059 0.489
Non-Directional Strategies
Convertible Arbitrage| 0.4955 -0.0148 0.2197 19.55 .0062* 0.1212* 0.121
Distressed Securities 0.6282 -0.0177 0.2764 20.88 0.0098* 0.1896* 0.194
Equity Hedge 0.4732 -0.0283 0.2349 29.33 0.0097* 0.4277* 0.456
Equity Market Neutral 0.7568 -0.0102  0.3257 19.55 0.0067* 0.0412 0.027
Event Driven 0.5559 -0.0219 0.2349 22.66 0.0088* 0.3141* 0.446
Merger Arbitrage 0.6461 -0.0143 0.2512 17.77 0.0071* 0.1582* 0.268
Relative Value Arbitrage 0.8096 -0.006f4 0.3237 15.55 0.0083* 0.1146* 0.171
Aggregate Hedge Fund I ndex
Weighted Composite Inde: 0.5255 -0.0221 0.2372 27.11 0.0084 0.3481 0.506
TRADITIONAL ASSETS
Stock Mar ket
S&P500 0.1381 -0.0701 0.0740 37.77
MSCI World Index 0.0863 -0.0703 0.0472 40.89
Russell 2000 0.1229 -0.0837 0.0661 38.67
Bond Market
Barclays Global Aggregate 0.0282 -0.0156 0.0169 46.67
CitiGroup Bond Index 0.3264 -0.0249 0.1761 40.00
Merrill Lynch US High Yield 0.3416 -0.0309 0.1679 27.11
Interest Rate Market
3-months LIBOR -0.0434 -0.1114 -0.0282 49.78
Commodities Market
S&P GS Commodity Inde 0.0907 -0.0903 0.0552 45.78
Brent Crude Oil Index 0.0798 -0.1393 0.0498 44.00
Gold 0.0892 -0.0499 0.0585 51.56
Notes: In this table some additional statistics are pref@rthe hedge fund indices and traditional assedéces. Column 2 presents a risk
adjusted ratio, the monthly Sharpe ratio (SR). @8 presents the VaR at 95% confidence level@gthpirical distributions. Columns 4-6
present the Jensen’s alpha, beta coefficient ajréssion R-squared, respectively. For the calaraif the pricing model we consider the
S&p500 index as the market portfolio and the 3 rdrreasury bill proxies the risk free rate. T* d@wosignificance at 5% level.

" The modified Sharpe ratio (MSR) provides resuiiat tare more accurate as a risk-adjusted returrsureaompared to conventional
Sharpe ratio, since it takes into account the rammality characteristics of hedge fund returns.
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We now turn into the discussion of a range of ahifindings on the relationships across alterndtiedge fund strategies and
their correlation with conventional markets anddeeflinds (Table 4). The hedge fund strategies appédsave a relatively
higher correlation (negative or positive) with giggregate hedge fund index that ranges from -0.7&drt bias) to 0.9381
(equity hedge). Of core hedge fund strategies,tedngidge and event driven are strongly correlafe80(3), while relative
value arbitrage and macro strategies exhibit a dowelation (0.3985). High correlation coefficieritalicate common

systematic factors in different hedge fund strateghat drive these fund returns.

The correlation between hedge funds and the osat @lasses vary considerably from negative taipevalues allowing
the international investor that is willing to cohsi hedge funds in his universal portfolio to ergoypstantial diversification
benefits. The correlation coefficient between hefigel indices and equity indices ranges from -Q8Rort bias-Russell
2000) to 0.80 (Equity Hedge- Russell 2000). Alse, see limited variations in correlation betweendeetluinds and the
three equity indices. Short bias is the only sgatthat hedge funds have significant exposure aghtive relationship.
Interestingly, we found correlations very closez&o between sample hedge funds and the two ahtiee bond indices
(Barclays Global Aggregate index and CitiGroup Bondek). Likewise, low values of correlation are aleported for the
different fund strategies and commaodity indices idd exceed 0.19, 0.07 and -0.07 between Aggregmtenodity index-
Equity Hedge, Crude oil-Equity Hedge, Gold-Equityrikiet Neutral, respectively). Our results on thatiehship of hedge
funds and traditional asset classes may be inJiiie the dominant concept of low correlation bug thutcomes of the
Pearson correlation coefficients should be dedh wéutious. The main reason is the limitationhef ¢orrelation coefficient
to be considered as a stable dependence measurela@on is very sensitive to the presence of etgli non-stationarity

and volatility clustering in the variables.
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Table4

