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Systemic Risk, Contagion, and State-Dependent Batiss
in Value-at-Risk Estimation: Evidence from Hedga&s

Abstract

The occurrences of the 2007/2008 financial crisigaled the relevance of systemic
risk and contagion effects for proper risk managanmeactice. Adrian and Brunnermeier
(2009) propose a CoVaR framework by incorporatiogtagion and systemic risk into
value-at-risk estimation. We build upon this impaitt concept by showing that the current
approach of estimating the CoVaR neglects the aunanaondition of the financial
environment and thus cannot model the spilloveensities between two asset classes
adequately. In this paper we propose a state-depeseénsitivity VaR (SDS-VaR) to show
that contagion varies considerably over differearkat conditions. In particular, shocks to
the VaR of one asset class only have a marginahéimpn the VaR levels of other asset
classes during normal market conditions while tlne shocks lead to considerable
contagion in volatile market periods. During thiate of the market, hedge funds have by far
the largest impact on the VaR of the financial eystimpulse response functions from this
SDS-VaR measure can be used to reveal the amountesfiependencies between asset
classes during market periods of financial distkebich will be a highly relevant indicator
for risk management purposes. The modeling ofspmh effects between several financial
institutions allows us to expand existing hedgedfuisk factor models by a systemic risk
factor.

Keywords: State-dependent sensitivity (SDS) valiugs&; systemic risk; contagion;
guantile regression; hedge funds

JEL-Classification: G10,G12



1 Introduction

From a risk management perspective one of the magsbrtant lessons from the 2007/2008
financial crisis is probably that systemic risk aspillover effects are carelessly underestimated
in most current risk measures and that risk measemeinstruments such as value-at-risk (VaR)
are in need of proper adjustments if the levelisk is to be measured adequateliRecent
promising work in this direction is the working apof Adrian and Brunnermeier (2009) who
introduce CoVaR as a measure for systemic’iBhkis conditional VaR measure incorporates the
additional risk in assatcaused by assg¢tbeing in distress. If the focus is on macroprudént
bank regulation assets taken to be the financial system. A substauiifé&rence between asset
j’'s CoVaR and its VaR measure then indicates siganiti contribution of this asset to general
systemic risk and should result in higher capiteitbarges for this institution. From the point of
view of an investor CoVaR may be useful for quaimi spillover risk between assets of a
portfolio thus providing additional information ocmerning the tail behavior of the asset’s joint
distribution.

In this paper we propose a state-dependent seatysiiaR (SDS-VaR) which builds on the
CoVaR framework but estimates the spillover seviigs conditional on the state of the
economy. Our empirical results show that the caatagffects from other asset classes are
negligible during tranquil and normal market cormaiis but become a major risk driver during

turbulent market periods. Measuring the spillovensstivities over all states of the economy

Y In line with literature we define a crisis to bes®mic in nature if many companies fail togetiuerif one
company’s failure propagates as contagion causiaddtlure of many other companies. See e.g., Aghgz009).

2 CoVaR stands for “contagion” or “conditional” VaRote that in the literature, the term “conditiovaR”
or CVaR (Artzner et al., 1999) usually refers te thathematical expectation of the return underctirition that
the VaR has been exceeded. This common VaR mehsumver is based on the own past return historycdares

not condition on spillover effects from other asset



results in an average value that is not repregeataf any of the economic states. Even in the
context of risk management where the efficient mndf capital reserves and risk budgeting
plays a major role, state-dependency cannot beciegl.

The remainder of this paper is organized as folloWse next section gives a short
overview of the existing approach to CoVaR estioraind proposes the SDS-VaR approach of
modeling contagion risk conditional on the stateha economy. We discuss the full-sample-
static and the rolling-window-dynamic properties thfs model. Impulse response functions
showing the dynamics in risk spillovers are presénin Section 3. Based on our previous
results, we derive a systemic risk factor and eocéddhe hedge fund multi-factor model of Fung
and Hsieh (1997) in Section 4 to render more pedcishe risk premiums of hedge fund

investments. Some concluding remarks are drawreati@& 5.

