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Chapter 1

Introduction

Linear and extreme dependences are ubiquitous in finan@gtats. While linear
correlations and covariances have been well investigat#uki literature and established
as a critical input in financial management, the notion ofeare dependences between
financial variables has mainly been fostered during thenteft@ancial crisis. Extreme
dependences capture the behavior of variables duringuvailte and their neglection is
thought to be one of the main reasons for the severity of ttendial crisis. The dis-
sertation investigates the linear and extreme dependénatuses in credit derivatives
and equity markets and studies their possible implicationasset pricing and portfolio
management.

Linear dependences in the form of correlations and coveesibetween the returns
on financial assets have been a recurring topic in both refs@ad practical applications.
The consideration and the reliable estimation of corretetiand covariances play a cru-
cial role in asset pricing, portfolio selection, and riskrmagement. For example, most
asset pricing theories rely on the assumption that the mekum of an asset is deter-
mined by the covariance between the future return on theé asskeone or more bench-
mark portfolios. The capital asset pricing model (CAPM) of&fe (1964) and Lintner
(1965) predicts that expected excess returns on an asggbaa@tional to the covariance
of the asset returns with the returns on a portfolio compasfeall available assets in

the market. Similarly, the asset pricing studies in FamaFedch /(1993) and Carhart
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(1997) show that the risk premium of an asset depends on tlagiance between the as-
set returns and the returns on several benchmark port@mtiosunting for market returns,
size effects, differences in book-to-market equity, ansmaotum in stock returns. More
recently, Acharya and Pedersen (2005) extend the CAPM tanttesion of liquidity risk
and document return premia due to the covariance betweandundl and market-wide
liquidity, individual stock returns and market-wide ligity, and between individual lig-
uidity and market returns. Moreover, portfolio selectiordasset allocation are widely
based on the mean-variance approach proposed by Mark@®B8) and, hence, rely on
the estimation of the potentially large number of correlasi between the returns on the
underlying assets. More precisely, deriving the optimatfpbo in thelMarkowitz (1959)
framework requires a forecast of the covariance matrix efabset returns to obtain the
corresponding portfolio variances that are used to idgtitié mean-variance combina-
tion which maximizes the investor’s utility. Furthermoliagar dependences are essential
in risk management applications such as, e.g., the calonlaf portfolio Value-at-Risk
and Expected Shortfall as well as the computation of optineslge ratios. While the
former requires the estimation of the correlation betwéerrisk factors of the portfolio,
the latter relies on the covariance between the returnseofs$isets in the hedge. More
recently, linear dependences are found to be of prime irapoet in the measurement of
systemic risk. In this context, Acharya et al. (2010) defireerharginal expected shortfall
(MES) as the average return of a particular firm during the S8tstwdays for the market
and show that MES predicts systemic risk. Brownlees and HAQE?) build on this idea
and propose an econometric approach for the estimation & Mgt explicitly models
the correlation between firm and market returns.

The statistical properties of correlations have been sxtely studied in the econo-
metrics literature. It has now become common knowledgectbraglations change through
time and are asymmetric in the sense that the correlationeeet asset returns tends
to be greater during market downturns than during markatrapt While the first ev-
idence on time-varying variances and covariances datdstbathie seminal studies of

Mandelbrot (1963) and Fama (1965), it was not until the wdrBallerslev et al.|(1988)
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that researchers started to explicitly model time-vaviatn correlations. Several exten-
sions have been developed since then (see, e.g., Engle andrkKd995; Tse and Tsui,
2002). | Engle(2002) proposes dynamic conditional cornglagstimators that remain
tractable in high dimensions. The notion of asymmetriesametations, on the other
hand, has been widely supported in the financial econon@siure. Erb et all (1994)
study cross-country correlations and find correlationsetbigher during recessions than
during growth periods, while Longin and Solnik (2001) focusextreme correlations be-
tween international equity markets and document that adioa increases in bear mar-
kets, but not in bull markets. Further, Ang and Bekaert (2@@®elop a regime-switching
dynamic asset allocation model to quantify the effect ohasetric correlations on opti-
mal portfolio choice, and Ang et al. (2006a) compute CAPM setanditional on market
up- and downturns and show that investors demand compengatiholding stocks with
high covariation conditional on downward movements of tteekat.| Patton (2006) doc-
uments asymmetric correlations between exchange rate€lamstoffersen et al. (2012)
find asymmetric correlations between equity returns of lbgesl and emerging markets.

Asymmetries in the correlation structure of asset retumdy deviations from mul-
tivariate normality. Another source of multivariate noormality is constituted by the
existence of extreme dependences which are also in the tddhe dissertatiod. Ex-
treme dependence captures the behavior of economic wesidhting tail events and is a
source of risk to investors. Informally, it denotes the @doitity of one variable being in
its extremes, given that the other variable also takes aemet values. Ignoring extreme
dependence can be costly, as documented by the recent dhamnsis.

Starting in 2007, the financial crisis arose from the comiomeof a credit boom and
a housing bubble. The resulting collapse of the financiaksysvas essentially driven by
the securitization of mortgages that was conducted by finhimstitutions to evade regu-
latory capital requirements. Substantial increases irtgage financing and house prices
encouraged banks to enhance yields by securitizing subpnortgages, which led to a

dramatic growth in the market for credit risk transfer instents, enabling investors to

1Extreme dependence is also referred to as tail dependetioe following.
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price, repackage, and disperse credit risk throughout ttaadial system. Large banks
and other complex financial institutions, however, useditresk transfer products such
as collateralized debt obligations (CDOSs) to repackagersulepnortgages into opaquely
structured securitized mortgages which were erroneoriplg{A rated by rating agencies
due to modeling failures and conflicts of interest. Insteatiansferring the associated
credit risks of the subprime mortgages to other investods@mpletely removing the
large risk concentrations from their balance sheets, nfakese financial institutions in-
vested in triple-A rated tranches of subprime CDOs, bettgajrest the event that a large
number of subprime mortgages defaulted at once. But, as ikmahn, their bets turned
out to be wrong and the housing bubble burst, resulting idhafalling house prices and
a huge number of mortgage delinquencies. In a couple of rsptité market of structured
credit risk transfer instruments declined seriously araliguidity of mortgage-backed
securities dried up, causing many financial institutionsuffer profound liquidity prob-
lems and severe losses. Consequently, a lot of distress&d @ne bailed out and even
more banks received financial aids from governments, leadinvorldwide collapses in
the financial system.

It is the neglection of extreme dependence that criticadlgeal to the severity of the
financial crisis. The underestimation of the probability flee contemporaneous default
of many mortgages was a consequence of modeling failurésreébalted from using
correlation-based and tail-independent pricing modelsreprecisely, when pricing the
credit risk for a portfolio of defaultable entities, the natidg of joint default probabil-
ities is essential._Li (2000) suggests to model the defaritetations between the sur-
vival times of the defaultable entities and proposes cpaoeding pricing formulas for
credit transfer products based on a Gaussian copula frarkeWwde Gaussian copula
is, however, asymptotically independent in the tails arsliaes that tail events occur
independently in each margin. Thatlis, Li's (2000) pricimgnmiework is based on the
simplifying assumption that mortgages default indepetigef each other, thereby as-

signing zero probability to tail events such as joint defaof many mortgages. Despite

2See Acharya and Richardson (2009) for a critical discussivthe causes of the financial crisis.
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these limitations, the simplicity and tractabilitylof L{2000) pricing approach attracted
worldwide attention and was adopted by the vast majorityneéstors, financial institu-
tions, rating agencies, and regulators, leading to anypegtimistic assessment of credit
risks and, in the sequel, to a mispricing of credit transfedpcts. The resulting dis-
tortion of corresponding risk-return profiles spurred anbitic surge in the issuance and
trading volume of these products, which finally resulted oridwide bankruptcies and
financial collapses after the burst of the housing bubblexddeextreme dependence con-
tains valuable information and ignoring this informatiastpotentially serious and costly
economic consequences.

Empirical evidence of extreme dependences has been fomgdblefore the finan-
cial crisis hit. Starting with_Longin and Solnik (2001) whpy extreme value theory
to derive the distribution of extreme correlations and findlence for extreme depen-
dences in the negative tail of multivariate equity returstrdbutions, the seminal work
of Poon et al..(2004) provides a general framework for thatifleation and modeling of
extreme dependences based on techniques from multivextiteeme value theory. The
latter find supportive evidence for the results in Longin &athik (2001) and document
that stock returns exhibit considerable left-tail deperdewhich is much stronger than
right-tail dependence. Eventually, the onset of the fir@nmiisis has given tail risks a
renewed salience and spurred a surge in empirical studiestoeme dependences in the
financial economics literature. For example, a new strartladiterature has given rise
to studies focusing on the possible implications of taksiand extreme dependences on
asset pricing. Recently, Bollerslev and Todorov (2011) areatiie time-variation and the
pricing of tail risk in aggregate stock returns and show thatcompensation for rare
events accounts for a large fraction of the average equiyvarniance risk premia. In a
related study, Kelly and Jiang (2013) isolate a commonitkifactor in the cross-section
of individual stocks and find this factor to be a strong preati¢or aggregate market
returns. | Kole and Verbeek (2006) and Ruenzi and Weigert (2048 the other hand,
document a similar result for the cross-section of stocurret using lower tail depen-

dence coefficients as a proxy for equity tail risk. Howeuee, hotion that the assumption
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of multivariate Gaussianity is inadequate when modelingeadeences between financial
variables has prompted researchers to revisit classioalgms not only in asset pricing
but also in various other fields of financial economics likg, inancial intermediation
(Oh and Patton, 2013), portfolio management (Christoffeedel.| 2012), and credit risk
(Christoffersen et al., 2012; Oh and Patton, 2012).

Apart from the introduction, the dissertation is composkEor self-contained chap-
ters, which can be read independently of each other and eeadifferent facets of the
linear and extreme dependences in credit derivatives amityegarkets. Credit deriva-
tives are financial instruments which derive their valuerfriihe credit risk of the under-
lying asset (e.g., defaultable bonds). Here, we are edperiterested in credit default
swaps (CDS) which are widely used to transfer credit risksragrezonomic agents and
attracted worldwide attention during the recent financiai€. A credit default swap is
essentially an insurance contract that provides proteeti@inst credit loss due to default.
The buyer of a CDS contract makes periodic payments (reféoread premiums) to the
seller of the contract and, in exchange, receives a payatff the seller if the reference
entity defaults on a loan or a bond prior to the maturity ddtéhe contract. The peri-
odic amount that the protection buyer pays the protectiierse quoted in terms of a
spread. There now exists a substantial body of literatur€@8 contracts. The interest
in credit default swaps is largely driven by the close relatbetween CDS spreads and
the market perception of default probabilities. For ins®rnCDS spreads are higher for
entities which the market perceives to have higher defaolbgbilities or higher losses
given default (see Creal et al., 2012; Oh and Patton,/2013).

Credit default swaps are focused on in Chapters two and thitbe diissertation. The
second chapter deals with extreme dependences between Sep&ads of major Euro-
pean banks and shows that the propensity of a bank to expergtreme co-movements
in its CDS premia together with the market is priced in the mdkfault swap spread
during the recent financial crisis. The aversion of investorthe risk of joint extreme co-
movements in default probabilities is measured by estimgétie upper tail dependence

in the CDS spreads of individual banks with respect to a CDSos@atlex and this is
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referred to as the bank’s CDS tail beta. From a theoreticaitmdiview, there exist two
potential channels for tail risk being priced in CDS premiasti-tail risk could be priced
in CDS premia due to time-varying recovery rates and, seaunel{o counterparty credit
risk. The empirical pricing study documents that CDS taibbef significant determinant
of the CDS premia of banks. Banks with higher CDS tail betas @digmnificantly higher
CDS spreads. This effect is economically large as banks ingper quintile of CDS tail
betas have an average CDS spread that is 140 basis points thighehe average spread
of banks in the lower quintile of CDS tail betas. The regrassinalyses show that the
risk premium protection sellers receive for bearing th& oga surge in CDS spreads
complements the traditional determinants of CDS premig &kg., leverage and volatil-
ity. Moreover, these findings are robust to the additionalusion of several alternative
measures of linear co-movement in CDS and equity marketsllfisub-sample analy-
ses show that the correlation between banks’ CDS premia andt@iDi&tas is limited
to the crisis years of 2007 to 2010. The third chapter stuthear dependence structures
in the liquidity of CDS contracts and investigates the imgdaommonality in CDS lig-
uidity on the pricing of credit default swaps. The chaptealgres commonality in CDS
liquidity as a different facet of liquidity risk and propasa novel approach of measuring
commonality in the liquidity of CDS contracts. More preciséiquidity commonality is
measured by the Rof regressions of individual liquidity on market-wide ligity. Theo-
retically, since CDS markets are in zero net supply, credéuweswaps should only carry
a premium for expected illiquidity but not for liquidity ks The empirical pricing study,
however, shows that the proposed measure of commonality [ iZDidity is priced in
both the cross-section and time series of credit defaulpgwamia. CDS spreads include
a statistically significant discount for liquidity risk ilné form of liquidity commonality.
The effect is also economically meaningful as an increas&D liquidity commonality
by about 10.7% decreases the CDS spread by approximatelysl 1Hypther, the pric-
ing of commonality in CDS liquidity is different for calm andisis periods as liquidity
risk is found to be a priced factor in CDS spreads only durirgrécent financial crisis.

Finally, the chapter documents that liquidity seems to beenmoportant for the pricing
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of CDS than fundamentals from structural models of defask.rirhe fourth chapter ex-
tends the scope of the dissertation and additionally ssuithie dependence structures in
equity markets as well as cross-dependences between degnititives and equity mar-
kets. To be precise, Chapter four analyzes the linear andregtdependences between
stock prices, stock liquidity, and credit risk and proposegconometric approach to dy-
namically model their joint distribution. Stock liquiditg proxied by the corresponding
bid-ask spreads and credit risk is measured by the defanittapilities extracted from
credit default swaps. The chapter proposes a dynamic ving@oodel that captures the
dependence between a stock’s return and its liquidity, éksteeturn and the default in-
tensity of the underlying firm, stock liquidity and the detantensity of a given firm, and
all relevant cross-dependences (e.g., between a stotlrs i@nd the liquidity of another
stock). The empirical study first documents the existencggrfificant time-varying tail
dependence between the stock returns, stock liquiditytl@cespective firm’s default in-
tensities and then proposes a liquidity- and credit-adpistlue-at-Risk that enables risk
managers to reliably forecast the total risk exposure obeksnvestment. The proposed
dynamic vine copula model is found to capture time-varyaigdependence significantly
better than static copula or dynamic correlation-basedaisodrinally, Chapter five inves-
tigates whether the choice of extreme dependence estifétots the assessment of tail
risks and has a significant impact on the validity and econaiginificance of key results
from recent studies in the financial economics literaturestated above, the recent finan-
cial crisis has renewed interest in the exploration of taks and prompted researchers
to substitute linear correlations by measures of extrenpemgence in classical studies
on asset pricing, portfolio selection, and risk managemé@ite consensus underlying
these studies is that joint extreme co-movements in equite® default intensities, and
liquidity are not adequately captured by correlation bududth rather be modeled using
estimates of tail dependence. The empirical finance liteeahowever, is far from agree-
ing on the question how extreme dependence should be mda3imas, the fifth chapter
reviews various commonly used techniques for estimatiegdil dependence of a joint

distribution in a given data sample. Starting with a compredive Monte-Carlo simula-
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tion study, the chapter first shows that especially statimesors produce severely biased
estimates of tail dependence when applied to samples win-tiarying extreme depen-
dence. The empirical study then documents that the choi@stohator significantly
affects the importance of tail dependence in asset pricdgntrary to earlier findings
in the literature, the economic significance of the crasisisiity of stocks as a priced
factor in the cross-section of stock returns is found to ballamd to critically depend on

the choice of extreme dependence estimator.



Chapter 2

Is Tail Risk Priced in Credit Default

Swap Premia?

2.1 Introduction

Do spreads of single-name credit default swaps (CDS) writtelmank names reflect a
risk premium for extreme financial disasters? There is Bmirey empirical evidence that
stock market investors receive compensation for beariagisk of extreme tail events in
the financial market (see Bollerslev and Todorov, 2011). Caunsetly, investors agree-
ing to sell protection via a credit default swap could just #ame receive a premium
for bearing the risk of the swap being triggered during p#siof financial turmoil. If
tail risk is indeed priced in a firm’s credit default swap p'rathis effect should be
particularly pronounced for banks. Although macroecomoshiocks should indubitably
affect all industry sectors, concerns about the financiahgth of a bank could induce a
bank run by depositors (see Diamond and Dyhvig, 1983) artitors (see Duffie, 2010;
Gorton and Metrick, 2012), likewise. This in turn could lgacan additional increase in
the bank’s default probability. In this paper, we estimateak’s upper tail dependence
between the log differences of its CDS and a relevant CDS mar#tek (referred to as

the CDS tail beta to investigate whether the propensity of an individualkbsmjointly

Throughout this paper, we use the terms “CDS premia” and “6@8ads” synonymously.

10
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surge with the banking sector is priced in the bank’s CDS paieMmie find that it is: the
propensity of a bank’s CDS to experience extreme upward ceements with a CDS
index for the financial market is a significant determinarnthefbank’s CDS premia.

Many analyses in option pricing have emphasized the findiagihvestors are crash-
averse. As deep out-of-the-money index puts have oftenfoeed to have a high implied
volatility, investors appear to insure themselves agamrsteme downward movements
of the market when investing in equity markets (see Jackwart Rubinstein, 1996;
Ait-Sahalia and Lo, 2000; Garleanu et al., 2009). Empiricppsrt for this hypothesis of
investors demanding compensation for bearing crash rigivén by Ruenzi and Weigert
(2013), who find that a stock’s lower tail dependence witlpeesto the market portfolio
is a priced factor in the cross-section of stock returnspfsingly, the literature on credit
risk still lacks an investigation into the question whethesestors selling protection in
a CDS contract receive a comparable premium for bearing skeofithe reference firm
defaulting when default probabilities experience a mavkete increase.

Predictions from theoretical models of CDS premia on the wpresvhy sellers of
CDS contracts should be compensated for tail risk are inasive. The majority of pric-
ing models for CDS contracts are based on the framewaork of ®affd Singleton (1997,
1999). In their model, two possible channels exist for tak being priced in CDS pre-
mia. First, tail risk could be priced in CDS premia due to tigaying recovery rates.
Shleifer and Vishny (1992) show in their model that assetieslat liquidation, i.e., the
recovery rates in the models|of Duffie and Singleton (19989)%are low for firms that
default when other firms in their industry are experienciagicflow problems or when
macroeconomic conditions are poor. This, in turn, showd e rational protection seller
to ask to be compensated for the risk that the CDS will triggemnes of financial dis-
tress. If the reference firm defaults when other firms in theesendustry are also in
trouble, this lowers the recovery rate received by the ptmie seIIeH Everything else
remaining constant, protection sellers will require a eigbremium for selling CDS con-

tracts on firms that tend to default when instances of defaaiease in their industry

ZAcharya et al.|(2007) show empirically that creditors ofadgfed firms recover significantly lower
amounts in present-value terms when the industry of defdditms is in distress.
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(or in the overall economy). Second, tail risk could also bequl in CDS premia due
to counterparty credit risk. However, counterparty creidik should primarily affect the
buyer of the CDS contract leading to a lower price at which tingeb is willing to pur-
chase protection due to the fact that CDS transactions angeedo be marked-to-market
daily and to be over-collateralized in favor of the largeldebanks that usually sell CDS
contracts. Empirically, however, the effect of countetparedit risk on CDS premia
has been shown to be vanishingly small (see Aroralet al.,)20C@nsequently, theory
implies that tail risk should be priced in CDS premia althotigg expected direction of
this effect is unclear. While we expect time-varying recguates (implying a positive
relation between tail risk and CDS premia) to dominate theoefof counterparty risk
(implying lower premia for firms with higher tail risk), theugstions whether and how
tail risk affects CDS premia ultimately require an empiriaablysis.

There now exists a substantial body of literature on therdetants of credit spreads.
Collin-Dufresne et al.| (2001) examine the drivers of corpotaond yield spreads and
find that most drivers proposed in theory have little to norglanatory power in re-
gressions of corporate credit spreads. Closely related, Galivand Taksler (2003) and
Cremers et all (2008) find that idiosyncratic volatility is@onomically significant de-
terminant of levels of corporate credit spreads. The aiglyfscorporate bond yields,
however, only offers a distorted picture of a firm’s credskti As noted by Blanco et al.
(2005) and Ericsson etlal. (2009), new information is inooaped faster and more ac-
curately into credit default swap premia than into corpataind yields. Moreover, the
latter include further nondefault components (like, diguidity risk and taxes) and re-
guire the specification of a risk-free yield curve model técakate spreads from bond
yields (Duffie and Liu/ 2001; Longstaff etal., 2005; Ericssnd Renault, 2006). Yet,
we still know relatively little about the fundamental factalriving CDS premia. While
studies on the determinants of credit spreads questiorxjilaretory power of observ-
able covariates, Ericsson et al. (2009) show that equitgtiity and firm leverage suffice

to explain most of the variation in CDS premia over time and)asrfirmg The theo-

3Using a discrete time no-arbitrage model with observabkagates, Doshi et al. (2013) show that four
(observable) covariates extracted from the riskless témctsire, the firm’'s distance-to-default computed
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retical basis for most of these hypothesized determinard&/en in the structural model
of Merton (1974). In his model, a firm’s default probabilignd consequently, the value
of a corresponding CDS), are influenced by the firm’s leveragaity volatility and the
level of the risk-free rate. Especially during times of finah crisis, however, CDS pre-
mia could additionally be driven by risk preferences of pobion sellerQ. If investors
were averse to downside risk (see, e.g./Roy, 1952; Kahnenthinaansky, 1979), CDS
protection sellers should require a premium for bearingigleof negative externalities
spilling over from other financial institutions to the reface bank. Anecdotal evidence
from the recent financial crisis strongly supports thiseofis banks experienced extreme
co-movements in their CDS premia following the collapse dfitban Brothers. In this
paper, after carefully controlling for the temporal vaoatin the tail dependence of CDS
spreads, we test and confirm the hypothesis that CDS pratesstiters are compensated
for the risk of a joint crash in the CDS market.

We measure the aversion of investors to the risk of jointezr&r co-movements in
default probabilities by estimating the upper tail depemdein the CDS spreads of in-
dividual banks with respect to a CDS sector index and refehi®ds the bank’'€DS
tail beta In essence, the upper tail dependence between two randiablea measures
the probability of both variables to experience co-movetsientheir upper right tail. As
linear correlations cannot fully describe the completeethel@nce structure in a joint re-
turn distribution in a non-gaussian framework, a growingdypof literature has employed
methods from extreme value theory and copula theory to stodylinear dependence in
asset returns (see, e.g., Longin and Solnik, 2001; Poon &04l4; Ruenzi and Weigert,
2013). In this paper, we build on these recent results fromliterature and employ
the Dynamic Asymmetric Copula (DAC) model of Christoffersemlet(2012) to esti-
mate the upper tail dependence between the log differed@siadividual bank’s CDS

spreads and the log differences of a CDS bank sector index. hére follow in the

using option-implied volatility, and the VIX suffice to exgph CDS spreads.

4As noted by Christlel (1982) and Collin-Dufresne et al. (20®bwever, market value leverage can
also increase due to negative stock returns. There is thined lihk between the pricing of CDS contracts
via the model of Mertan (1974) and extreme crash risk in gquiices

SRecent studies in the literature that incorporate (craskaverse investors into standard asset pricing
models include, e.d., Shumway (1997); Ang etlal. (2006a&MRuand Weigerl (2013).
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footsteps of Collin-Dufresne etial. (2001); Campbell and TEk003); Cremers et al.
(2008);. Zhang et all (2009) and Ericsson etlal. (2009) arichat# time-series and panel
regressions of CDS premia with bank fixed effects on knowredsiof credit risk as well
as on CDS tail beta.

We find that CDS tail beta is a significant determinant of the CiD&npa of banks.
Banks with higher CDS tail betas exhibit significantly higher &Bpreads. This effect
is economically large as banks in the upper quintile of CDBhiaiias have an average
CDS spread that is 140 basis points higher than the averagadspf banks in the lower
quintile of CDS tail betas. In our regression analyses, wevsiat the risk premium
protection sellers receive for bearing the risk of a surgélrs spreads complements the
traditional determinants of CDS premia like, e.g., leverage volatility. Moreover, our
findings are robust to the additional inclusion of severtdrahtive measures of linear
co-movement in CDS and equity markets. In our sub-sample/sisalve show that the
correlation between banks’ CDS premia and CDS tail betas thding is limited to the
crisis years of 2007 to 2010.

Our paper is related to several recent investigations inoptricing of equity and
credit derivatives. Most notably, our investigation drawspiration from the study of
Ruenzi and Weigert (2013) who document a crash risk premiuvequity prices. While
their study is concerned with the correlation between loiérdependence and equity
prices, our analysis investigates the determinants of CE8ipid Moreover, in contrast
to their work, we account for time variation in the dependesitucture of individual and
sector-wide CDS premia. Our work is also related to the stuloljeEricsson et al. (2009)
and Doshi et al! (2013), but we additionally consider a pteamior crash risk in the CDS
market as an additional explanatory factor in our empireellysis of CDS premia. Nev-
ertheless, our results do not refute but rather complenmentindings by Ericsson etlal.
(2009) as their results remain valid in our sample periodestors thus seem to demand
a risk premium for CDS tail beta when it is needed the most:nduai tail event. Finally,

our paper is also related to the contemporaneous studieshlan@®Patton (2013) and

6The link between a firm’s stock returns and its credit riskialgzed in detail by Friewald et al. (2014).
Their study, however, is not concerned with the determsmahCDS spreads per se.
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Christoffersen et al| (2013). Both studies, however, do nasicler the determinants of
CDS premia.

The rest of this paper is organized as follows. Sedtioh 2s2rilees the data and the
econometric models we use for estimating CDS tail betas. ti@®d2.3, we present
and discuss the results of our analysis on the determin&di@®8 premia. Section 2.4

concludes.

2.2 Modeling extreme CDS spread co-movements

The purpose of this section is to present the data and odlimmeconometric frame-
work for modeling log differences of CDS spreads as well ag themamic multivariate
dependence structure. We start with a description of treealad a brief study on the styl-

ized facts of log differences of CDS spreads to identify theexti model specifications.

2.2.1 CDS data and stylized facts of CDS spreads

To investigate the economic importance of CDS tail beta ferEaropean banking
sector, we construct a sample of more than 54,000 daily CDSgomdes between Jan-
uary 2004 and September 2010. The data on CDS quotes areedtiiemCredit Market
Analysis (CMAyia Thomson Reuters Financial Datastreakor all available major Eu-
ropean banks, we also collect daily bid and ask quotes. Torereccuracy and data
consistency, we apply several filtering criteria to our ddtse considered CDS series are
exclusively written on single-name entities and are dehateEuro. We further include
only those contracts in our final sample that refer to serabt ssues and discard the class
of subordinated debt. Additionally, we restrict our an&ysolely to contracts exhibiting
a five-year term structure, since these are the most frelguesdtied terms and therefore
unlikely to be distorted from low levels of liquidity. Morger, for a bank to be included
in the our sample, we require the bank to be listed on a magokstxchange and have

stock price data readily available IDatastreanH Finally, on the individual bank level we

"Note that the subsequent empirical analysis requires CD8e#lisas stock market quotations. See
Sectior[ 2.8 for details.
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exclude all time series with missing values after obsertgfirst quote. Starting with a
universe of all European bank names covere@MA, we identify a remaining total of 35
banks matching the above mentioned filtering crigrmote that the overall sample size
is solely restricted by data availability of both CDS and ktowarket quotes. To estimate
the CDS tail betas of the banks in our sample, we later empbpdiléerences of an index
of CDS spreads that is constructed as the log differences efjaally-weighted average
of individual CDS spreads across all sample banks. For isectransparency, Talile A.1
in Appendix A provides an overview of the bank names as wetlasesponding ticker
symbols.

Table[Z2.1 reports summary statistics of daily CDS spreads. r@dlsehe mean sam-
ple spread is at a comparatively modest level of 91.94 bgsmilmimum and maximum
premia range from 1 bp (EBKOF) up to 1327.86 bps (BILMI), indileg fundamental
changes in investors’ risk perception during the samplegderin addition, an average
standard deviation of more than 100 bps reflects a signifieaatof volatility in observed
CDS spreads. Furthermore, an analysis of the CDS spreadgnées and skewness in-
dicates that a great portion of daily spread quotations edound in the lower tail of the
distribution. We find average CDS spreads to be positivelyveklesuggesting that the
pre-crisis period is characterized by lower credit spreatshence, lower CDS-implied
default risk. This is confirmed by the evolution of averageeags over time depicted in
Panel (a) of Figure 2l1. As can be seen from Figurk 2.1, dailg §@eads remain on low
levels between January 2004 until mid-2007. With the conuasrent of the sub-prime
crisis however, a fundamental re-valuation of credit rabkiplace resulting in highly ele-
vated CDS levels after mid-2007. Additionally, we reportévelution of daily minimum
and maximum spread quotations illustrated by the shadgdayes. We find the cross-
sectional variation to be rather low in the pre-crisis pegtat find a substantial widening
after mid-2007, suggesting not only a system-wide increaseDS-implied default risk

but also an asymmetric assessment of banks’ credit riskgltine crisis.

8A comprehensive overview of bank-specific CDS data availabl CMA can also be found in
Annaert et al.|(2013).



Table 2.1: Descriptive statistics of CDS spreads.

The table presents descriptive statistics on daily CDSssfzref the 35 sample banks for the period from January 2004tth@c2010. We report the number of observations, minimum andneax values, percentiles
and moments as well as first order autocorrelations (in %, eédrag AC(1)), where the minimum and maximum of each column is printéold type. Except for the number of observations, skesn@xcess)

kurtosis, and AC(1), all entries are denominated in basistpgbps). Company names are abbreviated by their corresmpBthomberg ticker symbols listed in Talble A.1 in Appendix A.

Percentiles Moments

Obs Min 1st 5th 20th 80th 95th 99th Max Mean St. Dev. Skewnesscc. Eurt.  AC(1)
ACA 1760 5.50 6.00 6.20 7.80 90.52 132.08 173.73 237.81 47.0446.87 0.87 -0.27  99.43
AIBSF 1761 5.70 6.20 6.60 8.20 233.95 457.51 616.88 646.725.981 152.07 1.49 145 9945
ALPHA 1761 10.80 16.50 18.50 25.47 37.00 716.90 938.96 1048.80 109.79 209.75 2.77 6.84 99.42
BBPI 1761 1050 11.50 13.50 17.50 104.95 357.53 437.19 607.270.63 95.30 2.65 6.81 99.25
BBVA 1761 7.10 8.00 8.60 9.40 95.41 185.57 249.67 295.16 /4.2 58.86 1.42 159 99.34
BCPSF 1761 13.00 13.50 14.50 22.50 325.00 485.00 579.50 5079.134.44 171.49 1.20 -0.02  99.73
BILMI 870 65.70 7250 100.00 152.30 560.94 1087.12 1271.10 1327.860.539 315.66 1.38 0.81 99.35
BKESF 1761 8.20 9.00 9.90 13.00 124.50 378.53 515.37 635.582.128 110.31 2.44 6.20 99.34
BKT 1358 10.50 10.77 11.31 14.72  219.70 294.02 321.26 356.008.44 108.54 0.71 -1.14  99.59
BMDPF 1761 6.00 6.16 7.20 14.00 87.50 159.08 206.68 228.63 .2652 48.99 1.32 1.16 99.24
BNP 1761 5.00 5.50 6.00 7.50 68.80 105.33 127.21 155.38 36.69 34.60 0.91 -0.26 99.34
BPCGF 1761 8.00 8.70 9.20 12.00 104.50 356.67 451.08 572.282.727  98.50 2.47 6.08 99.24
BPESF 1761 7.50 8.34 9.00 10.50 200.00 301.88 344.01 437.706.16 8 108.48 1.04 -0.44  99.63
BPI 1756 9.80 11.02 13.60 31.00 122.60 214.25 363.63 439.994.828 68.46 1.69 3.86 99.50
BPMLF 1761 1140 11.70 13.00 17.80 81.80 140.70 156.65 085.050.34 41.67 1.14 0.13  99.47
CBK 1761 7.40 8.16 9.00 14.00 85.40 123.86 145.00 170.52  349.2 38.93 0.75 -0.57  99.27
CRIH 1761 7.00 8.00 10.00 12.00 103.20 155.07 215.00 278.744.635 53.47 1.13 0.57  99.40
DBK 1761 8.70 9.40 10.80 13.50 98.70 140.00 165.00 187.95 3352. 45.98 0.80 -0.65 99.44
DEXB 1761 2.50 3.00 450 8.00 222.09 335.00 433.68 550.00 103.25 124.56 1.00 -0.22 .7299
EBKOF 1761 1.00 1.00 11.95 15.00 152.68 240.00 397.30 487.13 80.77 89.51 1.53 9 2.99.16
EFG 1289 1222 1271 14.58 14.79  165.60 757.24 983.56 1236.724.28 241.02 2.30 420 99.23
FSVVF 1761 5.80 6.00 6.50 1450 113.30 281.61 386.96 415.008.616 80.88 2.13 466 99.21
GLE 1761 5.70 6.00 6.40 8.00 94.82 125.82 153.71 208.55 46.8145.32 0.74 -0.80 99.46
IITSF 1761 5.40 5.80 7.00 12.50 73.52 131.20 164.76 200.00 .8043 40.94 1.27 0.81 99.33
IKB 1761 1.00 1.00 1250 16.00 387.54 965.44 1008.40 1109.86 220.85 285.59 114 1.07 99.63
LB 1761 1222 1245 12.64 19.89 230.00 369.09 545.00 584.5(16.50 129.06 1.24 0.93  99.40
ING 1761 4.00 4.30 5,00 7.00 8957 130.00 160.00 188.30 45.72 45.60 0.85 -0.56  99.50
IRLBF 1752 5.00 6.00 6.80 8.42 232.49 379.51 620.11 670.28 3.661  143.55 141 152 99.48
KBC 1759 6.90 7.20 7.50 9.50 137.21 253.92 308.67 343.30 975.4 83.61 1.16 0.39  99.60
KN 1761 6.30 7.00 7.50 9.20 151.50 276.01 325.00 390.18 81.8593.52 1.09 0.02  99.57
MDIBF 1761 6.50 7.00 7.40 13.30 82.02 143.33 165.50 175.00 .4147 44.83 1.14 0.11  99.50
SAB 850 19.60 21.00 27.40 126.00 287.51 336.52 362.54 383.897.09 91.29 -0.15 -0.91  99.14
SAN 1761 7.00 8.00 8.80 10.00 95.73 161.70 202.15 260.51 752.7 52.83 1.09 0.31 99.32
UBlI 1718 6.50 12.50 13.00 16.00 87.03 159.22 182.46 22356 .5352 48.96 1.19 0.35 99.42
UNBLF 1552 22.00 23.30 25.00 3142 153.24 375.00 543.63  3801.104.16 113.42 2.21 472  99.81
Average 1676 9.64 10.72 13.18 21.22 157.15 320.33 406.32 .2466 91.94 101.78 1.37 147  99.43
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Figure 2.1: Time evolution of CDS spreads, log difference€DE spreads, and equity
returns.

The panels of this figure show, respectively, the time eimtuof CDS spreads, log differences of CDS
spreads, and equity log returns over the sample period fesmaly 2004 to October 2010. In each of the
panels, the black line refers to the average across all 3plsdranks, whereas the shaded area represents the
span between maximum and minimum spread/return valueshawesshe range of values that is covered
for each day of the sample. To facilitate visual inspectioa,smooth the shaded area by applying moving
averages to the maximum and minimum spread/return serigsityfreturns and log differences of CDS
spreads are measured in %, CDS spreads are denominatedsipdiass (bps).
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Table[2.2 presents descriptive statistics on the log diffees of CDS spreads. The
log differences range from -77.67% to 106.63% on averadkectang both substantial
upward and downward movements in CDS spreads. As we can sedfeaesults on the
moments, the log differences are characterized by a nbigigiean (0.15% on average)
and a significant standard deviation ranging from 4.51% (URBtb 51.25% (EBKOF).
Additionally, the log differences are positively skewed7& on average) and exhibit tail
risk, as indicated by a pronounced excess kurtosis. Theofidgr autocorrelations are
negative for most sample banks and -8.02% on average. Tleeetolution of the log
differences of CDS spreads is illustrated in Panel (b) of Fglil. The plot shows that
in the beginning of the sample period the average log difiegs vary between -10% and
15%, whereas the shaded area between maximum and minimwervatisns stays rela-
tively tight around the average differences. As of 2006 ¢éobetion 530), the magnitude
and volatility of average log differences increase and theded area raises gradually
indicating growing cross-sectional variation in the loffetences of CDS spreads. Af-
ter the onset of the financial crisis, the shaded area tiglgbarply around the average
log differences in October 2007, whereas the magnitude aladiity of the average log
differences remain in approximately the same range.

Complementing the analysis of CDS spreads, we also shortlynssrhon some de-
scriptive statistics of the banks’ equity (log) returnsganeted in Tabl@]. Not sur-
prisingly, returns vary across a wide range of values anthraing to the results on per-
centiles and moments, the stocks possess the usual stghzedcteristics of negligible
mean log returns (-0.04% on average) and non-normallyildiséd returns with a slight
skewness of, on average, -0.43. The evolution of daily |dgrns over time is shown in
Panel (c) of Figuré 211. Underlining our previous finding® graph exhibits a pattern

that is commonly associated with equity return series.

9To preserve space, the summary statistics for equity retammshown in TableAl.2 in Appendix A.



Table 2.2: Descriptive statistics of log differences of CIp&ads.

The table presents descriptive statistics on daily logediffices of CDS spreads of the 35 sample banks for the periodJ&aouary 2004 to October 2010. We report the number of oligmrsaminimum and maximum
values, percentiles and moments as well as first order augdatons (denoted as AC(1)), where the minimum and maximum df ealumn is printed in bold type. Except for the number of obatons, skewness
and (excess) kurtosis, all entries are denominated in %. CaynEmes are abbreviated by their corresponding Bloombéertgymbols listed in Table Al 1 in Appendix A.

Percentiles Moments

Obs Min 1st 5th 20th  80th 95th 99th Max Mean St. Dev. Skewnessxc. Eurt.  AC(1)
ACA 1759 -43.97 -17.70 -8.84 -3.05 355 9.27 16.31 36.51 0.14 5.76 -0.19 5.85 -6.32
AIBSF 1760 -91.06 -21.90 -10.34 -2.85 345 1159 22.95 52.680.21 7.39 -0.79 18.82 -17.07
ALPHA 1760 -87.75 -18.93 -2.94 -0.20 0.00 3.36 21.45 209.20 0.19 7.54 11.66 356.77 -14.74
BBPI 1760 -84.07 -58.23 -5.15 -054 0.24 5.46 59.05 148.23 160. 13.43 0.82 28.89 -28.23
BBVA 1760 -39.32 -15.73 -8.54 -3.11 340 8.70 1754 31.54 0.17 5.70 0.03 5.56 2.26
BCPSF 1760 -75.81  -7.08 -251 -050 042 282 10.03 216.54 0.14 8.85 8.52 237.28 -3.54
BILMI 869 -31.28 -18.97 -7.73  -2.69 2.69 8.06 21.86 66.78 10.1 6.40 2.03 22.64 -10.96
BKESF 1760 -39.65 -14.10 -7.51 -2.69 3.10 7.80 15.52 3757 180. 5.15 -0.09 8.63 8.11
BKT 1357 -30.16 -8.23 -3.10 -0.80 0.56 3.08 891 278.70 0.18 8.24 28.62 963.92 0.74
BMDPF 1760 -41.23 -15.06 -8.37 -290 3.19 8.71 15.17 52.24 130. 5.54 0.46 9.89 6.78
BNP 1760 -36.05 -17.88 -10.21 -3.60 3.68 10.54 18.68 62.68 0.13 6.54 0.54 8.39 -10.23
BPCGF 1760 -35.42 -14.90 -7.41 -2.68 3.14 8.34 14.73 40.68 18 0. 5.22 0.22 7.88 5.00
BPESF 1760 -120.02 -16.09 -5.89 -0.72 1.08 5.96 16.04 217.39.19 8.10 10.68 339.73 -6.85
BPI 1755 -32.20 -16.60 -8.29 -2.70 299 8.38 16.54 76.04 0.11 5.81 1.90 24.68 -0.15
BPMLF 1760 -62.73 -15.12 -7.60 -2.43 270 8.12 13.60 38.72 090. 5.49 -1.19 22.84 -9.84
CBK 1760 -46.39 -15.42 -8.43 -3.01 332 8.35 16.04 59.86 0.08 6.00 0.67 16.80 3.45
CRIH 1760 -40.80 -15.92 -7.70  -296 3.36 8.24 15.35 54.04 40.1 5.68 0.42 13.04 1.10
DBK 1760 -47.63 -16.91 -8.64 -3.28 351 8.71 17.24 53.66 0.11 6.02 0.22 10.37 -0.01
DEXB 1760 -95.55 -37.40 -1054 -241 262 11.12 47.00 98.08 .220 11.77 0.93 23.36 -28.91
EBKOF 1760 -424.49 -162.31 -18.77 -1.22 145 2372 162.62 42449 0.13 51.25 -0.16 38.12 -44.63
EFG 1288 -72.91 -25.84 -259 -0.26 0.01 3.54 26.77 24993 7 0.2 9.67 13.48 353.22 -7.76
FSVVF 1760 -94.91 -15.29 -6.90 -1.46 1.32 6.90 18.05 83.10 09 0. 6.75 1.12 64.71 -6.61
GLE 1760 -41.59 -15.72 -8.85 -3.20 3.58 9.27 17.07 38.00 0.14 5.77 0.15 5.84 -5.11
IITSF 1760 -37.87 -17.12 -8.73 -3.08 3.28 8.86 16.61 75.38 110. 6.00 1.16 19.34 6.39
IKB 1760 -400.81 -140.63 -32.21 -249 233 36.59 128.85 304.84 0.15 39.26 -0.61 32.61 -33.28
ILB 1760 -59.78 -13.35 -449 -091 0.98 5.41 1454 134.06 90.1 6.13 6.54 174.79 -2.65
ING 1760 -33.90 -19.60 -953 -346 3.72 9.98 20.83 43.14 0.12 6.49 0.23 576 -1551
IRLBF 1751 -86.91 -17.22 -7.93 -241 296 9.27 18.46 37.47 210. 6.17 -1.62 28.97 -14.05
KBC 1758 -69.49 -14.49 -6.07 -1.40 1.83 6.77 13.89 82.73 0.13 5.61 1.97 63.74 -7.08
KN 1760 -50.93 -18.18 -791 -235 258 8.01 18.02 77.42 0.14 985 0.85 2755 -21.59
MDIBF 1760 -35.92 -13.83 -7.41 247 248 7.56 15.00 91.63 110. 5.66 3.22 52.81 -9.76
SAB 849  -21.13 -13.75 -6.04 -222 264 7.79 15.42 55.02 0.30 5.06 2.08 21.35 0.09
SAN 1760 -45.72 -16.26 -897 -3.373.82 8091 17.02 32.54 0.15 5.82 -0.18 5.92 2.57
UBI 1717 -136.69 -24.75 -6.00 -1.17 121 7.28 22.12 137.50 120. 8.85 1.82 103.17 -8.05
UNBLF 1551 -24.16 -13.47 -6.22 -1.80 1.68 7.30 14.69 33.540.07 451 0.65 8.98 -4.41
Average 1675 -77.67 -25.83 -8.24 -218 237 8.96 26.40 B06.60.15 8.96 2.75 89.49 -8.02
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Figure 2.2: CDS spreads versus log differences of CDS spreadscpuity returns.

The panels of this figure compare the time evolution of CD&ags to the time evolution of log differences

of CDS spreads and equity log returns, respectively, oveeséimple period from January 2004 to October
2010. The black line refers to the average CDS spread aclo35 hanks and is scaled according to

the right-hand y-axis, whereas the gray lines show the geeeguity log returns/log differences of CDS

spreads and are scaled according to the y-axis on the left-$ide. Equity returns and log differences of

CDS spreads are measured in %, CDS spreads are denominh#sisipoints (bps).

(a) CDS spreads vs. CDS spread log returns
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(b) CDS spreads vs. equity log returns
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The panels of Figure_2.2 compare the time evolution of sgreadhat of the log
differences of CDS spreads and equity returns. The plot giv&anel (a) of Figure 212
does not show any evidence of an increase in the volatili§®$ spreads during the crisis
at first glance. However, the volatility of log-differenc@DS spreads was extremely
high before the crisis with spreads remaining on a very loxelleWhen excluding the
pre-crisis period, key events of the financial crisis (likeg., the collapse of Lehman
Brothers) coincided with significant spikes in CDS spreadsiacieéased volatility of the
log differences. The plot given in Panel (b) further unaed the finding that the average
CDS spread and equity return volatility of banks comovedrdytine financial crisis with

both series increasing steeply between 2007 and 2009. Ce&dspdecreased after 2009
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but started to increase again with the onset of the sovedkgncrisis.

Due to modeling purposes, we will use daily log differenceE€DS spreads to esti-
mate our models and to calculate joint extreme crash risiceShe time series properties
of the log differences of CDS spreads are a rather unexploeddi ifi the econometric
literature, we will conduct a brief study on the stylizedt&aof log differences of CDS
spreads in the followin

The results of the time series analysis of the log differerafeCDS spreads are re-
ported in Tablé_2]3. In a first step, we check for stationasftyhe log differences. To
this purpose, we employ the augmented Dickey-Fuller (A5} tising the general re-
gression equation with a constant and a linear time @n‘lﬁhe corresponding-values
in column 3 of Tablé 2]3 show that the null of a unit root is cégel and all time series of
log-differenced CDS spreads are stationary. Unreportedtsasn additionally conducted
PP and KPSS tests support these findings. In the next stepheak ¢or linear serial
dependence and employ the Ljung-Box (LB) test with the numibéags equal to 20.
The LB test is not rejected for 40% (31%, 23%) of the sampl&banthe 1% (5%, 10%)
significance level (see column 5 of Tablel2.3). Hence, most teries are characterized
by significant linear serial dependence. Moreover, we perfanglé’s (1982) lagrange
multiplier (LM) test to check for ARCH effects. To control fanéar serial dependence,
we firstly estimate an AR model for each time se@ifhen, we regress the squared AR
residuals on their own history and test the null that all fioeints are equal to zero (no

ARCH effects

18Cont and Kanl(2011) undertake a similar study on log-difieeel CDS spreads for a different set of
CDS spreads.

The number of lags included in the regression of the testdsai to be the upper bound on the rate
at which the number of lags grows with the sample sizel(sed&al Dickey, 1984, for details).

2The order of the AR model is chosen such that the null of the2DB(est cannot be rejected at the
10% significance level.

BMore precisely, we use five lagged values of the squareduaisid



Table 2.3: Time-series analysis of log differences of CD®as.

The table contains the results on the time-series analysogdifferences of CDS spreads. We conduct the augmenteceipiglller (ADF) test of stationarity, the Ljung-Box (LB)skof linear serial dependence
(including 20 lags). Endle’s (1982) Im test of ARCH effec#fRCH LM) and the Jarque-Bera (JB) test of normality. Furthes,calculate upper and lower tail indices using the Hillragtior. The bias test refers to the
jointly conducted Sign Bias Test, Negative Size Bias Testelbas Positive Size Bias Test as proposed by Engle and Nggj1@hich test for asymmetries in conditional volatility. Tkast row presents the numbers of
banks for which the null hypothesis of the correspondingiteejected at the 1%, 5%, and 10% significance level, réspée Company names are abbreviated by their corresporiglommberg ticker symbols listed
in Table[A in Appendix A.

ADF test LB test ARCH LM test JB test Tail indices Bias test

Statistic  p-value | Statistic  p-value | Statistic  p-value | Statistic  p-value | Upper Lower | Statistic p-value
ACA -10.05 <0.01 22.57 0.31| 105.91 <0.01 > 10 <0.01 3.35 4.07 4.92 0.18
AIBSF -11.45 <0.01 79.95 <0.01 37.72 <0.01 > 10 <0.01 3.49 2.76 3.43 0.33
ALPHA -12.39 <0.01 86.01 <0.01 2.54 0.77 > 10 <0.01 2.02 0.99 5.62 0.13
BBPI -13.20 <0.01 267.11 <0.01 96.14 <0.01 > 10 <0.01 2.20 5.74 0.44 0.93
BBVA -11.57 <0.01 24.75 0.21| 149.91 <0.01 > 10 <0.01 2.45 3.76 1.34 0.72
BCPSF -12.08  <0.01 29.53 0.08 0.17 099 >10 <0.01 1.09 0.89 0.26 0.97
BILMI -9.04 <0.01 38.15 <0.01 0.44 0.99 > 10 <0.01 1.63 1.82 1.95 0.58
BKESF -10.61  <0.01 33.52 0.03| 127.28 <0.01 > 10 <0.01 2.82 2.47 0.71 0.87
BKT -10.79 <0.01 9.94 0.97 0.01 0.99 > 10 <0.01 1.17 1.72 0.46 0.93
BMDPF -11.39 <0.01 34.58 0.02| 169.76 <0.01 > 10 <0.01 2.84 3.15 2.83 0.42
BNP -11.07 <0.01 46.56 <0.01 64.27 <0.01 > 10 <0.01 2.72 3.20 0.41 0.94
BPCGF -10.30 <0.01 27.63 0.12| 155.62 <0.01 > 10 <0.01 2.70 2.52 0.19 0.98
BPESF -11.57 <0.01 37.37 0.01 0.05 099 >10 <0.01 151 2.29 0.90 0.83
BPI -10.56 <0.01 23.93 0.25 13.27 0.02 > 10 <0.01 2.18 3.69 0.83 0.84
BPMLF -12.32  <0.01 39.40 <0.01 0.35 099 >10 <0.01 2.79 2.20 0.34 0.95
CBK -10.85 <0.01 50.69 <0.01 274.83 <0.01 > 10 <0.01 2.51 2.32 2.62 0.45
CRIH -11.21 <0.01 40.95 <0.01 171.20 <0.01 > 10 <0.01 2.43 2.61 1.73 0.63
DBK -11.63 <0.01 29.13 0.09| 131.35 <0.01 > 10 <0.01 2.35 3.94 1.25 0.74
DEXB -11.79 <0.01 197.89 <0.01 196.55 <0.01 > 10 <0.01 1.20 6.83 0.39 0.94
EBKOF -16.89  <0.01 542.72 <0.01 | 287.80 <0.01 > 10 <0.01 1.44 1.62 0.13 0.99
EFG -12.01 <0.01 23.48 0.27 0.06 0.99 > 10 <0.01 1.47 0.90 0.02 0.99
FSVVF -10.04 <0.01 44.02 <0.01 4.46 049 >10 <0.01 157 1.90 0.33 0.95
GLE -10.83 <0.01 40.15 <0.01 129.10 <0.01 > 10 <0.01 2.84 3.36 2.98 0.39
IITSF -11.58 <0.01 46.27 <0.01 153.05 <0.01 > 10 <0.01 2.44 2.71 1.61 0.66
IKB -16.49 <0.01 367.36 <0.01 459.43 <0.01 > 10 <0.01 1.57 6.85 0.95 0.81
ILB -11.88 <0.01 23.39 0.27 0.53 0.99| >10 <0.01 1.61 151 0.57 0.90
ING -9.56 <0.01 84.79 <0.01 161.16 <0.01 > 10 <0.01 2.43 7.99 2.72 0.44
IRLBF -10.83 <0.01 75.29 <0.01 27.70 <0.01 > 10 <0.01 3.47 3.02 5.35 0.15
KBC -9.89 <0.01 40.37 <0.01 12.33 0.03| >10 <0.01 1.85 2.04 0.03 0.99
KN -9.70 <0.01 102.22 <0.01 52.72 <0.01 > 10 <0.01 2.31 2.32 0.52 0.92
MDIBF -11.21  <0.01 43.53 <0.01 1.46 0.92| >10 <0.01 2.00 2.58 1.49 0.69
SAB -8.96 <0.01 24.48 0.22 1.55 0.91 > 10 <0.01 2.27 2.10 1.17 0.76
SAN -12.14 <0.01 29.87 0.07| 161.07 <0.01 > 10 <0.01 4.10 2.93 2.52 0.47
UBI -12.68 <0.01 91.21 <0.01 6.20 0.29 > 10 <0.01 1.41 1.30 0.81 0.85
UNBLF -8.36 <0.01 51.33 <0.01 38.84 <0.01 > 10 <0.01 291 5.45 3.60 0.31
Rej. 1/5/10% 35/35/35 21/24127 21/23/23 35/35/35 - 0/0/0
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The p-values in column 7 of Table_2.3 show that most time seriesb&xARCH
effects: the null of no ARCH effects is rejected for 60% (66%)he sample banks at the
1% (5%, 10%) significance level.

Further, we examine the unconditional distribution of theg tlifferences of the CDS
spreads and check for non-normality and heavy tails. Resuoltiarque-Bera (JB) tests
are listed in columns 8 and 9 of Tallle2.3 and show that theafiulbrmally distributed
log differences is rejected in all cases. Unreported resuitKolmogorov-Smirnov and
Shapiro-Wilk tests confirm this finding. To check for heavistave compute tail indices
and study quantile plots. We use the well-investigated é$itimator for the computation
of lower and upper tail indices (see Hill, 1975, for detailm)d present the estimates in
columns 10 and 11 of Tab.The tail indices vary considerably across the sample
banks, where the mean upper and lower tail indices are riaggplgagiven by 2.3 and 3.0,
indicating that the unconditional distribution of the logferences of the CDS spreads is
heavy-tailed with heavier left tails on average. An analydiunreported quantile plots
confirms these findings.

As stated by Bera and Higgins (1993) as well as by BollersleV/¢1894), fat tailed-
ness in unconditional distributions might be caused by ARCHEces. To check for fat
tailedness in the conditional distributions, we computkitaices for the AR-GARCH
residuals of the time series. The unreported results shatydfter accounting for ARCH
effects, the tail indices remain in the same range and flte@@und approximately the
same means. Hence, the log differences of the spreads ofdhega sample bank exhibit
a heavy-tailed conditional distribution with heavier lefts.

Finally, we check for asymmetries in conditional volagiland jointly conduct the
Sign Bias Test, the Negative Size Bias Test as well as the Ros$ize Bias Test as
proposed by Engle and Ng (1993). More precisely, we test tiidhat the squared AR-
GARCH residuals of the time series cannot be predicted by tireasid the magnitude
of shocks in log-differenced CDS spreads. As can be seen folmma 13 of Tablé 2)3,

when applying the Hill estimator, one difficulty is given byetappropriate choice of the threshaid
Here, we follow Guillou and Hall (2001) and apply their diagtic procedure with parametess= 1 and
cerit = 1.25 to computek.
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the p-values of the test are quite large for all series, indicpthmat there is no predictive
power in the shocks with regard to the squared AR-GARCH ressditénce, we find no

evidence of asymmetric conditional volatility in any of e series.

2.2.2 Univariate modeling of CDS spreads

We now discuss the marginal models for the log difference€DE spreads. Ac-
cording to the previous section, the time series of the liflgrénced CDS spreads are
stationary, autocorrelated and conditionally heteroakéd. We therefore use an ARJ-
GARCH(p,q) model to account for these time series properties, where ¢ € N denote
the number of lags considered in the AR and GARCH equationsddiianally account
for skewness and fat tails in the conditional distributive,assume the conditional distri-
butions of the innovations to follow the skewedistribution of Hansen (1994). In formal
terms, our univariate model approach can be described lag/folwith C'DS; , denoting
the CDS spread of bankat timet (: = 1,..., N, t = 1, ..., T), the log differences of CDS

spreads are given by
Ri,t = lOg(CDSﬂg) — lOg(CDS,tfl). (21)

As mentioned above, the CDS spread index, ;[D$s calculated as an equally-weighted
average of individual CDS spreads across all sample banked;lthe log differences of

the spread index at time R,,, ;, are given by
1 N
Ry = log(CDS,,;) —10g(CDS,, 1), CDS,; = - ) CDS,,. (2.2)
=1

Further, lett, , denote Hansen's (1994) skewedistribution with» degrees of freedom
and skewness parametkr and letF;; be the information available on the time series
of the log-differenced CDS spreads of bankp to and including timeé. Assuming an

AR(m)-GARCH(p,q) model, the log difference of the CDS spread of bardt time¢
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follows the dynamic

Riy = iy + €ix = flig + \/hirZig, ZiglFig—1 ~ ~V1 Ais (2.3)

Mit = Qo + ijl ¢jiRi—j, (2.4)
P q

hig = w; + Zk:1 Oék,ic”it,k + 21:1 Buili 1, (2.5)

where the parameters in the conditional mean and variangatieq are restricted to be
positive,2 < v; < wand—1 < \; < 1foralli =1, ...,N

Estimation is conducted in two steps: first, we estimate tRecAmponent using condi-
tional least squares and then estimate the GARCH model on #iedfdhe AR residuals
straightforwardly by maximum likelihood. The log likelibd of the GARCH component

for bank: is given by

2

. _1
1 vi +1 1 bi€ish; * + ai
L(e:;6:) Z log(bic;) — 510g(h) y log | 1+ (1 +tsgr(d-)>\->

(2.6)

wheree; := (¢;1,...,&;7) " denotes the vector of AR residualisjs the(4+m+p+q) x 1

vector containing the model parameters (for b@nland

1/2+1)

a4 = A 2= S b= /L3N - 2 Cdy =St Y
vi—1 -2 (%) R

Vi
2

2.7)

2.2.3 Joint modeling of CDS spreads with the DAC model

We now turn to the task of modeling the joint distribution ofldifferences of CDS
spreads and the CDS spread index. Since we are especialigsiae in joint extreme
movements in individual spreads and the spread index aseafpmdtdeterminant of in-

dividual spreads, we rely on a copula model that allows fibrdigpendence. Naturally,

5Note that the distribution of shocks in log-differenced C&8eads differs across banks, but is con-
stant over time, whereas the distributions of the log dififees have time varying conditional means and
variances.
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the multivariate dependence structure changes throughdimd might be characterized
by strong asymmetries in the sense of asymmetric thresrmkdalation@ To flexi-
bly model the dependence between spreads and our spreadandeaccount for un-
derlying time dynamics as well as multivariate asymmetnes follow in the footsteps
of IChristoffersen et al. (2012) by applying their so-calleghBmic Asymmetric Copula
(DAC) model to the AR-GARCH filtered spread and index log diff

The DAC model is based on the skewkedopula discussed in Demarta and McNell
(2004), which is parameterized by the correlation matrixhef copula shocks, an asym-
metry parameter and a degree of freedom parameter. Theéatamematrix of the copula
shocks is then modeled by means of a modified version of En(@€02) DCC model,
which augments the DCC model by a time-varying matrix captutime trends and other
explanatory variables. In this way, the DAC model accouatddil dependence, asym-
metries and time dynamics in multivariate distributions.

The model takes the following form: l€¢;, and R,,, ; be the log differences of the
CDS spread of bankand the spread index at tinterespectively, and let;; and z,,, ;
denote the AR-GARCH residuals, with; := F;;(Z;;) andu,,; := F,, (%) being the

corresponding ranks. Then, the skewembpula,C;, is defined by

Ct(ul,ta Nt Pry 7y, 77) = tPt,’Y,'r](t';’17<u1,t>7 e t;}](UN,t)) (2.8)

where~ andn denote the asymmetry and degrees of freedom parametepsctiesly,

andtp, ., andt; ] are the multivariate cdf and the univariate inverse cdf efskewed

®In a recent study, Christoffersen et al. (2013) show thatdéyeendence in CDS spreads is highly
time-varying, persistent, and increased significantlyhia tinancial crisis. Multivariate asymmetries in
CDS spreads appear to be less important than asymmetrieglity eeturns but should nevertheless be
accounted for in econometric models of spreads. Note tledt skudy differs significantly from ours due
to the fact that their work is only concerned about the docuate®n of time-varying non-linearities in
the dependence structure of CDS spreads and equity retdoreover, their work studies the dependence
structure between individual firm pairs, while we study tlymgicance of the dependence between a firm’s
CDS and a CDS index as a priced factor in CDS spreads.

1"The dependence structure in CDS spreads is also studiedhgitlise of copula models in the recent
work of |Oh and Patton (2013). In the context of measuringesyat risks, they propose a new class of
copula-based dynamic models for high-dimensional comudti distributions of bank CDS premia. In con-
trast to our work, however, their study centers around ttiemation of the probability of the banks’ joint
distress rather than using the information on dependenC®® spreads in an asset pricing study.
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t distribution discussed in_Demarta and McNeil (20@1)8 Is the correlation matrix
containing the correlations between the copula shagks= -] (u;.), and follows the

dynamic
Br= (1=t =) [(1 = #)Q + KDy] + o Py + 2 2, (2.9)

wherey, 1), andx are non-negative parameters, agid= (z{,, ..., ,"z']‘i,ﬂt)T with z7, given
by 2/ Fie (see Alelli, 2000, for details). Furthe) is a constant copula correlation

matrix calculated as

-1N7T zezeT -1 \7
T D 4% — KT, Dy
B 1—k ’

Q (2.10)

andD; is a time trend correlation matrix with trend parameiewhere the off-diagonal
elements are equal to

5%t?
t=1

— o T 2.11
1+52t27 Y ? ( )

We refer ta Christoffersen etlal. (2012) for details on therioas and D;. Note, how-
ever, that setting = 0 yields|Engle’s|(2002) DCC model as applied to copula correla-
tions.
Finally, to ensure thaP, remains in the -1 to 1 interval, we normaliZz¢ and use the
matrix P, that is defined by
Py = ___fizz___n i,j=1,..,N. (2.12)

The DAC model is estimated straightforwardly by maximunelikood in our bivariate
case. Details of the DAC model can be found.in Christofferseai ¢2012).

Note that it could be argued that rather than using a bivamabdel for the CDS

spreads of individual banks and a sector index, the depeedstinucture in the CDS

185ee Demarta and McNeil (2004) for details on the skeweistribution and the skewetlcopula.
Note, however, that Hansenls (1994) skewatistribution (used for the marginals) is different fromtha
discussed in Demarta and McNeil (2004) (used for the joisiritiution).
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spreads should rather be modeled using a multivariate nigdehe one, e.g., proposed
by |Oh and Patton (2012). However, we believe that our bitemaodel possesses two
main advantages over such a multivariate approach. Fuste@onomic motivation for
the bivariate model is the notion that the default risk ofividal banks is sensitive to
extreme spikes in the default risk of the whole banking se(gooxied by the index)
rather than a subset of banks or other individual banks. ri#e@nd more importantly,
our bivariate estimation setup ensures that our CDS tailibetmectly comparable to al-
ternative measures of downside and tail risk which are &@lihedéed from bivariate rather
than multivariate models (beta, downside beta, equitybietd, MES) and that are tested

later in our robustness checks.

2.2.4 Estimation results

We first summarize the estimation results for the univari@®m)-GARCH(p,q)
models. We individually choose the AR lag for each time series such that the LB(20)
test cannot be rejected at the 10% significance level. Aaogrid (unreported) prelim-
inary tests, setting the GARCH lagsandq to 1 is sufficient to adequately account for
ARCH effects in the AR residuals. The estimation results fer AR-GARCH models
are reported in columns 2 to 6 of TalEIE]QAThe parameters governing the conditional
volatility are given byw, o and5. Thew parameter is close to zero (0.0002 for the av-
erage sample bank) and not listed in the table. dtparameter quantifies the effect of
lagged shocks on current volatility and varies from 0.13#ZF&) to 0.6600 (MDIBF)
(0.3142 on average). Interestingly, volatility in the laffetences of CDS spreads seems
to be affected to a greater extent by news arrival than \ijaim stock price return@
The autoregressive variance parameters however dominating in most cases and varies

from 0.3286 (MDIBF) to 0.8623 (EFG) (0.6751 for the averagagie bank).

®Note that the results on the AR processes are fairly stanaiadd therefore, have been omitted to
preserve space.

2OTypically, o is between 0.01 and 0.2 for stock price returns (see, le.gist6ffiersen et al., 2012;
Engle, 2002; Kang et al., 2010).



Table 2.4: Parameter estimates for marginal and DAC models.

The table reports the estimation results for the parametetrseainivariate AR-GARCH and the bivariate Dynamic Asymmetrap@a (DAC) models. The univariate models are estimated folodpeifferences of

CDS spreads of 35 European banks as well as for the log diffeszon a CDS spread index, which is calculated as an equelbhted average of the log differences of individual CD&agds across all sample banks.

The DAC models are estimated on the basis of the AR-GARCH filténee series of log-differenced CDS spreads, where each nestieiation employs the filtered log differences on the cooedmg bank’s spread
and the spread index. The estimation period contains dafgrwhtions of the log differences of CDS spreads for theogdrom January 2004 to October 2010. Company names are adteebiy their corresponding
Bloomberg ticker symbols listed in Talfle’A.1 in Appendix A.