Unconditional correlation coefficients acr oss the Hedge Fund indices

(HF- | HF- | (HF- | (HF- | (HF- | (HF- | (HF- | HF- | (HF- | HF- | HF) | (R- | (TR- | (TR- | (TR- | (TR- | (TR- | (TR- | (TR- | (TR- | (TR-
MC) | EM) | SB) | CA DS) | EH) EN) | ED) | MA) | RV) SP) | MS) | RU) | BG) | CB) | ML) LI) Cl) ol) GC)
Macro (HF-MC) 1.00
Emerging Markets(HF-EM) 0.59 1.00
Short Bias(HF-SB) -0.37 | -0.56 | 1.00
Convertible Arbitrage(HF-CA) 0.34 | 043 | -0.26 | 1.00
Distressed Securities(HF-DS) 0.47 0.65 | -0.47 | 0.58 | 1.00
Equity Hedge(HF-EH) 059 | 068 | -0.74 | 0.52 | 0.63 | 1.00
Equity Market Neutral(HF-EN) 0.30 | 018 | -0.11 | 0.36 | 0.29 | 0.44 | 1.00
Event Driven(HF-ED) 055 | 0.71 | -0.61 | 0.60 | 0.81 | 0.80 | 0.32 | 1.00
Merger Arbitrage(HF-MA) 032 | 047 | -0.39 | 051 | 056 | 055 | 0.31 | 0.75 | 1.00
Relative Value Arbitrage(HF-RV) 039 | 053 | -0.36| 069 | 0.71 | 0.60 | 0.38 | 0.69 | 0.53 | 1.00
Weighted Composite Index(HF) 0.67 0.83 | -0.75| 057 | 0.75 | 093 | 0.39 | 0.88 | 0.63 | 0.67 | 1.00
S&P500(TR-SP) 036 | 058 | -0.70 | 0.35 | 044 | 0.67 | 0.17 | 066 | 051 | 041 | 0.71 | 1.00
MSCI World Index (TR-MS) 039 | 065 | -065| 037 | 044 | 066 | 018 | 0.64 | 049 | 043 | 0.70 | 0.87 | 1.00
Russell 2000(TR-RU) 043 | 061 | -082| 034 | 059 | 0.80 | 023 | 0.79 | 057 | 049 | 0.83 | 0.75 | 0.69 | 1.00
Barclays Global Aggregate(TR-BG)| 0.36 | 0.04 | -0.02 | 0.16 | 0.03 | 0.06 | 0.11 | 0.08 | 0.10 | 0.06 | 0.07 | 0.14 | 0.11 | 0.03 | 1.00
CitiGroup Bond Index(TR-CB) 0.13 | -0.03 | 0.02 | 0.02 | -0.08 | -0.00 | 0.09 | -0.05 | -0.01 | -0.06 | -0.02 | 0.01 | 0.15 | -0.06 | 0.57 | 1.00
Merrill Lynch US High Yield(TR-ML) | 0.34 | 049 | -0.43 | 0.49 | 062 | 050 | 0.13 | 0.67 | 049 | 053 | 0.60 | 0.55 | 0.51 | 0.57 | 0.21 | 0.03 | 1.00
3-months LIBOR(TR-LI) -0.18 | -0.09 | 0.05 | -0.32 | -0.11 | -0.10 | -0.12 | -0.11 | -0.03 | -0.15 | -0.12 | -0.08 | -0.05 | -0.04 | -0.32 | -0.21 | -0.17 | 1.00
S&P GS Commodity Index(TR-CIl) | 0.13 | 0.05 | -0.02 | 0.11 | 0.04 | 0.19 | 0.16 | 0.07 | 0.04 | 0.12 | 0.14 | -0.04 | 0.02 | 0.01 | -0.04 | 0.10 | -0.03 | 0.06 | 1.00
Brent Crude Oil Index (TR-OI) 0.00 | -0.01| 0.05 | 0.06 | -0.02 | 0.07 | 0.083 | -0.01 | -0.04 | 0.04 | 0.02 | -0.13 | -0.06 | -0.09 | -0.08 | 0.06 | -0.09 | 0.06 | 0.81 | 1.00
Gold(TR-GC) -0.02 | 0.03 [ 0.01 | 0.05 | -0.00 | -0.03 | -0.07 | -0.01 | -0.04 | -0.06 | -0.03 | -0.04 | 0.02 | -0.09 | 0.01 | 0.17 | -0.08 | -0.15 | 0.01 | 0.01 | 1.00

Notes: This table reports the Pearson coefficient forHieege fund strategies and traditional asset clabséisst column the Main Hedge Fund strategieswarderlined by bold.