2 A State-Dependent Sensitivity VaR Model

Value-at-risk (VaR) is a risk measure with the agipg property of expressing the risk in only
one number. Its intuitive interpretation and retaiga importance has led to general acceptance
and wide application for internal and external msgs. From a statistical standpoint estimation
of the VaR requires adequate modelling of the timeing distribution of return$In the past, a
vast variety of different approaches have beeniegpln the expanding literature on VaR
estimation, GARCH (Bollerslev, 1986), extreme vatheory (Danielson and De Vries, 2000),
conditional autoregressive VaR (Engle and Mangan20l04), and simulation based methods

(Barone-Adesi and Giannopoulos, 2000) seem to dateirCommon to all methods is the fact

% In the multivariate VaR context additional attentihas to be devoted to the tail dependencieseifjaint

density of returns.



that the information set that is used to form theRVestimates is confined to the past return
history of the asset or portfolio under consideratiThe occurrences of the 2007/2008 financial
crisis, however, has sparked interest in the dep®®l of a VaR measure of one asset
conditional on the VaR of some other agsatd perhaps the total financial system.

The value-at-risk is the estimated loss of an assf within a given period (usually 1-10
days), will only be exceeded with a certain smatlyability & (usually 1% or 5%). Thus, the 1-
day 5% VaR shows the negative return that will betexceeded within this day with a 95%

probability,

prob] return <-Vay|Q, |=6. 1)
The CoVaR has the same concept, ipmb[ returq<—Cquth]:0 but differs in the
information setQ, that is used in the estimation process. Whileiticathl VaR measures only
make use of the own past return history, iQ;.(VaR):{ e T;-z,---'fo} the CoVaR also
includes the VaR of some other, however, relatsdtas

Q,(CovaR :{ N A ro,VanQt} . (3)

The current approach of estimating the CoVaR isstoquantile regression, by regressingéhe

% quantile of the return distribution on a constamdVaR thus generating the VaR as the fitted

values from this regression:

CoVaR, = R,| VaR=a+B0Val. 4)
Adrian and Brunnermeier (2009) extend the basisigarof Equation (4) by adding an AR(1)
term in order to account for the strong autoregvesstructure inherent in the time series of

CoVaR, . Furthermore, several firm characteristic variatdach as leverage, size, and maturity



mismatch enter the equation in lagged form gemegad flexible risk measure that reacts
sensitively to the underlying return process.

One of the main contributions of this paper is tovie evidence that the coefficiegt
which measures the spillover intensity ¥dR on VaR strongly depends on the state of the

economy. During normal market timgs will have only little economic significance whitae
spillover effects become very large if financial rkets in general, and the VaR of aspat
particular enters a state of financial distressisTie of course completely in line with our
understanding of systemic risk, which only becorsggiificant during a crisis period. The
spillover coefficient[:’ estimated with the model specification in Equaiiépor some variation
thereof will be an average over all states of tt@nemy, possibly being not even representative
of any of the states. We propose a two-step apprtat makes use of quantile regression. In
contrast to the CoVaR model of Adrian and Brunneem@&009) who use quantile regression to
model the distribution of returns, our SDS-VaR nisdie distribution of the value-at-risk.
While the former model requires setting the quandilto 5% or 1% in order to model the VaR,
our model enables us to regress over the wholeerafguantile$.When using asset classes or
industry aggregates the quantiles of the VaR cannbmpreted as reflecting the state or
condition of the economy whereby high quantilesegpond to tranquil market periods and low
guantiles to situations of financial distress. Rartnore, our interpretation of a SDS-VaR model
differs from the interpretation given in Adrian amfunnermeier (2009). In their view, the

CoVaR, estimated from Equation (4) measures the VaR sétasonditional on assgtbeing

under distress. Furthermore, the difference betw@eWaR,; andVaR is supposed to measure

* In fact, we estimate equation (6) over a range 0of6 quantiles with

g ={0.05, 0.125,0.1875,0.25,0.3125,0.375,0.4375,0.528,%6625,0.6875,0.75, 0.8125805, 0.9375, O.QIS



the contribution of assgto the market risk of assetThis interpretation, however, is misleading
since VaR is simply used as an additional explanatory végidbr modelingVaR. Asset]
however will have a corresponding VaR level at giwen point in time which in itself does not
reveal any information about the financial conditiof assef.’ It may also be misleading to
interpret the differences betwe&oVaR,; and VaR as assef's risk contribution since both
models measure the same thing: the value-afrisle interpret SDS-VaR (i) as an improved
value-at-risk model that accounts for the spillogercontagion risk that is caused by related

assets, and (ii) as an approach to explicitly revka size of the contagion risk through

coefficients that vary over time as well as ovdfedent states of the economy.