Marginal models DAC model

«a B \ol. Pers. v A 1 1o Dep. Pers. kDr n v
ACA 0.2069 0.7666 0.9735 3.6469 -0.0101 0.0229 0.9744 0.9973 0.5291 8.5491 -0.0369
AIBSF 0.2941 0.6968 0.9909 2.9629 0.0721 0.0140 0.9836  70.99 0.6930 7.5691 0.0384
ALPHA 0.2769 0.7214 0.9984 2.2702 0.5488 0.0252  0.9507 997 0.0114 19.8142 -0.0816
BBPI 0.3762 0.6227 0.9989 2.8229 0.3890 0.0395 0.9442 ©0.983 0.3272 12.1625 0.1301
BBVA 0.2471 0.7422 0.9893 3.8943 0.0074 0.0246  0.9625 @987 0.1679 6.7369 -0.0704
BCPSF  0.6477 0.3511 0.9988 2.6674 0.3557 0.0238 0.9621 59.98 0.0463 27.0842 -0.0417
BILMI 0.5289 0.4635 0.9924 2.1820 0.0622 0.0303 0.7675 0.7978 0.2821 10.8310 0.1668
BKESF 0.2474 0.7271 0.9746 3.8432 0.0062 0.0213 0.9685 98.98 0.0507 7.7725 -0.0608
BKT 0.3971 0.6028 0.9998 3.4692 0.6522 0.0254 0.9685 0.99390.5703 40.0387 -0.0632
BMDPF 0.2153 0.7611 0.9763 3.5651 0.0184 0.0175 0.9819 96.99 0.4144 7.3930 -0.0739
BNP 0.2359 0.7564 0.9922 3.4535 0.0229 0.0301 0.9662 0.996®.4395 10.8584 -0.0505
BPCGF 0.2171 0.7677 0.9848 3.2963 0.0209 0.0161 0.9772 34€.99 0.4197 6.3547 -0.0378
BPESF 0.4099 0.5900 0.9999 2.5593 0.2215 0.0233  0.9682 0.9915 0.4345 18.2846 -0.0237
BPI 0.2083 0.7838 0.9921 2.5184 0.0259 0.0198 0.9750 0.9948.4800 7.6221 -0.0240
BPMLF  0.3559 0.6391 0.9951 2.6323 0.0275 0.0329 0.9324 5396 0.1310 8.5463 -0.1648
CBK 0.1658 0.8100 0.9759 3.4318 0.0285 0.0163 0.9781 0.9944.1340 7.1854  -0.0686
CRIH 0.2663 0.7027 0.9690 4.3997 0.0409 0.0549 0.9116 0.9665 0.3243 8.5105 -0.0845
DBK 0.2485 0.7261 0.9745 3.6673 0.0061 0.0210 0.9738 0.9948.3511  7.9692 0.0029
DEXB 0.3626  0.6348 0.9974 2.8269 0.0650 0.0106  0.9833 0.994 0.6609 13.4871  0.1107
EBKOF 0.3565 0.6430 0.9995 4.0014 0.5384 0.0415 0.8679 9@8.90 0.2662 35.7974 0.1141
EFG 0.1377 0.8623 0.9999 26.0850 0.6854 0.0219 0.9241 0.9460 0.2663 8.0972-0.1871
FSVVF  0.3597 0.6341 0.9938 2.5206 0.0917 0.0211 0.9628 39.98 0.1997 21.6306 -0.1760
GLE 0.2963 0.6922 0.9884 3.7181 0.0104 0.0134 0.9817 0.995D.5660 6.5029  -0.0566
IITSF 0.2336  0.7569 0.9905 3.2646 0.0299 0.0168 0.98290.9996 0.4555 7.8506 -0.1227
IKB 0.2978 0.7017 0.9995 3.5624 0.2423 0.0849 0.7587 0.8436 0.1271 16.1319  0.1415
ILB 0.4444  0.5477 0.9921 2.9080 0.2991 0.0155 0.9699 0.98540.0229 9.3784 -0.1179
ING 0.2814 0.6933 0.9747 3.7465 0.0290 0.0324  0.9609 0.9933.1212 12.4257 0.0436
IRLBF 0.3882 0.5958 0.9840 2.7789 0.0574 0.0636  0.8492 2891 0.3106 7.5032 0.0122
KBC 0.3037 0.6912 0.9949 2.9082 0.0785 0.0420 0.9165 0.958%.3798 14.5729 -0.0407
KN 0.3926  0.6002 0.9928 3.0278 0.0581 0.0399 0.8804 0.9203 .3682 12.1134 -0.1591
MDIBF 0.6600 0.3286 0.9886 2.5534 0.0303 0.0310 0.9611 0.9921 0.32486.5642 0.0670
SAB 0.3589 0.6337 0.9926 2.9243 0.1002 0.0275 0.8309 0.8583.5086  6.8406 0.1857
SAN 0.2605 0.7275 0.9880 4.1337 -0.0034 0.0173 0.9747 0.991 0.5778 7.7209 -0.0595
UBI 0.1386 0.8614 0.9999 58.1108 0.1549 0.0299 0.9557 0.9855 0.1724 10.5766 0.0118
UNBLF 0.3180 0.6561 0.9741 2.4128 0.0125 0.0101 0.9887 0.9988 0.3490 10.0678 -0.0952
Index 0.1746  0.8113 0.9859 4.2450 0.0805 - - - - - -
Average 0.3142 0.6751 0.9893 5.3614 0.1405 0.0279  0.9399 9678. 0.3281 13.7298 -0.0249
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As indicated by the fourth column, volatility is highly pestent for all time series of
log-differenced CDS spreads. The parameter estimatesdaaihditional distribution of
the innovations show that the skewe@ARCH model fully accounts for the evidenced
fat tailedness (as indicated by the degrees of freedom mdearbeing equal to 5.36 on
average) and picks up much of the skewness found in Table 2.2.

The (unreported) results on the LB(20) tests confirm the gaad fihe marginal mod-
els and indicate that there is no autocorrelation left irAReGARCH residuals (with the
p-value being equal to 0.5816 on average). Further, we candd(20) tests on the abso-
lute residuals as well as Engle’s (1982) ARCH LM test to evaltla¢ performance of the
GARCH component. The averagevalues of the two tests are 0.6451 as well as 0.8951,
respectively, indicating that the AR-GARCH models pick up tlkeesgstence in absolute
log differences of CDS spreads and adequately account for ARfeldi® Hence, the
marginal models generate white-noise residuals so thah#wretical requirements for
the application of the DAC model are met.

The parameter estimates for the DAC model are reported umuad 7 to 12 of Table
[2.4. The first four columns of the DAC estimates refer to theapeters characterizing
the conditional correlation dynamics of the copula shockise conditional correlation
matrix mean-reverts at timeto a slowly varying component,l — k)@ + xD,, which
Is a weighted average of the constant mafpiXcontaining average copula correlations)
and the time-varying matrixo, (accommodating for time trends in copula correlations).
The ¢, andt); parameters capture the impact of lagged copula corretaasrwell as
the cross-product of lagged copula shocks on current camri@lations, respectively,
where; + 1, yields the persistence in dependence andqy;, — 1, governs the speed
of mean-reversion. As we can see from the estimates, theeguéssive parametey,
ranges from 0.7587 (IKB) to 0.9887 (UNBLF) and is 0.9399 on ager dominating the
1 parameter for all banks in the sample. As indicated by thel @olumn of the DAC
estimates, the persistence in the dependence structughimtall models, implying slow
mean-reversion in copula correlations. The next columargefo the long-run copula

correlations and reports the parameter estimates cherawgethe matrixD,. To identify



2.2. MODELING EXTREME CDS SPREAD CO-MOVEMENTS 32

the portion of the increase in long-run correlations thdtis to the time trend component,
we follow Christoffersen et al. (2012) and repﬂ)lz,T The increases are positive for
all banks in the sample and are 0.3281 on average, indictiatgour sample period
is characterized by a strong upward trend in copula coroglat This is confirmed by
Panels (a) and (b) of Figure 2.3. Panel (a) plots averagg diilamic copula correlations
(solid line) along with the range between the smoothed sefieninimum and maximum
correlations (shaded area) as well as the average consiaelations (dashed line). As
we can see from the panels, the dynamic correlations are tdhe constant correlations
in the beginning of the sample and have been on a slight dovehtnend as of mid-2005,
falling below the constant correlations prior to the finahcrisis. With the onset of the
financial crisis in 2007, however, the copula correlatioagehbeen trending upwards,
increasing considerably from 20% in 2007 to 60% in 2010. ldettte average dynamic
correlations are below the constant correlations in thecpsgs period, and are higher in
the end of our sample period, reflecting the importance o$ickaning the evolution and
time trends of the general dependence level in the DAC fraomew

In our empirical study, we investigate whether the propgradian individual bank to
jointly crash with the banking sector is priced in the barf&3S premia. To this purpose,
we introduce the upper tail dependence between individgalifferences of CDS spreads
and the log differences of the spread index as a potentiatm@tant of individual spreads
and call this determinant CDS tail beta. In our DAC model freumiéx, bank’s: CDS tail

beta at timeg can be measured via the probability limit

. 1-2 C - P,
CDS tail beta, := lim B (1, > €fu > ) = im EHCUE &R 5 45

E—1 1_5

Panels (c) and (d) of Figufe 2.3 show the time evolution ofdterage daily and
quarterly tail betas for our sample period, respectivelyere the average is taken across

the individual tail betas of the 35 sample banks.

?INote that the increase due to the time trend component canalwelated askDiol,_p —
kD124),_o = kD12, = K6*T?/(1 + 6°T?), see Christoffersen etlal. (2012).
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Figure 2.3: Copula correlations and CDS tail betas.

The panels of this figure show the time evolution of averagdig/daarterly dynamic copula correlations and
CDS tail betas (denominated in %). The sample period contaily data from January 2004 to October
2010 and the average is taken across all 35 sample banksaiheahels show the average daily dynamic
(solid line) and constant (dashed line) copula correlatidhe average daily CDS tail betas (solid line)
as well as the minimum/maximum range for correlations aildottas, smoothed by a moving average
(gray area). The quarterly panels show the average quacplla correlations and tail betas, where each
quarter in the sample period is represented by a bar. (Psgs)quarters are colored in (light) gray. Copula
correlations and CDS tail betas are estimated from the DimAsymmetric Copula (DAC) model, where
the tail betas are approximated by numerical integrationgus = 0.001 (see_Christoffersen etlal., 2012,
for details).

(a) Average daily copula correlations (b) Average quarterly copula correlations
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As we can see from the panels, the time evolution and trertdrpatof tail betas are
similar to those of copula correlations. Since the begigrahthe sample in 2004, tail
betas have been on a slight downward trend, reaching itsmami of 5% in mid-2007.
With the onset of the financial crisis, the downward trendupbly turns into a strong
upward trend, and tail betas increase dramatically up to.28%ocan be seen from the
quarterly tail betas in Panel (d), the downward trend comesttalt in the second quarter
of 2007. Further, much of the following sharp upward trendaptured in the last two
quarters in 2007 and the first three quarters in 2008. In thedethe trend corrects and
returns to its 2008 levels in the second quarter of 2010.

For increased transparency, Figurd 2.4 depicts the timetewo of daily single-bank
CDS tail beta estimates for all banks in our sample. As can ba §em the panels,
the general pattern in the evolution of tail betas is quiteilsir across the sample banks.
Staying at rather moderate levels in the pre-crisis pet@itibetas experience a strong
upward trend during the financial crisis as of mid-2007. Wttiis pattern can be found
for most of our sample banks (see, e.g., BNP ParibagdiCAgricole, and Deutsche
Bank), there are, however, some banks for which this patsesornewhat less pronounced

(see, e.g., Alpha Bank and IKB).
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Figure 2.4: Single-bank CDS tail beta estimates.

The figure shows the time evolution of daily single-bank CBiSlieta estimates (denominated in %). The
sample period contains daily data from January 2004 to @ct®010 and the sample banks comprise the
35 European banks listed in Table A.1 in Appendix A. The pasibw raw tail beta estimates (gray line)
as well as smoothed tail beta estimates (black line) resuftiom applying moving averages to the raw
estimates. CDS tail betas are estimated from the Dynamienftsstric Copula (DAC) model, where the
tail betas are approximated by numerical integration usirg 0.001 (see_Christoffersen etlal., 2012, for
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Figure 2.4: Single-bank CDS tail beta estimates (continued)
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2.3 Empirical analysis

We aim to answer the question to what extent, if any, tailisskpriced factor in bank-
specific CDS contracts. This section briefly outlines the eicgdimodel and presents our

main results. Robustness checks are given at the end of ttisrse

2.3.1 Main dependent and independent variables

We begin our analysis by briefly reviewing the theoreticaédminants of default risk
and CDS spreads that are frequently stated in the literaflteariable definitions and
data sources are provided in TablelA.3 in Appendix A.

In the seminal framework of Mertoh (1974), a firm’s defaulblpability is determined
by the firm’s leverage (or its value), its asset volatilityddhe risk-free rate. An increase
in the firm’s leverage (and conversely, a decrease in firmeyatuassociated with higher
default risk and thus higher CDS spreads. Due to limited lal@heet data, the leverage
ratio cannot be measured directly. Moreover, especiaffpalance sheet items may not
be captured by conventional balance sheet-based proxieserage. For this reason,
we follow |Christié (1982) and Collin-Dufresne et al. (2001Hgroxy a bank’s change
in firm value by using quarterly arithmetic stock returns.tdan daily equity prices are
obtained fronmDatastreanfor all 35 banks in our sample and we expect our vari&inia
valueto be negatively correlated with CDS spreads.

As a second measure of leverage, we also compute the banketriimsed leverage
ratios as proposed in Acharya et al. (2010). Their measubevefage is defined as the
ratio of the quasi-market value of assets (defined as the alak of assets minus book
value of equity plus the market value of equity) over the reaialue of equity.

Next, we turn to the expected causal relation between askility and CDS spreads.
In theory, higher levels of asset volatility should be assed with higher default prob-
abilities. As a consequence, we expect asset volatility@D8& spreads to be positively
correlated. In line with Alexander and Kaeck (2008), we use\tariableVolatility de-

fined as end-of-quarter values of the VSTOXX implied voitgtiindex to proxy for un-
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observable asset volatilg. The VSTOXX index is inferred from EURO STOXX 50
realtime option prices and mirrors expectations of marketigipants with respect to fu-
ture levels of volatility.

Turning to the risk-free rate, increases in the risk-frée should theoretically lead
to lower CDS spreads, since the asset value process recedethi default barrier. We
employ a short-term 1-year Euro swap rate as our varidlsk-free interest ratas, e.g.,
Longstaff et al.|(2005) argue that swap rates representuatiegnarked-based estimates
of the risk-free rate. Nevertheless, we are aware of thetlfeattshort-term interest rates
may also reflect the stance of monetary policy and may thexedfiect bank business
models. Accordingly, we expect the sign of the coefficienttlom risk-free rate to be
unrestricted. Both the VSTOXX volatility index and shortrteswap rates are retrieved
from Datastream

Complementing the factors proposed in Merton’s model, sgvarther factors have
been suggested in the recent literature as potential drofetefault risk and CDS spreads.
First, the theoretical and empirical results of Bongaertd.g011) predict and confirm
that CDS spreads contain a premium for the contract’s maskieya Similar to the re-
sults of Campbell and Taksler (2003) and Longstaff et al. £2@6r credit spreads, CDS
spreads should thus in part be driven by their illiquiditygsilso Annaert et al., 2013). To
account for liquidity effects, we additionally collect enéiquarter bid and ask quotes (in
basis points) fronDatastreanand follow Ericsson et al. (2009) in that bid and ask quotes
are treated separately in our regression models.

Additionally, CDS spreads could also be driven by the busiméimmate of the bank’s
home country. There is ample evidence in the empiricalditee (see Longstaff etlal.,
2005; Zhang et all, 2009) that credit risk premia are semsit changes in the business
climate in which a firm operates. We thus include end-of-tgraralues of the S&P 500
index as our variabl8usiness climatén our regressions to account for general stock

market momentum. Positive index changes are associateddedining default proba-

24Benkert (2004) provides evidence in favor of option-imglielatilities over historic volatility mea-
sures as option-implied volatilities explain a greater amof variation in CDS spreads than there empirical
counterparts.
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bilities and increasing recovery rates, and should theedfe negatively correlated with
CDS spreads. Another factor that could affect the pricingredlit protection is the over-
all stance of the economy as proxied by the growth of the eogndn the context of
our analysisGDP growthis a relevant control variable because recent studiesdikg,
the one by the Committee on the Global Financial Sysiem (28ddgest that banks are
particularly exposed to their home sovereign as well as toeic credit markets. At the
country level, GDP growth is likely to be accompanied witbrgasing borrowers’ sol-
vency and a lower overall risk exposure of financial insitta$ to their domestic market.
Consequently, we associate increasing growth rates witlndeg bank-specific default
risk premia. Data on quarterly GDP growth rates are obtaired the OECD.

Finally, we also employ the slope of the yield curve as a er#xplanatory variable in
our regression analyses. Here, we use the yield curve stopeiadicator for the country-
wide future economic activity of a bank’s home country. OariableSlopeis defined
as a country’s respective 10-year minus 2-year governnard benchmark yields. Data
on government bond yields are taken fr@atastream In theory, spot rates converge to
their long-term counterparts, thereby increasing the-misitral drift of the asset value
process making default less likely to occur (see Longstadf/@2005). Nevertheless, also
monetary policy measures may be reflected in the slope ceeffitHence, we expect the
direction of the effect of the yield curve slope on CDS sprdadse unrestricted.

Table[2.5 reports sample summary statistics. Mean CDS spegatilog differences
of CDS spreads across our full sample are 93.89 bps and -1peatesely. Estimates for
the banks’ CDS tail betas vary between 0.07 and 0.55 with trenr@®S tail beta being
around 0.14. Log returns on the banks’ stocks in our sampgié#xhe usual stylized
facts. Similar to CDS tail beta, equity tail betas also vargsiderably around the mean
of 0.33 with a minimum value of zero and a maximum of 0.96. Quixp for the change
in a bank’s firm value is zero on average with values rangiogf¥79% to 230%. Finally,
we follow |Acharya et al.|(2010) and estimate their measursystemic relevance, the

MES.
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Table 2.5: Descriptive statistics. %
The table shows descriptive statistics on quarterly sath@lBS spreads, log differences of CDS spreads, and equitsetagns for the 35 sample banks over: Q1:2004 to| X
Q3:2010. Additionally, we report descriptive statistics &ll explanatory variables used in our regression modaelsipled quarterly. We report the number of observations (:2
minimum and maximum values, percentiles and momentsMaliton-typeandAlternative risk measureariables are denoted in %. All variables and data soureedefied ~
in Table[A3 in Appendix A. >
<
>
Percentiles Moments ;
Obs Min 1st 5th 20th 80th 95th 99th Max Mean St. Dev.  Skewnessxc. Eurt. wn
CDS/Equity variables (7)
- CDS spread 903  1.00 6.02 8.42 12.50 14500 369.14  698.23 8.4 93.89 141.03 3.29 17.43
- Log difference CDS spread 929  -4.01 -0.19 -0.07 -0.02 0.02 .070 0.12 1.38 -0.01 0.16 -17.53 469.02
- CDS tail beta 900  0.00 0.00 0.01 0.04 0.24 0.37 0.49 0.55 0.14 0.12 1.11 351
- Equity log return 938  -0.13 -0.05 -0.02 -0.01 0.01 0.04 0.09 0.31 0.00 0.03 3.63 35.16
- Equity tail beta 937  0.00 0.00 0.07 0.13 0.51 0.67 0.85 0.96 .330 0.20 0.48 -0.42
Merton variables
- GDP growth 945  -4.08 -3.63 -1.63 -0.29 0.87 1.37 2.93 545 260. 1.02 -0.60 7.73
- Interest 945  0.87 0.87 0.94 1.19 4.43 4.74 5.29 5.29 282 813 0.16 1.71
- Firm value 939 -78.89 -58.15 -34.09 -14.62 11.86 31.70 ®8.0 229.64 0.10 25.84 2.77 24.09
- S&P 500 945 797.87 797.87 903.25 111458 1335.85 1503.35 6.152 1526.75 1206.82 175.44 -0.21 2.84
- Slope 945  -0.87 0.00 0.09 0.33 1.98 2.51 2.92 3.73 1.11 082 440 2.22
- Volatility 945 1238 1238  13.24 14.56 27.31 42.41 4387 833 22.33 8.92 1.11 3.23
- Leverage 937 151 1.72 2.79 9.40 41.37 104.36 42658  744.135.86 63.39 6.16 50.22
Alternative risk measures
- Beta 862  -0.59 -0.10 0.00 0.09 1.33 2.04 6.96 18.82 0.91 1.45 6.87 66.56
- Coskewness 803 -47.13 -40.26 -31.88  -10.22 6.34 18.03  930.6 87.74 -1.66 13.97 0.10 7.64
- Upside beta (median) 862 -1.51 -0.52 -0.15 0.04 1.25 2.45 2 9.8 17.59 0.86 1.54 5.62 45.36
- Upside beta (80%) 863  -9.63 -1.51 -0.63 -0.03 1.20 3.02 a0.1 23.64 0.78 1.94 4.77 41.60
- Upside beta (90%) 863 -11.69  -3.29 -1.65 -0.31 1.46 3.73  022. 29.39 0.74 6.22 4.14 37.08
- Upside beta (95%) 864 -70.11 -12.94  -3.00 -0.76 2.06 499 1015 34.56 0.51 5.24 -4.89 72.43
Systemic risk measures
- Static MES 903  -0.81 -0.27 0.41 1.15 4.78 9.45 13.84 1905 303. 281 1.87 7.63
N
o
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As far as the exposure to system-wide tail events is condeme results suggest a
certain amount of heterogeneity across the 35 banks ingludeur sample. The 5th per-
centile of the static MES estimates is at 0.41%, the highergmiles range up to almost
14%. According to the MES, our sample of European banks teems to include both
systemically less relevant banks as well as institutiorte Wwigh exposures to systemic

crashes.

2.3.2 Istail risk priced in CDS contracts?

We are interested in analyzing the casual relation betWz2® tail betaand both the
time-series and the cross-section of banks’ CDS spreads.eGoestly, in a first step,
we explain the time-series of credit risk by performing tisexies regressions for each
sample bank. In a second step, we estimate a fixed effect$ gataemodel where we

account for both time-series as well as cross-sectionatsff

2.3.2.1 Times-series regressions

We follow|Collin-Dufresne et al. (2001) and Ericsson etlad®) and begin our em-
pirical analysis by explaining the correlations over tingdviceen quarterly sampled CDS
spreads an@DS tail betaas well as further control variables. In principle, the esgion
analyses could be carried out in levels or differences. hrtase, the decision is based on
a statistical reasoning. Since we find evidence for nomstatity in our CDS time series
in levels, we perform all regressions in first differences.

For each bank over Q1:2004 to Q3:2010 we estimate a timesseggression model
and report all time-series regression coefficients as «essonal averages for the full
sample and separated by quintiles of CDS tail beta in Tabl@2d62.7, respective
Note that we also estimate all our regression specificasepsrately for bid- and ask-
quotes to control for potential liquidity effects. Nevesltéss, we obtain very similar re-

sults for the liquidity-adjusted regressions.

23That is, we first compute average values of CDS tail beta agmidlssign each bank to a quintile based
on its average CDS tail beta.
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Table 2.6: Baseline time-series regressions.

The table reports coefficient estimates and corresponestagistics from time-series regressions in differ-
ences of quarterly sampled CDS mid-spreads on variablegeste by theory (Panel A) and the variable
of interest,CDS tail betain Panel B. For each barnilover Q1:2004 to Q3:2010 we estimate the following
regression model:

ACDS/= a + 1 - AFirm valué + 3, - Alnterest rate+ 33 - AVolatility i+ 3, - ACDS tail beté + ¢i.

Variable definitions and sources can be found in Teblé A.3ppehdix A. For all regressions, we present
results on the full sample as well as separated by quintfl€D tail beta Coefficients and t-statistics are
calculated as outlined in_Collin-Dufresne et al. (2001) &nitsson et al.l (2009). *** ** * denote coeffi-
cients that are significant at the 1%, 5%, and 10% level, ctisedy.

CDS tail beta quintile portfolios
Full sample Q1 Q2 Q3 Q4 Q5
Panel A: Merton-type regressions

AFirm value -0.086 0.160 -0.148 -0.389 0.041 -0.091
(0.862) (0.490) (0.967) (1.166) (0.868) (1.033)
Alnterest rate 0.611 13.206 -5.845 -14.555 3.077 7.171
(0.109) (0.714) (0.4847) (0.860) (0.745) (1.764)*
A\Volatility 6.627 10.751 6.209 8.013 4.039 4,121
(9.525)*** (5.517)** (5.625)*** (5.114)*** (9.195)*** ( 4.921)***
Constant 9.104 13.198 4,231 15.275 6.040 6.775
(5.194)*** (4.287)*** (2.591)**  (2.100)** (3.398)*** (3 .751)***
Adj. R? 0.39 0.35 0.42 0.27 0.44 0.45
Avg. obs 25 25 26 21 26 26
Panel B: Baseline regressions
AFirm value -0.120 0.025 -0.210 -0.395 0.056 -0.074
(1.203) (0.077) (1.403) (1.155) (1.107) (0.710)
Alnterest rate -3.007 8.328 -9.122 -22.519 1.783 6.493
(0.504) (0.452) (0.771) (1.136) (0.482) (1.739)*
A\Volatility 6.353 9.645 5.873 8.133 4.003 4112
(9.582)*** (5.194)***  (5.025)*** (5.027)*** (9.495)*** ( 4.856)***
ACDS tail beta 3.424 6.653 0.897 8.647 0.474 0.449
(3.370)*** (3.444)*** (0.688) (2.377)** (1.108) (1.278)
Constant 6.945 11.903 3.702 7.197 5.570 6.352

(3.225)%+ (3.628)*  (2.091)*  (0.699)  (3.555)*** (3.900)***

Adj. R? 0.39 0.35 0.44 0.30 0.43 0.44
Avg. obs 25 25 25 21 26 26




2.3. EMPIRICAL ANALYSIS 43

Table 2.7: Time-series regressions with additional cdsitro

The table reports coefficient estimates and correspondatatistics from time-series regressions in dif-
ferences of quarterly sampled CDS mid-spreads on varigbiggested by theory, the variable of interest,
CDS tail beta and further controls. For each bahkver Q1:2004 to Q3:2010 we estimate the following
regression model:

ACDS}= a + 1 - AFirm valug + 35 - Alnterest ratg + 33 - AVolatility ¢+ 84 - ACDS tail betd +~ - AX! + ¢l

where X} denotes the following additional control variableBusiness ClimateGDP growth and the
slope of the yield curveVariable definitions and sources can be found in TRblé A.Bppendix A. For
all regressions, we present results on the full sample asasedeparated by quintiles @DS tail beta
Coefficients and t-statistics are calculated as outline@atiin-Dufresne et al.| (2001) and Ericsson €t al.
(2009). *** ** * denote coefficients that are significant e 1%, 5%, and 10% level, respectively.

CDS tail beta quintile portfolios

Full sample Q1 Q2 Q3 Q4 Q5
AFirm value -0.087 0.336 -0.257 -0.502 0.036 -0.049
(0.725) (0.987) (2.397)** (1.116) (0.546) (0.492)
Alnterest rate 8.518 1.400 8.061 9.590 11.179 12.362
(1.078) (0.057) (0.323) (0.440)  (2.768)***  (2.204)**
AVolatility 4,748 8.877 4.369 3.997 2.978 3.521
(6.476)*** (3.379)*** (5.064)*** (2.437)** (6.384)*** (3.618)***
ACDS tail beta 2.019 7.067 0.864 1.058 0.698 0.409
(1.823)* (2.907)*** (1.124) (0.222) (2.181)** (1.202)
ABusiness climate -0.118 -0.040 -0.111 -0.352 -0.061 -0.027
(2.415)** (0.430) (1.633) (1.718)*  (2.755)***  (1.840)*
AGDP growth -7.254 -25.196 -8.617 2.476 -2.950 -1.983
(2.384)** (2.677)*** (1.576) (0.476) (0.500) (0.921)
ASlope 5.556 -30.915 29.066 2.424 14.518 12.689
(0.463) (0.915) (0.768) (0.077) (1.500) (1.349)
Constant 7.665 9.162 4.469 12.080 5.910 6.704
(5.398)**=* (4.717)*  (2.121)**  (1.941)** (4.274)*** (4.442)***
Adj. R? 0.45 0.42 0.58 0.35 0.46 0.44
Avg. obs 25 25 25 21 26 26

Hence, to preserve space, we only report the results foessgms on CDS mid-
guotes. All additional regression results are availablenugquest.

In Panel A of Tablé 216 we first test empirically the determiisaof CDS spreads sug-
gested by theory: Firm value, the risk-free interest rateiamplied volatility. For the full
sample, we find that all variables enter the regression Wwelekpected sign. Coefficients
on the risk-free rate and volatility are positive whereas fuialue enters with a negative
coefficient. However, only changes in volatility are sigraftly correlated with changes
in CDS spreads. The analysis of the quintile portfolios rs/gaxed evidence. Although

t-statistics indicate some explanatory power of changekannterest rate in the upper
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quintile of CDS tail beta, again, only changes in volatilitye associated with signifi-
cantly positive changes in CDS spreads throughout all deiptrtfolios. The average
adjusted Ris around 39% and thus at a comparable yet slightly highet Evcompared
tolEricsson et al. (2009).

In Panel B of Tablé 216, we directly test the explanatory povf€CDS tail beta on the
time-series variation of CDS spreads. Our baseline spewtiitahows that adding the
variable of interest has almost no effect on the coefficigmssof the variables suggested
by theory. The estimated sign on CDS tail beta is positiveuihout all regression spec-
ifications suggesting that an increase in tail beta is agtstiwith higher CDS spreads.
Nevertheless, the coefficient is only statistically sigifit for the full sample as well as
for the lowest and median quintile portfolio.

Complementing our baseline regressions, we also providessgn results in Table
2.4 in which we include further covariates as suggested ai@€2.3.1. The estimated
coefficient sign on CDS tail beta remains positive throughaduspecifications and is
significantly different from zero at the 10% level for thelfsdmple as well as for the
first and fourth quintlie specification at significance levef 1% and 5%, respectively.
Changes in volatility increases CDS spreads whereas chamtfeslusiness climate and
GDP growth are negatively correlated with changes in CDSsjseThe average adjusted
R? is 45% and considerably higher as compared to the baselinessions.

The results so far suggest that changes CDS tail beta is aantldeterminant in
the time-series variation of bank-specific CDS spreads. Térussion in Sectioh 2.1
suggests two potential channels how CDS tail beta might a@&S spreads. In our
time-series regressions, we find first evidence that tdlisgpriced in CDS spreads via
the supply-side, as the coefficient is consistently padigiestimated. That is, concerns
regarding the time variation of recovery rates might dongnaotential demand side-
driven concerns regarding counterparty risk. Nevertlseleg further need to mitigate
concerns that unobservable individual bank charactesistifect our results. We address
this issue in the subsequent section and present evidemredpanel data regression

model in which we investigate the cross-sectional exptamyagiower of CDS tail beta for
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CDS spreads.

2.3.2.2 Panel regressions - Full sample

This section presents results from panel regressionsegibssions use our full sam-
ple of 35 bank names and include bank-fixed effects to acdoutank-specific hetero-
geneity. Corresponding to the time-series regression fepe@ns above, we again use
differences instead of levels since we obtain evidence obtadionarity in our sample
banks’ CDS. Further, and consistent with our previous aeslywe also estimate all re-
gression models separately for bid- and ask-quotes toadoirthe potential influence
of liquidity.

Table 2.8 reports the results from our benchmark bank-fifedts regressior@ The
results presented in Column (1) verify that, consistent wiith expectations, firm value
and implied volatility are significant drivers of CDS spreadsl enter the regression at the
10% and 1% level, respectively. The effect of changes innterést rate is insignificant
and positive.

In the second specification, we investigate the isolatextedif our variable of interest,
CDS tail beta, on changes in CDS spreads. In Column (2) we pregel@nce that CDS
tail beta significantly covaries with CDS spreads and is iddeericed factor in CDS
contracts. Sellers of credit protection are concernedtdimmk names that are more likely
to fail, given an extreme market-wide increase in defaultbpbilities. The estimated
coefficient is statistically highly significant and largemmagnitude.

These results are confirmed by univariate sorts based on Glfgta For each bank
in the sample, we first rank the time series of CDS spread of$eng into quintiles
with respect to CDS tail beta, and then compute the average @ad for each tail
beta quintile. Tablé 219 reports the results and shows fitvatmost banks, CDS spreads
are monotonically increasing in CDS tail beta. The last colwwontains the difference
between high and low tail beta quintile spreads and showissfiraads in high tail beta

quintiles are, for the most part, considerably higher th@eads in low tail beta quintiles.

2“Note that results from the Hausman test indicate that a fifedts model should be preferred to a
random effects model.



Table 2.8: Panel benchmark regressions.

The table reports results from bank-fixed effects regressio first differences of quarterly CDS mid-spreads on CDIS&a and further control variables. We estimate the
following regression model:

ACDS;; = a + 1 - AFirm valug ; + (3 - Alnterest ratg, + 83 - AVolatility; » + v - ACDS tail beta, + 0 - AX;+ + ¢+

where X, , denotes the set of further control variabl@uisiness climateGDP growth and theslope of the yield curveColumn (1) reports results for the regression using

the variables suggested by theory. In Column (2), we ashedsdlated explanatory power of the coefficient on CDS taibb Column (3) denotes our baseline regression,

Columns (4) to (6) report estimation results when includimgher relevant controls. Bank-fixed effects are includedll regressions. Corresponding t-statistics are rejlort
in parentheses. Standard errors are clustered at the barlated adjusted for heteroskedasticity. ***,** * denoteefficients that are significant at the 1%, 5%, and 10%
level, respectively. All variables and data sources aranddfin Tablé A.B in Appendix A.

(2) (2) 3) (4) (5) (6)
AFirm value -0.13 -0.141 -0.123 -0.122 -0.104
(1.77)* (1.88)* (1.67) (1.67) (1.33)
Alnterest rate 0.683 -0.866 9.681 9.98 7.448
(0.13) (0.16) (2.15)** (2.17)** (0.93)
AVolatility 6.587 6.503 5.26 5.259 5.258
(9.01)*** (9.14)%**  (7.13)***  (7.17)***  (7.20)***
ACDS tail beta 1.587 1.378 1.2 1.146 1.167
(2.89)***  (3.81)***  (3.33)***  (3.17)***  (3.14)***
ABusiness climate -0.138 -0.144 -0.143
(3.51)***  (3.43)***  (3.37)***
AGDP growth 1.74 1.548
(0.98) (0.85)
ASlope -6.95
(0.41)
Constant 9.351 9.165 8.132 8.861 8.932 8.813
(3L.71)*** (23.25)*** (19.20)*** (21.59)*** (20.36)*** ( 15.81)***
Bank-fixed effects Yes Yes Yes Yes Yes Yes
Clustered SE Yes Yes Yes Yes Yes Yes
Adj. R? 0.24 0.01 0.25 0.26 0.26 0.26
Obs 868 865 865 865 865 865
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Table 2.9: Univariate sorts.

This table reports average daily CDS spreads sorted by Glta. For each bank in the sample, we rank
the time series of CDS spread observations into quintiles) {&ith respect to realized CDS tail beta and
compute the average spread for each tail beta quintile. @DBedtas are simulated from the DAC model,
where the tail betas are approximated by numerical integratsingé = 0.001 (see_Christoffersen etlal.,
2012, for details). To account for daily fluctuations, theévariate CDS spread sortings are based on a
smoothed version of the CDS tail beta estimates, which tutatled by applying a simple moving average
filter with a lag of 20 trading days to the original tail betdiestes. The last column of the table reports
the difference between the average CDS spread of the fifthtemnfirst tail beta quintile, whereas the last
column calculates the average spread for each tail betéilgi#Eoross all 35 sample banks, with the t-statistic
of the t-test on the average high-low difference in parasghend with significance at the 1%, 5% and 10%
being indicated by**, ** and*, respectively. The sample period contains daily data franudry 2004 to
October 2010 for 35 European banks. Company names are &ibrely their corresponding Bloomberg
ticker symbols listed in Table’Al1 in Appendix A.

Average quintile spreads

1 Low tail beta 2 3 4 5 High tail beta High - Low
ACA 8.10 9.58 29.53 85.54 104.77 96.67
AIBSF 9.29 10.07 41.22 260.54 265.37 256.07
ALPHA 27.11 27.13 26.38 143.27 331.72 304.61
BBPI 50.43 38,50 40.92 44.58 182.23 131.80
BBVA 9.50 11.32 4446  93.15 115.70 106.20
BCPSF 78.27 81.92 5223 141.96 324.26 245.99
BILMI 312.38 465.43 779.18 256.45 183.39 -128.99
BKESF 11.42 17.79 51.63 137.07 196.52 185.10
BKT 39.17 80.76  69.83  88.37 220.39 181.21
BMDPF 10.66 19.81 4221 91.01 99.49 88.84
BNP 7.21 9.90 28.33 64.36 75.50 68.29
BPCGF 13.45 1496 40.62 107.34 190.44 177.00
BPESF 13.08 2151 1954 143.35 240.03 226.95
BPI 24.21 37.34 110.85 118.93 135.71 111.50
BPMLF 26.56 27.74 4762 70.22 80.96 54.40
CBK 11.60 20.36 4493 85.18 85.75 74.15
CRIH 12.56 13.85 42.64 93.98 113.26 100.70
DBK 11.72 1594 4247 91.77 102.31 90.59
DEXB 7.10 9.82 27.00 241.54 239.64 232.54
EBKOF 17.85 2093 87.54 126.76 157.36 139.51
EFG 19.25 17.16  18.38 117.63 459.07 439.82
FSVVF 19.39 2533 5211 78.86 170.01 150.62
GLE 9.49 9.27 25.63 87.92 104.33 94.84
ITSF 9.74 1746  37.13 63.72 92.32 82.58
IKB 293.67 181.26 188.57 232.92 227.83 -65.84
ILB 26.26 24.00 40.71 208.45 289.49 263.23
ING 6.40 10.71  28.01 93.79 92.39 85.99
IRLBF 9.81 9.81 75.70  229.95 250.91 241.10
KBC 17.49 17.09 39.60 141.48 166.01 148.53
KN 11.68 10.01 64.98 153.82 173.20 161.52
MDIBF 21.24 20.85 4040 65.71 90.72 69.48
SAB 93.98 188.35 259.49 196.83 271.35 177.37
SAN 10.38 12.70 39.62 96.34 107.26 96.88
uUBI 26.09 40.88 5555  37.52 105.94 79.85
UNBLF 32.64 40.90 130.13 158.22 165.31 132.67
Average 37.41 4516 79.00 127.10 177.46 140.05

(8.15)**
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The average difference is equal to 140.05 bps and signilycdifterent from zero at
the 1% level.

In Column (3) of Tablé 218, we turn to our baseline model. Whetitamhally control-
ling for the variables motivated by Merton’s model, see Caiu), we obtain similarly
convincing results. Although the coefficient on CDS tail bé¢areases slightly, the cor-
relation between tail risk and CDS spreads is still econolyieand statistically highly
significant.

We also test whether the market-based leverage ratio is @ atmquate proxy for a
bank’s default risk than the changes in firm value. Our (uoreal) results show that this
is not the case. While CDS tail beta remains significant throughll regression speci-
fications, the coefficient on the market-based measure efdge is positive yet without
any explanatory power. Furthermore, most banks experieagbstantial equity losses
during the crisis. As a consequence, market-based leveatige might be distorted due
to the frequent occurrence of outliers. We address thisexonand also estimate addi-
tional regressions in which we winsorize the explanatonyaldes at the 1% and 99%
quantile, respectively. However, the explanatory powethefleverage variable remains
marginal.

To eliminate as many confounding factors as possible, Bpatons (4) to (6) include
several controls suggested in the previous section. In Qo4 we test the robustness of
the found correlation between CDS tail beta and CDS spreats tadditional inclusions
of changes in the business climate. Our variable busingssite aiming to proxy for
changes in the state of the economy enters the regressioificgigtly negatively and
indicates that improvements in the business climate armxedsd with potentially lower
default probabilities (and higher recovery rates) and equently lower CDS spreads.

Further controlling for the GDP growth rate and the yieldweuslope in Columns
(5) and (6), we find that both variables are insignificant. &theless, including further
covariates does not change our main findings although thiicgeet on CDS tail beta
slightly decreases in magnitude compared to the baselimkehmo Column (3).

As mentioned above, we carry out all of our regression spatifins separated by
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bid- and ask-spreads. Our estimates show highly comparesldts for each of the six
regression specifications and are reported in Tablels A.Adbth Appendix A, respec-
tively. Based on the results from the bid- and ask-quote ssgpas, we conclude that
contract-specific liquidity does not distort our findings.

Overall, the regression results provide strong supportherhypothesis that CDS
investors are indeed crash-averse and hence, demand aerskum-type markup for

bank names with a large exposure to the market during exteser@s.

2.3.2.3 Panel regressions - Sub-sample

Is the pricing of tail risk in CDS spreads crisis-dependerti@ dnalyses we have con-
ducted so far present strong empirical evidence that CD®¢#d explains a significant
part of the variation in CDS spreads that is not captured bgrotireviously identified
determinants of CDS spreads. Next, we test whether the extplgnpower of CDS tail
beta changes under economic regimes.

We consider two regimes: the pre-crisis and the crisis regiimtuitively one would
expect the awareness of CDS investors and buyers of extremketvade distress to be
far less pronounced under the pre-crisis regime. This gsomcan be motivated as
follows. On the supply side, during economic booms CDS imreshay not fear deterio-
rating recovery values underlying their CDS contracts. @ndiamand side, counterparty
credit risk might also be negligible during the pre-crisgsipd. However, the beginning
of the financial crisis coincided with a significant build-ofsystemic risks in the global
financial sector (see IMF-, 2010) and increased uncertaimiyng investors concerning
the financial health of global banks. As a result, we expeestnsitivity of both buyers
and seller of credit protection to market-wide distress échigher after mid-2007 and

particularly pronounced after the failure of Lehman BrogherSeptember 2003.

25This view is underlined, e.g., by the IMF (2009) which argtiteat the events at Lehman Brothers and
AIG increased system-wide conditional risk.
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Table 2.10: Sub-sample analysis: Crisis vs. pre-crisiogeri

The table reports results from a sub-sample analysis wheregvess differences in quarterly sampled CDS
mid-spreads on CDS tail beta and on further control vargable

ACDS;; = a + 1 A-Firm valug ; + S>A-Interest ratg; + 83 - AVolatility; ; + + - ACDS tail beta, +
5 . AXl'_’t + Gi,t

where X, ;, denotes a set of further control variabl@&usiness climateGDP growth and theslope of the
yield curve Column (1) repeats our benchmark regression from Coluhof(Babel 2.8 for the pre-crisis
period: Q1:2004 to Q2:2007. The onset of the crisis is fixe@82007. Column (2) reports estimation
results from the crisis period: Q3:2007 to Q3:2010. Bankdieffects are included in all regressions.
Corresponding t-statistics are reported in parenthesesd&rd errors are clustered at the bank level and
adjusted for heteroskedasticity. ***** * denote coefcits that are significant at the 1%, 5%, and 10%
level, respectively. All variables and data sources arenddfin Tablé A.B in Appendix A.

Pre-crisis Crisis

AFirm value -0.08 -0.134
(2.72)** (1.45)
Alnterest rate -2.589 16.054
(2.20)** (1.54)
A\Volatility 0.119 5.365
(0.96) (6.33)***
ACDS tail beta 0.031 0.983
(0.18) (1.85)*
ABusiness climate 0.022 -0.185
(3.13)***  (2.82)***
AGDP growth 0.207 3.949
(0.94) (1.05)
ASlope 0.498 -7.128
(0.5) (0.35)
Constant -0.705 15.181

(3.45)*  (5.47)*

Bank-fixed effects Yes Yes
Clustered SE Yes Yes
Adj. R? 0.02 0.27
Obs 412 453

To test the the impact of CDS tail beta under the two regimesp&&rm a sub-
sample analysis. We split the sample in Q3:2007. A comparigahe two estimated
regressions presented in Table 2.10 supports the hypsttiegi CDS tail risk is only a
relevant factor during the crisis period. When estimatecherptre-crisis sub-sample, the
coefficient on CDS tail beta has no explanatory power, see Goldim However, CDS
tail beta is significant at the 10% level for the crisis subigke in Column (2).

One further observation from the sub-sample analysis ishwoentioning. The over-

all explanatory power increases sharply when turning freezquisis to crisis period as
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evidenced by the sharp increase in the adjusted R
The strong co-movement in CDS tail beta and CDS premia lende support to
the notion that market participants contemporaneouslysadjeir individual risk assign-

ments with respect to system-wide risk.

2.3.3 Robustness checks

This section presents several robustness checks compiamtre analyses presented
in Section 2.32. In particular, we test the hypothesis @6 tail beta complements

rather than substitutes other measures of CDS co-movens&nt ri

2.3.3.1 Is CDS tail beta different from upside risk aversior?

Thus far, we have demonstrated that CDS tail beta is a pricgtdrfan the time-
series as well as in the cross-section of CDS spreads. Hownse results rely on
the assumption that investors’ crash aversion, measurgdfy tail beta, is different
from general, linear upside risk aversion. Indeed, we finohst evidence for linear co-
movement between CDS tail beta and CDS spreads, potentisiggaoncerns to what
extent our results are specific to the chosen measure ofdail\We address this issue in
the following.

In a first step and in the spirit of Ruenzi and Weigert (2013) disentangle the im-
pact of CDS tail beta on banks’ CDS spreads from that of linearaxanent risk. To
this purpose, we compute measures capturing linear co/meaverisk: regular beta,
upside beta (see Ang et al., 2006a), and coskewness (ses &xdu.itzenberger, 1976;
Harvey and Siddique, 2000). All measures are estimated dm leenk’s log-differenced
CDS spreads with respect to the CDS index over a rolling windb®00 observations.
The two CDS beta factors are defined as follows. Regular betsirfgply beta) is the
CAPM-type beta factor, upside beta, however, is defined ag behditional on the log-
difference of the CDS index being above its median. In addljtree consider further def-

initions of upside beta, conditional on the log-differeréeghe CDS index being above
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its 80%, 90%, and 95% quantile, respecti\@bcoskewness is defined in Talble A.3 in
Appendix A.

Estimation results are presented in Figure 2.5. The pamefseoleft-hand side show
cross-sectional averages (indicated by the solid line)l ihaar measures of comovment
risk and how they evolve over time. The right-hand side, h@reontrasts CDS tail beta
with the respective linear counterparts on a unified scalegative deviations between
CDS tail beta and the respective measure of linear co-moviearenindicated by the
light-gray areas, positive deviations, however, by thédpny areas.

As can be seen from the right-hand side panels, average metapside beta evolve
rather smoothly over time, whereas CDS tail beta appear$yfsghsitive to the series of
events during the financial crisis. In the pre-crisis perlmeta as well as upside beta 50%
and 80% (Panels b, d, f) overestimate extreme co-movengqtwihile the opposite is
true during the crisis period (Q3:2007 - Q3:2010). Upsida 8% and 95% (Panels h, j)
show even greater deviations from CDS tail beta. While upséda ®0% strongly overes-
timating extreme spread co-movements almost over thesesdimple period, upside beta
95% is shown to underestimate extreme spread co-movememitg dhe crisis. Finally,
average coskewness appears to systematically underesgxteeme co-movement risk
during the entire sample period.

Although the results from Figufe 2.5 suggest that CDS tad beid measures associ-
ated with linear co-movement risk in CDS spreads are govegeatifferent dynamics,

we further empirically test their impact on banks’ CDS speead

26Note that this approach is in line with Ruenzi and We!dertl0wvho, in contrast, calculate different
specifications of downside beta on the basis of quantildsanetft tail of the market return distribution.
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Figure 2.5: Alternative risk measures and CDS tail beta.

The panels of the figure depict the time evolution of averagdized alternative risk measures and compare
it to the time evolution of average realized CDS tail betae @hlernative risk measures considered in our
study are regular beta, different specifications of upséta bs well as coskewness. More precisely, upside
betas are calculated as betas conditional on the log diiferef the CDS index being above its median and
its 80%, 90% and 95% quantile. The realized alternativerrisksures are computed from rolling windows
of 100 data points using the definitions listed in Tablel A.A3ppendix A, where the sample period contains
daily data from January 2004 to October 2010 and the avesagéeén across all banks in the sample. The
panels on the left-hand side show the time evolution of ayeraalized alternative risk measures (black
lines) as well as the range between their 10th and 90th pdese(shaded areas). The right-hand side
panels compare this time evolution to that of average redli2DS tail betas in terms of risk measure
and tail beta indices calculated by expressing each olig@mia a specific time series as a percentage of
the first observation in that time series. The black linesrréd the time series of the corresponding risk
measure index, where the light-gray shaded areas refersidaigeviations from the tail beta index, and
the dark-gray shaded areas depict downside deviations.t@iD&tas are simulated from the DAC model,
where the tail betas are approximated by numerical integraisingé = 0.001 (see_Christoffersen etlal.,
2012, for details).
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Figure 2.5: Alternative risk measures (continued).
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In a first step, we conduct double-sorts in which we analyeetipact of CDS tail
beta on CDS spreads after controlling for alternative rislasnees. The results of the
double-sorts are available upon request and indicate tieatripact of CDS tail beta on
CDS spreads is different from the impact of alternative,dmask measures. Never-
theless, double-sorts can only control for one alternatieasure of general upside risk
aversion on CDS spreads at a time. Hence, it could be argueduheesults are biased
due to omitted variables. Next, we present results fromtendil panel regressions. We
run our regressions from Talile 2.8 while including lineamees of co-movement risk
as further controls. Results are presented in Tablg 2.11ledression specification (1),
we introduce regular beta as a further control, whereasgressions (2) to (5) we in-
clude the different specifications of upside beta. Finatlyegression (6), we consider
coskewness in addition to CDS tail beta. As can be seen fronifigagion (1) to (5), all
coefficients on the alternative, beta-type risk measurestatistically insignificant when
estimated together with CDS tail beta. At the same time, CO®¢ha remains positive
and varies only slightly in magnitude as compared to our berak model from Table
[2.8. Furthermore, the coefficient on CDS tail beta is signifilgadifferent from zero at
the 1% level throughout all regression specifications. Tdmaining control variables
merely differ slightly across the different regressionafieations and are not reported
to preserve space. Finally, Column (6) reports results fercttskewness regression. As
expected, coskewness enters the regression with a nepatiwesignificant coefficient.

Overall, including alternative, linear measures of co-eraent risk in our regression
model does not change our main results. The impact of lirearglation-based risk
measures on CDS spreads is shown to be insignificant. Morebvauld be argued
that the differences between our CDS tail beta and the atteenmeasures of tail risk
are simply an empirical phenomenon. To further illustrdte tonceptual differences
between these measures, we perform an in-depth comparfisha measures based on

Monte-Carlo simulation techniques in SectionlA.2 in Appenali



Table 2.11: Robustness checks using alternative risk messur

The table reports results from bank-fixed effects regressid differences in quarterly sampled CDS mid-spreads 08 Gl beta, further control variables, and an alternative
set of co-movement risk indicators (CRI). We estimate tlleiong regression model:

ACDS;; = a + 81 - AMerton-typg ; + v - ACDS tail beta; + 5 - A X;; +60 - ACRI, ; + € 4

where X, ;, denotes a set of further control variabléusiness climateGDP growth and theslope of the yield curveCRI; ; denotes a vector of alternative measures of
co-movement risk calculated from each bank’'s CDS time sexi¢h respect to the CDS index: Beta, upside beta (50%, 8@¥%, ®5%), and coskewness. MES is the
marginal expected shortfall as proposed by Acharyalet 8ll(Pand calculated from the respective equity time seriés respect to the stock price index. Details on the
calculation of the alternative co-movement risk indicatoan be found in Tab[e_A.3 in Appendix A. Corresponding tistias are reported in parentheses. Bank-fixed effects
are included in all regressions. Standard errors are cadseg the bank level and adjusted for heteroskedasticity*** denote coefficients that are significant at the 1%,
5%, and 10% level, respectively. All variables and datacesiare defined in Talle A.3 in Appendix A.

1) 2 3) 4) ) (6) )
ACDS tail beta 1.154 1.113 1.14 1.175 1.221 1.06 1.274
(3.03)***  (2.79)***  (2.93)***  (3.09)***  (3.14)***  (3.08) ***  (3.29)***
ABeta 0.877
(0.78)
AUpside beta 50% 2.468
(1.09)
AUpside beta 80% 1.426
(0.92)
AUpside beta 90% 0.885
(0.96)
AUpside beta 95% -0.386
(0.95)
ACoskewness -0.2
(2.33)
AMES -2.444
(1.08)
Constant 8.615 8.648 8.629 8.603 8.519 8.523 8.525

(11.97)* (11.71)"* (11.92)*** (12.03)* (11.90)** ( 11.90)*** (11.4Q)***

Controls Yes Yes Yes Yes Yes Yes Yes
Bank-fixed effects Yes Yes Yes Yes Yes Yes Yes
Clustered SE Yes Yes Yes Yes Yes Yes Yes
Adj. R? 0.26 0.26 0.26 0.26 0.26 0.28 0.26

Obs 827 827 828 828 829 756 834
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2.3.3.2 1s CDS tail beta simply another proxy for systemic sk exposure?

Acharya et al.|(2010) find that a bank’s systemic relevandabédinancial sector is
reflected in CDS spreads during the recent financial crisigeMcecisely, they show that
a bank’s Marginal Expected Shortfall (defined as the conwliti mean equity return of the
bank when the market is plummeting) is a significant deteamtiof financial institutions’
crisis CDS spreads.

Consequently, it could be argued that CDS tail beta is simpbthrear proxy for a
bank’s exposure to systemic ri@aln the following robustness check we test whether
CDS tail beta and MES are distinguishable from each other re#pect to their impact
on banks’ CDS spreads.

We estimate the MES in three specifications, all based ondagyereturns. Fist, we
estimate the static MES according to Acharya et al. (2016¢t@n a rolling windows of
100 observations. Second, we follow Brownlees and Engle2lP@&id compute dynamic
MES models including the VCT model, the Dynamic ConditionaleBetodel as well as
the Dynamic Conditional Copula model based on Patton’s (20@6amic t-copul

Estimation results for the different MES specificationsstrewn in Figuré 2]6. Panel
(a) combines the time-series profiles of all four MES speaiitns. It is evident that all
measures of systemic risk evolve similarly during the sanmariod. With the onset of
the subprime crisis in mid-2007 to 2009, all specificatidmaga significant surge in the
average exposure of banks to systemic tail events. The st@agase is then followed by
a strong downward trend. While the dynamically specified MEBgo their pre-crisis

levels, the static MES remains elevated as compared to éiersis period.

2"There now exists a vast number of studies in the financial@oars literature on the measurement of
systemic risks. Further examples for such measures aparttfrose used in this study are due to De Janghe
(2010); Adrian and Brunnermeier (2011); Huang et al. (20$thwaab et al. (2011); Hautsch et al. (2014);
Hovakimian et al.[(2012) and White et al. (2012). Comprehensbmparisons of different systemic risk
measures are duelto Bisias et lal. (2012) and Benoit et al3j201

28Further details and a formal description of the different$ABodels can be found in_Acharya et al.
(2010) and Brownlees and Engle (2012).
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Figure 2.6: MES models and CDS tail beta.

The panels of the figure show the time evolution of averagegMal Expected Shortfall (MES) and com-
pare it to the time evolution of average CDS tail beta. Aver®tES is calculated from alternative models
including the static MES according to Acharya et al. (2019wl as various dynamic model specifica-
tions proposed in Brownlees and Engle (2012). Static ME®isputed non-parametrically from rolling
windows of 100 data points, and the dynamic MES models irecliné VCT model, the Dynamic Con-
ditional Beta model as well as the Dynamic Conditional Capulodel that is based on_Paiton’s (2006)
dynamict-copula (see Brownlees and Engle, 2012, for details). Thgpkaperiod contains daily data from
January 2004 to October 2010 and the average is taken adrdmsks in the sample. The first panel
depicts the time evolution of the different MES specificatipwhereas the following panels compare this
time evolution to that of CDS tail beta, with the light-grdyasled areas showing the MES range between
the 10th and 90th percentile and with the dark-gray cololined referring to CDS tail beta. CDS tail betas
are simulated from the DAC model, where the tail betas arecxpated by numerical integration using
& = 0.001 (see Christoffersen etlal., 2012, for details).
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Figure 2.6: MES models and CDS tail beta (continued).
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Panels (b) to (e) compare the respective MES specificatiathsour measure of tail
risk, CDS tail beta. Whereas the MES is characterized by a shargase with the onset
of the crisis in 2007, a similarly sharp decline after 2008 arspike in 2010, CDS tail
beta evolves differently. In contrast to MES, CDS tail betpexienced a strong upward
trend rather than a temporary surge beginning in mid-200& aMb perform double-sorts
with respect to different MES specifications and make theltegvailable upon request.
Results across the different MES specifications are quaétgtand quantitatively rather
similar and indicate that systemic risk is different frontrerne co-movement risk as
measured by CDS tail beta.

Finally, we report corresponding regression results irtiigation (7) of Tablé 2, 11.
When estimated together with CDS tail beta and relevant cisntitee coefficient on the
static MES is negative but insignificant. Although Acharyale (2010) find evidence
that MES is a significant driver of CDS spreads, we find evideghaeit cannot explain
the variation in CDS spread changes when estimated togeitleCBS tail beta. MES
cannot capture the dynamics of CDS tail beta which is stilhisicant at the 1% level.
Note that we obtain similar results when including the dyitaspecification of MES.

In summary, including MES in our multivariate panel regiess re-confirms our
findings from the double-sorts. Further, we shows that theach of CDS tail beta on
CDS spreads is different from the impact of MES. Hence, extreaimovement risk is a

complement and not a substitute to measures of systemic risk

2.3.3.3 Addressing a potential look-ahead bias

Thus far, we have presented evidence for a time-trend inlaaquurelations between
a bank’s CDS spread and a CDS index. To this purpose, the copmaleal s estimated on
the entire data set ranging from Q1:2004 to Q3:2010. Sinceneasure of co-movement
risk is also used in the regression models over the same @y one potential concern
might be that this creates a look-ahead bias in the sensefdinat given point in time
(except for the last quarter), the full set of informationulbnot have been available to

CDS investors and protection buyers. As a consequence, ltwot have been possible
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to neither investors nor protection buyers to adequateétgmuch risk into CDS contracts.

Addressing this issue, we estimate an additional dynanpeleomodel that is not
based on a generic trend component over the entire estimaé¢iood. Instead, we suc-
cessively extend the estimation period quarter by quatteln shat the obtained tail de-
pendence coefficients only reflect the set of informationlalbke up to the end of the
estimation period. Hence, we construct a real time meadug®§ tail beta that would
have been available to all market participants. To fatdithe estimation of a dynamic
copula model even for shorter time series, we follow Pai&f®6) and estimate a condi-
tional t-copula model to infer dynamic tail probabilitidsor a detailed discussion on the
estimation of conditional copula models we refer to PatRH06

Finally, in unreported results we repeat our benchmarkessgons from Tablg 2.8,
this time using the real time measures of CDS tail beta, anditnimnpact on banks’

credit spreads to remain statistically and economicalshanged.

2.3.3.4 Measuring tail risk with an alternative benchmark index

Another concern might be the definition of the benchmarkxndgo far, we have
constructed an equally-weighted CDS benchmark index by Igieneraging over the
individual banks’ CDS spreads. Nevertheless, it could baedghat this approach leads,
by construction, to mechanical correlations between a’b&IRS spread and the market
index. Furthermore, depending on the structure of the intthexprice of credit protection
for such an index may not necessarily coincide with a repitesige basket index. In
choosing a different benchmark index, the Thomson ReuterB&iis Sector CDS Index
5Y, we control for the potential influence of mechanical etations in banks’ and the
market's CDS spreads. Figure 2.7 shows the average daily dDi&ta as well as the
respective daily minimum and maximum value, estimated ftioenDAC model.

In summary, we find that absolute levels of both the self-tonted as well as a
relevant benchmark index are very comparable. Furtherdemtify a linear correlation

between the two time series of around 92.5%.

2For the t-copula model, we assume the same correlation dgaars Patton (2006) proposes for the
normal copula.
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Figure 2.7: Tail risk with an alternative index.

The figure shows estimation results for dalipS tail betathis time estimated with respect to an alternative
market index: th&’homson Reuters EU Banks Sector CDS IndexAfi\previous results are based on tail
beta coefficients estimated with respect to a self-consdj@qually-weighted CDS index. Nevertheless,
choosing an alternative index does hardly change our maiitsesince we find linear co-movement in the
two time series, with a correlation of 92.5%, to be almoshiabal.
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The results suggest that the influence of potential mechboierelation is, if having
any relevance at all, only very small. Hence, we concludedbaresults are robust to the

choice of the benchmark index.

2.4 Conclusion

We find that during the recent financial crisis, credit defawlap spreads of European
banks included a premium for the bank’s CDS tail beta as meddoy the upper tail
dependence between the spreads of default swaps writtendmdual bank names and
an equally-weighted index of bank CDS. Investors sellinggaiion against the default
of a bank receive a premium if the swap’s reference entitg@eses a higher sensitivity
to sector-wide increases in average CDS spreads. This efilecbnomically large and its
direction is in line with our economic intuition. Banks in thpper quintile of CDS tail
beta have spreads that are on average 140 basis points thghethose of banks in the
lower CDS tail beta quintile. The high CDS spreads of banksgss#isg high CDS tail
betas can neither be explained by traditional factors froertbh’s model nor by alter-
native measures of systematic, tail or systemic risk. Caresetty, our study contributes
significantly to the open question on which factors can erytze large fraction of varia-
tion in spread differences that is not captured by tradaticieterminants of credit default.
However, the explanatory power of CDS tail beta is restritbeaur sub-sample of bank-
quarters during the financial crisis. Thus, investors appeée sensitive to crash risk
when already facing a sector-wide crisis.

Our results confirm and extend previous findings from the eoailiterature on the
determinants of CDS spreads. While we confirm the results abBon et al. (2009) on
the explanatory power of the Merton factors, our new CDS taiidldactor has high ex-
planatory power increasing the adjustetliRour regressions of CDS spreads from 24%
to 32%. Furthermore, our results are also consistent weHitidings of Acharya et al.
(2010) that CDS spreads of banks are driven by measures ehsgsisk exposure. How-

ever, our new measure of CDS tail beta complements rathersthiastitutes other mea-
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sures of moderate or extreme tail risk. Finally, extendimeyesults af Ruenzi and Weigert
(2013), we also document a strong positive correlation betwequity tail beta and CDS
spreads.

This study focuses solely on the pricing of CDS tail beta inGIRS spreads of banks.
A natural extension of our study would include an analysieai-financial firms before
and during the financial crisis. Theory predicts that thealation between CDS tail risk
and CDS spreads is particularly strong for banks as they are mnerable to runs of
creditors and depositors during financial crises. Yet, fiaaAcial firms should just the
same be sensitive to turmoil in the overall CDS market and wddvexpect CDS tail beta
to be priced in non-financial firms’ CDS spreads as well. Funtioee, a natural extension
of our initial question is whether CDS premia are also coteglavith the propensity of
the CDS premia to surge together with the CDS spread of sovebeigds. We leave this

guestion for future work.



Chapter 3

Do CDS spreads move with

commonality in liquidity?

3.1 Introduction

Several recent studies in the financial economics litegatave focused on the rela-
tion of liquidity and asset prices. In particular, the dpy-of liquidity in various asset
markets during the financial crisis has amplified intereghan questions how liquidity
and liquidity risk drive asset prices in the cross-sectind the time series. In the Lig-
uidity Capital Asset Pricing Model (CAPM) of Acharya and Pesdgr((2005), illiquidity
should always be priced in markets with positive net sup@ymilarly, several stud-
ies starting with Amihud (2002); Pastor and Stambaugh (R@kaert et al. (2007) and
Ruenzi et al.[(2013) have shown that equity returns reflecemjm for systematic lin-
ear and extreme liquidity risk. For derivatives marketsyéweer, predictions about the
pricing of both illiquidity and liquidity risk are much mordifficult. In their extension
of the liquidity-CAPM,|Bongaerts et al. (2011) show for masketith zero net supply
that asset prices should only carry a premium for expedigdidiity but not for liquidity
risk. They also find empirical support for their theoretigeddictions in an analysis of the
credit default swaps (CDS) market. However, using a differerion of liquidity risk,

Junge and Trolle (2014) show in a related study that liquidgk is indeed priced in the

65
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cross-section of single-name CDS contracts.

In this paper, we analyze commonality in CDS liquidity as &dént facet of liquidity
risk and show that it is indeed priced in both the cross-eectind time series of CDS
spreads. We propose a novel approach to measure commanaligyliquidity of single-
name CDS contracts by applying the commonality measure stegyen Chordia et al.
(2000) and Karolyi et al. (2012) for equity markets to indival and market-wide CDS
liquidity proxies. As our main finding, we show that CDS spreattlude a statistically
significant discount for liquidity risk in the form of liquity commonality. The results
suggest that buyers of credit protection may demand comagiendor impaired hedging
opportunities. Alternatively, speculators in CDS marketg/ralso require compensation
due to potentially lower returns from speculative actesgtivhen settlement is costly. The
effect is also economically meaningful as an increase in G@adity commonality by
about 10.7% (one standard deviation) decreases the CDSdspyeapproximately 11
bps. In calm periods, however, this effect vanishes. Onéagtion might be that only
when demand for credit protection spikes in times of findrdigtress, correlated trading
behavior in CDS markets increases and drives up commonaliiguidity.