Figures 2a and b depict a graphical representatidime-varying hedge fund and traditional marketrelations. For that,
we define a window of 48 monthly observations (18®@993) and estimate all pair-correlations. A daw of fixed size

then rolls over one month ahead to estimate cdivekaagain until the end-date (September 2008)edas time-varying

correlations of core hedge fund strategies withtgquarkets (S&P500), it becomes apparent thatgestrategies (equity
hedge; event driven; emerging markets) demonstrateong relationship with equity markets. Durimgis periods, spiky
correlations are seen at times. A similar markétepa of increased correlations is seen more récenting the profound
sub-prime mortgage crisis. Of pair-correlationswaetn hedge fund sub-strategies and equity markbtst bias - as

anticipated - exhibits a strongly negative corielat

The cumulative performance of hedge funds and yauérkets over January 1990 to September 2008nmsnsuized in
Figures 3a and b and Figures 4a and b. The perfm@naf equity markets was impressive until mid-2@eQ19%);
subsequently, an abrupt downward path was seeit éanly 2003). Over the same time-period, hedgelfuoutperformed
over traditional equity markets; the dominant hefigel strategy was equity hedge, followed by ewlivten. Hedge funds

are also seen to perform better than traditionakeata over international financial crises.

Figure 2a. The graph presents a four year-based rolling window of pair correlations between Main hedge fund strategies and the
equity market.
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Figure 2b. The graph presentsa four year-based rolling window of pair correlations between Sub-strategies of hedge funds and the
equity market.
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Figure 3a. Cumulativereturns of core hedgefund strategiesvs. S& P500 index: Jan 1994 to Sept 2008
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Figure 3b. Cumulative performance of core hedge fund strategies vs. S& P500 index: Major financial crises
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Collapse of Stock Market Bubble (Jul '00 - Mar '03) Subprime Mortgage Crisis (Nov 07 - Sep '08)
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Subprime Mortgage Crisis (Nov '07 - Sep '08)
Collapse of Stock Market Bubble (Jul '00 - Mar '03)
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4.2 Estimation of Copula and Marginal Models

In our empirical approach, we specify the margmabel. Accurate specification and estimation ofrtreginal distribution
is critical especially in the two-step estimatiomgess of copula methodology. The marginal distiims of both hedge
fund and traditional assets are assumed to folloARMA(k,n) process withGARCH(q,p) volatility, whereas innovations to
follow a skewed Student'sdistribution (Table 5 & 6). The estimated coeffitisw, o andp are statistically significant in
nearly all cases, supporting the existence of iityatlustering. The sum of andg is close to one (ranging from 0.82283 to
0.99979), indicating a high level of persistencevatatility for both hedge fund and equity marketurns. The skewed
Studentt distribution appears to fit the data well mosttle case of hedge funds indices, since the cosffisi; and
(control for distribution tail thickness and asymmeespectively) are found to be statisticallyrsfggant in many cases and
suggest leptokurtic left-skewed conditional disitibns. The estimates of the marginal models forabées of the
traditional markets are slightly different sincee thoefficientsy that controls the tail thickness of the distribotois
statistically insignificant in most cases. Thessules are in line with the summary statistics pnése above (Table 2) where

the distributions of traditional indices do not eappsignificant kurtosis, compared to hedge fumitces.

Prior to the specification of the multivariate atg functions, we transform the standardized redglinto uniform series.
Different goodness-of-fit test statistics are bepkayed to test for the null hypothesis that the gires are uniform (1,0) and
i.i.d. processes (Kolmogorov-Smirnov (K-S); Kupier (Kyj;tests); the LM-test and Ljung-Bd@-statistic to examine the
independence of the first four moments. The gooshoédit findings ensure that the individually tsfarmed series stem
from the uniform distribution, do not suffer frorar&l correlation and can be employed into thenestibn of the copula

functions.
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Table5

Estimation result for the Skewed t GARCH model for the marginal distributions of HF indices

[0} [ S n A ot+p
HEDGE FUNDS
Directional Strategies
Moo 0.00000 | 0.00000 009552 % | 12.69777 | 012967 0.99552
(0.000) (0.000) (0.000) (107.093) (0.006)
Emerging Markets 0.52389* | 0.05770* 0.00761% | 536103 | -0.26747* 0.96531
(0.116) (0.000) (0.001) (3.864) (0.006)
hort Bias 0.20246* | 0.12925% 0.86605* | 8.25721 0.11471* 0.9953
(0.092) (0.002) (0.001) (15.895) (0.007)
Non-Directional Strategies
Convertible Arbitrage 013992 | 0.17962 074955+ | 3.31873* | -0.15693 0.92917
(0.011) (0.010) (0.015) (0.653) (0.005)
) - 0.05077% | 0.03134% 0.93907* | 5.22639* | -0.19568" 0.97041
Distressed Securities (0.001) (0.000) (0.000) (2.128) (0.006)
Equity Hodge 0.33682F | 0.13891* 0.81354* | 14.42870 | -0.0883L% 0.95245
(0.060) (0.004) (0.006) (138.054) (0.009)
Equity Market Neutral 0.06371* | 0.15120* 0.78842% | 14.93667 0.00866 0.03962
(0.002) (0.005) (0.010) (315.571) (0.007)
ot Driven 0.22751% | 0.02390* 0.89736* | 572722 | -0.18625 0.92126
(0.041) (0.000) (0.004) (4.080) (0.006)
) 0.18929* | 0.06180* 0.76103* | 5.38583* | -0.46305 0.82283
Merger Arbitrage (0.013) (0.001) (0.016) (2.812) (0.007)
) : 0.05505* | 0.17265% 0.80026* | 4.56001* | -0.2073L% 0.97291
Relative Value Arbitrage (0.002) (0.006) (0.007) (1.434) (0.010)
Aggregate | ndex
. : 0.12638* | 0.10145% 0.87033* | 12.82886 | -0.26426 0.97178
Weighted Composite Index (0.008) (0.001) (0.002) (80.119) (0.008)