The first step in our model setup is to estiméa® andVaR separately:
VaR =y, + o, fork=ij. (5)
It has become practice to mode] by extracting the conditional standard deviatioonf a

GARCH(1,1) model (Kuester et al., 2006, Fuss et 2009). This will account for the time-
varying distribution of returns accurately and leaol substantial improvements in the sensitivity
of the VaR to changes in the return process. Wkthelefore follow this practice.

In a second step/aR now becomes the dependent variable in the quaetjesssion (see

Koenker and Bassett, 1978; Koenker, 2005):

® In fact, even the number of asgstVaR exceedances will only reveal information abitiet goodness of
the applied VaR model but nothing about the finahcondition. In contrast, only a comparison ofamset’s VaR

level over time is likely to display any reasonaibli®rmation about it's health status.

® This would be like interpreting the differenceween §, and §, as the contribution ok, to y, where §,
and y, are the fitted values from the regressiops a,,+ 8,,x,+ 8,%,, and y =a,, + 3,,X,, respectively. This,
however, is only true for the special case tI‘E[tu| )5] =0. In particular, it would requireVaRH to be
uncorrelated with/aFl{t_l, an assumption that is highly unlikely to holdoractice.



SDS- VaR,, ,=a,+ B, VaR+B,, VaR+By| \R|. (6)
The fitted values in Equation (6) constitute t8®S- VaR with the coefficient vector

B’=(ag,,81,9,,82ﬂ,ﬁ39) depending on the state of the economy. Equatignc@tains the

following variables:
The value-at-risk of assetThis variable can be the VaR of a related asst#teoaggregate

VaR of an asset class or of the financial systehe doefficient of interest ig , which, for

large values of¢, estimates the contagion of aspein asset during tranquil market periods.

Similarly, small values o will result in a 5, that indicates the amount of contagion during

periods of financial distress. This variable mayeerin lagged form depending on the speed at
which information is processed by market partictpan

The lagged value-at-risk of asseMost VaR estimates will exhibit a considerable anto
of autoregressive structure. This term controlstifies fact and ensures that the main coefficient

of interest, B, , is not biased by a possible correlation betwé¢aR, , andVaR .

The absolute return of assetThis specification corresponds to the symmetrisollie
value model in Engle and Manganelli (2004), whoentre first to apply autoregressive quantile
regression in a value-at-risk context. This vaeableasures the response to changes in the
underlying returns. As positive and negative nelwsuil both increase the level of risk, the

returns are taken in absolute valles.

" Engle and Manganelli (2004) also propose a sedalsymmetric slope model which controls for negati
and positive return changes separately. Althougg dpbproach leads to statistically significant elifinces in the
coefficients of this term, their increase in mogetformance is only marginal so that we will onlynsider the

symmetric specification above.



2.1 Data Description

The subprime crisis of 2007/2008 spread from asaeked securities and CDOs to commercial
banks and on to hedge funds and investment BaRsthe empirical analysis we therefore use
the following four asset categories for the timerigue 04/02/2003 — 12/01/2009 (1,740
observations):

1. Residential REIT IndejDatastream series RITRSNA(PI)]: The subprimeisriarted
with the default of mortgage backed securities ewithteral debt obligations. REITs are
an adequate approximation since negative shockthdse financial instruments are
directly reflected in the market for REITs.

2. Commercial Bank IndefDatastream series BANKSUS]: The commercial bamekx
from Thomson Reuters.

3. Investment Bank IndeXhe investment bank index was created from 23igyHisted
investment banks. We used principal component aisalfor generating the index
weights.