Furthermore, we confirm earlier results of @@t al. (2013) and Tang and Yan (2013)
that illiquidity in CDS markets plays a far more importantadbr the pricing of credit
derivatives than fundamentals from the structural moddefton (1974). In line with
Tang and Yan (2013), we find that a substantial part of thextiari in CDS spreads can be
attributed to changes in contract-specific liquidity. I sample, changes in the quoted
bid-ask spread alone explain, on average, 39% of the timesseariation in CDS mid-
guotes. Adding alternative measures of liquidity to ouresgion specification increases
the adjusted Reven further.

As evidenced during the financial crisis, liquidity and lidjty risk appear to play a
significant role in credit derivatives markets, even thopgédictions from financial the-
ory on the effect of liquidity on derivatives’ prices are fass obvious than in equity

and bond markets (see, e\g., Lin etlal., 2011; Bongaerts, &04l1, 2012@ Surprisingly,

LAnecdotal evidence for the importance of liquidity in CDSrkeis is also given by the 2012 trading
loss at JP Morgan estimated at 2 billion USD that was causdtidgxcessive accumulation of outsized
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only few empirical papers in the literature have focusedraimpact of liquidity risk
on CDS spreads so far. Starting with the study of Tang and [YA@&R there now ex-
ists a consensus in the literature that the illiquidity of C&fatracts is reflected in CDS
spreads and expected CDS returns. This finding has since bpparted in recent stud-
les, like e.g., the works of Tang and Yan (2013), and JungeTamite (2014) who all
underline the necessity to account for liquidity effectsasset pricing studies of CDS
spreads. Despite this recent evidence that suggestsdhatity is an important determi-
nant in the cross-section of CDS spreads (see Lesplingdrt 2042; Cop et al., 2013),
comprehensive time-series evidence on the effect of liguah CDS spread movements
is rather scarce in the literature. For example, Ericssah ¢2009) account for liquid-
ity effects in their asset pricing study but do not direcigttto what extent CDS spread
co-move with changes in the level of liquidity.

Additionally, the empirical evidence on the pricing of lidity risk in CDS spreads
Is ambiguous at best. Building on the theoretical framewdrkaharya and Pedersen
(2005), Tang and Yan (2008) find that CDS spreads are signifygaositively related to
the sensitivity of individual liquidity shocks to marketigke liquidity shocks. Conversely,
they also show that CDS spreads appear to be lower if the sétgsiif shocks to indi-
vidual CDS spreads to market-wide liquidity shocks is highBine opposite empirical
evidence is found by Bongaerts et al. (2011) in their emgitest of the theoretical ex-
tension of the model of Acharya and Pedersen (2005) to meavkigh liquidity risk and
short-selling. They document in their study on 595 CDS catsrbetween 2004 and
2008 that liquidity risk caused by transaction costs thay marease when systematic
default risk increases is not priced in CDS returns. Moreneeenpirical findings by
Junge and Trollel (2014), however, underline the notion ligaidity risk does indeed
play an economically important role in the pricing of CDS gants. Focusing on lig-
uidity risk that arises from widening CDS spreads when aggeetiquidity deteriorates,
they show that wealth constrained protection sellers requiiquidity risk premium when

entering a CDS.

CDS positions through their London branch.
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Our analysis on the pricing of liquidity risk in CDS spreadsegxis several recent
studies in the literature. To start with, our paper is clpgelated to the recent asset
pricing studies of Ericsson etial. (2009) and Meine et al1&0 While the former con-
centrates on the importance of the variables from Mertorgsiehfor CDS prices, the
latter finds CDS tail risk to be a significant determinant of @2S spreads of European
banks. Extending their work, our study additionally coesgdcommonality in CDS lig-
uidity as an economically important priced factor. Next, analysis is also related to the
empirical analyses of Bongaerts et al. (2011) and Junge aiid T2014). By focusing
on the commonality in CDS liquidity and on CDS spreads betw&&4 2nd 2010, how-
ever, we extend their work and find new evidence that CDS spreadng the financial
crisis included a discount for bearing the risk of comovets@m CDS liquidity. Most
importantly, liquidity risk only seems to be priced in CDS t@aiets when comovements
in illiquidity increase as a result of an economic crisisndty, our study is also related
to the works of Cab et al. (2013) and Mayordomo et al. (2014b) who documenteir th
respective studies the existence of significant commanialithe liquidity of CDS con-
tracts. In contrast to our study, however, they do not amathe implications of this
finding for the pricing of CDS.

The rest of this paper is organized as follows. In Sedtioh &€ present our data
and discuss some descriptive statistics of our sample.ioBé8f3 presents the design
and the results of our empirical study on the pricing of themgwnality in liquidity in
CDS spreads. The robustness of our main findings is testedoaufideed in Sectioh 314.
Sectior:3.b concludes.

3.2 Data

This section presents the data used in our empirical studydascribes the data
sources and screening procedures applied to the data. eEuntd define our main in-

dependent variables and provide detailed summary statisti
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3.2.1 CDSdata

We construct our data set from all available single-name dBD$ teries for U.S.
companies with traded CDS contracts on their debt. Our saoguigrises data of 228
financial and non-financial companies for the period fromudayn 2004 to September
2010. CDS data are collected fra@redit Market Analysis (CMAand are downloaded
via Thomson Reuters’ Datastreamhere we consider only CDS names for which daily
mid, bid, and ask quotes are available.

Using data fromCMA has several advantages. Fir€iMA is a reliable database.
Mayordomo et al.[(2014a) show th@MA data are superior to those provided by other
commonly used databases (suchviskit) in terms of the price discovery process. Sec-
ond, CMA only reports CDS quotes if a sufficient number of quotes islabhd, so that
guotes are unlikely to be distorted from low levels of ligtyd Since contract-specific
liquidity is highest among CDS with a maturity of five years, sestrict our analysis to
these contracts. Additionally, we only consider CDS corsrdlgat refer to senior-debt
issues and are denominated in U.S. dollar (USD).

We apply the following screening procedures to our datartiBtpwith a universe of
all U.S. companies with traded CDS contracts, we first delkt€BS time series that
refer to U.S. sovereign debt issues. Further, we are ongrested in companies with
a stock market listing and, consequently, delete all wrdistompanies from the sample.
Next, to uniquely identify the associated equity time seffem Thomson Reuter€DS
symbols, we first decompose each CDS symbol to construct thiesponding equity
symbol. More precisely, we extract the string that referhtocompany name from each
CDS symbol and add a prefix to determine the mﬁkeﬁor example,3M Company
has the CDS symbol MMM..S5 iDatastream We use the first three digits (MMM)
and the market specification (U) to obtain the correspondmgty code (U:MMM). We

then screen all matches manually and discard all ambigu@ish&s from our sample.

2Note that CDS symbols (Mnemonics)ratastreamare constructed from two strings. The first string
refers to the company’s name and consists of no more than ifijts.d The second string specifies the
seniority and maturity of the debt. In our case, the secondgsts 'S5’ and denotes CDS contracts that
refer to senior-debt issues with a maturity of five years.
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Finally, we exclude all companies with an insufficient amioofvariation in their CDS
time serieQ Having applied these filtering criteria, our final sample@npasses a total
of 228 financial and non-financial companies.

Based on the equity symbols of the companies, we additiomilynload Industry
Classification Benchmark (ICB) Level 3 Supersector Codes Datastreamand assign

each company to one of the 19 different industrial sectors.

3.2.2 Measures of credit risk

To control for the impact of firm-specific credit risk in our pirical study, we include
three credit risk variables that are motivated by theore|(derton, 1974). In line with
Collin-Dufresne et al. (2001), we use a firm’s stock returnrtuxg for changes in the firm
value. An increase in the firm value should decrease defaslltand, hence, we expect
a negative sign for the coefficient of firm value. Further, ga@xy for the volatility
of the underlying asset value process, we use equity iojatvhich is defined as the
annualized quarterly stock return volatility. Higher wviley is associated with higher
default risk and should therefore be positively correlatgtth CDS spread changes. As
a proxy for the interest rate, we use thatastreamtwo-year U.S. Treasury benchmark
yield. From a theoretical perspective, an increase in tifierdte of the asset value process
should lower default risk and, consequently, decrease C¥adp. Nevertheless, it could
also be argued that the drift rate captures other macroeaiorfactors that are positively
correlated with default risk.

Furthermore, we consider additional control variables.ivtide the option-implied
volatility index (VIX), where higher index values are assded with higher default risk
and, therefore, higher CDS spreads. Moreover, to accousofoe of the heterogeneity
across firms, we include a size dummy that is defined as theitlogaof quarterly total
assets. Additionally, existing studies in the empiriciriature find evidence that CDS

spreads are sensitive to changes in the business climatadh wfirm operates (see, e.g.,

3For instance, the CDS time series ®eneral Electricexhibits no variation after June 2007 and is
therefore deleted from the final sample.
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Zhang et al., 2009; Longstaff et/al., 2005). Therefore, voduite quarterly values of the
S&P500 index to proxy for the business climate and expectd@nges in the index are
negatively correlated with CDS spread changdsnally, we include book leverage as
an additional control variable since it could be argued thatproxy for firm value does
not fully reflect the default-related information incorpted in measures of the leverage
ratio. Book leverage is calculated as total debt over the sutotal debt and market
capitalization.
All variables are retrieved fromithomson Reuters’ DatastrearWariable definitions,

information on data sources, and descriptive statistiepeovided in Tablels Bl1 and B.2

in Appendix B, respectively.

3.2.3 Liquidity variables

We now turn to the liquidity variables included in our emgal study. In addition
to three different measures of CDS liquidity, we also propps®vel approach of mea-
suring commonality in CDS liquidity by applying the commahameasure suggested in

Karolyi et al. (2012) to individual and market-wide CDS lidity proxies.

3.2.3.1 Measures of CDS liquidity

To control for the general level of contract-specific ligtydwe include the follow-
ing liquidity variables. On the company level, we employabte and relative bid-ask
spreads as well as the updating frequency to account fontpadt of liquidity on CDS
mid quotes. Bid-ask spreads capture the costs of immededenty and embody sev-
eral components such as adverse selection, inventoryirmgygnd order-processing costs
that directly affect liquidity. Bid-ask spreads have beedely used in recent studies
on the liquidity in CDS markets (see, e.g., Bongaerts et all12Tang and Yan, 2013;
Junge and Trolle, 2014). The absolute bid-ask spread {BAS computed as the dif-

ference between daily ask and bid quotes and a widening of,BAsSassociated with

“Note that positive changes in the S&P500 index are assdoaidth declining default probabilities and
increasing recovery rates.
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higher trading costs and, consequently, lower levels mﬁdi'n]yH To avoid potential dis-
tortions from artificial level effects, we follow Tang andryg2013) and Mayordomo et al.
(2014b) and additionally employ the relative bid-ask sgr@aa control variable. The rel-
ative bid-ask spread (denoted as B4Sesults from dividing the absolute bid-ask spread
by the corresponding CDS mid quate.

In the spirit of PL(2009), we include a liquidity variableaths based on the equity
liquidity measure proposed by Lesmond €t lal. (1999), wholeynjhe incidence of zero
equity returns to estimate transaction costs and proxydityuin equity markets. Accord-
ingly, we consider the quarterly updating frequency (dedas UDF) that is calculated
as the ratio of zero CDS spread changes to the number of rdgnd:@sk quotes within a
quarter. Consequently, a UDF equal to zero indicates a pirfegiid market in the sense
that new CDS quotes arrive on a daily basis. Conversely, a egtial to one indicates
zero updates within a quarter and, hence, extremely lowd@ifdiquidity.

Theoretically, since CDS contracts are in zero net-suppbtet is no unambiguous
prediction on the impact of illiquidity on CDS prices. Thattise effect of illiquidity can
either be zero, positive, or negative, depending on wheatiaeginal CDS investors are net
short or net long. If marginal investors are net short, thseilteng illiquidity premia will
be earned by the protection sellers, so that higher leveidigpfidity imply increasing
CDS spreads. On the other hand, if marginal investors arengt protection buyers will
demand lower prices, resulting in a negative relation betwkiquidity and CDS spreads.
Bongaerts et all (2011) propose a derivative pricing mod#i Wiquidity risk and find a
positive and highly significant effect of illiquidity on CDSipes in their empirical study.
Their results have been confirmed by various empirical egigt the literature (see, e.g.,
Tang and Yan, 2008; Lesplingart et al., 2012; &et al., 2013; Junge and Trolle, 2014).
Thus, we expect a positive impact of bid-ask spreads andtimgdaequencies on CDS
prices. Note, however, that existing studies find a revetsed-series pattern in rela-

tive bid-ask spreads. More precisely, due to the dramatiease in CDS prices during

SNote that, in fact, the bid-ask spread is a measure of iiguirather than a liquidity proxy.
6Note that normalizing bid-ask spreads does not alter theeni interpretation. That s, higher values
of BAS;¢ imply lower liquidity and vice versa.
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the recent financial crisis, relative bid-ask spreads anemgdly found to have decreased
substantially over the last yeﬁs{:onsequently, empirical studies such as Tang and Yan
(2008) and Tang and Yan (2013) find that relative bid-askegsere negatively corre-
lated with CDS spreads, so that we expect a negative impacA&.Bon CDS mid
quotes.

Coro et al. (2013) and_Arakelyan et/al. (2013) argue that, in tamdito contract-
specific liquidity, industry- and market-wide levels ofdidity are also important drivers
of firms’ CDS spreads. In the spirit of these two studies, wepmae proxies for market-
wide and industry-specific liquidity and investigate thexplanatory power with regard
to CDS price variability. More precisely, we proxy marketdeiliquidity by calculating
equally weighted cross-sectional averages over the lidsjieads on a given day. In
our empirical CDS pricing study, we compute market-wideitiify separately for each
firm 4 in our sample, where we exclude firinfrom the calculation of the average bid-ask
spreads to avoid mechanical correlations. We calculat&etavide liquidity on the ba-
sis of absolute and relative bid-ask spreads and refer toethdting liquidity measures
as BAY| .and BAS,, respectively. Based on our ICB industrial sector specificatiwe
also include industry-specific liquidity measures, which@mputed as equally weighted
cross-sectional averages over the absolute and relativadhi spreads of the firms in a
specific industry sector on a given day. The correspondingdity measures are denoted
as BAS,.and BAS,,, respectivel

The evidence presented|in ©@cet al. (2013) and Arakelyan et/al. (2013) suggests a
positive correlation between BASand CDS spreads as well as between BAshd CDS
spreads, so that we expect positive coefficients on3&®d BAS, . Concerning BAY,
and BAS,,, we expect a negative impact on CDS prices due to the reveraeeseries

patterns in relative bid-ask spreads.

’See Sectiof 3.2.4 for a detailed discussion.
8Again, we calculate industry-specific liquidity measureparately for each firm in a given industry
sector due to endogeneity concerns and mechanical caoredat
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3.2.3.2 Measuring commonality in CDS liquidity

Various methods have been applied in the empirical liteeato capture commonal-
ity in CDS liquidity. For example, Caret al. (2013) proxy commonality in liquidity by
industry-specific average bid-ask spreads as well as asymnmormation measures at
the industry level. Others, suchas Pu (2009).and Bongaeats(8011), employ principal
component analyses and retrieve measures of commonalityidity via factor decom-
positions. More recently, Mayordomo et al. (2014b) and Mdgmo and Piéa (2014)
use the methodology proposed.in Chordia etial. (2000) to debnemonality in CDS
liquidity. More precisely, they extract commonality megesifrom simple market model
time-series regressions, where percentage changes indnali liquidity variables are
regressed on market measures of liquidity.

In contrast to existing studies, we propose a novel appro&aheasuring common-
ality in CDS liquidity by applying the commonality measureggested in Karolyi et al.
(2012). They use the Rof regressions of individual liquidity on market-wide ligity
as a proxy for commonality in liquidity. Following their afgach, we first apply autore-
gressive filtering regressions to the measures of consgatific and market-wide CDS
liquidity and extract the corresponding innovations iruldjty. In this way, we focus on
the part of liquidity that cannot be explained by the generailgh level of persistence.
Consequently, we define commonality in CDS liquidity as the amh@f firm-specific
liquidity innovations that can be explained by market-wilgi@ovations in liquidity.

Innovations in liquidity are obtained from first-order angigressive processes. For-

mally, we estimate

qufjfs = qu%?j + wftDS (3.1)
where Iicﬁ'tDS denotes the measure of firm-specific liquidity for compaon day:. Next,
as suggested in Karolyi etlal. (2012), we regress the firnsiBpeénnovations in liquid-

ity on the respective lagged, current, and lead market-\Wepledity innovationg We

9See Chordia et al. (2000) and Karolyi et al. (2012) for dstail
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estimate

OTPS = iy + ZI] Bitj@mrs; T i (3.2)
j=—1

wherew$?? is the innovation in market-wide liquidity at tinte

In our empirical study in Section_3.3, we estimate commayati liquidity on the
basis of (absolute) bid-ask spreads. Market-wide liquiditcomputed as outlined in
Sectior 3.2.3]1. We are aware of the fact that studies oiditgun equity markets com-
monly employ value-weighted averages to construct measofrénarket liquidity. In
the case of CDS, however, it is well established to use equadighted averages (see
Junge and Trolle, 2014). We estimate equdtioh 3.2 for eaahtepuand each company in
our sample based on the daily innovations in CDS liquidity take the respectiveRas
the measure of commonality in CDS liquidity. We denote our snea of commonality
in CDS liquidity as Fﬁq and follow|Karolyi et al. [(2012) in that we require at least 15

observations per quarter to estimaﬁaR

3.2.4 Descriptive statistics

We now turn to the descriptive statistics on CDS mid quotesandiquidity vari-
ables. Tablé 3]1 documents the variation in CDS mid quotqsidity measures, and
commonality in liquidity over time. Our sample encompasesperiod from January
2004 to September 2010 and, thus, comprises the main pdm oétent financial crisis.
Turning to CDS mid quotes, we can see that average prices for coD®acts reached
their minimum of 63.7 basis points (bps hereafter) during phre-crisis period in 2006
and amounted to a maximum of more than 300.6 bps at the pedie afrisis in 2009.
This pattern is also reflected by the variation in mid quotemaasured by the standard
deviation. As outlined in Sectidn 3.2.8.1, we proxy CDS ldijtyi by the absolute and
relative bid-ask spreads as well as by the UDF. Descriptatstics on absolute bid-ask

spreads are reported in columns four to six of Tablé 3.1.



Table 3.1: Temporal variation in CDS mid quotes, liquidityaseres, and commonality in liquidity.

The table reports summary statistics sorted by year for CizSguotes, the measures of contract-specific liquidity, em@imonality in CDS liquidity. We use the absolute

and relative bid-ask spreads as well as the updating fregues proxies for liquidity. Absolute bid-ask spreads ardewdated as the difference between ask and bid prices
while relative bid-ask spreads result from dividing theabte bid-ask spreads by the corresponding CDS mid quothke.updating frequency is computed as the ratio of
zero CDS spread changes to the number of reported bid-asksquithin a quarter. Increasing values of our contractifigdiquidity measures correspond to decreasing
levels of liquidity. Commonality in liquidity is calculateas suggested |n Karolyi et al. (2012) and defined as thefRhe regression of innovations in individual bid-ask

spreads on innovations in market-wide bid-ask spreadsailB&mn the computation of commonality in CDS liquidity cam found in Section 3.2.3.2. CDS mid quotes and
absolute bid-ask spreads are measured in basis points \{pke the remaining variables are denominated in %. Cpoerding variable definitions can be found in TdblelB.1
in Appendix B. Our sample encompasses 228 financial and nandial companies for the period from January 2004 to Sepe2010.

CDS mid quotes Absolute bid-ask spreads Relative bid-aglass Updating frequency CDS liquidity commonality
Year Mean Std. Dev. Obs. Mean Std. Dev. Obs. Mean Std. Dev. Obs. nMetd. Dev. Obs. Mean Std. Dev. Obs.
2004 78.7 135.7 912 7.3 8.7 912 155 14.7 912 17.2 17.9 912 6.0 56 5 90
2005 73.0 101.7 912 7.2 6.2 912 15.4 10.6 912 225 17.3 912 5.8 49 8 90
2006 63.7 96.5 912 55 4.5 912 16.2 13.3 912 23.6 15.2 912 5.6 4.7 909
2007 88.2 147.4 912 7.1 8.8 912 13.9 9.1 912 184 22.2 912 6.0 4.8 890
2008 286.0 455.0 912 21.3 46.3 912 8.3 3.9 912 12.0 195 912 9.5 98 89 8
2009 300.6 571.9 912 18.5 25.3 912 9.4 4.9 912 5.6 134 912 6.2 50 0 90
2010 186.8 199.0 684 104 8.3 684 7.4 3.5 684 2.2 6.0 684 11.9 13.3 3 68
Total 152.7 319.1 6156 11.1 22.0 6156 125 10.3 6156 15.0 18.4 6156 .1 7 7.5 6084

Viva ¢'€

9.
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An examination of the corresponding means reveals lowrngadosts during the pre-
crisis period, reflecting the fact that trading activity damence, the liquidity) in CDS
contracts experienced a strong surge prior to the onseedinhncial crisis. The crisis
period as of 2007, however, is characterized by a sharpraeitiiCDS liquidity as indi-
cated by the dramatic increase of bid-ask spreads to mone2thaps during the market
turmoil that followed the collapse of Lehman Brothers. Syjsatly, liquidity restored
in 2010 and bid-ask spreads declined to pre-crisis levedboiit 10 bps. As mentioned in
Sectior3.2.311, relative bid-ask spreads show a somewhater-intuitive and reversed
pattern, with relative bid-ask spreads being high in theqoigs period (around 15% on
average) and decreasing substantially in the crisis péajpplroximately 8% on average),
which is a consequence of the sharp increases in CDS mid giatitaging the onset of
the financial crisis. Surprisingly, we find the same pattarthe time-series variation of
the UDF. To be precise, Talile B.1 shows that the UDF increfased17.2% to 23.6% in
the pre-crisis period and sharply declined from 18.4% t&®d2iring the crisis, indicat-
ing that trading costs (liquidity) were significantly high{@ower) in the pre-crisis period.
Turning to the commonality in CDS liquidity, we find that liglily commonalities stayed
at comparatively modest levels of around 6% in the presiisriod and experienced
a surge in 2008 (increasing to 9.5%). Interestingly, ligyidommonalities decreased
to pre-crisis levels of about 6% in 2009 and, again, increéasgrply to nearly 12% in
2010. That is, the amount of firm-specific shocks to liquidigt is due to shocks to
market-wide liquidity appears to be greater in times of reatkrmoil. Put another way,
in times of financial markets turbulences, firm-specific ity innovations seem to be
more sensitive to market-wide liquidity innovations thamidg calm periods.

Figured 3.1l and 32 confirm these findings and depict the $enies variation in CDS
mid quotes, the three liquidity measures, and liquidity oamalities. Panel (a) of Figure
3.1 shows corresponding averages and the range betweerhtlaad 95th percentile.
Conforming to Tablé 3]1, CDS mid quotes and absolute bid-aslkags stayed flat in the
pre-crisis period and surged strongly during the crisisqoesis of 2007.
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Figure 3.1: CDS mid quotes and bid-ask spreads.

The figure depicts the time-series variation in daily CDS oudtes and absolute as well as relative bid-
ask spreads. The first panel plots equally weighted crast#sal averages (black line) and the range
between the (cross-sectional) 5th and 95th percentilegléharea), while the second panel compares the
time evolution of (average) mid quotes and bid-ask spreatdsolute bid-ask spreads are computed as the
difference between ask and bid prices, while relative Isiklspreads result from dividing absolute bid-ask
spreads by the corresponding CDS mid quotes. CDS mid qutestesolute bid-ask spreads are measured
in basis points (bps), relative bid-ask spreads are deraigdrin %. Our sample encompasses 228 financial
and non-financial companies for the period from January 20@®eptember 2010.

(a) Time-series variation in CDS mid quotes and bid—ask spreads
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Figure 3.1: CDS mid quotes and bid-ask spreads (continued).

(b) Comparison of CDS mid quotes and bid—ask spreads
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Figure 3.2: CDS mid quotes and liquidity commonalities.

The figure depicts the time-series variation in quarterly83iQuidity commonalities and CDS mid quotes.
For each quarter in our sample period, we calculate equadighted cross-sectional averages as well as
cross-sectional percentiles at the 5% and 95% level. Coralitpin liquidity is calculated as suggested in
Karolyi et al. (2012) and defined as thé Bf the regression of innovations in individual (absolutig)}-ask
spreads on innovations in market-wide (absolute) bid-gpskasls. Details on the computation of com-
monality in CDS liquidity can be found in Section 3.2]3.2. £bnid quotes are measured in basis points
(bps), while commonality in liquidity is denominated in %.uOsample encompasses 228 financial and
non-financial companies for the period from January 2004f&nber 2010.

(a) Time-series variation in quarterly liquidity commonalities
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Relative bid-ask spreads, on the other hand, are charaddayza reversed time-series
pattern, with relative bid-ask spreads being high in thequigs period and decreasing
sharply during the crisis. Panel (b) of Figlire]|3.1 companeddifferent time-series pat-
terns and shows that CDS mid quotes and absolute bid-asldspappear to be positively
related, while CDS mid quotes and relative bid-ask spreasgedsas absolute and rela-
tive bid-ask spreads seem to be negatively related. Higdraepicts the time evolution of
guarterly CDS liquidity commonalities (Panel (a)) and qedytCDS mid quotes (Panel
(b)). The panels support the results from Tdblé 3.1 and shawliguidity commonal-
ities surged after the collapse of Lehman Brothers in 2008ljrdedl sharply during the
subsequent market turmoil, and again increased dramgtic&010. Comparing the two
panels provides mixed evidence on the relation betweertiigicommonalities and CDS
mid quotes.

In our empirical study, we are also interested in how induspecific liquidity and
commonality in liquidity impact CDS prices. Therefore, Tedi3.2 and_3]3 report de-
scriptive statistics separately for each industry. As we $2e from the tables, the 228
companies in our sample comprise 19 industries and are nlyadistributed across the
industrial sectors, with most firms (a total of 32) being ia thdustrial Goods & Services
sector and only one firm in the Telecommunications sectobleld.2 shows descrip-
tive statistics on industry-specific CDS mid quotes as welliqagdity and documents
strong variation across industries. Mid quotes range frar8 Bps (Telecommunications)
to 511.5 bps (Automobiles & Parts), while absolute bid-gsteads vary from 4.8 bps
(Banks) to 23.9 bps (Automobiles & Parts). Interestinglgustries with higher absolute
bid-ask spreads (i.e., lower liquidity) appear to have aigbDS mid quotes. The opposite
Is true for relative bid-ask spreads, that is, higher re¢egpreads are generally associated
with lower CDS mid quotes. Accordingly, the Healthcare seetibits the highest rel-
ative bid-ask spread (17.8% on average), while the Autolesl& Parts sector has the
lowest relative bid-ask spread of 8.2% on average. Findlé/table also documents sub-
stantial cross-sectional variation of the UDF, indicatiingt variations in industry-specific

liquidity are not driven by the choice of the liquidity measu



Table 3.2: Industry-specific CDS mid quotes and liquidity swgas.

The table reports summary statistics sorted by industry fab @iid quotes and the measures of contract-specific liquidieyusé the absolute and relative bid-ask spreads as well apdla¢ing frequency as proxies for
liquidity. Absolute bid-ask spreads are calculated as iffierdnce between ask and bid prices, while relative biispseads result from dividing the absolute bid-ask sprégdke corresponding CDS mid quotes. The
updating frequency is computed as the ratio of zero CDS spteaiges to the number of reported bid-ask quotes within aejuémcreasing values of our contract-specific liquidityasgres correspond to decreasing
levels of liquidity. CDS mid quotes and absolute bid-ask agseare measured in basis points (bps), while the remaininaples are denominated in %. Corresponding variable defirsitcan be found in Tab[eB.1 in
Appendix B. Our sample encompasses 228 financial and non-fad@oenpanies for the period from January 2004 to Septembed. 2Bach of the 228 companies is assigned to one of the 19 differ@ustries based

on the Industry Classification Benchmark (ICB) Level 3 Sueetsr Codes which are retrieved frdbatastream

CDS mid quotes Absolute bid-ask spreads Relative bid-asasgr Updating frequency
Industrial sector No. of companies Mean Std. Dev.  Obs. Mean Std. Dev.  Obs. Mean Std. Dev. Obs. nMe&td. Dev.  Obs.
Ind. Goods & Services 32 98.8 140.8 864 8.6 9.3 864 14.0 9.7 864 15.7 18.1 864
Healthcare 17 85.6 145.5 459 7.1 6.1 459 17.8 13.3 459 16.4 14.0 459
Insurance 13 171.7 344.4 351 12.6 23.8 351 12.2 11.8 351 145 171 351
Technology 6 308.1 683.4 162 20.1 50.9 162 11.9 10.6 162 12.0 12.2 162
Utilities 18 97.8 107.9 486 8.7 6.8 486 12.0 6.9 486 16.5 18.4 486
Chemicals 11 134.2 240.5 297 9.5 10.6 297 11.9 7.4 297 10.0 9.3 297
Basic Resources 6 165.6 200.6 162 11.4 11.9 162 10.7 6.1 162 10.3 9.5 162
Pers & Household Goods 21 188.6 367.4 567 11.7 20.8 567 12.2 12.5 567 16.5 23.7 567
Automobiles & Parts 6 511.5 850.4 162 23.9 37.7 162 8.2 8.2 162 8.2 12.1 162
Financial Services 5 278.2 488.4 135 18.8 49.8 135 8.3 3.9 135 10.3 12.2 135
Real Estate 17 212.6 298.2 459 175 25.6 459 10.1 4.8 459 26.3 29.5 459
Retail 20 144.2 359.3 540 10.2 32.2 540 11.0 10.8 540 11.8 155 540
QOil & Gas 20 92.2 114.7 540 7.4 5.6 540 12.8 10.8 540 12.7 14.5 540
Food & Beverage 11 69.8 104.6 297 6.6 4.9 297 17.5 12.4 297 15.9 15.0 297
Telecommunications 1 61.8 69.4 27 5.4 2.0 27 15.8 11.7 27 115 8.2 27
Banks 4 77.7 96.2 108 4.8 4.5 108 9.7 5.6 108 14.7 17.0 108
Media 6 207.3 318.3 162 135 26.0 162 9.3 6.2 162 9.2 8.6 162
Travel & Leisure 9 226.3 432.3 243 16.2 34.4 243 9.7 5.9 243 15.1 22.2 243
Construct. & Material 5 138.8 167.8 135 10.5 8.3 135 14.9 16.4 135 15.7 20.2 135
Total 228 152.7 319.1 6156 111 22.0 6156 12.5 10.3 6156 15.0 18.4 6156

Viva ¢'€
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Table 3.3: Market-wide and industry-specific estimates oSdiQuidity commonality.

The table reports summary statistics on market-wide andsimg-specific estimates of commonality in
CDS liquidity separately for each industry. Commonalityd®S liquidity is calculated as suggested in
Karolyi et al. (201P) and defined as thé Bf the regression of innovations in individual bid-ask s

on innovations in market-wide and industry-specific bil-sgreads. Details on the computation of com-
monality in CDS liquidity can be found in Sectidn 3.2]3.2. rGample encompasses 228 financial and
non-financial companies for the period from January 2004ef@t&nber 2010. Each of the 228 companies
is assigned to one of the 19 different industries based omthestry Classification Benchmark (ICB) Level
3 Supersector Codes which are retrieved fiDatastream

CDS liquidity commonality

Industrial sector No. of companies Market-wide estimates Industry-specific estimates
Mean St. Dev. Obs. Mean St.Dev. Obs.
Ind. Goods & Services 32 7.7 8.9 861 7.8 9.3 861
Healthcare 17 7.6 8.2 457 9.3 9.2 457
Insurance 13 7.0 7.8 348 10.0 10.7 348
Technology 6 6.7 6.0 162 7.7 9.1 162
Utilities 18 6.7 6.6 479 8.0 7.2 479
Chemicals 11 6.6 7.0 295 8.6 8.0 295
Basic Resources 6 6.9 6.3 162 8.2 7.7 162
Pers & Household Goods 21 7.5 7.2 553 8.7 8.6 553
Automobiles & Parts 6 7.6 6.9 162 8.4 7.8 162
Financial Services 5 7.8 8.4 135 10.1 9.4 135
Real Estate 17 6.4 6.1 432 8.9 9.2 432
Retail 20 7.6 8.3 535 7.8 8.3 535
Oil & Gas 20 6.4 6.2 538 8.4 7.3 538
Food & Beverage 11 7.0 7.8 297 8.8 8.3 297
Telecommunications 1 4.5 3.5 27 n.a. n.a. n.a.
Banks 4 8.5 9.8 107 21.5 19.9 107
Media 6 6.3 7.4 162 7.2 6.7 162
Travel & Leisure 9 7.4 7.6 239 6.5 6.9 239
Construct. & Material 5 6.5 6.6 133 8.1 7.2 133
Total 228 7.1 7.5 6084 8.6 9.0 6057

Turning to Tablé_3.13, we additionally find strong evidencedonsiderable variation
in CDS liquidity commonalities across industries. The tablgorts market-wide liquidity
commonalities for each industry as well as industry-spetguidity commonalities. To
obtain the latter, we follow the procedure described ini8a.2.3.2 and replace market-
wide liquidity by industry-specific liquidity, which is calilated by averaging across the
(absolute) bid-ask spreads of the companies in the regpantiustry sectar] We can
draw two main conclusions from the results in the table. tFlvsth market-wide and
industry-specific estimates reveal strong cross-sedtiarsation. While the means of

the former range from 4.5% (Telecommunications) to 8.5% KBanthe means of the

1ONote that, in case of the liquidity commonalities of fiimwe exclude this firm from the calculation
of the corresponding industry-specific liquidity to avoiéchanical correlations.
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latter vary from 6.5% (Travel & Leisure) to 21.5% (Banks). ldenparts of the cross-
sectional variation in liquidity commonalities may be @nvby the industry classifications
of our sample firms, which needs to be addressed and couwtri@tein our empirical
study in Section 3]3. Interestingly, comparing industpgafic commonality in liquidity
to the industry-specific CDS mid quotes in Tablel 3.3, we findelpminantly negative
relation, i.e., industries with strong commonality in lidity appear to have lower CDS
mid quotes than industries with weak commonality in ligtyidisee, e.g., Banks, Food
& Beverage, and Healthcare). Second, Tablé 3.3 shows thastiydspecific liquidity
commonalities are consistently stronger than the correipg market-wide estimates.
Expectedly, shocks to industry-specific liquidity appeahave a greater impact on firm-
specific liquidity innovations than shocks to market-widgiidity. That is, firm-specific

liquidity is much more sensitive to industry-specific thanmarket-wide liquidity.

3.3 Liquidity and CDS spread movements: Empirical ev-
idence

This section provides evidence from multiple regressioasm We estimate both
time-series and panel data models to analyze the role aoflitgand liquidity commonal-
ity in explaining movements in CDS spreads over time and ircthss-section. We carry
out all regressions in first-differences rather than in levdt is important to estimate
the time-series regressions in differences to mitigateceors arising from potentially
co-integrated dependent and independent variables (gs&m et al., 2009). Consistent

with our time-series regressions, we also use first-diffees in the panel data modgis.

3.3.1 Time-series evidence

First, we examine the relationship between changes in CD&dprand changes in

the variables suggested by theory (see Merton,|1974): fitoeyaterest rate, and equity

This seems appropriate given the evidence for a unit rosoted in Cay et al. (2013) for a compa-
rable set of variables.
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voIatiIity. We run firm-by-firm time-series regressions on the quarteaiynpled data
and report average coefficient estimates, associatetigtists, the average adjusted,R
as well as the average number of available quotes in Tallé\B gtatistics are calculated

as outlined in_Collin-Dufresne etlal. (2001).

Table 3.4: Time-series regressions.

The table reports coefficient estimates and corresponestagistics from time-series regressions in differ-
ences of quarterly CDS mid quotes on credit risk and liguidétriables. In terms of the former, we include
the firm value, interest rate, and volatility. Concerning DS liquidity variables, we include the indi-
vidual absolute bid-ask spread (B4$, our measure of commonality in CDS quuidity@, the updating
frequency (UDF), and the market-wide absolute bid-askaxp(BAS ). For each firmi, we estimate the
following regression model for the period from January 2a@98eptember 2010:

ACDS = o + 3AMerton-typé + yALiquidity! + SARG, + el
The credit risk and liquidity variables are discussed imaileh Section[3.2. Variable definitions, data
sources, and summary statistics are reported in TRblésB[B A in Appendix B. The reported coefficients
and t-statistics are calculated as outlined_ in Collin-Bsfre et al. (2001) and Ericsson €t al. (2009). ***,
** * indicate significance at the 1%, 5%, and 10% level, resjpely.

(1) (2 3) (4) )
AFirm value | -0.757%* -0.536"*  -0.560"*  -0.414***
(-7.73) (-6.19) (-5.86) (-5.39)
Alnterest rate| -19.676%* -17.793%+  -10.178%
(-6.08) (-6.24) (-6.13)
AVolatility 19.271% 13.248%*  13.349%
(11.05) (8.73) (9.00)
ABAS.ps 5.491%*  4.899%%  4.911%* 5248k
(15.31) (13.91) (13.8) (14.91)
ARZ, -0.793%*  -0.946*  -0.971*
(-2.15) (-2.36) (-2.52)
AUDF -56.219%+ -37.894%  -40.673*
(-2.68) (-2.00) (-1.83)
ABASM. 10,565+ 10.964*+
(5.99) (6.53)
Constant 2552k 1. 721%+ 1775w 0.460 1.712%%
(4.16) (5.63) (5.93) (0.44) (2.75)
Adj. R? 0.47 0.56 0.60 0.59 0.59
Avg. obs. 25.90 26.00 25.50 25.47 25.47

Column (1) of Tablé 314 shows that changes in fundamentahbkas are jointly sig-
nificantly correlated with changes in the CDS mid quote. We éimegative relation be-
tween CDS spread changes and changes in firm value. The cemffoi the interest rate
is also negative. However, changes in CDS spreads and eqlgtiylity are significantly

positively correlated. All estimation results are in lingwtheir theoretical predictions.

12In the following, we refer to these variables as theoretieaiables or credit risk variables.
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With an average adjusted? Rf 47%, the explanatory power of credit risk fundamentals
is substantial; they explain almost half of the variatiol©iDS spread changes over time.
With respect to the explanatory power of the theoreticakbdes, our results differ from
Ericsson et al. (2009) who only report a modesfét the variables suggested by theory.
In their study, the theoretical variables explain only &80 of the variation in CDS
spreads. It is natural to ask which factors can account difierences in the explana-
tory power. First, Ericsson etlal. (2009) conduct their gsiglon a comparatively much
smaller sample (between 39 and 76 companies on average)diegen the regression
specification, and 90 in total) and second, over a differeme fperiod (1999 to 2002).
Third, we find that the contribution (as measured by the a€efLB®) of stock volatility is
highest among the set of theoretical variables and sulitgiftigher as in Ericsson et al.
(2009). When regressing changes in CDS spreads on equitylityglabout 38% of the
variation can be explained. In contrast, Ericsson et al092@eport a maximum Rof
approximately 10% for their univariate equity volatilitggression. We find our results
to be more in line with Tang and Yan (2013), who report simdaidence for a slightly
different set of fundamental controls but perform theirlgs@s over a comparable sample
period.

Although recent evidence from the literature suggestslibaidity is an important
driver of CDS spreads in the cross-section (see Lesplingatt,2012; Coo et al.| 2013),
time-series evidence on the effect of liquidity on CDS sprmeagements is rather scarce
in the literature. For example, Ericsson et al. (2009) aotéor liquidity but do not di-
rectly test to what extent CDS spreads co-move with changéeitevel of liquidity. In
line with|Tang and Yan (2013), we find that a substantial paithe time-series variation
in CDS spreads can be attributed to changes in contractfepleguidity. For example,
changes in the absolute bid-ask spread alone explain, oage/e39% of the time-series
variation in CDS mid quotes and, hence, are comparable tdyegolatility in terms
of the explanatory power. However, the portion of variattbat can be explained by

changes in relative bid-ask spreads is much lower, with anage adjusted Fof 4%

13We do not report univariate regression results but make theitable upon request.
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Nevertheless, changes in both variables are significanthglated with changes in CDS
spreads. We further extend our analyses to the inclusiow@fidditional liquidity fac-
tors: the market-wide absolute bid-ask spread, BA&nd the updating frequency, UDF.
The estimation results are shown in Column (2) of Tablé 3.4e fhinee liquidity vari-
ables are significant at the 1% level. We find a negative coftion the UDF variable,
indicating that an increase in UDF decreases CDS spreads.isThess frequent quote
updates (and, hence, less liquid contracts) are assodidgttedower CDS spreads. The
evidence on market-wide liquidity, however, is differedust as the coefficient on the
contract-specific liquidity proxy (BAS9, the coefficient on BA%. is positive. This sug-
gests two things. First, CDS spreads move with changes inetrarkle liquidity and
second, strained market-wide liquidity is reflected in leig8DS spreads. This finding is
consistent with Car et al. (2013) who also document a positive impact of inguaide
liquidity levels on CDS spreads.

Altogether, the three liquidity factors explain 56% of thee-series variation in CDS
spreads. In other words, factors related to liquidity expitaore of the time-series vari-
ation in CDS spreads than variables related to credit risk.n@te that the correlation
between contract-specific liquidity factors and markedeviquidity is modest, with val-
ues of around 0.15 and, therefore, cannot be a driver of thisniy (see Tablé Bl3 in
Appendix B).

Turning to the performance of our key variable, CDS liquigiynmonality, we show
estimation results of the commonality regressions in Coki(Bhto (5) of Tablé 314. We
obtain two major findings. First, we document a statisticalfnificant and negative re-
lation between liquidity commonality and CDS spread movemherhile controlling for
the impact of contract-specific liquidity and credit riskriedles. Hence, an increase in
liquidity commonality, i.e., the degree to which innovaisoin market-wide liquidity ex-
plain innovations in firm-level liquidity, decreases CDSesgais. This finding is robust at
the 5% significance level and supports the view that liquidit-movement risk leads to a
discount on CDS spreads and, hence, to a liquidity risk prengiarned by the protection

buyer. Second, when estimating the model with a combineaf seedit risk and liquidity
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factors, we observe a sharp increase in the average adRétgaito 60%. The fact that
the model performance can be improved substantially whetraitng for both types
of variables (credit risk and liquidity factors) adds to thation of the so-called "credit
puzzle” and confirms that liquidity may indeed be an omitictdr in the Mertan (1974)
framework.

To further test the robustness of liquidity commonality ategéerminant in the time-
series variation of CDS spreads, in Columns (4) and (5) we dectwo additional lig-
uidity factors. When estimated together with UDF, commadwpah liquidity remains
significant although the overall explanatory power of thgr@ssion marginally decreases
by one percentage point. Finally, in Column (5) of Tdble 3.4,imclude the market-wide
absolute bid-ask spread. We do not estimate BA®gether with the interest rate and
equity volatility variable to mitigate imprecision from rtigollinearity. Pairwise corre-
lations between the variables are above 0.5, respectiVély.estimated coefficient sign
on BAS.remains unchanged as compared to our liquidity regressi@oiumn (1) and
CDS liquidity commonality remains a negative and significavariate in the time series
of CDS spreads.

As can be seen from the regression results, liquidity is goomant driver of the
time-series variation in CDS spreads. Further, our variablaterest, CDS liquidity
commonality, complements existing liquidity factors sagtgd in the literature. We find
that liquidity commonality is significantly negatively getated with CDS spread move-
ments. Hence, we find evidence for a liquidity risk premiurmed by the protection
buyer who may demand compensation for impaired hedgingrtyotes or potentially
lower returns from speculative activities. The resultsdhitirough various regression

specifications.

3.3.2 Panel-data evidence

In this section, we present estimation results from varjpausel data regressions for
our 228 companies. We conduct several tests and sub-samgdies@s to examine the

relation between CDS spread movements, liquidity factegsidity commonality, and
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credit risk variables in the cross-section of CDS spreadsruNeur benchmark regres-
sions with industry-fixed effects and cluster standardrerab the industry level. Hence,
we allow standard errors to be correlated among firms withoerdain industry. That
is, given the relatively strong dispersion of companie®s&rindustrial sectors in our
sample, we expect that shocks to the U.S. economy affect forasvarying extent, de-
pending on the relative importance and crisis resilienctheifr sector-specific business
model. Nevertheless, we also test different specificatifirms- and time-fixed effects) in

the robustness tests in Section 3.4 and find that our reguitain unchanged.

3.3.2.1 Comparing explanatory power: Liquidity vs. credit risk

For our initial analysis, we again focus on differences ia éxplanatory power of
liquidity and credit risk factors, this time in the crosszen of CDS spreads. Regression
(2) in Table[3.b includes the variables suggested by the®he results are consistent
with the time-series regressions reported in the previeasan. We find a negative and
significant slope coefficient for changes in the firm valueiatetest rate. Volatility enters
the regression with a positive sign and also differs sigaifity from zero at the 1% level.
The adjusted Ris 17% and, as expected, considerably lower than in the sporeling
time-series regression (47%). Regression (2) in Table p&ats the liquidity regression.
The estimated coefficient signs are also in line with the {g@ees evidence. For the
two liquidity measures, BASsand BAS!, we obtain significantly positive coefficients
while the correlation between the updating frequency, UAdE, CDS spread movements
is significant but negative. With an’Rf 32%, the explanatory power of the liquidity
variables is almost twice as high as that of the credit risiades.

As with the time-series results, it is interesting to obsettvat the coefficient on
market-wide liquidity is larger in magnitude than the caséint on contract-specific lig-
uidity. However, when considering the economic impact eftiwo direct liquidity mea-
sures, we find that contract-specific liquidity has a sigaifity stronger impact on CDS
spreads. An increase of the bid-ask spread by 19.5% in@e¢hseCDS spread by 99

bps 6.1 x 19.5), whereas a one standard deviation increase in market-¥igigadity
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increases the CDSgread by approximately 47 bpsl (x 3.5), which is only half of

the economic impaét] Although the information in BAS may not be entirely inde-

pendent of BAgs(and vice versa), the impact of market-wide liquidity on Cpfesds
is substantial and, to the best of our knowledge, has not beesidered together with

contract-specific liquidity factors in previous studtgs.

Table 3.5: Panel benchmark regressions.

The table reports results from panel regressions in fifférénces on the quarterly sampled data. We
regress changes in the CDS mid quote on a set of credit riskquidity variables. Regarding the former,
we include the firm value, interest rate, and volatility. Ceming the CDS liquidity variables, we include
the individual absolute bid-ask spread (BA$ our measure of commonality in CDS liquidity ,13 the
updating frequency (UDF), as well as the industry-specBag,,) and market-wide absolute bid-ask
spread (BAY ). For each firm in sectorj, we estimate the following regression model for the periodf
January 2004 to September 2010:

ACDS;; = a + fAMerton-type ; + yALiquidity, ; + JARF,  + v + €.

All regressions include industry-fixed effects,, based on the ICB supersector classifications. Standard
errors are clustered at the industry level and correspgndgtatistics are reported in parentheses. The
credit risk and liquidity variables are discussed in ddtabectior 3.2. Variable definitions, data sources,
and summary statistics are reported in Table$ B.1[and B.DpeAdix B. ***, ** * indicate significance

at the 1%, 5%, and 10% level, respectively.

1) (2) 3) (4) (5) (6)
AFirmvalue | -1.534*** -1.178***  -1.180*** -1.161*** -1.085***
(5.83) (3.66) (3.67) (3.59) (3.35)
Alnterest rate| -12.894** -9.849* -9.723* -7.863
(2.35) (1.86) (1.83) (1.51)
A\Volatility 25.471%** 20.536***  20.626*** 19,795***
(7.24) (5.22) (5.23) (4.71)
ABAS s 5.069***  4.407**  4.408**  4.364**  4.668***
(6.31) (6.89) (6.89) (6.99) (6.07)
ARﬁq -1.049%**  -1.049** -1.061*** -0.990***
(3.00) (2.99) (3.04) (3.03)
AUDF -0.220** -0.267** -0.261** -0.185*
(2.17) (2.32) (2.30) (1.86)
ABAS!, 1.174*
(1.81)
ABASM 13.448*** 11.914***
(5.23) (4.74)
Constant 2.900%**  2.112%* 2 747**  2574%*  2.624** 2 .856***
(11.44) (9.65) (15.30) (13.31) (13.44) (17.15)
Industry FE X X X X X X
Clustered SE X X X X X X
Adj. R? 0.17 0.32 0.35 0.35 0.35 0.33
Obs. 5,891 5,928 5,785 5,785 5,759 5,785

14The standard deviation is calculated on the first-diffeegiheariable.
15Note that we eliminate the influence of mechanical corrateiin the market-wide liquidity measure
by excluding firm:i from the computation of averages.
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Coro et al. (2013) examine industry-wide liquidity effects retcontext of CDS pric-
ing. However, we find that results differ substantially witspect to the explanatory
power. In unreported tests, we use industry-specific idstémarket-wide bid-ask spreads
in regression (2) of Table_3.5 and find that this specificayietds a lower R of 28% and
a substantially lower economic impact on CDS spreads. Areas® of 8.6% in industry-
specific liquidity increases CDS spreads by roughly 10.3 Bgs 1.2), which is less
than one quarter of the impact of market-wide liquidity on C§iffeads. Related work
has also been presented by Arakelyan et al. (2013). NeVest)eéhey do not incorporate

measures of contract-specific liquidity and, hence, coaiphty is limited.

3.3.2.2 CDS liquidity commonalities and the cross-sectioof CDS spreads

We next investigate whether CDS liquidity commonalities prieed in the cross-
section of credit spreads. And indeed, we find strong evielénat it is. Column (3) of
Table[3.5 shows that commonality in liquidity significantdg-moves with CDS spread
changes. Throughout the regression specifications in Bableéhe estimated coefficient
Is negative. Corresponding t-statistics for the coefficantommonality are around 3.00
through specifications (3) to (6), indicating significantéha 1% level. Moreover, we do
not only find a statistically significant relation but alsoamsiderable economic impact of
commonality on CDS spreads. An increase in commonality buah®.7% (one standard
deviation) decreases the CDS spread by approximately 11-ap83x 10.7). Compared
to the measures of liquidity considered above, the econeffiect of commonality on
CDS spreads appears to be comparatively small. Howeverdesimg) that this is a dis-
count on the premium payment, the effect is meaningful. TWexail size of the effect
may indicate that buyers of credit protection may have ikt small negotiation power
in CDS contracts, especially when the overall demand foricpedtection increases as a
consequence of an increase in aggregated market-wide asidi

When extending regression (1) with respect to the inclusfaheobid-ask spread and
our measure of commonality in liquidity, the? Rcreases up to 35%. In Columns (4)

and (6), we show that the effect is robust to the inclusionuofhier liquidity controls:
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industry-specific liquidity (4), the updating frequency,(&nd market-wide liquidity (6).
The coefficient on UDF is negative and significant at the 5%lla@ndicating that lower
levels of liquidity are associated with lower CDS spreads.Ctolumn (5), we add the
industry-specific liquidity factor. The coefficient on BASis positive and significant,
suggesting that CDS spreads co-move with industry-speficdity. The coefficient is,
however, relatively small in magnitude and only signifi¢amtifferent from zero at the
10% level. Finally, in Column (6) we include the market-widguidity measure. The
coefficient is highly significant and large in magnitude. k&rwide liquidity appears to
be a more reliable co-variate than industry-specific liguieh the context of CDS pricing.
The results of specification (6) are informative to only ailed extent. To mitigate
concerns arising from multicollinearity, as with the tireeries regressions, we omit the
interest rate and volatility variable. Nevertheless, whstimated together with market-
wide liquidity, commonality is still a priced factor in theass-section of CDS spreads.
Notably, the R decreases only marginally when excluding the two creditvéiables.
One potential concern is that CDS spread movements mighivandry other factors
than the ones used in the regression specifications abodeednthe literature has fo-
cused extensively on so-called state variables such asl¥enthe S&P500 index. We
include both of these variables in Table]3.6 together withvdwriables used in the above
settings. Additionally, we control for the impact of firm siand book leverage. One
could question the adequacy of our proxy for firm value in thabes not fully reflect the
default-related information incorporated in the leverago. We note that some of the
variables exhibit high pairwise correlations such as ckang the S&P500 and our mea-
sure of volatility. This is why we limit our interpretatiorf the regressions in Table 3.6
to a sensitivity analysis of our main finding. Throughout tegressions in Table 3.6, our
main result holds. Commonality in liquidity is significanttae 5% level and negatively

correlated with CDS spread changes.
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Table 3.6: Panel benchmark regressions with additionatcbwvariables.

The table reports results from panel regressions in fifférénces on the quarterly sampled data. We
regress changes in the CDS mid quote on a set of credit rigkidity, and additional control variables.
Regarding the former, we include the firm value, interes,rand volatility. Concerning the CDS liquidity
variables, we include the individual absolute bid-ask ag®AS,,9, our measure of commonality in CDS
liquidity (R,Qiq), and the updating frequency (UDF). As additional contiliables, we include the option-
implied volatility index (VIX), book leverage, the logdnitn of quarterly total assets (Assets), and values of
the S&P500 index (S&P500). For each fiinm sectorj, we estimate the following regression model for
the period from January 2004 to September 2010:

ACDS,; ; = a + BAMerton-type ; + yALiquidity; , + 5ARﬁq,i’t +wAControls ; + vj +¢€; 4.

All regressions include industry-fixed effects,, based on the ICB supersector classifications. Standard
errors are clustered at the industry level and correspgndgtatistics are reported in parentheses. The
credit risk and liquidity variables are discussed in ddatabectior 3.2. Variable definitions, data sources,

and summary statistics are reported in Table$ B.1Land B.DpeAdix B. ***, ** * indicate significance

at the 1%, 5%, and 10% level, respectively.

1) 2)
AFirm value -1.405***  -1.368***
(4.26) (4.18)
Alnterest rate -4.052 4.545
(0.82) (1.09)
A\Volatility 21.436*** 18.508***
(4.35) (3.74)
ABAS s 4.548%* 4 5AQ%**
(6.86) (6.90)
ARﬁq -1.283** -1.244**
(2.44) (2.79)
AUDF -0.291* -0.243
(1.84) (1.64)
AVIX 1.103
(1.45)
ABook leverage| -31.020 -26.342
(0.80) (0.63)
AAssets -23.765 -23.998
(1.56) (1.67)
AS&P500 -0.221**
(2.63)
Constant 2.918*** 3.862***
(11.55) (10.49)
Industry FE X X
Clustered SE X X
Adj. R2 0.30 0.31
Obs. 4,766 4,766
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3.3.2.3 Comparing explanatory power: Pre-crisis vs. crig evidence

In general, the demand and level of liquidity appear to bernswly related. In other
words, liquidity is usually scarce in times when it is needeel most. Naturally, it is
reasonable to expect that frictions in CDS market liquidity particularly pronounced
during the recent crisis period. Likewise, we assume thatatbsolute level as well as
the impact of liquidity commonality on CDS spreads changeh thie overall state of the
economy. One reason might be that, when demand for cred&giron spikes in times
of financial distress, correlated trading behavior in CDSkatgralso increases. Indeed,
we find anecdotal evidence for this hypothesis in Figure Btz degree of commonality
peaks in Q3:2008 when Lehman Brothers filed bankruptcy. Whéltleenotion of time-
varying liquidity commonality finds support in the data isted in Tablé 3]7. We present
evidence from a sub-sample analysis by splitting up the amiw a pre-crisis (Q1:2004
to Q2:2007) and a crisis period (Q3:2007 to Q3:2010) andsterate the regression
models from Table 3]5.

In a first step, we again compare the impact and explanatawgipof credit risk and
liquidity factors on CDS spreads in the pre-crisis and crisggme. In Column (1) of Panel
A, we report results for the variables suggested by theotlyarpre-crisis period. Results
on the corresponding crisis-period regression are showdolamn (1) of Panel B. Prior
to the crisis, theoretical variables are significant buehanly limited explanatory power,
with an R of 7%. After mid-2007, variation in CDS spreads increasesdtially and,
consequently, the Rincreases as well. Now, 18% of the variation can be explained
credit-sensitive variables. As compared to the full sanegkmate, credit risk variables
explain only a marginally greater portion (precisely, oregentage point) of the variation

in CDS during the crisis period.



Table 3.7: Sub-sample analysis: Pre-crisis vs. crisigeri

The table reports results from sub-sample panel regressidinst-differences on the quarterly sampled data. We dpdisample into two periods, the pre-crisis and the crisiodeiihe pre-crisis period covers Q1:2004
to Q2:2007, while the crisis period comprises Q3:2007 to QB2 We regress changes in CDS mid quotes on a set of credé@ntkquidity variables. Regarding the former, we include finm value, interest rate,
and volatility. Concerning the CDS liquidity variables, welude the individual absolute bid-ask spread (BAF our measure of commonality in CDS liquidity ﬂ%} the updating frequency (UDF), as well as the

industry-specific (BA§DS) and market-wide absolute bid-ask spread (g@s For each firm in sectorj, we estimate the following regression model for the periothf@1:2004 to Q3:2010:
ACDS; ; = o + BAMerton-type ; + yALiquidity, ; + éARﬁqM +Ujte .
All regressions include industry-fixed effects,, based on the ICB supersector classifications. Standarsere clustered at the industry level and correspondatatistics are reported in parentheses. The credit risk

and liquidity variables are discussed in detail in Sedfigh ¥ariable definitions, data sources, and summary statiatie reported in Tabl€s B.1 and B.2 in Appendix B. ***, **, *ditate significance at the 1%, 5%,
and 10% level, respectively.

Panel A: Pre-crisis evidence Panel B: Crisis evidence
1) @) [€) 4 ®) (6) 1) @ 3 @) ®) (6)
AFirm value -0.456*** -0.435***  -0.435**  -0.430***  -0.439*** -1.778%*= -1.377%*  -1.385%*  -1.368**  -1.257**
(4.52) (4.21) (4.21) (4.19) (4.77) (5.84) (3.52) (3.53) 168. (3.07)
Alnterest rate -5.526** -4,996** -5.059** -5.481** -6.938 -4.829 -3.447 0:332
(2.24) (2.17) (2.20) (2.34) (0.85) (-0.53) (-0.37) (-0.04)
AVolatility 3.199* 2.648** 2.648* 2.667* 27.505%** 22.574%*  23.0@**  22.300***
(2.68) (2.33) (2.33) (2.42) (7.03) (4.84) (4.85) (4.45)
ABASps 6.801*  1.705*** 1.707%** 1.668*** 1.740%** 5.001*** 4.40 7*** 4.407*** 4.368*** 4.716%*
(2.10) (3.75) (3.75) (3.76) (3.67) (6.21) (6.75) (6.76) 86. (5.89)
ARﬁq 0.011 0.011 0.001 0.009 -1.488**  -1.495%* .1 505%*  -13Prr*
(0.15) (0.15) (0.01) (0.12) (3.09) (3.08) (3.11) (3.00)
AUDF -0.056 -0.017 -0.021 -0.008 -0.503* -0.908** -0.895** -0%
(1.12) (0.48) (0.59) (0.24) (2.00) (2.15) (2.14) (2.47)
ABAS!, 0.907* 1.082
(1.92) (1.70)
ABAS’,‘}{'bs -0.584 2.212* 13.724%* 11.805**
(0.16) (1.96) (5.19) (4.48)
Constant 0.160 -0.297 0.385 0.404 0.751 -0.456 5.072* 1.167 4.375 58.4 4.225 2.912**
(0.25) (0.70) (0.61) (0.64) (1.15) (1.51) (1.85) (0.98) 5@). (1.21) (1.47) (2.54)
Industry FE X X X X X X X X X X X X
Clustered SE X X X X X X X X X X X X
Adj. R? 0.07 0.36 0.11 0.11 0.12 0.10 0.18 0.31 0.36 0.36 0.36 0.34
Obs. 2,938 2,964 2,913 2,913 2,900 2,913 2,953 2,964 2,872 2,872 ,8592 2,872
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Next, we turn to the liquidity regression in Column (2) of Plan& and B, respec-
tively. We find that, prior to the crisis, only the bid-ask spd is significantly correlated
with CDS spread movements. Nevertheless, the explanatevgrds high with an R of
36%. Although all liquidity factors are jointly significanuring the crisis, the explana-
tory power is, with an Rof 31%, slightly lower when compared to the pre-crisis perio
Most interestingly, however, market-wide liquidity is grdignificantly related to CDS
spread movements during the crisis.

Finally, in Columns (3) to (6) we revisit the commonality regsions. The main find-
ing from Panel A is that commonality in CDS liquidity is not aqad factor in the cross-
section of credit spreads prior to the crisis. The coeffisi@ne positive and insignificant.
While the theoretical variables and BAsare mostly significant at either the 5% or the
1% level, industry-specific and market-wide liquidity atecapositive but have coeffi-
cients that are significantly different from zero only at #@ level. During the crisis
period in Panel B, however, we find strong evidence for ligyidommonalities as drivers
of CDS spread movements. We document a significantly negatpact of commonality
in liquidity on CDS spreads. Coefficients range from -1.5051t839 and are higher in
absolute levels as compared to the full sample estimatesortrast, industry-specific
and market-wide liquidity are positively correlated with SBpread changes. However,
only changes in market-wide liquidity are significantlyateld to CDS spread changes.
Further, it is important to note that our set of variableslaxys a significantly greater
portion of the variation in CDS spreads during the crisishwitrresponding B ranging
between 34% and 36%. In contrast, th&sRrom the pre-crisis period are only at levels

of 10% to 12%.

3.4 Robustness tests

This section presents the results of several tests thatlimeléhe robustness of our
findings to the use of alternative regression model spetidits Up to this point, all our

analyses have been based on regressions with industryefifesds to capture unobserved
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effects that are common to firms within an industrial sectartbat could differ across
firms from different sectors.

One potential concern regarding this approach, howevaghintie that some of the
effects we observe can be explained by time-invariant wewks differences between
firms and not between industries. Consequently, in Columnsuidl)(2) of Tablé_3I8,
we replace the previously used industry-fixed effects witimfiixed effects and again
compare the explanatory power of the variables suggestatdnyy with the liquidity
factors. In this specification, all Merton-type and liqtydvariables enter the regressions
with a statistically significant coefficient (1% level). Thdjusted R, however, decreases
slightly in comparison to our regression specification viritustry-fixed effects.

Further, it could be argued that in addition to the entitgdixeffects, unobserved ef-
fects that vary over time but not across industries or firmddtbe present in the data
and drive our resultsi We incorporate year-fixed effects in our benchmark regoedsi-
gether with firm-fixed effects in Columns (4) to (7), and indysdtxed effects in Columns
(8) to (11). The main conclusion from these tests is that airigs concerning the sig-
nificance of the commonality in liquidity is robust to thedeemative regression specifi-
cations. Throughout all specifications, the coefficient onligiuidity commonality proxy
remains negative and statistically significantly diffdar&éom zero at the 1% level. The
remaining controls keep their expected signs with the exaepf the interest rate which
is no longer statistically significant when including tirfieed effects in addition to the
industry dummies.

Including firm- instead of industry-fixed effects lowers fReslightly as compared to
the specification with industry-fixed effects. This may be thithe fixed-effects capturing
most of the heterogeneity between firms. Further, the eshibw no evidence for an
economically or statistically significant time-fixed effes the data. We thus conclude

that our clustering at the industry level is appropriatehis tontext.

165ee Petersen (2009) for a comprehensive discussion ontimatsn of standard errors in panel data.



Table 3.8: Robustness checks using industry-, firm-, andfyesd effects.