Notes: This table presents the results for the Sken@ARCH model for the specification of the margidatributions. The symbols of
the table correspond to the volatility equationapagtersw is the constant term whilg f measure the “reaction” and “persistence” of
volatility, respectively. The parametegsand /. control the shape of the conditional distributidine parametery, is the degree of
freedom and controls tail thickness, while the peater ., controls the asymmetry of the distribution. Fegiim (-) are standard errors.

Table6
Estimation result for the Skewed t GARCH model for the marginal distributions of traditional indices
[0} a S n A otp
TRADITIONAL ASSETS
Stock Mar ket
<2500 048332 | 0.15490 082976+ | 12.87637 | -0.37027* 0.08466
(0.106) (0.002) (0.002) (89.582) (0.009)
o1 World e 0.83921* | 0.09490 0.85440 | 42.41437 | -0.40889" 0.9493
(0.203) (0.001) (0.002) (16899.4) (0.011)
~ussell 2000 0.61718* | 0.07661% 0.00130 | 12.21822 | -0.33960* 0.97791
(0.255) (0.000) (0.001) (69.308) (0.007)
Bond Mar ket
076480 | 0.00001 0.0002 1487148 | -0.22403" 0.0021
Barclays Global Aggregate (0.000) (0.004) (0.011) (165.721) (0.010)
- 020880 | 0.00932% 0.02770 | 64.47083 |  0.05270* 0.93702
CitiGroup Bond Index (0.140) (0.000) (0.014) | (50872.79) (0.008)
) — 0.29028* | 0.30072% 0.60907* | 3.86308* | -0.30528" 0.99979
Merrill Lynch US High Yield (0.027) (0.011) (0.005) (0.751) (0.006)
Interest Rate Market
121683 | 020351 0.79628* | 2.97107* | -0.13173" 0.99979
8-months LIBOR (1.161) (0.005) (0.004) (0.156) (0.004)
Commodities M arket
) 147488 | 0.19383" 0.78086* | 2525811 | 0.02555% 0.97469
S&P GS Commodity Index (1.978) (0.009) (0.011) (1763.62) (0.008)
) 573064 | 0.11440% 0.81403* | 13.46157 | -0.02630" 0.92843
Brent Crude Oil Index (15.226) (0.004) (0.007) (130.867) (0.008)
cord 122808 | 0.11123* 0.81380 | 7.89796 0.20763 0.92503
(1.065) (0.004) (0.008) (16.140) (0.007)

Notes: This table presents the results for the Sken@ARCH model for the specification of the margidadtributions. The symbols of
the table correspond to the volatility equationapagtersw is the constant term whilg f measure the “reaction” and “persistence” of
volatility, respectively. The parametegsand /. control the shape of the conditional distributidine parametery, is the degree of
freedom and controls tail thickness, while the pwater.4, controls the asymmetry of the distribution. Fegim (-) are standard errors.
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Different specifications of copulas (with and withiaegime switching) model the dependence strucifitete markets under
study (hedge funds vs. traditional asset claste®)der to examine this dependence structure hdeve form six groups
of markets under study; each asset group includesige fund class (strategy/index) and three toadit markets (indices)
as proxies for traditional asset markets. We saleetMSCI world index for equity markets, the Barslagdex for bond
markets and the S&P GS for commodity markets. bhaaoup, the hedge fund class plays a pivotal irolbe estimation
process of the canonical vine copula, as our psimeancern is to measure the dependence structtineed® hedge funds

and conventional capital markets and not cross+ttgreces of capital markéts

Our approach is initially based on a straightfodvaanonical vine copula structure without regimdtahing to be
considered. Some popular copula functions in ewglititerature are employed in order to capturéediint expressions of
the dependence structure between hedge funds aitdl gaarkets; the Gaussian copula, the Claytorulzopnd rotated
Gumbel copula that is capable to capture joint ddpace in lower tail and the Gumbel copula thaharacterized by upper
tail dependence. The canonical vine copula modpeas to be a particularly flexible and realistppeach to model
asymmetric dependences. Moreover, with the canbwic& copula approach, we overcome constraintsnodelling

multivariate copula functions, since the multivegigint distributions are decomposed into bivariewnditional copulas.

