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Abstract
We reconcile opposing evidence found in previous literature about the tail neutrality of
market-neutral hedge funds (MNHFs) using US data from 2003 to 2013. We estimate
a regime-switching copula model to show the existence of a regime switching factor that
affects the distributions of both MNHF returns and the market index. The existence of
this factor results in non-linear dependence that can be confounded with tail dependence.
We also provide evidence of positive (negative) linear correlation between the market index
and MNHFs during bull (bear) periods that coincide with the US business cycle. We show
with simulated data from our model that sample tail-based tests do not reject the tail
dependence hypothesis, even if the tail dependence parameter is set to zero.
Keywords: Hedge funds, market neutrality, regime-switching models, copula, tail dependence.
JEL: G11, G23.
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Introduction
It is widely thought of that some hedge funds offer an advantage over other investment

vehicles in that they are immune from market fluctuations, which make them attractive to
individual and institutional investors, especially during uncertain times. Indeed, numerous
empirical studies have found low correlations between hedge fund returns and market returns
(see for example, Fung and Hsieh (1999) and Agarwal and Naik (2004)). This characteristic
has propelled growth in an industry whose size was estimated to have swollen from $100 billion
in 1997 to $2.63 trillion in 2013 in the United States alone.1
Knowing the dependence that exists between hedge funds and asset markets is particularly
important, as crashes in this industry might lead to potentially devastating effects in financial
markets, given the leveraged positions hedge fund managers take. On the one hand, policymakers have implicated hedge funds as having had a role in several crises, the best known
of which is the near-collapse of Long Term Capital Management (LTCM) in 1998, which was
precipitated by events following financial crises in East Asia and Russia.2 On the other hand,
the academic literature has found mixed evidence on the role of hedge funds in the Great
Recession.3 These conflicting findings, hence, underscore the need for a more thorough understanding of the relationship, and in particular, the dependence that exists between hedge funds
and asset prices.
Hedge funds are usually classified by their investment styles. One such investment style is
called market neutral hedge funds (MNHF), which refer to “funds that actively seek to avoid
major risk factors, but take bets on relative price movements utilising strategies such as longshort equity, stock index arbitrage, convertible bond arbitrage, and fixed income arbitrage”
(Fung and Hsieh (1999), p. 319). As Fung and Hsieh (2001) and Patton (2009) note, they
are not only one of the largest, but are also among the fastest-growing investment styles in
the industry. As such, empirical literature has investigated the “neutrality” of MNHFs to the
market index, of which there are numerous definitions. The most prominent one, which is the
focus of this paper, is the “neutrality” of these funds to market tail risk (Patton (2009)).4
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Source: “ETFs/ETPs Grew At A Faster Rate Than Hedge Funds In 2013”, nasdaq.com, February 18, 2014.
LTCM mainly took advantage of fixed income arbitrage deals with US, Japanese and European government
bonds. Due to the East Asian and Russian crises, however, the value of these bonds diverged, as investors sold
Japanese and European bonds and bought US Treasury bonds. This led to a substantial decrease in LTCM’s
equity from $4.72 billion at the beginning of 1998 to $400 million at the end of September 1998. (Lowenstein
(2000))
3
Ben-David et al. (2012) document that hedge funds in the US got rid of their equity holdings during the
2007-2009 financial crisis. Cao et al. (2013), meanwhile, provide evidence that hedge funds were able to anticipate
liquidity in the market and adjust their market exposure to hedge changes in aggregate market liquidity. Other
papers, meanwhile, posit that hedge funds, rather than commercial or investment banks, may have been the
most important transmitter of shocks in periods of financial crises. Adams et al. (2014) finds that spillovers
from hedge funds to other financial markets increased in periods of financial distress.
4
Patton (2009) examines four other neutrality concepts: “mean neutrality”, “variance neutrality”, “Valueat-Risk neutrality” and “complete neutrality”, all of which we do not explicitly address in this paper.
2
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While numerous studies have found that there is little to no correlation between MNHFs
and the market index, there is no consensus on whether this particular style of hedge funds is
exposed to tail risk or not. Brown and Spitzer (2006) propose a tail neutrality measure which
uses a simple binomial test for independence, and find that hedge funds exhibit tail dependence.
They also confirm the result via logit regressions similar to those employed by Boyson et al.
(2010). Patton (2009), meanwhile, proposes a test statistic using results from extreme value
theory and finds that there is no tail dependence between MNHFs and the market index. The
analyses performed in the previous papers, however, are essentially static. In contrast, Distaso
et al. (2010) use hedge fund index data to model dependence using a time-varying copula, and
find that there does not exist tail dependence between hedge fund and market index returns.
Finally, Kelly and Jiang (2012) utilise a time-varing tail risk measure and find that the average
exposure to tail risk of MNHFs is negative, which they take as evidence of the sensitivity of
hedge funds to tail risks.5 Most of these papers effectively assume, however, that the joint
distribution of hedge fund and asset market index returns is fairly static over time.
This paper, in turn, departs from the literature by allowing for regime switches, both in
the joint distribution of hedge fund and asset market indices, and their corresponding marginal
distributions (see Perez-Quiros and Timmermann (2001), Ang and Bekaert (2002) and Guidolin
and Timmermann (2008) for asset pricing applications)6 . An advantage that regime-switching
models offer over other models is the possibility of capturing business cycle events. While
tail dependence measures are frequently used as a metric of financial stability, they have no
clear economic interpretation on the importance of tail events. Hence, allowing for regimeswitching dependence provides a more intuitive way of linking asset price movements with
macroeceonomic events that are linked to the real economy. To operationalise this, we model
the joint distribution of MNHF returns and asset market returns, which we represent by the
market index return, through a regime-switching Student-t copula. Meanwhile, we model the
marginal distribution as an asymmetric Student-t distribution proposed by Galbraith and Zhu
(2010).
Our contribution to the literature is threefold. First, we find evidence that the shifts
in the marginal distributions of MNHFs and the market are consistent with a model where
both returns follow a common regime, creating a non-linear dependence that can neither be
captured by models with smooth dynamics in the dependence nor by a model as the one
proposed by da Silva Filho et al. (2012) where the copula parameters are regime-dependent,
5
Patton and Ramadorai (2013) use a dynamic framework to analyse risk exposures of hedge funds to different
asset classes. However, they do not explicitly study tail dependence.
6
Previous empirical studies that have employed Markov-switching copula models include Rodriguez (2007),
who analyses contagion between stock markets in Asia during the 1997 financial crisis, and da Silva Filho et al.
(2012), who study stock market dependence of the US, United Kingdom and Brazilian stock market indices. We
generalise these studies by allowing the parameters of the marginal distributions to depend on the regime.
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but the parameters of the marginal distributions are not.
Second, and most importantly, we find evidence of small, unconditional correlation between
the MNHF and the market indices that is consistent with previous literature; however, we
find that there exists an economically significant correlation conditioning on the regime. In
particular, we find a negative and significant correlation in the bear regime (coinciding with
NBER recession periods), which is consistent with the MNHF cutting positions in response to
the market declines as found in Ben-David et al. (2012) and Patton and Ramadorai (2013),
and a positive and significant correlation in the bull regime (coinciding with NBER expansion
periods). We also find that MNHF seem to be less exposed to market risk than other hedge
fund styles, consistent with Patton (2009).
Third, we reconcile previous evidence on tail dependence by showing that tests that reject
the null of no unconditional tail dependence using MNHF data (e.g., Brown and Spitzer (2006))
also reject the null hypothesis with simulated data from our model without tail dependence.
Intuitively, as these tests are based on sample tails, if the sample is not extremely large they
cannot differentiate between the non-linear dependence due to regime switches and tail dependence. Nevertheless, when the tests are based on extrapolation methods, such as copula
methods or extreme value theory, they do not reject the null hypothesis.
The rest of the paper is organised as follows. Section 2 reviews the definition of tail dependence. Section 3 discusses the data used in the estimations. The modelling approach used
in this paper, and the estimation results, are discussed in Section 4. Section 5 reconciles our
results with Brown and Spitzer (2006)’s findings of tail dependence between MNHFs and asset
markets. Section 6 concludes.