The table reports results from panel regressions in fifééréinces on the quarterly sampled data, testing the robssiof our benchmark specification in Tabld 3.5. We regressyelsan CDS mid quotes on a set of
credit risk and liquidity variables. Regarding the formee include the firm value, interest rate, and volatility. Ceming the CDS liquidity variables, we include the indivéddlabsolute bid-ask spread (BAs, our
measure of commonality in CDS liquidity f@ the updating frequency (UDF), as well as the industrye'stime(BASLbs) and market-wide absolute bid-ask spread (@@S For each firmi in sectorj, we estimate the
following regression model for the period from Q1:2004 to ZIR&0:

ACDS; + = a + BAMerton-type + + yALiquidity; ¢ + 5ARﬁq,i,[ +e ¢

In Columns (1) to (3), we compare the explanatory power of ¢tmégk and liquidity variables, this time using firm-fixed effe@and standard errors clustered at the firm level. Column® (@) report results from a
two-way fixed-effects model including industry- and yeaetheffects, with standard errors being clustered at thesinglevel. Finally, Columns (8) to (11) report results fromwa-way fixed-effects specification
including firm- and year-fixed effects, where standard eraoesclustered at the firm level. Corresponding t-statistiesreported in parentheses. The credit risk and liquiditjables are discussed in detail in Section
[3:2. Variable definitions, data sources, and summary statiate reported in TablEs B.1 dndB.2 in Appendix B. ***, ** ridicate significance at the 1%, 5%, and 10% level, respéygtive

1) (2 3 4 ©) (6) () (8 ©) (10) (11)
AFirm value -1.536*** -1.120*** -1.178%* 1,179+ -1.164**  -1.025**  -1.179**  -1.181**  -1.165***  -1.026***
(6.06) (4.08) (3.67) (3.67) (3.60) (3.17) (4.26) (4.26) 2. (3.65)
Alnterest rate -12.898*** -10.039*** -8.620 -8.730 -7.284 -8.629** -8.73* -7.292*
(3.09) (2.67) (1.35) (1.36) (1.13) (2.00) (2.03) (1.69)
AVolatility 25.448*** 18.941***  19.571**  19.636***  19.314*** 19.552**  19.617**  19.296***
(7.32) (4.93) (4.65) (4.67) (4.40) (4.51) (4.52) (4.54)
ABASgps 5.068*** 4.,495%** 4,399%** 4.400%** 4.362%** 4.702%** 4.3 98*** 4.399%** 4.361*** 4.701%**
(4.84) (4.88) (6.83) (6.83) (6.94) (6.16) (4.84) (4.84) 8. (4.75)
ARﬁq -1.052%*  -1.052**  -1.064***  -1.049**  -1.053*** -1.052**  -1.065***  -1.050***
(3.03) (3.01) (3.06) (3.09) (3.43) (3.43) (3.47) (3.38)
AUDF -0.220*** -0.274** -0.265** -0.176* -0.275** -0.266** -0177*
(2.65) (2.40) (2.36) (1.80) (2.57) (2.48) 2.77)
ABAS'abs 1.123* 1.125*
(1.74) (2.06)
ABASa""bs 13.450*** 16.085*** 16.085***
(6.56) (4.20) (5.90)
Constant 2,901+ 2.112%* 2.737** 0.739 0.811 0.521 3.052 0.785 gh4 0.568 3.070*
(19.85) (14.50) (22.63) (0.23) (0.25) (0.16) (1.52) (0.31) (0.34) (0.23) (1.76)
Industry FE - - - X X X X - - - -
Firm FE X X X - - - - X X X X
Year FE X X X X X X X X
Clustered SE Industry - - - - X X X - - - -
Clustered SE Firm X X X - - - - X X X X
Adj. R? 0.14 0.29 0.32 0.35 0.35 0.35 0.33 0.32 0.32 0.33 0.31
Obs. 5,891 5,928 5,891 5,785 5,785 5,759 5,785 5,785 5,785 5,759 7855

S1S31 SSIANLSNGOod v'E
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Lesplingart et al. (201.2) argue that potential spillovdeets from related securities,
in this case equity, are also drivers of CDS spreads. Thegttitest the impact of equity
liquidity conditions on CDS spreads and find a positive bugiméicant relation between
the two variables. In unreported tests, we also empiri¢allgstigate the relation between
CDS spreads and equity market liquidity. We include the altea@quity bid-ask spread
into our commonality benchmark regression model outlime®able 3.5 and find that the
coefficient on equity liquidity is significant and posit@.The estimated coefficient on
the equity liquidity factor suggests that deterioratirguldity in equity markets is asso-
ciated with higher CDS spreads. Our measure of CDS liquidityraonality, however,
remains negative and significant at the 1% level when estdn@igether with the equity
liquidity measure.

Nevertheless, this result has to be treated with cautiaredime direction of causality
might not be obvious! Boehmer et al. (2014) establish a thieatdink between CDS
trading and equity market quality, and in particular equitidity. They argue that
investors may wish to hedge their exposure from CDS contbycdborting the underlying
equity position. This, however, decreases equity margetdity since order flows in the
same direction increase together with the pressure tolge#dset. In this case, causality
would run from the CDS to the equity market in that CDS tradingacts equity market
liquidity, and not vice versa.

Finally, we consider a different specification of the CDS idijty variables. In the
existing literature on this topic, several authors use labsbid-ask spreads while others,
however, also use relative bid-ask spreads. Naturally,condd argue that the absolute
bid-ask spread already is a spread and thus does not needremb®rmed. In contrast,
the relative spread is the absolute CDS bid-ask spread niaedddy the CDS mid quote.
This, however, implies that in times of financial turmoil goatentially sharply increas-
ing CDS spreads, relative liquidity may decrease althougllabe measures of liquidity
increase. We also present evidence for this notion in SE&t.4. It may well be argued

that neither of the two spread measures purely capturesliiguHowever, the dispro-

1"Note that we can only perform this analysis for the sampl®gefter Q2:2006 since we do not obtain
equity-related bid and ask quotes fr@atastrearmprior to this date.
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portional increase in CDS spreads during the crisis is likelgave distorted percentage
measures. As a consequence, the two liquidity measuresnaesely related to CDS
spreads. _Tang and Yan (2013), for example, regress CDS spoedubth liquidity mea-
sures and obtain positive signs for the absolute and negsitins for the relative bid-ask
spread.

Thus far, we have used absolute bid-ask spreads and noweasitiustness of our re-
sults when replacing absolute with relative spreads. ®ehd, we repeat our benchmark
regression and report the estimation results in Table 3.9.

Table 3.9: Robustness checks using relative bid-ask spreads

The table reports results from panel regressions in fifitrénces on the quarterly sampled data, testing the robsswof our bench-
mark specification in Tablg_3.5 with respect to using relaihstead of absolute bid-ask spreads. We regress changd3Smed
guotes on a set of credit risk and liquidity variables. Rdgay the former, we include the firm value, interest rate, aoldtility.
Concerning the CDS liquidity variables, we include the wdiial relative bid-ask spread (BA§, our measure of commonality in
CDS liquidity (F\}?q), the updating frequency (UDF), as well as the industrwﬁme(BAS'rel) and market-wide relative bid-ask spread

(BASr’\gl). For each firm in sectorj, we estimate the following regression model for the periothfdanuary 2004 to September 2010:

ACDS; ; = a + BAMerton-type ; + yALiquidity(%); ; + 5ARﬁq,i,1 + U +e .

All regressions include industry-fixed effecis;, based on the ICB supersector classifications. Standawdseare clustered at the
industry level and corresponding t-statistics are repoinigparentheses. The credit risk and liquidity variablesdiscussed in detail
in Sectior3.P. Variable definitions, data sources, and sugstatistics are reported in Tables B.1 &nd|B.2 in Appendi®B.**, *
indicate significance at the 1%, 5%, and 10% level, respaigtiv

(1) (2 3 &) (5)
AFirm value -1.578**  -1.580%*  -1567**  -1.534**
(5.87) (5.88) (5.86) (5.78)
Alnterest rate -12.148*  -12.049**  -11.578* -8.590*
(2.50) (2.48) (2.39) (1.84)
A\Volatility 27.371%*  27.451%* 27 .475%*  27.276***
(6.61) (6.61) (6.57) (6.57)
ABAS¢ -0.105 -0.258* -0.237 -0.130 0.029
(0.62) (1.84) (1.71) (0.90) (0.21)
AR,?q -0.825** -0.826** -0.821** -0.751*
(2.49) (2.48) (2.45) (2.30)
AUDF 0.015 -0.234* -0.238* -0.236*
(0.12) (2.01) (2.02) (1.91)
ABAS! -1.306**
(2.52)
ABAS{\gl -0.150*** -0.068***
(6.30) (5.24)
Constant -1.232%%% 2 .673%* 2.527%* 2.169*** 0.590
(11.44) (10.70) (10.21) (7.50) (1.15)
Industry FE X X X X X
Clustered SE X X X X X
Adj. R2 0.01 0.18 0.18 0.18 0.19
Obs. 5,928 5,785 5,785 5,759 5,785

The most important observation from Tablel3.9 is that oummmasults hold. CDS
liquidity commonality is significantly negatively corrééal with CDS spread movements
when estimated together with relative instead of absoligk@bk spreads. In addition, we

find that contract-specific (relative) liquidity cannot &dp the variation in CDS spreads,
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whereas industry-specific and, in particular, market-widaidity levels appear to be
significant drivers of CDS spreads. For both variables, wedindgative relation to CDS
spreads. In Column (1), the liquidity regression yields &rofRonly 1% and thus cannot
explain the variation in CDS spreads. The same regressiarifispon with absolute
measures of liquidity, however, can explain 32% of the vamm Also note that the
overall R strongly decreases when replacing absolute with relagivel$ of liquidity. In
contrast to the previous specifications, in regression €&an use the full set of variables
since market-wide liquidity measured in percent exhihitsstsantially lower correlations
with the remaining covariates. The effect on theiRonly marginal with an increase in
the adjusted Rof one percentage point.

In summary, we find our main result of a highly significant tiela between changes
in liquidity commonality and CDS spreads movements to be sbtm several different
specifications of i) the regression model, ii) spillovereetts from equity markets, and iii)

the alternative use of relative instead of absolute measafriquidity.

3.5 Conclusion

In this paper, we analyze the question whether commonalitiquidity affects the
pricing of single-name credit default swaps. To measurenconality in liquidity, we
follow the rich literature on commonality in stock liquidi{seel Chordia et al., 2000;
Karolyi et al., 2012) and employ the?Rf regressions of individual CDS liquidity on
market-wide CDS liquidity. Using this proxy for liquiditysk, we first document signifi-
cant commonality in CDS liquidity in our full sample runningi 2004 to 2010. During
the financial crisis, illiquidity as measured by absoluid&sk spreads of CDS contracts
and liquidity commonality spiked significantly.

We then show that commonality in CDS liquidity is indeed pdi¢e both the cross-
section and time series of CDS spreads. Protection buyansaestatistically significant
and economically important discount for bearing the risknafividual CDS illiquidity

co-moving with CDS market illiquidity. The pricing of commaility in CDS liquidity,
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however, is different for calm and crisis periods as we figdillity risk to be a priced fac-
tor in CDS spreads only during the recent financial crisis wWBBi$ markets were highly
illiquid. Furthermore, we confirm earlier results|of ©at al. (2013) and Tang and Yan
(2013) that illiquidity in CDS markets plays a far more img@uont role for the pricing of
credit derivatives than fundamentals from the structuradleh oft Merton [(1974).

In combination, both our main findings have important imgiions for firms that use
credit derivatives for hedging and financial economistsehnaploy CDS spreads as direct
measures of default risk (see, e.qg., Blanco et al., 2005) uAsasults show, CDS spreads
are not only driven by fundamental determinants of defaskt lbut are also significantly
affected by both liquidity and liquidity risk. Even more imgpantly, the pricing of lig-
uidity risk in CDS spreads becomes more pronounced wherdiigus needed the most:

during a financial crisis.



Chapter 4

Dynamic Dependence in Prices,
Liquidity, and Credit Risk. A Vine

Copula Approach.

4.1 Introduction

Since the first use of copulas in financial econometrics arahtipative risk man-
agement (see, e.g., Li, 2000; Embrechts et al., '2002) mgdicapons of copulas have
focused on a multivariate modeling of different risk typéshe macro-level to estimate
and forecast the total risk exposure of a given firm’s congpbeedit and trading portfo-
lios (see McNeil et al., 2005; Embrechts et al., 2003). Is traper, we propose to model
different risk types at the level of individual securitieg imodeling the joint distribu-
tion of market price, liquidity, and credit risk of individlistocks in a portfolio. To be
precise, we model the stock returns, bid-ask spreads, dadltmtensities of firms in
a multivariate portfolio using dynamic regular vine (R-Virmpulas. We then propose
and forecast a liquidity- and credit-adjusted Value-atkRi&R) that is in the spirit of the
liquidity-adjusted VaR of Berkowitz (2000), Bangia et al. (2, and Weil3 and Supper
(2013) but that additionally incorporates information ae tredit risk of the underlying

securities. Confirming several predictions from the finadne@nomics literature (see,

103



4.1. INTRODUCTION 104

e.g., Bekaert et al., 2007; Friewald et al., 2014; Boehmer gP@lL4), this paper is the
first to document the existence of significant tail dependdéyetween the stock returns,
stock liquidity, and default intensities of companies.tRarmore, we show that adjusting
the standard Value-at-Risk for liquidity and credit risk kles risk managers to reliably
forecast the total risk exposure of a stock investment. [lyinge show that our dynamic

vine copula model captures time-varying tail dependengeifstantly better than static

copula or dynamic correlation-based models.

In our econometric framework, we aim to model the joint digttion of stock returns,
bid-ask spreads, and default intensities (extracted fradicdefault swap premia) of a
stock portfolio. We use a dynamic vine copula model to capthe time-varying de-
pendences in the portfolio and to reproduce the potentiatticate spillover effects and
interactions between stock markets, stock liquidity, aretlit markets. More precisely,
in our model, we consider the dependence between (1) a stogtkirn and its liquidity,
(2) a stock’s return and the default intensity of the undedyirm, (3) stock liquidity and
the default intensity of a given firm, and (4) all relevantsg-@lependences (e.g., between
a stock’s return and the liquidity of another stol@ur state-of-the-art copula approach
is motivated by a substantial body of literature on how thecept of stock liquidity is
related to stock returns and credit default swap premia (Gid&asls hereafter) and how
stock and credit markets are interconnected.

Starting with the relation between stock returns and ligquidhe seminal work by
Amihud and Mendelson (1986) finds that market-observedageareturns are an increas-
ing function of the bid-ask spread. Further, stocks withhkigsensitivities to market lig-
uidity exhibit higher expected returns (Pastor and Starmba2003), liquidity predicts fu-
ture returns (Bekaert etlal., 2007), and expected stock exeagns reflect compensation
for expected market illiquidity (Amihud, 2002). AcharyadaRedersen (2005) provide a
theoretical asset pricing model with liquidity risk thateeexplain these empirical find-
ings and in which required returns depend on expected liguidince liquidity exhibits

commonalities and is characterized by strong temporadiran (Watanabe and Watanabe,

INote that, as we use an R-vine copula for dependence modwi@are also capable of specifying the
conditional dependence structure of the joint distributi8ee Section 41.2 for details.
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2008; Hasbrouck and Seppi, 2001; Chordia et al., 2000), auairttyc modeling approach
is especially appropriate for capturing the potentialigdivarying nature of the depen-
dences in our multivariate portfolio.

Regarding the dependence between stock returns and defeansities (i.e., credit
risk), the theoretical basis is given by the structural nhofiMerton (1974). In his model,
equity can be viewed as a call option on the firm’s assets withnilee price equal to the
value of the firm’s debt, which suggests a precise pricingti@hship between equity- and
debt-linked securities (Boehmer et al., 2014). Furtherfated in Friewald et all (2014),
risk premia in equity and credit markets must be related tederton’s|(1974) model
implies that the market price of risk must be the same for @iditingent claims written
on a firm’'s assets. The empirical evidence on the relatiotoakseturns and credit risk,
however, is mixed. Some studies document a positive relgtiassalou and Xing, 2004;
Chava and Purnanandam, 2010), whereas various other papera fiegative relation
between stock returns and credit risk (Dichev, 1998; Canhgbel.,|2008). Moreover,
an increasing branch of literature investigates the iot@mectedness of equity and CDS
markets and provides empirical evidence on the relatiowdx CDS spreads and stock
returns (see, e.d., Acharya and Johnson, 2007; Han and |Z8).

Finally, modeling the dependence of stock liquidity andcadéifintensities is econom-
ically relevant due to the relation between CDS and stock mQKThe theoretical and
empirical motivation is given in Boehmer et al. (2014), wheestigate the effect of CDS
markets on equity market quality, that is, liquidity and kedrefficiency. From a theoreti-
cal point of view, the authors discuss two potential chasmbglwhich CDS markets could
affect liquidity in equity markets, risk sharing and tradeiven information spillovers.
Risk sharing might be based on dynamic delta hedging stestéyiinformed traders and
is expected to reduce market liquidity. Trader-driven infation spillovers, on the other
hand, result from informed speculators’ trading on privatermation which causes all
securities to be priced more efficiently and increases médkedity. While the theoret-

ical effect of CDS markets on equity market liquidity is amlogs, the empirical study

2Consider that we extract default intensities from CDS sisea
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in Boehmer et al.[(2014) documents this effect to be adverbkat i§, empirically, CDS
trading is associated with significant declines in equitykagliquidity. Although not giv-
ing any evidence on the particular relation between stapkdity and CDS spreads, the
study of Boehmer et al. (2014) indicates that bid-ask spraadsiefault intensities must
somehow be related, thereby providing further motivatimndur multivariate modeling
approac

Our paper is related to several studies in the literaturebtotplements these studies
by making several major contributions. First, this papethesfirst to document strong
time-varying tail dependence at the individual securgyel between stock returns and
default intensities, as well as between stock liquidity dathult intensities. While previ-
ous studies have documented extreme dependence in stooksrétee, e.g., Poon et al.,
2004, Bollerslev and Todorov, 2011; Christoffersen etial1290 credit risk (see, e.g.,
Christoffersen et al., 2013), and between stock returnsigodlity (Ruenzi et al., 2013;
Weil3 and Supper, 2013), our study provides the first empigMddence of significant tail
dependence across equity and CDS markets. The variant datidesd VaR that we pro-
pose is closely related to the liquidity-adjusted VaR of B&ritz (2000) and Bangia et al.
(2002). In contrast to their work, however, we propose a \fa together with market
and liquidity risk additionally incorporates credit riskhe idea to use copulas for mod-
eling different risk factors of a single security is closestated to the work of Nolte
(2008) and Weil3 and Supper (2013). However, we do not conaideultivariate trans-
action process model like it is done in the former study, brgatly model the stock
returns and bid-ask spreads of multiple stocks in a poafdi comparison to the latter
study, we additionally address the question whether egeityrns and liquidity also de-
pend non-linearly on default risk. Finally, our paper bsitth several previous studies on
the use of vine copulas (see, elg., Aas et al., 2009; Min andd;2810; DiBmann et al.,
2013) and dynamic copula models (see, e.g., Fatton, 2006stGffersen et all, 2012;
Oh and Patton, 2013) in financial econometrics. To the bemticknowledge, we present

the first empirical study that employs dynamic R-vine cop@aliad show that a dynamic

3Note that we explore this relation in more detail in Seclioh #vhere we provide anecdotal evidence
on both linear and non-linear dependences between bidpasds and default intensities.
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vine is indeed significantly better suited to capture thestwarying dependence in the re-
turns, liquidity, and default intensities of our sample rthan competing linear or static
model

The rest of this paper is organized as follows. In Sedtiohwe?present the marginal
and multivariate models we employ in our study. The data urse¢de empirical study
are presented and discussed in Sedtioh 4.3, while Séctimoatains a discussion of our

empirical results. Sectidn 4.5 concludes.

4.2 Econometric methodology

We now turn to the econometric models for the marginal distrons and the mul-
tivariate dependence structure. Our modeling strateggistsnof two steps. In a first
step, we model the marginal densities of stock returnsabldspreads, and default inten-
sities. In a second step, we then employ a dynamic R-vine aagpoldel to capture the

time-varying dependences between the marginals.

4.2.1 Univariate models for returns, bid-ask spreads, and default in-

tensities

To apply copula theory and consistently estimate the deggeestructure between
returns, spreads, and intensities, our univariate maglelpproach must be capable of
generating white-noise residuals. The univariate filgetechniques should therefore be
able to pick up most of the first- and second-moment deperd@herent in the time-
series data. To this purpose, we first model mean dynamiog @sitoregressive (AR)
processes and then capture variance dynamics by employARCH (Generalized Au-

toregressive Heteroskedastic) processes as introdudddllzyslev (1986).

“Note that Heinen and Valdesogo (2008) also propose a dyatiorizapproach of vine copulas. The
authors, however, restrict their study to the specific cdsmoonical vines (C-vines) and use a dynamic
conditional correlation specification to account for tinaying dependence. In contrast, we make use of
the more general class of R-vines and follow Patton (2008)dorporate dynamics into standard copulas.
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4.2.1.1 Mean dynamics

In the financial econometrics literature, it has now becomstglazed fact that stock re-
turns are characterized by significant autocorrelatios, (sgy., Amihud and Mendelson,
1987; Fama and French, 1988, for early empirical evidenEeythermore, as found in
Gro3-Klumann and Hautsch (2013), bid-ask spreads extitohg long-range depen-
dencg Regarding CDS spreads and default intensities, Oh and P20d3) find that
CDS spreads are characterized by strong autocorrelatiomaore precisely, that daily
log-differences of CDS spreads exhibit more autocorreiatian is commonly found for
stock returns._Christoffersen et al. (2013) provide supfaorthis finding and show that
log-differences of CDS spreads and default intensitiestavagy autocorrelated.

In modeling mean dynamics, Christoffersen etlal. (2012) msAR model of order
two (denoted as AR(2)), whereas Oh and Patton (2013) use an)ARi8el and find
the first three lags to be strongly significant. We therefartuide three lags in our AR
specification to capture first-moment dependence.

Formally, with R; = {R,—7t}tT:1, 1 = 1,2, 3, denoting the log-differenced time series
of stock prices, bid-ask spreads, and default intensitespectively, the AR(3) process is

estimated as
Riy =+ d1iRip1 + o Riy—o + @3R3 + €4, (4.1)

where estimation is conducted via conditional least squarée conditional mean; ;,

thus evolves according to the following dynamics

Mig = p+ QiR 1 + P2 Riy o + @3R3, (4.2)

leaving the residuals;, = R;; — y;, for GARCH-filtering in the next ste%.

SNote that much of this long-range dependence is eliminaggddsdifferencing. The remaining short-
run dependence, however, needs to be filtered by appropdafgrocesses.

6In our empirical study in Sectidn 4.4, we show that our AR(3)del for conditional mean dynamics
passes the standard specification tests.
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4.2.1.2 Variance dynamics

A critical issue in capturing second-moment dependencinis-varying and asym-
metric volatility. Asymmetry in volatility is commonly refred to as the leverage effect
and is well investigated in the econometrics literature (geg.| Christie, 1982; Nelson,
1991). The leverage effect arises from asymmetric vahatiksponses to bad and good
news on a firm and is based on the finding that the upward remigioonditional volatil-
ity due to bad news is more pronounced than the downwardioevikie to good news.
In case of stock returns, bad news comes in the form of a mMegAR residual (that is,
e;r < 0). In case of bid-ask spreads and default intensities, oottiher hand, bad news
is associated with a positive AR residual (i€, > 0).

Another critical issue is the specification of an adequas&itutional model for the
margins. As stated in existing studies, skewness and fatrtaght lead to misspecified
marginal distributions and, consequently, to biased edémfor the parameters of the
dependence modél.

Christoffersen et all (2013) and Oh and Patton (2013) findstwek returns and log-
differences of CDS spreads and default intensities are ctaized by asymmetry in
volatility as well as by skewness and fat tails. Therefore fellow/Oh and Patton (2013)
and employ the GJR-GARCH model as proposed by Glosten et al3)189capture
asymmetric volatility, where we use the skewedistribution of Fernandez and Sieel
(1998) to additionally account for skewness and fat tailshiem marginal distributions.
More precisely, we fit a GJIR-GARCH(1,1) model to the AR residuals so that condi-

tional volatility evolves according to the following dyn&s

€it = 0tEit, 5i,t|~/—'.i,t71 ~ iid Skt(Vi,%’)

(4.3)

O = Wi + Bioi oy + ued g+ 0ie 1 —o0)(€ii1)
where the parameters in the conditional variance equat®oa@nstrained to be positive,
F; denotes the set of information available on sefigap to and including time, 1. ;(-)

is the indicator function, angkt(v;, ;) denotes the skewedlistribution as proposed by

’See McNeil et al[(2005) and Kim etlal. (2007) for details.
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Fernandez and Steel (1998) with degrees of freedom paramete (2, 0) and skew-
ness parametey; € (0,00). With f; denoting the probability density function (pdf) of a

univariate standartldistribution, the pdf okkt(v;,;), fske, IS given by

fskt(ff; Vz',%') = %%% [ft <%> 1[0,00)(5) + ft(%g)l(oo,o)(E)} (4.4)

As becomes apparent from_(4.4), theparameter controls the allocation of mass to each
side of the mode, anekt(v;, ;) nests the standarddistribution in case of; = 1. That
IS, v; # 1 indicates skewness in the marginal time series; = 1,2,3

Note that the distribution of the return shocks,, differs across the individual time
series,R;, but is constant over time, whereas the distributionRpfdoes vary through
time due to the conditional mean and variance dynamics sksrliabove. The GJR-

GARCH(1,1) model in[(413) is straightforwardly estimated raximum likelihood.

4.2.2 Dependence modeling with dynamic R-vine copulas

We now turn to the task of modeling the joint distribution ¢dek returns, bid-ask
spreads, and default intensities of multiple firms. To captwth linear dependences
and potential non-linearities in the dependence structeaely on copulas in our mod-
eling approach. More precisely, we employ dynamic R-vineutagp which provide us
with a powerful tool to model high-dimensional distribuigand to capture complex and
time-varying dependences in an extremely flexible way. 8glbently, we discuss R-vine
copulas and present our dynamization approach. We stdrtanitief review on copulas

and pair-copula constructions.

4.2.2.1 Copulas and pair-copula constructions

Generally speaking, d-dimensional copula function is a multivariate distrilounti
function on the unit cubg), 1]d with standard uniform margins. More precisely, a copula

specifies the link between a multivariate distribution @a@ne-dimensional marginal dis-

8We refer tol Fernandez and Steel (1998) for a detailed dismuss the statistical properties of
skt(vi, i)
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tributions (see Nelsen, 2006). Formally, with, ..., X;) denoting al-dimensional ran-
dom vector with joint density’ = (fi, ..., f4) and distribution functiorF" = (F1, ..., Fy),

the copulaC of the distributionF’ is given by
C(uy,...;uq) = F(F (w), ..., Fy 't (ug)), (4.5)

where ;! is the generalized inverse &f andwu; € [0,1],7 = 1,...,d. The theoretical
framework of copulas goes back to Sklar (1959) who shows timater certain conditions,
every copulais a joint distribution function and vice vefsae Nelsen, 2006, for a detailed
discussion). Usind (415), the joint densiff, can be expressed as
d
F@1, s wa) = e(Fi(21), o, Falwa)) | | filws), (4.6)
i=1

(2

wherec denotes the density @'. Hence, we can separate the dependence structure from
the marginal structure and thus model the joint distribubg first modeling the marginal
distributions and then specifying a model for the depenéetrzictur

In case of bivariate data (i.el,= 2), there is a wide range of Archimedean and ellipti-
cal copulas available that allow for flexible dependenceeﬁng In case of multivari-
ate data sets (that ig,> 2), however, this becomes much more difficult so that existing
studies in the econometrics and statistics literature esiph the need for flexible copula
models in high dimensions (see Chollete etial., 2009; Aas,e?2@09; Difmann et al.,
2013 While some papers attempt to construct multivariate exverssof (bivariate)
Archimedean copulas (Embrechts etlal., 2003; Savu and/T28d®; Hofert| 2011), an-
other strand in the literature aims to construct flexible tivatiate dependence models
by splitting up the copula density, into a cascade of bivariate (unconditional and con-

ditional) copula@ The resulting expression is called a pair-copula consondiPCC

9Note that the expression ii (%.6) provides the theoretieaisbfor our modeling strategy since we
first model the marginal densities using GARCH processeglammodel the dependence structure with
R-vine copulas.

10See Nelsen (2006) for a detailed overview.

Note that, in high dimensions, the choice of copulas is sitjureduced to elliptical copulas such as
the normal and the copula which are only useful if the assumption of elliptidapendence is valid.

2For details, see the seminal works by Joe (1997); Bedfordzamke (2001, 2002); Whelan (2004).
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hereafter) and can be derived as follows.
Let fije = fiw(wjlon), Fn = Fyn(xjlan), cijiw = cijn(Fig, Fjir), and ben a(d — 1)-
dimensional vector satisfying € {1, ...,d} \ {i} andn,, # n, for ¢; # {5. Then, we can

decompose the multivariate densify,in the following way

d-1
f=fa] [ faciamivr,a (4.7)
=1

Further, as stated in Aas et al. (2009), the conditionalitiery§,,, can be factorized as

Filn = Cinmin-m Jiln-m> (4.8)

wheren,, is an arbitrarily chosen componentpéndr_,,, results from removing,,, from
n, m € {1,...,d — 1}. Combining the two factorizations in (4.7) aid (4.8) therldgethe

following expression for a PCC

U

—1d—-h

f = H fk 1_[ Cinm|n—m> (49)

k=1 =11

>
Il
—

whereh = dim(n) andm = m(h,i) € {1, ..., h} is arbitrarily choseB

Based on the pioneering works by Joe (1996, 1997) and Bedfar@€aoke (2001,
2002),/ Aas et al. (2009) introduced the concept of pair-tagpto the finance literature
and spurred a surge in empirical applications of PCCs (seg Hemen and Valdesogo,
2008; Aas and Berg, 2009; Chollete et al., 2009; Min and Czadb0,22011). For our
modeling framework, the use of PCCs is especially appropimateany respects. First,
splitting up the multivariate density according [o (4.93uks in a computationally fea-
sible density for likelihood estimation and, thereforealgles us to handle the high di-
mensionality of our modeling approach. Moreover, PCCs pmvisl with an extremely
flexible tool to capture the presumably intricate dependsmetween stock returns, bid-
ask spreads, and default intensities. Using PCCs, we areabll®mbse each pair-copula

from a different parametric copula family and, further, PC€smt the modeling of not

Bwe use the conventioin,, | = in,. Thus,h = 1 yields unconditional pair-copulas,,,,, i =
1,...,d—1.
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only the pairs of the original variables but also pairs ofdibanal distributions of re-

computed variables (see Weil3 and Supper, 2@1$lnce we follow Patton (2006) and
estimate dynamic processes for the parameters of the gaitas, the dynamic PCCs
are also capable of accounting for potentially time-vagypatterns in the dependence

structure.

4.2.2.2 Regularvines

As can be seen from the expression[in](4.9), there exist mifgyeht PCCs for a
given multivariate distributionFTo select a particular PCC and to determine the way
in which the marginals are to be coupled, Bedford and Caokel(22002) introduce so-
called (regular) vines. Vines are convenient tools with apbical representation that
facilitate the description of the conditional specificasamade for the joint distribution,
F'. More precisely, an R-vine is a graphical tree model that setlaon a nested set of
trees satisfying certain conditions.

To formally describe the concept of R-vines, we label the comemts of X from
1 to d and recall that a tre€[’ = {N, E}, is an acyclical graph, wher& < N and
E c (]2V ) denote the set of nodes and edges, respectively. Bedford ania(2002)

define a regular vine od elements)’, as a nested set of tre@g,= {11, ...,T;_1}, that

satisfies the following conditions
(c1) T; is atree with noded/; = {1, ..., d} and a set of edges denot&gl.
(c2) Fori=2,...,d, T; is atree with noded’; = E; ; and|N;| =i + 1.
(c3) Fori =2,...,d — 1 and{a, b} € E;, it must hold thata n b| = 1.

To derive the PCC induced by, each edge if¥; is associated with a bivariate (un-
)conditional copula; = 1, ..., d—1. The edges of the R-vine trees are computed according
to (c1)-(c3) and on the basis of set operations on so-catleditioning and conditioned

sets, which are given as follows. With U,, denoting the set of all indices contained

That is, we are capable of specifying the conditional depand structure for the joint distribution.
5This results from the fact thay,, is arbitrarily chosen.
16\We follow the presentation (n DiRmann et al. (2013).
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ine; = {a,b} € E;, the conditioning setpD.,, is given byD., = U, n U,, and the
conditioned set(,, is defined to be&”,, = U,AU,, with A denoting the symmetric
difference operat(E

As shown in_Bedford and Cocoke (2001, 2002), there is a unique RBS&:mted with

), which can be expressed as

T
L

= ka cc.|p. - (4.10)

k=1 leeEy

>
Il

Hence, R-vine copulas as used in our modeling approach aieytar PCCs, i.e. PCCs
with a particular decompositiofi (4.9), which are deterrdinecording to the combinato-

rial rules presented above.

4.2.2.3 Fitting an R-vine copula

Fitting an R-vine copula can be organized into three stepsSé€lection of R-vine
structure, (2) Selection of bivariate copula families, §8§l Estimation of copula pa-
rameters. These steps are accomplished following the segumethod as proposed in
DiBmann et al.[(2013) and Hobaek Haff (2013), which exploiesttiee-by-tree structure
of vines and under which selection and estimation are paddrtreewise, conditioning
on the precedingly selected trees and estimated copuleptees.1 More precisely, for
a given tree,l; € V, we first calculate the empirical Kendall’s tay,, for all possible
variable pairs{j, k}, j,k = 1, ...,d, and determine the edgesTfby selecting the span-
ning tree that maximizes the sum of absolute empiricalgﬂ'ﬂnen, each of the resulting
edges is associated with a bivariate (lj;_;rconditional Epuhich is selected according

to the Akaike information criterion (AlG31 We calculate the AIC for each copula fam-

YNote that|/C.,| = 2andC., n D,, = &.

18/ detailed description on the construction of R-vines andifie copulas as well as examples and
illustrations can be found in Bedford and Cooke (2001, 2083} et al.|(2009); DiRmann etlal. (2013).

9Note that this method does not necessarily lead to a glob@hom. Most of the dependence is,
however, captured in the first tree so that the model fit isidenably influenced by the fit of the copulas in
the first tree.

20Actually, we use_Prim’s| (1957) algorithm and calculate thimimum spanning tree with weights
7Tj,k.
2IAs found in Manner (2007), the AIC provides a reliable ciaar especially when compared to alter-
native criteria such as copula goodness-of-fit tests.
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ily considered and choose the copula with the minimum @Osing the fitted copulas
in tree T;, we now compute the transformed variables by means of thesmwnding
h-functions and repeat the above procedure until we reaelirg (see DiBmann et al.,
2013, for details), resulting in a total dfd — 1) /2 dynamic (un-)conditional pair-copulas.
Since we need standard uniform data to consistently esio@iulas, fitting the R-
vine copula in our econometric approach should be based ae-wbise time series.
Assuming that the GARCH processes discussed above correeatifys the marginal
densities, we apply the R-vine copula to the correspondinfRGA residualsg; ;. The
pseudo-observations used for estimationare then computed as the ranks of the resid-

uals, i.e.u; = Fi(e;).

4.3 Data

This section presents the data used in our empirical studypaovides descriptive
statistics. Starting with a description of the data soyreesalso discuss the procedure

applied to extract default intensities from CDS spreads.

4.3.1 Data sources

To implement our econometric modeling strategy discusseld preceding section,
we need to collect data on stock prices, bid-ask spreadsdefadlt intensities. In our
empirical study, we focus on S&P 500 constituents, and olita corresponding mid,
bid, and ask quotes frohhomson Reuters Datastreaivore precisely, we collect daily
guotes of all constituents in the S&P 500 index as reporteDdtastreanmfrom January
2008 to December 2013. Bid-ask spreads are then calculathe asference between
ask and bid quotes to proxy for the liquidity of the undertystock.

Further, since default intensities are not observableamiharket, we follow the study
in [Christoffersen et all (2013) and extract default inteesifrom CDS spreads (see be-

low). Daily CDS spreads are retrieved frdbatastream where we start with an initial

22We include dynamic extensions of the norméal(rotated) Clayton, (rotated) Gumbel, and (rotated)
Joe copula. Details can be found in Appendix C.
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sample of all constituents of the S&P 500 index between Jg2@08 and December
2013. Since we need to restrict our sample to companies witlett CDS contracts, we
apply the following screening procedures to identify thesmpanies. First, we match
Datastrean's equity codes with CDS cod@.lf there is no match according to this cri-
terion, we additionally perform a search using the 'relatedes’ function irDatastream
to confirm that there is no corresponding CDS spread to theecisp company’s name
as it appears in the S&P 500 constituents list. Moreover,ogad on dollar-denominated
CDS contracts with a five-year maturity and a modified restmireg clause, since these
are the most frequently traded contracts in the U.S. marigtit@nsequently, unlikely to
be distorted from low levels of liquidity. These restrict®reduce the initial sample to a
total of 209 companies. For increased transparency, wiBstames of all sample firms
in Table[C.1 in Appendix C.

Finally, as discussed in the next section, extracting defatensities from CDS
spreads relies on the valuation of CDS contracts and, threxefequires the construc-
tion of spot rate curves to derive discount rates. We follavgteng studies in the liter-
ature and use the bootstrapping procedure suggested bystadingt al. (2001) to com-
pute spot rate curves with maturities reaching from one dayoufive years for each
trading day between January 2008 and December 2013 (seeJa@w et al., 2007;
Longstaff and Rajan, ZOOQ. Using Datastream we collect daily observations for the
overnight, one-week, one-month, three-month, six-moatia, one-year LIBOR rates as
well as for the midmarket two-year, three-year, four-yaad five-year par swap rates. As
inlLongstaff et al.[(2001), we then use a standard cubic spligorithm to interpolate the
par curve at semi-annual intervals, and compute spot rgtesdistrapping the interpo-
lated par curve. The resulting semi-annual spot ratesym are interpolated employing
cubic splines and are used to compute the discount factquéreel in the CDS valuation

formula.

23The correspondingpatastreamCDS codes are constructed as follows. First, we decompage ea
firm’s Mnemonics Datastreamcode) into its general (i.e., 'U’ and®’) and firm-specific component. To
each three- or four-digit firm-specific component, we adddbkar sign to specify the currency. Finally,
we complement the CDS Mnemonic with the two-digit string '"M&specify the restructuring clause.
%*That is, the five-year spot rate curve contains daily spesrand is updated each day.
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4.3.2 Extracting default intensities from CDS spreads

A credit default swap is essentially an insurance contraat provides protection
against credit loss due to default. The buyer of a CDS contnages periodic payments
(referred to as premiums) to the seller of the contract andxchange, receives a payoff
from the seller if the reference entity defaults on a loan boad prior to the maturity
date of the contract. The periodic amount that the protedtioyer pays the protection
seller is quoted in terms of a spread, which is commonly meaisa basis points and can
be converted into a dollar amount by multiplying with the tant size (i.e., the notional
principal)

There now exists a substantial body of literature on CDS ectdr As stated in
Oh and Patton (2013), the pronounced interest is largeledry the close relation be-
tween CDS spreads and the market perception of default pitiesb For instance, CDS
spreads are higher for entities which the market percewwémve higher default proba-
bilities or higher losses given default (see Creal et al.,2205ince we require default
probabilities for our empirical study in Sectibn .4, welsbaploit this relation and sub-
sequently show how default probabilities (or rather, ditfistiensities) can be extracted
from CDS sprea

We follow|Christoffersen et al. (2013) and Hull and White (2PBBour presentation
and denote the periodic payments from the protection bwytre seller as the premium
payment leg of the CDS contract, and the compensating payuiff fne protection seller
to the buyer in case of default as the payoff leg of the CDS .Heurtve assume that the
CDS contract has quarterly payment datés= {¢;|i = 1,..., N} (with ¢y denoting the
maturity of the contract), spredt}, and notional 1, where the payment dates fall on the
20th of March, June, September and Decemberard 20 (corresponding to a maturity
of five years). If default occurs, the reference entity recea certain percentage of the
notional where the (risk-neutral) probability that theigndefaults before time is given

by P(t) = Pr[r < t], with 7 denoting the time of defaL@ The corresponding default

25See, e.gl, Duffie and Singletan (2003) for details.
26see[[4.11) for the formal link between default intensitied probabilities.
2’Consequently, in case of default the protection buyer vese payoff equal to the difference between



4.3. DATA 118

intensity, A, is defined byh(t)dt = Pr[r € dt|7 > ¢] and can be computed according to

P(t)=1—exp (— Jt h(s)ds) . (4.11)

0

Finally, letv(¢,T;) denote the discount factors calculated from the spot rateecand
let A; = t; — t;_; be the time period between two payment dates. Witht), s < t,
being the risk-neutral survival probability, the value bétpremium payment ledprem,

can then be calculated according to

N
Virem(t, T, Sy) = Z tt; l aqlt,t) + f (s—ti_l)P(ds)], (4.12)

where the integral accounts for the accrual payment thegtion buyer has to make for
the time frame from the last payment date to the time of d%mhe value of the payoff

leg, Vpay, IS given by

tn

Voay(t, T,S) = (1 — r)f v(t, s)P(ds). (4.13)

t

Following!Christoffersen et al. (2013), we compute the iraégin (4.12) and (4.13)
by numerical approximations and, for this purpose, defingié @f daily maturities,
{silt =0,...,m}, wheresy = t ands,, = ty. Furthermore, we assume default inten-

sities to be constant, i.&.(t) = h. The integrals can then be approximated as follows

L (s—ti)PAs)~ Y (55— tin) (exp (htiy) — exp (ht),

{dlsje(ti—1,t:]}

N (4.14)
L v(t,s)P(ds) ~ Z v(ti—1, s;) (exp (hti—1) — exp (ht;))

{ilsje(ti—1,t:]}

In a final step, the equatiov.y(t, 7', S;) — Vprem(t, T, S;) = 0 is solved numerically to
obtain the default intensity,. The default probabilityP(¢), can now be calculated using

(@.11).

the notional of the contract and the recovered valueli-er.
2Note thatg(s,t) = 1 — [P(t) — P(s)].
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4.3.3 Descriptive statistics

In our empirical study, we use monthly log-differences oilydenid prices, bid-ask
spreads, and default intensities to estimate the marginhtiapendence parameters, and
employ monthly default probabilities to incorporate ctawk into conventional VaR.
More precisely, for each trading day, between January 2008 and December 2013,
monthly log-differences are calculated using the mid [&id¢ed-ask spreads, and default
intensities at days and¢ — 30. Daily bid-ask spreads are computed as the difference
between daily ask and bid quotes, and daily default intexssédre extracted from daily
CDS spreads as discussed in the preceding section using ardcedkry rate of 30%
(e.,r = 0.3) Monthly default probabilities are derived employing (4. atljusted for
a monthly horizon, that is

P(t) =1—exp (%h) (4.15)

As a simple first step, we start our empirical investigatignaimalyzing the cross-
sectional variation in our data. Talle 4.1 presents deseistatistics on the cross-
sectional distribution of daily mid prices, bid-ask spreadefault intensities, and default
probabilities for the period from January 2008 to Decemli@dr32

Panel (A) of Tablé 4]1 reports descriptive statistics ferrttid prices of the 209 sample
firms. As indicated by the statistics on the time-series ragamr sample is characterized
by strong cross-sectional variation of mid prices, withtihee-series means ranging from
8.23 U.S. dollars (USD hereatfter) to 258.54 USD and bein@3168.SD on average. Fur-
ther, mid prices are positively skewed and weakly leptokum average, with an average
skewness and excess kurtosis of 0.4088 and 0.0611, reghgctNot surprisingly, mid
prices exhibit significant autocorrelation with the averfigst-order autocorrelation being

about 99.43%.

2Note that holding the recovery percentage at a constant isviairly standard in existing stud-
ies involving CDS or (defaultable) bond valuation (see,,eDuffie,[1999; Duffie and Singleton, 1999;
Longstaff et al., 2005; Christoffersen et al., 2013). Adextdbyl Hull and White| (2000), the fixed recovery
rate assumption has little impact on CDS valuation when ¥peeed recovery rate is in the 0% to 50%
range.



4.3. DATA 120

Turning to the bid-ask spreads in Panel (B), we find the avebayask spread to be
0.05 USD. Again, our panel data exhibit considerable csessional variation with the
time-series means ranging from 0.01 USD to 0.31 USD. Thisrfgqid further supported
by the statistics on the percentiles of the cross-sectidisaiibution. As we employ the
bid-ask spreads of the companies as a proxy for stock liwlithese results indicate
that the trading costs associated with immediately trathiegshares of a particular firm
differ remarkably across our sample. Thus, in view of thestaittial variation in bid-ask
spreads, incorporating liquidity risk into conventionaR/appears to be economically
essential to adequately capture losses from potentiabiigushocks. Finally, the time-
series distributions of bid-ask spreads are heavily skeameldeptokurtic on average.

In Panels (C) and (D) of Table 4.1, we present descriptivessitt for the default
intensities and default probabilities extracted from theSCipreads of our sample firms.
Regarding the latter, the average time-series mean is at paratively modest level
of 0.18%, whereas the minimum and maximum time-series maangiven by 0.04%
and 3.25%, respectively, indicating that default risk @arconsiderably across our sam-
ple firms. Of particular note is the substantial amount ohd#frisk of some S&P 500
constituents in our sample during the period from Januaf820 December 2013. To
be precise, as follows from the statistics on the time-sariaxima, the monthly default

probabilities amount to a maximum of about 10%.
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Table 4.1: Summary statistics for mid prices, bid-ask sggeand default
intensities/probabilities.

The table reports descriptive statistics on the crossesedtdistribution of daily mid prices, bid-ask spreads,atf intensities, and
default probabilities for the period from January 2008 ta&maber 2013. The sample consists of the 209 companies listeabla T

in Appendix C. We first calculate the time-series peréemtind moments for each firm in the sample, and then compute the
cross-sectional percentiles and mean in a second step. sThiag icolumns present the percentiles and mean from the sectisnal
distribution of the measures listed in the rows. Mid priced hit-ask spreads are denominated in U.S. dollar, where ttez ke
calculated as the difference between ask and bid quoteaudéftensities are extracted from CDS spreads accorditigetprocedure
discussed in Sectidn 4.3 and have a horizon of one year. Defababilities are derived from the intensities using themula in
@18) and thus have a horizon of one month.

Percentiles

Min 5th 25th Median 75th 95th Max Mean
Panel A: Mid prices
Percentiles
- Min 0.8400 3.6280 9.9300 17.0900 26.9000 45.8640 89.09000.2625
- 1st 1.2760 5.0117 11.8050 19.9050 31.0920 50.2999 105.53523.3106
- 5th 2.3325 6.3485 14.8925 23.3652 36.7150 55.4575 115.38727.0530
- 25th 6.0900 11.2805 20.2625 32.3463 47.9500 76.1260 350.8 36.2797
- Median 7.4300 14.0420 24.8525 37.8950 55.8950 84.1910 .6258 43.6447
- 75th 9.9475 17.5680 31.5783 45.5750 65.0250 103.7060 58B8. 52.3385
- 95th 12.8400 23.6085 42.0950 57.4525 82.7050 138.7835 .6686 70.1802
- 99th 13.5535 25.9969 44.8700 63.3770 89.6535 153.0323 .49@4 76.6626
- Max 14.1100 26.8480 46.4800 67.4800 92.1000 161.2720 9998. 80.0887
Moments
- Mean 8.2180 14.9015 26.7132 40.0617 57.8519 88.2465 288.5 45.1288
- St. Dev. 1.8085 4.0083 6.8227 10.1979 14.3946 28.3231 9268. 13.0255
- Skewness -1.2140 -0.5642 -0.0150 0.3789 0.7668 1.5137 052.8 0.4088
- Exc. Kurt.  -1.5268 -1.2267 -0.6563 -0.1856 0.3355 1.9105 .55@8 0.0611
-AC(2) 0.9834 0.9891 0.9931 0.9949 0.9963 0.9976 0.9983 9439
Panel B: Bid-ask spreads
Percentiles
- Min 0.0025 0.0050 0.0100 0.0100 0.0100 0.0100 0.0100 @.009
- 1st 0.0025 0.0050 0.0100 0.0100 0.0100 0.0100 0.0100 0.009
- 5th 0.0025 0.0054 0.0100 0.0100 0.0100 0.0100 0.0100 6.009
- 25th 0.0025 0.0088 0.0100 0.0100 0.0100 0.0100 0.0600 00.01
- Median 0.0075 0.0100 0.0100 0.0200 0.0200 0.0300 0.1200 0180.
- 75th 0.0100 0.0200 0.0200 0.0300 0.0400 0.0760 0.1899 60.03
- 95th 0.0200 0.0300 0.0500 0.0700 0.1090 0.1900 1.0056 08.09
- 99th 0.0300 0.0600 0.1272 0.1800 0.3044 0.6206 4.5000 16.27
- Max 0.0900 0.6300 3.0000 6.0500 10.5475 55.4340 194.00002.2525
Moments
- Mean 0.0126 0.0179 0.0280 0.0383 0.0550 0.1087 0.3186 90.04
- St. Dev. 0.0061 0.0352 0.1090 0.2156 0.3732 1.7631 4.9038 .4040

- Skewness 3.6236 8.0310 17.6093 21.9631 26.4984 36.6845 .496&®  22.2276
- Exc. Kurt.  24.0800 114.8145 337.4985 529.0167 775.7203 981281 1558.6459 616.4122
-AC(1) -0.0011 0.0172 0.0941 0.2140 0.3463 0.4755 0.6675 2254
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Table 4.1: Summary statistics for mid prices, bid-ask sggeand default
intensities/probabilities (continued).

Percentiles

Min 5th 25th  Median 75th 95th Max Mean
Panel C: Default intensities
Percentiles
- Min 0.0015 0.0023 0.0039 0.0056 0.0092 0.0229 0.0452 @008
- 1st 0.0020 0.0027 0.0045 0.0068 0.0102 0.0256 0.0453 0.009
- 5th 0.0020 0.0036 0.0053 0.0081 0.0120 0.0292 0.0484 B.010
- 25th 0.0030 0.0047 0.0071 0.0113 0.0163 0.0359 0.1205 48.01
- Median 0.0037 0.0056 0.0085 0.0135 0.0209 0.0462 0.14740170.
- 75th 0.0052 0.0067 0.0105 0.0178 0.0285 0.0606 0.5800 56.02
- 95th 0.0062 0.0101 0.0154 0.0299 0.0530 0.1153 1.2542 86.04
- 99th 0.0067 0.0114 0.0183 0.0362 0.0658 0.1626 1.2552 10.06
- Max 0.0082 0.0122 0.0201 0.0409 0.0720 0.1949 1.2618 6.071
Moments
- Mean 0.0044 0.0062 0.0094 0.0146  0.0249 0.0530 0.4055 19.02
- St. Dev. 0.0003 0.0012 0.0030 0.0057 0.0125 0.0327 0.46310120

- Skewness  -10.1455 -0.8015 0.6270 1.4208 2.1049 3.0180 09@4. 1.3137
- Exc. Kurt. -1.6157 -0.7029  0.3303 24236  4.8407 10.7446 2.9344  4.8357
-AC(1) 0.5482 0.9604 0.9904  0.9938 0.9960 0.9979 0.9986 833.9

Panel D: Monthly default probabilities

Percentiles

- Min 0.0001 0.0002 0.0003 0.0005 0.0008 0.0019 0.0038 (@.000
- 1st 0.0002 0.0002 0.0004 0.0006 0.0009 0.0021 0.0038 1©.000
- 5th 0.0002 0.0003 0.0004 0.0007 0.0010 0.0024 0.0040 0.000
- 25th 0.0003 0.0004 0.0006 0.0009 0.0014 0.0030 0.0100 1R.00
- Median 0.0003 0.0005 0.0007 0.0011 0.0017 0.0038 0.012200186.

- 75th 0.0004 0.0006 0.0009 0.0015 0.0024 0.0050 0.0472 20.00
- 95th 0.0005 0.0008 0.0013 0.0025 0.0044 0.0096 0.0992 40.00
- 99th 0.0006 0.0009 0.0015 0.0030 0.0055 0.0135 0.0993 50.00
- Max 0.0007 0.0010 0.0017 0.0034 0.0060 0.0161 0.0998 0.005
Moments

- Mean 0.0004 0.0005 0.0008 0.0012 0.0021 0.0044 0.0325 18.00
- St. Dev. 0.0000 0.0001 0.0002 0.0005 0.0010 0.0027 0.03650010

- Skewness  -10.1516 -0.8023 0.6249  1.4276 2.1030 3.0159 0894. 1.3107
- Exc. Kurt. -1.6162 -0.7069 0.3297 24192 4.8266 10.5930 2.7859 4.8158
-AC(1) 0.5482 0.9604 0.9904 0.9938 0.9960 0.9979 0.9986 83®.9

Consequently, the significant variation and serious amoohtiefault risk further
motivate our approach of adjusting standard VaR for cresht rTurning to the higher-
order moments, we find that default probabilities are peaditiskewed, leptokurtic, and
significantly autocorrelated on average.

In addition to the summary statistics on stock prices, Isiklspreads, and default in-
tensities, we also present corresponding statistics fola in differences. The descrip-
tive statistics for the log-differences of mid prices, lisk spreads, and default intensities

are presented in Talle 4.2.
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Table 4.2: Summary statistics for log-differences of mitgs, bid-ask spreads, and
default intensities.

The table reports descriptive statistics on the crosgesetdistribution of monthly log-differences of mid
prices, bid-ask spreads, and default intensities for thmgdrom January 2008 to December 2013. For
each trading dayt, log-differences are calculated using the prices, spresus$ intensities at daysand

t — 30. The sample consists of the 209 companies listed in TablenCAppendix C. We first calculate
the time-series percentiles and moments for each firm inghwk, and then compute the cross-sectional
percentiles and mean in a second step. That is, the colurassrmirthe percentiles and mean from the cross-
sectional distribution of the measures listed in the rowil-dk spreads are calculated as the difference
between ask and bid quotes. Default intensities are erttdodm CDS spreads according to the procedure
discussed in Sectidn 4.3 and have a horizon of one year.

Percentiles

Min 5th 25th  Median 75th 95th Max Mean
Panel A: Stock returns
Percentiles
- Min -2.4172 -1.1086 -0.6718 -0.5019 -0.3763 -0.2487 -B6l4 -0.5646
- 1st -1.7198 -0.6902 -0.4206 -0.3245 -0.2442 -0.1524 @b11-0.3612
- 5th -0.5608 -0.2909 -0.2092 -0.1570 -0.1182 -0.0799 D06 -0.1698
- 25th -0.1242 -0.0795 -0.0534 -0.0392 -0.0278 -0.0188 11BO -0.0427
- Median -0.0129 0.0013 0.0090 0.0130 0.0191 0.0271 0.04110130@
- 75th 0.0274 0.0373 0.0500 0.0622 0.0735 0.0945 0.1195 30.06
- 95th 0.0656 0.0785 0.1110 0.1412 0.1737 0.2530 0.3481 90.14
- 99th 0.0882 0.1116 0.1705 0.2237 0.2995 0.4728 0.9937 40.25
- Max 0.1155 0.1534 0.2532 0.3534 0.4798 0.8391 1.3251 0.401
Moments
- Mean -0.0436 -0.0089 0.0003 0.0051 0.0091 0.0159 0.0217004a.

- St. Dev. 0.0438 0.0546 0.0744 0.0978 0.1231 0.1801 0.34781050
- Skewness -2.8099 -1.8866 -1.2889 -0.8675 -0.5818 -0.1847.7702 -0.9438
-Exc. Kurt.  0.4175 0.9385 2.1253 3.6449 5.4871 9.6011 W14 4.2101
-AC(1) 0.8984 0.9172 0.9360 0.9447 0.9537 0.9626 0.9698 430.9

Panel B: Log-differences of bid-ask spreads

Percentiles

- Min -9.8730 -8.4583 -6.7719 -6.2832 -5.5984 -3.5666 -3940 -6.1205

- 1st -3.7483 -2.8421 -2.3979 -2.1846 -1.9459 -1.6094 8609 -2.1828

- 5th -2.3988 -1.5593 -1.3863 -1.0986 -1.0986 -0.6931 3169 -1.1752

- 25th -0.7215 -0.6931 -0.4700 -0.4055 -0.2231 0.0000 @00G0.3449

- Median 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.00000000.

- 75th 0.0000 0.0000 0.0000 0.2877 0.4055 0.5596 0.6948 78.24
- 95th 0.6931 0.6931 1.0986 1.0986 1.2528 1.4642 2.6378 41.12
- 99th 1.0986 1.4390 1.9459 2.1972 2.4965 2.8916 3.7677 42.19
- Max 1.7918 3.6687 5.6168 6.2766 6.7719  8.4841 9.8730 8.153
Moments

- Mean -0.0710 -0.0328 -0.0255 -0.0216 -0.0166 -0.0098 10100-0.0213

- St. Dev. 0.3300 0.6064 0.7596 0.8368 0.9172 1.0662 1.4616838@

- Skewness  -0.2592 -0.1267 -0.0086 0.0444 0.1147 0.2441 778.3 0.0518
- Exc. Kurt.  0.7405 29375 8.2886 12.5335 16.6561 23.5607.6(88 12.8523
-AC(1) 0.0381 0.1510 0.2237 0.2635 0.2989 0.3522 0.4762 58B.2
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Table 4.2: Summary statistics for log-differences of mides, bid-ask spreads, and
default intensities (continued).

Percentiles

Min 5th 25th  Median 75th 95th Max Mean
Panel C: Log-differences of default intensities
Percentiles
- Min -1.9458 -0.6973 -0.3701 -0.2705 -0.2120 -0.1338 -0205 -0.3332
- 1st -0.2704 -0.1347 -0.1030 -0.0883 -0.0784 -0.0542 ZB04 -0.0918
- 5th -0.0730 -0.0592 -0.0482 -0.0395 -0.0285 -0.0017 1500 -0.0354
- 25th -0.0210 -0.0119 -0.0053 -0.0016 -0.0012 -0.0006 0@0 -0.0038
- Median -0.0007 -0.0005 -0.0005 -0.0005 -0.0005 -0.0005 .00@L -0.0005
- 75th -0.0005 -0.0005 -0.0003 0.0000 0.0006 0.0082 0.0211.001G@
- 95th -0.0004 0.0004 0.0285 0.0433 0.0535 0.0660 0.0825 380.0
- 99th 0.0922 0.0973 0.1023 0.1083 0.1192 0.1553 0.2137 48.11
- Max 0.0937 0.1603 0.2518 0.3338 0.4543 0.8304 2.1231  @.400
Moments
- Mean -0.0015 -0.0008 -0.0003 0.0001 0.0003 0.0008 0.00230000
- St. Dev. 0.0131 0.0225 0.0294 0.0334 0.0364 0.0533 0.15650350

- Skewness  -19.3336 -1.1683  0.4377 1.0662 1.9198 6.2680 93@3. 1.3678
- Exc. Kurt. 54259 9.1788 14.2182 27.1295 48.2334 217.84822.8101 57.0487
-AC(1) -0.4265 -0.2422 -0.0711 0.0611 0.1297 0.1805 0.2660.0183

Panel (A) of Tablé 4]2 reports summary statistics on thesesestional distribution of
stock returns. As can be seen from the panel, the stock setdiour sample firms exhibit
the usual stylized facts of a negligible mean of 0.44%, pomeed negative skewness,
and significant leptokurtosis on average. The average autdation of stock returns is
around 94% and thus slightly smaller than that of mid priédesexpected, given the fact
that our sample period partly comprises the financial grikie stock returns are char-
acterized by considerable time-series variation, withdherage time-series minimum
and maximum being given by about -56% and 40%, respectif@lyther, as indicated
by the statistics on the percentiles and the time-seriensdlae stock returns also vary
considerably in the cross-section.

Turning to the cross-sectional statistics on log-differh bid-ask spreads in Panel
(B), we find that the time-series means of log-differencey ¥lam approximately -7%
to 0.14% and are -2% on average. Interestingly, as in the alstock returns, bid-
ask spread changes exhibit strong time-series variatoomdicated by, e.g., the average

interquartile range which reaches from about -34% to 25% thwedefore, implies consid-
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erable dispersion in the time-series distributions of diaferenced bid-ask spreads. That
is, our sample period is characterized by substantial adrsmgthe stock liquidity of the
average sample firm. Finally, the log-differences are fijgtkewed and considerably
autocorrelated on average.

Regarding the log-differences of default intensities ind?@) of Tabld 4.2, we find
that the corresponding time-series means vary from -0.15%23% and are 0.01% on
average, implying only slight cross-sectional variatidmurning to the time-series vari-
ation, however, we can see from the panel that changes inetfa@ltlintensities of the
sample firms vary considerably from -33% to 40% on averagéicating fundamental
changes in the market perception of default risk during #re@e period. Furthermore,
log-differences of default intensities are heavily skewad only slightly autocorrelated,
so that log-differencing already eliminates most of théaselependence in default inten-
sities.

Figure[4.1 illustrates the temporal variation in the cresstion of our data. More
precisely, the figure plots the time evolution of daily midcps, bid-ask spreads, and
default intensities, as well as of the corresponding Idtpdinces, where we calculate the
cross-sectional average across all 209 sample firms forteading day between January
2008 and December 2013.

Panels (a) and (b) show the time evolution of average miceprand stock returns,
respectively. As can be seen from Panel (a), stock pricesrexed sharp declines
during the financial crisis and decreased significantly froare than 50 USD in 2008 to
approximately 20 USD in 2009. The post-crisis years as of#tend quarter in 2009 are
characterized by a strong and stable upward trend, with ttigrites rising to pre-crisis
levels. Turning to the time evolution of monthly stock retsirwe find that the temporal
variation of average returns is as expected. The time pedotprising the financial crisis
Is characterized by substantial price changes and proeduratatility, with stock returns
ranging from -50% to 50%. In the post-crisis period, howewvelatility of average returns

declines remarkably and returns stay relatively flat, varyetween -20% and 20%.
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Figure 4.1: Time evolution of cross-sectional data.

The figure shows the time evolution of daily mid prices, bé#-apreads and default intensities, as well as
of the corresponding monthly log-differences for the pericom January 2008 to December 2013. The

sample consists of the 209 companies listed in Takblk C.1 peAgix C. For each day of the sample period,

we calculate the cross-sectional average (black line) disawe¢he cross-sectional interquartile (dark-gray

shaded area) and 5th/95th percentile range (light-gragiezharea). Mid prices and bid-ask spreads are
denominated in US dollar, where the latter are calculatethedlifference between ask and bid quotes.

Default intensities are extracted from CDS spreads aaegtdi the procedure discussed in Secfiom 4.3 and
have a horizon of one year. Monthly log-differences areudated for each day in the sample period using

the prices, spreads, and intensities at dagisd¢ — 30.
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Panels (c) and (d) of Figufe 4.1 present the time evolutioavefage daily bid-ask
spreads and the corresponding monthly log-differencessiiprisingly, average bid-ask
spreads increased steeply during the financial crisiscatitig a severe deterioration of
stock liquidity and, consequently, implying increasedling costs for the stocks of the
average sample firm. The increased log-differences in Réheh the second half of
2008 result from the temporary surge in (average) bid-askes}s and reflect the consid-
erable changes in the stock liquidity of the sample firms. ubsgquent years, bid-ask
spreads and the corresponding log-differences returmtdeleels and stay relatively flat,
indicating that liquidity restores and trading costs dezlio pre-crisis Ieve

Finally, Panels (e) and (f) show the time evolution of averdgfault intensities and the
corresponding log-differences. The temporal variatiodedault intensities is as expected
and shows that default risk significantly increased durhmg financial crisis. Average
default intensities increased from approximately 1% in&@® nearly 5% in 2009 and
returned to pre-crisis levels in the following years. letgimngly, as indicated by the 5th
to 95th percentile range and as discussed above, the sasngiariacterized by strong
cross-sectional variation, with the average 95th perledefault intensity peaking at
about 15% in 2009. Turning to the log-differences, we find tha increased intensities
during the financial crisis coincide with increased logeaténces and increased volatility

of log-differences.

4.4 Empirical study

In this section, we implement our econometric modeling apph and investigate the
performance of our model in a comprehensive VaR simulatiodys We propose a new
approach to VaR computation, which considers market pigleand liquidity risk as
well as credit risk, and show that our dynamic vine copula ehodtperforms static and

correlation-based dependence models.

3ONote that the surges in bid-ask spreads and log-differendés post-crisis period are predominantly
driven by outliers lacking any economic relevance. In oupeital study, however, we remove spurious
outliers by winsorising to assure the validity of our result
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4.4.1 Anecdotal evidence

As a simple first step, we start our empirical study by repgreanecdotal evidence
on the relation between stock returns, bid-ask spreadsdefadilt intensities, providing
further motivation for our risk management application e hext section. Taking re-
turns, spreads, and intensities as proxies for market,gigeedity, and credit risk, we are
especially interested in the dynamic dependence of thekdypes and shall document
linear dependences as well as potential non-linearitighendependence structure. To
this purpose, we implement the following simple econorsatiodeling strategy. First,
for each trading day between January 2008 and December 2@lf®aeach of the 209
firms in the sample, we calculate monthly log-differencemaf prices, bid-ask spreads,
and default intensities (extracted from daily CDS spreaels,3ectio 413), resulting in
the respective time serie{sfig’t};, i =1,2,3; 5 = 1,...,209, whereT = 1542. To
filter the time series and compute white-noise residualsthee apply standard AR(3)-
GARCH(1,1) processes with normally distributed innovatitmthe log-differenced time

series, capturing most of the first- and second-moment That is,

Riy = plig +€ix = iy + 0is€in,  €ig|Figo1 ~ tid N(0,1),
Mg = i + P11 + Q2o + @3, 43, (4.16)

2 _ 2 2
Oip = Wi + €y g + ﬁiai7t—1ﬂ

where the subscript denoting the respective fifms omitted for convenience. Pseudo-
observationsy;, are then obtained by calculating the corresponding rain&s,u; =
In a next step, we then calculate dynamic correlations ahdependences between

the stock returns, bid-ask spreads, and default intessjfimesamefirm The former

3INote that we merely aim to provide first evidence on the tiragsng linear and non-linear depen-
dences between stock returns, bid-ask spreads, and defankities. Due to computational feasibility, in
this section, we therefore neglect such issues as asymmeatojatility and fat tails as well as skewness in
the marginal distributions. These issues are however agéldein our risk management application in the
next section.

32This restriction is necessary to ensure computationalididiis Note, however, that the model
approach discussed in Sectibn]4.2 and employed in the nefibseaccounts for all relevant cross-
dependences.
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are computed using the Dynamic Conditional Correlation (DCCllehas proposed by
Engle (ZOOZE The DCC model uses the residuals from the univariate GARCH psese
as building blocks and assumes that the dynamics in thelabare matrix, RR;, are driven

by some autoregressive term and the cross-product of refureks, i.e.