4. Hedge Fund IndefDatastream series HFRXEWS]: The Hedge Fund RekeBgual
Weighted Strategies Index is comprised of all blgghedge fund strategies.

All series are price indices as the dividend polmfy companies would contaminate the

estimation of spillover effects among asset prices.

2.2 Static SDS-VaR Estimation

In this section we will provide empirical evidenime the general direction and size of the state

dependent coefficient estimates of Equation (6yeneral and the spillover coefficied, , in

8 See for a comprehensive discussion of these lg&k&gunnermeier (2008).



particular. The estimation uses the sample periaonf04/02/2003 — 12/01/2009 (1,740
observations) in order to cover tranquil, normaid avolatile market periods. Although a
dynamic rolling window estimation of 1-step-aheamtetasts would be preferable from a
practitioner’s point of views, the static approdus the advantage of presenting all coefficients
in one table and thus facilitates comparison betvassets and economic states.

The need to model the contagion coefficient inadestiependent way is demonstrated in
Figure 1 which shows the slopes of this coefficfentdifferent quantiles. The upper left panel in
Figure 1 shows a scatter plot of the VaR level ommercial banks against the VaR of
residential REITs while the upper right panel depibe effects from changes in the aggregate

hedge fund VaR on the VaR of investment bahks.

<< Figure 1 about here >>

In both graphs, the solid blue regression line shtve spillover coefficient as implied by
the CoVaR model in Equation (4). This line howegkarly does not capture the differences in
spillover intensities for different states of theoeomy. For instance, the simple CoVaR model
would estimate the slope of the spillover effectsrf the residential REITs VaR to the VaR of
commercial banks to be 1.2. This corresponds tosthiel red line in the lower left panel of
Figure 1. If we interpret this situation as normerket conditions, it is striking to see the slope
of this coefficient to almost double during markenditions of financial distress. Similarly, the

spillover effects are only half the size of the giemCoVaR estimate during tranquil markets. The

° Similar pictures can be seen for other asset auatibns. However, the scatter plots above are swtble
for demonstrating the effects of state dependené&ieghermore, our empirical results in the nexttise suggest

that these are of particular importance.
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lack of representativeness of the spillover cordfit of the simple CoVaR model becomes even
more apparent when considering the spillovers fhaage funds to investment banks as shown
in the right panel of Figure 1. In this case th#i®gers are estimated to be much higher than for
other assets. At the same time, the range betweehigh quantile effect and the low quantile
effect are also much larger.

The general SDS-VaR model in Equation (6) can lienated with a larger number of
combinations of dependent and independent variadesell as different market conditions. In
fact, if we choose the 75% quantile for tranquilrked conditions, 50% for normal market
conditions, and 12.5% for conditions of financi@teess 144 coefficients and their respective
significance measures have to be estimated ancrmiegsin a way that enables comparison
between market conditions and coefficieflt®anel A in Figure 2 shows a level plot of the
coefficient estimates with the lower panel showtihg corresponding-values. Axis names on
the left of each box denote the dependent varialblide the axis labels on the bottom or top
denote the respective spillover variable on thatrltand side of Equation (6). The coefficient
estimates are furthermore divided into tranquilinmal, and volatile market conditions. Rather
than showing the exact coefficient estimate, tlod pses a color key and relative box sizes to
indicate the coefficient size. This allows for duend easy comparison of coefficients between
asset classes and market conditions. Figure 2 stimvhe largest coefficient is attributed to the
autoregressive term with values close but genebalgw 1. This autoregressive structure further

becomes stronger as market conditions turn bleak.

