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Abstract

With the rise of shadow banking, the threat posed by hedge funds to financial stability

has become a major concern for regulators. However, the short reporting history of hedge

funds in commercial databases poses several statistical challenges when measuring their

systemic risks over time. To tackle these issues, we propose first a definition of hedge

funds systemic risk based on the sensitivity of a banking index to hedge funds extreme

losses. We then detail an estimation strategy based on extreme value regression methods

to estimate this quantity, overcoming data scarcity. This approach allows us to estimate

the time-varying systemic risk contribution of hedge funds at the fund level, as well as

the marginal effects of its determinants. Empirically, we find that the fund’s size, the use

of leverage as well as market conditions associated with high uncertainty and low market

liquidity all indicate higher systemic risk levels. Moreover, we show that hedge funds

systemic risk significantly increased after 2008.
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1. Introduction

Since the Global Financial Crisis, regulatory authorities have taken an interest in the threats

hedge funds represent for the stability of financial markets. Indeed, due to increasingly strong

capital constraints imposed on banks, many risk-taking activities have been transferred to non-

banks entities such as hedge funds (Irani et al., 2021; Abad et al., 2022), which are lightly regu-

lated because of the sophistication of their investors (King and Maier, 2009). This phenomenon

is particularly prominent in credit lending activities, where loans granted by deregulated enti-

ties are funded by credit lines originating from banks, leading to an increase in counterparty

risk (Jiang, 2023). Major concerns with shadow banking include fire-sales spirals amplified by

illiquidity and highly leveraged positions of hedge funds (Boyson et al., 2010; Gennaioli et al.,

2013; Bussière et al., 2015), or loss spillovers to the banking and insurance sectors (Adams

et al., 2014). In particular, Getmansky et al. (2015) show that hedge funds create particular

trading strategies by changing their leverage, deleveraging prior to crisis periods (Ang et al.,

2011; Ben-David et al., 2011) and showing a learning process that affects leverage decisions

(Huang et al., 2023). A striking illustration of hedge funds loss spillover can be found in the

demise of Archegos Capital Management in March 2021, which caused huge losses to banks

such as Credit Suisse (FT, 2021). Hence, there is a strong motivation for regulatory authorities

to develop proper statistical tools to assess the systemic threat posed by hedge funds for the

banking sector, and to document factors influencing their dynamics (Bellavite Pellegrini et al.,

2022). The present paper contributes to these two objectives.

Throughout this paper, we follow the definition of Acharya et al. (2012) and define hedge fund

systemic risk as the risk of adverse consequences, for the financial system, stemming from the

failure of a hedge fund. A common approach for quantifying systemic risks consists in comput-

ing indicators such as the CoVaR (Adrian and Brunnermeier, 2016) or the marginal expected

shortfall (MES) (Acharya et al., 2012). These quantities, formally introduced in Section 2.3,

are used to measure the joint occurrence of extreme losses. However, if one is interested in

such measures for hedge funds, deriving accurate estimates is challenging, due to data scarcity

and the need to account for rare events: since hedge funds data are available on a monthly basis

at the fund level, and generally live for a short period of time (e.g. a few years), the majority

of the funds usually report for less than 100 months. Hence, it limits the range of statistical

tools one could exploit. Several solutions have been considered to overcome this difficulty,
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such as data aggregation in indices (Adams et al., 2014; Bernal et al., 2014) or grouping funds

per investment strategies (Adrian et al., 2013; Mhalla et al., 2022), but they suffer from a loss

of accuracy and are unable to capture fund-level heterogeneity. Moreover, time-series meth-

ods such as quantile regressions (Greppmair, 2020) or multivariate GARCH models (Hwang

et al., 2017) cannot be reliably applied due to the short length of the time series. Finally, notice

that some other specific risk measures for hedge funds have been proposed, such as the cross-

sectional dispersion of risk measures in times of uncertainty (Racicot and Théoret, 2016, 2018;

Gregoriou et al., 2021) or commonalities in their returns profiles Bussière et al. (2015), but they

are related to herding behaviors during particular market environment, not CoVaR or MES.

To address these shortcomings, we extend the systemic risk model of van Oordt and Zhou

(2019a,b) to a regression context. In this model, we capture the impact of a shock generated

by individual hedge funds on an index of representative banks. However, in contrast to van

Oordt and Zhou (2019a), we condition the measure to hedge funds and market information.

Therefore, we define a regression structure for the tail distribution of pooled hedge funds returns

and the tail of their joint distribution with banks returns. As such, we can estimate this model,

and by extension the systemic risk measures, relying on univariate and multivariate extreme

value regression (EVR) methods (Chavez-Demoulin et al., 2016; Hambuckers et al., 2018;

Mhalla et al., 2019, 2022). Moreover, because we incorporate conditioning information to

control for tail heterogeneity over time and across funds, we estimate the model by pooling all

the returns of the funds, escaping small-sample issues. Hence, thanks to EVR, we tackle data

scarcity issue and are able to draw conclusions using only the tail distribution of the financial

entities, an important quality for risk measures highlighted in Benoit et al. (2017).

As a corollary, the final estimates of our risk measures are time-varying and fund-specific,

allowing us to test if banks are affected by shocks stemming from particular hedge funds,

or during specific economic conditions. One key component of our measure is the systemic

linkage (SL) between banks and hedge funds. This component is mainly driven by the tail

dependence between the two entities, a measure extensively considered in the systemic risk

literature (Poon et al., 2004; Gravelle and Li, 2013; Balla et al., 2014; Mhalla et al., 2022). In

our framework, this dependence measure is also estimated conditional to a set of covariates,

and can be used to conduct time-varying and fund-specific analyses. This methodology is close

in spirit to the one presented by Mhalla et al. (2022), who focus on measuring tail dependence

between hedge funds. Differently, in the present paper, we focus on measuring systemic risks
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posed by these funds to the banking sector. Moreover, our approach allows us to measure tail

dependence at the fund level, and not only at the strategy level.

We use this approach to estimate systemic risk measures for 4,847 funds reporting over the

period May 1995 - December 2020. We thus span both the Global Financial Crisis and the

COVID crisis. To measure the sensitivity of banks to hedge funds, we build a bank index based

on a list of 22 large banks. As for the covariates considered in the regression analysis, we

use funds characteristics as well as market and macro-economic indicators such as the VIX,

liquidity measures and credit spreads.

We show that banks’ sensitivity to shocks stemming from hedge funds increases over time,

especially after the 2008 crisis. This increase is particularly important for Fixed Income funds.

In addition, we find evidence of a positive effect of the use of leverage and the size of the

fund on systemic risks, independently from the investment strategy. The impact of other fund’s

characteristics is more nuanced and varies across strategies. Coming to market conditions,

periods of high uncertainty, captured by the VIX and the market realized volatility (RV), are

characterized by an increase in systemic risk for all strategies. Decomposing the sources of

this increase, we find that the intrinsic tail risk of the institutions is the main driver of systemic

risk in high uncertainty periods. On the contrary, the tail dependence between hedge funds and

banks tends to drop for all strategies during highly volatile times. In addition, we find that tail

dependence is positively related to market illiquidity for three out of four strategies, suggesting

that liquidity spirals might play an important role. This increase in tail dependence over time

appears also to be a key driver in the overall increase in hedge funds systemic risk observed

over the past 15 years.

Finally, we also provide several insights on the drivers of hedge funds downside risks. Although

the average Value-at-Risk (VaR) of hedge funds, expressed as a percentage of the total asset,

shows a decreasing trend over time, the increase in hedge funds individual sizes implies an

overall increase of downside risk in nominal terms. As a result, the average dollar risk exposure

per fund has increased dramatically for all strategies, illustrating the growing threat this industry

represents for the financial sector (Abad et al., 2022).

The rest of the paper is structured as follows. In Section 2, we detail the models and the

estimation methods we use to measure the hedge funds systemic risk. In Section 3, we provide

a description of the data and the preliminary treatment we apply. In Section 4, we present the

empirical results, and develop our concluding remarks in Section 5.
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2. Methodology

In this section, we first outline the statistical model used to infer systemic risk measures. Then,

we detail our estimation strategy, before detailing the economic interpretation of the various

measures.

2.1. Systemic risk model

To conduct our analysis, we rely on the model of van Oordt and Zhou (2019a) (hereafter VZ),

originally developed to capture the effect of a shock from a broad equity index on banking

entities. In our framework, we investigate the sensitivity of a banking index to a shock experi-

enced by a particular hedge fund, and the extremal interconnection between them. Hence, we

measure the relationship between hedge funds extreme losses and the banking sector. Let Rit

and Rst denote respectively the returns at time t of the hedge fund i and of the bank index. We

assume that the following linear tail model holds

Rst = βsitRit + ϵsit, where Rit < −VaRit(p), (1)

where VaRit(p) denotes the VaR of hedge fund i at level p̄ and time t. We define VaRit(p) such

that

VaR(p) = − sup{x ∈ R : P(Rit ≤ x) ≤ p}.