2

Tail dependence and copulas
Dependencies between (extreme) financial asset returns have gained increasing attention

from academics and market practitioners in recent times, particularly after the global financial
crisis of 2007-2009. In particular, a positive correlation between MNHF and market returns
does not seem to be desirable, as negative events might weaken the stability of the financial
system (given the size of the hedge fund industry). This imposes a cost to the government,
as it needs to institute policies not only to restore financial stability, but also to prevent these
events from occurring (Acharya et al. (2009)).
The concept of tail dependence has been used to measure extreme financial asset dependence, as it is closely related to contagion effects. More formally, given a bivariate random
vector (X, Y ) with marginal cumulative distribution functions (c.d.f.) FX and FY , we say that

3

X has lower tail dependence with respect to Y if and only if
λL ≡ lim P rob(X < FX−1 (u)|Y < FY−1 (u)) > 0,
u→0+

where λL is defined as the lower tail dependence coefficient.7 Clearly, tail neutrality (i.e., λL =
0) is heavily preferred by risk-averse investors over one of positive tail dependence (λL > 0),
as underscored by Patton (2009); as opposed to the latter case, tail neutrality implies that the
probability that both the market and the hedge fund will experience a negative return is zero.
One way of estimating tail dependence is through extrapolation methods, which are fully
parametric procedures that require the entire data history to recover the tail dependence measure. A prominent example of these methods are copulas, which have an advantage in that
they allow the characterisation of the dependence structure of the joint distribution of financial asset returns independently of their marginal distributions by construction. In particular,
given a bivariate random vector (X, Y ) with marginal c.d.f.’s (FX , FY ) and copula function
C(FX (x), FY (y)), the lower tail dependence is given by:
λL = lim

u→0+

C(u, u)
.
u

(1)

In this vein, we estimate the tail dependence between MNHFs and the asset market through
a regime-switching copula, which uses the whole data set in order to identify the parameters
of the copula function. Through the specific parametric form of the copula, we then take the
limit and obtain the tail dependence measure.
We also consider another broad class of estimation procedures used in the literature, which
we label as sample tail-based estimation. These techniques drop most of the sample and focus
only on the relationship between the left p-percentile values in the sample. An example of
this type of technique are the logit regressions considered in Section 5. Specifically, we test
how accurate the inference with sample tail-based techniques is when the true data generating
process has some non-linear dependence different from tail dependence, and in particular, a
Markov-switching common factor.

3

Data and summary statistics
The dataset we use for the study is collected from three sources. We obtain daily hedge

fund return data from the Hedge Fund Research (HFR) database from April 1, 2003 to November 8, 2013, with a focus on US based funds.8 We consider the following hedge fund types:
−1
The upper tail dependence coefficient is given by: λU ≡ limu→1− P rob(X > FX
(u)|Y > FY−1 (u)).
While the data might be susceptible to selection and “instant history” biases; that is, (i.) the sample of
hedge funds used to construct the indices might not correspond to the universe of hedge funds, and that (ii.)
the index returns might not accurately reflect the true performance of the hedge funds in the sample as hedge
funds might have “filled” the past history with returns that are presumed to be high. However, as noted in the
7