R} = diag(@}) Q] diag @]) ",

. . o o -
Q7 = (1 =] —P)Q" + PIQ{_, +i&l 1€ 4,

(4.17)

Where¢{ and@bg are non-negative parametet¥, is the unconditional correlation matrix,
and& = (5{,t,5g,t,ggt)T with &, given byg{yt\@, j =1,..,209 (see Aielli, 2009,
for details).

Dynamic tail dependences, on the other hand, are calculestiag Pattan’s! (2006)
dynamict copula, which is outlined in Appendix C. Copula estimationasaucted for
each of the three possible pairs of returns, spreads, aedsities on the basis of the
corresponding pseudo-observatiofis, , u;, ), whereiy, io = 1,2,3; i1 # is.

Tablel 4.8 reports the cross-sectional distribution ohestés for the marginal and de-
pendence parameters. The former are captured in Panel ¢4)rasented separately for
stock returns, bid-ask spreads, and default intensitidge éstimation results for stock
returns are fairly standard. We find the first two AR lags totbengly significant, captur-
ing the autocorrelation evidenced in Secfior 4.3. Furtherconditional variance models
reveal an only mild effect of lagged return shocks on curveidtility, as indicated by the
« parameter being around 0.05 on average. The autoregrespaemeter is, however,
dominating with the cross-sectional average being aroudl A\s is commonly found in

the literature, volatility persistence is quite high (Od@9averag

33| fact, we use the modified DCC model according to Aielli (2P0
34See, e.gl, Christoffersen el al. (2012) and Ergle (2002).



Table 4.3: Cross-sectional distribution of parameter ests

The table shows summary statistics of the parameter estimaté®efmarginal distributions as well as the correlation anguta models used to report first evidence on the dependenaiespliquidity, and credit
risk. The marginals are modeled as AR(3)-GARCH(1,1) processtn standard normally distributed innovations, and datiens are computed from Englels (2002) Dynamic Conditiddatrelation (DCC) model
(using the Aielli (2009) modification). The copula models aasédd on Patton’s (2006) dynanticopula as discussed in Appendix C. For each of the 209 firmsisdmple (see Tadle_¢.1 in Appendix C), the models
are estimated on monthly log-differences of the mid pricesaskispreads, and default intensities of saenefirm for the period from January 2008 to December 2013, wheimasgon of the DCC and the copula
models is based on the corresponding AR-GARCH residualscripgise statistics are then calculated cross-sectigradtoss all sample firms. Persistence for the marginal and DC@Is\@dcomputed as + 3 and

1 + 2, respectively.

Cross-sectional distribution

Percentiles Moments
Min 1st 5th 25th  Median 75th 95th 99th Max Mean St. Dev. Skessne Exc. Kurt.
Panel A: Parameter estimates for AR-GARCH processes
Stock returns
n 0.7099 0.7521 0.8032 0.9053 0.9425 0.9778 1.0150 1.0698 261.1 0.9345 0.0664 -0.7963 1.2636
b1 -0.1705 -0.1231 -0.0948 -0.0385 -0.0050 0.0448 0.1369 8219 0.2309 0.0062 0.0721 0.5639 0.1035
o) -0.1733 -0.1218 -0.0897 -0.0247 0.0093 0.0396 0.0753 0.11®.1170 0.0046 0.0510 -0.5435 0.4564
b3 -0.0017 -0.0008 -0.0004 0.0001 0.0003 0.0006 0.0011 0.00D70018 0.0003 0.0005 -0.0800 2.0703
w 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 000.0 0.0000 0.0000 2.8841 14.0772
«a 0.0000 0.0232 0.0291 0.0420 0.0527 0.0611 0.0789 0.0956 994.0 0.0527 0.0155 0.2690 0.4786
B 0.8946 0.9025 0.9114 0.9289 0.9398 0.9484 0.9638 0.9718 9940.9 0.9391 0.0157 -0.0100 0.7668
Persistence 0.9560 0.9747 0.9825 0.9890 0.9929 0.9953 0.9993 1.0016 024.0 0.9918 0.0056 -1.9519 8.6149
Bid-ask spreads
n 0.0376 0.0857 0.1265 0.1774 0.2127 0.2455 0.3084 0.3869 848.4 0.2137 0.0592 0.6655 2.5100
o1 -0.1078 -0.0498 0.0262 0.0723 0.1049 0.1377 0.1879 0.21412590  0.1037 0.0545 -0.3384 1.1941
P2 -0.0469 -0.0264 0.0513 0.0979 0.1311 0.1585 0.1980 0.2612888  0.1276 0.0502 -0.2115 1.3672
o3 -0.0381 -0.0241 -0.0204 -0.0142 -0.0113 -0.0083 -0.0015001% 0.0045 -0.0113 0.0056 -0.2702 2.2573
w 0.0000 0.0003 0.0017 0.0093 0.0140 0.0216 0.0403 0.1652 870.3 0.0201 0.0350 7.6350 68.2337
a 0.0304 0.0325 0.0442 0.0635 0.0784 0.1013 0.1409 0.1917 919.2 0.0849 0.0341 1.8250 6.6965
B 0.4415 0.5391 0.8387 0.8796 0.8991 0.9139 0.9411 0.9639 644.9 0.8881 0.0622 -4.4872 24.6484

Persistence 0.6417 0.7072 0.9461 0.9664 0.9785  0.9897 1.0040 1.0181680.0 0.9729 0.0440 -5.4572 36.1846

Default intensities

I -0.5321 -0.5137 -0.2581 -0.0644  0.0550 0.1216 0.1766 0.209.2701 0.0119 0.1473 -1.2988 2.0961
o1 -0.4508 -0.2737 -0.1172  -0.0047 0.0394 0.0712 0.1100 G.12®.1474  0.0196 0.0823 -2.3825 8.6786
P2 -0.1694 -0.1162 -0.0739 -0.0159 0.0132 0.0392 0.0816 G.12D.1492 0.0106 0.0480 -0.3077 1.0732
?3 -0.0017 -0.0010 -0.0007 -0.0003  0.0000 0.0003 0.0009 0.00D.0022 0.0000 0.0005 0.7591 3.5747
w 0.0000 0.0000  0.0000 0.0001 0.0002 0.0004  0.0008 0.0012 014.0 0.0003 0.0003 1.4110 1.8542
o 0.0000 0.0002 0.0112 0.1114  0.2326 0.3815 0.7161 1.0000 000.0 0.2901 0.2326 1.2397 1.4225
154 0.0000 0.0000  0.0000 0.2441 0.6017 0.8359 0.9722 0.9915998.9 0.5326 0.3304 -0.2887 -1.3085
Persistence 0.0374  0.0930  0.3301 0.6327 0.9123 0.9927 1.1087 1.4202210.5 0.8227 0.2647 -0.5796 0.4133
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Table 4.3: Cross-sectional distribution of parameter eséds (continued).

Cross-sectional distribution

Percentiles Moments
Min 1st 5th 25th Median 75th 95th 99th Max Mean  St. Dev. Skessne Exc. Kurt.

Panel B: Parameter estimates for DCC models

P 0.0000 0.0000 0.0002 0.0007 0.0031 0.0073 0.0164 0.0237 320.0 0.0051 0.0056 1.7866 3.7179

g 0.0007 0.0494 0.2750 0.9447 0.9636 0.9776 0.9895 0.9940 95B8.9 0.8950 0.2076 -3.0676 8.4476
Persistence  0.0207 0.0515 0.2758 0.9504 0.9681 0.9815 0.9926 0.9962 966.9 0.9000 0.2065 -3.0832 8.5102
Panel C: Parameter estimates for copula models
Stock returns - Bid-ask spreads

c -0.3755 -0.2286 -0.1579  -0.0086 0.0048 0.0416 0.1881 8.2930.3214 0.0148 0.0963 -0.0505 2.5971

b -2.0121 -2.0086 -1.9593 -1.3570 -0.0164 1.5862 1.9352 0097 2.0356 0.0850 1.4664 -0.0645 -1.5590

a -0.7829 -0.7021  -0.4633  -0.1025 0.0233 0.0994 0.3801 3.5290.7382 -0.0162 0.2460 -0.4087 1.1521

v 6.1908 8.9543 12.1979 20.7282 37.5850 63.6554 93.8263 548.9 99.9995 44.4172 26.0986 0.4750 -0.9234
Stock returns - Default intensities

c -0.1870 -0.1385  -0.0333 0.0086 0.0693 0.2590 0.6596 0.8174.1433 0.1653 0.2209 1.5093 2.2150

b -2.1471  -2.0622 -2.0168 -1.3190 0.3870 1.6951 1.9810 3.0022.0363 0.1837 1.4668 -0.2149 -1.4834

a -0.6104 -0.4915 -0.3039 -0.0615 0.0224 0.1072 0.4002 6.6310.9743 0.0318 0.2025 0.6263 3.0254

v 8.2157 8.6381 10.4262 15.3369 24.2336 44.4626 79.4284 548.6 99.9992 32.7019 22.9692 1.2417 0.8157
Bid-ask spreads - Default intensities

c -0.3462 -0.2171  -0.1323  -0.0437 -0.0066 0.0086 0.0994 6322 0.2777 -0.0167 0.0752 -0.1227 3.8508

b -2.0353 -2.0130 -1.9991 -1.7140 -0.2303 1.1646 1.8970 4300 2.0118 -0.2421 1.4562 0.1702 -1.5744

a -0.8831 -0.6167 -0.3822 -0.1680 -0.0132 0.1279 0.3330 30.41 0.4695 -0.0202 0.2216 -0.4639 0.6792

v 8.6169 9.5970 14.3452 31.5501 54.2957 78.5693 99.9412 998.9 99.9999 56.0324 27.7647 0.0326 -1.2075

AdNLS IVOIldIdWE vy
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Turning to the marginal parameters of bid-ask spreads, vaediinthree AR lags to
be strongly significant. Moreover, as in the case of stoaknst the variance parameters
indicate low values for the estimates of the news-arrivahpeeter,«, (0.08 on average)
and high values for the autoregressi/parameter (0.89 on average). As above, volatility
persistence is high at 0.97 on average.

Regarding default intensities, we can see from the margiaampeter estimates that
the first two AR lags turn out to be significant. Interestinghe o parameter is around
0.29 on average and, thus, considerably higher for defaelbsities than for stock returns
and bid-ask spreads, indicating that news arrival affeckstVity of default intensities to
a greater extent than volatility of stock returns and bikl-ggreads. At the same time,
the autoregressivgé parameter is much smaller and about 0.53 on average. Viyatil
persistence, on the other hand, remains high at 0.82 ongeydyat appears to be relatively
low when compared to volatility persistence of stock resuaind bid-ask spreads.

Turning to the DCC parameter estimates in Panel (B) of Tablexe3ind the autore-
gressivey, parameter to be clearly dominating (0.90 on average). Eyrthe estimates
indicate considerable persistence in the conditionaletation of stock returns, bid-ask
spreads, and default intensities of ganefirm.

Panel (C) reports the parameter estimates for the dynaoopulas and, on the one
hand, shows that there is substantial cross-sectionalti@riin the dependence between
stock returns, bid-ask spreads, and default intensitiagh®other hand, the estimates re-
veal that the dependence between returns and spreadsesratut intensities, and between
spreads and intensities differ considerably, indicathmag £ach pair of returns, spreads,
and intensities is characterized by specific patterns ieggnce.

The temporal variation of correlations and tail dependsiigéepicted in Figurie 4.2.
Panel (a) plots the corresponding correlations and shoatsthrelations exhibit consid-
erable time variation and differ materially across the ¢hpairs of returns, spreads, and

intensities.
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Figure 4.2: Dynamic correlations and tail dependences.

The figure shows the minimum/maximum range of dynamic catieis and tail dependences of stock
returns, bid-ask spreads, and default intensities. Fdr gading day between January 2008 and December
2013 and for each of the 209 firms in the sample (see Table CApjendix C), we calculate dynamic
correlations and tail dependences between the returreadgrand intensities of tlsamefirm, resulting

in a total of each 627 correlation and tail dependence caaifie per firm and day. We then calculate
cross-sectional minimum and maximum values for each daynabyc correlations are computed from
Engle’s (2002) Dynamic Conditional Correlation (DCC) mbiesing the Aielli (2009) modification), and
dynamic tail dependence coefficients from Patton’s (2096achict copula (see Appendix C). The models
are estimated on the basis of the residuals from AR(3)-GARCH processes applied to monthly log-
differences of mid prices, bid-ask spreads, and defawdhgities.
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Figure 4.2:
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(b) Dynamic tail dependences
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While dynamic correlations between returns and spreads atwiebn returns and
intensities range from approximately -40% up to 50%, catrehs between spreads and
intensities stay at comparatively moderate levels and watlye range of -30% to 25%.
These patterns can also be found for the dynamic tail depeedan Panel (b). To be
precise, dynamic tail dependences also exhibit consiteevaiation across time as well
as across the three pairs of returns, spreads, and inemsivith the tail dependences
between returns and spreads and between returns and tieerarying between 0% and
15% and between 0% and 20%, respectively, the tail deperdastaveen spreads and

intensities is somewhat less pronounced and remains irttht® @.5% range.

4.4.2 Forecasting liquidity- and credit-adjusted Value-at-Risk

We now turn to our VaR simulation study, which applies the aiyic vine copula
model discussed in Sectifn #.2 to forecasting liquidityd aredit-adjusted VaR. We first
discuss our approach to incorporate liquidity and credk mto the standard VaR frame-
work and present the simulation design. We then discussitihé@ation and forecasting

results and compare the performance of competing depeadendels.

4.4.2.1 Simulation design

The onset of the VaR concept as a de-facto industry standerdpurred a surge in
theoretical and empirical VaR studies in the risk manageititerature. Since then, a re-
curring topic has been the incorporation of liquidity riska the standard VaR framework
which only accounts for market price risk. Being subject ofraense and controversial
debate in the literature, much effort has been spent on tweporation of liquidity risk
into standard VaR and many different extensions have begpoped in existing stud-
ies (see, e.g., Berkowitz, 2000; Bangia et al., 2002; Qi and2809). The incorporation
of credit risk, on the other hand, has also been widely dessmalisn the literature (see
Crouhy et al., 2000, for an overview), but has so far beenicgstito portfolios of credit-
linked securities, i.e., bond portfolios (Andersson et2001) and portfolios of deriva-

tives with defaultable counterparties or borrowers (Dudfiel Pan, 2001). Following the
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notion of stockholders as the residual claimants on a fire&ets [(Vassalou and Xing,
2004), we argue that VaR measures of stock portfolios asmesltl to be modified by
considering potential future losses from credit eventsesstock portfolios are subject to
credit risk and might suffer severe losses in case of theryndg firm being in financial
distress. Because a firm defaults when it fails to servicealbd dbligations and equity, in
turn, is serviced subordinately to debt, credit losses trbglpassed to stockholders caus-
ing stock values to suffer sharp declines and forcing stolddrs to significantly write
off their portfolios.

To formally describe our liquidity- and credit-adjustedR/ésubsequently denoted
as LC-VaR) as well as the simulation design, we adopt the wotatitroduced in the
preceding sections and, in the first step, estimate the AG{ER-GARCH(1,1) processes
for the marginal time series of Iog-diﬁerence{d{{vt}, with i = 1,2, 3 denoting the type
of series (returns, spreads, intensities) and 1, ..., d denoting the corresponding firm.
The resulting residual&{éi"t}, are then used to compute pseudo-observations (i.e.,aopul
data),{@!,}, by calculating the corresponding ranks via the transftionas! = F/(¢]),
with F{ denoting the empirical distribution function. In the net¢s we estimate the
dynamic R-vine copula model as discussed in Se¢tioh 4.2,erwimation is based on
the copula data{ﬁ{,t}. Note that, for each dayin the estimation period, there are three
observations for each of thEfirms, resulting in &d-dimensional random vector given as

A1 A1 a1 cd ad ad \T
(ulvt,uQVt,u&t,...,ulvt,u27t,u37t) ) (4.18)

Having estimated the R-vine copula, we employ the sampliggrahm as discussed in

K

Difmann et al.| (2013) and simulaté = 500 independent observation§ka{7t+1}k:1,

from the specified copula moa&l.The simulated (or rather, forecasted) copula data can
then be converted to simulated log-differences of mid jgribéd-ask spreads, and default
intensities in the following way. Withy..,( - ;27/,+/) denoting the quantile function of

b] 1.2

the skewed distribution of_lFernandez and Steel (1998), the simuldtad series can be

35This results in 500 vectors of the form as[in (4.18). Note,thatindicated by the time subscript, we
identify these vectors as the forecasted pseudo-obsengdtr dayt + 1.
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calculated as

) _~J 57 _~J ~J <J
KRG i1 = g1 T €1 = i1 T 0504185 0415

(4.19)

<J _ -] L nd AT
Cit+1 = QSkt(kui,t+1’ ZMe ok

Whereﬂit ., and 6{7,5 ., are computed by inserting the estimated AR-GJR-GARCH pa-
rameters into equations (4.2) ahd (4.3), respectively.fdtecasted mid prices{km{ )

bid-ask spreadd;57,, }, and default intensitied,, /7., }, are given by

kmi+1 = mi exp (k’le,t-H) ) k§g+1 = Si €xXp (k:R%,t-&-l) ) k:hg-q-l = hi €xXp (k:Rgg,t-s-l) )
(4.20)

where the forecasted monthly default probabiliti@gﬁ{ .1} can be calculated according

to (4.15) as follows
g 30 .
kDl = 1 —exp (% khgﬂ) ) (4.21)

Computing LC-VaR forecasts,C-VaRZ +1(6), now essentially reduces to calculating em-
pirical quantiles of forecasted mid price returns, bid-sisleads, and default probabilities,
whered denotes the corresponding confidence level. More precigétly s/ = s/ /m]
being the relative spread anfidenoting the bid price, LC-VaR forecasts are calculated

according to
LC-VaR,,,(0) = VAR, (0) + L-VaR),,(0) + C-VaR,,, (0), (4.22)
where

VaR ., (0) = mi (1 —exp (4 ({eR 11} :0))) (4.23)
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is the standard VaR and

i 1 . o i - i
L'VaRz+1(0) = §mgq ({krsi-s-l} 1= 9) ) C'VaF{+1(9) =bq ({kpi+1} ;1 — 0)

(4.24)

denote the liquidity- and credit-adjustment, respecfivelth ( - ; 6) denoting the empir-
ical quantile function evaluated at probabiléty

The liquidity-adjustment in[(4.24) is proposed by Bangial£{2002) and accounts
for the exogenous liquidity risk of the underlying stock.dgenous liquidity risk is prox-
ied by the bid-ask spread and refers to the cost of immediadéng, which results from
the liquidity suppliers’ purchasing at the bid and sellinghee ask price (see Kyle, 1985;
Amihud and Mendelson, 1986). Further, C-Vafenotes the credit-adjustment we pro-
pose to account for default risk of the underlying firm. Theadf incorporating credit
risk into VaR calculation is based on the fact that stockérddre serviced subordinately
to debt holders in case of financial distress and might bearge Iportion of the credit
losses when default occurs. Note that we base the calaulati€-VaR on the simpli-
fying assumption that stockholders loose all of their apitvested in a particular firm
in the event of default, i.e. they suffer a loss equal to thiednice of the corresponding
stoc Thus, we define C-VaRto be the maximum (expected) credit loss over the next

month that will not be exceeded with probability- 6.

4.4.2.2 Forecasting LC-VaR: The baseline approach

In our baseline approach, we estimate and forecast partf@iVaR based on a port-
folio consisting of six firms from the S&P 500, resulting in &B8-dimensional vector
of prices, bid-ask spreads, and default intensities foh éading day in the sample pe-
riod The firms included in LC-VaR forecasting are printed in boldetyn Tabld C.IL

in Appendix C and compris8M Company American ExpresHewlett-Packarg Tenet

36Note, however, that the potential recovery for stockhaldiethe event of default is a result from rene-
gotiation between claim holders and depends on the degrsieanéholder advantage (see Garlappi et al.,
2008). To make C-VaR computation feasible for our purpogsestely on the assumption of zero stock-
holder recovery.

$That is, we setl = 6 and obtain vectors of the form as [0 (4.18) for each tlay
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Healthcare Textron andWal-Mart Stores Portfolio LC-VaR is calculated at a monthly
time horizon with a confidence level of 95% (i.8.= 0.95). Formally, portfolio LC-VaR
forecasts are derived by replacing, 1R, x7's],1, b, andypi, , in @23) and[(4.24)
with the corresponding portfolio prices, returns, spreadsl intensities calculated using
cross-sectional equally-weighted averages.

The marginal models and the dependence model are estimatadio-sample com-
prising monthly log-differences of prices, bid-ask spieaahd default intensities for the
261 trading days in 2010. The estimated models are then adedecast LC-VaR num-
bers for the trading days in January 2011. The in- and oslaaiples are subsequently
shifted forward one month and the models are re-estimateddoan the period from
February 1st, 2010 to February 1st, 2011, where forecasstingw conducted for Febru-
ary 2011. We repeat this procedure ten times, resulting iLZ3-VaR forecasts for the
230 trading days following January 1st, 2011. The marginadefs are re-estimated ev-
ery day, whereas the dynamic R-vine copula model is re-estoinevery month due to
computational complexity.

Descriptive statistics on the sample firms’ stock priced;dsk spreads, and default
intensities in levels and log-differences are providedabléd C.P and C|.3 in Appendix
C, respectively. The time evolution of the stock returns-ds#é spreads, and default
intensities of the six companies are plotted in Fidguré 4.3.

The different panels of Figufe 4.3 highlight that all six quanies in our sample are
characterized by volatile stock returns and increasingdity. For several sample com-
panies, default intensities exhibit a U-shaped time eumtutvith default risk reaching
its minimum at the start of 2011 and increasing through més20d1. Furthermore,
almost all time series exhibit extreme data points undedirthe need to account for
the non-linear dependence structure in our data. For exartip shares a3M Com-
panyplummeted by more than 40% on one day in August 2011 Aitterican Express

Hewlett-PackargdandTextronexperiencing losses of similar magnitude on their equity.



4.4. EMPIRICAL STUDY 140

Figure 4.3: Time evolution of stock returns, bid-ask spseathd default intensities of
firms included in the Value-at-Risk study.

The figure plots the time series of stock returns, bid-askags, and default intensities for the six firms
included in the Value-at-Risk (VaR) study. The six firms ird#3M CompanyAmerican Expresdewlett-
Packard Tenet HealthcareTextron andWal-Mart Stores The plots refer to the in- and out-of-sample time
periods in the VaR study, which cover the period from Jan@@i0 to November 2011. For each dgyn

the sample period, stock returns are calculated using ttgrides at daysandt — 30. Bid-ask spreads are
calculated as the difference between ask and bid quoteauDéftensities are extracted from CDS spreads
according to the procedure discussed in Seéfioh 4.3 andahheezon of one year.
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Figure 4.3: Time evolution of stock returns, bid-ask spseathd default intensities of
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firms included in the Value-at-Risk study (continued).
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Figure 4.3: Time evolution of stock returns, bid-ask spseathd default intensities of
firms included in the Value-at-Risk study (continued).

(e) Textron

Stock returns

() Wal-Mart Stores

Stock returns

0.1 -
0.4 -
0.0
0.2 -
~01 -
0.0
~02 -
-0.3 -0.2
4 T T T T T T T T 04 T T T T T T T T
S QS S QS " > > >
& & & & & & & & & & & & ¢ & &
& » & » & N N o N N N » N N & N
Bid-ask spreads Bid-ask spreads
0.05 0.35
0.30 o
0.04 0.25
0.20 o
0.03 o
0.15
0.02 0.10 o
0.017\0 ‘Q ‘Q ‘Q \» ‘\/ ‘\/ \» 0'007\Q \0 \0 \0 T \,\ "\- "\v
& & & & F & & & & & & & & & & &
M
& » 5 N & N N S & N & » > N N S
Default intensities Default intensities
0.040
0.035 - 0.008
0.030 0.007
0.025
0.006
0.020
0.005
0.015 T T T T T T T T T T T T T T T T
S S S S > > o> . S S S S . " .z "
N\ " N\ » N4 N4 N4 N4 N\ N4 N4 N4 Y 34 N4 N4
S S N N S S S S S S S S S S S S
U G U G G o o o $» G o \ v U G v
& & N S & N N K Ng * N N & * N >

Returns/Spreads/Intensities
10-day moving average




4.4. EMPIRICAL STUDY 143

Quite similarly, the illiquidity of our sample firms’ stoclspiked as well during the
sample period (see, e.g., the bid-ask spread3MiCompanyand Hewlett-Packardin
2010). Finally, the time series of default intensities atpeetedly less volatile than the
companies’ stock returns but are also characterized by f&n@rae observations.

In the next step, we shortly comment on the parameter esigiat the marginal mod-
els of the six sample companies in our Value-at-Risk studerédge parameter estimates
for the marginal distributions of monthly log-differencea daily mid prices, bid-ask
spreads, and default intensities are presented in Tahle 4.4

The parameter estimates for the mean dynamics show thatsatie first two AR lags
are strongly significant for stock returns, bid-ask spreadd default intensities. The re-
sults on the Ljung-Box test up to ten lags (denoted as LB(10)fiesher indicate that the
AR(3) processes are successful in capturing the serial depee evidenced in Section
4.3. The estimation results for the variance dynamics, erother hand, are fairly stan-
dard. Of particular note are the estimates fordhmarameter which captures asymmetry
in volatility. While the§ estimates for stock returns and bid-ask spreads predothinan
reveal only mild statistical evidence of asymmetry in vilitgf volatility of default in-
tensities appears to be characterized by strong asymnwetrgsaall six firm@ Further,
the estimates for the skewedlistribution indicate fat tails and slight skewness for the
returns, spreads, and intensities of most firms. Finallghteck the adequacy of the vari-
ance models, we apply the LB(10) test to the squared staragar@ARCH residuals.
Impressively, the GJR-GARCH models are able to pick up mostefttétond-moment
dependence inherent in the time-series data, as indicgtdeebow number of rejections
for the LB(10) test. We conclude from Table 4.4 that the maighR-GJR-GARCH
models are capable of delivering the white-noise residiedsiired to obtain unbiased

estimates for the dependence parameters of our dynamice=egpula model.

38Note, however, that the estimated values fordlparameter of default intensities are positive through-
out the sample firms, which is somewhat counterintuitiveeinegative AR residuals are associated with
good news (see Sectibn ¥.2). That is, the positive valuebyiampupward revision of volatility in response
to good news.



Table 4.4: Average parameter estimates for marginal digtans.

The table reports average parameter estimates for the maarjstributions of monthly log-differences on daily midqes, bid-ask spreads, and default intensities for the
six firms investigated in our Value-at-Risk (VaR) study. ®ie firms include3M Company American ExpresdHewlett-Packard Tenet HealthcareTextron andWal-Mart
Stores The marginal distributions are modeled using AR(3)-GIRRGH(1,1) processes with skewedhistributed innovations as discussed in Sedfioh 4.2. iBgpwith an
in-sample comprising the 261 trading days in 2010, the editim period for the marginal models is subsequently shifteward one day after each VaR forecast, resulting
in 230 re-estimations. The parameter estimates shown itatite result from averaging across the re-estimationsiaiee persistence (denoted Var. Pers. in the table) ig
calculated a$ + o + %5. The last two columns show the number of rejections (at tb& [vel) across all 230 re-estimations from Ljung-Boxgdst serial correlation up
to 10 lags as applied to the standardized and squared stii@ethresiduals.
Mean dynamics Variance dynamics #Rej. of LB(10) test
m d1 0P o3 w I6] ) Var. Pers. v ~ Resid. Sqg. Resid.

Panel A: Stock returns

3M Company 0.9980 0.0238 -0.0762 0.0006 0.0000 0.9190 0.0550 0.0239 9859. 17.5909 0.8578 0 0

American Express 0.9460 0.0292 -0.0317 0.0001 0.0000 0.9097 0.0305 0.0176 9490. 11.4982 0.8934 0 7

Hewlett-Packard  0.9328 0.0993 -0.1152 0.0011 0.0000 0.9252 0.0157 0.0599 9709. 6.6431 0.9982 9 0

Tenet Healthcare 0.9501  0.1252 -0.1455 0.0004 0.0000 0.9620 0.0143 0.0126 9826. 9.8417 0.8842 2 16

Textron 1.0466 0.0071 -0.1040 -0.0013 0.0000 0.9307 0.0015 0.0801 .972 5.2423 1.0024 0 0

Wal-Mart Stores  0.8942 0.0459 0.0090 0.0009 0.0000 0.9931 0.0051 -0.0204 9880. 3.2150 0.9207 0 0

Panel B: Log-differences of bid-ask spreads

3M Company -0.0131 -0.0665 -0.0448 -0.0457 0.0018 0.9807 0.0347 1305 0.9896 3.3627 0.9713 1 0

American Express 0.0189 0.0745 0.1175 -0.0390 0.0029 0.8766 0.0652 0.1195 0013. 5.5385 0.9406 0 0

Hewlett-Packard  0.1082 -0.0116 -0.0103 -0.0467 0.0092 0.9862 0.0281 -6.057 0.9855 29.9999 1.0737 0 0

Tenet Healthcare 0.0317 0.0119 0.0467 -0.0763 0.0046 0.9963 0.0055 -0.0196 .9920 8.9658 1.0573 0 0

Textron -0.0532 0.0741 0.0498 -0.0490 0.0066 0.9910 0.0249 -0.06370.9841 29.8826 1.0429 9 0

Wal-Mart Stores  0.0055 0.0357 -0.1111 -0.0123 0.0568 0.8016 0.2413 -0.16130.9623 2.1100 0.8096 0 0

Panel C: Log-differences of default intensities

3M Company -0.0545 0.0511 0.0244 0.0005 0.0000 0.8921 0.0035 0.1667 9790. 3.8639 1.0657 0 0

American Express -0.2948 -0.1048 0.0061 0.0001 0.0001 0.4055 0.1286 0.3970 .7326  2.9294 0.9821 0 61

Hewlett-Packard -0.1336 0.0266 -0.0025 0.0006 0.0001 0.6981 0.0082 0.2532 .8330 4.0834 1.0327 0 42

Tenet Healthcare -0.1938 -0.0026 -0.0125 0.0002 0.0001 0.5834 0.0612 0.35580.8225 3.0183 0.9840 0 0

Textron -0.0668 0.0419 0.0231 -0.0011 0.0001 0.7984 0.0000 0.2218 .9098  3.1483 0.9319 0 0

Wal-Mart Stores  -0.0910 -0.0142 0.0034 0.0008 0.0000 0.9336 0.0025 0.1194 .9958 2.9655 1.1106 0 0
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To get a better understanding of our model’s ability to actdar non-linear depen-
dences in market price, liquidity, and credit risk, we qlyaleview the temporal variation
in the selected parametric pair-copulas in our dynamic RR-gopula. The percentages of
selected parametric bivariate pair-copulas are shownhiela5.

The percentages given in Taljle]l4.5 show that for around 508%eobivariate pair-
copulas, the tail independent normal copula is selectedwéat 5.88% to 12.42% of
the pair-copulas are modeled using the symmetrically &gilethdent Studentiscopula.
Conversely, 30% up to 45% of the pair-copulas are modeled)@sther upper- or lower-
tail dependent copulas underlining the notion that the dégece structure of our data is
indeed significantly non-linear and asymmetric. Furtheemthe percentages for several
parametric copulas vary considerably during the courseuofsample period thus con-
firming the need to employ time-varying copulas. For exarble upper-tail dependent
Gumbel copula is chosen for 8.50% of the pair-copulas fofiteeof our estimation pe-
riods with this percentage plummeting to 3.27% for the pbabJune 2010 to June 2011
and increasing again to 13.73% for the period of Septemhld R)September 2011.

The results so far emphasize that, while much of the depeedaherent in market
price, liquidity, and credit risk can be adequately modelsithg tail independent normal
copulas, the dependence structure of our data is also ¢earad by significant asym-
metric tail dependence. However, our particular estinmegipproach for the R-vine cop-
ulas specifically tries to capture as much dependence ab|gossthe upper trees of the
vine structure. As a consequence, it could be that most afinicenditional dependence
in our data is actually linear while the tail dependent pagtiim copulas are only selected
in lower (less important) trees in which the conditional elegeence is modeled. To an-
swer this question, Table 4.6 presents corresponding paxges of selected parametric
pair-copulas separately by the respective tree in the Rmimgel.

The results of Table_4.6 show an opposite picture. The noooplla is selected
for only 35.88% of the pair-copulas in the first tree while tlast majority of bivariate

(unconditional) data pairs are modeled using tail depeinpimmetric copul

39In Table[C.4 in Appendix C, we additionally tabulate the stdd parametric pair-copulas in the first
R-vine tree for all bivariate data pairs.



Table 4.5: Temporal variation of selected parametric paptlas.

The table reports results on the selected bivariate paranpetir-copulas in our dynamic R-vine copula model for eastimation period included in our Value-at-Risk (VaR)
study. The R-vine copula model is estimated on pseudo-adtens of standardized log-differences of mid prices;ds# spreads, and default intensities for six firms from
the S&P 500, resulting in 153« 18 - 17/2) parametric pair-copulas that need to be specified and &téhfor each R-vine copula estimation. The results in thie tshow
the number of a particular parametric copula family beifgaed as a percentage of the number of pair-copulas to ledfispdn each R-vine copula estimation (that is, 153).
The candidate copulas include dynamic versions of the atangbrmaly, (rotated) Clayton, (rotated) Gumbel, and (rotated) Jgrulzn where we follow the dynamization
approach suggested by Patton (2006) (as outlined in App&)diThe selection of the bivariate pair-copulas is basethersequential method as proposed by DiRmann et al
(2013) and conducted using Akaike’s Information Criter{ihC) as the selection criterion to be minimized.

Estimation period Parametric copula families (in %)
Normal t Clayton Rotated Clayton Gumbel Rotated Gumbel Joe  RotaedJ

01/2010 - 01/2011 51.63 1242 1.31 2.61 8.50 14.38 261 6.54
02/2010 - 02/2011 55.56 5.88 1.96 3.92 5.88 9.15 12.42 5.23
03/2010 - 03/2011 51.63 5.88 2.61 0.65 7.84 15.69 3.27 12.42
04/2010 - 04/2011 56.21 11.76 3.27 3.92 5.23 9.80 5.23 4.58
05/2010 - 05/2011 56.21 12.42 1.96 1.96 8.50 11.76 3.92 3.27
06/2010 - 06/2011 57.52 1111 3.27 5.23 3.27 7.84 5.88 5.88
07/2010 - 07/2011 54.25 7.84 0.00 4.58 9.15 16.99 2.61 4.58
08/2010 - 08/2011 56.21 8.50 3.27 2.61 5.23 13.73 5.23 5.23
09/2010 - 09/2011 48.37 6.54 2.61 3.27 13.73 14.38 7.19 3.92
10/2010 - 10/2011 49.02 8.50 3.27 2.61 11.76 15.03 3.27 6.54
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The table reports average results on the treewise seleatibivariate parametric pair-copulas in our dynamic R-viimpula model across the estimation periods included
in our Value-at-Risk (VaR) study. The R-vine copula modetssimated on pseudo-observations of standardized Iégrelifces of mid prices, bid-ask spreads, and default
intensities for six firms from the S&P 500, resulting in 15318 -17/2) parametric pair-copulas that need to be specified and &ihior each R-vine copula estimation. The
18-dimensional R-vine copula is composed of 17 trees, wbapela selection is based on the sequential method as o bysDiRmann et all (2013) and conducted using
Akaike’s Information Criterion (AIC) as the selection eniton to be minimized. Each treg,requires the selection and estimation 8f— 7 bivariate parametric pair-copulas.
The results in the table show the number of a particular panacrcopula family being selected in tréei = 1, ..., 17, as a percentage of the total number of pair-copulas tq
be specified in treé(that is,18 — ¢). The resulting percentages are averaged across all &stineations conducted in our VaR study (see Se€fidn 4.4).céhdidate copulas
include dynamic versions of the standard norma(rotated) Clayton, (rotated) Gumbel, and (rotated) Jqmilzy where we follow the dynamization approach suggesyed b

Patton|(2006) (as outlined in Appendix C).

Table 4.6: Treewise selection of parametric pair-copulas.

Parametric copula families (in %)

Tree Normal t Clayton Rotated Clayton Gumbel Rotated Gumbel Joe  RotatedJ
1 35.88 18.82  0.59 1.18 7.06 22.94 1.76 11.76
2 46.88  5.00 5.00 2.50 11.25 12.50 6.88 10.00
3 57.33  8.00 0.00 9.33 10.00 10.00 2.67 2.67
4 47.14 1500 3.57 2.86 5.71 17.86 4.29 3.57
5 52.31 1154  3.85 0.77 9.23 13.85 1.54 6.92
6 55.00 9.17 1.67 1.67 9.17 10.00 8.33 5.00
7 56.36 10.00  4.55 3.64 6.36 8.18 5.45 5.45
8 62.00 9.00 1.00 6.00 3.00 9.00 6.00 4.00
9 64.44  7.78 111 3.33 7.78 6.67 5.56 3.33
10 62.50 1.25 5.00 1.25 3.75 11.25 10.00 5.00
11 61.43 7.14 1.43 0.00 11.43 11.43 4.29 2.86
12 61.67 1.67 0.00 1.67 6.67 13.33 8.33 6.67
13 52.00 6.00 4.00 4.00 8.00 12.00 10.00 4.00
14 65.00 5.00 0.00 2.50 10.00 10.00 5.00 2.50
15 56.67  3.33 3.33 3.33 10.00 13.33 3.33 6.67
16 65.00 0.00 0.00 5.00 5.00 15.00 5.00 5.00
17 50.00 0.00 0.00 10.00 10.00 20.00 10.00 0.00
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In the lower trees of the R-vines, the percentage for the nlocoyaula increases up
to 65% while several of the tail dependent parametric capal@ no longer selected.
These results further underline our finding that our data@adexhibit strong non-linear
dependence.

We now turn to the main results of our VaR study in which we nidt¢o calculate
LC-VaR forecasts for the portfolio profits and losses (P/Ljrae ¢, PLff. The portfolio

P/L are calculated according to

PL = b, — a,, (4.25)

whereb, anda; denote the portfolio bid and ask price, respectively. Thaagortfolio
P/L are then compared to the LC-VaR forecasts estimated aifileace level of = 0.95
using monthly log-differences of mid prices, bid-ask spsgaand default intensities. In
Figure[4.4, we plot the realized out-of-sample portfolit. Rjainst the corresponding
LC-VaR forecasts calculated from our dynamic R-vine copulaeho

In Panel (a) of Figurk 414, we first plot the realized portfd?/L against the estimated
LC-VaR forecasts for the out-of-sample period that coveesftitl year 2011. The plot
shows that our LC-VaR forecasts stay relatively close to ¢#fadized P/L throughout the
out-of-sample. Even more importantly, the LC-VaR estimaggsear to capture the down-
ward movements of the portfolio P/L quite adequately withauderestimating portfolio
risk. This last finding is emphasized by the plot in Paneliyhich we illustrate the dis-
tance between the realized portfolio P/L and the LC-VaR fasexas well as the LC-VaR
exceedances. First, we note that the distances betweerithadPthe LC-VaR in case the
LC-VaR is not exceeded are relatively small throughout thteodisample. Consequently,
companies employing the LC-VaR based on our dynamic R-vinelaapodel are able
to limit their excess regulatory capital derived from the V@R forecasts. At the same
time, the distances are also small to non-existent in caspdttfolio losses exceeded the

LC-VaR. Our model thus appears to produce small Expected f8hedtimates as well.
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Figure 4.4: Realized portfolio losses and Value-at-Riskdasts.

The figure shows the realized out-of-sample portfolio psaditd losses (P/L) on our sample portfolio as
well as the forecasts of liquidity- and credit-adjustediéaht-Risk (LC-VaR) calculated from our dynamic
R-vine copula model. The portfolio P/L at tinnePL'jf, is calculated according to I?sz by — a;—1, Where

b; anda; denote the portfolio bid and ask price, respectively. Thaa portfolio is composed of six
firms from the S&P 500 includin@M CompanyAmerican ExpressHewlett-Packard Tenet Healthcare
Textron andWal-Mart Stores The forecasting period covers the 230 trading days folgwlanuary 1st,
2011. Starting with an in-sample comprising the 261 tradiags in 2010 and an out-of-sample covering
January 2011, the in- and out-of-samples are shifted fahwae month with the R-vine copula model
being re-estimated. LC-VaR forecasts are calculated ahfdamce level of = 0.95 based on monthly
log-differences of mid prices, bid-ask spreads, and defaignsities.
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Second, our R-vine model also seems to forecast portfoliqgBile adequately based
on the number of times the portfolio losses exceed the régpataily LC-VaR forecast.
This second finding is highlighted in Panel (c) of Figlre /ndnhich we only plot the
losses that exceed the LC-VaR forecasts.

Our analysis so far has shown that the LC-VaR forecasts frondgoamic R-vine
copula model adequately predict portfolio losses. Consatyeur results support the
notion that integrating information on the dependence betwmarket price, liquidity,
and credit risk into a VaR model is vital for accurate riskefoaisting. However, we cannot
rule out the possibility that the LC-VaR forecasts we estersatiely capture market price
risk and that the effect of liquidity and credit risk is negtile. If this were the case,
the good fit of our LC-VaR model would simply be due to chance asmnply forecasts
market price risk employing a significant amount of redundaformation on liquidity
and credit risk. Figure_4l5 shows that the opposite is true.

In Figurel4.5, we decompose the LC-VaR forecasts into theiketgrice (VaR), lig-
uidity risk (L-VaR) and credit risk component (C-VaR) and plo¢ time evolution of the
three components. The upper Panel (a) of Figure 4.5 comgaadsne evolution of the
standard market price VaR of our stock portfolio to the LC-\faRecasts. As expected,
the LC-VaR forecasts predominantly consist of the standafd With the market price
component. However, a significant part of the LC-VaR forexéts¥% to 5%) are due to
the liquidity and/or credit components. The plot for theuldjty component given in
Panel (b) shows that liquidity risk plays a significant raighe forecasting of LC-VaR as
the liquidity component accounts for up to 2.5% of the LC-ValRetasts. Furthermore,
the percentage of the liquidity component of the LC-VaR showly little time varia-
tion and decreases during the course of our out-of-sa@pﬁmally, Panel (c) of Figure

4.3 shows that up to 2% of the absolute LC-VaR forecasts ard¢alaeedit risk. More
importantly, the relative weight of the credit componenthe LC-VaR forecasts varies
significantly during our sample period, thus again undarjrthe need to account for the

time dynamics in market price and credit risk.

40This finding again reflects the increase in the overall liguidf stocks during our sample period as
shown in Figuré& 4]3.
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Figure 4.5: Decomposing liquidity- and credit-adjustedli¢aat-Risk.

The figure presents the time evolution for the market pricgR)V liquidity (L-VaR), and credit component
(C-VaR) of liquidity- and credit-adjusted Value-at-Ridkd-VaR) forecasts. LC-VaR forecasts are com-
puted from the our dynamic R-vine copula model at a confiddexel of # = 0.95 based on monthly
log-differences of mid prices, bid-ask spreads, and defatdnsities for the six firms in our sample port-
folio. The six firms include8M CompanyAmerican Expresdiewlett-PackardTenet HealthcareTextron
and Wal-Mart Stores The forecasting period covers the 230 trading days fohowlanuary 1st, 2011.
Starting with an in-sample comprising the 261 trading day2010 and an out-of-sample covering Jan-
uary 2011, the in- and out-of-samples are shifted forwam month with the R-vine copula model being
re-estimated.
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4.4.2.3 Neglecting dynamics and non-linearities in depemrtce

In the last part of our empirical study, we address the qoesthether the additional
flexibility of using (a) a dynamic instead of a static modetigh) a copula instead of a
correlation-based model is indeed necessary for accus&téorecasting. To this end, we
compare the forecasting accuracy of our proposed dynamia&eopula model to that
of a static R-vine model as well as Engle’s (2002) DCC model.

As a first step, we compare the realized out-of-sample gartfoofits and losses
on our sample portfolio with the forecasts of the LC-VaR cklted from the respective
dependence model. Here, we are especially interested umtiting the differences of
both dependence models relating to the portfolio profits lasges in our sample. The
results of this comparison are presented in Figure 4.6.

The upper parts of Panels (a) and (b) of Fidure 4.6 plot thiezezhprofits and losses
of our portfolio against the LC-VaR forecasts estimated foamstatic R-vine copula and
DCC model, respectively. The plots show that for both modbkés].C-VaR forecasts stay
relatively close to the realized portfolio losses. This iimgdis confirmed by the middle
plots in both panels in which we illustrate the distancesvben the realized portfolio
P/L and the LC-VaR forecasts. Compared to the correspondiig fsr our dynamic
R-vine copula model, however, both models appear to be margeceative as both the
distances between the realized P/L and the LC-VaR forecestamger and the number
of VaR-exceedances are (unnecessarily) sn@llé’ﬂnis finding is confirmed in a direct
comparison of the different models. The results of this cangon are plotted in Figure
4.17.

The plots presented in Figure 4.7 clearly show that bothttitecs/ine copula and the
DCC model overestimate portfolio risk to a significant degi@ile both models yield
LC-VaR forecasts that are exceeded on only few trading daysjymamic R-vine copula
model produces forecasts that not only adequately capxirenge losses but also limit

the use of (regulatory) capital.

4n untabulated results, we further check the forecastimgirmcy of all three models by performing
tests of the models’ conditional coverage (see Christedfemnd Pelletier, 2004). The results of these tests
show that none of the models is rejected.
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Figure 4.6: Realized portfolio losses and Value-at-Riskdasts from alternative
dependence models.

The figure shows the realized out-of-sample portfolio psadibd losses (P/L) on our sample portfolio as
well as the forecasts of liquidity- and credit-adjusteduéaht-Risk (LC-VaR) calculated from alternative
dependence models. The alternative dependence modalgénalstatic R-vine copula model as well as
Engle’s (2002) Dynamic Conditional Correlation (DCC) mbdkhe portfolio P/L at time, PLff, is calcu-
lated according to Pﬂf = b; — a;_1, Whereb; anda, denote the portfolio bid and ask price, respectively.
The sample portfolio is composed of six firms from the S&P 5@uding3M Company American Ex-
press Hewlett-Packard Tenet HealthcareTextron andWal-Mart Stores The forecasting period covers
the 230 trading days following January 1st, 2011. Startiithy @n in-sample comprising the 261 trading
days in 2010 and an out-of-sample covering January 201inttend out-of-samples are shifted forward
one month with the dependence models being re-estimateg @ag L C-VaR forecasts are calculated at a
confidence level of = 0.95 based on monthly log-differences of mid prices, bid-asleags, and default
intensities.
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Figure 4.7: Dynamic R-vine copula model versus alternatefgethdence models.

The figure compares the liquidity- and credit-adjusted ¥atrRisk (LC-VaR) forecasts from the dynamic
R-vine copula model to the LC-VaR forecasts from the staticifie copula model and Engle’s (2002)
Dynamic Conditional Correlation (DCC) model. LC-VaR foasts are calculated at a confidence level of
# = 0.95 based on monthly log-differences of mid prices, bid-aslkeags, and default intensities of six
firms from the S&P 500 includin@M CompanyAmerican ExpresdHewlett-Packard Tenet Healthcare
Textron andWal-Mart Stores The forecasting period covers the 230 trading days folgnlanuary 1st,
2011. Starting with an in-sample comprising the 261 tradiags in 2010 and an out-of-sample covering
January 2011, the in- and out-of-samples are shifted fahaae month with the dynamic R-vine model and
the alternative dependence models being re-estimateyl evanth and every day, respectively. Portfolio
profits and losses (P/L) at timePLﬁ’f, are calculated according to PL: by —as—1, Whereb, anda; denote
the portfolio bid and ask price, respectively.
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Figure 4.7: Dynamic R-vine copula model versus alternatejgetidence models
(continued).

(c) DCC model vs. Static R-Vine
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Neglecting the time dynamics and non-linearities in theatelence structure between
market price, liquidity, and credit risk thus leads to anessive allocation of capital that
is not needed and that ultimately leads to unnecessarily ¢agital costs. In fact, the
cumulative difference between our dynamic R-vine copulataedstatic R-vine alterna-
tive increases to more than 200 USD at the end of our outiopsaperiod showing the
economically highly significant potential to limit capitdsts. Furthermore, as evidenced
by Panel (c) of Figuré 417, accounting for time variationhe tlependence structure of
the three LC-VaR components seems to be more important ticanmiing for non-linear

dependence.

4.5 Conclusion

In this paper, we propose to use dynamic R-vine copulas to htbdgoint distri-
bution of the market price, liquidity, and credit risk of a knariate stock portfolio at
the security-level. Our model is extremely flexible yet a& game time still tractable
even for high-dimensional multivariate distributions awtounts for possible time vari-
ation in a distribution’s linear and non-linear dependesitacture. Using the dynamic
R-vine copula model, we document the existence of signifittiarg-varying tail depen-
dence between the returns, the liquidity, and the defatdhsities of companies listed in
the S&P 500. While non-linear dependence has been showngbiestock returns and
between individual stock and market liquidity, this papethe first to confirm that the
joint distribution of equity returns, liquidity, and defauisk is characterized by strong
tail dependence as well.

We then propose a liquidity- and credit-adjusted Valu®ak (LC-VaR) that not only
accounts for market price risk, but also for sudden peakiiguidity and default proba-
bilities. Using a portfolio of six companies from the S&P 50@& forecast the portfolio’s
LC-VaR with the help of our dynamic R-vine copula model. Notyodb we find the
LC-VaR forecasts to adequately capture downside risk, wefadd our dynamic R-vine

copula model to significantly outperform static vine copai@ynamic correlation-based
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models. While both benchmarks overestimate portfolio rgk, dynamic R-vine model
significantly saves on risk capital while at the same timédymg an acceptable number
of VaR-violations.

Although our empirical study primarily deals with risk fagesting, our main finding is
not limited to the field of risk management. In fact, our pre@ad dynamic R-vine copula
model can be used in any context in financial economics inhvbine wishes to model the
dynamic tail dependence in a high-dimensional data set. épesitly, future research
should address the question whether dynamic R-vines aradegoally) significantly
superior to static or correlation-based models in othefiegmon like, e.g., asset pricing
studies in the spirit af Meine et al. (2013); Ruenzi and Wei¢2013) and Ruenzi et al.
(2013).



Chapter 5

Extreme dependence in finance: Does

the choice of estimator matter?

5.1 Introduction

Recent research has seen a steep increase in the number ief shat focus on
extreme dependence in financial economics. Several of teagses revisit classical
problems in asset pricing (see, e.g., Ruenzi and Weigerg)2@ibhancial intermediation
(Oh and Patton, 2013), credit risk (see Christoffersen|gP@ll3; Oh and Patton, 2012),
and portfolio management (Christoffersen etlal., 2012) adtitute linear correlations
by measures of extreme dependence. The consensus ungéhiyge studies is that joint
extreme co-movements in equity prices, default interssitend liquidity are not ade-
guately captured by correlation, but should rather be nemblesing estimates of tail de-
pendence. The empirical finance literature, however, iféan agreeing on the question
how extreme dependence should be mea&HJerthis paper, we review various com-
monly used techniques for estimating the tail dependenagant distribution and show

that several of these techniques produce severely biatiethéss of tail dependence in

To better understand how researchers deal with the estimafi extreme dependence, TableD.1
in Appendix D provides a survey of recent studies on extremgeddence published in thReview of
Financial StudiestheJournal of Financial and Quantitative AnalysihieJournal of Banking and Finance
and others in the period from 2006 to 2014. As one can easilyrem the table, existing studies employ a
great variety of different extreme dependence estimateeghing from nonparametric to fully parametric
and from static to dynamic estimators.

158



5.1. INTRODUCTION 159

simulations. We then apply these estimators in empirictiingss in which tail depen-
dence coefficients have been previously used to model egtdmpendence. As our key
finding, we show that the systematic overestimation of @gdehdence found in the simu-
lation study translates into the empirical applicatiorsliag to dramatic overestimations
of the economic significance of tail dependence in these reapsettings: Not only do
we find economically significant differences in the resuttisthe different estimators in
these applications, the economic significance of seveyatdsults from recent studies in
financial economics significantly decreases when switchiormg a static to a dynamic es-
timator of tail dependence. Consequently, our results irtidy findings from the related
literature need to be interpreted with care and criticallpehd on the choice of estimator.
Several results from both theoretical and empirical finasicess the need to account
for extreme disasters in the modeling of financial data. kanle, Barro/ (2006, 2009)
finds that the potential for rare economic disasters expls@veral puzzles from the asset
pricing literature (the high equity premium, low risk-fresge, and volatile stock returr@).
In a related earlier study, Poon et al. (2004) show how tHéb&avior of financial as-
sets can be adequately modeled by the use of extreme valuy {&8/T). Additionally,
extreme events have also been found to be relevant for opticimg as the implicit pric-
ing kernel puzzle (see Jackwerth, 2000) is consistent Wighrésults found by Liu et al.
(2005) and Collin-Dufresne and Hugonnier (2014) who incoamimprecise knowledge
about extreme events into asset pricing models. In a diffesgand of the literature,
the possible implications of extreme tail risk on the prgcof the cross-section of aggre-
gate and individual stock returns have been stucied. B@deend Todoravi(2011) and
Kelly and Jiangl(2013) analyze the time-variation and theiqg of tail risk in aggregate
stock returns. While the former show that the compensatiorafe events accounts for a
large fraction of the average equity and variance risk paethie latter isolate a common
tail risk factor in the cross-section of individual stocksldind this factor to be a strong

predictor for aggregate market retugﬂ.owever, tail risk appears to be priced not only in

2Similarly, [Bollerslev and Todorov (2011) explain the aggate equity risk premium by considering
the risk of rare disasters while Gabalix (2012) finds thatisdymizzles in macro-finance can be explained
by the time-varying risk of rare disasters.

3In a related study, Bali et al. (2009) document a positive sigdificant relation between different
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aggregate stock prices, but also in the cross-section are@deries of returns on individ-
ual assets. For example, Jiang and Kelly (2013) show tHaigtis a key driver of hedge
fund returns._Kole and Verbeek (2006) and Ruenzi and Wei@éaJ) find a similar re-
sult for the cross-section of stock returns using lowerdapendence (LTD) coefficients
as a proxy for equity tail risk. Moreover, the results of Ruezial. (2013) indicate that
stock returns could also be driven by (a) the LTD betweerviddal stock returns and
market liquidity and (b) the LTD between individual stocigdidity and market returns.
Finally,Meine et al.|(2013) test and confirm the hypothdsas €CDS spreads of banks in-
clude a premium for high upper tail dependence (UTD) betweénidual CDS spreads
and a sector CDS indg«
Despite the consensus in the literature on the importanee@junting for extreme
dependence in asset returns, numerous models have beeasyethipl the recent empiri-
cal literature for estimating the tail dependence inherefinancial data. Most of these
studies comprise a parametric copula model from which thmates of tail dependence
are derived. For example, in the early studies of Rodrigu@d7p  Okimoto |(2008),
and/ Garcia and Tsafeck (2011) the estimates of the lowedégiéndence in equity re-
turns are extracted from simple static and static regimiéchimg copula models. More
recent studies like, e.d., Patton (2006), Christoffersext ¢012), and Oh and Patton
(2012, 2013) propose to use dynamic copula models to acbamumbssibly time-varying
extreme dependence in financial data. Furthermore, thistitakliterature includes addi-
tional nonparametric estimators like, e.g., the one pregdy. Schmidt and Stadtmueller
(2006), that eliminate the model risk of selecting a nonrogl parametric model at the
expense of being purely data-driven and static. Finallg,ttio asset pricing studies of
Ruenzi and Weigert (2013) and Ruenzi etlal. (2013) use convakications of different
static parametric copulas to estimate the tail dependeetveclen equity returns and lig-

uidity, respectively. Interestingly, the literature lsticks a comparison of these different

measures of downside risk (Value-at-Risk, Expected Sdlbrénd the variance of losses larger than VaR)
and the portfolio returns on NYSE, AMEX, and Nasdag stocks.

4The use of tail dependence as a proxy of extreme risk is na@telihto asset pricing and the study of
credit risk. For example, De Jonghe (2010), Oh and Pattoh222013), and Weil3 etal. (2014) employ
measures of tail dependence to proxy for systemic fragilithe financial sector.
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estimators of a distribution’s tail dependence. But evenenimportantly, the empirical
relevance of selecting the right estimator for a data samfaé dependence for applica-
tions in financial economics remains completely unackndgeel.

The findings from both our simulations as well as our assetristudy have highly
relevant consequences for financial economics in genedhbanunderstanding of ex-
treme dependence in asset prices in particular. As our fiagt gontribution, we show
in this paper that several tail dependence estimators wiaeh been proposed in the lit-
erature are severely biased. Especially when applied sosiahples with time-varying
extreme dependence, static estimators tend to signifjcamérestimate the actual level
of tail dependence in the data. This finding casts reasoialbiet on the frequent finding
that extreme dependence in financial markets has increasad high (especially during
a time of crisis). What we find most striking is that this tentleto overestimate extreme
dependence is common to almost all estimators that we faehifrom previous empirical
studies in financial economics and econometrics. As thigigmpecond main contribu-
tion, we show in our empirical application that the choicehaf correct tail dependence
estimator has significant effects on the outcomes of asgah@rstudies which rely on
tail dependence estimates. More precisely, we show thatrteh sensitivity of stocks
(proxied by the lower tail dependence in the returns on idd&l stocks and the market)
does no longer qualify as a (highly significant) priced faatahe cross-section of stock
returns when using different tail dependence estimatong ifplications of these find-
ings are straightforward: The role of extreme dependendmamcial assets requires to
be reassessed in several areas of interest (stock retigundjtl, systemic risk of banks,
etc.) whenever empirical findings have been based on taditignce estimates stemming
from inaccurate static estimators. Second, results irt asising need to be handled with
care even if several competing estimators of tail deperelane used to construct new
factors that supposedly drive asset returns.

The rest of this paper is organized as follows. Sedtioh 5iektyureviews the most
popular estimators of the coefficient of lower tail depercdetinat have been proposed in

the literature. In Sectidn 5.3, we present the results oEomprehensive simulation study
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on the finite sample properties of the various estimatoraibdépendence. In Sectibn 5.4,
we illustrate the economic importance of our findings by pening an empirical study
on the significance of stock crash-sensitivity as a pricetbfan the cross-section of stock

returns. Sectioh 515 concludes.

5.2 Copulas and tail dependence

The lower tail dependence (LTD) estimators included in doruation study are
based on copulas. Thus, in this section we provide a briefveaxg of copulas and show
how they can be used to measure tail dependence. Furthdsdetd a complete intro-
duction to copulas can be found.in Nelsen (2006)/and/Joe §1997

Loosely speaking, a copula is a function that specifies theldetween a multivariate
distribution function and its one-dimensional marginatdbution functions. Formally, a
copula can be defined as a multivariate distribution fumctigth standard uniform mar-
gins. With X = (X3, X,) denoting a two-dimensional random vector with joint densit
f = (f1, f2) and distribution functiorF" = (F1, F3), the copulaC' of the distributionF’

Is given by
Cuy,uz) = F(Fy H(ur), Fy ' (ug)) (5.1)

whereF; ! is the generalized inverse 6f andu; € [0,1],7i = 1, 2.

The theoretical framework of copulas goes back to the worskdar (1959) who
shows that, under certain conditions, every copula is d ghgtribution function and vice
versa. More precisely, Sklar's (1959) Theorem states thdf, and F; are continuous,
C exists and is unique. Conversely(fis a copula, the theorem states ti#ats a joint

distribution function with marging;, i = 1,2

SNote that_Sklar's|(1959) Theorem is not restricted to din@mswo but holds for arbitrarily high
dimensions. A general presentation and a formal proof cdoled in[Schweizer and Sklar (1983).
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Using (5.1), the joint densityf, can be expressed as

JF(x1,m2) = e(Fi(z1), Fa(z2)) - fi(z1) f2(22) (5.2)

wherec denotes the density &'. Hence, the dependence structure can be separated from
the marginal structure implying the following importantpdipations ofi Sklar’s|(1959)
Theorem. On the one hand, we can characterize the comple¢adience structure in a
multivariate data set and, on the other hand, are able taggenaghly flexible multivari-

ate models.

In our simulation study, however, we shall use copulas takite and estimate coef-
ficients of (lower) tail dependence. Thus, in the followimgs discuss the concept of tail
dependence and the computation of tail dependence coefficie

Intuitively, the concept of tail dependence refers to the@anm of dependence in the
lower-left or upper-right quadrant of the joint distribori, F', and thus provides measures
for the dependence between extreme realization& ,0&ind X,. More precisely, the
coefficient of lower (upper) tail dependence is defined astimglitional probability that
X takes on a realization in the left (right) tail &% given thatX, has already realized a
value in the left (right) tail off5. In our simulation study, we are merely interested in the
coefficient of lower tail dependence so that we will exclulde toefficient of upper tail
dependence from the further discussion.

Formally, the LTD coefficientr”, is given by

h = hI%l Pr{X: < Fy ' (u)| Xo < Fy H(uw)] . (5.3)

ul

According to_McNeil et al.|(2005), we can expressin terms of the copula of the

joint distribution F' if the marginal distributiong’; and F; are continuous, and obtain the

6Note that the properties and formulas for the LTD coefficginén in this section can be easily trans-
ferred to the coefficient of upper tail dependence. See,Maleil et al. (2005).
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following simple formula

L iy E8) (5.4)
ul0 u

Hence, tail dependence can be viewed as a copula properte hee copulaC' is said
to have lower tail dependencef € (0,1]. In case ofr’ being equal to zeroC has
no lower tail dependence implying that, and X, are asymptotically independent in the

lower tail.

5.3 Simulation study

We now turn to a comparison of various copula-based LTD edbirs that are fre-
guently used in the financial economics literature. We cohdiwcomprehensive Monte-
Carlo simulation study to investigate the performance ofdsimators with respect to
different performance metrics as well as varying simulagovironments. We start with
a brief overview of the models under study. A formal desaripbf the models and details

on estimation procedures can be found in Sedfion D.1 in AgipeD.

5.3.1 Models under study

The LTD estimators included in our simulation study comptisree dynamic models
allowing for time-varying LTD coefficients and eight statimodels which assume that
LTD coefficients are constant over time. TablelD.2 in Appgridiprovides an overview
of the basic copulas underlying the dynamic and static LT Diefs

The dynamic models are based on theopula which has received much recent at-
tention in financial modeling and has been shown to be supterimther copulas such as,
e.g., the Gaussian copula (see Demarta and McNeil, 2004).méthod of dynamizing
thet copula, however, differs across the three models. As carde ffom Tablé D)2,
thet copula is parameterized by the degree of freedom parametand the correlation

parameterp, with the implied LTD coefficient being given in closed formhe first dy-
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namic model we consider is Patton’s (2006) model that patenzes time variation in
thet copula by assuming an ARMA(1,10)-type process for the catiggl parameter,,

to capture both persistence in correlation and any vanatiadependence. We refer to
this model as th@atton modehereafter. The second model dynamizesttihepula by
applying Engle’s[(2002) Dynamic Conditional Correlation (DG@)del to copula corre-
lations, which are correlations between the copula shaokdied by thet copula. This
model is denoted as tH2CC modelin our study. In the same manner, we also apply the
Dynamic Symmetric Copula (DSC) model as proposed by Chrigtsfeet al.[(2012) to
the copula correlations of thecopula and call this model tH2SC modein the following.

Hence, the dynamic LTD estimators can be expressed as

B v+ 11 —py
= (— ol ) (5.5)

with the correlation dynamics being given by

10
Py = A (w + ﬁpt,l + Oé% ; tl,l(ul,ti)tl,l(uui)) (Patton) (56)
pr = —\/%7 Qi=(1—-0—V)Q+vQi1+ ¢z 7', (DCC) (5.7)
pr= B = (1= G- D) [(1 - W)+ kD] + 00 + 65,5, (DSO)

\/ @11,t@22,t

(5.8)

wherew, 8, a, ¢, 1, ¢, 1, andx are scalar parameters(z) = (1 — e *)(1 4 e %)~
is a normalizing functiony, , andu,; denote the ranks of the residuals from univariate
GARCH processed) and D, are two-by-two correlation matrices containing constant
correlations and time trends, respectively, afdlenotes a vector of (modified) copula
shock

Turning to the static LTD estimators, we first include two tape copulas in our sim-

ulation study which are based on two different convex cotiams of the basic copulas

"Technical details can be found in SectionID.1 in Appendix Bte\that the DSC model incorporates
a time trend into copula correlations and that setting 0 in the DSC model yields the DCC model.
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shown in TabIeF_DT]H. In the spirit of Ruenzi and Weigert (2013), Rodriguez (2007y a
Hong et al.|(2007), we select the basic copulas such thaethdting mixture copula al-
lows for the maximum possible flexibility and is capable ofdating upper and lower
tail dependence as well as independence and asymmetry taithe Accordingly, the

first mixture is based on the Joe, Rotated-Joe, and the F-GpMl@and is given by
Cmix,l = w1 Ci0e+ W2 C'ryoe + wW3Cram (59)

wherew; € [0, 1] for ¢ = 1,2, 3 with Z;; w; = 1. Following the same line of reasoning,
the second mixture is composed of theopula as well as the Clayton and Frank copula,

and can be expressed as
CmiX,Q = wlct + U)QCC| + w3C|:r. (510)

The corresponding constant LTD coefficients can then be ctedms

WM) Lod
VItp

Trix,1 = W2 <2 - 2%) and 7Ty = 2wty (—

(5.11)

Following existing empirical studies in the finance litena, both mixture models are es-
timated in two different ways, respectively. On the one hamel estimate the mixtures
via maximum likelihood (ML) where the likelihood is maxingd with respect to both
copula parameters and the weights (see, e.g., Ruenzi e0aB, Ruenzi and Weigert,
2013). The respective models are denoted/lasly,, andMix2y,. . On the other hand,
we estimate the mixtures via the Expectation-MaximizatieM) algorithm as proposed
by Dempster et al| (1977) and call the respective molliexd gy andMix2gy (Okimoto,
2008; Chollete et al., 2009). Note, however, that estimatingure copulas by maximiz-
ing the log likelihood with respect to the copula paramedsid the weights is statistically

incorrect so that the parameter estimates may be biasedesTingation of mixtures con-

8Tawn (1988) shows that any convex combination of a giventéjréet of copulas is again a copula.
See Sectionh DI1 in Appendix D for details.
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stitutes an incomplete-data problem which needs to be atahia the EM algorithm.
Being aware of this fact, in our simulation study we shall stigate how this potential
bias translates into the calculation of LTD coefficients.