βsit is the quantity of interest and is interpreted as the sensitivity of the banking index to hedge

fund i, conditional on this fund suffering from a shock, i.e. when its return is below its VaR

far in the tail. Provided that both returns distributions are heavy-tailed and (1) holds, VZ use

extreme value theory (EVT) arguments to show that βsit can be approximated by

βsit ≈ lim
p→0

τsit(p)
γit︸ ︷︷ ︸

systemic linkage

VaRst(p)

VaRit(p)
, (2)

where τsit(p) = P(Rst < −VaRst(p)|Rit < −VaRit(p)) and γit is the inverse of the tail index

of hedge fund i at time t. Expression (2) can be decomposed in two terms: τsit(p)γit is the sys-

temic linkage (SL), which captures the effect of extremal dependence between the two entities

and mainly depends on their tail dependence τsit(p). The remaining component relates to the

intrinsic tail risk of the two considered entities and, contrary to VZ model, does not convey

interpretable information in the present context. Although this model is close in spirit to the
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one presented by VZ, notice that here the conditioning event is dependent on the hedge fund i.

Consequently, the ratio between the two VaR cannot be interpreted across entities, in the same

way VZ do. For this analysis, our quantities of interest are therefore VaRit, the tail dependence

τsit(p), and βsit. The advantage of this approach is twofold: first, we can easily introduce a

regression structure to estimate the components that drive βsit (see Section 2.2); secondly, as

we show in Section 2.3, well-known systemic risk measures can be easily derived from βsit.

Although the linear relationship in (1) may be technically relaxed, it is a necessary requirement

provided by van Oordt and Zhou (2019a) for βsit to be estimated with equation (2). This lin-

earity assumption does not appear too restrictive, as it is supposed to be valid only when fund i

is shocked, which does not require any assumption on the dependence between the two entities

in normal conditions.

2.2. Model estimation

The key challenge in estimating βsit is related to the data scarcity of hedge funds. Indeed,

in commercial databases, hedge funds’ returns are available only at a monthly frequency, and

time series of funds are typically short, i.e. around 90 months on average. Thus, it considerably

reduces the set of methodological alternatives that may be used to derive reliable estimates of

VaRit(p) and τsit(p), since classical EVT and time series methods would suffer from strong

small-sample biases. Therefore, to estimate VaRit(p) in equation (2), we propose to use the

univariate EVR framework as introduced in Chavez-Demoulin et al. (2016). This approach

was previously applied to the analysis of hedge funds extreme risks in Mhalla et al. (2022).

Notice that similarly to Mhalla et al. (2022), we first filter out the conditional mean return µ̂it

and conduct our analysis on the negative residuals, defined as

R⋆
it = −(Rit − µ̂it). (3)

The conditional mean model used for this preliminary filtering is based on the high-frequency

asset pricing model of Patton and Ramadorai (2013), discussed in the Supplement.

The estimation method works as follows. Over some high threshold uit, we assume that

R⋆
it | (R⋆

it > uit) ∼ GPD(uit, γ(x
γ
it), σ(x

σ
it)), (4)

where GPD(·) is the cumulative distribution function (cdf) of the generalized Pareto distribution
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(GPD) with uit as the location parameter. γ(xγ
it) and σ(xσ

it) are the time- and fund-specific

shape and scale parameters, depending on vectors of covariates xσ
it and xγ

it, respectively, for

hedge fund i at time t. We impose σ(xσ
it) ≥ 0 and γ(xγ

it) ≥ 0 by assuming

log(σ(xσ
it)) = ασ

0 +

pσ∑
l=1

ασ
l x

σ
it(l), (5)

log(γ(xγ
it)) = αγ

0 +

pγ∑
l=1

αγ
l x

γ
it(l), (6)

where xγ
it(l) and xσ

it(l) denote the lth element of the covariate vectors xγ
it and xσ

it, while pγ and

pσ are the number of covariates respectively for the shape and scale parameters. The set of

parameters to estimate is defined by Θmarg = (αγ
0 , . . . , α

γ
pγ , α

σ
0 , . . . , α

σ
pσ). Under these assump-

tions, we estimate Θmarg through penalized maximum likelihood estimation as introduced by

Hambuckers et al. (2018) to automatically select relevant covariates. In this framework, the

penalized log-likelihood function is defined as

Lpen(Θ
marg) = L(Θmarg)− n⋆Pν(Θ

marg), (7)

with

L(Θmarg) =
T∑
t=1

∑
i∈I∗t

log(gpd(R⋆
it, uit, γ(x

γ
it), σ(x

σ
it))),

where I∗t is the set of hedge funds indices for which R⋆
it > uit, n⋆ =

∑T
t=1 n

⋆
t , n⋆

t is the

number of observations present above the threshold at time t and gpd(·) is the pdf of the GPD.

Pν(Θ
marg) is the penalty with parameters ν = (νσ, νγ). As penalty type, we use the adaptive

Lasso (Zou, 2006). Simultaneous selection of the covariates and model estimation are obtained

from maximizing (7). To select the penalty coefficients νσ and νγ , we conduct a sequential

search starting with νσ using the BIC while not penalizing the covariates entering the shape

parameter. In a second step, we select the value of νγ based on the same selection criterion

while keeping the covariates determining the scale fixed to the ones selected in the first step.

We then perform a final unpenalized estimation step using a standard maximum likelihood

estimator (MLE) with the selected set. We thus obtained the so-called post-selection adaptive

Lasso estimates.

Thanks to this regression structure, we may derive estimates for γ(xγ
it) and σ(xσ

it) (denoted γ̂it

and σ̂it), for every fund-month combinations. From these quantities, the VaR of R⋆
it is obtained
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from

V̂aR
⋆

it(p) = ûit +
σ̂it

γ̂it

([
1− p

P(R⋆
it > uit)

]−γ̂it

− 1

)
, (8)

where ûit is the estimated location parameter of the GPD for hedge funds i at time t, namely the

threshold above which the exceedances are assumed to follow a GPD. To select this threshold,

we follow Mhalla et al. (2022) and use semi-parametric quantile regression with the time as

covariate and level q. Hence, 1− q is thus an estimate for P(R⋆
it > uit) (details can be found in

the Supplement). From V̂aR
⋆

it(p), we derive the final VaR estimates, given by

V̂aRit(p) = V̂aR
⋆

it(p)− µ̂it. (9)

Note also that ESit(p) can be estimated thanks to V̂aRit(p), ûit, γ̂it and σ̂it.

Coming to estimating the tail dependence τsit(p), we rely on multivariate EVR (Mhalla et al.,

2019). We focus on bivariate tail dependence as we are interested in pairs of financial entities.

We assume that the two-dimensional random vector of losses R⋆ = (R⋆
st, R

⋆
it) for the entities

of interest (i.e. the banking index and the hedge funds) follows a joint distribution Fsi(·;xτ
sit)

and marginal distributions Fs and Fi, respectively. The quantity of interest is thus defined by

τsit = lim
p→0

τsit(p) = lim
p→0

P(Fs(R
⋆
st) > 1− p|Fi(R

⋆
it) > 1− p;xτ

sit), (10)

i.e. the limit probability that both entities i and s suffer an extremely large loss simultaneously

at time t. For simplicity, we drop the explicit reference to t for the marginal distributions. From

(10), τsit is time-varying because of its link with a pτ -vector of covariates xτ
sit, specific to time

and to the two institutions under consideration.

To estimate (10), we use multivariate EVT. Namely, we assume that Fsi(·;xτ
sit) belongs to the

maximum domain of attraction of a multivariate extreme value distribution. Then, following

Mhalla et al. (2022), we assume that

τsit = 2−
∫ 1

0

max(ω, 1− ω)h(ω, λ(xτ
sit))dω,

where h(ω;λ(xτ
sit)), ∀ω ∈ [0, 1], is the spectral density of the Hüsler-Reiss parametric fam-

ily (Hüsler and Reiss, 1989) characterizing the tail dependence of the data; with parameter

λ(xτ
sit). For simplicity, we denote λ(xτ

sit) by λsit. We restrict λsit > 0, excluding perfect tail
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independence. In this framework, we assume that λsit depends on xτ
sit via

log(λsit) = θmult
0 +

pτ∑
l=1

θmult
l xτ

sit(l), (11)

where xτ
sit(l) denotes the lth covariate. As such, a positive slope coefficient for θmult

l indicates a

positive relationship between xτ
sit(l) and the tail dependence of the two considered entities.

We estimate Θmult = (θmult
0 , . . . , θmult

pτ ) through classical maximum likelihood procedures. Addi-

tional computational details are given in Appendix A regarding the estimation of Fi, Fs and the

maximum likelihood procedure. The quantity V̂aRst, needed to compute βsit, is obtained from

an EVT-GARCH model estimated at the daily frequency on the bank index, and aggregated at

a monthly frequency (see Section 3.2)

2.3. Interpretation and motivation

In the proposed model, βsit may be interpreted as the sensitivity of the expected return of the

banking system to the realization of tail events for a given hedge fund. From this quantity,

one easily derives traditional systemic risk measures such as the Marginal Expected Shortfall

(MES) of Acharya et al. (2017), denoted MESsit(p̄). Indeed, we have that

MESsit(p̄) =− E [Rst|Rit ≤ −VaRit(p̄)] ,

=− βsitE [Rit|Rit < −VaRit(p̄)] ,

=βsitESit(p̄), (12)

where ESit(p̄) is the expected shortfall of hedge fund i at time t and level p̄. As a result, we can

also quantify the expected loss of the banking system, at any time, given that the hedge fund

i suffers from a negative shock. Although more complex, a similar relationship exists with

the CoVaR and ∆CoVaR of Adrian and Brunnermeier (2016), who define CoVaRsit(p̄), with

conditioning event Rit = −VaRit, as

P(Rst < −CoVaRsit(p̄)|Rit = −VaRit(p̄)) = p̄, (13)
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and

∆CoVaRsit(p̄) = CoVaRsit(p̄)− VaRst(p̄).