8
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market neutral, event-driven, equity hedge, and relative value arbitrage. Of the indices that we
consider, Patton (2009) considers event-driven and equity hedge types, while other studies (for
example, Brown and Spitzer (2006) and Kelly and Jiang (2012)) consider relative arbitrage.9
According to the HFR definitions, event-driven indices seek returns from corporate transactions that include, but are not restricted to mergers, restructurings, financial distress, and other
capital structure adjustments. They may or may not hedge themselves to the market. Equity
hedge indices, meanwhile, maintain positions in equity markets and equity derivative markets,
but their degree of exposure ranges from 50 percent to 100 percent. Finally, relative value
arbitrage indices undertake positions on by taking advantage of discrepancies in the relative
value between two or more securities. To represent the simple daily market index return, we
obtain NYSE Composite data from Datastream. We finally obtain data on recession dates
from the NBER, which corresponds to December 2007 to June 2009 for the data in our sample.
We use this data, however, for illustrative purposes.
Table 1 presents summary statistics of the hedge fund indices and the NYSE Composite.
We observe that for NBER expansion periods, hedge fund indices and the NYSE have positive
expected return, and have distributions that are less dispersed and are skewed to the left.
During NBER recession periods, meanwhile, we find that the mean return is negative, have more
dispersion, and thinner tails. We find, however, that hedge fund indices are negatively skewed
during both expansion and recession periods; the market index, meanwhile, is positively skewed
during recession periods, and negatively skewed during expansion periods. Unconditionally, we
find that MNHFs have negative but seemingly economically insignificant mean, compared to
other hedge fund returns, which have generally positive mean return. However, the return
distributions of MNHFs appear to be less volatile than other hedge fund strategies, and are
generally non-normal, which is consistent with what Patton (2009) finds for individual hedge
funds. The market index, meanwhile, have positive mean return, and a distribution that is less
dispersed.
Table 2, meanwhile presents dependence statistics between the hedge fund indices and
the market. We present three dependence statistics: the Pearson correlation coefficient, the
Kendall-τ coefficient, and the left tail dependence statistic implied by a Clayton copula. We
introduction to the Hedge Fund Indices document by HFR, they perform a cluster and representation analysis
to mitigate these biases. These biases, however, will only affect our conclusions if they are not independent from
the market. The other prominent bias discussed in the literature is the survivorship bias, which Fung and Hsieh
(2002) note as a natural bias which generally cannot be rectified. This bias results from the fact that the hedge
funds used to calculate these indices are the surviving ones, and does not include those who have either ceased
their operations, or those who have stopped reporting their performance. An implication of this is that the
results that we present might not be representative of hedge funds that were not included in the computation
of the index. While we are unable to test for survivorship bias (as we have index data), Liang (2000) notes that
HFR data have fairly small and insignificant survivorship bias.
9
Patton (2009) also considers equity non-hedge and fund of hedge funds strategies. Because we do not have
available data for these strategies, we only conduct our study with the strategies we consider here.
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find that during NBER recession periods, the market and MNHF indices exhibit negative
correlation. During NBER expansion periods, however, we find that the market and MNHF
indices exhibit positive correlation. The Pearson correlation coefficient and the Kendall-τ
differ, however, when we take into account unconditional dependence. The Pearson correlation
coefficient shows that there does not exist any dependence, while the Kendall-τ exhibits positive
dependence. These statistics indicate that there does not exist unconditional correlation but
some non-linear dependence between the MNHF and the Market that could explain a positive
Kendall-τ . These results are in opposition to other hedge fund indices, which exhibit the same
dependence regardless of the business cycle event, or even unconditionally. This fact motivates
the use of a regime-switching model that could capture non-linear dependence. Interestingly,
though, we do not observe any dependence from the left tail parameter of the Clayton copula.

4

Tail or state dependence?
The main objective of this paper is to analyse the dependence that exists between MNHFs

and the market index. This is particularly important because the type of dependence that
exists has different implications for risk management. On the one hand, the existence of tail
dependence implies that hedge funds are sensitive to extreme left tail events. The existence
of state dependence, on the other hand, implies that there is a persistent, common latent
factor that drives the dependence between hedge funds and the market index; therefore, the
occurrence of “extreme left” tail events become more predictable. In this section, we discuss
the model specification for the empirical analysis we pursue, and the subsequent results.

4.1

Model specification

To analyse the dependence between MNHFs and the market index, we build on Rodriguez
(2007), who extends the conditional copula model of Patton (2006) by introducing a hidden
Markov chain to capture unobserved regime-switching. More formally, let {(xF t , xM t )}Tt=1 ,
t = 1, . . . , T be the MNHF and market returns, respectively. To model the dependence between
these two variables, we represent the joint distribution through a regime-switching copula as
follows:
F (xF t , xM t |st , It−1 ) = Cθct (FF (xF t |st , It−1 ), FM (xM t |st , It−1 )|st , It−1 ) ,

(2)

where Cθct is the conditional copula with time-varying parameters θc,st , st is the state, It−1 is
the set of all possible information, and Fi (xit |st , It−1 ) (i = M, F ) are the marginal cumulative
distribution functions (c.d.f.) of xit .
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The specification for the marginal distributions is:
xit = µst + ρst (xit−1 − µst ) + σst εit ,
where εit ∼ fAST (ε; αst , ν1,st , ν2,st µst , σst ). We assume that εit follows an asymmetric Student’st distribution proposed by Galbraith and Zhu (2010), an extension of the two-piece method
by Hansen (1994) that allows for an additional skewness parameter10 . The density has the
following form:




α
α∗ K(ν1 )

h

1
x 2
ν1 ( 2α∗ )

1+
fAST (x; θ) =
h

 1−α K(ν ) 1 +
∗
2
1−α

i− ν1 +1
2

1
x
2
ν2 ( 2(1−α∗ ) )

,
i− ν2 +1
2

x≤0
,
,

(3)

x>0

where θ = (α, ν1 , ν2 )T , α ∈ (0, 1) is the skewness parameter, ν1 > 0, ν2 > 0, are the left and
√
right tail parameters respectively, K(ν) ≡ Γ((ν + 1)/2)/[ πνΓ(ν/2)], and α∗ is defined as:
α∗ = αK(ν1 )/[αK(ν1 ) + (1 − α)K(ν2 )].
Denoting by µ the location parameter and σ the scale parameter, the general form of this
density that we estimate is:

x−µ
1
σ fAST ( σ ; θ).

We model the copula as a Student’s-t, which has the following parameterisation:
Z τ −1 (u1 ) Z τ −1 (u2 )
δst
δst
1
q
Cθct (u1 , u2 |st , It−1 ) =
−∞
−∞
2π 1 − δS2 t
(4)

−1 +1

× 1+

r2 − 2δst rs + s2
2
ηs−1
t (1 − δst )

!− ηst

2

drds,

where the copula parameters δst and ηs−1
are the correlation (dependence) and degrees of freet
dom parameters respectively, which are allowed to change with the state. This parameterisation
provides the following two advantages. First, it allows the series to be negatively correlated.
Second, it allows for different degrees of tail dependence depending on the state. However,
it has some limitations since by construction upper and lower tail dependence are equal and
non-negative.11
The hidden regime is modeled as a first-order Markov chain with two different states that
correspond to a “bull” and a “bear” market:12
P (st = Bull |st−1 = Bull, st−2 , ..., s0 ) = p11 ∀t
We estimate the parameters of the model via maximum likelihood estimation as in Hamilton
(1989). Standard errors are obtained by inverting the Hessian matrix.
10
As opposed to other flexible specifications, the main motivation for working with this particular distribution
is its computational tractability.
11
As can be observed in Figure 3 where the empirical joint density is plotted, these assumptions do not seem
far fetched.
12
We also considered three states (which we can interpret, as in Billio et al. (2009), as “bull”, “bear” and
“tranquil”), and we obtain similar results.
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4.2