Further, we include a static LTD estimator that is based aygane-switching copula
model and referred to as tfRS model More precisely, we follow Okimoto (2008) and
Garcia and Tsafack (2011) and identify two regimes wheresgsemme the first regime to
be Gaussian and the second regime to be specified by the Claypoia. Formally, the

LTD estimator is based on a mixture of the regime copulas lnsl given by

Crs = 5,Cca + (1 — St)Cc| (512)

whereCga andC¢ denote the Gaussian and the Clayton copula, respectivelycam
be found in Tabl€ DJ2 in Appendix D. The variablgis a latent state variable taking the
values 1 (Gaussian regime) and 2 (Clayton regime) and followkarkov chain with a

constant transitional probability matrix

p 1=p
P = B ! , pii = Pilsy = ils,y =] fori=1,2. (5.13)

1 — pa P22
Since the Gaussian copula is asymptotically independeheitails, the LTD coefficients
generated by this model are based on the LTD coefficient oftagton copula which is
given in closed form and is listed in Taljle D.2.

Moreover, we include two simple static LTD estimators thatlaased on the Clayton
copula. The difference between the two estimators liesemtiethod used for modeling
the margins. While the first estimator is based on a nonparanagiproach and uses the
empirical distribution function, the second estimatorleikp results from Extreme Value
Theory (EVT) and models the margins semi-parametricallgssuming the Generalized
Pareto Distribution (GPD) for the distribution of excesaes the empirical distribution
for the remaining portion. The two estimators are callddandCLgy T, respectively, and

are discussed in more detail in Section|D.1 in Appendix D.
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Finally, we follow.Schmidt and Stadtmueller (2006) and udg a nonparametric LTD
estimator in our simulation study, denotedNaparam/Schmidt and Stadtmueller (2006)
build on the concept of empirical tail copulas and introdtaitedependence estimators
that are based on the empirical copula. Formally, with and X, denoting twon-
dimensional random vectors and wildy,,; = (17, ,);_1,..» and Ry, 2 = (R}, ,);-1,..n

denoting the rank of; and X5, respectively, they propose the following empirical LTD

estimator

L _
T =

| =

Z 1{an,1<k: and R}, ,<k} (5.14)
j=1

where the parametérneeds to be specified adequa&ly.
The LTD estimators included in our simulation study are samped in Tablé DJ3 in
Appendix D along with the expressions for the correspondifig coefficients and the

correlation dynamics for the time-varying estimators.

5.3.2 Simulation design

We now present the setup of our simulation study. To invatighe performance
of the LTD estimators introduced in the previous section,onganize each simulation
trial into two steps, a simulation step and an estimatiop.she the first step, we simu-
late copula data and LTD coefficients from a specified dateegging process (DGP) and
generate artificial price return data on the basis of thelsited copula data. In the second
step, we then apply the LTD estimators to the artificial retiata and evaluate the per-
formance by comparing the estimated LTD coefficients tothe LTD coefficients from
the simulation step in terms of an appropriate performanegio We repeat these steps
a large number of times and evaluate the performance in eachagion trial, resulting
in a vector of values for the corresponding performancein‘@rln the following, we

discuss the two steps in more detail.

SFurther details can be found in SectlonD.1 in Appendix D.

ONote that in our baseline simulation approach we simulat da points from the DGP, use the
mean squared error to evaluate performance, and repeatrthiton and estimation step for a total of
1000 trials. Further details are provided in Seclion 5.3.3.
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The simulation step comprises two tasks, simulating LTDffewents and generating
artificial price return data to embed the simulation into avimmnment that is comparable
to real-data applications. To simulate LTD coefficientsathwvill be assumed to describe
the true LTD inherent to the data, we identify the three dyigddiD estimators as the
DGPs throughout the simulation stLBL/To simulate from the dynamic models, we first
need to specify the parameters driving the correlation ayesin equationg (516) t6 (3.8).
The parameter choices as well as the resulting expressionkd correlation dynamics
are given in Table DI]4 in Appendix D. For increased compdéitabvith real-data applica-
tions, parameter choices are based on the empirical stndggle (2002), Patton (2006),
and Christoffersen et al. (2012). Having determined therpaters, we are now able to
conduct the simulation of true LTD coefficients. Using théation introduced in the pre-
vious section, the simulation involves the following le)sFirst, as a starting point we
randomly drawu () = (u1,0,u20)" from a bivariate standard uniform distributiddy ;.
Then, we calculate, and 7 using«(®) and, finally, simulatex") from thet copula,
Ct%,pl' implied by a bivariate distribution with correlation parameteg. We repeat the
latter steps fot = 2, ..., 7" and generate true LTD coefficients/)~_,, as well as copula
data,(u™®)I_,. Estimation of LTD coefficients in the second step is basetherseries
(uM)I_,. Since copula data are not directly observable, we tramstbe seriegu ),
into artificial price return data before moving on to themstiion step. As is standard in
the econometrics literature, we assume that the returne dmom a GARCH(1,1) pro-
cess with zero mean anetlistributed innovations. Witk®) = (r;,,r,,)" denoting the

(artificial) return corresponding t@®), we thus define

Tix = hi,tzi,tu Zit

]:i,t—l ~ tui (515)

hig = ¢+ airf, g + bihig (5.16)

whereF; ; denotes the information available on thie series up to and including thth

Note that, due to the time-varying nature of LTD, simulatfrgm the dynamic LTD estimators will
provide simulated LTD coefficients that are comparable ¢oLffiD coefficients implied by real data.

2Technical details on the simulation from the Patton, DC@ BSC model can be found in Section
in Appendix D.
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observation; = 1,2 andt = 1,...,7. With 6; = (v;,¢;,a;,b;)" being the parameter
vector of the GARCH processes, we follow the empirical apgbee inlEngle [(2002),
Kang et al. [(2010), Christoffersen et al. (2012) andéset= (0.0005,0.1,0.85,5)" and

6, = (0.0001,0.05,0.9,10)" to generate artificial returns in line with the stylized fact
on real price return series. To simulate return data fromctypmula data, we set;, =

ro0 = 0 andoyy = 029 = 0 as starting points and compute return innovations via
Zig = U, (i)

Having simulated return data®)”_, with (true) LTD coefficientg7/)’_,, the second
step of our simulation study deals with computing estimafed coefficients,(71)ZL_,,
according to the models discussed in the previous sectiamce Sur LTD estimators
are based on copulas and copula theory requires white-nessguals for the compu-
tation of unbiased LTD coefficient estimates, we first apply GARCH(1,1) filter to
transform the marginal return serigs, ;). ,, into white-noise seriesi;,);_;, where
@ = (4,4, 15,)T. Then, we apply our LTD estimators summarized in Tablg D.3 to
(@)T_, to obtain the serieg/)7_, of estimated LTD coeﬁicien@ To evaluate the per-
formance of the LTD estimators, we apply an appropriateqoaréance metricll, to the
true and the estimated LTD coefficients. Thus, with= (1)L, and# = (71)L,, the
performance of the corresponding LTD estimator is giverilby I1 (7, 7).

Altogether, our simulation study is organized into thedwaling steps:
1. Simulation step

1.1. Drawu(® = (uy0,u20)" ~ U]

1.2. Calculatey, andr! usingu©.

1.3. Simulatex® from Cep, -

1.4. Repeat steps 1.2. and 1.3.fet 2, ..., T and obtain(7*)”_, and(u®)Z_,.
1.5. Calculate;; = t, ' (u;), 1 = 1,2.

1.6. Comput@m = hi,tzi,t: Whel’ehi,t = C; +(Zl"f’z~27t_1 +bihi,t—1 and’l“i7() = h@() =

0.

Bpetails on estimation and statistical inference can bedanrSection D.1L in Appendix D.
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2. Estimation step

2.1. Apply the GARCH(1,1) filter tdr; ;)Z_, and obtain(a; ;)" ,,i = 1,2.
2.2. Apply LTD estimators t¢a”))”_, and obtain(#*)”_, .

2.3. Apply the performance metric to”), and(7%)Z_, and obtaifl = II (7, 7).

These two steps are repeated for a totdVafimulation trials resulting in the performance
vectorIT = (I1,)Y_,, wherell,, = TI(7,,7,) with 7, and 7+, denoting the true and

estimated LTD coefficients drawn from théh simulation trial.

5.3.3 Simulation results

We now turn to the results of our simulation study. We firstadtice our baseline
approach and discuss the corresponding results. In theniold), we then extend our
baseline approach with respect to the sample size and pefme metric and check the
robustness of the conclusions drawn from the baseline approFinally, we conduct
a ranking approach to identify the best performing LTD eatwn across all simulation

settings (i.e., across all sample sizes and performanagcs)et

5.3.3.1 Does the choice of estimator matter? The baseline appach.

The baseline approach is based on the following simulagttimg. Given the notation

introduced in the previous section, we set
T
T =500, N =1000, and II =II(7 Z T — 1) (5.17)

That is, performance is measured in terms of the mean sqeared(MSE). Thus,
we simulate 500 LTD coefficients from the Patton, the DCC, aedX8C model, respec-
tively, and then apply the LTD models presented in Sedti@lso the resulting series
of artificial returns to generate estimated LTD coefficieriter each of the three DGPs,

these steps are repeated for a total of 1000 trials.



Table 5.1: Descriptive statistics of true and estimatecelowil dependence.

The table presents descriptive statistics of true and astidnlower tail dependence (LTD) coefficients. True LTD &oits are simulated from the Patton, DCC, and DSC
model and the corresponding results are shown separatebabh of these data-generating processes (DGP) throutiteopainels of the table. To compute estimated LTD
coefficients, we first generate artificial return data on th&idof the true LTD coefficients and then apply the diffetdrd estimators to the artificial returns. The descriptive
statistics listed in the table arise from the baseline sitiuh approach, which is based on a sample siZE ef 500 and a number of simulation trials equal 0 = 1000,

i.e., we estimate LTD coefficients on the basis of 500 sinedlatturns and repeat the simulation and estimation step fotal of 1000 trials. Except for the number of

observations, skewness, and (excess) kurtosis, all s@triedenominated in %. In case of the DGP and the LTD estirbatog identical, corresponding statistics are printed
in bold type. The names of the LTD estimators are abbreviatedrding to the notation introduced in Secfion 3.3.1.

Panel A: DGP Patton . Percent_iles Moments
Number Min 1st 5th 25th  Median 75th 95th 99th Max Mean St. De8kewness Exc. Kurt.
Patton True LTD | 499,000 0.00 255 527 9.46 13.73 20.02 33.98 4759 93.659015. 9.30 1.57 6.87
Est. LTD | 499,000 0.00 0.01 0.46 7.41 15.36 24.21 38.80 51.65 85.188416. 12.03 0.80 3.68
DCC True LTD | 499,000 0.00 255 531 947 13.66 19.86 33.83 4751 93.198315. 9.23 1.58 6.93
Est. LTD | 499,000 0.00 0.01 043 8.24 16.13 24.14 36.50 46.70 76.528816. 11.15 0.54 3.05
DSC True LTD | 499,000 0.00 255 532 948 13.77 20.06 33.95 48.03 97.479415. 9.33 1.60 7.12
Est. LTD | 499,000 0.00 0.32 473 15.71 23.27 30.41 41.32 51.16 78.822223 10.99 0.20 3.11
Mixy True LTD | 499,000 0.00 255 528 944 13.66 19.80 33.45 47.38 96.677615. 9.15 1.60 7.17
Est. LTD 1,000 15.00 21.66 27.74 31.49 33.11 34.29 38.25 42.09 52.7.923 3.49 -0.32 8.33
MixLey True LTD | 499,000 0.00 255 531 949 13.79 20.06 33.92 47.86 94.269315. 9.29 1.59 7.02
Est. LTD 1,000 13.46 17.82 20.96 24.34 27.06 29.62 33.48 37.77 41.0r072 3.95 0.12 3.37
Mix2y. True LTD | 499,000 0.00 255 530 9.49 13.71 20.01 33.77 47.19 96.608815. 9.22 1.56 6.90
Est. LTD 1,000 0.01 0.08 590 14.12 20.61 29.39 40.14 42.31 54.20 921.810.45 0.24 2.32
Mix2en True LTD | 499,000 0.00 255 527 946 13.74 19.99 33.90 48.09 88.428915. 9.30 1.58 6.89
Est. LTD 1,000 0.04 068 356 12.39 19.86 26.37 34.63 39.34 43.67 719.4 9.46 0.00 2.29
RS True LTD | 499,000 0.00 255 527 945 13.63 19.85 33.84 47.74 96.868115. 9.27 1.61 7.14
Est. LTD 1,000 0.00 0.00 0.00 3.45 20.10 44.46 71.63 87.26 95.78 25.323.64 0.76 2.67
CL True LTD | 500,000 0.00 255 527 943 13.68 19.86 33.59 47.23 96.167915. 9.18 1.58 7.07
Est. LTD 1,000 25.23 34.15 39.77 47.41 51.37 55.05 59.98 62.06 65.82985 5.94 -0.49 3.57
Clevr True LTD | 500,000 0.00 255 530 951 13.77 20.01 33.83 47.49 98.609015. 9.25 1.59 7.12
Est. LTD 1,000 1482 23.70 29.53 36.06 40.23 44.15 4951 52.15 55.42963 6.21 -0.39 3.23
Nonparam True LTD | 500,000 0.00 255 527 947 13.74 20.06 33.94 47.44 96.648915. 9.25 1.55 6.79
Est. LTD 1,000 0.00 1250 20.00 46.02 57.00 64.36 72.80 76.92 84.450753 15.73 -0.95 3.35
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Table 5.1: Descriptive statistics of true and estimateceloail dependence (continued).

Percentiles Moments
Panel B: DGP DCC Number Min 1st 5th  25th Median 75th  95th  99th Max Mean St. De@kewness Exc. Kurt.
Patton True LTD | 499,000 0.00 11.64 22.78 37.48 4527 51.82 60.21 66.60 844097 11.37 -0.59 3.57
Est. LTD | 499,000 0.00 11.82 23.87 36.98 4392 50.30 59.55 67.95 894018 10.96 -0.44 3.94
DCC True LTD | 499,000 0.01 11.85 22.94 37.48 45,17 51.75 60.19 66.24 874295 11.29 -0.60 3.57
Est. LTD | 499,000 0.00 6.26 17.95 32.95 41.87 49.79 60.17 6751 88.594884 12.80 -0.39 3.15
DSC True LTD | 499,000 0.10 11.51 23.18 37.66 4534 51.87 60.43 66.89 854112 11.34 -0.59 3.62
Est. LTD | 499,000 0.02 6.31 17.96 34.40 4382 51.68 61.41 68.33 92.4R344 13.16 -0.50 3.16
MixLy, True LTD | 499,000 0.00 11.81 23.34 37.61 4523 51.66 60.27 66.94 894003 11.25 -0.57 3.65
Est. LTD 1,000 6.31 22.09 30.14 33.08 34.37 36.39 46.04 54.77 69.725435 5.61 1.34 10.93
MixLey, True LTD | 499,000 0.00 12.70 23.39 37.48 4521 51.69 60.22 66.46 874401 11.18 -0.55 3.49
Est. LTD 1,000 21.81 2396 27.85 32.34 35.60 38.92 44.18 47.58 51.M763 4,95 0.10 2.89
Mix2y. True LTD | 499,000 0.01 12.22 23.27 37.61 4525 51.73 60.23 66.57 944204 11.25 -0.57 3.63
Est. LTD 1,000 0.06 11.75 20.80 32.24 39.47 47.18 58.07 62.43 66.103639 11.08 -0.21 3.07
Mix2en True LTD | 499,000 0.01 12.25 23.45 37.59 4527 51.68 60.12 66.32 934803 11.19 -0.58 3.62
Est. LTD 1,000 154 584 1536 25.84 33.16 41.62 48.26 50.96 53.930233. 10.23 -0.33 2.58
RS True LTD | 499,000 0.00 12.13 23.10 37.37 4508 5154 59.96 66.19 874885 11.21 -0.58 3.56
Est. LTD 1,000 0.00 0.00 0.00 15.22 3281 46.35 61.00 78.69 94.01 831.219.80 0.10 2.40
cL True LTD | 500,000 0.06 12.18 23.02 37.43 4525 51.77 60.23 66.47 8743898 11.29 -0.57 3.52
Est. LTD 1,000 36.29 49.19 58.28 64.67 68.68 72.05 76.05 78.00 80.3%006 5.84 -1.05 5.64
Clevr True LTD | 500,000 0.03 11.89 23.06 37.45 4524 51.80 60.35 66.56 884399 11.33 -0.57 3.51
Est. LTD 1,000 2554 41.32 4759 54.29 59.00 62.77 67.71 69.92 73.26325 6.31 -0.62 3.86
Nonparam True LTD | 500,000 0.00 12.44 23.57 37.60 4515 51.64 60.17 66.44 888701 11.15 -0.56 3.58
Est. LTD 1,000 12,50 2857 45.45 60.52 66.00 71.16 77.13 82.71 91.0¥606 10.08 -1.36 6.25
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Table 5.1: Descriptive statistics of true and estimateceloail dependence (continued).

Percentiles Moments
Panel C: DGP DSC Number Min 1st 5th  25th Median 75th  95th 99th Max Mean St. De8kewness Exc. Kurt.
Patton True LTD | 499,000 0.00 5.51 13.54 30.67 4390 53.48 62.88 68.66 85.4R554 15.28 -0.43 2.45
Est. LTD | 499,000 0.00 6.35 18.18 33.79 42.04 4952 60.27 69.16 90.5r154 12.62 -0.37 3.45
DCC True LTD | 499,000 0.00 5.48 13.42 30.68 43.63 53.18 62.92 68.86 85.5R404 15.25 -0.42 2.47
Est. LTD | 499,000 0.00 4.93 13.09 29.35 40.25 50.17 62.93 70.57 89.84463 14.92 -0.18 2.61
DSC True LTD | 499,000 0.10 5.91 13.87 30.89 4393 5345 63.04 68.85 88.62654 15.21 -0.42 2.45
Est. LTD | 499,000 0.00 3.03 9.32 28.06 4150 51.89 63.62 70.86 89.345239 16.42 -0.32 2.42
MixLy, True LTD | 499,000 0.00 5.64 13.74 30.69 43.81 53.35 63.09 69.20 93.08554 15.27 -0.41 2.47
Est. LTD 1,000 7.62 21.16 28.07 32.46 34.14 37.02 4453 50.86 62.678434 5.16 0.29 7.22
MixLey, True LTD | 499,000 0.00 5.36 13.59 30.83 44.03 5354 63.22 68.93 90.18684 15.33 -0.43 2.47
Est. LTD 1,000 21.01 2395 26.51 31.03 33.87 37.33 42.44 4598 49.38183 4.81 0.22 2.89
Mix2y. True LTD | 499,000 0.01 5.57 13.39 30.75 4379 53.34 62.92 68.78 91.1R484 15.30 -0.42 2.46
Est. LTD 1,000 0.30 8.31 19.58 30.78 38.46 47.05 56.54 61.58 72.245038. 11.47 -0.23 3.00
Mix2en True LTD | 499,000 0.01 5.34 13.35 30.81 43.89 5331 62.91 68.99 9531524 15.31 -0.43 2.49
Est. LTD 1,000 1.38 529 1411 2433 31.25 39.48 47.08 50.96 53.702731. 10.25 -0.24 2.63
RS True LTD | 499,000 0.02 5.15 13.27 30.64 4399 5360 63.22 69.13 92.44594 15.45 -0.43 2.46
Est. LTD 1,000 0.00 0.00 0.00 11.91 29.15 42.34 57.83 70.51 90.49 628.018.76 0.14 2.29
cL True LTD | 500,000 0.02 5.31 13.44 30.79 4381 53.31 62.92 68.89 87.a04494 15.28 -0.43 2.48
Est. LTD 1,000 32.86 46.17 5450 61.17 65.62 69.24 7352 76.25 81.14896 6.16 -0.79 4.37
Clevr True LTD | 500,000 0.03 5.98 14.01 31.00 44,12 53.71 63.30 69.08 88.26834 15.27 -0.42 2.44
Est. LTD 1,000 1759 36.47 42.15 50.72 55.77 60.08 66.15 69.42 74.8%195 7.21 -0.55 3.86
Nonparam True LTD | 500,000 0.05 5.67 13.52 30.60 43.84 5344 62.98 68.86 87.94524 15.31 -0.42 2.44
Est. LTD 1,000 0.00 23.05 36.35 57.14 64.00 69.00 75.34 81.82 89.754661 11.86 -1.47 6.14
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The panels of Table 5.1 report descriptive statistics af amd estimated LTD coeffi-
cients separately for each Dg% can be seen from Panel A of the table, specifying the
Patton model as the DGP according to the parameterizatitahile. D.4 leads to true LTD
coefficients ranging from 0% to 98.60%, where the means asedtb 16%.] Comparing
the means of the true and estimated LTD coefficients providg®vidence on the perfor-
mance of the different estimators. Regarding the dynamimeasirs, the Patton and DCC
model show an exceptionally good performance, with the meanhe estimated LTDs
deviating by approximately 1% from the means of the true LirDabsolute ter Not
surprisingly, the Patton model, when determined to be th® D&the best performing
LTD estimator. The DSC model, however, shows a somewhateymesformance, with
the mean true and estimated LTD differing by more than 7% lgolute terms). Turn-
ing to the static estimators, the performance deterio@tesiderably for most estimators,
with the differences in the means increasing dramaticallg\tels ranging between 3.58%
to more than 37% in absolute terms. Interestingly, the Mixand MixZzy model out-
perform the DSC model as well as all other static estimaio$uding the Mix3,. and
Mix1gm model) in terms of the differences between the means. Rusthih respect to
the CL and the Ckyr model, the table shows that modeling the excess distribsitibthe
marginals by the GPD substantially improves the estimatdsiacreases the differences
in the means from 35% to 24%. The worst performing estimattine Nonparam model,
with the difference being more than 37% in absolute termsesé&hesults are supported
by the percentiles and the higher moments captured in PanélfAble[5.1, which show
the superior ability of the dynamic estimators to reprodineedistributional properties
of the true LTD coefficients. Panels B and C show correspa@nrBsults for the cases in

which the DCC and the DSC model are specified as the DGP. As caadrefrom the

panels, in these cases the true LTDs are 44% and 42% on ayerggectively, indicating

14Note that the estimation of most LTD models included in oudgtrequires removing pseudo ob-
servations equal to 1. To preserve comparability of true estimated LTD coefficients, we remove the
corresponding value from the series of true LTD coefficieastsvell, resulting int99 x 1000 = 499, 000
true and estimated LTD coefficients for the majority of LTD dets.

5True LTD coefficients are simulated independently and sephy for each LTD estimator in each
simulation trial.

18|n the following, we will use the terms LTD coefficient and LTilterchangeably.
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that the parameterization of these models leads to remigrkagher LTDs than that of
the Patton model. The main conclusions, however, remaisahee.

To further study the performance of the different estimgtae compute and compare
the MSEs across all estimators for each of the three DGPsegmitrthe corresponding
results in Tablé 5]2. This table presents descriptivessiedi of the MSEs and splits up
the MSEs into mean squared positive deviations (denoted2E"Mand mean squared
negative deviations (denoted as MSEo assess whether MSEs result from underestima-
tion or overestimation of true LTD coefficients. As can bersrem the table, the MSE
results confirm the first evidence and support the above gsiatis. Irrespective of the
choice of DGP, the dynamic LTD estimators consistently etfym the static estimators
in terms of MSE. Interestingly, when determined to be the DIG® Patton model has
the lowest average MSE (0.0099) and is the best performiriédtimator, whereas the
DSC model has a considerably worse (average) MSE of 0.01&2sahe most inaccu-
rate dynamic LTD estimator. In case of the DCC and the DSC meiely the DGP, the
DSC model clearly outperforms the Patton and the DCC modéh the average MSE
being around 0.0080 in both cases. Turning to the static L$nators, the mixture
copula models dominate the remaining LTD models irrespecif the DGP. When we
specify the Patton model as the DGP, the results are as expeatie to their greater
flexibility, the Mix2y,. and Mix2Z=\, model outperform the Mix} and Mixlgy model as
indicated by the consistently lower average MSEs. More@stimating the mixtures via
the EM algorithm yields considerably better results than édtimation for both mixture
models. Somewhat surprisingly, these results do not hofdhare for the Mix2,. and
Mix2gyn model when specifying either the DCC or the DSC model as the.[AGRan
be seen from the table, in these cases the correspondinggavBtSEs of the Mixg,
and MixZzy model are greater than those of the MpxJand Mix1gy model and increase
from 0.0236 to 0.0319 and from 0.0336 to 0.0411 when chanfyorg ML to the EM

algorithm, respectively.



Table 5.2: Performance of lower tail dependence estimators

The table shows descriptive statistics on mean squaredsgiMSE) for the lower tail dependence (LTD) estimatorsudeld in our simulation study. MSE is computed
according to MSE= TI(t,#) = T-' Y, (, — #)% wherer = (7)., and# = (#)7_, denote the series of true and estimated LTD coefficientpertively. The
statistics in the table result from the baseline approadticiwis determined by setting the sample siZzeto 500 and the number of simulation trial§, to 1000. MSE is
computed in each simulation trial, resulting in a total oDQMSESs for each combination of data-generating procesP|Ce®dd LTD estimator. In addition to the mean,
median, minimum, and maximum MSE, the table reports siegistn mean squared positive and negative deviations (eeérast MSE and MSE", respectively), where
MSE" = 71 Zthl [max{0; 7, — 7}]> and MSE™ = T Zthl [min{0; 7, — 7 }]*. The first column of the statistics on MSEand MSE" reports the corresponding average
across the simulation trials, the second column shows teeage of the ratios MSE/MSE and MSE /MSE, and the third column reports the average of the number
T-1 Zthl 1¢r,~7,; andT ! Zthl 14, <#, (with 1 denoting the indicator function), respectively. In case¢hef DGP and the LTD estimator being identical, correspandin
statistics are printed in bold type. The names of the LTDnesstibrs are abbreviated according to the notation intradiic&ectio 5.3]1.

Panel A: DGP Pattor MSE MSE . MSE- .
’ Mean Median  Min Max Mean % of MSE # Underest. (in %) Mean % of MSE Overest. (in %)
Patton 0.0099 0.0069 0.0004 0.0560 0.0048 51.69 55.69 0.0051 48.15 44.31
DCC 0.0115 0.0077 0.0012 0.0548 0.0054 49.57 55.51 0.0061 50.28 44.49
DSC 0.0152 0.0121 0.0016 0.0634 0.0020 22.77 78.86 0.0132 77.07 21.14
Mix1mp 0.0388 0.0384 0.0059 0.1379 0.0008 2.66 94.14 0.0379 97.18 .86 5
Mix1em 0.0220 0.0208 0.0050 0.0633 0.0016 9.04 88.16 0.0203 90.80 1841
MixX2p. 0.0220 0.0139 0.0034 0.1336 0.0049 41.20 68.37 0.0171 58.63 31.63
Mix2gm 0.0179 0.0138 0.0034 0.0772 0.0061 45.86 62.60 0.0118 53.98 37.40
RS 0.0739 0.0299 0.0040 0.6382 0.0114 48.11 56.02 0.0624 51.73 43.98
CL 0.1343 0.1344 0.0219 0.2328 0.0001 0.06 99.36 0.1342 99.94 .64 0
Clevr 0.0687 0.0677 0.0077 0.1416 0.0004 0.77 97.34 0.0684 99.23 .66 2
Nonparam 0.1705 0.1746 0.0046 0.4606 0.0005 4.18 96.15 0.1700 95.82 .85 3
Panel B: DGP DCC
Patton 0.0117 0.0095 0.0033 0.1564 0.0066 49.48 46.49 0.0052 50.40 53.51
DCC 0.0095 0.0049 0.0007 0.2038 0.0075 59.22 38.50 0.0020 40.65 61.50
DSC 0.0081 0.0056 0.0007 0.1433 0.0060 60.02 45.85 0.0021 39.86 54.15
Mix1mp 0.0223 0.0214 0.0052 0.1515 0.0191 82.89 21.97 0.0032 16.99 78.03
Mix1em 0.0199 0.0184 0.0032 0.0647 0.0174 84.57 21.77 0.0025 15.30 78.23
Mix2m. 0.0236 0.0186 0.0052 0.2036 0.0169 62.59 35.97 0.0067 37.29 64.03
Mix2gm 0.0319 0.0240 0.0043 0.1578 0.0291 80.99 21.02 0.0028 18.88 78.98
RS 0.0609 0.0309 0.0044 0.2471 0.0533 70.47 29.03 0.0075 29.41 70.97
CL 0.0698 0.0705 0.0141 0.1097 0.0000 0.07 98.96 0.0698 99.93 .04 1
Clevr 0.0334 0.0330 0.0090 0.0673 0.0004 1.66 90.88 0.0330 98.34 A2 9
Nonparam 0.0629 0.0605 0.0064 0.2654 0.0011 4.48 92.86 0.0618 95.52 A4 7
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Table 5.2: Performance of lower tail dependence estimétorginued).

MSE MSE* MSE~
Panel C: DGP DSG Mean Median Min Max Mean % of MSE # Underest. (in %) Mean % of MSE Overest. (in %)

Patton 0.0157 0.0140 0.0069 0.0633 0.0078 48.61 46.69 0.0079 51.25 53.31
DCC 0.0106 0.0073 0.0018 0.1587 0.0067 48.22 41.62 0.0040 51.65 58.38
DSC 0.0080 0.0049 0.0008 0.1586 0.0059 60.42 42.05 0.0021 39.45 57.95
Mix1 L 0.0300 0.0287 0.0079 0.1235 0.0226 73.25 32.18 0.0074 26.62 67.82
Mix1em 0.0296 0.0289 0.0098 0.0789 0.0233 76.95 30.38 0.0062 22.92 69.62
Mix2 . 0.0336 0.0296 0.0075 0.1707 0.0200 54.79 41.46 0.0135 45.08 58.54
Mix2gem 0.0411 0.0354 0.0065 0.1765 0.0349 76.68 27.76 0.0062 23.19 72.24
RS 0.0719 0.0431 0.0074 0.3680 0.0618 72.56 28.20 0.0099 27.31 71.80

CL 0.0780 0.0791 0.0178 0.1119 0.0002 0.31 95.99 0.0778 99.69 .01 4

Clevr 0.0417 0.0413 0.0109 0.0734 0.0015 451 79.53 0.0402 95.49 0.472

Nonparam 0.0744 0.0718 0.0105 0.2619 0.0026 7.18 87.32 0.0718 92.82 2.681

AdNLS NOILYINWIS "€°'S

8.1



5.3. SIMULATION STUDY 179

Furthermore, the most inaccurate LTD estimates are gestegtthe CL and the Non-
param model, with the average MSEs ranging from 0.0698 t84@ And from 0.0629 to
0.1705 across the DGPs, respectively. Remarkably, withdkteimodel being the DGP,
the average MSEs for the two estimators are substantiaflgtgr than those resulting
from choosing the DCC or the DSC model as the DGP (e.g., thagedviSEs for the CL
and Nonparam model decrease from 0.1343 to 0.0698 and frbnd®to 0.0629 when
switching from the Patton model to the DCC model, respedtjvarFurther, confirming
the evidence from Table 5.1, the &k model has a much lower average MSE than the
CL model across all DGPs, indicating that the EVT approactppfiang the GPD to the
marginal distributions prior to estimating the copula madsults in a material improve-
ment in the accuracy of LTD estimates. More precisely, asveho Table[5.2, MSEs
of the Clgyt model are roughly half the MSEs of the CL model on averagespeetive
of the DGP. With respect to under- and overestimation, T&lHeshows that there is no
specific pattern in the statistics of MSEand MSE" for most of the LTD estimators. In
case of the Patton model, however, approximately 50% of MSHIts, on average, from
under- or overestimation of true LTD coefficients acros£&Ps. Interestingly, in case
of the CL, Clgyt, and the Nonparam model, the percentages of MSE that ongerera
result from underestimation are consistently low acrob®@Ps, ranging from 0.06%
(CL, DGP Patton) to 7.18% (Nonparam, DGP DSC) and indicatirag tihhese models
systematically overestimate LTD.

The results discussed above are illustrated and suppoytedybre[D.1 in Appendix
D. The figure plots MSEs separately for each of the three DGRgH as for each of the
LTD estimators studied in our simulation approach. As casdsn from the plots, MSEs
remain relatively flat for the dynamic models with sporadeaks across the simulation
replications for some of the DGP specifications. The MSE#ferstatic LTD estimators,
on the other hand, are for the most part characterized byidemable fluctuations and a
generally higher level than that of the dynamic estimatMSEs. Supporting the evi-
dence from Tablg 512, the mixture copula models show thegerfbrmance among the

static estimators, whereas the MSEs of the remaining statdidels exhibit an increased
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variability and magnitude.

5.3.3.2 How important is sample size? Extending the baselirspproach.

When estimating copula models, sample size is a criticakiss$n this section, we
extend our baseline approach and examine the performartbe &ffD estimators with
respect to varying sample sizes. More precisely, we inctuadeadditional simulation
specifications that arise from the baseline approach byiredgt¢he number of simulated
(true) LTD coefficientsy’, from 500 to 250 and to 1,000, respectively.

The results of the extended simulation approach are raportéable[5.8 and illus-
trated in Figuré 5]1. As can be seen from the figure, the geoenalusions drawn in the
previous section remain valid when varying the sample siegthe dynamic models are
the best performing LTD estimators and the mixture copuldeisclearly dominate the
remaining static models across all three sample sizeshémthe figure shows that the
performance of the dynamic LTD estimators substantiallgriomes with increasing sam-
ple size, irrespective of the specified DGP. This effect ”i@alarly pronounced when
the DCC model is specified as the DGP. In this case, when inoge#se sample size,
T, from 250 to 1,000, the average MSE for the Patton, the DCC, lamd&C model
decreases considerably from 0.0224 to 0.0083, from 0.02240041, and from 0.0146
to 0.0047, respectively. Put differently, reducing sangige from 1,000 to 250 (that is,
by a factor of 4.00) increases the average MSE by a factorodf fdr the Patton model,
a factor of 5.46 for the DCC model, and a factor of 3.11 for theCD8odel, leading to
a remarkable deterioration in performance. Hence, we fiedravidence of consistency
for the dynamic LTD estimators studied in our simulation r@agh so that the dynamic
models provide statistically consistent estimates of Lbefficients.

However, the pattern is not as pronounced for the statimastirs. In fact, for most
of the static models, increasing the sample size does nassagdly result in a better

performance, i.e., decreasing MSEs.



Table 5.3: Mean squared errors of lower tail dependencenasiis for different sample sizes.

The table reports descriptive statistics on mean squarets§MSE) of the lower tail dependence (LTD) estimatorsdiffierent sample sizes. MSE is computed according to
MSE = II(7, %) = T~ 3\, (7 — 7)?, wherer = (,)’_, and# = (#,)7_, denote the series of true and estimated LTD coefficientpergively. The statistics listed in the
table comprise the mean, median, minimum, and maximum M$Eaanbased on three different simulation specificationadtiition to the baseline specification, which is
determined by setting the sample sizeto 500 and the number of simulation trialg, to 1000, the table reports results on MSE for alternatieesigations based on sample
sizes of" = 250 andT' = 1000. The results for the different specifications are reporegzhsately for each of the three data-generating proceBs¢®j, DCC, and DSC
model) throughout the panels of the table. In case of theglet@rating process (DGP) and the LTD estimator beingiickntorresponding statistics are printed in bold type.

The names of the LTD estimators are abbreviated accorditigetnotation introduced in Sectibn 5.8.1.

T = 250 T = 500 T = 1000
Panel A: DGP Pattor Mean Median Min Max Mean Median Min Max Mean Median Min Max
Patton 0.0162 0.0115 0.0004 0.1169 0.0099 0.0069 0.0004 0.0560 058.0 0.0034 0.0003 0.0402
DCC 0.0167 0.0121 0.0012 0.0916 0.0115 0.0077 0.0012 0.0548 078.0 0.0058 0.0015 0.0435
DSC 0.0221 0.0198 0.0012 0.0948 0.0152 0.0121 0.0016 0.0634 10D.0 0.0078 0.0015 0.0536
Mix 1 (ML) 0.0386 0.0360 0.0035 0.1598 0.0388 0.0384 0.0059 0.1379 370.0 0.0363 0.0068 0.1597
Mix 1 (EM) 0.0224 0.0201 0.0033 0.0823 0.0220 0.0208 0.0050 0.0633 198.0 0.0187 0.0069 0.0437
Mix 2 (ML) 0.0307 0.0195 0.0025 0.1568 0.0220 0.0139 0.0034 0.1336 199.0 0.0138 0.0041 0.1177
Mix 2 (EM) 0.0194 0.0148 0.0027 0.0920 0.0179 0.0138 0.0034 0.0772 159.0 0.0134 0.0043 0.0572
RS 0.1248 0.0494 0.0042 0.6834 0.0739 0.0299 0.0040 0.6382 558.0 0.0227 0.0044 0.6063
CL 0.1384 0.1396 0.0129 0.2634 0.1343 0.1344 0.0219 0.2328 32P.1 0.1319 0.0618 0.2029
CL (EVT) 0.0615 0.0587 0.0024 0.1796 0.0687 0.0677 0.0077 0.1416 6648.0 0.0660 0.0219 0.1202
Nonparam 0.1790 0.1750 0.0031 0.7617 0.1705 0.1746 0.0046 0.4606 720.1 0.1712 0.0044 0.7064

Panel B: DGP DCC

Patton 0.0224 0.0133 0.0028 0.2529 0.0117 0.0095 0.0033 0.1564 088.0 0.0077 0.0040 0.0471
DCC 0.0224 0.0110 0.0006 0.2353 0.0095 0.0049 0.0007 0.2038 040.0 0.0027 0.0005 0.0514
DSC 0.0146 0.0086 0.0006 0.1796 0.0081 0.0056 0.0007 0.1433 04D.0 0.0034 0.0006 0.0632
Mix 1 (ML) 0.0222 0.0204 0.0036 0.1426 0.0223 0.0214 0.0052 0.1515 220.0 0.0211 0.0054 0.1924
Mix 1 (EM) 0.0228 0.0199 0.0037 0.0871 0.0199 0.0184 0.0032 0.0647 239.0 0.0224 0.0089 0.0772
Mix 2 (ML) 0.0250 0.0192 0.0021 0.1648 0.0236 0.0186 0.0052 0.2036 202.0 0.0168 0.0056 0.2121
Mix 2 (EM) 0.0336 0.0244 0.0029 0.1593 0.0319 0.0240 0.0043 0.1578 298.0 0.0189 0.0063 0.1430
RS 0.0671 0.0350 0.0031 0.3605 0.0609 0.0309 0.0044 0.2471 526.0 0.0270 0.0056 0.2308
CL 0.0703 0.0716 0.0149 0.1240 0.0698 0.0705 0.0141 0.1097 699.0 0.0702 0.0418 0.0914
CL (EVT) 0.0317 0.0314 0.0032 0.0798 0.0334 0.0330 0.0090 0.0673 32D.0 0.0326 0.0114 0.0549
Nonparam 0.0641 0.0599 0.0035 0.3545 0.0629 0.0605 0.0064 0.2654 602.0 0.0566 0.0062 0.2501
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Table 5.3: Mean squared errors of lower tail dependencenasirs for different sample sizes (continued).
T = 250 T = 500 T = 1000

Panel C: DGP DSG Mean Median Min Max Mean Median Min Max Mean Median Min Max
Patton 0.0186 0.0137 0.0027 0.1582 0.0157 0.0140 0.0069 0.0633 129.0 0.0123 0.0066 0.0283
DCC 0.0197 0.0118 0.0014 0.1457 0.0106 0.0073 0.0018 0.1587 058.0 0.0047 0.0015 0.0760
DSC 0.0120 0.0070 0.0007 0.1295 0.0080 0.0049 0.0008 0.1586 03D.0 0.0028 0.0005 0.0514
Mix 1 (ML) 0.0212 0.0189 0.0051 0.1113 0.0300 0.0287 0.0079 0.1235 378.0 0.0372 0.0130 0.1358
Mix 1 (EM) 0.0211 0.0197 0.0040 0.0667 0.0296 0.0289 0.0098 0.0789 379.0 0.0368 0.0133 0.0890
Mix 2 (ML) 0.0284 0.0245 0.0055 0.1249 0.0336 0.0296 0.0075 0.1707 28D.0 0.0260 0.0099 0.1469
Mix 2 (EM) 0.0316 0.0258 0.0040 0.1219 0.0411 0.0354 0.0065 0.1765 380.0 0.0293 0.0106 0.1413
RS 0.0907 0.0706 0.0055 0.5374 0.0719 0.0431 0.0074 0.3680 588.0 0.0334 0.0106 0.2785
CL 0.0706 0.0729 0.0052 0.1396 0.0780 0.0791 0.0178 0.1119 74P.0 0.0745 0.0450 0.0930
CL (EVT) 0.0347 0.0330 0.0047 0.0937 0.0417 0.0413 0.0109 0.0734 400.0 0.0402 0.0225 0.0604
Nonparam 0.0865 0.0809 0.0085 0.3984 0.0744 0.0718 0.0105 0.2619 62P.0 0.0599 0.0125 0.2408
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Figure 5.1: Average mean squared errors for different saisipes.

The figure shows average mean squared errors (MSE) for thex tail dependence (LTD) estimators with
respect to different sample sizes and separately for eatheathree data-generating processes (Patton,
DCC, and DSC model). MSE is computed according to MSHEI(7,+) = T~! Zthl(Tt — 7)2, where

T = ()., and® = (#)]_, denote the series of true and estimated LTD coefficientpemively. For
each LTD estimator, the figure plots three bars showing tbesae MSE for each of the three sample sizes
considered = 250;500; 1000), where the average is calculated across a tot& of 1000 simulation
replications. The names of the LTD estimators are abbmdiatcording to the notation introduced in

Sectiof5.311.
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As can be seen from Figure 5.1, except for the RS and the Nampaaels, which
exhibit decreasing (average) MSEs for increasing sampés sicross all DGP specifica-
tions, the relation between performance and sample sizat igsclear for the remaining
static estimators. In case of the Mjyx1 model, for example, we can see from Tablg 5.3
that, when the Patton model is determined to be the DGP, ttimge MSE slightly de-
creases from 0.0386 to 0.0370 when increasing sample size 260 to 1,000. When
specifying the DSC model as the DGP, the average MSE inseagestantially from
0.0212 to 0.0374, implying a worse performance for a gressterple size. Consequently,
we do not find evidence of consistency for most of the statid EEtimators in our sim-
ulation approach so that most static models in our study Seedeliver inconsistent
estimates of LTD coefficients.

Overall, the extended baseline approach shows the rolssstri@ur results with re-
spect to sample size on the one hand, and demonstrates tbetamge of considering
sample size when estimating LTD models on the other hand. Bas@®ur results, the
issue of sample size is particularly relevant for the dymaestimators. Increasing the
sample size results in a material improvement in the perdoica of the estimators, or put

the other way round, decreasing sample size deteriorat@eklimates substantially.

5.3.3.3 Is performance measurement crucial? Reevaluatingmulation results.

One concern about our simulation study might be the choipedbérmance metric we
used to evaluate the accuracy of the LTD estimates. Up tthid, performance evalu-
ation exclusively relied on the mean squared error criteaiod neglected any other per-
formance measures. Hence, in this section we introduceiaai performance metrics
and check the robustness of the results presented in thedangcsections with respect to
performance measurement. More precisely, we include tadiional performance met-
rics in the evaluation of our simulation results, namelyighglvariation of MSE (denoted
as MSE) and two metrics based on the absolute deviation betweenaind estimated

LTD coefficients (denoted as MAand MAD,). The additional performance metrics are
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computed according to the following formulas

T

MSE, = 771 (72 — 72)° (5.18)
t=1
T

MAD; = 7' ) |r, — 7] (5.19)

t=1

T
MAD, = T7' ) |77 — 7

t=1

. (5.20)

Results on average values of the performance metrics aretedpga Tabld 5.4 and
illustrated in Figuré 5]2 separately for each DGP, perferceametric, and each sample
size (' = 250;500; 1,000). As can be seen from Talle 5.4, average M8&lues range
from 0.0013 (DGP Pattory; = 1,000, Patton) to 0.1072 (DGP Pattof, = 250, Non-
param), whereas average values for MAdhd MAD, vary between 0.0450 (DGP DSC,
T = 1,000, DSC) and 0.3892 (DGP Pattoh, = 250, Nonparam) and between 0.0211
(DGP Patton;I" = 1,000, Patton) and 0.2864 (DGP Pattdh,= 250, Nonparam), re-
spectively. Figuré 512 demonstrates that the main resoliscanclusions drawn in the
previous sections remain valid when altering the performeanetric, indicating that our
findings from above are robust towards performance measumeamd do not depend on
the specific properties of MSE. More precisely, we can sem fitee figure that the dy-
namic LTD estimators clearly outperform the static modeloss all DGPs and across
all performance metrics, with the superiority becomingréasingly evident as sample
size grows. Further, as in the case of MSE being the perfacearetric, both MSEand
the MAD measures decrease with increasing sample sizeaitialy better performance
for larger sample siz@. Moreover, the mixture copula models are the dominatingcstat

LTD estimators across all DGPs, performance metrics, ampkeasizes.

"An exception to this pattern is constituted by the Patton ehadhen the DSC model is specified as
the DGP. As shown in Table 5.4, in this setting average M&kt MAD, increase from 0.0083 to 0.0105
and from 0.0679 to 0.0824, respectively.



Table 5.4: Alternative performance metrics.

The table reports average values for the alternative pagfioce measures, which comprise a modified version of the stpared error (denoted as MgEnd two measures
based on mean absolute deviations (MAEnd MAD,). The alternative performance measures are calculatestding to MSE = 7! Zthl (TE — %3)2, MAD; =
T~ |7 — 7], and MAD, = T-' Y21 |72 — 72|, wherer = ()1, and# = (#,)7_, denote the series of true and estimated lower tail deperdi®) coefficients,
respectively. The averages listed in the table are cakdilatross a total of 1000 simulation trials for each of thedhtata-generating processes (Patton, DCC, and DS
model), each LTD estimator, and for three different samjdess(” = 250; 500; 1000). In case of the data-generating process (DGP) and the Liibatsr being identical,
corresponding statistics are printed in bold type. The rsamfii¢he LTD estimators are abbreviated according to thetiootintroduced in Section 5.3.1.

T = 250 T = 500 T = 1000
Panel A: DGP Patton MSE, MAD, MAD, MSE, MAD,; MAD, MSE, MAD, MAD,

Patton 0.0038 0.1021 0.0397 0.0021 00789 0.0293 0.0013 0.0562210.0

DCC 0.0034 0.1026 0.0372 0.0023 0.0844 0.0308 0.0017 0.0695268.0

DSC 0.0056 0.1249 0.0557 0.0035 0.1023 0.0436 0.0025 0.0839348.0

MixL L 0.0084 0.1788 0.0830 0.0083 0.1813 0.0841 0.0079 0.1762814.0

MixL ey 0.0044 0.1301 0.0543 0.0041 0.1311 0.0544 0.0035 0.12314986.0

MixX2 0.0077 0.1432 0.0652 0.0050 0.1182 0.0499 0.0041 0.1143470.0

MiX2 gy 0.0039 0.1123 0.0443 0.0035 0.1077 0.0417 0.0031 0.1013382.0

RS 0.0806 0.2845 0.1933 0.0395 0.2087 0.1181 0.0320 0.1674878.0

cL 0.0625 0.3568 0.2370 0.0578 0.3529 0.2312 0.0552 0.3515288.2

Clevr 0.0193 0.2227 0.1201 0.0208 0.2449 0.1336 0.0190 0.2427308.1

Nonparam 0.1072 0.3892 0.2864 0.0974 0.3783 0.2761 0.1012 0.378378D.2

Panel B: DGP DCC

Patton 0.0126 0.1128 0.0871 0.0081 0.0834 0.0700 0.0061 0.0714618.0

DCC 0.0112 0.1131 0.0824 0.0057 0.0708 0.0564 0.0029 0.047840D.0

DSC 0.0081 0.0862 0.0674 0.0052 0.0653 0.0534 0.0031 0.0473398.0

MixL L 0.0161 0.1246 0.1018 0.0163 0.1247 0.1029 0.0162 0.124102D.1

Mix1 gy 0.0155 0.1253 0.1000 0.0147 0.1174 0.0970 0.0174 0.1311072.1

MixX2 0.0159 0.1265 0.1010 0.0154 0.1225 0.0995 0.0139 0.1133948.0

Mix2ey 0.0187 0.1504 0.1111 0.0188 0.1464 0.1111 0.0180 0.1393078.1

RS 0.0379 0.2085 0.1540 0.0282 0.1977 0.1350 0.0238 0.1830258.1

cL 0.0791 0.2414 0.2604 0.0778 0.2410 0.2607 0.0780 0.241862D.2

Clevr 0.0288 0.1476 0.1430 0.0294 0.1523 0.1478 0.0286 0.1509470.1

Nonparam 0.0716 0.2194 0.2322 0.0695 0.2190 0.2333 0.0671 0.2119269.2

)
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Table 5.4: Alternative performance metrics (continued).

T = 250 T = 500 T = 1000

Panel C: DGP DSQ MSE, MAD, MAD, MSE, MAD, MAD, MSE, MAD, MAD,
Patton 0.0083 0.1068 0.0679 0.0108 0.1004 0.0815 0.0105 0.0900828.0
DCC 0.0071 0.1088 0.0630 0.0060 0.0773 0.0584 0.0041 0.0548480.0
DSC 0.0048 0.0812 0.0497 0.0048 0.0659 0.0505 0.0029 0.0450400.0
MixL L 0.0099 0.1189 0.0782 0.0208 0.1461 0.1157 0.0309 0.168146D.1
Mix1 gy 0.0102 0.1187 0.0769 0.0208 0.1457 0.1155 0.0313 0.1701488.1
Mix2 0.0123 0.1365 0.0864 0.0207 0.1488 0.1160 0.0220 0.1339208.1
Mix2ey 0.0123 0.1442 0.0848 0.0244 0.1685 0.1251 0.0289 0.1642406.1
RS 0.0519 0.2499 0.1668 0.0332 0.2173 0.1453 0.0349 0.1960538.1
cL 0.0500 0.2303 0.1938 0.0691 0.2379 0.2340 0.0816 0.232957D.2
Clevr 0.0186 0.1515 0.1103 0.0291 0.1609 0.1413 0.0343 0.1530510.1
Nonparam 0.0651 0.2538 0.2187 0.0668 0.2265 0.2205 0.0664 0.2024179.2
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Figure 5.2: Average alternative performance metrics ftfedint sample sizes.

The figure shows average values of the alternative perfarenaretrics for the lower tail dependence (LTD)
estimators with respect to different sample sizes and agggrfor each of the three data-generating pro-
cesses (Patton, DCC, and DSC model). The alternative peafaze measures include a modified version
of the mean squared error (denoted as MS&nd two mean absolute deviation measures (MAdDd
MAD ), which are computed according to MSE T 37| (72 — #2)%, MAD, = T2 Y7 |7, — 7],

and MAD, = T-' 31| |72 — 72|, wherer = (r,)7_, and# = (#,){_, denote the series of true and es-
timated LTD coefficients, respectively. For each LTD estwngahe figure plots three bars for each perfor-
mance metric showing the average MSMAD |, and MAD, for each of the three sample sizes considered
(T' = 250; 500; 1000), where the average is calculated across a tot&l ef 1000 simulation replications.
The names of the LTD estimators are abbreviated accorditigetootation introduced in Sectibn 513.1.
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Figure 5.2: Average alternative performance metrics ftfeint sample sizes
(continued).
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For example, assuming the Patton model as the DGP and a ssizgtd’” = 1, 000,
Table[5.4 shows that average MAr the Mix2z model is equal to 0.0382, whereas the
corresponding average MADor the RS, CL, Clgyt, and Nonparam model is at a con-
siderably higher level of 0.0874, 0.2288, 0.1304, and (P.ZYSSpectiveIQ Regarding
the mixture copula models, the results do not provide ewidef one of the two mix-
ture models being superior to the other or of the EM algoritbading to more accurate
LTD estimates. Further, similar to the results in the prasisections, the CL and the Non-
param model are the worst performing LTD estimators acribsswulation settings, with
the performance metrics being substantially higher thasdtof the other estimatars.
Assuming the Patton model as the DGP and a sample size equ®(0, for example,
average MSEfor the CL and the Nonparam model is approximately @2552/0.0013)
and 77 (.1012/0.0013) times the average MAPof the Patton model. As expected, the
effect of the EVT approach remains significant across all B@R] sample sizes as can

be seen from the considerable reduction in the average syauthe MSE and MAD

18Also note that the Mix2y model is clearly outperformed by, e.g., the Patton modéi thie (average)
MAD ; of the latter being around half the MADf the former.

¥In some settings, the RS model performs even worse than ther @e Nonparam model. These
settings are, however, restricted to the small sample pizeifications. When sample size is increased, the
performance metrics consistently decrease to values liblose of the CL and Nonparam model.
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measures for the G+ model when compared to the CL model in Table 5.4 and Figure

5.2.

5.3.3.4 Which estimator performs best? Summary and conclusns.

This section summarizes the results from our simulatiodys&and shortly reviews
the most important conclusions. Taljlel5.5 provides a rankinthe LTD estimators
included in our study for each of the simulation specifiaagimvestigated in the previous
sections (i.e., for each performance metric, DGP, and sasipé), where each estimator
is assigned a number between 1 (best performer) and 11 (per&irmer). For each
performance metric and LTD estimator, the rankings are sedup and the values of the
corresponding performance metric are averaged acrossGiisCand sample sizes (see
the last two columns in Table 5.5), with low sums and averagees implying global
superior performance (that is, across all simulation rsg$h. The rankings, sums, and
averages reported in the table summarize our general fisdimgich can be stated as
follows.

First, the dynamic LTD estimators clearly dominate theisidtimators, with the su-
periority of the former becoming increasingly evident wgtlowing sample sizes. Among
the dynamic estimators, the Patton model is the best peifigrmodel only when at the
same time assumed to be the DGP. Otherwise, the DSC modelfartps the Patton and
the DCC mod@ Second, the mixture copula models are the best performatig £ D
estimators, irrespective of the specification of the mixtamd the estimation method. Oc-
casionally, when sample size is Io@ (= 250), the mixture copula models outperform
some of the dynamic LTD estimators, but as sample size isesedhe mixtures consid-

erably underperform the dynamic models.

2ONote the corresponding pattern in Tablel5.5. When specifiedeaDGP, the Patton model ranks on
first place for the most part, while the rankings of the DSC et@dnge between the third and fifth place.
Changing the DGP from the Patton to the DCC or DSC model, hewyessults in the Patton model ranking
between the second and fourth place and the DSC model raokifigst place for most specifications.



Table 5.5: Ranking and overall performance of lower tail aej@mce estimators.

The table provides a ranking of the lower tail dependenceDjL&stimators for each of the simulation specifications stigated in our simulation study, i.e., for each
performance metric, data-generating process (Patton, DSC), and sample siz& (= 250; 500; 1000). Each LTD estimator is assigned a number between 1 (befstrpear)
and 11 (worst performer) and for each performance metricestichator the rankings are summed up and the values of thespanding performance metric are averaged
across all data-generating processes (DGP) and sampdd sizethe last two columns in the table). The performancaaadicluded are two versions of the mean squared errot
(denoted as MSE and MSEand mean absolute deviation (MARNd MAD,), which are computed according to MSET ! Zthl(Tt—%t)z, MSE, = 7! Zthl (2 - %3)2,
MAD; = T~! Zthl |7¢ — 7|, and MAD, = 7! Z;:T=1 |t2 — 72|, whereT = (7){_; and# = (#){_, denote the series of true and estimated LTD coefficientpeutively.

In case of the DGP and the LTD estimator being identical,esgronding statistics are printed in bold type. The namelseofTD estimators are abbreviated according to the
notation introduced in Sectign 5.8.1.

DGP Patton DGP DCC DGP DSC
Panel A-MSE | —— 55— =500 n=10000 n =250 n=500 n=1000 7n=250 n =500 n=1000 Sum - Average MSE
Patton 1 1 1 2 3 3 2 3 3 21 0.0162
DCC 2 2 2 3 2 1 3 2 2 19 0.0167
DSC 4 3 3 1 1 2 1 1 1 17 0.0221
Mix1y 7 7 7 2 5 5 5 5 5 48 0.0386
Mix1 gy 5 5 5 5 4 6 4 4 6 44 0.0224
Mix2y 6 6 6 6 6 4 6 6 4 50 0.0307
MiX2n 3 4 4 8 7 7 7 7 7 54 0.0194
RS 9 9 8 10 9 9 11 9 9 83 0.1248
cL 10 10 10 11 11 11 9 11 11 24 0.1384
Clevr 8 8 9 7 8 8 8 8 8 72 0.0615
Nonparam 11 11 11 9 10 10 10 10 10 92  0.1790
Panel B: MSk
Patton 2 1 1 3 3 3 3 3 3 22 0.0038
DCC 1 2 2 2 2 1 2 2 2 16 0.0034
DSC 5 4 3 1 1 2 1 1 1 19 0.0056
Mix1y 7 7 7 6 6 5 4 6 6 54 0.0084
Mix1 gy 4 5 5 4 4 6 5 5 7 45 0.0044
Mix2 6 6 6 5 5 4 7 4 4 47 0.0077
MixX2en 3 3 4 7 7 7 6 7 5 49 0.0039
RS 10 9 9 9 8 8 10 9 9 81 0.0806
cL 9 10 10 11 11 11 9 11 11 93 0.0625
Clevr 8 8 8 8 9 9 8 8 8 74 0.0193
Nonparam 11 11 11 10 10 10 11 10 10 94 0.1072
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Table 5.5: Ranking and overall performance of lower tail aejgmce estimators (continued).

DGP Patton DGP DCC DGP DSC
Panel C: MAD n=9250 n=500 n=1000 n=250 n=500 n=1000 n=250 n=500 n=1000 Sum - Average MAD
Patton 1 1 1 2 3 3 2 3 3 19 0.1021
DCC 2 2 2 3 2 2 3 2 2 20 0.1026
DSC 4 3 3 1 1 1 1 1 1 16 0.1249
Mix1 7 7 8 4 6 5 5 5 7 54 0.1788
Mix1 gy 5 6 6 5 4 6 4 4 8 48 0.1301
MixX2 6 5 5 6 5 4 6 6 4 47 0.1432
MixX2en 3 4 4 8 7 7 7 8 6 54 0.1123
RS 9 8 7 9 9 9 10 9 9 79 0.2845
cL 10 10 10 11 11 11 9 11 11 94 0.3568
Cleyvr 8 9 9 7 8 8 8 7 5 69 0.2227
Nonparam 11 11 11 10 10 10 11 10 10 94 0.3892
Panel D: MAD,
Patton 2 1 1 3 3 3 3 3 3 22 0.0397
DCC 1 2 2 2 2 2 2 2 2 17 0.0372
DSC 5 4 3 1 1 1 1 1 1 18 0.0557
Mix1 7 7 7 6 6 5 5 5 6 54 0.0830
Mix1 gy 4 6 6 4 4 6 4 4 7 45 0.0543
Mix2 L 6 5 5 5 5 4 7 6 4 47 0.0652
MiX2 ey 3 3 4 7 7 7 6 7 5 49 0.0443
RS 9 8 8 9 8 8 9 9 9 77 0.1933
cL 10 10 10 11 11 11 10 11 11 95 0.2370
Clevr 8 9 9 8 9 9 8 8 8 76 0.1201
Nonparam 11 11 11 10 10 10 11 10 10 94 0.2864
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Third, neither the specification of the mixture nor the eation method has a distinct
impact on the accuracy of LTD estimates. The two mixture nsopevide similarly ac-
curate LTD estimates and, somewhat surprisingly, the lsiagg from using ML instead
of the EM algorithm for estimation of the mixtures does nanhslate into a consistent de-
terioration in performance. Fourth, the worst performifigoLestimators are the CL and
the Nonparam model, where the performance of the formerawgs significantly when
modified by the EVT approach of applying the GPD to the maigingtributions prior
to estimating the copula. The resulting &k model as well as the RS model fall some-
where in between the mixture models and the CL and Nonparanelmegarding their
performance, with the lowest values of their correspongeiormance metrics reaching

those of the mixtures and the highest reaching those of thenGINanparam model.

5.4 Replication study

We now turn to our empirical study and investigate the ingilans of our simula-
tion study for real-data applications. Here, we are espigaierested in how the results
from our simulations translate into existing empiricaldés in the finance literature and
whether the validity as well as the economic significancexidtaeng empirical findings
depend on the choice of tail dependence estimator. To tingopa, we shall focus on ex-
treme dependence in asset pricing and revisit the empstodly in. Ruenzi and Weigert
(2013), since rare-disaster risk has attracted worldwitiaon during the recent finan-
cial crisis and spurred a surge in empirical studies regarthie pricing of tail risk in the

cross-section of stock returns (see, e.g., Bollerslev andrbw, 2011, Gabaix, 2012).

5.4.1 Replication in a wide sense: Differences in data and methodol-

ogy

The central research question underlying our empiricalysisiwhether the choice of
tail dependence estimator impacts the validity and ecoaaighificance of crash sensi-

tivity being priced in the cross-section of stock return§u3, we do not aim to strictly
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replicate Ruenzi and Weigert (2013) and rather provide acapn in a wide sense, i.e.,
we replicate their empirical study employing a differentdp@f data and methodologies
to compute the crash-sensitivity (lower tail dependenéetacks. For increased trans-
parency, we therefore discuss differences in data and meliby prior to moving on to

our estimation results.

5.4.1.1 Differences in data

The sample used in the empirical study of Ruenzi and WeigédIpPconsists of all
common stocks fron€RSPtrading on the NYSE and AMEX between January 1, 1963
through December 31, 2009. Having employed several filteey, end up with a total of
96,676 firm-year observations, where the number of firms@h gaar ranges from 1,489
to 2,440.

In contrast, we collect daily stock price data frdilnomson Reuters DatastreaiVe
start our sample construction with all stocks trading onKNMSE, AMEX, and NAS-
DAQ, which are included in the active- and dead-firm listsymted byDatastreanfrom
January 1, 1980 to December 31, 2011, amounting to a totabad than 14,000 stocks.
To eliminate non-common equity from our sample, we excluglgditary receipts (DRS),
real estate investment trusts (REITS), closed-end fund$agge-traded funds, warrants,
preferred stocks, and other stocks with special fea@rmﬁe exclude all secondary list-

ings and non-primary issues.

2INote that we include dead stocks to limit the effect of surhip bias (see, e.q., Karolyi et al., 2012).

22Since neithePatastreanmor Worldscopgorovide codes for discerning non-common shares from com-
mon shares, we follow Karolyi et al. (2012) and exclude trsteeks manually by examining the names of
the individual stocks. More precisely, we drop stocks wiimes including specific strings that are indica-
tive of non-common equity, such as 'REIT’, 'GDR’, and 'PRER complete list of those strings can be
found inKarolyi et al.|(2012).
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Figure 5.3: Number of firms across sample period.

The figure depicts the temporal variation in the number ofdiaaross the sample period. Our sample
encompasses all U.S. common stocks trading on the NYSE, AMEBX NASDAQ from January 1, 1980
to December 31, 2011. Data are retrieved frohomson Reuters Datastreaand filtered employing the
usual screening procedures as discussed in Ince and F26) (and Hou et al. (2011).
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To enter the sample, firms must have available return datatfteast 100 days in
the observation year. To further minimize potential biasssilting from low-price and
illiquid stocks, we discard firm-year observations if themage stock price in the obser-
vation year is less than $1. Moreover, to eliminate potédaga errors and ensure data

integrity, we apply several screening procedures as stegey Ince and Porter (2006).