This latter quantity can be interpreted as the additional VaR the banking system is facing when

the hedge fund i exhibits extremely negative returns. As for MESsit(p̄), VZ show that

CoVaRsit(p̄) = βsit VaRit

[
1 +

(
1

τsit
− 1

)γit]
, (14)

which leads to

∆CoVaRsit(p̄) = βsit VaRit(p̄)

[
1 +

(
1

τsit
− 1

)γit]
− VaRst(p̄). (15)

Hence, it only requires the estimation of βsit and some of its components to estimate these sys-

temic risk measures. While βsit captures the strength of interconnection between two entities,

MESsit and ∆CoVaRsit(p̄) allow us to quantify the impact of this sensitivity in terms of returns,

which eases economic interpretation.

Additionally, one should bear in mind that βsit is a conditional measure, reflecting the sensi-

tivity of the banking sector’s returns only when the return of hedge fund i at time t is below

its VaR. Thus, at the estimation stage, one should ideally use only observations that satisfy this

particular conditioning event to infer on βsit. Otherwise, we would assume that data observed

in normal conditions convey information about what happens under extreme conditions , which

might not always be the case. A good example is the approach developed by Dacorogna et al.

(2023), where assumptions on the bulk of the distribution can be used to reach more efficient

estimates of the tail parameters. In the proposed methodology, thanks to the use of EVR, we are

consistent with this principle since we use only observations that are far in the tail. Thus, we

avoid the criticism pointed out by Benoit et al. (2017), who note that systemic risk measures are

often estimated with parametric assumptions that do not explicitly model the tail distribution of

the concerned entities. For example, when using a model focusing on the body of the distribu-

tion such as a bivariate GARCH, the ranking of institutions based on the MES or CoVaR with

respect to an equity benchmark is akin to ranking these entities based on their systematic risk.

They conclude that, since the marginal and joint tail dynamic of the returns cannot be described

by their marginal and joint bodies, one should not use models aiming at capturing the center of
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the distribution to infer systemic risk measures. For these reasons, our methodology could be

transferred to other studies on systemic risk, as it allows us to avoid the pitfalls underlined by

Benoit et al. (2017).

3. Data

To conduct our analysis, we use the returns and characteristics of hedge funds reporting in the

Eurekahedge database. We first describe the hedge funds data, before describing the sample of

banks selected to build a representative index of the banking sector.

3.1. Hedge funds data

We use the cross-sections of hedge funds returns reporting in the Eurekahedge database, cov-

ering the period May 1995 - December 2020. We keep both dead and alive funds to address

survivorship bias. We select funds based on a minimum lifespan of 48 months and remove the

first 12 months of returns data for each fund to take into account backfilling bias. We use funds

whose reporting currency is labeled in USD and require information availability for several im-

portant covariates in our analysis. We remove all fund-month observations for which the Assets

Under Management (AUM) is missing, in order to include this latter variable in our regression

framework. The complete filtering procedure is detailed in the Supplement. Our final sample

consists of 4,847 funds, with a median number of reported monthly observations per fund of

86, leading to 475,339 fund-month observations. Table 1 provides some summary statistics.

Performance fees and management fees are comparable to the ones reported by Patton and Ra-

madorai (2013) and Agarwal et al. (2009). Long-Short Equities funds are the most important

ones in terms of number of reporting funds, followed by CTA/Managed Futures. These funds

are also the ones for which the highest average level of performance fee is observed, along

with Event Driven and Long-Short Equities funds. The return distribution of hedge funds is

leptokurtic and left-skewed for most strategies, which shows the importance of their extreme

losses. We also observe an overall increase in the average fund size over time, while the number

of funds reporting has been decreasing since 2015 (Figure 1). These elements suggest a growth

in the concentration of AUM within the industry.

Before applying our estimation framework, we model and filter the mean structure of hedge

funds returns. To do so, we rely on the work of Patton and Ramadorai (2013) to model time-

varying exposures to risk factors (details are given in the Supplement).
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Mean by strategy Bottom-Up CTA/Managed Futures Event Driven Fixed Income Long Short Equities Macro Multi-Strategy Others
AUM 0.01 0.00 0.01 0.01 0.01 0.00 0.01 0.01
Subs. Freq. 16.7 29.7 28.9 21.1 17.7 24.7 28.1 28.4
Red. Freq. 25.5 55.8 89.6 44.8 19 36.8 57.1 60
Red. Not. Per. 22.6 39.9 52.7 38.3 12.1 27.1 40.7 46.4
Man. Fee 1.34 1.45 1.51 1.28 1.63 1.53 1.52 1.42
Perf. Fee 11.7 18.5 18.5 12.8 18.7 17 16.8 16.5
Life (in months) 97.2 98.2 103 88.9 100 93.4 103 99.1

Percentage by strategy

HWM
No 0.35 0.07 0.09 0.33 0.17 0.16 0.17 0.15
Yes 0.65 0.94 0.91 0.67 0.83 0.84 0.83 0.86

Lock-up
No 0.80 0.68 0.61 0.73 0.94 0.85 0.77 0.69
Yes 0.20 0.33 0.39 0.27 0.06 0.15 0.23 0.31

Closed
No 0.94 0.91 0.91 0.95 0.93 0.94 0.88 0.89
Yes 0.06 0.09 0.09 0.05 0.07 0.06 0.12 0.11

Dead
No 0.70 0.44 0.56 0.57 0.42 0.40 0.47 0.46
Yes 0.30 0.56 0.44 0.43 0.58 0.60 0.53 0.54

HR
No 0.62 0.88 0.86 0.67 0.94 0.82 0.82 0.79
Yes 0.38 0.13 0.14 0.33 0.06 0.18 0.18 0.21

Leverage
No 0.80 0.43 0.49 0.47 0.43 0.28 0.38 0.58
Yes 0.20 0.57 0.51 0.53 0.57 0.72 0.62 0.42

Mean of returns statistics
Mean 0.45 0.44 0.45 0.37 0.38 0.34 0.40 0.34
Median 0.01 0.00 0.01 0.01 0.01 0.00 0.01 0.01
Std. Dev. 0.06 0.04 0.03 0.02 0.04 0.04 0.03 0.03
Skewness -0.62 -0.27 -0.78 -1.56 0.06 -0.11 -0.53 -1.12
Kurtosis 5.97 5.40 9.00 14.54 5.37 5.38 7.80 12.16
JB (%) 72.29 57.62 74.29 81.25 50.14 58.12 70.25 76.61
Number of funds / Total 0.07 0.35 0.05 0.09 0.15 0.06 0.07 0.16

Table 1: Overview of the variables by strategies. For numeric values, the mean by strategies is given.
For the categorical values, we provide the proportion of occurrences for each level. JB (%) indicates
the proportion of funds in each strategy for which we reject the normality test of Jarque-Bera. We also
performed the test on the strategy level and rejected at 1% level for all strategies, showing that the
pooled distribution of hedge funds returns is not normal.
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Figure 1: (Top) Evolution of the average funds size by strategy. (Bottom) Evolution of the number of
hedge funds reporting Return and AUM, by strategy.
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3.2. Banks data

Bank data originate from Eikon Refinitiv database. We use a panel of 22 banks (Table 2),

selected by Mhalla et al. (2022) for their analysis of the tail dependence between banks and the

different hedge funds strategies. For these entities, we retrieve the daily stock prices covering

the time window of our hedge funds data and compute their log-returns. Two exceptions are

Goldman Sachs and Mitsubishi UFJ, as they are quoted only from May 1999 and April 2001,

respectively. Twenty of them are listed by the Financial Stability Board as systemically risky

banking institutions. The others have been selected based on the importance of their assets

under management. Although all selected entities are labeled as banks, AXA is also an insurer,

while Goldman Sachs, Morgan Stanley, and Credit Suisse are also considered as broker-dealers

or investment banks (Mhalla et al., 2022).

To derive VaRst for a representative index of the banking sector, we first build the index using

the approach of Adams et al. (2014) and derive the first component of a principal component

analysis (PCA) using the log-returns of this set of 22 banks. The resulting index is compa-

rable to the one used in the work of Adams et al. (2014). To compute daily VaR, we use

a GARCH-EVT approach (McNeil and Frey, 2000). We then aggregate the daily VaR in a

monthly measure.