Results
Tables 3 and 4 present the estimation results for the marginal distributions. We focus

first on Table 3, which shows results for the marginal distribution of the hedge fund indices.
We find that during “bull” periods, the marginal distributions of hedge funds have a positive
location and scale shift. The skewness parameter is also positive. During “bear” periods, hedge
funds have negative location shift and positive scale shift parameters, and a positive skewness
parameter, though it is less than that of the “bull” period. Meanwhile, from Table 4 it can be
observed that the market index return exhibits positive location and scale shift, and skewness
parameters both during “bull” and “bear” periods.
Table 5 presents the moments implied by the regime-switching model, which were obtained
through simulations. We find that during “bull” periods, both MNHFs and market index
exhibit a positive mean return, while during “bear” periods, they exhibit negative return,
albeit small in magnitude. The marginal distributions are less dispersed in “bull” periods
than in “bear” periods. This is consistent with empirical evidence on the countercyclicality of
return volatilities found in previous studies (see for example, Brandt and Kang (2004)). More
interestingly, the marginal distributions during “bear” periods exhibit fatter tails than those in
“bull” periods, implying that tail returns were more likely to have occurred during the crisis.
Moreover, marginal distributions of MNHFs exhibit positive skewness during “bull” periods
and negative skewness in “bear” periods, implying that abnormal returns tend to be positive
in the “bull” periods and negative in “bear” periods. This is not the case for stock returns,
where the signs are opposite, which might be due to the non-linear investments that hedge
funds usually carry out.
Table 6 presents results from the estimated conditional copulas. Focusing on the dependence
parameter, we find that hedge funds and asset markets exhibit positive correlation during “bull”
periods, and negative correlation during “bear” periods. The tail dependence parameter is not
significantly different from zero, both during the “bull” and the “bear” periods.13 Additionally,
the model finds a high positive correlation in the “bull” periods and a low negative correlation
in the “bear” periods. The positive linear correlation is an interesting feature of the data that
is robust to different specifications, and it might be driven because of demand reasons (during
“bull” times investors prefer higher returns at the cost of bearing a positive correlation with
the market) and/or by supply reasons (during “bull” periods, it might be more costly or even
impossible to hedge some market risks). The result of negative correlation between MNHFs
13

Note that the parameter under the null hypothesis of zero tail dependence is on the boundary of the
parameter space (see Andrews (1999)). To further analyse statistical significance, we conduct a parametric
bootstrap. The results indicate that our estimates correspond to the 0.41 and 0.43 percentile of the bootstrapped
sample; therefore, we cannot reject the null hypothesis of no tail dependence. Moreover, the implied tail
dependence is economically insignificant.
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and the market index during “bear” periods is also consistent with recent empirical results
(e.g., Ben-David et al. (2012) and Patton and Ramadorai (2013)) which assert that hedge
funds have cut their exposures to the market during unfavorable periods. This might be due to
either one of two prominent hypotheses. The former, which is called in the theoretical literature
as “limits-to-arbitrage” (see e.g., Brunnermeier and Pedersen (2009)), asserts that arbitrageurs
(in our case, hedge fund managers) cannot benefit from mispricing in asset markets and, as
a consequence, cannot monetise the illiquidity premium because investors have cut off their
access to capital. The latter reason offered in the literature is that, to avoid losses from the
market, hedge funds move their capital away from equity markets to alternative investment
opportunities, which are possibly less liquid. However, as we do not have data on the portfolio
holdings of hedge funds, we are not able to test the motives of MNHFs to reduce their exposures
to the market.14
A potential concern might be that the results we obtain here are dependent on the market
index, as underscored by Fung and Hsieh (2001). To take this into account, we run estimations
where we represent the market index by the S&P 500 and the Nasdaq index returns. Table 7
presents the resulting estimates of the conditional copula parameters. As the results indicate,
we obtain negative linear correlation during the “bear” periods, while we obtain positive linear
correlation during the “bull” periods, which is similar to our baseline result. Compared to
the baseline result, however, the negative linear correlation is lower for the alternative indices,
both during “bear” and “bull” periods. Nevertheless, the results suggest that our findings are
robust to the index used to represent the market.
We then evaluate the economic significance of confounding tail dependence with two-state
dependence from a risk management perspective. To assess this, we compute the Exposure
CoVaR measure defined in Amengual et al. (2013), which is the α-VaR of the hedge fund index
conditional on the market being at its α-VaR level.15 Figure 1 presents the results for CoVaR
computed from the 90th to the 99th percentiles of the distribution of MNHF returns with
simulated data from the regime-switching model. We calculate the CoVaR under each regime,
and compare them with the unconditional CoVaR. The figure illustrates that the unconditional
CoVaR is always in the middle of the risk measures conditional on each regime. An implication
of this result is that if the hedge fund manager is able to identify which regime the economy
is in, he will be able to compute risk measures more accurately, and in particular, Exposure
CoVaR.
14