Table 7 presents the dependence structure of amgehfund classes (Macro, Emerging Markets, Eddigge, Event
Driven and Relative Value) and benchmark capitalketar (equity, bond, commodity markets) without negg based on
four different copulas. Our empirical results suppghe use of the Gaussian copula for the seconddttdind stage of the
canonical vine that includes the conditional coputance the estimates of the other copulas aee ¢wtheir bounds. This
result is in line with previous empirical finding€hollete et al.; 2008). The table does not present the resultghfer
conditional copulas that account for the cross ddpece among capital markets (available upon réquese respectivée
statistics for the estimated coefficients indictitat the majority of estimates are statisticallgnficant. Our empirical
results offer significant implications for the ritaship of hedge funds and capital markets.

First, hedge funds are found to be more correlatigl equity market compared to the bond and comigauarkets. The
estimated correlation based on Gaussian copuladf kedge fund strategy and the MSCI equity indeges from 0.445
(Macro-MSCI) to 0.686 (Equity Hedge-MSCI). Exceptrirdhe estimated coefficient of each copula functiable 7), we

present the corresponding Kendall tau of each esitm in order to be compared our empirical findingith different

copulas. The Equity Hedge is the strategy that destnate the strongest dependence with equity madeirding to the
results of almost all copulas estimates (excephfiioe Gaussian copula which indicates the emengiaiket strategy) with
the Kendal tau coefficient to range from 0.49484fed Gumbel copula) to 0.4497 (Clayton copula). ddeer, we find that
the Macro strategy has the lowest correlation wihity market, although it is considered to beradional strategy. Our
empirical results are against previous findingg tpport higher exposure of directional strategiesequity market. The
correlation between hedge fund strategies and tter @apital markets (bond and commaodity) are figanitly lower, with

our different copulas estimations to converge thimplication that Macro is the strategy thamigst correlated with the
bond market (highest Kendall tau value equal 1.8@d lowest equal to 1.542), while Macro and Eqtigdge are the
strategies with stronger correlation with the cordityomarket compared to the other hedge fund giir@se(although the

8 For the specification of copulas, Aas at al. (087d Cholleteet al. (2008) proceed to order the variables in decrgasimrelations, in
order to choose the variables with the larger ¢aticnh as the pivotal variables in the system. Hertbey achieve to capture the
dependences that developed in the firsts stagéleotanonical vines leaving only limited dependentte be modelled in the part of
conditional copulas.
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values of estimating Kendall are low). Evaluating empirical estimates with different copulas, vee shat our findings
converge to the same implications about the deperdstructure in the markets under study. Usingesitienations of the
maximum log likelihood as a selection criterion, wen decide which copula function perform bettemmiadelling the
dependence structure of different formulated groofothe markets presented in table 7. Hence, thes§kan copula is
preferred in the cases of Macro and Emerging Markt&ategies. While, both Clayton copula and rot&@acdhbel copula
seem to provide more accurate dependence modéimgquity Hedge and Event Driven strategies; Claytopula is
preferred in Relative Value and the rotated Gumbplta in the Composite Hedge Fund index, respegtiv¥e underline
that Clayton copula and rotated Gumbel copula @natfound to be more appropriate for some hedge $trategies) are

asymmetric copulas and account for lower tail depece.

We report (table 8) the estimates of the regimedchivig copula for the core hedge fund strategiek aproxy for each
capital market. We have distinguished two reginedniestigate the dependence structure betweenehadgls and
conventional markets. In the regime switching frammek, we initially use the Gaussian copula functiorboth high and
low dependence states that is considered as a farkh{panel A). The estimated correlations undes¢htwo regimes
reveal a high dependence regime of high correlatiodeed and a low dependence regime with lowereladions. All
hedge fund strategies are found to be substantialiselated with equity with correlation coefficigthat exceeds the value
of 0.8. On the other hand, the correlations dedlinestantially in the low dependence regime. Ind#eee hedge fund
strategies (Emerging Markets, Equity Hedge and EReven) are negatively correlated with the MSCI Mdaequity index.
The values of probabilitieB,; that measures the probability of remaining in‘thigh dependence’ regime is low for Macro
and Relative Value strategies as well as the Compdsitige fund index, indicating that they are natstantly highly
correlated with conventional capital markets. Oa tontrary, the value of probabiliti€%, is meaningfully large (except
from Emerging Markets and Event Driven funds) imdiicg a high probability of remaining in the ‘loveglendence’ regime.
The fact that the hedge funds employ dynamic gir@aseand time-varying exposure to traditional merkean be a

justification of our empirical findings.