Bank Datastream code Bank Datastream code
Citigroup U:C Société Générale F:SGE

JP Morgan U:JPM Deutsche Bank D:DBK
Bank of America U:BAC AXA F:MIDI

Bank of NY Melon U:BK ING H:INGA
Goldman Sachs U:GS BNP Paribas Fortis F:BNP
Morgan Stanley U:MS Intensa Sanpaolo I:ISP

State Street U:STT Santander E:SAN
Westpac Bank. Corp. A:WBCX BBVA E:BBVA

Wells Fargo U:WFC Bank of Montreal C:BMO
Standard Chartered STAN Bank of Nova Scotia C:BNS

Barclays BARC Imperial Bank of Commerce C:CM
HSBC, Lloyds HSBA Royal Bank of Canada C:RY
Credit Suisse S:CSGN Toronto Dominion C:TD

Commerzbank D:CBK Mitsubishi UFJ J:MITF

Table 2: List of banks used in the analysis.

4. Results

To account for heterogeneity across investment strategies, we conduct our univariate and mul-

tivariate regression analyses separately for groups of funds sorted along their reported strat-

egy. We use first strategies with at least 25.000 fund-month observations, thus creating 7

groups: Bottom-Up (BU), Long Short Equity (LSE), Event Driven (ED), Fixed Income (FI),

CTA/Managed Futures (CTAM), Macro (Macro) and Multi-strategy (MS). Hedge funds that
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do not belong to one of the seven main strategies are classified in a group Others (Others).

Sub-strategy heterogeneity inside this group is modeled through dummy variables.

We discuss first the results of the univariate regression analysis, before moving to the tail de-

pendence. Finally, we discuss the obtained systemic risk measures.

4.1. Hedge funds downside risks

In Table 3, we report the coefficients ασ
l and αγ

l , for l = {0, . . . , pσ} and l = {0, . . . , pγ},

respectively, estimated by maximizing (7) with the selected penalty coefficients νσ and νγ . Our

results indicate that fund- and time-heterogeneity in the tail are mainly driven by variations in

the scale parameter rather than in the shape. A QQ-plot of the quantile residuals indicates a

good fit of the model (Figures can be found in Appendix D). The estimated regression models

are then used to infer on the values of the shape and scale parameters for each fund-month

observation, which in turn allow us to compute the VaR of each fund-month observation at

level 1− p = 99.9%.

Looking at selected covariates across strategies, we find that the tail dynamic of hedge funds

strongly differs from one strategy to the other. Nevertheless, one commonality across strategies

is the selection of the lagged absolute residuals (|res|t−1), which aims at modelling fund-specific

heteroscedasticity. Moreover, the size of the fund (AUM) is also selected for all strategies,

with the exception of Multi-Strategy funds. The negative regression coefficient indicates that

a marginal increase in fund size is associated with a decrease in the tail risk of hedge funds,

suggesting, e.g., the presence of an experience effect or economies of scale (Agarwal et al.,

2017). For half of the strategies, we find a positive regression coefficient for management fees

(Man. Fee), while the performance fees seem to matter for two strategies, namely Macro and

Others. Thus, whereas Agarwal et al. (2009) show that managerial incentives are positively

correlated with superior hedge funds performance, our results indicate that an increase in man-

agerial incentives is associated with an increase in tail risks for some investment strategies.

We also find a positive relationship between the use of lock-up periods (Lock-up) and the tail

risk of hedge funds for Long Short Equities and Macro funds (representing 40% of our sample),

a result consistent with Agarwal et al. (2017). Finally, we find evidence that Credit spread is

positively associated with the tail risk of funds, for four out of the eight strategies. This effect

suggests that the tail risk of hedge funds is partly explained by market funding conditions and

default risks. It is also consistent with the shadow banking phenomenon, which saw major
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transfer of credit-risky activities from banks to lightly-regulated entities such as hedge funds.

Turning now to the time-series dimension, we observe that the average VaR across hedge funds

has been slightly decreasing over time, from a level of 14.16% between 1997 and 2002 to

12.78% between 2014 and 2019. This decrease can be traced back to the strong negative

relationship between fund size and tail risk, and to an increase in the average fund size over

time (Figure 1). Nevertheless, we still observe large surges in the average VaR during periods of

crisis such as 1998, 2008, or 2020, although their magnitude differs across strategies (see Figure

C.1 in Appendix C). In particular, Fixed Income funds had their average VaR peaking at three

different periods: in September 1998 (LTCM crisis), February 2000 (Dot-com bubble), and in

March 2020 (COVID crisis), with the highest peak reaching 30%. On the contrary, Bottom Up

and Event Driven funds did not experience peaks at the same periods: these funds were more

affected during the 2008 crisis, with their average VaR peaking in October 2008, while we do

not observe peaks over the period 1998-2000. This illustrates well the heterogeneity, in terms

of tail behavior, between funds following different investment strategies.
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Covariates BU LSE ED FI CTAM Macro MS Others

σ

AUM -0.10∗∗∗ -0.04∗∗∗ -0.10∗∗∗ -0.05 -0.09∗∗∗ -0.16∗∗∗ - -0.05∗∗∗

Subs. Freq. - - - 0.13∗∗∗ - - -0.07∗∗ -
Red. Freq. - -0.06∗∗∗ 0.10∗∗ 0.07∗ - - 0.04 -0.06∗∗

Red. Not. Per. 0.11∗∗∗ - - - 0.07∗∗∗ - - -0.05∗∗

Man. Fee - - 0.09∗∗ 0.06∗ 0.08∗∗∗ 0.091∗∗∗ - -
Perf. Fee - - - - - 0.04 - 0.12∗∗∗

|res|t−1 0.26∗∗∗ 0.26∗∗∗ 0.21∗∗∗ 0.33∗∗∗ 0.22∗∗∗ 0.20∗∗∗ 0.31∗∗∗ 0.29∗∗∗

ACF - - -0.08∗∗ -0.01 0.04∗ -0.11∗∗∗ - -0.03
HR - - -0.06∗∗ 0.05 - 0.07∗∗ 0.09∗∗∗ 0.05∗∗

HWM - - 0.07∗∗ - - - - -0.10∗∗∗

Leverage - - - - - - -0.07∗∗ 0.02
Lock-up - 0.07∗∗∗ - - - 0.14∗∗∗ - -0.03
SP500 - - - - - - 0.04 -
Size factor - - - - - - - -
PTFSBD - - - 0.11∗∗∗ - - - -
PTFSFX - - -0.06∗ - - - - -
PTFSCOM - - 0.05∗ 0.07∗∗ -0.02 - - 0.05∗∗

PTFSIR - - - -0.15∗∗∗ - -0.08∗∗ - -0.04∗∗

PTFSSTK - - - 0.01 0.03 - - -
Bond factor - - - - - - - -
Credit spread 0.06∗∗ - 0.10∗∗∗ - 0.03 - - 0.07∗∗∗

MSCI Em. - - - - - - - -
Market illiquidity - - - - -0.03 - - -
MSCI W. -0.02 - - - -0.06∗∗∗ - - -
VIX - - - - - - 0.08∗∗ -
RV - - 0.04 - - -0.04 - -0.02

MIS - Dist. Debt 0.123∗∗∗

MIS - Div. Debt 0.09∗∗∗

MIS - DA 0.05
MIS - Others 0.33∗∗∗

MIS - RV 0.06∗∗

MIS - TD 0.02
MIS - V 0.17∗∗∗

σ̄ 0.02 0.02 0.02 0.01 0.03 0.02 0.02 0.02

γ

AUM -2.03∗∗∗ - - -0.67∗∗ - - -2.76∗∗∗ -
Subs. Freq. 1.15∗∗ - - - - - - -
Red. Freq. -1.92 - - - - - - -
Red. Not. Per. - - - -0.37∗∗ - - - -
Man. Fee - - - - - - - -
Perf. Fee - - - - - - - -
ACF -0.66∗∗∗ -0.20∗∗ - - - - - -
HR - - - - - - - -
HWM -0.71∗∗∗ - 1.91∗∗∗ - - - - -
Leverage - - - - - - - -
Lock-up -1.44∗∗ - 5.52∗∗∗ - - - - -
SP500 - - - - - -1.86 - -
Size factor - - - - - - - -
PTFSBD - - - - - - - -
PTFSFX - - - - - - - -
PTFSCOM - - - - - - - -
PTFSIR - - - - - - - -
PTFSSTK - - - - - - - -
Bond factor - - - - - -0.51∗ - -
Credit spread - - - - - - - -
MSCI Em. - -0.70∗∗∗ - - - - - -
Market illiquidity - - - - - - - -
MSCI W. - 0.52∗∗∗ 0.14 - - 1.36 -0.16 -
VIX - - - - - - - -
RV - - - - - - - -

MIS - Dist. Debt -
MIS - Div. Debt -
MIS - DA -1.45
MIS - Others -
MIS - RV -
MIS - TD -
MIS - V -

γ̄ 0.08 0.11 0.08 0.24 0.05 0.08 0.18 0.07

n∗ 1636 8435 1268 1944 3544 1305 1826 3920
VaR 0.14 0.13 0.11 0.07 0.17 0.14 0.12 0.12
ES 0.18 0.17 0.13 0.10 0.20 0.17 0.16 0.15