Ben-David et al. (2012), meanwhile, provide evidence that is consistent with the “limits-to-arbitrage” hypothesis. However, they consider nine classes of hedge fund styles, MNHFs being one of them.
15

j
i|X j ≥V aRα

More formally, CoV aRα
i

tribution: Pr[X ≥ CoV

is implicitly defined by the α-quantile of the conditional probability dis-

j
i|X j ≥V aRα
aRα
|X j

j
≥ V aRα
] = α, X being the loss.
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Figure 2 presents the smoothed probabilities of the regimes. We find that the smoothed
probabilities closely approximate the actual occurrence of the “bull” and “bear” periods during
the periods specified, including the European turmoil. Moreover, as in previous literature, we
find that our “bull” and “bear” periods coincide with NBER-dated recession periods. An
implication of this is that we can link the behavior of hedge funds as correlated with the
recession and expansion periods in the US economy. That is, hedge fund managers reduce
their exposures to the market during recession periods. Finally, Figure 3, presents the joint
distribution of the data and our fitted model by their deciles. We observe that the model is
able to capture most of the dependence structure; moreover, we find that fat tails resemble
tail dependence in the 10th and 90th deciles. Additionally, the negative correlation and the
flexibility of our distribution are able to capture some of the negative dependence in the 10th
and 90th deciles.16
The model in this paper is flexible enough to capture most of the features of returns (e.g.,
excess kurtosis, skewness, asymmetries); however, it comes at the cost of not having closed-form
expressions. While not relevant for the results presented in this section, this hampers testing
the null hypothesis of only one state. In particular, we cannot make use of the optimal test
presented in Carrasco et al. (2014). Therefore, we test if the parameters are different between
both NBER periods using a standard likelihood ratio test; we reject the null hypothesis at any
level of significance. Intuitively, if there exists one unique state, there is no reason why the
returns should be different in both periods. Therefore, testing the null of one state is equivalent
to testing that the MNHF returns and the market returns are different in NBER recessions and
expansions.17 We interpret the result of this test, combined with the difference in magnitude
of the coefficients between states and the consistency with previous literature, as evidence of
the presence of two states.
In sum, the results suggest that two-state dependence, in contrast with tail dependence, is
extremely important from a risk management perspective. As previous empirical papers show,
hedge fund managers seem to consider macroeconomic regimes when they evaluate the risks
faced by the fund.
16
We use negative dependence to refer to the fact that P rob(x < qx,10% |y < qy,90% ) > 0.1, where qz,p is defined
by P rob(z < q) = p.
17
We conduct the test under the assumption that the NBER recession periods conditional on the state are
independent of the market neutral hedge funds and the market. This might seem unreasonable at first glance;
however, we can observe that there are several market downturns which are not classified as NBER crisis. The
results suggest that NBER periods are classified according to the “real” economy. Of course, the fact that
MNHFs and the market might share a state that is related with the NBER provides the power of the test.
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4.3

Are MNHFs different from “non-neutral” hedge funds?
In this subsection, we consider how MNHFs and “non-neutral” hedge funds differ in various

dimensions. To do so, we analyse the dependence between each of these hedge funds and the
market index via the copula model we outlined earlier. We also obtain the moments implied
by the estimated copula model for these hedge fund styles, and compare them with what we
obtain for MNHFs.
Table 8 presents the results of the estimation of the conditional copula parameters of the
other hedge fund indices with respect to the market. Once again, focusing on the dependence
parameter, we find that for equity hedge and event-driven hedge funds, there exists significantly
positive linear correlation in both “bear” and “bull” periods, in contrast to MNHFs. In the
case of relative value arbitrage, the linear correlation in “bull” periods is negative and significant, while there does not seem to be any significant correlation during “bear” periods. Not
surprisingly, the linear correlation between these funds to the market index is almost always
greater in magnitude than that of MNHFs and the market, which is consistent with the results
of Patton (2009). In fact, the correlation in the “bear” (“bull”) regimes is -0.05 (0.22) for
MNHFs, while for the other funds, the correlation is 0.59 (0.69), 0.73 (0.79), and -0.07 (-0.16)
for event-driven, equity hedge, and relative value arbitrage styles, respectively.18 These results
suggest that no matter which macroeconomic regime is present, when the market suffers a low
return in its returns, event-driven and equity hedge fund styles suffer a low return as well.
As for relative value arbitrage hedge fund styles, the negative linear correlation during “bull”
periods might be suggestive of the type of strategy that these funds undertake.
Meanwhile, Table 9 presents the moments implied by regime-switching model for each of
the other hedge funds. Looking at the results, we find that unconditionally, other hedge funds
styles have expected returns that are positive, but exhibit higher volatility, as opposed to
MNHFs. Conditionally, we also find that these other hedge fund styles suffer lower returns in
“bear” periods over MNHFs, and have return distributions that are more volatile; in “bull”
periods, while these hedge fund styles exhibit a higher mean return, their return distributions
are more volatile than that of MNHFs. Moreover, the difference in the mean between “bear”
and “bull” periods is higher for the rest of the hedge fund styles than that of MNHFs. This
result suggests that while MNHFs are not completely hedged against economic cycles, they are
somewhat hedged to some extent.
18

Notice, however, that the regime-switching probabilities of the event-driven hedge fund style is lower than
90 percent, which might imply that a two-state model might not be the best model for this style.
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5

Reconciliation with previous literature
The insight gained from the previous section is that hedge funds and asset returns do not

exhibit significant tail dependence, which is in line with most of the previous literature. Instead,
we find that hedge funds and asset markets exhibit non-linear dependence that is dependent
on a common regime. In this section, meanwhile, we test if the methodology used in Brown
and Spitzer (2006) to reject the hypothesis of no tail dependence is accurate when the true
DGP corresponds to the regime-switching model we have earlier outlined. In their paper, they
use monthly individual hedge fund data and illustrate the dependence with the market using
rank-rank plots; similarly, we simulate a similar sample of 70 hedge funds with 37 months of
data from our model, and construct the rank-rank plot. Figure 4 compares the rank-rank plot
obtained from the model, with that obtained by Brown and Spitzer (2006). In these plots,
each bin has a color that ranges from black, which implies that the bin is (nearly) empty, to
white, which implies that this bin has most of the observations. As expected, the rank-rank
plots look similar, with the model being able to replicate the observation that the lower tails
contain most of the observations.
Brown and Spitzer (2006) also propose two tail neutrality tests based on the binomial test
and a logit regression. We discuss each test in turn. In the first test, Brown and Spitzer (2006)
divide the joint distribution of hedge fund and asset returns into four quadrants, and compute
the standard odds ratio; as the test implies, if the ratio is greater than one, the hedge fund
exhibits tail dependence. This test, however, assumes a centred and stable distribution over
the whole sample which it is not consistent with the empirical results presented in the previous
sections.
To test if the non-linear dependence implied by the regime-switching model is accepted by
the binomial test as evidence of tail dependence, we simulate 10,000 samples of a bivariate time
series with a length of 2,600 days (similar to our sample and Brown and Spitzer (2006) sample)
from our estimated model without tail dependence, where we change the tail dependence
parameter to zero. For each time series, we calculate the odds ratio, and compare the resulting
statistic with the p-value implied by independence, and a bivariate Normal distribution. We
also calculate results from a chi-squared test of independence, which Brown and Spitzer (2006)
note as a stronger test of tail dependence. We finally calculate the proportion of simulated
data that amounts to a rejection of the null hypothesis of tail dependence, and find that we
are able to reject the null hypothesis of no tail dependence for all of the simulations performed.
These results are robust to the sample size and the number of simulations.19
19