19 The number 144 is the result of 4 coefficients gguation times 4 different independent variatilees 3
different spillover variables for a given indepentgariable times 3 different market conditionsmedy tranquil,

normal, and volatile.
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<< Figure 2 about here >>

The main interest, however, lies in the spilloveefticient 3, 1 Although being smaller
in size compared t@,,, most of the coefficients are highly significaBerhaps the most striking

fact to derive from this figure is that the VaR lkpiers from hedge funds to the other asset
classes increases during periods of financialeBstiwith the largest increase for spillovers to the
investment banking industry. In contrast, the hefdge industry itself does not seem to be much
affected by shocks in any of the other asset ctasBas can be explained by the fact that the
financial stress experienced by major prime brokéiected hedge funds by margin calls as well
as a tightening of credit availability first. Theonstitutes significant financial shocks on the
funding and the asset side of hedge funds duringceha@ownturn. As a consequence spillovers
of risk among hedge funds arise and affect thaeehtdge fund industries. However, because
hedge funds and banks are interconnected, thedailihedge funds produces capital losses
among banks (Klaus and Rzepkowaki, 2009). In fBanhel B in Figure 2 reveals that the

values for spillovers to hedge funds are insigaific Finally, the coefficient3,, shows the

responsiveness of the SDS-VaR to absolute changée ireturn process. This effect becomes
stronger (i.e. more negative) for periods of finahdistress so that VaR measures seem to be

more susceptible to changing market conditionsndpttieses periods.

2.3 Dynamic SDS-VaR Estimation

™ Note that the color key does not use equal disgnsince the distribution among the four coeffitie

estimates in Equation (6) varies considerably. iRstance, while the autoregressive coefficigg)y is distributed
with mean 0.96 and standard deviation 0.05, thenwatue and the standard deviation of spilloveffacient g is

only 0.09 and 0.15, respectively.
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If the SDS-VaR was to be implemented in practicdsk manager would realistically estimate
the model in a rolling window and subsequently ¢ast one or more steps into the future. This
requires estimating the SDS-VaR for different questand selecting the model which quantile
represents the economic conditions at timEor instance, a SDS-VaR model with coefficient

estimates that correspond to the lower tail of WaR distribution is applied during times of

financial distress. In this situation a forecastoirporates the “coefficients of the crisis” rather
than some average measure which may not be repmégerof the dependence structure during
this time!? For instance, the empirical results from the statbdel indicate a higher sensitivity
to shocks coming from the hedge fund industry wieancial markets are in distress. Panel A
of Figure 3 shows the SDS-VaR for Investment bankk spillovers from the hedge fund
industry for the period 3/01/2005 — 12/01/2009cdémtrast to other common VaR methods such
as the normal VaR the SDS-VaR reacts sensitivelyhinges in the underlying return process
and indicates an appropriate level of risk during trisis period of 2008 and the first half of
20009. In this respect this model is quite simiaestablished flexible VaR measures such as the
GARCH-VaR or the CAViaR model of Engle and Mangdn@004). In fact, recent studies
show that these univariate VaR models are already efficient so that room for improvements
is marginal at best The contribution of the SDS-VaR model to the badyexisting VaR

techniques is that it (i) explicitly reveals thegnéude of the spillover at timtewhich will guide

2 The short memory in the autoregressive structfirdh@® SDS-VaR model lends itself to one-step-ahead
forecasts whereas multi-step-ahead forecasts witlkty loose in efficiency. The forecast performanwill also
depend on the stability of the current economicddion. As shown below, the quantile selection gdare in fact
does not lead to erratic “quantile hopping” so tift error of selecting the wrong quantile for fbeecast remains
small.

13 See for example the studies on VaR performancepadeon of Kuester et al. (2006) and Fiiss et al.
(2009).
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the investor in pursuing the right hedging strategyd (ii) provides useful information for
scenario analysis in asking questions such as Smitva shock to the hedge fund industry affect
a certain asset class?".

Panel B of Figure 3 shows the changes in coeffisiand their corresponding 95% error

bands for a rolling 500 trading day window. Thellsper coefficient 5, , shows the sensitivity

of the investment bank VaR to changes in the VaRedige funds. As market conditions change
from tranquil to turbulent, the magnitude of thntagion coefficient increases markedly with
spillovers for the lower 12.5% quantile of the istraent bank VaR being roughly twice the size
of the spillovers during more steady market pha3é& two standard deviation error bands

shows that this effect is also significant over thieole sample period. The coefficieitt, ,

shows that the SDS-VaR is highly autoregressiveh woefficients being generally higher

during volatile market periods and for lower qukssti These coefficients are also highly
significant. Finally, the value-at-risk becomes moegative for absolute changes in the return
process and this effect is again more pronouncelbfeer quantiles.