Table 3: Adaptive Lasso estimation of ασ
l (upper side) and αγ

l (lower side) (equations (5) and (6)). The
covariates not selected by the model are reported as "-" while blank spaces indicate that the covariate
was not candidate in the model. σ̄ (resp. γ̄) stands for the mean of the estimated σ (resp. γ) for all
the observations of the group (i.e. not only data above the threshold). n∗ stands for the number of
observations used for the fit. VaR and ES correspond to the average VaR and ES at level (1 − p) =
99.9% across all funds’ observations belonging to the corresponding strategy. *, ** and *** indicate
respectively significant coefficients at level 10%, 5% and 1%. A description of the variables is provided
in Appendix B.
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Although informative about the risk profiles of a financial institution, the VaR might not be

the best measure to investigate the systemic threat posed by a group of funds, since it does

not reflect an expected loss in monetary units. From a policymaker standpoint, an approach of

interest when considering a group of funds g at time t would consist in investigating the group

Expected Shortfall (GES), defined as

GESgt =
1

ngt

∑
i∈gt

ESitAUMit,

where AUMit is the AUM of fund i at time t, gt is the set of indices for funds reporting at time

t that belong to the group g and ngt is the number of funds that report at time t in the group

g. A natural choice for a group g is a given strategy. The intuition behind GESgt is to measure

the expected amount to be lost if one random fund among this group suffers from a loss larger

than its 99.9% quantile. In Figure 2, we display the evolution, over time and across strategies,

of this quantity. We observe an increase for all strategies, driven by the increase in average

fund size over time (measured by the AUM) that more than compensates the decrease in VaR

(expressed as a % of the AUM), and illustrates the growing threat hedge funds represent for

financial stability.
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Figure 2: Evolution of GESgt (Mio. USD), for g being the 8 different group of strategies considered
in the analysis.

4.2. Tail dependence between banks and hedge funds

In this section, we study the tail dependence between the banking sector and the hedge funds.

Our baseline regression model for τsit includes all the variables used in the univariate analysis.
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In addition, we include two-way interaction effects obtained from combining funds character-

istics with either the VIX or the S&P500 monthly returns. The analysis is performed separately

on each group of funds sorted along their investment strategies. Our final model is obtained

by applying a stepwise selection procedure (results for two additional sets of analysis can be

found in the Supplement). All results are reported in Table 4.

We identify several covariates that are common across strategies. We first observe that, except

for Long Short Equity and Fixed Income strategies, the tail dependence is significantly higher

when funds are leveraged. Thus, besides the evidence reported in Dudley and Nimalendran

(2011) that the extremal linkage between funds is higher when they use leverage, our results

suggest that the use of leverage increases also the linkage with the banking sector. From a the-

oretical standpoint, this result is consistent with the fact that the source of leveraged positions

of hedge funds consists generally in collateralized borrowings financed by prime brokers. As

such, the use of leverage should mechanically strengthen the linkage between funds and banks

through brokerage activities.

Second, we find that an increase in market illiquidity is associated with an increase of the tail

dependence between hedge funds and banks, for all strategies except Event Driven. These

results indicate that large negative shocks suffered by hedge funds are associated with a higher

likelihood of simultaneous large losses among banks. In line with the effect of a prime broker

channel highlighted above, this result is consistent with the documented high exposure of hedge

funds to liquidity risk (Brunnermeier and Pedersen, 2009): a negative liquidity shock depresses

the value of sophisticated illiquid products, which in turn increases margin requirements from

banks, strengthening the linkages between funds and banks.
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BU LSE ED FI CTAM M MS Others

Intercept 0.44*** 0.62*** 0.24*** 0.83*** 0.92*** 0.34*** 0.62*** 0.80***

AUM 0.06*** - 0.04*** 0.03*** - - - 0.08***

Subs. Freq -0.88*** -0.76*** - -1.77*** -0.64*** -1.03*** - -1.734***

Red. Freq. -0.42*** - - - - - - -
Red. Not. Per. - -0.19*** - 0.45*** - - - -
Man. Fee 0.14*** - - 0.07*** - - - 0.17***

Perf. Fee -0.01*** - - -0.01*** - - - -
ACF -0.35*** - - -0.48*** -0.32*** - - -0.22***

HR 0.11*** - - - - - - -0.07***

HWM - 0.22*** - - - - -0.13*** -0.18***

Leverage 0.11*** - 0.10*** - 0.05*** 0.24*** 0.07*** 0.14***

Lock-up 0.10*** 0.08*** - -0.05*** -0.18*** 0.13*** - -
SP500 1.14*** -2.40*** - - 0.73*** - - -1.67***

Size factor -0.78*** - - -0.74*** -0.70*** -0.89*** - -0.98***

Bond factor - - 0.15*** - 0.10*** - - 0.09***

Credit spread - -0.34*** 0.17*** 0.14*** - - - -
Market illiquidity 0.84*** 0.89*** - 0.70*** 0.47*** 0.537*** 0.94*** 0.67***

MSCI W. - 2.60*** 0.94*** - - - - 2.44***

VIX -0.01*** 0.01*** -0.01*** -0.02*** -0.02*** -0.011*** -0.01*** -0.01***

RV - -8.22*** - - 2.77*** - - -3.66***

MIS - Dist. Debt 0.06***

MIS - Div. Debt 0.46***

MIS - DA 0.19***

MIS - Others 0.15***

MIS - RV 0.14***

MIS - TD 0.03
MIS - V 0.22***

ACF × VIX - - - 0.01*** - - - -
Leverage × VIX - - - - - -0.01*** - -
HWM × VIX - -0.01*** - - - - - -
Subs. Freq. × SP500 -7.90*** - - - - - - -
Subs. Freq. × VIX - - - - - - - 0.05***

Man. Fee. × VIX - - - - - - - -0.01***

n 3267 13413 2532 3888 7087 2609 3655 7845
BIC -5209.24 -23234.26 -4685.27 -6079.25 -11175.40 -4684.11 -5750.93 -12779.54

τ̄ 0.47 0.63 0.39 0.49 0.55 0.40 0.46 0.60
SL 0.94 0.95 0.93 0.84 0.97 0.93 0.87 0.96
Min SL 0.71 0.80 0.77 0.47 0.89 0.81 0.73 0.85
Max SL 0.98 0.97 0.98 0.97 0.98 0.96 0.91 0.99

Table 4: Estimated regression coefficients for the tail dependence analysis (θmult
p in equation (11) ap-

plied for each group of strategy. n is the number of observations used in the corresponding regression
fit, τ̄ and SL stand for the mean of the estimated tail dependence and SL and Min SL and Max SL
are the minimum and maximum observed value of SL within each strategy group. *, ** and *** indi-
cate respectively significant coefficients at level 10%, 5% and 1%. For the group Others, we add the
variable related to the strategies remaining in this category (and for which the number of observed data
was not sufficient for a full analysis). These dummy variables are all set to zero when the strategy is
Arbitrage. A description of the variables is provided in Appendix B.

Then, focusing on uncertainty measures, we find that VIX is negatively related to the joint oc-

currence of large losses, indicating that a high uncertainty level is associated with less likely

simultaneous large losses of banks. This drives the drop in tail dependence observed for all

the strategies around the 2008 crisis (Figure 3).Interestingly, Racicot and Théoret (2022) inde-

pendently show that hedge funds tend to deleverage when the VIX is positively shocked. Our

results are therefore consistent with their findings, and once again in line with the prime broker

channel discussed earlier, suggesting that tail dependence decreases via a decrease in leverage.

In addition, we find a positive relationship between tail dependence and funds’ size for four of

the eight strategies (AUM in Table 4).
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Finally, when looking at the time dimension of the estimates of tail dependence and systemic

linkage, we observe a large increase of these measures after the 2008 crisis. When comparing

the periods 2010-2020 and 1995-2007, the differences in average tail dependence are found to

be significantly positive for all strategies, with the exception of the tail dependence of Bottom-

Up funds (see Table E.1 in Appendix E). This increase in average tail dependence seems to

be mainly driven by the increasing average size of the funds (positively associated with the

tail dependence), and illustrates the raising concerns around the role played by hedge funds

in the shadow banking phenomenon that appeared following the increase in capital constraints

on banks after the crisis (Irani et al., 2021). Our results indicate that hedge funds with the

CTA/Managed Futures, Long Short Equities and Others strategies have the highest average

tail dependence and average systemic linkage, indicating a high propensity of these funds to

participate to this phenomenon.

Thus, our findings suggest that a regulatory framework based on fund size and leverage would

appear of interest to control for systemic linkages of hedge funds. Yet, direct regulation of

hedge funds might not be feasible nor necessarily profitable (King and Maier, 2009).
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Figure 3: In continuous line, evolution of the median tail dependence, estimated at each point in time,
for all hedge funds belonging to the corresponding strategy along with, in dashed, the estimated quan-
tile at levels 5% and 95% of the same quantity. We use kernel smoothing for the ease of representation.
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4.3. Systemic risks of hedge funds

When comparing funds with different investment strategies, Fixed Income funds display the

highest average βsit over the whole sample (Table 5), thus the highest systemic risk level.