Note, however, that an implicit assumption of the tests proposed by Brown and Spitzer (2006) is that the
joint distribution of hedge fund and market returns are “steady”, while the returns we have simulated come
from a regime-switching model. In principle, if the model is stationary, then the tests conducted by Brown and
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The second test, which is based from Boyson et al. (2010), is a logit regression of a dummy
that takes value 1 if the hedge fund return is below its p percentile, on the market return and
the same dummy for the market index, that is,
Pr(xF < qF,p ) = Λ(µ + ρ1 xM + ρ0 1{xM < qM,p }),

(5)

where xF and xM are the hedge fund and market returns respectively, qZ,p is defined by:
Pr(xZ < qZ,p ) = p, Z = {M, F }; Λ(·) is the logit c.d.f and 1{·} is the indicator function. If
there exists tail dependence the coefficient of the market dummy should be positive. The main
issue in this test is the selection of the percentile p. In particular, Brown and Spitzer (2006)
use 15%. We do several regressions using different values of p from 20% to 0.1%. We perform
these regressions for each of the simulated time series, and calculate, for each tail cut-off, the
proportion of rejection of the null hypothesis of no tail dependence. Similarly, Boyson et al.
(2010) do not assume different regimes for the economy.
Figure 6 presents the results of the logit regressions. We find that when the tail cut-off
is large, almost all of the simulations have significant coefficients, which Brown and Spitzer
(2006) take as evidence of tail dependence. However, as the tail cut-off becomes smaller, we
find that the rate by which we can reject the null hypothesis of no tail dependence becomes
smaller. In fact, looking at the extreme tails, we find that the rejection rate whittles to 5% of
the simulations.20 This result suggests that indeed, there is no tail dependence between the
market index and hedge fund returns. Note, however, that the results we obtain may be due
to the model’s parameters, which we calibrate to the data.
We consider this empirical evidence as a reconciliation between two opposing results in the
literature. On one hand, studies using interpolation techniques like copula methods to compute
tail dependence measures find there was no evidence of such; on the other hand, studies using
the sample tails to make inference consistently reject the hypothesis of no tail dependence.
With simulated data from our model, we show that indeed, if the hedge fund and the market
follow a two-state Markov-switching model with no tail dependence, we are able to conclude
that there exists tail dependence between the hedge fund and the market.

6

Conclusions
A distinctive feature of hedge funds is its seemingly low correlation with the market. Pre-

vious empirical literature has investigated the “neutrality” of market-neutral hedge funds by
looking at the dependence between their return with those of the market index; in particular,
Spitzer (2006) should work on the unconditional distribution; however, they have insufficient data.
20
Repeating the same exercise with a logit regression where we correct for linear dependence yields similar
results.
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the literature has addressed the question of whether there exists tail dependence between hedge
funds and financial market returns. Though the empirical literature has agreed on the low correlation between hedge funds and asset markets, there has been no consensus on the question
of tail dependence. This paper revisits this question by employing a regime-switching copula,
which recognises the well-known fact that the risks faced by hedge funds are non-linear, and
hence, more complex than those faced by traditional asset classes (see for example, Agarwal
and Naik (2004) and Chan et al. (2005)). We depart from the previous empirical literature
that has used regime-switching copulas in other contexts, however, by not only allowing the
copula, but also the marginal distributions of hedge fund and market indices, respectively, to
depend on the regime.
Results from our estimation indicate that conditional on the state of the economy, MNHFs
and market returns exhibit either positive or negative dependence. Moreover, the results
suggest that there exists a (latent) regime-dependent factor that drives hedge fund returns.
This common latent factor can be interpreted as a non-linear, highly persistent risk factor
that is non-hedgeable, for example, liquidity risk. Moments and risk measures computed from
simulations implied by the model also suggest that the presence of macroeconomic regimes
yields a better assessment of the risks faced by hedge funds. Moreover, these results are
consistent with the empirical evidence on the role of hedge funds during the recent financial
crisis. We also find that, consistent with previous literature, MNHFs seem to be more “neutral”
to market risks than other hedge funds. Finally, the results that we obtain are robust to the
representation of the market index.
We then reconcile the results we obtain with previous literature by conducting the same tests
developed to detect tail dependence with simulated data from the regime-switching model we
have earlier proposed and find that, indeed, the model is able to generate the tail dependence
observed in previous studies. This result suggests that by not taking into account regimeswitching dependence, one might inaccurately conclude that hedge funds and asset markets
indeed exhibit positive left tail dependence.
Knowledge about the type of dependence that pervades between MNHFs and market returns
has important implications for risk management. For instance, the existence of two-state
dependence implies that extremely negative events become more predictable. One can also
interpret left tail evidence as suggestive evidence of moral hazard in the hedge fund industry;
for example, hedge fund managers might invest in very risky portfolios, knowing that they are
protected by limited liability.21 In contrast, the existence of two-state dependence might be
21
Gorton and Ordoñez (2012) state that hedge fund and other well-informed traders may have played a
more aggressive role in triggering the Great Recession in that they might have taken advantage of their private
information and engaged in “predatory trading”, that is, they hoarded high-quality collateral and traded lowquality collateral.
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driven by incomplete markets; that is, there exists a non-hedgeable risk (e.g. liquidity risk as
pointed out by Ben-David et al. (2012)) that impedes MNHF managers from creating a fully
neutral portfolio. While the first economic reason will imply the convenience of introducing
tighter regulation of the industry, the second might justify public liquidity support in periods
where liquidity is scarce.22
In a future version of this paper, we aim to investigate whether the evidence we find is
also present in individual hedge fund data. We also aim to link our results on tail dependence
with market-timing tests, as the dependence results we capture are suggestive of market-timing
strategies. Finally, we aim to investigate which systematic risk factors are important during
“bull” and “bear” periods. While previous literature has found that hedge funds are indeed
exposed to systematic risk factors (see Agarwal and Naik (2004) and Patton (2009) for examples), taking into account which factors are important in different regimes allows for a more
precise estimation of risk modelling. Through this way, we might be able to understand more
fully the mechanisms underlying the cyclicality of hedge fund returns.