In order to check for the significance of asymneettependences in the relationship between hedgis fand traditional
capital markets, we extent our analysis in the extndf regime switching models by incorporating ragyetric copulas in
the canonical vine structure. We choose to constrgeGaussian copula in the high dependence regimdethe low
dependence regime is now modeled by asymmetriclaspBor each hedge fund strategy, we select thaladhat fits
better according to our previous analysis and tegtdble 7). The empirical results of the regiméching specification are
summarized in table 8 (panel B). Based on this fipation, we observe increases in the likelihootuea for 4 out of 6
joint distributions with a significant number ofsstically insignificant estimated parameters,jdating that the asymmetric
canonical vine model dominates only in some casédsrims of the likelihoods estimates. Further neteand additional
goodness of fit test are necessary for the selectidhe best copulas that adequately describel¢pendence structure of

the hedge fund classes.
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Table7

Estimation resultsfor canonical vine copulas

Macro Emerging Equity Hedge Event Driven Relative Value Compositeindex
Coeff T Coeff T Coeff T Coeff T Coeff T Coeff T
Gaussian Copula
. 0.4455 0.6878* 0.6860* 0.6474* 0.4865* 0.7274*
MSCI Equity Index (0.288) 0.2939 (0.028) 0.4828 (0.029) 0.4812 (0.031) 0.4483 (0.046) 0.3234 (0.025) 0.5186
0.2901* 0.0878 0.0141 0.0571 0.0581 0.0678
Barclays Bond Index (0.100) 0.1874 (0.066) 0.0560 (0.066) 0.0090 (0.066) 0.0364 (0.067) 0.0370 (0.066) 0.0432
. 0.1837* 0.0675 0.1748* 0.1044* 0.1199* 0.1319*
S&P GS Commodity Index (0.035) 0.1176 (0.037) 0.0430 (0.037) 0.1119 (0.037) 0.0666 (0.037) 0.0765 (0.037) 0.0842
Log-Likelihood -50.409 -75.102 -83.022 -65.363 -35.984 -90.937
AIC -100.764 -150.151 -165.991 -130.674 -71.915 -181.821
BIC -100.673 -150.060 -165.899 -130.582 -71.824 -181.730
Clayton Copula
. 0.5329* 1.3282* 1.6344* 1.4974* 0.8222* 1.7345*
MSCI Equity Index (0.106) 0.2104 (0.143) 0.3991 (0.163) 0.4497 (0.157) 0.4281 (0.120) 0.2913 (0.170) 0.4645
0.3646* 0.0915 0.0139 0.0519 0.1224 0.0805
Barclays Bond Index (0.096) 0.1542 (0.076) 0.0437 (0.065 0.0069 (0.071) 0.0253 (0.081) 0.0577 (0.077) 0.0387
. 0.2377* 0.0812 0.2318* 0.1396* 0.1721* 0.1765*
S&P GS Commodity Index (0.048) 0.1062 (0.043) 0.0390 (0.049) 0.1039 (0.047) 0.0652 (0.047) 0.0792 (0.050) 0.0811
Log-Likelihood -44.787 -67.046 -93.507 -78.643 -43.582 -92.993
AIC -89.521 -134.039 -186.960 -157.234 -87.111 -185.934
BIC -89.430 -133.947 -186.869 -157.142 -87.019 -185.842
Gumbel Copula
. 1.3956* 1.7473* 1.8203* 1.6905* 1.3943* 1.9454*
MSCI Equity Index (0.074) 0.2835 (0.093) 0.4277 (0.099) 0.4506 (0.089) 0.4085 (0.111) 0.2828 (0.111) 0.4860
1.1840* 1.0472* 1.0328* 1.0194* 1.0000 1.0378*
Barclays Bond Index (0.054) 0.1554 (0.042) 0.0451 (0.038) 0.0317 (0.043) 0.0190 (1.016) 0 (0.041) 0.0364
. 1.0885* 1.0450* 1.0491* 1.0167* 1.0197* 1.0438*
S&P GS Commodity Index (0.029) 0.0813 (0.025) 0.0431 (0.0290) 0.0468 (0.027) 0.0164 (0.030) 0.0193 (0.027) 0.0420
Log-Likelihood -40.026 -62.304 -64.355 -50.299 -24.312 -76.551
AIC -79.999 -124.554 -128.657 -100.545 -48.570 -153.050
BIC -79.908 -124.462 -128.565 -100.454 -48.478 -152.958
Rotated Gumbel Copula
. 1.3726* 1.8344* 1.9796* 1.8650* 1.4642* 2.0890*
MSCI Equity Index (0.071) 0.2715 (0.097) 0.4549 (0.111) 0.4948 (0.100) 0.4638 (0.078) 0.3170 (0.114) 0.5213
1.2094* 1.0627* 1.0194* 1.0305* 1.0560* 1.0511*
Barclays Bond Index (0.058) 0.1731 (0.042) 0.0590 (0.032) 0.0190 (0.036) 0.0296 (0.039) 0.0530 (0.039) 0.0486
. 1.1175* 1.0379* 1.1111* 1.0690* 1.0831* 1.0879*
S&P GS Commodity Index (0.029) 0.1052 (0.024) 0.0365 (0.029) 0.1000 (0.024) 0.0646 (0.027) 0.0767 (0.028) 0.0808
Log-Likelihood -49.055 -73.554 -93.716 -78.618 -42.297 -98.577
AIC -98.056 -147.054 -187.380 -157.182 -84.542 -197.102
BIC -97.965 -146.963 -187.288 -157.091 -84.450 -197.010