This quantity is a function of the VaR of the hedge funds, the VaR of the banks, and the tail

dependence between the two (see equation (2)). Relying on this decomposition, we observe

that the high βsit is driven by a large ratio between the VaR of the banking sector and the

VaR of the hedge funds, since the estimated systemic linkage (SL, as defined in Section 2) is,

on average, lower than the other strategies (see three first columns in Table 5). Nevertheless,

the estimated systemic risk level of Fixed Income funds is not the highest at every point in

time (Figure 4): when computing the average over all funds belonging to a given strategy, at

each point in time, we observe that the levels of βsit for Long Short Equities funds and the

ones categorized as Others are the highest during the 2008 crisis. Hence, banks show a higher

extremal sensitivity to these funds during this crisis period while Fixed Income funds stand out

during more peaceful market contexts.

Focusing on the overall evolution of our systemic risk measures, we observe the largest average

variation in βsit between the pre- and post-crisis period for Fixed Income funds (Table 5). This

result is also apparent when considering the full history (Figure 4). Using the decomposition

provided by (2), we find that this increase is driven by the overall increase in tail dependence

between banks and funds, and the relative decrease in the VaR of the hedge funds, with respect

to the one of the banks. This evidence suggests that the increase in hedge fund systemic risk is

not driven by the intrinsic tail risk of hedge funds or banks, but rather by the extreme depen-

dence between the two entities, raising further concerns about the potential threat hedge funds

may pose.

In summary, we show that Fixed Income funds appear to be the most important class of hedge

funds, both in terms of their average βsit level, and in their increase since the 2008 crisis. How-

ever, the dynamic and complex behavior of βsit for the different strategies further highlights

the necessity of a pro-active and dynamic monitoring. The case of Long Short Equities funds is

a good example: these funds can have a larger impact on banks during periods of crisis while

they are less important during peaceful periods.
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VaR SL β 05/1995-12/2007 01/2010-01/2020 ∆

BU 0.14 0.94 1.83 -0.42 -0.16 0.27***

LSE 0.14 0.95 1.77 -0.33 -0.09 0.24***

ED 0.11 0.93 1.63 -0.09 0.14 0.23***

FI 0.07 0.84 2.39 0.08 0.48 0.40***

CTAM 0.17 0.97 0.99 -0.64 -0.28 0.36***

M 0.14 0.93 1.47 -0.42 -0.14 0.28***

MS 0.12 0.87 1.19 -0.29 -0.05 0.24***

Others 0.13 0.96 2.03 -0.11 0.00 0.11***

Table 5: VaR, SL, β are the empirical averages of the VaR, SL, and β for all observations of funds
belonging to each strategy. Next to it, we report the empirical averages of log-βsit for two sub-periods,
before and after the 2008 crisis. The difference between the two means, ∆, is tested through a t-test.
*, ** and *** indicate respectively significant coefficients at level 10%, 5% and 1%.
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Figure 4: Evolution of βsit by strategy using kernel smoothing with a bandwidth of 2.

To assess the importance of the factors driving the variations of βsit over time, we follow van

Oordt and Zhou (2019b) and regress the estimated log-βsit against the covariates used in the

estimation procedure. Notice that we use Lasso estimators as well for this regression analysis.

We display the important results in Figure 5 (full regression results can be found in Appendix

F). We find that βsit is significantly higher when funds are bigger, for all strategies (AUM). This

result is consistent with the findings of Bellavite Pellegrini et al. (2022) for money market funds.

In our framework, this relationship is driven by both the behavior of the VaR of hedge funds

and the tail dependence with respect to the banking sector, since both are positively related to

funds’ size. Hence, the sensitivity of banks’ extreme losses to funds’ extreme losses is larger

when funds’ sizes increase. Moreover, the use of leverage is positively related to our systemic

risk measure for five strategies, among which three also exhibit a link with market liquidity:

βsit increases for lower liquidity levels for Multi Strategy, Fixed Income and Macro funds.

These two effects can be explained by the positive relationships between these variables and

the tail dependence. Overall, these effects are consistent with the prime broker channel outlined
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Figure 5: For a subset of four explanatory variables, we display the coefficient estimates of the regres-
sion of all candidate explanatory variables against log-βsit. Crosses indicate non-selection from the
Lasso regression. All other coefficients are significant at level 1%.

in Section 4.2. Regarding the link with market illiquidity, our results are also consistent with

Racicot and Théoret (2022), who find that this is one of the key drivers of hedge funds systemic

risk (measured by risk profile homogeneity), providing thus a different but complementary

perspective.

To complement our main regression analysis, we graphically inspect the dependence between

four covariates and βsit. To do so, we sort fund-month observations in deciles along their

estimated βsit, and report the average value of the covariate of interest for each decile (Figure

6). The analysis is conducted separately for each investment strategy.

Starting with the individual size of funds (AUM, Figure 6, top left), we find a positive rela-

tionship with βsit for all strategies, except Multi-strategy funds. This result is consistent with

those reported in Table F.1. Taking the example of Fixed Income funds, the highest βsit decile

is associated with an average AUM above 1,000 Mio. USD. Among all the Fixed Income funds

reporting over the studied period, 20% of the funds reached a size at least as large during their

lifetime. At the last reporting date in our dataset, 2.94% of the reporting Fixed Income funds

reported a size larger than this threshold.

Focusing on the VIX (Figure 6, bottom left corner), we observe an exponential increase across

deciles for all strategies. In particular, for Fixed Income funds, the last decile in βsit is asso-
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ciated with the largest average VIX, with a level of around 20. It corroborates the previous

regression results (Table F.1). These results are also consistent with previous studies looking at

different measures of systemic risk (Racicot and Théoret, 2016, 2018; Gregoriou et al., 2021).

Third, looking at the relationship with Credit spread (Figure 6, top right corner), we find par-

ticularly high levels of average credit spreads for the two last deciles of βsit. On the contrary,

for lower deciles, we observe much lower levels and fewer variations across deciles. Hence,

we show that our systemic risk measure takes the highest values when we observe a high level

of credit risk. These results suggest that an important increase of credit risk might thus put

pressure on the risk levels of banks. Since banks are strongly regulated for their risk-taking

behavior, they might find an incentive to hedge costly risks, for example by transferring them

to lightly regulated entities such as hedge funds. Our results support the hypothesis that such

transfers would increase systemic risks of hedge funds only when particularly high levels of

credit risk are observed. Finally, we cannot find a meaningful relationship between the lever-

age and βsit (Figure 6, bottom right corner).

Figure 6: Evolution of the mean of key variables ( AUM, credit spread, VIX and Leverage) across the
ten deciles of βsit, for each strategy.

We now derive ∆CoVaRsit(p̄) through equations (14) and (15). To aggregate this information

across funds, we define

∆CoVaRHF
t (p̄) = AUMst

1

nt

∑
i∈It

∆CoVaRsit(p̄)

where It and nt are the set of hedge funds indices for which we have an estimation for βsit at

time t and the corresponding number of funds at this time, respectively. AUMst is the AUM

of the banking index we build, whose weights are the loadings of the first principal component
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of our PCA (see Section 3.2). We estimate this quantity for a level 1 − p = 99.9%. Recall

that ∆CoVaRsit(p̄) measures the change in VaR of the banking index due to a shock on fund

i. Hence, the average of the ∆CoVaRsit(p̄) over all funds can be considered as a proxy for the

additional VaR the banking index is facing due to a shock materialized on a randomly-picked

fund at a given time. We multiply this value by the AUM of the banks’ portfolio to translate

this exposure into monetary units (USD).

In Figure 7, we display the evolution of ∆CoVaRHF
t (p̄) and its value expressed as a percentage

of AUMst. Over the whole sample, this latter measure reaches an average of 12.48%, with a

maximum of 63.54% in October 2008, showing that crisis periods tend to correspond to higher

exposure to hedge funds tail risk. We also observe a shift in the average level of this measure

when we compare the periods before and after the crisis, consistent with previous findings.

Between the two periods considered in Table 5, we find that the average ∆CoVaRHF
t (p̄) roughly

doubled, from USD 4.820 Bio. to USD 9.058 Bio. This shift is driven by an increase in AUMst,

from USD 50.398 to 78.048 Bio., but also by βsit. Hence, the average ∆CoVaRHF
t (p̄) as a

percentage of AUMst increases from 9.93% to 12.48%, and is solely driven by an increase in

βsit.

0

25

50

75

100

125

1995 2000 2005 2010 2015 2020

Time

B
io

.U
S

D

0.00

0.25

0.50

0.75

1.00

1995 2000 2005 2010 2015 2020

Time

P
ro

p
o

rt
io

n

Figure 7: (Left) Evolution of ∆CoVaRHF
t represented by the grey area, along with the evolution of

AUMst as the upper line. (Right) Evolution of the proportion of ∆CoVaRHF
t with respect to AUMst

In summary, our results first suggest that the systemic risk of hedge funds, measured by βsit

and ∆CoVaRHF
t (p̄), increased after the 2008 crisis. Secondly, we find that Fixed Income funds

represent one of the biggest systemic threats among the different strategies, for two reasons: the

average systemic risk level over the considered time window is the highest among all strategies,

and we observe a large increase in the average of the systemic risk measure βsit after 2008.