22

For example, the New York Federal Reserve staged a bailout of LTCM by striking out a restructuring deal
with the creditors of the company, leading to a recapitalisation of the hedge fund (Haubrich (2007)).
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7

Tables and Figures
Figure 1: Exposure CoVaR

Note: This figure compares the Exposure CoVaR of the market neutral hedge fund index return (MNHF),
where the event considered is the market being at its VaR level. The dark line corresponds to the unconditional
CoVaR, while the dashed line and the dotted line correspond to the CoVaR conditional on the “bear” and “bull”
regimes, respectively.
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Figure 2: Smoothed Probabilities

Note: The solid line presents the 10-days moving average smoothed probability of being in the state labeled as
“bear”. The region inside the vertical lines correspond to the NBER recession period.

Figure 3: Joint distribution

Note: This figure compares one simulation from our model with the empirical joint p.d.f from the data. We
classify as “bull” (“bear”) periods those days whose probability of being in the “bull” state is higher (lower)
than 0.5.
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Figure 4: Rank-Rank plot

Note: This figure compares the rank-rank plot for the hedge fund and market joint distribution computed with
data from our simulated model with the rank-rank plot in Brown and Spitzer (2006). The rank-rank plot is
constructed by dividing each of the marginals in deciles and cross tabulate the two distribution deciles, thus a
white square in (0,0)-(0.1,0.1) means that hedge fund returns below the 10 % decile tend to coincide with market
returns below the 10% decile.

Figure 5: Binomial test Illustration

Note: This diagram presents the division of the joint distribution in order to compute the binomial test.
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Figure 6: Logit test results

Note: This figure presents the actual size of the test with the null hypothesis H0 : ρ0 = 0 in the following
model: P rob(xF < qF,p ) = Λ(µ + ρ1 xM + ρ0 1{xM < qM,p }) where xF and xM are the hedge fund and market
returns respectively, qZ,p is defined by: P rob(xZ < qZ,p ) = p Z = {M, F }, Λ(·) is the logit c.d.f and 1{·} is the
indicator function. In the vertical axis is presented the rejection rate and in the horizontal axis are presented
the different values of p.
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Table 1: Summary statistics of hedge funds and the NYSE
Unconditional

Mean
Std Dev
Skewness
Kurtosis

-0.002
0.261
-0.107
20.135

Mean
Std Dev
Skewness
Kurtosis

0.017
0.299
-1.123
15.023

Mean
Std Dev
Skewness
Kurtosis

0.006
0.412
-0.805
8.541

Mean
Std Dev
Skewness
Kurtosis

-0.007
0.278
-4.476
54.891

Mean
Std Dev
Skewness
Kurtosis

0.000
0.013
-0.177
13.868

NBER Recessions

NBER Expansions

Market Neutral
-0.012
0.372
-0.198
4.326
Event-Driven
-0.042
0.498
-0.871
10.509
Equity Hedge
-0.061
0.619
-0.643
6.937
Relative Value Arbitrage
-0.083
0.581
-2.414
14.156
NYSE
-0.001
0.026
0.082
6.128

0.000
0.238
-0.011
29.644
0.027
0.250
-0.756
7.382
0.017
0.366
-0.660
6.296
0.022
0.183
-0.005
5.351
0.001
0.010
-0.351
6.812

Note: The table describes summary statistics of hedge fund index returns and the NYSE Composite index return.
These are observed on a daily frequency from April 2003 to November 2013. We consider the following hedge
fund index returns: market neutral hedge funds, event-driven, equity hedge, and relative value arbitrage. NBER
periods refer to dates that are determined by the NBER to be recession and expansion events, respectively. The
summary statistics correspond to geometric returns in percentage terms.
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Table 2: Dependence statistics between the market and hedge fund indices

Pearson
Kendall
Left Tail Dep.
(Clayton Copula)

Pearson
Kendall
Left Tail Dep.
(Clayton Copula)

Pearson
Kendall
Left Tail Dep.
(Clayton Copula)

Pearson
Kendall
Left Tail Dep.
(Clayton Copula)

Unconditional
0.0147
(0.4481)
0.0501
(0.0001)
0.0000
(1.0000)
Unconditional
0.6484
(0.0000)
0.4887
(0.0000)
0.2653
(1.0000)
Unconditional
0.7616
(0.0000)
0.5842
(0.0000)
0.4614
(1.0000)
Unconditional
-0.0763
(0.0000)
-0.0970
(0.0000)
0.0000
(0.0000)

Market Neutral
NBER Recessions NBER Expansions
-0.2344
0.1811
(0.0000)
(0.0000)
-0.1558
0.1015
(0.0000)
(0.0000)
0.0079
0.0000
(0.9845)
(1.0000)
Event-Driven
NBER Recessions NBER Expansions
0.6290
0.6748
(0.0000)
(0.0000)
0.4082
0.5116
(0.0000)
(0.0000)
0.5892
0.5774
(1.0000)
(1.0000)
Equity Hedge
NBER Recessions NBER Expansions
0.7543
0.7698
(0.0000)
(0.0000)
0.5388
0.5973
(0.0000)
(0.0000)
0.7048
0.6792
(0.9845)
(1.0000)
Relative Value Arbitrage
NBER Recessions NBER Expansions
-0.0612
-0.1267
(0.2362)
(0.0000)
-0.0549
-0.1069
(0.0000)
(0.0000)
0.0000
0.0000
(0.0000)
(0.0000)

Note: The table describes dependence statistics between hedge fund index returns and the NYSE Composite
index return. These are observed on a daily frequency from April 2003 to November 2013. We consider the
following hedge fund index returns: market neutral hedge funds, event-driven, equity hedge, and relative value
arbitrage. NBER periods refer to dates that are determined by the NBER to be recession and expansion
events, respectively. We compute three dependence statistics: the Pearson correlation coefficient, the Kendall-τ
dependence statistic, and the left tail dependence parameter computed from a symmetrised Clayton-Joe copula.
p-values are in parentheses.
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Table 3: Estimates of the marginal distribution of market neutral hedge funds
Bear