An interesting property of the SDS-VaR is shownthe left graph of Panel C, which
denotes the development of tResquared of the SDS-VaR equation. While most comivaR
measures tend to perform less well during perigdéinancial distress, the amount of total
variation explained by the SDS-VaR model actualigréases as more information concerning
the spillover variables becomes available.

In practical applications of the SDS-VaR model agiole point of criticism may be the

fact that one-step-ahead forecasts are construdtieg) coefficients that possibly change on a

14 We will answer these kinds of questions in sectioee when we model the dynamic effects of a dne t

shock using impulse response functions from a 4ggu VAR system.

14



daily basis, thus creating an additional sourcerafertainty. Although this “quantile hopping”

can in principle lead to very erratic forecast hetiaPanel A in Figure 3 demonstrated that the
series of one-step-ahead forecasts captured thenrthe return series efficiently. To strengthen
this argument the right graph in Panel C showsgythantiles selected by the model. In the period
before 2007 only medium and high quantiles weral dse forecast construction, whereas low
guantiles were selected during the period of tharfcial crisis. Note that the variability in the

guantiles decreases strongly during this periodhsb any quantile selection error is reduced

during this time.

3 Risk Spillovers in a System of Hedge Funds

3.1 Scenario Analysiswith Impulse Response Functions

Figure 3 shows the impulse response functions fanquil, normal, and volatile market
conditions. This corresponds & being equal to the 75%, the 50%, and the 12.5%tdes of
assei’s value-at-risk distribution over the period 04223 — 12/01/2009 (1,740 observations),
respectively. During calm market periods none efshocks to the VaR measures of any of the
four asset classes leads to significant spillot@the VaRs of other asset clas§&shis supports
our hypothesis that risk spillovers only take placeler certain market conditions but do not

pose a thread to the whole system when financigketsare in a stable condition.

<< Figure 3 about here >>

15 The series are shocked once in the order of ithésttheir steady state values.
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As we proceed towards more volatile market condgjdiowever, our results suggest that
REITs mainly affect commercial banks and to somtemxinvestment banks. Shocks to the
VaRs of commercial banks in turn seem to impact\Mh®&s of the investment industry while
shocks to the investment bank sector have litfiecefon the risk levels of other assets even in
volatile market periods. The most striking effelstasvever come from shocks to the hedge fund
industry which decreases the VaR measures of R&ifdiscommercial banks even under market
conditions in which shocks from other assets remainoticed. During times of extreme
volatility, however, shocks in this asset classehtremendous effects on all of the remaining
three asset classes. The largest impact can bevellder the VaR of the investment bank sector
for which the response is estimated to be evertatgmn the initial shock to the hedge fund VaR
itself.* In this case, a one time shock at tinvll even be visible several months later.

In the model specification for the hedge fundsrémsponding asset classes enter the SDS-
VaR equation in lagged form whereas respondingtassger in contemporaneous form in all
other cases. This type of specification has be&ttsel because hedge funds are not publicly
traded so that any shocks to this industry grodp become noticeable through sell-side actions
taken by the affected hedge fund or through newasliacome available to the financial system.

In both cases a lag of one day seems to be redsdhdBor instance, the impact on the

% |n fact, for very low quantiles the impact on athesset classes is estimated to reach a magnitade t
causes response functions to explode, i.e. thessdd not return to any long-run steady state.graph that shows
the responses to a shock in the hedge fund indtretrgfore does not represent the 12.5% quantiiedtber the
0.375% quantile.

" This is also supported by the fact that the impuésponse functions for a shock in the hedge ifuthastry
show only little reaction when variables enter amtemporaneous form. Note however that we did olbdw this
setup in the static approach above. The currefiprary results in Figure 3 come from VARs that miat contain

any identifying restrictions and the lag specificatmight change in the future.
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investment bank industry reaches its peak at abdutading days, at a time in which the initial

shock to hedge funds has already receded.