Finally, our different regression results suggest that an increase in the size of hedge funds and
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the use of leverage are signals among the funds characteristics for higher systemic risk, and that

market conditions corresponding to higher uncertainty, lower market liquidity and especially

high credit risk levels are associated with a higher level of βsit.

5. Conclusion

In this paper, we investigate the systemic risk contribution of the hedge funds industry. To do so,

we use the model of van Oordt and Zhou (2019a) to measure the sensitivity of a banking index

to shocks experienced by individual hedge funds, which can also be interpreted as a sensitivity

to the tail risk of these funds. We also examine the systemic linkage and the tail dependence

between banks and hedge funds, a measure of extremal dependence highlighted in the systemic

risk literature. An innovation of the present paper is that we overcome data scarcity issues

related to the low frequency of hedge funds data and short reporting history with the help of

extreme value regression methods (Chavez-Demoulin and Davison, 2005; Mhalla et al., 2019).

Hence, we are able to estimate time-varying and fund-specific systemic risk measures driven

by covariates through a regression structure. Relevant covariates are selected with Lasso-type

estimation methods.

Among our key findings, we evidence that banks are more sensitive to the tail distribution of

hedge funds returns during crisis and uncertainty periods, although the tail dependence between

these two entities concomitantly drops. We also find that the main drivers of the systemic risk

contribution are the individual size of the funds and their use of leverage. When analyzing

funds based on their investment strategies, Fixed Income hedge funds seem to represent the

highest threat as of today, due to both their systemic risk level and its speed of increase over the

last decade. Overall, we observe an increase of the sensivity of banks to hedge funds shocks

over time. This increase is mostly explained by an increase in funds’ sizes over time, and is

consistent with the development of the shadow banking phenomenon over the past 15 years.

Regarding our study of the systemic linkage, we find that an increase in market illiquidity is

associated with an increase in tail dependence. This result suggests therefore that an important

risk channel between banks and hedge funds might be related to the trade of illiquid financial

products. As such, from the perspective of a bank, it could indicate that hedge funds exhibit a

counterparty risk that is highly sensitive to liquidity shocks.

From a policy standpoint, our findings highlight the need for regulators to monitor the systemic

risks posed by hedge funds, in light of the large amounts of economic capital at risk. In partic-
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ular, when highly uncertain or illiquid market conditions are expected, a thorough assessment

of the counterparty risks posed by large and leveraged funds could help to avoid adverse effects

on the financial sectors.
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Appendices
A. Computational details for τsit

In this section, we provide additional details regarding the computation of τsit, complementing

Section 2.2.

To obtain our final estimate of τsit from maximum likelihood procedures, we exploit the cross-

section of funds’ and banks’ returns to build vectors of bivariate observations, casually denoted
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R∗. Notice that first, we need to scale the residuals to a unit-Fréchet scale. The unit-Fréchet

transformation is defined by f(R⋆
it) =

−1
log(Fi(R⋆

it))
for R⋆

it and conversely for R⋆
st. We do so using

a combination of the empirical cumulative distribution function and the marginal conditional

GPD detailed in Section 2.2 (see also Mhalla et al. (2022) for more details). For R⋆
it, we assume

that

Fi(R
⋆
it) =

GPD(uit, γit, σit), if R⋆
it > uit,

F emp
i otherwise,

(A.1)

where F emp
i is the empirical cdf of R⋆

it, estimated at the fund-level. With this formulation, we

rely on our estimated EVR model.

Then, for the bank index, we start from the individual banks returns. We first model the con-

ditional mean return of each bank through a linear model with the following covariates: the

MKT, HML and SMB factors built by Fama-French (Fama and French, 1995) and the bond

factor, credit spread factor, dLevel and TED spread. We then model the heteroscedasticity of

the residuals with a student-t GARCH(1,1) model. Then, denoting by R⋆
kd the final negative

residuals of bank k at day d, we assume that

Fk(R
⋆
kd) =

GPD(ukd, γkd, σkd) if R⋆
kd > ukd,

F emp
k otherwise,

(A.2)

To estimate the EVR part of the cdf, we use time and bank-level dummies in a quantile re-

gression approach to estimate ukd. We also use these dummies as covariates for estimating γkd

and σkd, in addition to the variables used in the conditional mean model. These variables are

complemented by the MSCI returns, the VIX and the lagged absolute residuals in the scale

equation. This approach shows satisfactory results to model the upper tail of R⋆
kd (QQ-plot can

be found in the Supplement).

Finally, for each month t, we match the vth largest observation f(R⋆
kt) (from the banks) within

the considered month with the vth largest f(R⋆
it) (from the hedge funds) to form bivariate

observations at time t, v = 1, . . . , Vt, with Vt being the minimum between the number of ob-

servations of hedge funds and banks at time t. This approach is similar to Mhalla et al. (2022).

We then use the corresponding R∗
vt =

(
f(R⋆

v(k)t), f(R
⋆
v(i)t)

)
at each point in time to conduct

maximum likelihood estimation. Notice that the use of the bank-level residuals R⋆
kt instead of
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the bank-index residuals R⋆
st is made possible because we do not use any conditioning informa-

tion on the banks themselves. This is akin to assume that the conditional tail dependence with

respect to funds and covariates is homogeneous across bank-level residuals.

The present approach may be linked to the methodology of Racicot et al. (2021) where they

regress covariates against the co-kurtosis between hedge funds and market returns. In that

context, one could replace the market index by a banking index and provide a different but

complementary view to our analysis, since we focus on the left tail dependence in order to

estimate (2), while co-kurtosis looks at the overall fat-taildness of the distribution.

B. Variables used in the analysis

In Table B.1, we provide a more detailed description of the variables we use in the analysis.

As discussed by Adrian et al. (2017) and Racicot et al. (2025), market illiquidity measures, such

as the one of Pástor and Stambaugh (2015) used here, are endogenous to market index returns,

leading to potential biases in a regression framework (see also Desban et al., 2023, for a similar

issue stemming from error-in-variable). As we are in a distributional regression setting, the use

of instrumental variables is not trivial and we cannot rely on approaches such as the one taken

by Racicot et al. (2025) to handle this issue. This represents a limitation of the analysis for the

interpretation of the related coefficients. Nevertheless, since our dependent variable consists

of fund-month returns, and not market index returns, we believe that this concern is of minor

importance, especially when it comes to the final estimation of the tail dependence, VaR and

systemic risk measures at the fund level.
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Variable Code Description Source
AUM Asset Under Management Eurekahedge
Subs. Freq. Subscription frequency Eurekahedge
Red. Freq. Redemption frequency Eurekahedge
Red. Not. Per. Redemption Notification Period Eurekahedge
Man. Fee Management Fee expressed in % Eurekahedge
Perf. Fee Performance Fee expressed in % Eurekahedge
ACF Auto-correlation coefficient lag 1 of the funds returns Eurekahedge
MIS - BU Dummy equal to 1 when Main Investment Strategy is Bottom-Up Eurekahedge
MIS - CTAM Dummy equal to 1 when Main Investment Strategy is CTA/Managed Futures Eurekahedge
MIS - Dis. Debt Dummy equal to 1 when Main Investment Strategy is Distressed Debt Eurekahedge
MIS - Div. Debt Dummy equal to 1 when Main Investment Strategy is Diversified debt Eurekahedge
MIS - DA Dummy equal to 1 when Main Investment Strategy is Dual Approach Eurekahedge
MIS - ED Dummy equal to 1 when Main Investment Strategy is Event-Driven Eurekahedge
MIS - FI Dummy equal to 1 when Main Investment Strategy is Fixed income Eurekahedge
MIS - LSE Dummy equal to 1 when Main Investment Strategy is Long Short Equity Eurekahedge
MIS - Macro Dummy equal to 1 when Main Investment Strategy is Macro Eurekahedge
MIS - MS Dummy equal to 1 when Main Investment Strategy is Multi-Strategy Eurekahedge
MIS - Others Dummy equal to 1 when Main Investment Strategy is Others Eurekahedge
MIS - RV Dummy equal to 1 when Main Investment Strategy is Relative Value Eurekahedge
MIS - TD Dummy equal to 1 when Main Investment Strategy is Top-Down Eurekahedge
MIS - V Dummy equal to 1 when Main Investment Strategy is Value Eurekahedge
HR Dummy equal to 1 if the fund uses hurdle rate Eurekahedge
HWM Dummy equal to 1 if the fund uses High Water Mark Eurekahedge
Leverage Dummy equal to 1 if the fund uses Leverage Eurekahedge
Lock-up Dummy equal to 1 if the fund uses Lock-up periods Eurekahedge
SP500 S&P500 returns Eikon Datastream
Size factor Size factor measured by Fung and Hsieh (2004) Eikon Datastream
PTFSBD Trend following factor on Bonds Data from Fung and Hsieh (2004)
PTFSFX Trend following factor on Foreign Exchange Data from Fung and Hsieh (2004)
PTFSCOM Trend following factor on Commodities Data from Fung and Hsieh (2004)
PTFSIR Trend following factor on Interest Rates Data from Fung and Hsieh (2004)
PTFSSTK Trend following factor on Stocks Data from Fung and Hsieh (2004)
Bond factor Bond factor, derived by the change in 10-year constant maturity yield Data from Federal Reserve Bank of St. Louis
Credit spread factor Credit spread factor measured by Fung and Hsieh (2004) Data from Federal Reserve Bank of St. Louis
MSCI Em. MSCI emerging markets index returns Eikon Datastream
Market illquidity Liquidity factor of Pástor and Stambaugh (2015) Pástor and Stambaugh (2015)
MSCI W. MSCI World index returns Eikon Datastream
VIX VIX Data from Federal Reserve Bank of St. Louis
RV Monthly realized volatility on the S&P500 Derived from S&P500 data