Notes: This table presents the results of the canonice gbpulas model for the dependence structure bativedge fund strategies and the main conventiatal markets (equity market, bond market androodity market). As proxy
of the three markets the MSCI World index, the Bayre Bond index and the S&P500 GS commodity indexused. We presents only the results in theligstr of the canonical vine system that accountHerdependences between
hedge fund strategies and the three capital markigsres in (-) are standard errors. T* denoigsificance at 5% level andis the Kendall coefficient. For the correlation ffiméent p in the case of Gaussian copula the Kéndis
obtained by the relatior=2arcsinp)/z. For the Clayton copula coefficiefithe Kendalk is obtained by the relatios= 6/ (2+0). And, for the rotated Gumbel copulas the follogvirelation is used in the computation of Kenda#féioient:
=1 — 18. For each estimated model the log likelihood,Akaike information criterion (AIC) and the Bayesieafiormation criterion (BIC) are reported.

Table8
Estimation resultsfor the regime switching canonical vine copulas
Macro Emerging Equity Hedge Event Driven Relative Value Composite index
Coeff | T Coeff | T Coeff | T Coeff | T Coeff | T Coeff | T
PANEL A

High Dependence Regime

Gaussian Copula

0.8719* 0.7916 0.8605* 0.8501* 0.8674* 0.9325*

MSCI Equity Index (0.083) 0.6742 (1.134) 0.5815 (0.096) 0.6597 (0.203) 0.6469 (0.300) 0.6684 (0.180) 0.7648
0.7029* 0.0630 0.0519* 0.0560 0.5678* 0.6069*

Barclays Bond Index (0.132) 0.4962 (7.396) 0.0401 (0.075) 0.0331 (0.082) 0.0357 (0.000) 0.3844 (0.230) 0.4152
. 0.7783* 0.4391 0.1578* 0.1722* 0.6861* 0.6763*

S&P GS Commodity Index (0.098) 0.5678 (3.384) 0.2894 (0.077) 0.1009 (0.036) 0.1102 (0.000) 0.4814 (0.190) 0.4728

L ow Dependence Regime

Gaussian Copula

* * * * *
MSCI Equity Index %?ggg) 0.1758 '((7’"3}32‘)‘ -0.4252 -?(')?(;1;62) -0.2237 '?5103&7) -0.2877 %ﬁgi’) 0.2734 (()67.323) 0.5030
Barclays Bond Index %?gg;; 0.2349 '(g"ﬁ%? -0.2787 '?5’161473)* -0.3817 ?6?030302)* -0.4365 '(%'.(ii%()) -0.0561 _(%.(())?1];; -0.0585
* *
S&P GS Commodity Index ((’(')c_’gfg’) 0.0282 '(g'_;%i? -0.5857 85%27156; 0.0138 -?6?(?4731) -0.0555 %9153212; 0.0332 %903;% 0.0245
B 0.4896* 0.8460 0.9800* 0.8826* 0.6170* 0.5886*
1 (0.002) (1.087) (0.026) (0.046) (0.003) (0.042)
b 0.9207* 0.6218 0.9764* 0.6199* 0.8682* 0.9039*
22 (0.008) (0.462) (0.028) (0.069) (0.039) (0.020)
Log-Likelihood -73.992 -192.019 -110.727 -83.695 -68.503 -117.075
AIC -147.859 -383.912 -221.329 -167.266 -136.88 -234.026
BIC -147.646 -383.699 -221.116 -167.053 -13P.66 -233.813