Among others, we employ the following commonly used dataexes2] First, we set
daily returns to missing if the value of the total return irdier either the previous or the
current day is below 0.01. Second, we eliminate any retueatgr than or equal to 300%
that is reversed within one month. Also, we exclude firms wiissing country or firm
identifiers. Having imposed the above sampling criteria, foal sample encompasses
77,810 firm-year observations, with the number of firms irhgagar ranging from 513 to

4,506. The temporal variation of the number of firms acrossample period is depicted

23For detailed overviews and descriptions of the screeniragpguiures see_Ince and Paorter (2006),
Hou et al. [(2011), and Karolyi et al. (2012).
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in FigureEoZQ

5.4.1.2 Differences in methodology

To measure the crash sensitivity of stocks, Ruenzi and We(@e13) calculate the
lower tail dependence of the respective stock with the ntaoksed on convex com-
binations of simple parametric bivariate Archimedean alhdtieal copulas. For each
stock and year, the authors estimate tail dependence ¢eefidoased on daily return
data. Choosing from a total of 64 different convex combinajdhey select the best fit-
ting mixture copula based on Integrated Anderson-Darlistpadces. Estimation of the
mixture parameters (i.e., the copula parameter and thent®igs then conducted semi-
parametrically employing the canonical maximum likelidgarocedure of Genest et al.
(1995)4

In contrast, to investigate the economic implications @f¢hoice of tail dependence
estimator, we replicate the asset pricing study in Ruenziseigert (2013) using three
of the estimators included in our simulation study in thecpoiéng section. First, in the
spirit of the authors’ econometric approach, we estimageMix1gy, model and compute
corresponding tail dependence coefficients for each stndkyaa@ To study how the
different performances of the tail dependence estimatoosii simulation study translate
into the pricing of crash sensitivity in the cross-sectidrstock returns, we addition-
ally include two estimators in our empirical study, one thatlerperformed and one that
outperformed the Mixd,, model in our simulations. Regarding the former, we estimate

the Clgyt model. In terms of the outperforming estimator, howeverciveose Patton’s

24Descriptive statistics on stock returns can be found in&& and are discussed in Secfion 5.4.2.1.

25Note that this approach suffers from some theoretical amscéirst, as pointed out in our simulation
study, the lack of a sufficient number of data points used $tim&ation has serious consequences for the
accuracy of tail dependence estimators. With the numbeadirtg days per year varying around 250, esti-
mated tail dependence is presumably characterized byfisamti deviations from the true tail dependence
inherent to the data. Second, using static models negleirtsyear variation and deteriorates accuracy.
Finally, as pointed out in Sectidn 5.8.1, estimating migtoopulas via maximum likelihood is statistically
incorrect and might introduce severe biases into the pamrastimates.

26As found inlRuenzi and Weigert (2013), the Mix1 model comsistof the Joe, F-G-M, and the
Rotated-Joe copula is the most frequently selected corvmbination. Further, the authors state that their
main findings do not depend on the choice of tail dependertoceatsr and that the estimation procedure
can be dramatically simplified by just picking a reasonaldlevex copula combination. Note, however,
that we use the EM algorithm as proposed_by Dempster et al.Zjl@stead of ML) to obtain unbiased
estimates of the copula parameters and weights.
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(2006) dynamia copula. As in_Ruenzi and Weigert (2013), we estimate the tpkd-
dence estimators for each stock and year based on dailysetemding up with a panel

of tail dependence coefficients at the year-firm |gyel.

5.4.2 Results

In their asset pricing study, Ruenzi and Weigert (2013) chaatidity of their results
irrespective of the estimation procedure applied to compait dependence coefficients.

More precisely, they state:

"These results document that our main findings are not driventhe tail
dependence coefficient estimation procedure. [...] Thghinbe a helpful
result for researchers working on the impact of tail depandan similar

settings.”

Since this finding has potentially far-reaching conseqastior practical applications and
future research, the aim of this section is to check the wglaf this result and to investi-
gate whether the pricing of tail risk is indeed independéth® choice of tail dependence
estimation procedure.

Following |Ruenzi and Weigert (2013), we first discuss sumnsaayistics and then
move on to univariate and bivariate portfolio sorts to getst fmpression of whether the
relation between crash sensitivity and excess returndastatl by the choice of tail de-
pendence estimator. Finally, we replicate the authorshraaalysis and run (multivariate)
Fama-MacBeth (1973) regressions on the individual firm levalding the tail depen-
dence coefficients computed from the three estimators dsaw#he same combinations

of control variables as in Ruenzi and Weigert (2013).

5.4.2.1 Summary statistics

Descriptive statistics on excess returns over the ris&+fage, tail dependence coeffi-

cients, and other key variables are reported in Table 5.6.

2Details on the Mix&m, CLeyt, and the Patton model can be found in Sectionsb.3.[and pde@Adix
D). Summary statistics on estimated tail dependence cizgfticare discussed in Section 5.4.2.1.



Table 5.6: Summary statistics.

The table reports descriptive statistics for the main \w@esused in our empirical study. Following Ruenzi and WHi{#013), we compute the mean, the 25th, 50th (median)
and 75th percentile as well as the standard deviation ofyyeatess returns over the one-month T-bill rate (retuowgr tail dependence (LTD) coefficients computed from the
Mix1em, CLeyt, and the Patton model, regulat)(as well as upsideXt) and downside£~) beta, market capitalization (size), book-to-marketorétiookmarket), illiquidity
(illiq ), idiosyncratic volatility {diovola), coskewnesscpskevy, cokurtosis €okur), and the maximum daily return over the last yeaeg. Corresponding variable definitions
can be found in Table Dl5 in Appendix D. The second part of #iet (columns 6 to 14) shows mean values for the variabledittmmal on LTD being above (below) its
median as well as the differences with corresponding sianfie levels, where results are reported separately forafahe three tail dependence estimators included in our
study. *** ** and * indicate significance at the 1%, 5%, ariet10% level, respectively. Our sample encompasses alkidrBmon stocks trading on the NYSE, AMEX, and
NASDAQ from January 1, 1980 to December 31, 2011.

Above LTD Median

Below LTD Median

Above - Below

Mean 25th Median 75th Std. Dey. Mixlgem  Clevt Patton MixZm Clevt Patton MixJem CLevt Patton
return -9.31% -30.78% -2.11% 21.54% 0.622 -1.61% 0.41% -3.94% -17.03% -16.86% -13.49% 15.42%***  ®¥%2**  9.55%0***
LTD
- Mix1gm 0.130 0.060 0.130 0.192 0.085 0.201 0.187 0.174 0.060 0.080 0.090 0.141%* 0.107*** 0.683
-ClLgvt 0.103 0.017 0.066 0.159 0.112 0.169 0.190 0.151 0.038 0.025 0.060 0.131*** 0.166*** 0.691
- Patton 0.046 0.001 0.015 0.067 0.066 0.077 0.080 0.088 0.013 0.018 0.003 0.064*** 0.062*** 0.685
B 0.613 0.234 0.573 0.959 0.570 0.873 0.935 0.788 0.353 0.325 0.457 0.520*** 0.610*** 0.331
B~ 0.733 0.273 0.688 1.154 0.842 1.068 1.037 0.916 0.398 0.432 0.566 0.670*** 0.604*** 0.350
Bt 0.508 0.067 0.501 0.975 0.902 0.708 0.818 0.696 0.309 0.242 0.342 0.399*** 0.577*** 0.355
size 12.576 11.160 12.529 13.977 2.024 13.360 13.516 13.172 11.609 11.506 11.974 1.750*** 2.010*  .19&*
bookmarket| 2.445 0.523 1.444 2.954 8.039 2.317 2.309 2.300 2.591 2.665 2.592 -0.274%** -0.356%**  202%**
illig 1.323 0.016 0.159 1.222 3.925 1.128 1.042 1.182 1.500 1.516 1.395 -0.373*** -0.475%** 203*
idiovola 0.037 0.018 0.027 0.045 0.031 0.029 0.027 0.031 0.045 0.046 0.041 -0.016%** -0.018**  GOO***
coskew -0.141 -0.268 -0.133 -0.007 0.193 -0.205 -0.183 -0.177 -0.076 -0.087 -0.107 -0.129*** -0.6096 -0.070***
cokurt 1.996 0.831 1.850 3.025 1.528 2.875 2.942 2.638 1.119 1.083 1.411 1.756%** 1.859%** 1.2%7
max 17.09% 7.56% 11.78%  19.80% 0.183 12.81% 12.04% 13.51% 18.89% 19.14% 17.50% -6.08%* -7.10%**-3.99%**
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As in|[Ruenzi and Weigert (2013), the first five columns show thessponding means,
standard deviations, interquartile ranges, and mediani¢g e following nine columns
present average values of the variables conditional on L&idgoabove and below its
median to provide a first impression on the relation betweaslcsensitivity and excess
returns as well as other variables included in the assahpgrgtudy. As can be seen from
the table, excess returns are characterized by strongivares indicated by a wide in-
terquartile range of about 50% and a standard deviationﬁﬁ@. Mean excess returns
are negative at -9.31% on average, reflecting the fact thrasample encompasses the
main part of the recent financial crisis. Turning to the LT2ff@ients, we observe that
LTD as well exhibits significant variation, irrespectivetbé specific tail dependence es-
timato Interestingly and most importantly for our analysis, LTDriea substantially
across the different estimators providing support for #guilts from our simulations. To
be precise, the corresponding mean values range from Oc@bdd?atton model to 0.10
and 0.13 for the Ckyr and Mix1gy model, respectively. Inspection of the interquartile
ranges and standard deviations further supports the findatghe less sophisticated the
tail dependence model is, the greater is the amount andieari@ estimated LTD. While
the Patton model is characterized by a relatively tightrguartile range (0.06) and low
standard deviation (0.07), the corresponding values (-t and Mix1gy model are
given by 0.14 and 0.11 as well as 0.13 and 0.09, respectasdithus considerably higher
than for the Patton model.

Regarding the second part of the table (columns 6 to 14), westiothg support for
the results in_Ruenzi and Weigert (2013) and see that, actodwee tail dependence
estimators, contemporaneous excess returns for high Ldékstare significantly higher
than for low LTD stocks. Averaging across the three estimsatbigh LTD stocks earn
excess returns that are about 14% higher than those of lowdt®€ks. Comparing the

results for the estimators, we find first evidence againstekelt in.Ruenzi and Weigert

28Note that we follow Ruenzi and Weigert (2013) and computeesgaeturns with respect to the one-
month T-bill rate.

29Note that, in contrast to Ruenzi and Weigert (2013), we oolysider lower tail dependence and ex-
clude upper tail dependence (UTD) from our empirical studgesthe tail dependence estimators included
in the study either imply symmetry in the tails (LTD equals)Mix1gy and Patton model) or are inde-
pendent in the upper tail (UTD is equal to zero,gGE model).
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(2013) that the pricing of tail risk is independent of the ickeoof tail dependence esti-

mation procedure. More precisely, as reported in the lasetbolumns of the table, the

difference between the excess returns on high and low LTEkst@aries considerably

across the tail dependence estimators, with the more smeitesd estimators implying a

smaller (yet still statistically significant) differencEor instance, using the Patton model
leads to a difference of about 9%, whereas the\@lmodel implies a difference that is

nearly twice as high and amounts to more than 17%.

The remainder of the table refers to summary statistics bardirm characteristics
and return patterns that are also employed in Ruenzi and WeR@13) and are later
used in the portfolio sorts in Sectibn 5.4]2.2 as well as th#ivariate analysis in Section
£.4.2.3. Variable definitions conform to those in Ruenzi areigétt (2013) and can be
found in Tabld D.b in Appendix D.

To get some idea of the temporal variation in lower tail defgerte, Figurels 5.4 and
depict and compare the time series of aggregate LTD #othiee tail dependence
estimators. Conforming to Ruenzi and Weigert (2013), we defggregate LTD as the
yearly cross-sectional and equal-weighted average LTDalVstocks in our sample. As
can be seen from the panels in Figlred 5.4, the general paitethe temporal variation
of aggregate LTD are similar across all estimators. PeakiriP87 (the year of Black
Monday), aggregate LTD stayed relatively flat during the@$8nd has been on a strong
and stable upward trend since the turn of the millen?@monfirming the above results,
the panels show considerable differences in the amount anation of aggregate LTD
across the estimators, with the less sophisticated estimemplying a greater and more

volatile amount of tail dependence.

3ONote that_ Ruenzi and Weigetrt (2013) find no specific patteraggregate LTD. Their estimates of
aggregate LTD are somewhat more erratic and characterizeatdasional spikes. This may be due to
the differences in data as stated in Secfion 5.4.1.1. Mé&sdyli however, this is a consequence of the
shortcomings of their estimation procedure as pointedroSeictiod 5.4.712.



Figure 5.4: Aggregate lower tail dependence over time.

The figure depicts the time evolution of aggregate lowerdagendence (LTD) estimated from the three tail dependemtis employed in our empirical study, including
the Mix1gm, CLeyt, and the Patton model. Aggregate LTD is defined as the cexggnal, equal-weighted average of the individual LTDffioents computed between
stock returns and market returns over all stocks and yedheisample. Our sample encompasses all U.S. common stadksgion the NYSE, AMEX, and NASDAQ from
January 1, 1980 to December 31, 2011.
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Figure 5.5: Comparing aggregate lower tail dependence siegisnators.

The panels of the figure compare the time evolution of aggeelgaver tail dependence (LTD) across the
LTD estimators included in our empirical study. Aggregal@®lLis defined as the cross-sectional, equal-
weighted average of the individual LTD coefficients compubetween stock returns and market returns

over all stocks and years in the sample. The estimatorsdedlin our study comprise the Miyg, CLgyT,

and the Patton model. The left-hand panels show the rangebetthe aggregate LTD coefficients com-
puted from the different estimators (shaded area) as weatbagsponding mean squared errors (MSE,
light-gray bars) calculated according to the formulaid {.for each stock and year in the sample. The
right-hand panels directly compare the amounts of tail ddpece over time by means of bar plots. Our

sample encompasses all U.S. common stocks trading on th&ENMBEX, and NASDAQ from January 1,

1980 to December 31, 2011.
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Figure[5.5 investigates the differences in aggregate LTidsacthe three tail depen-
dence estimators in more detail. As can be seen from the pathelre are consider-
able differences between the estimates from the Pattonlraadehe two static models,
whereas the differences between the estimates from thegMliabhd Clgyr model are
somewhat less pronounced but still significant. In line vifith results from our simula-
tions, neglecting intra-year time dynamics appears to lsavere consequences for the

tail dependence estimates.

5.4.2.2 Portfolio sorts

In this section, we follow Ruenzi and Weigert (2013) and cartdunivariate and bi-
variate portfolio sorts to further examine the initial esdte that the pricing of crash
sensitivity depends on the choice of tail dependence esimaad whether this finding is
robust with respect to the inclusion of alternative risk swgas. The results on univari-
ate portfolio sorts are reported in Table]5.7. As in Ruenzi\Aledhert (2013), for each
year we sort stocks into five quintile portfolios based onrthealized LTD in the same
year. The results provide support for the evidence fromd& and show that the re-
turn spread between high and low LTD stocks is statisticsithyificant for all three talil
dependence estimators but, at the same time, varies stialiyaacross the different esti-
mators. The first column of the table shows the average LTRahm guintile and reports
the difference between the first and fifth quintile LTD in thetbm line. Expectedly, the
difference is highest for the Gl,r model (0.28) and lowest for the Patton model (0.16).
In the second column, we present annual equal-weightecdgweaxcess returns over the
risk-free rate for each of the five quintile portfolios, witre difference between high and
low LTD portfolios being reported at the bottom. As can bensiem the results, the
return spread between portfolio 1 and 5 is highly signifidantall estimators, further

supporting the results in Ruenzi and Weigert (2013).
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Table 5.7: Univariate sorts.

The table presents results from univariate portfolio sbased on realized lower tail dependence (LTD).
In each year, we rank stocks into quintiles (1-5) with respeaealized LTD and form equal-weighted
portfolios. As in_ Ruenzi and Weigert (2013), for each of thve fjuintile portfolios we calculate average
yearly excess stock returns over the one-month T-bill edifmn 1) as well as average yearly alphas with
regard td_Sharpe’s (1964) capital asset pricing model (CARMha, column 2), the three-factor model
of [Fama and French (1993) (FF-Alpha, column 3), and Cash§t97) four-factor model (CAR-Alpha,
column 4). The last row reports the difference between theme of the strong and weak LTD quintile
portfolios (portfolios 5 and 1) along with correspondingtigtical significance levels, where *** ** and
* indicate significance at the 1%, 5%, and 10% level, respelsti Results are presented separately for
each of the three tail dependence estimators used in ourieaigitudy, including the Mixdy, CLgyt, and
the Patton model. Our sample encompasses all U.S. commcksdtading on the NYSE, AMEX, and

NASDAQ from January 1, 1980 to December 31, 2011.

Portfolio LTD Return CAPM-Alpha FF-Alpha CAR-Alpha
Panel A: Univariate sorts for Mixh model
1 Weak LTD 0.02 -22.21% -24.71% -25.58% -25.27%
2 0.08 -15.45% -18.49% -19.72% -19.62%
3 0.13 -8.36% -12.07% -13.36% -13.21%
4 0.18 -2.37% -6.74% -7.66% -7.72%
5 Strong LTD 0.25 2.32% -3.91% -4.28% -4.94%
Strong - Weak  0.23**  24.529%**  20.80%***  21.30%*** 20.33%*
(7.29) (4.22) (4.31) (4.06)
Panel B: Univariate sorts for Gi,+ model
1 Weak LTD 0.01 -23.04% -25.18% -26.49% -26.51%
2 0.02 -17.20% -20.06% -21.03% -20.94%
3 0.06 -9.50% -12.98% -13.87% -13.97%
4 0.14 -3.12% -7.66% -8.40% -8.23%
5 Strong LTD 0.29 4.39% -1.84% -1.79% -2.39%
Strong - Weak  0.28**  27.42%***  23.34%**  24.70%** 24.12%*
(7.57) (4.33) (4.83) (4.60)
Panel C: Univariate sorts for Patton model
1 Weak LTD 0.00 -17.84% -20.48% -21.72% -21.50%
2 0.00 -10.88% -14.68% -15.88% -15.78%
3 0.02 -9.83% -13.97% -14.89% -14.87%
4 0.05 -4.73% -8.77% -9.60% -9.71%
5 Strong LTD 0.16 0.23% -5.20% -5.50% -5.87%
Strong - Weak 0.16***  18.07%*** 15.28%*** 16.22%***  15.63%*
(6.80) (3.84) (4.10) (3.88)
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Comparing the return spreads across the different estisyptovides additional evi-
dence against the authors’ finding that the relation betvetark returns and crash sen-
sitivity does not depend on the tail dependence coefficistimation procedure. To be
precise, for the Mixgy model in Panel A of Tablé_ 5.7 the return spread amounts to
approximately 24%, while employing the gly (Panel B) and Patton model (Panel C)
results in a return spread of about 27% and 18%, respectitrelg indicating that the
return spread varies across the estimators and is negatelated to the refinement of
the tail dependence model. In light of our simulation studySiection 5.3, we con-
clude that the overestimation of LTD translates into ovemegting the premium investors
receive for investing in crash-sensitive (that is, high )T¥ocks. Conforming to the
results from our simulations, the overestimation of thenpten appears to be greater
for less sophisticated tail dependence estimators. Foitp®Ruenzi and Weigert (2013),
we additionally conduct univariate portfolio sorts withspect to alphas from the one-
factor CAPM (Sharpe, 1964), the three-factor Fama and Fr¢b@83), and the four-
factor|Carhart|(1997) model. The remaining columns in Tablecanfirm the above
findings and show that the alphas are monotonically incngafsom the weakest to the
strongest LTD quintile portfolios. High LTD alphas are sfgrantly higher than low LTD
alphas (irrespective of the estimator) and the spread leetétes alphas of portfolio 5 and
1 is substantially higher for the Mix}, (20.80% on average) and g}z (24.03%) than
for the Patton model (15.70%).

To further investigate the robustness of these results rggpect to alternative risk
measures, we follow Ruenzi and Weigert (2013) and conductribie portfolio sorts
controlling for the impact of one alternative risk measura éme. More precisely, we
double-sort average annual excess returns on realized h@iDealized beta, downside
beta, and coskewneJéTable[E%B reports results for the double-sorts on realiZd¢a and
realized regular beta. As in Ruenzi and Weigert (2013), weftrsn quintile portfolios
sorted on beta and, in a second step, then sort stocks inttlgsibased on LTD within

each of the five beta quintile portfolios.

31Descriptive statistics on the alternative risk measuresbesfound in Tablg5]6.
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Table 5.8: Dependent portfolio sorts: Lower tail depenaeged regular beta.

The table reports average yearly excess stock returns lee@me-month T-bill rate double-sorted on real-
ized lower tail dependence (LTD) and realized regular b&faKirst, we form quintile portfolios sorted on
beta. Then, within each of the five quintile portfolios, wetstocks into quintiles based on LTD. Finally,
for each of the 25 resulting portfolios, we calculate averggarly excess returns. In the last row, we report
the difference between the returns of the strong and weakdibtile portfolios (portfolios 5 and 1) for
each of the five beta quintiles, where ***, ** and * indicatgsificance at the 1%, 5%, and 10% level,
respectively. Results are presented separately for eattte dhree tail dependence estimators used in our
empirical study, including the Mixdy, CLgyt, and the Patton model. Our sample encompasses all U.S.
common stocks trading on the NYSE, AMEX, and NASDAQ from Jamyul, 1980 to December 31, 2011.

Portfolio 1Lowp 2 3 4 5 Highg Average

Panel A: Double-sorts for Mix3,, model

1Weak LTD  -23.18%  -14.39%  -20.24%  -22.42%  -35.04%  -23.05%
2 -23.19% -8.64% 6.27% -6.52% 12.27%  -11.38%
3 -20.25% -4.81% -5.24% -0.94% -5.42% -7.33%
4 -17.61% -3.09% -0.69% 2.02% -0.68% -4.01%
5Strong LTD  -14.40% 0.19% 3.54% 4.35% 5.10% -0.24%
Strong - Weak  8.78%**  14.57%** 23.78%** 26.77%"* 40.1%*>* 22.81%*
(3.69) (3.95) (5.55) (7.00) (6.68) (7.46)

Panel B: Double-sorts for Gyt model

1Weak LTD  -27.50%  -15.64%  -24.69%  -26.19%  -37.65%  -26.33%
2 -2452%  -11.09% -9.89% 7.70% -15.21%  -13.68%
3 -22.64% -6.78% -3.83% -1.64% -6.15% -8.21%
4 -15.46% -1.94% 1.58% 4.10% -0.57% -2.46%
5Strong LTD  -12.15% 0.34% 2.88% 5.59% 7.82% 0.90%
Strong - Weak  16.64%* 17.90%** 29.61%** 31.78%* 454%™ 28.28%"*
(4.20) (3.95) (6.04) (6.53) (7.18) (7.57)

Panel C: Double-sorts for Patton model

1Weak LTD  -19.93%  -11.00%  -14.30%  -14.83%  -23.67%  -16.75%
2 -19.27% -5.55% -6.11% -5.50% -11.81% -9.65%
3 -18.66% -7.19% -6.55% -3.59% -6.73% -8.55%
4 -20.47% -4.32% -2.37% 0.35% -4.17% -6.20%
5Strong LTD  -16.95% -1.07% 1.92% 2.08% 2.66% -2.27%
Strong - Weak ~ 2.98%  9.93%**  16.22%** 16.91%** 26.33%** 14.47%"*
(0.89) (3.58) (4.85) (5.77) (6.01) (6.32)

We can draw two main conclusions from the results. Firstafbbeta quintiles and
irrespective of the specific tail dependence estimator, @@ichent a nearly monotonic
increase in annual excess returns from the weak to the sttdbgquintile portfolio.
The differences between the excess returns on high and I@vstdcks are statistically
significant and increase from low to high beta quintile paitis, thus indicating that

the strong relation between LTD and stock returns found énuhivariate sorts remains
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significant after controlling for the impact of realized ugy beta and, consequently, is
not driven by bet Second, comparing the results for the different tail depend
estimators, we additionally find that the variation in theess returns of the LTD quintile
portfolios across the three estimators remains signifiafiat controlling for the impact
of beta. For each beta quintile portfolio, the return spieettiveen strong and weak LTD
stocks is considerably larger for the M4 (Panel A) and CE,r (Panel B) than for
the Patton model (Panel C). Averaging the return spreadssthne beta quintiles for all
three estimators, we find that the average return spread88 @2for the MixXky model,
28.28% for the Ckyt model, and 14.47% for the Patton model, implying the rolesdn
of our above finding that return spreads are negativelyadl&d the refinement of the
tail dependence model and that overestimation of LTD tedaslinto greater crash risk
premia.

Furthermore, as pointed out in Harvey and Siddique (2008)Aamg et al. (2006a),
downside betaq{~) and coskewnesx@skew are associated with higher expected re-
turn Hence, to explicitly control for the impact of downside batad coskewness, we
follow Ruenzi and Weigert (2013) and conduct double-sorteeatized LTD and realized
downside beta as well as realized coskewness. The resglts@orted in Tablds 5.9 and
.10 and provide further support for the two conclusionswdrabove. As for regular
beta, we find that excess returns are monotonically inargdsbm weak to strong LTD
portfolios for all downside beta and coskewness quintikeespective of the tail depen-
dence estimator. At the same time, there is considerabiatiaar in the quintile excess
returns across the different estimators. Regarding therdifices between the excess re-
turns of strong and weak LTD quintile portfolios, we find thatter controlling for the
impact of downside beta (coskewness), average returndgpoéshe MixXky, CLgyt, and
the Patton model amount to 27.10% (20.89%), 29.14% (23.5&A%) 16.83% (13.88%),

respectively.

32Note that this finding is not valid for the first beta quintilé@n estimating LTD from the Patton model.
In this case, the return spread is positive but statisyicaflignificant.
33We refer to Table DJ5 (Appendix D) for corresponding varatifinitions.
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Table 5.9: Dependent portfolio sorts: Lower tail depeneesred downside beta.

The table reports average yearly excess stock returns lee@me-month T-bill rate double-sorted on real-
ized lower tail dependence (LTD) and realized downside g&ta. First, we form quintile portfolios sorted
on downside beta. Then, within each of the five quintile mdids, we sort stocks into quintiles based on
LTD. Finally, for each of the 25 resulting portfolios, we calate average yearly excess returns. In the last
row, we report the difference between the returns of thengtemd weak LTD quintile portfolios (portfolios

5 and 1) for each of the five downside beta quintiles, where ***and * indicate significance at the 1%,
5%, and 10% level, respectively. Results are presentedatepafor each of the three tail dependence
estimators used in our empirical study, including the Mix1CLgyt, and the Patton model. Our sample
encompasses all U.S. common stocks trading on the NYSE, AMEBEX NASDAQ from January 1, 1980
to December 31, 2011.

Portfolio 1Lowgs™ 2 3 4 5 Highs~ Average

Panel A: Double-sorts for Mixd, model

1Weak LTD  -21.84%  -15.04%  -19.45%  -21.84%  -49.82%  -25.60%
2 -18.99% -7.38% -6.19% -8.40% 22.71%  -12.73%
3 -17.79% -3.29% -1.49% -0.89% -8.32% -6.36%
4 -14.53% -0.10% 2.61% 1.03% -3.19% -2.84%
5Strong LTD  -8.41% 2.26% 4.29% 4.79% 4.59% 1.50%
Strong - Weak  13.43%**  17.30%** 23.74%"* 26.63%** 54 4%** 27.10%"*
(5.31) (5.05) (6.83) (6.66) (8.93) (8.92)

Panel B: Double-sorts for Gyt model

1Weak LTD  -24.80%  -14.61%  -19.45%  -23.15%  -51.95%  -26.79%
2 -26.41% -9.69% -8.33% -9.89% -20.85%  -15.03%

3 -15.35% -2.81% -2.34% -3.39% -12.27% -7.23%

4 -12.98% -1.27% 1.75% 2.51% -2.37% -2.47%
5Strong LTD  -11.00% 2.01% 3.44% 3.83% 6.52% 0.96%
Strong - Weak  15.54%* 16.62% * 25.350% > 29.72%"> 58.4% > 29.14%
(4.15) (4.69) (6.89) (7.12) (9.78) (8.80)

Panel C: Double-sorts for Patton model

1 Weak LTD -19.07% -10.11% -12.66% -15.01% -34.49% -18.27%

2 -14.99% -4.21% -3.79% -7.41% -20.25% -10.13%
3 -16.23% -4.07% -3.50% -3.90% -14.08% -8.36%
4 -14.84% -3.69% -0.73% 0.27% -6.19% -5.04%
5 Strong LTD -12.33% 0.41% 2.22% 2.75% -0.24% -1.44%

Strong - Weak  6.74%*  10.5206* 14.88%** 17.77%"* 34.25%6* 16.83%"
(2.05) (3.69) (4.75) (5.57) (7.76) (7.22)
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Table 5.10: Dependent portfolio sorts: Lower tail depemeesnd coskewness.

The table reports average yearly excess stock returns logarrte-month T-bill rate double-sorted on re-
alized lower tail dependence (LTD) and realized coskewesskeyy. First, we form quintile portfolios
sorted on coskewness. Then, within each of the five quintil&fgios, we sort stocks into quintiles based
on LTD. Finally, for each of the 25 resulting portfolios, walculate average yearly excess returns. In the
last row, we report the difference between the returns oftteng and weak LTD quintile portfolios (port-
folios 5 and 1) for each of the five coskewness quintiles, @t#r, **, and * indicate significance at the
1%, 5%, and 10% level, respectively. Results are presepfeatately for each of the three tail dependence
estimators used in our empirical study, including the Mix1CLgyt, and the Patton model. Our sample
encompasses all U.S. common stocks trading on the NYSE, AMBX NASDAQ from January 1, 1980

to December 31, 2011.

Portfolio 1 Lowcoskew 2 3 4 5 Highcoskew  Average
Panel A: Double-sorts for Mixdy model
1 Weak LTD -19.32% -17.49% -20.94% -25.06% -19.43% -20.45%
2 -8.58% -10.16% -14.49% -17.19% -14.65% -13.01%
3 -6.32% -5.68% -10.11% -10.15% -12.46% -8.95%
4 -1.43% -1.93% -4.12% -4.78% -8.20% -4.09%
5 Strong LTD 4.76% 1.26% 1.40% -2.88% -2.32% 0.44%
Strong - Weak  24.08%*** 18.74%***  22.33%*** 22.18%*** 17.1%*** 20.89%***
(7.41) (6.41) (7.88) (5.01) (4.41) (7.21)
Panel B: Double-sorts for Gyt model
1 Weak LTD -20.27% -18.83% -22.30% -25.20% -21.34% -21.59%
2 -9.43% -11.46% -17.84% -17.42% -15.71% -14.37%
3 -6.07% -7.67% -9.66% -12.67% -14.60% -10.13%
4 -1.76% -1.44% -3.18% -7.31% -9.79% -4.70%
5 Strong LTD 2.63% 0.64% -0.06% 0.93% -1.05% 0.62%
Strong - Weak  24.69%***  21.64%*** 24.49%*** 26.62%*** 20.9%*** 23.54%***
(6.98) (6.53) (7.56) (5.22) (4.79) (7.15)
Panel C: Double-sorts for Patton model
1 Weak LTD -11.09% -11.63% -15.19% -21.06% -18.06% -15.41%
2 -9.38% -9.03% -11.23% -14.18% -14.36% -11.64%
3 -5.36% -8.92% -9.35% -10.80% -7.88% -8.46%
4 -3.70% -4.33% -8.12% -6.63% -8.72% -6.30%
5 Strong LTD 0.07% 1.36% -0.22% -3.89% -4.95% -1.53%
Strong - Weak 11.16%*** 12.98%*** 14.96%*** 17.18%*** 13.1%*** 13.88%***
(4.34) (6.06) (4.75) (4.74) (3.30) (5.70)
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Overall, we find mixed evidence on the results in Ruenzi andy&/ei(2013). Sup-
portive of their findings, our univariate and bivariate sags document that strong LTD
stocks earn significantly higher excess returns than we&k4fdcks and that this result
holds irrespective of the selected tail dependence esimaaid after controlling for the
impact of alternative risk measures. In contrast to Ruerndideigert (2013), we find
that the amount of crash risk premium is heavily affectechgyahoice of tail dependence
estimator. In view of the results from our simulations in 8&t5.3, we conclude that
the overestimation of LTD translates into overestimatimg premium investors receive
for investing in crash-sensitive stocks and that this astaretion is negatively related to
the refinement of the tail dependence model. To further tigete the robustness and
generality of this result, in the next section we conduct &irariate analysis to account

for the joint impact of additional control variables.

5.4.2.3 Multivariate analysis

Following|Ruenzi and Weigert (2013), we run multivariate laktacBeth|(1973) re-
gressions on the individual firm-level based on non-oveilagp data for the period from
1980 to 2011. We employ the same control variables and reigrespecifications as in
Ruenzi and Weigert (2013) and report the correspondingteeseparately for each of the
three tail dependence estimators in Tdble5.11. As can befsem the panels of the
table, our results on the control variables conform to tlseilis in| Ruenzi and Weigert
(2013) for the most part and are consistent with broadly geized findings from the
existing literature. For instance, irrespective of theestld tail dependence estimator,
we find the book-to-market ratio and coskewness to have diysanpact (see, e.g.,
Fama and French, 1993; Harvey and Siddique, 2000), whitesydicratic volatility and
the past 12-month excess returns have negative coeffiqantset al., 2006b, 2009).
More importantly, however, we find only slight supportiveidance for the results in
Ruenzi and Weigert (2013) with respect to LTD and, in addjtdmcument that the pric-
ing of a stock’s crash sensitivity remains heavily affedtgdhe choice of tail dependence

estimator in the presence of various return and firm chaiatits.



Table 5.11: Multivariate Fama-MacBeth (1973) regressions.

The table reports results from multivariate Fama-MacBetlY $)9egressions of yearly stock-level excess returns dvephe-month T-bill rate on various combinations of lower d@ipendence (LTD) and further
control variables separately for each of the three tail ddpace estimators included in our empirical study (Mif1CLgyT, and Patton model). We employ the same regression specifisatsoin Ruenzi and Weigert
(2013) and include the following independent variablesDIcbefficients computed from the Mixl (Panel A), Cleyt (Panel B), and the Patton model (Panel C), regutdaé well as upside ™) and downside beta
(87), market capitalization (size), book-to-market ratio (boakket), coskewnessdgskew, illiquidity (illiq), the past 12-month excess returns (past return), idioayincrolatility (idiovola), cokurtosis ¢okurf), and

the maximum daily return over the last yeand®. LTD, 83—, BT, 3, coskewidiovola, andcokurtare calculated contemporaneously to the yearly excessiredime, bookmarket, arilfiq for yeart are calculated using
data from (the end of) yedr— 1. In regressions (6) to (8) we employ the alphas from Shari®84) capital asset pricing model (capm-alpha), the threfanodel of Fama and French (1993) (ff-alpha), and Carhart’s
(1997) four-factor model (car-alpha) as the dependenthigricCorresponding definitions for all (in-)dependent aalés can be found in Ta{le .5 in Appendix D. We repestatistics in parentheses. ***, ** and *
indicate significance at the 1%, 5%, and the 10% level, réieic The bottom lines of the table report the economic ifigance of LTD and the adjusted?Rof the respective regression. Our sample encompasses al
U.S. common stocks trading on the NYSE, AMEX, and NASDAQ fromusay 1, 1980 to December 31, 2011.

Panel A: Computing LTD from the Mixdy model

1) (2) 3) (4) (5) (6) (7 (8)
return return return return return capm-alpha ff-alpha  -adpha
LTD 1.0235%*=* 0.5220** 0.2084 0.3389* 0.2466 0.2610 0.2687
(7.97) (2.53) (1.43) (1.71) (1.15) (1.34) (1.26)
B~ -0.0395** 0.0513 0.0284 0.0563 0.0525
(-2.06) (0.63) (0.34) (0.56) (0.52)
gt 0.0851*** -0.0152 -0.0082 -0.0139 0.0176
(5.11) (-0.26) (-0.13) (-0.20) (0.30)
6] -0.0497 0.0431
(-1.12) (0.55)
size -0.0004 -0.0021 -0.0166 -0.0155 -0.0174 -0.0158
(-0.13) (-0.50) (-1.45) (-1.31) (-1.43) (-1.20)
bookmarket 0.0335*** 0.0264***  0.0264*** 0.0278**  0.02#4**  0.0217***
(4.08) (3.59) (3.62) (3.73) (3.35) (2.88)
coskew 0.1170 0.1222 0.3827 0.3348 0.4238 0.3295
(1.25) (1.41) (1.26) (1.11) (1.14) (0.92)
illig -0.0300* -0.0248 0.0093 0.0136 0.0142 0.0155
(-1.89) (-1.67) (0.74) (1.11) (1.10) (1.14)
past return -0.0469 -0.0718*** -0.0690** -0.0653**  -0.0849***
(-1.35) (-2.77) (-2.56) (-2.48) (-3.39)
idiovola -6.9824**  -12.0499*** -12.5346*** -12.8052** -13.5515**
(-2.24) (-2.83) (-2.92) (-2.65) (-2.64)
cokurt -0.0038 -0.0541 -0.0781 -0.0887 -0.1158
(-0.07) (-1.03) (-1.47) (-1.31) (-1.69)
max 0.5303 0.6797* 0.6425 0.7238* 0.7288*
(1.15) (1.75) (1.68) (1.85) (1.90)
constant -0.2333**  -0.1078**  -0.0976*  0.1149** 0.1887**  0.1990** 0.1806 0.2121*
(-4.28) (-2.70) (-1.80) (2.06) (2.20) (2.23) (1.69) (1.86)
Econ. sign. LTD 0.0870 - 0.0444 0.0177 0.0288 0.0210 0.0222 .022B
Adj. R? 0.0264 0.0329 0.1016 0.1487 0.1963 0.2130 0.1620 0.1624
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Table 5.11: Multivariate Fama-MacBeth (1973) regressicogatjnued).

Panel B: Computing LTD from the Gyt model

1) ) ®3)

(4)

(®)

(6)

@)

(8)

return return return return return capm-alpha ff-alpha -atpha
LTD 0.7546*** 0.7242**  (0.4556* 0.2955 0.2019 0.3792 0.2B5
(6.29) (4.33) (1.81) (1.42) (1.10) (1.69) (1.61)
8- -0.0395** 0.0311 0.0046 0.0227 0.0210
(-2.06) (0.52) (0.08) (0.31) (0.29)
gt 0.0851*** 0.0139 0.0194 0.0226 0.0471
(5.11) (0.22) (0.30) (0.33) (0.81)
Jé] -0.0951** 0.0110
(-2.07) (0.16)
size -0.0105 -0.0081 -0.0148* -0.0130* -0.0164* -0.0131
(-1.67) (-1.08) (-2.09) (-1.84) (-1.81) (-1.50)
bookmarket 0.0325**  0.0276***  0.0258*** 0.0256*** 0.02@*** 0.0196**
(3.65) (3.79) (3.41) (3.15) (3.05) (2.39)
coskew 0.0477 0.1356 0.2230 0.1675 0.2037 0.1243
(0.54) (1.63) (0.94) (0.71) (0.74) (0.47)
illiq -0.0273** -0.0242 0.0031 0.0064 0.0006 0.0023
(-2.10) (-1.57) (0.23) (0.50) (0.05) (0.18)
past return -0.0525 -0.0617* -0.0590* -0.0697* -0.0905**
(-1.51) (-1.92) (-1.71) (-1.89) (-2.50)
idiovola S7.A4774%% -13.1295%**  -13.3992***  -12.6675*** -12.8374**
(-3.32) (-5.11) (-5.53) (-5.10) (-4.73)
cokurt -0.0041 -0.0347 -0.0587 -0.0805 -0.1026*
(-0.11) (-0.82) (-1.33) (-1.43) (-1.83)
max 0.5368 0.7174* 0.6666 0.6657 0.6674*
(1.28) (1.79) (1.66) (1.66) (1.73)
constant -0.1653**  -0.1078** -0.055 0.1325** 0.2145** . P270*** 0.2331*** 0.2331***
(-3.13) (-2.70) (-1.07) (2.58) (4.28) (4.29) (3.33) (3.33)
Econ. sign. LTD 0.0845 - 0.0811 0.0510 0.0331 0.0226 0.0425 .031®
Adj. R? 0.0225 0.0329 0.1116 0.1868 0.2059 0.2161 0.1798 0.1732
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Table 5.11: Multivariate Fama-MacBeth (1973) regressicogatjnued).

Panel C: Computing LTD from the Patton model

1) @ ®3) 4 ®) (6) (7) (8)
return return return return return capm-alpha ff-alpha -atpha
LTD 0.8735*** 0.2772 -0.1459 0.2657 0.2679 0.5874 0.5517
(7.01) (0.83) (-0.43) (0.66) (0.67) (1.25) (1.31)
8- -0.0395** 0.0934 0.0661 0.0772 0.0710
(-2.06) (1.15) (0.81) (0.74) (0.68)
gt 0.0851** -0.0544 -0.0463 -0.0749 -0.0551
(5.11) (-0.67) (-0.55) (-0.72) (-0.56)
Ié] -0.0029 0.0737
(-0.08) (1.14)
size -0.0004 0.0008 -0.0098 -0.0077 -0.0114 -0.0089
(-0.10) (0.13) (-1.17) (-0.90) (-1.06) (-0.84)
bookmarket 0.0309*** 0.0251**  0.0215** 0.0210** 0.0182* 0.0171*
(3.09) (3.10) (2.29) (2.05) (1.87) (1.71)
coskew 0.0387 0.1271 0.3797 0.3010 0.3576 0.2771
(0.42) (1.57) (1.15) (0.91) (0.89) (0.69)
illiq -0.0362*  -0.0388* -0.0181 -0.0156 -0.0172 -0.0145
(-1.99) (-1.89) (-1.09) (-1.05) (-1.03) (-0.88)
past return -0.0681*  -0.0769*** -0.0737** -0.0618** -0.0763***
(-1.90) (-2.77) (-2.51) (-2.16) (-3.10)
idiovola -6.4751*  -11.8111** -12.1595*** -12.7624*** -13.0676**
(-1.84) (-3.28) (-3.37) (-2.90) (-2.91)
cokurt 0.0042 -0.0322 -0.0660* -0.0634 -0.0827*
(0.08) (-0.94) (-2.03) (-1.54) (-1.92)
max 0.4445 0.6028 0.5504 0.7293* 0.7134*
(1.00) (1.56) (1.46) (1.96) (2.01)
constant -0.1234*  -0.1078**  -0.0599 0.1186*  0.2261*** . DU10*** 0.2262** 0.2508**
(-2.71) (-2.70) (-1.33) (2.09) (3.59) (3.68) (2.46) (2.62)
Econ. sign. LTD 0.0577 - 0.0183 -0.0096 0.0175 0.0177 0.0388 0.0364
Adj. R? 0.0111 0.0329 0.0882 0.1691 0.1872 0.1977 0.1275 0.1157
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To be precise, in regression (1) we only include LTD as extlany variable and
confirm our above finding that LTD has a strongly positive aighly significant impact
on excess returns for each of the three LTD estimators, \wighcbrresponding coeffi-
cients varying from 0.7546 (Gdyt model, Panel B) to 0.8735 (Patton model, Panel C)
and 1.0235 (Mixgy model, Panel A). Including the control variables in regrass (3)
to (8), however, drives out most of the significance and tesola positive but statis-
tically insignificant impact of LTD on excess returns andhap. Regarding the results
for the Mix1gy model in Panel A, we can see from the estimated coefficientsgres-
sion (3) that including regular beta, firm size, the book¥tarket ratio, coskewness, and
thelAmihud (2002) measure of illiquidity as control varieblsubstantially lowers the
coefficient of LTD (and, consequently, its economic sigaifice) as well as its statisti-
cal significance. While being around 1.0235 and statisticafinificant at the 1% level
in regression (1), the coefficient is only half as high in esgion (3) and significant at
the 5% level. Further including the remaining controls igressions (4) to (8) addi-
tionally lowers both economic and statistical significantéhe coefficient on LTD and,
hence, provides somewhat contradictory evidence thattisnniine with the results in
Ruenzi and Weigert (2013). As can be seen from Panels B and<iiing remains
valid when computing LTD coefficients from the gl and the Patton model. Regard-
ing the former, we find LTD to have a positive and significanp&aot on excess returns
in regressions (3) and (4), with the corresponding coeffisiamounting to 0.7242 and
0.4556, respectively. Replacing regular beta by downsideugside beta (regression (5))
and employing firm-individual yearly alphas estimated friiva CAPM (Sharpe, 1964),
the.[Fama and French (1993), andithe Carhart (1997) modetatsgly, as the dependent
variable (regressions (6) to (8)), however, results infp@sbut insignificant coefficients
ranging from 0.2019 to 0.3792. Using the Patton model yetlidiegpthe contradictory
evidence and results in a statistically insignificant inigdc_TD in any but the univariate
regression specification in ().

To investigate how the economic impact of LTD on excess nstwaries across the

34Note that regression (4) in Panel C even yields a negativiribignificant) coefficient on LTD.
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three LTD estimators, the bottom line of the panels in Tabld eports the economic
significances for regressions (1) and (3) to (8) for eachredtr. As can be seen from
the results, the economic significance of LTD varies conaiolg across the estimators
with the less sophisticated estimators implying a greatenemic significance of LTD.
To be precise, regarding regression (1) the Mixand CLg,t model imply an economic
significance of about 8%, while the economic significancalteg from the Patton model
is around 5%. That is, a one-standard-deviation increak&bnresults in an increase in
excess returns of about 8% for the Migland Clgyr model and an increase of 5% for
the Patton model. Further examining the results, we findtbiea¢conomic significance of
LTD is negatively related to the refinement of the LTD estionat hus, the overestimation
of the variation and magnitude of LTD by the less sophistiddiT D estimators found in
our simulations in Sectioh 5.3 finally translates into oyesptimistic estimates of the
economic significance of LT

Overall, we can draw two conclusions from the results of tam&MacBeth[ (1973)
regressions. On the one hand, we find only slight supporindeace on LTD being
a priced factor in the cross-section of stock returns. Whdmdp highly significant in
the univariate regressions, the impact of LTD becomes liggsfisant when including
further control variables and finally vanishes in the fuiression specifications. On the
other hand, the economic significance of LTD varies conalolgracross the different
LTD estimators indicating that the choice of tail dependeestimator is critical. Thus,
we cannot confirm the finding in_Ruenzi and Weigert (2013) that gricing of crash

sensitivity is independent of the tail dependence coefft@stimation procedure.

5.5 Conclusion

In this paper, we have demonstrated that several estimatdesl dependence used

in the finance literature produce severely biased estimaspgcially when static models

3Note that Ruenzi and Weigert (2013) find that a one-standaviation increase in LTD leads to an
increase in the Carhart (1997) four factor alpha of 5.01%cadmtrast, our results in Talle 5111 indicate a
considerably lower economic significance of 2.28% for th&1di,, 3.19% for the Ckyt, and 3.64% for
the Patton model.
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are used to describe time-varying extreme dependence ansdatples. Estimators that
do not account for time-varying tail dependence or that acerrectly used (e.g., using
Maximum Likelihood in finite mixture models), and nonpardreeestimators regularly

overestimate the actual level of tail dependence in siradlaamples. Our findings sug-
gest that several key results from the financial econontiesature like, e.g., the studies
of |Okimoto (2008), Kang et all (2010), Garcia and Tsafackl(30Ruenzi and Weigert

(2013), and Ruenzi et al. (2013) need to be treated with cafreasctual extreme depen-
dence in asset prices could be lower than stated in thetlirera

We confirm this conjecture from our Monte Carlo experiments ibomprehensive
empirical analysis of the factors that drive the crossigeat variation of U.S. stocks be-
tween 1980 and 2011. Several estimators of tail dependéatéave been extensively
used in the previous literature significantly overestintiaédevel of lower tail dependence
inherent in stock returns. Furthermore, we show that thegesgatic overestimation of the
extreme dependence between the returns on individual stmo#t the market index di-
rectly translates into asset pricing. Contrary to previondifigs in the literature, we find
that an individual stock’s crash-sensitivity with the metrks not a priced factor in the
cross-section of stock returns. Even more surprisingly,statistical and economic sig-
nificance of a stock’s crash-sensitivity in portfolio soatsd multivariate regressions of
stock returns critically depends on the choice of tail delesmce estimators. Less sophis-
ticated estimators lead to significantly stronger evidensipport of the hypothesis that
stocks with strong contemporaneous crash sensitivityasfdgpm stocks with a low crash
sensitivity with the market.

The implications of our article for future investigatiomga the role of extreme depen-
dence in financial economics are simple, yet important. Ghgasstatic, nonparametric,
or statistically incorrectly estimated model for measgextreme dependence in financial
assets invalidates any conclusions drawn from potentiglicgiions, e.g., in asset pric-
ing. Economic intuition and previous findings in the litena (even from those studies
that later on employ static models) state that extreme dbpere in most financial data

(stock, bond, option, CDS prices) is time-varying. Consetlyefuture studies in this
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field need to account for the time-variation in extreme deeece by using sophisticated

dynamic models, of which some have been proposed almostaeeago.



Appendix A

Supplementary Material for Chapter 2

A.1 Are CDS spreads sensitive to crashes in equity mar-

kets?

Although the findings in our main analysis are consistenhwhie notion of risk-
averse CDS investors, we now consider an alternative sofijoebcrash risk. It could
be argued that sellers of credit protection do not price dividual bank’s exposure with
respect to the CDS market, but rather consider the exposuhe dfank to stock market
crashes as a determinant of default Hsﬂtence, in the following we repeat our benchmark
regression this time using the lower tail dependence (LTd2ffecient estimated between
the respective equity return series and the return on tlok gioce index.

We define our variabl&quity tail betaas the equity LTD coefficient and simply cal-
culate the stock price index as the daily equally-weightentage stock return over all 35
bankg Equity tail beta is estimated using the DAC model of Chrigirden et al. (2012).
To generate white-noise residuals, we first apply the NGARCHehof Engle and Ng
(1993) to the univariate return series assuming that then@novations follow a skewed

t distribution (see Hansen, 19@1)ln a second step, we then estimate bivariate DAC

1This argument is in spirit of the theoretical model of Actegt al. (2010). They associate systemic
risk with an undercapitalization of a bank when the market a#ole is undercapitalized.

2Ruenzi and Weigert (2011.3) refer to stocks with high valueSTdd as crash-sensitive stocks.

3More precisely, to account for serial correlation in theiretseries, we apply the NGARCH model to
the residuals from autoregressive models of order twa, $estGffersen et all (2012) for details.
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models on the basis of the NGARCH filtered equity return serigis gach estimation
employing the filtered returns on the corresponding bangisitg prices and the price
index. Finally, equity tail betas are estimated from the DAGdels using numerical
integration.

The results given in Columns (1) and (2) of TablelA.6 show thatroain finding is
robust to the additional inclusion of the banksjuity tail beta In fact, theEquity tail

betaenters both regressions with an insignificant coefficient.

A.2 Conceptual differences of tail beta and alternative
risk measures: A Monte-Carlo simulation study.

This section performs an in-depth analysis of the relatietwken tail beta as intro-
duced in Sectioh 212 and alternative risk measures. Fopthisose, we conduct a com-
prehensive Monte-Carlo simulation study and provide nucaégvidence on the concep-
tual differences between tail beta and regular beta, ugsidedownside beta, as well as
coskewness. Complementing our empirical study in SeCti@n#e show that the differ-
ences between tail beta and the alternative risk measweesdher driven by chance nor
a purely empirical phenomenon. Moreover, our simulatidgisthat the dependence in
the extreme tails of a bivariate distribution, i.e., theg@osity of both variables to jointly
experience an extreme surge (or crash) is only capturedebtathbeta. In contrast, all
alternative measures of co-movement that we consider imalwstness do not pick up
differences in extreme dependence in these simulations.

The simulation design of our Monte-Carlo study is as followstst, we specify a
bivariate dynamic copula model and simulédte= 1,000 independent observations and
tail dependence coefficients from the specified copula. kecarsd step, we then specify
the marginal distributions and transform the copula data @nbivariate time series of
returns. Finally, we apply the alternative risk measurekesimulated returns. We repeat
these steps for a total df = 500 times and compare the averages of the alternative risk

measures to average simulated tail dependence coefficients
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More precisely, to illustrate the differences between daphendence (i.e., tail beta)
and regular beta, upside and downside beta, as well as cnskeywe choose to simulate
copula data from the tail-dependemopula and the tail-independent normal copula using
the|Patton|(2006) dynamics to account for time variationhie dependence structure.
Formally, tail dependence coefficients for bheopula,{n}tT:l, are simulated according

to

- Vv + 11— py
Ty = 2ty 41 (— m ) (A1)

with the correlation dynamics being given by

1 Jo
pr = A <0J + Bps—1 + 041—0 ;tgl(ul,t—i)t;l(uu—i)> (A2)

whereA(z) = (1—e*)(1+e*)"!is a normalizing function ang, ' denotes the quantile
function of a standard univariat&jistributiorg

With {uLt,uQ’t}tT:l denoting the simulated copula data, we then use GARCH(1,1)
processes with standardlistributed innovations to specify the marginal densiéied to

transform the copula data into time series of retufng,, r»,},_, . Thatis,

Tit = hi,tzi,tv Zi,t|}—i,t—1 ~ 1y,

(A3)
hi,t = + Clﬂ”it_l + bihiﬂg_l
whereF; , denotes the information available on tile series up to and including tinte
i=1,2andt=1,..,T.

Regular betaf), upside 6;%) and downside betﬁg%), as well as coskewnessoskew

“Note that, for the normal copula, we have = 0 and replace; ! by the quantile function of the
standard normal distributio® .
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are then calculated according to

5 COV(TM,TM) + COV(T1,t77“2,t|7’2,t > r‘é,t) - COV(Tl,t7T2,t|T2,t < 7’(2]715)
var(ry,) = 9% var(ry|ray > 13 ,) T Pa% var(ry|ra, < r3,)
(A4)
and
E . - 3
coskew= (e — o) (rae = 1i20)°] (A5)

A/ Var(rl,t)var(rlt)?’/z

whererj , andyu;, denote thejth quantile and average return, respectively.

With 65 = (w, 8, a,v)" and#¢ = (w,8,a)" denoting the parameter vectors of the
dynamict and normal copula, respectively, and with = (v;, ¢;, a;, bi)T being the pa-
rameter vectors of the marginal GARCH processes, we spedfgdpendence structure

and the marginals in our simulation study by setting

6° = (0.5,0.9,0.6,10)", 65 = (0.5,0.9,0.6)" (A6)

and

0 = (0.0005,0.1,0.85,5) ", 0 = (0.0001,0.05,0.9,10)" (A7)

The results from our simulation approach are reported ineEaB.7 and A.8 as well as in
Figured A1 and Al2.

The plots given in Figurels A1 and A.2 show several key finglingirst, the time
evolution, variation, and level of all alternative risk rsages do not appear to differ sig-
nificantly between the tail dependent and tail independatda damples. While their is
some variation in these measures across the two samplepeias that the presence of
significant tail dependence is not captured by any of thesesares. Second, the time
evolution of neither alternative measure exhibits a plat trould be regarded as similar

to the plot of the tail dependence for the sample fromttloepula. Again, it appears
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that none of the alternatives is able to capture the levehetime evolution of the tail
dependence inherent in the data. Turning to the resultstezpim Tabld A.8, we can see
that the correlations between all risk measures undeftiisefinding as the correlations
between the tail dependence coefficient and any alternedivge between just -10.8%
and 10.5%. In contrast, the correlations between the altieenrisk measures underline
the notion that the alternative measures of co-movemenaladosely related to each
other. Conversely, the plots given in FiglrelA.2 highlighttall alternative measures ex-
hibit considerable time variation while the tail dependentthe data is constantly zero.
Consequently, the differences we find between our tail betdt@competing alternative
measures should be due to the conceptual differences rdigf@itions rather than being
a purely empirical phenomenon.

In summary, we find two major conceptual differences betwaenmeasure of tail
risk and the alternatives used in our robustness checkst, kircontrast to the linear
alternative betas that measure the co-movement espeiciadlig middle of the bivariate
distribution, our tail beta measures an asymptotic prditalof an observation being in
the extreme tail of the joint distribution. Second, simigas reveal that all alternatives
strongly depend on the distribution of the marginal modslsvall, whereas the tail beta
is a function of the copula only. As a result of this, the adtgive betas and coskewness
cannot sufficiently describe an increase in the extremerdbpee in either credit or

equity.
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Figure A.1: Simulating from a Student<opula: Tail dependence and alternative risk
measures.

The figure depicts the evolution of average simulated tgiledelence coefficients and average values of
simulated regular beta, upside, and downside beta, as welbskewness. First, we specify a bivariate
dynamic Student’s copula model and simulafé = 1,000 independent observations and tail dependence
coefficients from the specifiedcopula. In a second step, we then specify the marginal bligions via
GARCH(1,1) processes with standardistributed innovations, and transform the copula dataarivari-

ate time series of returns. Finally, we estimate the altermaisk measures on the basis of the simulated
returns by applying the formulas [n_A4 ahd]A5 to rolling windof 100 observations. We repeat these
steps for a total ofX = 500 times and plot average simulated tail dependence coefficenwell as the
averages of the alternative risk measures. The dynamit®otbpula are captured [n A2 and specified by
(0.5,0.9,0.6,10)". The GARCH(1,1) processes[iiA3 are specifieddBy= (0.0005,0.1,0.85,5) " and

g = (0.0001,0.05,0.9,10) .
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Figure A.2: Simulating from a normal copula: Alternativekimeasures.

The figure depicts the evolution of average values of siredlaégular beta, upside, and downside beta, as
well as coskewness. First, we specify a bivariate dynamimabcopula model and simulaié = 1, 000
independent observations from the specified normal cofuiasecond step, we then specify the marginal
distributions via GARCH(1,1) processes with standadistributed innovations, and transform the copula
data into a bivariate time series of returns. Finally, wéneste the alternative risk measures on the basis
of the simulated returns by applying the formulag in A4 Bndté%olling windows of 100 observations.
We repeat these steps for a total’of= 500 times and plot the averages of the alternative risk measures
The dynamics of the normal copula are specified®§, 0.9, 0.6)T. The GARCH(1,1) processes[in A3 are

specified byd7" = (0.0005,0.1,0.85,5)" andéy* = (0.0001,0.05,0.9,10) .
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Table A.1: Sample banks.

The table lists all sample banks. Shown are the company naththa ticker symbol as they appear in the
Worldscopealata items WC06001 and WCO05601.

Bank Ticker symbol
Allied Irish Banks AIBSF
Alpha Bank ALPHA
Banca ltalease BILMI
Banca Monte dei Paschi di Siena BMDPF
Banca Popolare di Milano BPMLF
Banca Popolare Italiana BPI
Banco Bilbao Vizcaya Argentaria BBVA
Banco Comercial Portu@gs BPCGF
Banco Esfrito Santo BKESF
Banco Pastor BCPSF
Banco Popular Espanol BPESF
Banco Portugés de Investimento BBPI
Banco Sabadell SAB
Banco Santander Central Hispano SAN
Bank of Ireland IRLBF
Bankinter BKT
BNP Paribas BNP
Commerzbank CBK
Crédit Agricole ACA
Deutsche Bank DBK
Dexia Group DEXB
EFG Eurobank Ergasias EFG
Erste Group Bank EBKOF
Fortis FSVVF
IKB Deutsche Industriebank IKB
ING Bank ING
Intesa Sanpaolo IITSF
Irish Life and Permanent ILB
KBC Group KBC
Mediobanca MDIBF
Natixis KN
Sockété Gérérale GLE

UBI Banca UBI
Unibail Holding UNBLF
Unicredito ltaliano CRIH




Table A.2: Descriptive statistics of equity log returns.

The table presents descriptive statistics on daily eqoigyreturns of the 35 sample banks for the period from Janugdy 29 October 2010. We report the number of observations, mmimud maximum values,
percentiles and moments as well as first order autocorretafienoted as AC(1)), where the minimum and maximum of each colarpririted in bold type. Except for the number of observatisksyness and
(excess) kurtosis, all entries are denominated in %. Compames are abbreviated by their corresponding Bloomberg teykebols listed in TableAl1 in Appendix A.

Percentiles Moments

Obs Min 1st 5th 20th  80th  95th 99th Max Mean St. Dev. Skewnesscc. Eurt. AC(1)
ACA 1760 -14.35 -791 -410 -148 145 391 790 2336 -0.02 .702 0.42 8.20 2.49
AIBSF 1760 -88.24 -1553 681 -182 137 631 16.37 3287 -0.18 5.09 -2.91 57.223.34
ALPHA 1760 -12.91 -7.79 -450 -1.80 1.71 4.16 7.75 1392 -0.05 2.73 0.01 2.97 4.00
BBPI 1760 -11.65 -521 -296 -101 095 281 541 23.02 -0.03 1.95 1.08 16.35 -0.63
BBVA 1760 -13.67 -6.54 -297 -115 108 285 5,90 19.91 0.00 .042 0.43 11.02 8.39
BCPSF 1760 -10.19 472 -282 -107 097 271 5.37 1233 2-0.0 1.73 0.36 4.98 2.96
BILMI 1257 -29.02 -12.12 -538 -2.08 168 525 10.73 65.01 -0.12 4.33 3.13 51.74 -2.53
BKESF 1760 -9.59 -5.11 -2.67 -0.70 0.65 2.26 5.05 12.88 -0.04 1.66 0.45 9.93 10.49
BKT 1760 -8.41 -560 -342 -121 110 3.36 591 1354 -0.01 092 0.67 5.50 -2.93
BMDPF 1760 -11.79 -493 -293 -1.14 108 290 485 1234 400 1.82 -0.05 5.12 6.33
BNP 1760 -18.93 -7.75 -347 -136 130 3.34 7.09 18.98 0.00 512. 0.47 11.74 -2.44
BPCGF 1760 -13.05 -548 -324 -117 103 311 551 1543 5-0.0 1.98 0.25 5.91 9.20
BPESF 1760 -10.06 -6.19 -3.16 -1.06 094 271 6.68 18.80 4-0.0 2.02 0.76 10.08 7.33
BPI 1760 -17.87 -7.12  -368 -122 119 351 719 1552 -0.06 .452 -0.30 9.15 10.42
BPMLF 1760 -14.55 -578 -3.18 -1.36 133 3.22 5.73 20.15 200 216 0.43 8.80 0.35
CBK 1760 -28.25 -9.16 -434 -151 147 425 8.73 1946 -0.05 .023 -0.36 12.18 5.00
CRIH 1760 -14.05 -7.86 -3.78 -131 119 344 7.36 19.01 -0.04 2.58 0.21 9.98 0.99
DBK 1760 -18.07 -832 -376 -136 130 3.34 771 2231 -0.02 592 0.38 12.42 6.38
DEXB 1760 -35.17 -957 -432 -135 121 4.00 9.04 2893 -0.08 3.19 -0.43 2254  10.06
EBKOF 1760 -20.01 -10.09 -446 -1.67 166 450 1035 17.03 010. 3.10 -0.18 7.13 6.87
EFG 1760 -11.12 -7.36 459 -179 152 433 822 1431 -005 .742 0.31 3.24 8.19
FSVVF 1760 -149.49 -10.31 -458 -1.38 132 411 1122 2589 -0.11 4.84 -16.80 516.56  4.90
GLE 1760 -16.91 -833 -406 -143 144 388 8.26 2143 -0.02 .692 0.05 8.43 7.71
IITSF 1760 -18.46 -7.56 -329 -121 129 3.05 6.13 1796 100 231 -0.11 12.15 4.68
IKB 1760 -27.27 -10.66 -488 -155 115 381 9.42 49.27-0.19 3.60 2.09 37.19 -7.70
ILB 1760 -69.31 -14.79 -6.20 -1.81 165 6.63 1299 36.77 30.1 5.01 -2.14 35.34 1155
ING 1760 -32.14 -1154 -454 -143 138 415 9.75 25.65 -0.04 3.38 0.04 16.86 3.49
IRLBF 1760 -79.31 -1569 -6.55 -1.99 146 7.04 17.74 39.27 -0.14 5.36 -1.35 36.99 5.39
KBC 1760 -28.66 -13.10 -490 -1.36 148 438 1225 4048 100 3.70 -0.12 2095 11.23
KN 1760 -19.22  -10.79 -492 -149 148 462 1045 3279 -0.02 3.32 0.70 13.58 6.13
MDIBF 1760 -10.04 -467 -251 -1.03 100 261 452 1533 100 1.67 0.38 7.12 2.95
SAB 1760 -7.95 -433 -231 -092 084 214 3.99 16.78 0.00 1.50 0.81 12.54 4.13
SAN 1760 -12.72 -7.00 -3.09 -109 115 297 5.93 20.88 0.00 142. 0.46 11.70 1.35
UBI 1760 -13.14 -580 -281 -1.01 099 243 555 1151 -0.04 .791 -0.05 7.22 -2.44
UNBLF 1760 -18.36 -5.10 -3.08 -1.12 127 291 5.38 8.81 0.04 1.89 -0.56 7.00 -3.33
Average 1746 -26.11 -828 -3.95 -136 126 3.74 8.07 22.91.05-0 2.79 -0.33 29.42 4.69
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Table A.3: Variable definitions and data sources

The table presents definitions as well as data sources fdepéindent and independent variables that are used in the@hgiudy.
The bank CDS and equity data are taken frénedit Market Analysi§CMA) and theThomson Reuters DatastreddS) database.
The country control variables are taken fradatastreamand from theOECD statistics Databas@OECD). EST indicates that the
variable is estimated or computed based on data from the teapdata source(s).