Table B.1: List of the different variables used in the analysis. For the dummy vari-
able MIS, all are set to zero when MIS is Arbitrage. Fung and Hsieh data can be found
at http://people.duke.edu/ dah7/DataLibrary/TF-Fac.xls. Required data for the bond fac-
tor, credit spread factor and VIX can be found at https://fred.stlouisfed.org/series/DGS10,
https://fred.stlouisfed.org/series/DBAA and https://fred.stlouisfed.org/series/VIXCLS. As
for the market illiquidity factor of Pástor and Stambaugh (2015), data are provided at
https://finance.wharton.upenn.edu/ stambaug/liq_data_1962_2021.txt.

C. Marginal regression analysis

At each reporting time, for each strategy, we compute the average estimated VaR at level 99.9%

for all funds belonging to the given strategy. We illustrate the evolution of this quantity for each

strategy in Figure C.1. For most of them, we can observe the peaks around the different crisis

periods (LTCM, bubble crisis, 2008 crisis, and COVID), in addition to a general decreasing

trend over time.
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Figure C.1: Evolution of the average VaR over all funds belonging to the corresponding strategy at
each point in time.

D. Goodness-of-fit for the marginal distribution of hedge funds and banks

In this section, we illustrate the goodness-of-fit of our approach with QQ-plots. For the hedge

funds, we focus on the fit of the univariate EVR approach on the corresponding data (Figure

D.1). For the banks, we show the QQ-plot for the data on which we apply the univariate EVR

approach (left) but also on the whole distribution of R⋆
kd. The use of the empirical cdf leads to a

poor fit in the very left tail of R⋆
kd, which does not impact the analysis because these estimates

are not used for the multivariate EVR.

Another interesting perspective would be to focus on financial performance measures, such as

the return on asset or return on equity, rather than bank index returns, leading to a different

interpretation of βsit. In this framework, adapting the approach taken by Calmès and Théoret

(2014) and using one of these measures could be an interesting alternative to ours.
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Figure D.1: QQ-plot of the pseudo-residuals computed from the estimated GPD distribution on the
exceedances. The further we go in the right-up corner, the further we are in the left tail of the hedge
funds returns distribution.

Figure D.2: (Left) QQ-plot of the negative pseudo-residuals from the mean-GARCH model, computed
from the estimated GPD distribution on the exceedances. (Right) Same as left, but we add also the
data that do not exceed the threshold and we apply the empirical cdf on the residuals that are not
exceedances.

E. Tail dependence and systemic linkage before/after the 2008 crisis

We show in more detail the comparison of hedge funds linkage with respect to the banking

sector through the tail dependence and systemic linkage (Table E.1). We compare the estimated

quantities before and after the crisis and conclude for both measures, for all hedge funds, that

there has been an increase in the extremal dependence between hedge funds and banks. The

only exception is Bottom-Up hedge funds for which we have a decreasing systemic linkage, on

the contrary of the tail dependence, due to the increasing shape parameter of these hedge funds.
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SL1995/05-2007/12 SL2010/01-2020/01 ∆S̄L (in %)
BU 0.945 0.942 -0.30***

LSE 0.95 0.951 0.60***

ED 0.916 0.935 0.10***

FI 0.824 0.85 1.80***

CTAM 0.971 0.973 2.60***

M 0.929 0.935 0.30***

MS 0.869 0.878 0.60***

Others 0.961 0.967 0.90***

τ̄1995/05-2007/12 τ̄2010/01-2020/01 ∆τ̄ (in %)
BU 0.422 0.494 7.20***

LSE 0.632 0.639 5.20***

ED 0.381 0.398 0.70***

FI 0.45 0.511 1.70***

CTAM 0.548 0.576 6.20***

M 0.397 0.427 2.80***

MS 0.46 0.485 3.00***

Others 0.577 0.629 2.50***

Table E.1: SL and τ̄ denote the average estimated SL and τ , respectively, grouped by strategies and
for two sub-periods, before and after the 2008 crisis. The difference between the two-period means
is tested for each group through a t-test. *, ** and *** indicate respectively significant coefficients at
level 10%, 5% and 1%. Numbers are displayed with 3 decimal places for clarity.
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F. Results of the regression against log-βsit

In this section, we present the result table for the Lasso regression of all candidate covariates

selected in the determination of βsit against the estimated value of log-βsit. This enables us to

shed light on the sign of the relationship between each determinant and the final estimate, in

the same spirit as in the work of van Oordt and Zhou (2019b).

BU MS LSE ED FI CTAM M Others

Intercept -1.14*** -1.11*** -0.34*** -0.06*** -1.09*** -0.94*** -0.95*** -0.91***

AUM 0.18*** 0.03*** 0.14*** 0.06*** 0.09*** 0.24*** 0.01*** 0.07***

Subs. Freq - -0.37*** - -3.23*** -0.29*** -0.48*** 1.54*** -
Red. Freq. -0.21*** 0.29*** -0.21*** -0.27*** -0.06* - -0.19*** 0.21***

Red. Not. Per. -0.96*** - - - -1.32*** - - 0.42***

Man. Fee 5.06*** 4.21*** -11.07*** -1.86*** -5.33*** -8.34*** 2.20*** -
Perf. Fee - -0.10*** -0.15* -0.27*** 0.23*** -0.36*** - -1.40***

|res|t−1 -5.83*** -4.87*** -4.15*** -13.34*** -3.64*** -3.82*** -7.14*** -5.32***

ACF 0.13*** - 0.54*** - -0.37*** 0.64*** -0.10*** 0.11***

HR 0.03*** - 0.21*** -0.07*** 0.02*** -0.19*** -0.15*** -0.07***

HWM 0.18*** -0.03*** -0.32*** - -0.05*** -0.05*** -0.08*** 0.20***

Leverage - 0.03*** 0.05*** - 0.02*** 0.06*** 0.15*** -
Lock-up - -0.09*** -0.26*** - - -0.15*** 0.03*** 0.042***

MIS - Dist. Debt -0.23***

MIS - Div. Debt -0.85***

MIS - DA 0.11***

MIS - Others -0.59***

MIS - RV -0.08***

MIS - TD 0.08***

MIS - V -0.16***

SP500 2.37*** 2.56*** 3.01*** 3.13*** 2.82*** 2.58*** 1.95*** 2.56***

Size factor 1.21*** 1.35*** 1.42*** - - 0.25*** 0.61*** 0.60***

Bond factor -0.18*** -0.12*** - -0.17*** -0.14*** -0.15*** -0.12*** -0.13***

Credit spread -0.37*** -0.19*** -0.54*** -0.20*** -0.24*** -0.18*** -0.17*** -0.47***

Market illiquidity - 0.33*** - - 0.33*** - 0.27*** -
MSCI Em. 2.89*** 0.55*** 0.47*** 0.63*** - - 0.22*** 0.72***

MSCI W. 3.55*** 1.96*** 1.78*** 1.41*** 0.98*** 1.16*** 1.34*** 1.40***

VIX 0.05*** 0.05*** 0.05*** 0.05*** 0.05*** 0.05*** 0.04*** 0.05***

RV 22.32*** 16.26*** 6.39*** 11.41*** 17.96*** 14.359*** 14.65*** 15.60***

PTFSBD - - - -0.25*** 0.20*** 0.17*** - -
PTFSFX -0.14*** -0.14*** - -0.30*** -0.17*** -0.16*** -0.16*** -0.18***

PTFSCOM - - -0.16*** -0.32*** 0.26*** - 0.10*** -0.18***

PTFSIR -0.12*** -0.05*** -0.07*** 0.45*** -0.03*** 0.21*** -0.05*** 0.10***

PTFSSTK -0.41*** -0.43*** -0.43*** -0.56*** -0.65*** -0.48*** -0.46*** -0.50***

Man. Fee. × VIX - - - - - - - 0.00***

ACF × VIX - - - 0.01*** - - - -

adj. R2 0.60 0.61 0.62 0.59 0.61 0.64 0.58 0.65

Table F.1: Regression coefficient for the Lasso-OLS regression of all the covariates previously selected
by our models on the estimated log-βsit. *, ** and *** indicate respectively significant coefficients at
level 10%, 5% and 1%. A description of the variables is provided in Appendix B.
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