4. Systemic Risk in Hedge Fund Factor Models

This study is at a very preliminary stage. In tleamfuture we will use the SDS-VaR model to

construct a risk factor of systemic risk for thealéhfinancial system. We expect this systemic
risk factor to be priced in a factor model for hedgnds as proposed by Fung and Hsieh (1997,
2004)*® Estimating the systemic risk factor will involveet following steps:

1. Estimate the return for the financial systermgsa universe of stocks, bonds, hedge funds,

commodities and REIT indices. Each asset categdhthven enter the SDS-VaR equation

SDS- VaR,, , =, +B,, VaR.+B,, VaR,+pBy| ,R| as aspillover term.

2. Compute the fitted values frorﬁ'm =a, +,5’1,9V3|,?1-1, thus extracting only the systemic
risk component or contribution to total financiekrof the SDS-VaR of each asset category.

3. The sum of alléyj'g1 can be interpreted as the “immediate” systemik fos the whole
financial system. Note that this risk factor notyochanges in a time dimension but also in a
state dimension since different state-dependerfficieats 5, , are used to estimafsym :

4. In order to control for the fact that (i) onmé shocks to each asset class impact the financial
system not only it+1 but also in the following periods and (ii) she¢k one asset class also

propagate to other asset classes and thus ingli@mtkributing to the shock in the financial

18 Fung and Hsieh (2004) use the following eight teefimd risk factors: bonds, currencies, commodities
trend-following risk factor according to Fung angiéh (2001); the two equity-oriented risk factogsiigy market
and size spread; the two bond-oriented risk fadbored market and credit spread factor; and the gingemarket

index.
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system, we will extend the vector autoregressisengwork of Section 3 in order to estimate

cumulative impacts by controlling for these intgreledencies over an extended time period.

5 Conclusion

The financial market crisis of 2007/2008 has resgdlindamental shortcomings in the current
framework of banking regulation. Common value-akrmeasures consider each company in
isolation and do not control for risk spilloversween companies and asset classes. Recent work
in this area extends the traditional VaR measuyesontrolling for spillover effects from other
assets. The additional insights from such an esbmdramework are useful for setting capital
surcharges in the context of banking supervisioonfa practical standpoint the knowledge of
risk spillovers and their size is relevant for diéeg on the right hedging strategy as well as for
scenario analysis.

We propose a state-dependent sensitivity VaR muadhéth measures spillover effects
conditional on the state of the economy. The magdeitin estimated spillovers differs
considerably over different states of the econdigryoring the state dependency in the variables
leads to an average estimate of contagion thatmoape representative of the actual spillovers
in any of the states. In particular, our empiricagults indicate only marginal spillovers risk
during tranquil and normal market periods whiledtsin the VaR of one asset class can lead to
substantial contagion in times of financial disstels this context hedge funds are estimated to
be most relevant in generating systemic risks dutiimbulent market periods.

We present the dynamics of shock spillovers usmpuise response functions. During
volatile market periods one time shocks to the \6dBne asset can lead to significant responses

in the VaRs of other assets. In line with our poei results we find that shocks to the hedge
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fund industry give rise to considerable VaR reawtiof investment banks and other assets. In
fact, one time shocks in the hedge fund VaR leadhtock reactions in the whole financial

system that can be observed for several months.
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Figure 1: Value-at-Risk Scatter Plots and Quanféects for Selected Assets
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Figure 2: Coefficients and P-values of the StaitSS/aR Models
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Figure 3: Dynamic SDS-VaR Model for Investment Bamith Spillovers from Hedge Funds
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Figure 3: Impulse Response Functions For Trandudrmal, and Volatile Market Conditions
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Volatile Market Conditions: 0.125-Quantile
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NotesThe observation period ranges from 4/02/2@032/01/2009 (1,740 obs.). REITs, commercial baakd investment banks enter the SDS-VaR equation
without lags whereas the hedge fund index enteretjuation with lag 1. For the volatile market dtods, the IRF of the hedge fund index shows tagecof the
37.5% quantile because lower quantiles lead tol&#tbEDS-VaRs that do not return to a steady statdition.
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