23



PANEL B

High Dependence Regime

Gaussian Copula

) 0.5198 0.2644 0.6537 0.8969* 0.9073* 0.4440
MSCI Equity Index (0.326) 0.3480 (0.530) 0.1703 (6.066) 0.4536 (0.241) 0.7084 (0.340) 0.7237 (0.900) 0.2929
0.2384 0.5814* 0.6238 0.5704 0.7364* 0.0414
Barclays Bond Index (0.243) 0.1532 (0.120) 0.3950 (62.114) 0.4288 (0.704) 0.3864 (0.199) 0.5270 (0.107) 0.0264
) 0.1243 0.5557 0.5991 0.3110 0.7213* 0.6225
S&P GS Commodity Index (0.238) 0.0793 (0.890) 0.3751 (0.206) 0.4089 (1.003) 0.2013 (0.230) 0.5129 (0.870) 0.4278
L ow Dependence Regime
Asymmetric Copula
) 13.382* 2.2835* 1.3404 1.6024* 0.7035* 2.3293*
MSCI Equity Index (0.772) 0.9253 (0.194) 0.5621 (20.810) 0.2540 (0.304) 0.4448 (0.119) 0.2602 (0.093) 0.5707
32.2399* 1.0276* 1.2013 0.1512 0.0687 1.1553*
Barclays Bond Index (3.491) 0.9690 (0.441) 0.0269 (5.285) 0.1676 (0.076) 0.0703 (0.187) 0.0332 (0.032) 0.1344
) 4.7029 1.1619* 1.0386 0.1639* 0.0741 1.1320*
S&P GS Commodity Index (0.450)* 0.7874 (0.105) 0.1393 (58.181) 0.0372 (0.050) 0.0757 (0.035) 0.0357 (0.023) 0.1166
P 0.9481* 0.9176* 0.6192 0.6247* 0.5828* 0.5367
= (0.074) (0.067) (4.266) (0.021) (0.047) (0.434)
P 0.4221 0.9674* 0.8241 0.9420* 0.8888* 0.9099*
2 (0.991) (0.077) (1.862) (0.010) (0.018) (0.345)
Log-Likelihood -146.416 -120.586 -163.824 -9R7 -34.483 -164.0097
AlC -292.708 -241.047 -327.524 -68.842
BIC -292.4948 -240.834 -327.311 -68.629

Notes: This table presents the results of the canonice gbpulas model for the dependence structure bativedge fund strategies and the main conventoaétal markets (equity market, bond market androodity market). As proxy
of the three markets the MSCI World index, the Bayre Bond index and the S&P500 GS commodity indexused. We presents only the results in theligstr of the canonical vine system that accountferdependences between
hedge fund strategies and the three capital marketsthe strategies of Macro, Emerging MarketsjitygHedge and the Composite Hedge Fund index \eetsthe rotated Gumbel copula for the low dependergime. While, for the
strategies Event Driven and Relative Value, wecselee Clayton copula. Figures in () are stanearors. T* denotes significance at 5% level aigithe Kendall coefficient. For the correlation ffiméent p in the case of Gaussian copula
the Kendallr is obtained by the relatiom=2arcsinp)/z. For the Clayton copula coefficiefitthe Kendallr is obtained by the relatiom= 6/ (2+0). And, for the rotated Gumbel copulas the follogvielation is used in the computation of

Kendall coefficientz= 1 — 1. For each estimated model the log likelihood,Akaike information criterion (AIC) and the Bayesigfiormation criterion (BIC) are reported.
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5. Conclusions

The empirical relationship between hedge fundsteaditional asset classes is one of the most isti@iggissues in modern
asset management practice. In this framework, ghidy has investigated the dependence structumref hedge fund
classes / strategies and traditional capital mark@ur empirical interest has focused on the assm#sof potential
asymmetric dependence structures between thesearhemdal instruments. For that, we have employedopula
methodology, a dynamic approach that has only tgceeen incorporated in quantitative asset managemesearch. In
this paper, the joint distributions of hedge fuml a&conventional market returns were modelled bytirariate regime
switching copula models. Different possible speaifions of canonical vine copulas were tested anregimes that reflect
high and low dependence structures. Canonical vopilas represent a flexible way of expressing waidiate joint
distributions into bivariate conditional copulds. order to employ the copula-based models, thecgpiate specification of
the marginal distributions had to be considerest.fiFor that purpose, we have considerggARCH-type model with an
assumed skewed Studerdistribution of innovations. Based on our empiricgdults, theaGARCH-skewed Studerttmodel
appears to adequately capture the temporal depeiedenf the univariate series under study, suchuascorrelation and
time-varying volatility. The estimated results puoed by the multivariate regime switching copuladeie provide evidence
of asymmetric dependence between hedge fund deatagd equity markets. Furthermore, our empinieallts reveal a
high dependence regime with high estimated coioglatand a low dependence regime with lower eséchabrrelations.
Since empirical literature on these issues remtiims further research would be useful for investdund managers and

other market practitioners.
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