Bull

α (skewness)

0.452

(0.037)

0.570

(0.026)

ν1 (left tail)

3.598

(0.835)

24.654

(21.167)

ν2 (right tail)

5.205

(1.357)

4.121

(0.790)

µ (location)

-0.067

(0.035)

0.041

(0.013)

ρ (autocorrelation)

0.063

(0.033)

0.004

(0.024)

σ (scale)

0.268

(0.012)

0.164

(0.005)

Note: The table presents the parameters of the marginal distribution of market neutral hedge fund index returns,
which is assumed to be an asymmetric student-t proposed by Galbraith and Zhu (2010). Standard errors are
in parentheses, and were computed using the numerical Hessian. Estimates are from NYSE Composite market
index data from April 2003 to November 2013.

Table 4: Estimates of the marginal distribution of the market index
Bear

Bull

α (skewness)

0.572

(0.035)

0.552

(0.026)

ν1 (left tail)

3.964

(0.933)

6.921

(2.062)

ν2 (right tail)

3.096

(0.689)

5.704

(1.459)

µ (location)

0.003

(0.002)

0.002

(0.001)

ρ (autocorrelation)

-0.092

(0.033)

-0.061

(0.022)

σ (scale)

0.015

(0.001)

0.006

(0.000)

Note: The table presents the parameters of the marginal distribution of market index returns, which is assumed
to be an asymmetric student-t proposed by Galbraith and Zhu (2010). Standard errors are in parentheses, and
were computed using the numerical Hessian. Estimates are from NYSE Composite market index data from
April 2003 to November 2013.
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Table 5: Moments implied by the model, market neutral hedge funds
Unconditional

Mean
Std
Skewness
Kurtosis

Mean
Std
Skewness
Kurtosis

Bear

Bull

(a.) Market Neutral Fund
-0.001
-0.023 0.009
0.261
0.368 0.194
-0.033
0.034 -0.036
0.831
0.733 0.364
(b.) NYSE
0.020
1.409
-0.047
1.841

Composite
-0.088 0.069
2.271 0.761
-0.056 -0.036
0.931 0.454

Note: The table presents the moments implied by the estimated model for market neutral hedge funds and the
market index, which is represented by the NYSE. Moments are obtained through simulation. We use quantilebased measures for skewness and kurtosis as in Kim and White (2004). The moments we consider are geometric
returns in percentage points.

Table 6: Estimates of the conditional copula parameters, market neutral hedge funds
Bear

Bull

pjj

0.990

(0.004)

0.996

(0.002)

δ

-0.048

(0.042)

0.218

(0.026)

η

0.133

(0.046)

0.067

(0.030)

Tail Dep.

0.014

(0.000)

0.006

(0.000)

Kendall τ

-0.031

(0.001)

0.140

(0.000)

Note: The table presents the parameters of the conditional copula of the market neutral hedge fund and market
index returns, which is assumed to be an student-t copula proposed by da Silva Filho et al. (2012). Standard
errors are in parentheses, and were computed using the numerical Hessian. Estimates are from HFR and NYSE
Composite market index data from April 2003 to November 2013.
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Table 7: Robustness of the results to the market index
Bear

Bull
S & P 500

pjj

0.990

(0.005)

0.997

(0.001)

δ

-0.091

(0.047)

0.179

(0.023)

η

0.123

(3.547) 0.067
Nasdaq

(5.896)

pjj

0.988

(0.005)

0.996

(0.003)

δ

-0.097

(0.045)

0.179

(0.011)

η

0.109

(4.281)

0.079

(4.295)

Note: The table presents the parameters of the conditional copula of market neutral hedge fund and market index
returns, which is assumed to be an student-t copula proposed by da Silva Filho et al. (2012). We represent the
market index via the S&P 500 and the Nasdaq indices. Standard errors are in parentheses, and were computed
using the numerical Hessian. Estimates are from HFR and NYSE Composite market index data from April 2003
to November 2013.

Table 8: Estimates of the conditional copula parameters, other hedge funds
Bear

Bull
Event-Driven

pjj

0.525

(0.106)

0.716

(0.000)

δ

0.594

(0.062)

0.683

(0.049)

η

0.164

(6.869)
0.103
Equity Hedge

(7.858)

pjj

0.980

(0.005)

0.985

(0.003)

δ

0.731

(0.014)

0.791

(0.011)

η

0.021 (43.217) 0.030 (32.634)
Relative Value Arbitrage

pjj

0.984

(0.006)

0.994

(0.002)

δ

-0.066

(0.045)

-0.165

(0.025)

η

0.217

(1.008)

0.020

(48.928)

Note: The table presents the parameters of the conditional copula of hedge fund and market index returns, which
is assumed to be an student-t copula proposed by da Silva Filho et al. (2012). We consider the following hedge
fund index returns: event-driven, equity hedge and relative value arbitrage. Standard errors are in parentheses,
and were computed using the numerical Hessian. Estimates are from HFR and NYSE Composite market index
data from April 2003 to November 2013.

27

Table 9: Moments implied by the model, other hedge funds

Mean
Std Dev
Skewness
Kurtosis

Mean
Std Dev
Skewness
Kurtosis

Mean
Std Dev
Skewness
Kurtosis

Unconditional Bear
Event-Driven
-0.007
-0.085
0.355
0.481
-0.088
-0.136
0.963
0.967
Equity
0.003
0.417
-0.048
0.942

Hedge
-0.055
0.548
-0.045
0.600

Bull
0.397
0.240
-0.058
0.331

0.047
0.277
-0.017
0.314

Relative Value Arbitrage
-0.007
-0.095 0.027
1.487
2.783 0.204
0.008
0.028 0.021
1.581
1.591 0.336

Note: The table presents the moments implied by the estimated model of the above hedge fund styles and the
market, which we represent with the NYSE Composite. We consider the following hedge fund index returns:
event-driven, equity hedge and relative value arbitrage. Moments are obtained through simulation. We use
quantile-based measures for skewness and kurtosis as in Kim and White (2004). The moments we consider are
geometric returns in percentage points.
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