Variable name

Definition Data source

CDS spreads

Volatility
Risk-free interest rate

CDS tail beta

Firm value
Business climate

GDP growth

Slope

Beta

Upside beta (median,
80%, 90%, 95%)

Coskewness

MES

Equity tail beta

Daily end-of-quarter CDS spreads, denotedsia paints and obtained fro@redit CMA, DS
Market Analysis (CMA)

End-of-quarter VSTOXX implied volatility indexalues. DS
1-year Euro interest rate swap |&idmarket rate, denoted in per cent. ISDA, DS

End-of-Quarter upper tail dependence (UTRffments estimated between the logDS, EST
differences of the banks’ CDS spreads and the log differené¢he spread index.
UTD coefficients are computed from the Dynamic Asymmetric CoDRC) model
as proposed in Christoffersen et al. (2012). UTD time serniedikered using a sim-
ple moving average including a lag of the past 20 trading days.

Quarterly arithmetic bank stock returns denategokr cent. DS, EST
End-of-quarter values of the S&P 500 index. DS, EST

Country-level GDP growth rates in comparison ®vjmus quarter, denoted in per OECD
cent.

A country’s respective 10-year minus 2-year governioent benchmark yields. DS

Realized regular beta calculated on the basis of daiydifferences of CDS DS, EST

spreads from rolling windows of 100 data points accordingh® definition :=
COV(R; ¢, Rm,t)
var(Rom,¢) °

Realized upside beta defined as regular beta conditionah@hoy differences of DS, EST
the CDS index being above its median (50% quantile) and its, @%b, and 95%
quantiles, where the computation is based on daily log diffees of CDS spreads
and implemented via rolling windows of 100 data points. Wifg’t denoting the
respective quantile of the log-differenced spreads, thedb definition is given by
COV(R; ¢, R, t|Rm >R )
var(Rm,t|Rm,t>R;’n't)'

Be% =

Realized coskewness based on daily log diffeseof CDS spreads and com-DS, EST
puted from rolling windows of 100 data points according toskawness
E[(Ri,e—#i,0) (Rt —Hm,0)°]

Var(R; p)var( R, £)3/2

Marginal Expected Shortfall calculated from altervatmodels including the static DS, EST
MES according to_Acharya etlal. (2010) as well as various dhjoanodel speci-

fications proposed in_Brownlees and Engle (2012). Static NEGmputed non-
parametrically from rolling windows of 100 data points, ahd tlynamic MES mod-

els include the VCT model, the Dynamic Conditional Beta modetelas the Dy-

namic Conditional Copula model that is based on Patton’s (P@@6amict-copula

(see Brownlees and Engle, 2012, for details).

End-of-Quarter lower tail dependence ()LTddefficients estimated between theDS, EST
banks’ equity return series and the returns on the stock pmtex. LTD coefficients
are computed from the Dynamic Asymmetric Copula (DAC) model apgsed in
Christoffersen et all (2012). LTD time series are filtereshgsi simple moving aver-
age including a lag of the past 20 trading days.




Table A.4: Panel benchmark regressions (bid-quotes)

The table reports results from bank-fixed effects regressiio first differences of quarterly CDS bid-spreadsGipS tail betaand further control variables. We estimate the
following regression model:

ACDS;; = a + 1 - AFirm valug ; + (32 - Alnterest ratg; + 85 - AVolatility;  + v - ACDS tail beta; + 0 - AX;+ + ¢+

whereX; ; denotes the set of further control variabl@&usiness climateGDP growth and theslope of the yield curveColumn (1) reports results for the regression using
the variables suggested by theory. In Column (2), we askessdlated explanatory power of the coefficient@nS tail beta Column (3) denotes our baseline regression.
Columns (4) to (6) report estimation results when includimgher relevant controls. Bank-fixed effects are includedll regressions. Corresponding t-statistics are rejlort
in parentheses. Standard errors are clustered at the bagilated adjusted for heteroskedasticity. ***,** * denoteefficients that are significant at the 1%, 5%, and 10%
level, respectively. All variables and data sources arenddfin Tablé A.B in Appendix A.

(1) (2) ) 4) (5) (6)
AFirm value -0.124 -0.135 -0.118 -0.118 -0.101
(1.56) (1.68) (1.49) (1.49) (1.23)
Alnterest rate 0.924 -0.748 9.421 9.785 7.508
(0.17) (0.13) (2.92)* (1.96)* (0.89)
A\Volatility 6.921 6.831 5.633 5.631 5.63
(8.86)*** (9.00)***  (6.98)***  (7.03)***  (7.05)***
ACDS tail beta 1.725 1.501 1.329 1.263 1.282
(2.96)***  (3.85)***  (3.40)***  (3.24)***  (3.20)***
ABusiness climate -0.133 -0.14 -0.14
(3.30)***  (3.26)***  (3.20)***
AGDP growth 2.121 1.948
(1.19) (2.07)
ASlope -6.251
(0.36)
Constant 9.537 9.299 8.224 8.927 9.013 8.906
(30.47)x**  (22.21)*** (17.75)*** (19.43)*** (18.64)*** ( 15.00)***
Bank-fixed effects Yes Yes Yes Yes Yes Yes
Clustered SE Yes Yes Yes Yes Yes Yes
Adj. R? 0.24 0.01 0.25 0.26 0.26 0.26
Obs 868 865 865 865 865 865
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Table A.5: Panel benchmark regressions (ask-quotes)

The table reports results from bank-fixed effects regressio first differences of quarterly CDS ask-spread<@s tail betaand further control variables. We estimate the
following regression model:

ACDS;; = a + 1 - AFirm valug ; + (3 - Alnterest ratg; + 83 - AVolatility; » + v - ACDS tail beta, + 0 - AX;+ + ¢+

where X, , denotes the set of further control variabl@uisiness climateGDP growth and theslope of the yield curveColumn (1) reports results for the regression using
the variables suggested by theory. In Column (2), we ashessdlated explanatory power of the coefficient@nS tail beta Column (3) denotes our baseline regression.
Columns (4) to (6) report estimation results when includimgher relevant controls. Bank-fixed effects are includtedll regressions. Corresponding t-statistics are reort
in parentheses. Standard errors are clustered at the baeilaled adjusted for heteroskedasticity. ***** * denoteefficients that are significant at the 1%, 5%, and 10%
level, respectively. All variables and data sources aranddfin Tablé_ A.B in Appendix A.

(1) (2) (3) 4) (5) (6)
AFirm value -0.135 -0.145 -0.127 -0.126 -0.106
(2.01)* (2.10)** (1.86)* (1.86)* (1.43)
Alnterest rate 0.578 -0.832 10.205 10.42 7.627
(0.12) (0.17) (2.48)** (2.46)** (0.99)
A\Volatility 6.24 6.162 4.862 4.861 4.86
(9.10)*** (9.22)***  (7.17)***  (7.20)***  (7.25)***
ACDS tail beta 1.432 1.237 1.05 1.011 1.035
(2.75)***  (3.62)***  (3.10)***  (2.98)***  (2.95)***
ABusiness climate -0.144 -0.148 -0.148
(3.73)x**  (3.61)***  (3.54)***
AGDP growth 1.256 1.044
(0.69) (0.56)
ASlope -7.668
(0.47)
Constant 9.173 9.041 8.063 8.826 8.877 8.746
(33.06)*** (24.21)*** (20.73)*** (23.78)*** (22.09)*** ( 16.58)***
Bank-fixed effects Yes Yes Yes Yes Yes Yes
Clustered SE Yes Yes Yes Yes Yes Yes
Adj. R? 0.24 0.01 0.25 0.26 0.26 0.26
Obs 868 865 865 865 865 865
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Table A.6: Are CDS spreads sensitive to crashes in equity ets®k

The table reports results from bank-fixed effects regressio first differences of quarterly CDS mid-
spreads oI€DS tail beta Equity tail beta and further control variables.

ACDS;; = a + 1 - AMerton-typg ; + v - ACDS tail beta, + v - AEquity tail beta; + 0 - AX; ¢ + ¢+

Firm value, interest rate and volatility are the Mertoneygontrol variables. Column (1) reports results
form our benchmark regression, this time including an ggoésed measure of tail risiEquity tail beta

In Column (2), we include bot@DSandEquity tail betaas well as further controls denoted Ky .. Bank-
fixed effects are included in all regressions. Correspantstatistics are reported in parentheses. Standard
errors are clustered at the bank level and adjusted fordsiedasticity. ***,** * denote coefficients that
are significant at the 1%, 5%, and 10% level, respectively.vadiables and data sources are defined in
Table[A3 in Appendix A.

(2) (2)
A Firm value -0.095 -0.105
(1.22 (1.33)
Alnterest rate 10.499 8.36
(1.29) (2.02)
AVolatility 5.574 5.588
(7.29)***  (7.45)***
ACDS tail beta 1.221
(3.25)***
AEquity tail beta -0.541 -0.588
(1.48) (1.64)
ABusiness climate -0.144 -0.135
(3.85)***  (3.36)***
AGDP growth 2.483 1.995
(1.40) (1.05)
ASlope -4.815 -5.203
(0.28) (0.30)
Constant 10.09 8.95

(24.37)%*  (15.53)**

Adj. R? 0.25 0.26
Avg. obs 868 865
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Table A.7: Summary statistics of risk measures estimatad fimulated data.

The table reports summary statistics on simulated tail nié@ece, regular beta, upside and downside beta,
as well as coskewness. The simulation approach is condastémlows. First, we specify a bivariate dy-
namict and normal copula model and simul&te= 1, 000 independent observations and tail dependence
coefficients from the specified copulas. In a second stephee $pecify the marginal distributions via
GARCH(1,1) processes with standardistributed innovations, and transform the copula dataarivari-

ate time series of returns. Finally, we estimate the altermaisk measures on the basis of the simulated
returns by applying the formulas [n"A4 ahd]A5 to rolling wingoof 100 observations. We repeat these
steps for a total of{ = 500 times and present summary statistics on simulated tailrabpee coefficients
and alternative risk measures across the simulation egfgits. The dynamics of theand normal copula
are specified by0.5,0.9, 0.6, 10)T and (0.5, 0.9,0.6)T, respectively. The GARCH(1,1) processe$in A3
are specified bg7" = (0.0005,0.1,0.85,5) " andgy* = (0.0001,0.05,0.9,10) .

Percentiles
5th 25th Median  75th 95th Mean St. Dev.

Panel A: Simulation fromt copula

T 0.054 0.095 0.137 0.199 0.336 0.159 0.092
B 0.798 1.258 1.687 2357 4.261 2.023 1.451
6;0% 0.501 1.133 1.678 2453 4.632 2.030 1.724
: -0.334 0.803 1.617 2720 5546 1.997 2.142
-1.763  0.398 1579 3.104 6.921 1951 3.298
-5.587 -0.411 1530 3.841 10.585 1.883 7.220
0.500 1.122 1.680 2469 4.629 2.023 1.670
-0.382 0.773 1.610 2.774 5580 2.005 2.242
1w 1781 0.343 1557 3191 7.195 1.999 3.251
% -5.545 -0.386 1505 3.999 10.766 1.984 6.387
coskew -0.565 -0.193 0.003 0.198 0.577 0.003 0.378

80%
90%
95%
50%
20%

Panel B: Simulation from normal copula

T 0.000 0.000 0.000 0.000 0.000 0.000 0.000
B 0.756  1.152 1570 2221 4.206 1.935 1.493
+ 0.438 0.975 1486 2257 4.474 1.878 1.694

:}E: -0.421 0.584 1.322 2369 5.293 1.755 2.260
;0% -1.904 0.151 1177 2646 6.763 1.673 3.530
;5% -5.910 -0.587 1.076 3.377 10.143 1.569 7.210
S0% 0.456 0.977 1481 2252 4.472 1.876 1.666
2o -0.398  0.580 1291 2358 5196 1.736 2.187
o -1.882 0.115 1.157 2643 6.734 1.653 3.396
Bsy, -5.607 -0.647 1.006 3.249 10.186 1.528 6.870

coskew -0.495 -0.171 0.000 0.174 0.506 0.002 0.331
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Table A.8: Correlations of risk measures estimated from kited data.

The table reports correlations between simulated tail dégrece, regular beta, upside and downside beta, as well &svoosss.
The simulation approach is conducted as follows. First, wexifp a bivariate dynami¢ and normal copula model and simulate
T = 1,000 independent observations and tail dependence coeffidrentsthe specified copulas. In a second step, we then specify
the marginal distributions via GARCH(1,1) processes witindardt distributed innovations, and transform the copula data @t
bivariate time series of returns. Finally, we estimate thera#itive risk measures on the basis of the simulated returapglying the
formulas ilA4 and(Ab to rolling windows of 100 observationse Yépeat these steps for a totalléf= 500 times and present the
correlations of simulated tail dependence coefficients dednative risk measures across the simulation replicatidhe dynamics

of thet and normal copula are specified {5, 0.9, 0.6, 10)T and(0.5,0.9, 0.6)T, respectively. The GARCH(1,1) processekid A3
are specified by7* = (0.0005,0.1,0.85,5) T andd* = (0.0001,0.05,0.9,10) .

¥ = = E= = = = =
T B Bsow  Bsow  Poow  Posn  Psow  Paow  Prow  Psy  cOSkew

Panel A: Simulation front copula

T 1.000

B -0.077  1.000

By, 0108 0.940 1.000

Bdos, 0092 0752  0.900 1.000

S0, -0.008  0.544  0.641 0.732 1.000

o5, 0084 0308  0.266 0.234  0.454 1.000

oo, 0006  0.966  0.922 0.736  0.490  0.273 1.000

By 0074 0853 0794 0606 0375 0237 0.9031.000

Brgy 0105 0457 0385 0306 0286 0199 0482  0.7091.000

By, 0103 0223 0213 0268 0.383 0219 0210 0364 0.671.000

coskew -0.076 -0.106 -0.051 0.078 0.233 0.168 -0.158 -0.071  0.143.103 1.000

Panel B: Simulation from normal copula

- -
B - 1.000

B e - 0.946  1.000

T - 0.680  0.705 1.000

+

o - -0049 0029 0.396 1.000

Bgsoy - -0.243 -0.165 0.134 0.505 1.000

Bsoo - 0929 0910 0571 -0.156 -0.304 1.000

Baos - 0.609 0554 0.357 -0.216 -0.264  0.757 1.000

Biow - 0.551 0506 0.214 -0.304 -0.296 0.673 0.8241.000

Bso, 0.130 0.091 0.026 -0.106 0.058 0.094 0.174  0.3971.000

coskew - 0.065 0.085 0.355 0.496 0.200 -0.153 -0.439 -0.446 -0.0291.000
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Table B.1: Variable definitions and data sources.

The table presents definitions and data sources for all demérand independent variables that are used in our empétiedy. The
data sources arf@redit Market Analysi§CMA) and Thomson Reuters DatastredidS). EST indicates that the variable is estimated
or computed based on data from the respective data sour@sysample encompasses 228 financial and non-financial corspanie
for the period from January 2004 to September 2010.

Variable Definition Source
CDSs End-of-quarter CDS mid quote, denoted in basis points (bps). CMA
Firm value Quarterly arithmetic stock return, denoted in %. DS, EST
Interest rate End-of-quarter two-year U.S. Treasury Benchmark yield, miesasin %. DS
Volatility Annualized quarterly stock return volatility, denoted in % DS, EST
BASaps End-of-quarter absolute bid-ask spread, calculated &g asik minus bid price CMA
and denoted in bps.
R,?q Measure of commonality in CDS liquidity, calculated as th& fRom quar- CMA, EST
terly regressions of firm-level liquidity innovations on mations in market-
wide liquidity. Details on the computation can be found int8ed3.2.3.2 and
Karolyi et al. [2012). The Ris reported in %.
UDF Updating frequency, defined as the sum of zero spread changethe number CMA, EST
of quoted spreads per quarter. A value of one (zero) indicafeerfectly illiquid
(liquid) market. Corresponding values are reported in %.
BAS[,ibs Cross-sectional average of absolute bid-ask spreadsfirhadl within an indus- CMA, EST
try. ICB supersector industry classifications are obtafineth DS. Averages are
calculated excluding the current firm and are reported in bps
BAS’;"bS Cross-sectional average of relative bid-ask spreads séaible firms. Averages CMA, EST
are calculated excluding the current firm and are reportégbin
VIX Quarterly values of the option-implied volatility index. DS
Assets Natural logarithm of quarterly total assets. DS
S&P500 Quarterly values of the S&P500 index. DS
Book leverage Quarterly book leverage, calculated as total debt over the af total debt and DS, EST
market capitalization.
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Table B.2: Descriptive statistics.

The table presents summary statistics for all dependent and indepeadabtes that are used in
our empirical study. We report the mean, standard deviation, minimum, maximdrthenumber
of observations. We define the CDS mid quote (CDS) as our depend@iilea As independent
variables, we include credit risk and liquidity variables as well as additicoratiols. Concerning
the former, we include the firm value, interest rate, and volatility. Regartliediquidity vari-
ables, we consider the individual absolute bid-ask spread {BA®uUr measure of commonality
in CDS liquidity (Rziq), the updating frequency (UDF), as well as the industry-specific (BAS
and market-wide absolute bid-ask spread (3&)‘3 As additional control variables, we include
the option-implied volatility index (VIX), the logarithm of quarterly total assets4ats), values
of the S&P500 index (S&P500), and book leverage. The credit risk anitity variables are
discussed in detail in Sectign 8.2. Variable definitions and data sourcespamted in Table Bl1
in Appendix B. Our sample encompasses 228 financial and non-finanamganies for the period
from January 2004 to September 2010.

Variable Mean St. Dev. Min. Max. Obs.
CDS 152.7 319.1 1.1 6158.6 6156
Firm value 2.2 214 -87.4 3194 6119
Interest rate 2.8 1.6 0.4 5.2 6156
\olatility 4.3 3.4 0.8 38.6 6121
BASabs 11.1 22.0 0.0 608.0 6156
Rﬁq 7.1 7.5 0.0 74.3 6084
UDF 15.0 18.4 0.0 100.0 6156
BASng 11.1 11.4 1.0 159.0 6129
BASY 11.1 70 49 317 6156
VIX 20.4 94 114 44,1 6156
Assets 15.3 1.0 123 18.8 5084
S&P500 1206.8 175.4 7979 1526.8 6156
Book leverage 0.3 0.2 0.0 1.0 6136




Table B.3: Pairwise correlations.

The table reports pairwise linear correlations betweernvér@ables used in our regression analyses. We define the db$uonte (CDS) as our dependent variable. As
independent variables, we include credit risk and ligyidériables as well as additional controls. Concerning thmér, we include the firm value, interest rate, and votgtili
Regarding the liquidity variables, we consider the indidbabsolute bid-ask spread (BA$, our measure of commonality in CDS liquidity ,if; the updating frequency
(UDF), as well as the industry-specific (B4 and market-wide absolute bid-ask spread (BAS As additional control variables, we include the optiomplied volatility
index (VIX), the logarithm of quarterly total assets (Asgevalues of the S&P500 index (S&P500), and book leverape.cFedit risk and liquidity variables are discussed in
detail in Sectiom 3]2. Variable definitions, data sourcad, summary statistics are reported in Tabled B.1lant B.2 jmeAdix B. Our sample encompasses 228 financial and
non-financial companies for the period from January 2004f&nber 2010.

@m@ @ & @4 6 6. O @6 (© @0 d1) a2 @3
(1) ACDS 1.00 - - - - - - - - - - - -
(2) AFirmvalue -0.29 1.00 - - - - - - - - - - -
(3) Alnterestrate | -0.16 0.10 1.00 - - - - - - - - - -
(4) AVolatility 0.35 -0.21 -0.37 1.00 - - - - - - - - -
(5) ABASsps 0.52 -0.18 -0.10 0.21 1.00 - - - - - - - -
(6) ARﬁq 0.02 -0.12 -0.04 0.12 0.06 1.00 - - - - - - -
(7) AUDF -0.00 -0.03 -0.01 0.07 0.01 0.011.00 - - - - - -
(8) ABAS, 0.19 -0.13 -0.22 0.29 0.14 0.05 0.011.00 - - - - -
(9) ABASM. 0.30 -0.30 -0.53 0.63 0.15 0.12 0.05 0.401.00 - - - -
(10) AVIX 0.21 -0.28 -0.33 0.32 0.12 0.36 0.00 0.27 0.66 1.00 - - -
(11) AAssets -0.03 0.02 0.08 -0.03 -0.01 0.00 -0.01 -0.03 -0.05 -0.0B00 - -
(12) AS&P500 -0.28 0.25 048 -047 -0.14 -0.14 0.02 -0.32 -0.78 -0.60 0.0B0OO0O -
(13) ABook leverage 0.04 -0.03 -0.24 0.13 0.04 0.04 0.00 0.08 0.21 0.03 -0.06 -01D0
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Dynamic pair-copulas

This appendix presents the dynamic pair-copulas used inahstruction of our dy-
namic R-vine copula model. The dynamization of the standéipdieal and Archimedean
copulas is based on Patton (2006), who incorporates timatiar by estimating appro-
priate dynamic processes for the evolution of the copularpaters. We discuss the most

important properties and show the (log) likelihoods fotistecal inference.

C.1 Normal copula

The bivariate normal copul&; v, is given by

Cn(urg, us; pr) = 8, (q)_l(ul,t)a q)_l(uz,t)) ; (C1)

where®,, and®~! denote the bivariate Gaussian distribution function withrelation
parametep; and the univariate Gaussian quantile function, respdgfie@dw; ;, us,; €

[0,1],¢t = 1,...,T. The correlation parameter,, follows the dynamic

B 1 10
Py = A (C +bpe—1 + CLE ; (I)_l(ul,t_i)q)_l@m’t_i)) , (C2)
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whereA(z) = (1 — e *)(1 + e *)~! ensures thap, € [—1, 1] at all times. The normal
copula allows for equal degrees of positive and negatived@gnce and is independent

in the tails, i.e., the asymptotic probabilities

Ap =lmPr[U; <¢|U, <] = lim%

£—0 §—0

Y

, L 1—26 4 COy(E,

(C3)

are equal to zero. With,; = ®!(u;,) for i = 1,2 andT denoting the sample size, the

log likelihood, £, is given by

1 ry, — 20411 124 + x3
L= ; 5 [x%t + xg,t —log(1 — p?) — 1t 7 Q’t] ) (C4)
C.2 tcopula
The bivariate copula,C,, is given by
C(ur g, ua s vy pr) = o, (8, (ury), b, (u2y)), (CS)

wheret, ,, andt;* denote the bivariate distribution and univariate quartitection of a
(standard) Studentsdistribution with degrees of freedom parameteand correlation

pt, anduy ¢, ugy € [0,1], ¢ = 1,...,T. The correlation parameter,, follows the dynamic

B 1 10
Pt = A <C + bptfl + Gl_o Zl tyl(ul,ti)tyl(lbz’ti)> , (C6)

1=

whereA(z) = (1 — e *)(1 + e~*)~" ensures thap, € [—1,1] at all times. The cop-
ula allows for equal degrees of positive and negative degrereland is asymptotically
dependent in the tails, with the coefficients of lower andergpil dependence\; ; and

v, being equal and given by

(C7)
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With @, = ;' (u;,) fori = 1,2,v; = L(v+) for j = 0,1, 2, andT denoting the sample

size, the log likelihoodZ, is given by

d [ 2 2 —2
(1) Ty = 204214 T2p + X
L= Z log (v2)I' (o) + log <1 L T Pt ;,t Qyt)
t=1 1—pi T'(11)? v(1—pf)

+ log <l1+%] ll—k%])m]. (C8)

C.3 Clayton and rotated Clayton copula

The bivariate Clayton copul&/., is given by

1

Ceo(uryg, ugy; 0;) = (Uift + Uift — 1)_9t ; (C9)

wheref; € [—1,00)\{0} andwuy;,us; € [0,1], ¢t = 1,...,7. The Clayton copula is an
asymmetric copula and implies greater dependence forpegative events than for joint
positive events. While being asymptotically independerth@upper tail, its lower tail

dependence coefficien; ;, can be calculated according to
_1
)\L,t =2 6 (ClO)

Since the parameter of the Clayton copulg,has little economic interpretation, Patton
(2006) suggests using the tail dependence coefficientedenting variable for the time

dynamics equation. Using (C110), we assume thatolves according to

TR
Ay =A (C + 01 + al_O Z Uy 4—; — U2,t—i|> ;

i=1
~ log(2)
log(ALt)

(C11)
et =
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whereA(z) = (1 + e *)~! ensures thak,; € [0, 1] at all times. WithT" denoting the

sample size, the log likelihood of the dynamic Clayton copdlas given by

T
L= 2 log (1 + 6;) — (1 + ;) log (uy yusy) — (2 + 6;") log (uift + uift —-1). (C12)

t=1

The rotated Clayton copuld,,c, is defined viaC,c(uy ¢, usys;0;) = Co(l —uye, 1 —
ug¢; 0;), wheredp, = 0 and Ay, = 970 | The time evolution equation and the log

likelihood for the rotated version of the dynamic Clayton alapcan be derived using

(C11) and[([CIR).

C.4 Gumbel and rotated Gumbel copula

The bivariate Gumbel copuld&/, is given by

Ce(uyy, ugy; b)) = exp (— [(— log(ul,t))et + (— log(uu))et]%) , (C13)

whered; € [1,00) anduy, uy € [0,1],¢ = 1,...,7. The Gumbel copula is an asymmetric
copula and implies greater dependence for joint positiventsvthan for joint negative
events. While being asymptotically independent in the lotaéy its upper tail depen-

dence coefficient);;, can be calculated according to
1
Apy =2 — 2%, (C14)

Since the parameter of the Gumbel copdlahas little economic interpretation, Patton
(2006) suggests using the tail dependence coefficientederiting variable for the time

dynamics equation. Using (Cl14), we assume thatolves according to

1 Lo
Ave = A (C + by + QE ; [ug - — u2,t—i|) )

~ log(2)
log(2 — Apt)

(C15)
0y
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whereA(z) = (1 4+ e~*)~! ensures thak,; € [0, 1] at all times.
With xft = (—log(u,))% 9 fori = 1,2; j = 0,1, andT denoting the sample size, the

log likelihood of the dynamic Gumbel copulé, is given by

T 1 1
r_ Zlog ($1,t$2,t) B (x?,t " xg,t)&

Uyt U2t

+ log <(x?,t + 3@’870%72 + (0, — 1) (xcl],t + :Ugi)?ltﬂ) . (C1e)

The rotated Gumbel copuld,¢, is defined viaC,.¢(uy ¢, u24;60:) = Ca(l —ugy, 1 —
ug¢; 0;), wheredy, = 0andA,;, = 2 — 2% . The time evolution equation and the log

likelihood for the rotated version of the dynamic Gumbel wlapcan be derived using

(C18) and[[CI6).

C.5 Joe and rotated Joe copula

The bivariate Joe copulé;;, is given by

1
CJ(Ul,t,U2,t; 0;) =1— ((1 — Ul,t)et + (1 - U2,t)6t —(1—- Ul,t)et(l — U2,t)9t) %
(C17)

wheref, € [1,00) andu, 4, us € [0,1],¢t = 1,...,T. The Joe copula is an asymmetric
copula and implies greater dependence for joint positienes/than for joint negative
events. While being asymptotically independent in the lotaéy its upper tail depen-

dence coefficient);,, can be calculated according to
1
)\U,t =2— 20, (C18)

Since the parameter of the Joe copdlahas little economic interpretatian, Patton (2006)

suggests using the tail dependence coefficients as thadorariable for the time dynam-
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ics equation. Usind (C18), we assume thatvolves according to

1 do
Ave = A (C + bAy—1 + CLE Z Uy — Uuz‘)
=1 (C19)
~ log(2)
" log(2 = Auy)

whereA(z) = (1+e77)~! ensures thaky, € [0, 1] atall times. Withe! , = (1 — ;)%
fori: =1,2; j = 0,1, andT denoting the sample size, the log likelihood of the dynamic

Joe copulas, is given by

T
1
_ 0 0 0 .0 \or—2_1 .1 0 0 0 .0
L= E log [(%,t + X9, — xl,th,t) b Ty Ty (Qt — 1+, +xy, — xl,txu)] .

(C20)

The rotated Joe copulé;, s, is defined vieC, j(uy ¢, ugs; 6:) = Cr(1 —uys, 1 — ugy; 64),
where)y; = O and\;; = 2 — 2% . The time evolution equation and the log likelihood

for the rotated version of the dynamic Joe copula can be elkrising[(CIR) and (C20).



The table lists a total of 209 companies included in the S&P Ei0ck market index as reported Biomson Reuters Datastredratween January 2008 and December 2013.

Table C.1: Sample S&P 500 Companies.

Starting with an initial sample of all constituents of the B&00 index, we exclude firms with missing/incomplete stodkepdata and further restrict the sample to firms
with traded credit default swaps (CDS). The stock price ab& Gpread data of the remaining 209 companies are retrievetiatastreamand used to document linear and
non-linear dependences between stock returns, bid-askdmrand default intensities. The six companies printédlic type are included in our Value-at-Risk (VaR) study
and are used to forecast liquidity- and credit-adjusted.VaR

3M Company

Allegheny Technologies Inc
American Express Co
Archer-Daniels-Midland Co
Avery Dennison Corp
Baxter International Inc.
BorgWarner

Campbell Soup
CenterPoint Energy

CMS Energy

Constellation Brands
Darden Restaurants

Dow Chemical

Edison Int'l

EOG Resources

Fluor Corp.

General Mills

Hasbro Inc.

Honeywell Int’l Inc.
International Bus. Machines
Johnson & Johnson
Kimberly-Clark

Lilly (Eli) & Co.

Marriott Int'l.

McKesson Corp.

Molson Coors Brewing Company
Newmont Mining Corp.
NRG Energy

P G & E Corp.

Pfizer Inc.

Principal Financial Group
PVH Corp.

Rockwell Automation Inc.
Sealed Air Corp.

Snap-On Inc.

Target Corp.

The Hershey Company
Transocean

United Health Group Inc.
Valero Energy

Wells Fargo

Wisconsin Energy Corporation

Abbott Laboratories
Allergan Inc
American International Group, Inc.
Assurant Inc
Avon Products
BB&T Corporation
Boston Properties
Capital One Financial
CenturyLink Inc
Coca-Cola Enterprises
Corning Inc.
DaVita Inc.
Dr Pepper Snapple Group
EMC Corp.
Equifax Inc.
FMC Technologies Inc.
Genworth Financial Inc.
HCP Inc.
Hospira Inc.
International Game Technology
Johnson Controls
Kimco Realty
Lincoln National
Marsh & McLennan
MeadWestvaco Corporation
The Mosaic Company
NIKE Inc.
Nucor Corp.
Pentair Ltd.
Pioneer Natural Resources
Progressive Corp.
Quest Diagnostics
Safeway Inc.
Sempra Energy
Southwest Airlines
Tenet Healthcare Corp.
The Travelers Companies Inc.
Tyson Foods
United Parcel Service
Vornado Realty Trust
Western Digital
Xerox Corp.

ACE Limited

Allstate Corp

Amerisource Bergen Corp
Automatic Data Fsging
Baker Hughes Inc

Becton Dickimso

Boston Scientific
Cardinal Health Inc.
Chesapeake Energy

Computer Sciences Corp.

CVS Caremark Corp.
Devon Energy Corp.
DTE Energy Co.
Emerson Electric
Exelon Corp.

Freeport-McMoran Cp & Gld

Halliburton Co.
Health Care REIT, Inc.
Host Hotels & Resorts

Interpublic Group
Joy Global Inc.
Kohl’s Corp.
Lockheed Martin Corp.
Masco Corp.
Medtronic Inc.
Murphy Oil
Noble Energy Inc

Occidental Petroleum

Pepco Holdings Inc.
Pitney-Bowes
Prologis

Raytheon Co.

SCANA Corp

Sherwin-Williams

Stanley Black & Decker

Tesoro Petroleum Co.
Time Waroer In
Tyco International
United Tetbgies
Wal-Mart Stores

Whirlpool Corp.

Yum! Brands Inc

Aetna Inc
Amefeorp
nadarko Petroleum Corp
AutoZone Inc
Ball Corp
Bemis Company
BristolevtySquibb
effaitar Inc.
©haorp.
nA@a Foods Inc.
D. Riéto
DirecTV
EastmamiChke

Ensco plc

Exxon Mobil Corp.
Gannett Co.

Har€orporation
Hess Corporation
Hunaalmc.

Iron Mountain Incorporated
JPMdazhase & Co.

Leggett & Platt

Loe’s Cos.

Mattel Inc.
ralé& Co.
amyinc.

Norfolk Soetim Corp.
Omnicom Group
PepsiCo Inc.

PNOEiabServices
Bntidl Financial
Republic Senlites
Schlumbeiigel.
Simon Prgp@rbup Inc
Btad Hotels & Resorts
Texas Instruments
TJX Companies Inc.
U.S. Bancorp
Unum Group
The Walt Disney Company

Williams Cos.

Zimireldings

Air Products & Chesais Inc
American Electric Power
Apache Corporation
AvalonBay Communities, Inc.
Bank of America Corp
Best Buy Co. Inc.
Cameron International Corp.
CBS Corp.
The Clorox Company
ConocoPhillips
Danaher Corp.
ovdD Corp.
Eaton Corp.
Entergy Cor
dBeCorporation
Gap (The)
Hartford Financial Svc.Gp.
Hewlett-Packard
lllinois Tool Works
Jabil Cirtcui
KeyCorp
LeanCorp.
Marathon Oil Corp.
Mabald’s Corp.
MetLife Inc.
Newell Rubbermaid Co.
Northrop Grumman Corp.
EOK
kin&imer
PPG Industries
Pulte Homes Inc.
Reynolds American Inc.
Seagate Technology
SLM Corporation
Sysco Corp.
Textron Inc.
Torchmark Corp.
oJRacific
V.F. Corp.
WellPoint Inc.
Wistream Communication
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Table C.2: Summary statistics for level data of firms incluthethe Value-at-Risk study.

The table reports descriptive statistics on the time-setigtribution of daily mid prices, bid-ask spreads, defaiensities, and default probablities (at a monthly hamizfor

the six firms investigated in our Value-at-Risk (VaR) studlge six firms includ8M CompanyAmerican ExpresdHewlett-PackardTenet HealthcareTextron andWal-Mart
Stores The summary statistics refer to the in- and out-of-samphe periods in the VaR study, which cover the period from d3ay2010 to November 2011 resulting in
499 daily observations. Mid prices and bid-ask spreads aneminated in US dollar, where the latter are calculatedhaglifference between ask and bid quotes. Default
intensities are extracted from CDS spreads according tprheedure discussed in Section]4.3 and have a horizon of eme Pefault probabilities are derived from the

intensities using the formula ib(4]15) and thus have a barizf one month.

Percentiles Moments

Min 1st 5th 25th  Median 75th 95th 99th Max Mean St. Dev. SkessneExc. Kurt.  AC(1)
Panel A: Mid prices
3M Company 70.93 73.586 76.855 81 84.72 89.615 95.388 96.9258  97.973235. 5.739 0.1499 -0.7167  0.9749
American Express 36.79  37.709 38.384 41.465 44,17 46.94 51.258 52.3412 53804242  3.8702 0.2353 -0.7618 0.9729
Hewlett-Packard 22.2 22.6486 24.439 36.4125 42.1 47.075 53.069 53.8702 2544.0519 8.4451 -0.6218 -0.3825 0.992
Tenet Healthcare  14.36 16 16.72 18.12 2152 2546 28.168 30.0424 30.52 21.974.006 0.2134 -1.2524  0.9814
Textron 14.88 15.259 16.719 18.91 21.42 2349 27.171 27.9612 28.548724 3.1636 0.2213 -0.6451  0.9827
Wal-Mart Stores 48 48.5668 50.274 52.105 53.6 54.625 56.73 58.1308 59.3245638. 1.9611 -0.0272 0.2277 0.9583
Panel B: Bid-ask spreads
3M Company 0.01 0.01 0.01 0.01 0.02 0.04 0.08 0.11 1.12 0.0329 0.0537 7506. 334.9984 0.0784
American Express  0.01 0.01 0.01 0.01 0.02 0.03 0.05 0.1002 0.18 0.0228 0.018 8208. 24,1701 0.2213
Hewlett-Packard 0.01 0.01 0.01 0.01 0.02 0.02 0.04 0.06 0.14 0.0195 0.0135 733.7 25.9914 0.2291
Tenet Healthcare 0.04 0.04 0.04 0.04 0.04 0.04 0.08 0.08 7.76  0.0615 0.3456 2102. 492.1938 -0.0033
Textron 0.01 0.01 0.01 0.01 0.01 0.02 0.03 0.04 76 0.0319 0.3396 522.2 493.4575 -0.0036
Wal-Mart Stores 0.01 0.01 0.01 0.01 0.02 0.02 0.04 0.0502 0.34 0.0195 0.0207 0.466  145.0211 0.1117
Panel C: Default intensities
3M Company 0.0041 0.0042 0.0044 0.0048 0.0051 0.0055 0.007 0.0074 795.000.0053 0.0007 1.2603 0.9934 0.9845
American Express 0.0092  0.0098 0.0101 0.0108 0.0121 0.0148 0.0181 0.0206220.0 0.013 0.0027 0.976 0.0338 0.9709
Hewlett-Packard 0.0037  0.0037 0.0043 0.0055 0.0061 0.0093 0.0183 0.021221D.0 0.0079  0.0042 1.7035 1.9721 0.9876
Tenet Healthcare 0.0584 0.059 0.0613 0.0695 0.078 0.0845 0.1074 0.1167 9.12D.0798 0.014 0.8984 0.4018 0.9837
Textron 0.0152 0.0153 0.0167 0.0204 0.0242 0.0325 0.0378 0.0391406.0 0.0262 0.0069 0.3656 -1.1715 0.9908
Wal-Mart Stores  0.0048 0.0051 0.0052 0.0061 0.0064 0.0069 0.0079 0.0083088.0 0.0065 0.0008 0.3221 -0.1403 0.9788
Panel D: Monthly default probabilities
3M Company 0.0003 0.0004 0.0004 0.0004 0.0004 0.0005 0.0006 0.0006006.0 0.0004 0.0001 1.2602 0.993 0.9845
American Express 0.0008 0.0008 0.0008  0.0009 0.001 0.0012 0.0015 0.0017 18.000.0011 0.0002 0.9757 0.0328 0.9709
Hewlett-Packard 0.0003  0.0003 0.0004 0.0005 0.0005 0.0008 0.0015 0.0018018.0 0.0007 0.0004 1.703 1.97 0.9876
Tenet Healthcare 0.0049  0.0049 0.0051 0.0058 0.0065 0.007 0.0089 0.0097 06.010.0066 0.0012 0.8956 0.3957 0.9837
Textron 0.0013 0.0013 0.0014 0.0017 0.002 0.0027 0.0031 0.0033 34.000.0022 0.0006 0.365 -1.1719  0.9908
Wal-Mart Stores  0.0004  0.0004 0.0004 0.0005 0.0005 0.0006 0.0007 0.000700D.0 0.0005 0.0001 0.3219 -0.1405 0.9788
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Table C.3: Summary statistics for log-differenced data ofigiincluded in the Value-at-Risk study.

The table reports descriptive statistics on the time-sedlistribution of monthly log-differences of mid pricesdkask spreads, and default intensities for the six firms

investigated in our Value-at-Risk (VaR) study. The six firmslude 3M Company American ExpressHewlett-Packard Tenet HealthcareTextron andWal-Mart Stores

The summary statistics refer to the in- and out-of-samphe periods in the VaR study, which cover the period from JgnR@10 to November 2011 resulting in 460 daily
observations. For each dayjn the sample period, log-differences are calculatedgufie prices, spreads, and intensities at daysdt — 30. Bid-ask spreads are calculated
as the difference between ask and bid quotes. Default itiesnare extracted from CDS spreads according to the puweeatiscussed in Sectifn 4.3 and have a horizon of one

year.
Percentiles Moments
Min 1st 5th 25th  Median 75th 95th 99th Max Mean St. Dev. Skessne Exc. Kurt. AC(1)

Panel A: Stock returns
3M Company -0.4987 -0.4059 -0.2380 -0.0831 0.0198 0.0884 0.1669 @.220.2902 -0.0042 0.1282 -0.9150 1.2774  0.9525
American Express -0.1108 -0.0898 -0.0667 -0.0250 0.0024 0.0232 0.0545 @.070.0727 -0.0009 0.0367 -0.3641 -0.2060 0.9271
Hewlett-Packard -0.2302 -0.1791 -0.1339 -0.0438 0.0168 0.0639 0.1125 @.138.1528 0.0062 0.0759 -0.4930 -0.3404  0.9298
Tenet Healthcare -0.2214 -0.1975 -0.1191 -0.0386 0.0085 0.0351 0.0778 6.104.1249 -0.0041 0.0599 -0.9563 1.2339 0.9434
Textron -0.4119 -0.3703 -0.2261 -0.0982 -0.0207 0.0339 0.0902 99.110.1400 -0.0389 0.1034 -1.1114 15305 0.9521
Wal-Mart Stores  -0.3858 -0.3013 -0.2063 -0.0808 -0.0162 0.0392 0.2651 88.470.5059 -0.0109 0.1410 1.3039 3.6138 0.9374
Panel B: Log-differences of bid-ask spreads
3M Company -5.9402 -1.0986 -1.0986 -0.4055 0.0000 0.0000 1.0986 #.216.6333 -0.0316 0.6936 0.6742 28.4284 -0.0005
American Express -2.5257 -1.6094 -1.0986 -0.4055 0.0000 0.4055 0.9163 3.388.2189 -0.0318 0.6301 0.1000 2.7220 0.0278
Hewlett-Packard -2.4849 -1.7918 -1.3863 -0.6931 0.0000 0.4055 1.2661 8.792.8904 -0.0347 0.7884 0.1789 0.5025 0.1207
Tenet Healthcare -3.6199 -1.6860 -1.1066 -0.6931 0.0000 0.4055 1.0986 5.643.1091 -0.0690 0.7414 0.0842 1.4815 0.0662
Textron -1.9459 -1.5694 -1.0986 -0.6931 0.0000 0.4055 1.0986 4.602.6391 -0.0470 0.6397 0.1725 0.6715 -0.0033
Wal-Mart Stores  -5.2679 -0.6931 -0.6931 0.0000 0.0000 0.0000 0.6931 0.6982679 -0.0115 0.4942 -0.0074 54.6338 0.0038
Panel C: Log-differences of default intensities
3M Company -0.1282 -0.0833 -0.0422 -0.0150 -0.0016 0.0112 0.0456 8®8.090.1351 -0.0005 0.0290 0.3665 3.8761 -0.0621
American Express -0.0688 -0.0366 -0.0164 -0.0056 -0.0002 0.0046 0.0144 22050.1072 -0.0001 0.0142 2.3588 20.5839 -0.2622
Hewlett-Packard -0.0941 -0.0607 -0.0321 -0.0093 -0.0002 0.0101 0.0327 22060.1199 0.0004 0.0221 0.3707 5.8719 -0.1556
Tenet Healthcare -0.0610 -0.0502 -0.0272 -0.0073 -0.0005 0.0074 0.0239 68.050.1106 -0.0001 0.0177 0.9112 7.3419 -0.2213
Textron -0.2241 -0.0679 -0.0348 -0.0099 -0.0010 0.0090 0.0258 57.050.1690 -0.0015 0.0249 -0.7232 20.8471 -0.0782
Wal-Mart Stores -0.1922 -0.0948 -0.0489 -0.0159 -0.0017 0.0127 0.0508 53.080.4379 -0.0007  0.0375 3.0806 42.2552 -0.0904

D
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Table C.4: Variable pairs and parametric pair-copulas sadea first R-vine trees.

The table reports the (unconditional) variable pairs andridte parametric pair-copulas selected in the first trab®R-vine copula model for each estimation period includeslinValue-at-Risk (VaR) study. The
R-vine copula model is estimated on pseudo-observationsnéiatdized log-differences of mid prices (m), bid-ask sppday] and default intensities (h) for six firms from the S&P 5@8ulting in 17 variable pairs
and parametric pair-copulas that need to be specified in tietrige. The six firms includ@M Company(MMM), American ExpresgAXP), Hewlett-Packard HPQ), Tenet HealthcaréTHC), Textron(TXT), and
Wal-Mart Store{WMT). The candidate copulas include dynamic versions of taedard normal@y), t (Ct), (rotated) Claytonc andC,.¢), (rotated) Gumbel@c andC,.¢), and (rotated) Joe copul&'; and
C'7), where we follow the dynamization approach suggested keiPé2006) (as outlined in Appendix C). The selection of thdable pairs and the bivariate pair-copulas is based oseteential method as proposed
by|DiBmann et all (2013), where the former results from some marispanning tree algorithm based on Kendall’s tau and therlstitonducted using Akaikes Information Criterion (AIC)tas selection criterion

to be minimized.

01/2010 - 01/2011 02/2010 - 02/2011 03/2010 - 03/2011 0402@u/2011 05/2010 - 05/2011
Pair Copula Pair Copula Pair Copula Pair Copula Pair Copula

MMM(m)  AXP(m) Cn MMM(m)  MMM(h) Cn MMM(m)  MMM(h) Cra MMM(m)  MMM(s) Cn MMM(m)  MMM(s) Cn
MMM(m) AXP(h) Cn MMM(@m)  AXP(m) Cn MMM(@m)  AXP(m) Cn MMM(m)  MMM(h) Cra MMM(@m)  AXP(m) Cra
MMM(s) AXP(s) Cn MMM(m) AXP(h) Cn MMM(m) AXP(s) Cn MMM(m)  AXP(m) Cn MMM(m) AXP(s) Cn
MMM(h) AXP(s) Cn MMM(s) AXP(s) Cn MMM(m) AXP(h) Cn MMM(m) AXP(s) Cn MMM(m) AXP(h) Cn
AXP(s) AXP(h) Cn AXP(s) AXP(h) Cn MMM(s) AXP(s) Cn MMM(m) AXP(h) Cn MMM(s) MMM(h) Cn
AXP(s) WMT(s) Chg AXP(s) WMT(s) Co AXP(s) WMT(s) Chry MMM(m) HPQ(m) Cq MMM(s) THC(m) Ct

HPQ(m) THC(m) C,j HPQ(m) THC(m) Cn HPQ(m) THC(m) Cx AXP(s) WMT(s) Crs AXP(s) WMT(s) Cn
HPQ(s) HPQ(h) C.¢ HPQ(s) HPQ(h) C.¢ HPQ(s) HPQ(h) C,¢ HPQ(mM) THC(m) Cn HPQ(m) THC(m) Cg
HPQ(s) THC(s) CrJ HPQ(s) THC(s) OCn HPQ(s) THC(s) OCn HPQ(s) HPQ(h) C,s HPQ(s) HPQ(h) C.s
HPQ(s) THC(h) Cga HPQ(s) THC(h) C,s HPQ(h) THC(m) Cy HPQ(s) THC(s) C,qa HPQ(s) THC(s) C,a
HPQ(h) THC(m) Cn HPQ(h) THC(m) Cy THC(s) TXT(S) Cn HPQ(h) THC(m) C,c¢ HPQ(h) THC(m) Cg
THC(s) TXT(s) C.g THC(s) TXT(s) Cia THC(s) WMT(h) C,a THC(s) THC(h) C.¢ THC(s) THC(h) C,¢
THC(s) WMT(h) C.jy THC(s) WMT(h) C,q THC(h) TXT(m) Ca THC(s) TXT(s) C.c THC(s) TXT(s) Cirg
TXT(m) TXT(h) Ct TXT(m) TXT(h) Cy TXT(m) TXT(s) Cra TXT(m) TXT(s) Cn TXT(m) TXT(s) Cn
TXT(s) TXT(h) Ct TXT(s) TXT(h) Ct TXT(m) TXT(h) CY TXT(m) TXT(h) Ct TXT(m) TXT(h) Ct

WMT(m) WMT(s) Cy WMT(m) WMT(s) Ct WMT(m) WMT(s) C WMT(m) WMT(s) Cy WMT(m) WMT(s) Ct

WMT(m) WMT(h) Ch WMT(m) WMT(h) Ct WMT(m) WMT(h) CY WMT(m) WMT(h) Ct WMT(m) WMT(h) Ct

06/2010 - 06/2011 07/2010 - 07/2011 08/2010 - 08/2011 092@B/2011 10/2010 - 10/2011
Pair Copula Pair Copula Pair Copula Pair Copula Pair Copula

MMM(m)  AXP(m) Cra MMM(m)  AXP(m) Chry MMM(m)  AXP(m) Chry MMM(m)  AXP(m) Cra MMM(m) AXP(s) Cn
MMM(m) AXP(s) Cn MMM(m) AXP(s) Cn MMM(m) AXP(s) Cn MMM(m) AXP(s) Cn MMM(s) MMM(h) Cra
MMM(m) AXP(h) Cn MMM(m) AXP(h) Cn MMM(m) AXP(h) Cn MMM(m) AXP(h) Cn MMM(s) AXP(s) Cn
MMM(s)  MMM(h) Cq MMM(s)  MMM(h) Cn MMM(m)  HPQ(mM) Cg MMM(s)  MMM(h) Cra MMM(h) AXP(m) Cn
MMM(s) AXP(s) Cn MMM(s) AXP(m) Cra MMM(s) MMM(h) Cra MMM(s) AXP(s) Cn AXP(m) AXP(h) Cn
MMM(s) THC(m) Cn AXP(s) WMT(s) Cn MMM(s) AXP(s) Cn AXP(s) WMT(s) Cra AXP(s) WMT(s) Cn
AXP(s) WMT(s) Cn HPQ(m) THC(m) C,.s AXP(s) WMT(s) Cn HPQ(mM) THC(s) C,c HPQ(m) TXT(m) C,y
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Appendix D

Supplementary Material for Chapter 5

D.1 LTD estimators

In this section, we discuss the LTD estimators included in aonulation study in

more detail and present their most important statistioaperties.

D.1.1 [Patton’s (2006) dynamid copula

The first dynamic LTD estimator is based on the dynatmiopula as proposed by
Patton|(2006), who dynamizes theopula by assuming that the correlation parameter of
thet copula follows an ARMA(1,10)-type process to capture bothealation persistence
and any variation in dependence. W'tﬂr)p denoting a (standard) bivariate Studerit’s
distribution with degree of freedom parameteand correlation parametgy the implied

t copulais given by
C, ,(u1,uz) =t (¢, " (u1), 1, " (u2)) (D1)

wheret; ! is the quantile function of a standard univariatistribution and;, u, € [0, 1].
Thet copula implies symmetric threshold correlations; themefehe coefficients of

lower and upper tail dependeneé,andr?, coincide and can be calculated according the

246
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following simple formula (see_ Demarta and McNegil, 2004) endwe set := 71 = 7U:

TR (R e (D2)
V1+p
with ¢,,, denoting the cumulative distribution function (cdf) of amstlard univariate
distribution with degrees of freedom equakta- 1.
Patton’s(2006) dynamization approach is based on assutmngprrelation parame-

ter p to follow the dynamic process

1

10
pr = A <w + Bpi—1 + a5 ; til(ul,t—i)tﬁl(uz,t—i)> (D3)

whereA(z) = (1 — e®)(1 + e*)~! ensures thap, € [—1,1] at all times. Hence, the
correlation dynamics are driven by the lagged correlatiaramterp; ; and the mean
of the product of the last 10 observations of the transforwvetablest, ! (u;, ;) and
t(u24—) . In this way, we can use the LTD estimator [n {D2) to generiate-varying
LTD coefficients in our simulation study.

The estimation of Patton’s (2006) dynanticopula is conducted straightforwardly

via Maximum Likelihood (ML), where the corresponding lokgdlihood function is given

by

L(ug, uz;v, p) = Z 10g (f,p, (t,  (ure), t,  (uny))) —log (fu (8, (ure)) fu(t, H (uay)))
(D4)

with f, , and f, denoting the density of af,p and at, distribution, respectively, and

wy = (Ur g,y urr) Uz = (Ug 1,y tiar) P = (p1y.s pr) T

D.1.2 DCCt copula

The second dynamic LTD estimator is also based ort tb@pula and achieves dy-
namization of equationg (ID1) and (D2) by assuming corm@tatlynamics according

to [Engle’s (2002) Dynamic Conditional Correlation (DCC) modelence, we follow
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Heinen and Valdesogo (2008) as well as Christoffersen/ e@ld) and apply the DCC
model to the copula shocks, = t,"(u1,) andz5, = t,'(uz,), where we assume that
ury = Fiu(z14) andug, = Fh4(2,) denote the ranks of the residuals from univariate
GARCH processes applied to the margﬂn‘ﬁhe dynamic process for the correlation pa-

rameter is then given by

o = 12, (D5)
A/ 11,6922 ¢

with the matriXQt = (Qij,t>i,j:1,2 f0”0W|ng

Qu=(1-0—V)Q+¥Qi1+ ¢z 7, (D6)

where(2 is a constant correlation matrix,andy> are non-negative parameters, atid=
(254, 2§7t)T with zf, given byz;t\/QTm (see Aielli, 20009, for details). Consequently, time-
varying LTD coefficients can be generated by substitutirgdiinamic correlations into
formula (D2).

Estimation is done by first estimating the parameters of theaniate GARCH pro-
cesses and then estimating the parameters driving thdatwredynamics in[(D6). The
estimation of the latter ones is straightforward via ML, whéhe log likelihood results

from inserting the dynamics il (ID5) into equatién {D4).

D.1.3 DSCt copula

The third dynamic LTD estimator builds on a similar techrdgas the DCG Copula
and dynamizes the copula by applying the Dynamic Symmetric Copula (DSC) model
as proposed by Christoffersen et al. (2012) to copula cdive The DSC model con-
stitutes a generalization of Englels (2002) DCC model andtadally allows for the
incorporation of a time trend into the correlation dynamiéss in the DCCt Copula

model, dynamic correlations are based on a multivariate GARfoidess, where the uni-

!Note that a crucial assumption in the DCC framework is thatetation dynamics are driven by a
multivariate GARCH process, i.e., the correlations areariby the cross-product of lagged standardized
residuals from univariate GARCH processes. |See Engle (Z002etails.
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variate GARCH residuals, ; andz, ; are replaced by the copula shoeks andz3 ,, with
z; andzf, as defined above (= 1,2). The dynamics, however, are now driven by the
cross-product of the (Aielli (2009) modified) copula shoekal a time trend parameter,

resulting in the following dynamic process for the corriglatparameter

pr= (07)
A/ q11,6922.¢

with the matrix@; = (¢;j.¢)i,j=1,2 following

Qr=1-0¢—V)[(1 = k)Q+ KD + VQi1 + ¢z}, (D8)

where(2, ¢, ¢, andz; are as aboves is a non-negative parameter, abglis a time trend
correlation matrix with trend paramet&rwhere the off-diagonal elements are equal to

5°t?

m, t: 1,...,T. (Dg)

We refer ta Christoffersen etlal. (2012) for further detaitstioe DSC model. Note, how-
ever, that the DS@ Copula model nests the DCCCopula model and that setting= 0
yields equation[(D6). Thus, inserting the dynamic correfet resulting from[{DI7) and
(B8) into equation[(DR) allows us to generate dynamic LTDfficients with a specific
time trend.

Estimation is conducted straightforwardly by ML. As for tAR€C ¢ Copula, we first
need to estimate the GARCH parameters for the margins, anettiemate the parameters

of the dynamic correlations in_(ID8). The log likelihood risufrom substitutingp in
equation[(DR) withp; in (D7).

D.1.4 Mixture copula 1 (ML)

The LTD estimator implied by the Mixture Copula 1 (ML) modebistatic estimator
and, therefore, merely capable of generating constant ldd¥ficients. The estimator is

based on a specific mixture copula, i.e., a specific convexoemtion of several basic
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copulas| Tawn (1988) shows that any convex combination istieg copulas is again a

copula. Formally, for any copulasy, ..., C,,, the linear combination

i=1

is a copula forw; € [0,1] and}}" , w; = 1. The LTD coefficient implied by a mixture of
copulas is given by the weighted sum of the LTD coefficientghefindividual copulas,
where the weights are taken from (D10). Hence, we can cakthe LTD coefficient,

71, according to the formula
T =Y wrh (D11)
=1

wherer! denotes the LTD coefficient of thénh copula in the mixturei(= 1, ..., n).
For the Mixture Copula 1 (ML) model included in our simulatistady, we set = 3
and choose the Joe, Rotated-Joe, and the F-G-M copula asguildcks for the mix-

tureH Hence, the Mixture Copula T’ 1, is given by
Chix,1 = w1Ci0e+ w2 Cryoe+ w3Cram (D12)

wherew; € [0,1] fori = 1,2,3 with 3°_, w; = 1, and

S

Crodur,uz;0) =1— (1 —ur)’ + (1 —u)? = (1 —ur)?(1 —u)?)?, O € [1,00),
(D13)
Crsodttn, uz; 0) = 1wy + 1z — (uf +uf — ulud)? , 0 [1,0), (D14)
Crom(ur, u2;0) = uyus (1 +60(1 —uy)(1 — ug)), 0 € [—1,1]. (D15)

2Note that Ruenzi and Weigert (2013) use this mixture coputheir asset pricing framework and find
it to be most often selected in their copula selection apgrdemsed on the Integrated Anderson-Darling
distance.
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The LTD coefficients of the individual copulas are given by
1
7—JLOe: 0, 7-rgoe: 229, 7—FLGM = 0. (D16)

To calculate the LTD coefficient implied by the Mixture Copadl@viL) modeI,TnﬁiX,l, we

apply (1) and get
7—éix,l = W2 (2 - 2%) . (D17)

Estimation of the Mixture Copula 1 (ML) model is straightfamely done via ML, where

the log likelihood function is given by

L(ug,ug; 0, w) = i log (ch(uLt, Uat; 9)) (D18)
t=1
wherew; is defined as above = 1,2), & = (0,,0,,03)" contains the copula parame-
ters,w = (w;,wq, w3)" denotes the vector of weights, and= (cjoe Crios cFom) ' IS @
vector containing the copula densities of the Joe, the Ribtkte, and the F-G-M copula,
respectively.

Note, however, that estimating mixture copulas by maxingzhe log likelihood with
respect to the copula parameters and the weights is statigtincorrect so that the pa-
rameter estimates may be biased. The estimation of mixtmestitutes an incomplete
data problem which needs to be estimated via the Expectitanmization (EM) al-
gorithm proposed by Dempster et al. (1977). Being aware efftut, in our simulation
study we shall investigate how this potential bias traeslamto the calculation of LTD

coefficients.

D.1.5 Mixture copula 1 (EM)

The LTD estimator resulting from the Mixture Copula 1 (EM) istatic estimator
and based on the same mixture of copulas as the Mixture CofdividJlmodel. Hence,

the estimator builds on a mixture of the Joe, Rotated-Joe, tlandF-G-M copula and
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calculates LTD coefficients as a weighted sum of the LTD coieffits of these individual
copulas. Corresponding formulas can be found in equatioh&)X® (D17).

The difference between the two mixture models, howeves, ilethe method used
for estimation. Whereas the estimation procedure appli¢gdetdlixture Copula 1 (ML)
model yields potentially biased estimates by maximizirgldy likelihood in (D18) with
respect to both copula parameters and the weights of theirapestimation of the Mix-
ture Copula 1 (EM) model considers the incomplete-data &ireave encounter when
estimating mixture copulas and, therefore, is based on thalgorithm as proposed by
Dempster et all (1977).

The EM algorithm is a generic method to compute ML estimatesiricomplete-
data problems, which is based on two steps that are itekatepeated, the Expectation
Step (E-Step) and the Maximization Step (M-Step). In casestifnating mixtures, the
incomplete-data structure arises from the fact that thengiproportionsw; constitute
unobservable data and, therefore, need to be handled pmoatimizing the likelihood.
This is done in the E-Step, which calculates the conditiempkectation yielding the pos-
terior probability that a specified member of the sample tgdato a certain component
of the mixture. Substituting the mixing proportions in tilelihood with the conditional
expectations from the E-Step, the M-Step then maximize$ikbihood with respect to
the copula parameters. These two steps are alternatededlyamtil convergence, where
the estimates of the mixing proportions are updated inddgmaty of the parameter es-
timates. In our simulation study, we follow McLachlan anagP@000) and determine
convergence by the difference of subsequent likelihoodesln case of convergence of
the sequence of likelihood values. For a formal descripaiod further details on the EM

algorithm we refer to Dempster et al. (1977) and McLachlashReel (2000).

D.1.6 Mixture copula 2 (ML)

The LTD estimator implied by the Mixture Copula 2 (ML) modekistatic estimator
and based on a mixture copula that is composed of a convexigatian of three basic

copulas, the copula as well as the Clayton and Frank copula. The formal itlefirof
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mixture copulas and the formula for calculating correspogd.TD coefficients can be

found in equationd (D10) an (D11), respectively. Hence Miixture Copula 2C'yix 2,

is given by

Chix2 = w1 Cy + waCo + w3Clry (D19)

wherew; € [0,1] fori = 1,2, 3 with 32> w; = 1, and

Ci(ur, uz; 0) = tlzf,p(t;l(ul%t;l(uz)% ve (0,0), pe[-1,1], (D20)
Colur ;) = (uy” +u3’ —1) 77 6 e [~1,0)\{0}, (D21)
1 1—e?—(1—e )1 —e 0
Crr(u1, ug; 0) = —alog < ( o0 U >> , 0 € (=0, 0)\{0}.
(D22)
The LTD coefficients of the individual copulas are given by
Vv +14/1—=p 1
k=2t (— NiEY, . TG =2"7, Tth=0. (D23)

To calculate the LTD coefficients implied by the Mixture Capal(ML) model, we apply
(D17) and get

11 —
7_rﬁixg = 2wty 41 (* Wm) + 2_%1112. (D24)
Estimation of the Mixture Copula 2 (ML) model is straightfaly done via ML, where

the log likelihood function is given by

T
L(uy, uz;0,w) = > log (w'e(uy, uzy; ) (D25)

t=1

whereu; is defined as above € 1,2),0 = (v, p,0,,6,)" contains the copula parameters,
w = (wy,wy,w3)’ denotes the vector of weights, aed= (c;, cci,cr) ' is a vector

containing the copula densities of theopula as well as the Clayton and Frank copula,
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respectively.

As in case of the Mixture Copula 1 (ML) model, we are aware offdet that esti-
mating mixtures in this way yields potentially biased pagsen estimates due to ignoring
the incomplete-data problem and maximizing the likelih@oth respect to both copula
parameters and the weights. Again, we are interested in hisypotential bias shows up

in the computation of LTD coefficients.

D.1.7 Mixture copula 2 (EM)

The LTD estimator based on the Mixture Copula 2 (EM) is a sedtonator and based
on the same mixture of copulas as the LTD estimator basedeaittture Copula 2 (ML)
model. Hence, the estimator builds on a mixture ofttbepula as well as the Clayton and
Frank copula, and calculates LTD coefficients as a weightedd the LTD coefficients
of these individual copulas. Corresponding formulas carobed in equationg (D19) to
©23).

The difference between the two mixture models, howeves, ilethe method used
for estimation. Whereas the estimation procedure appli¢dedlixture Copula 2 (ML)
model yields potentially biased estimates by maximizirglty likelihood in [D25) with
respect to both copula parameters and the weights of theirajpéstimation of the Mix-
ture Copula 2 (EM) model considers the incomplete-data s&ireave encounter when
estimating mixture copulas and, therefore, is based on thalgorithm as proposed by
Dempster et al! (1977). A description of the EM algorithm barfound in the discussion

of the Mixture Copula 1 (EM) model above.

D.1.8 Regime-switching copula

The LTD estimator implied by the Regime-Switching Copula magla static estima-
tor and based on identifying two regimes for characterizimeggdependence structure and
computing LTD coefficients. We follow Okimoto (2008) as waill Garcia and Tsafack
(2011) and assume the first regime to be Gaussian with symendefpendence and zero

tail dependence, and the second regime to be specified by &lyeoGIcopula that is ca-



APPENDIX D. SUPPLEMENTARY MATERIAL FOR CHAPTER 5 255

pable of capturing asymmetry in extreme dependence. Aamslatd in the literature on
regime-switching models, we assume the two regimes anddhsitions between them
to be reflected by a latent state variable that follows a Madt@in with a constant tran-
sitional probability matrix.

Formally, the Regime-Switching Copula is the mixture of thgimee copulas and thus

given by
Crs = 5:Cga + (1 — 5¢)Cq (D26)

whereCga andC, denote the Gaussian and the Clayton copula, respectivaly; an

{1,2} is the latent state variable with transition probabilitytrha

p L—=p
P = H ! , pii = Pilsy = i[s;q = d] fori =1,2. (B27)

1 —pao P22
Note that the labeling of each regime is determined ex-aviteye the Gaussian regime
is reflected bys; = 1 and the asymmetric regime is indicated §y= 2. The Gaussian

copula,Cg, and the Clayton copulac, are given by

Coalug, ug; ) = Py (<I> 1), @ (uy ) (D28)
i ge

Coai(uy,uq;0) = ( +uy? —-1) [—1,00)\{0}, (D29)

where®, and®~! denote the bivariate Gaussian distribution function withrelation
parametef and the univariate Gaussian quantile function, respdgtifée implied LTD

coefficients can be computed according to
L=0 and 75 =277 (D30)

The Gaussian copula is asymptotically independent in tiee taence, the LTD coeffi-
cients generated by the Regime-Switching Copula model ardbas the LTD coeffi-

cients of the Clayton copula in the asymmetric regime.
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Since the latent state variableis unobservable, estimation of the Regime-Switching
Copula model constitutes an incomplete-data problem andisrteebe conducted via the
EM algorithm as proposed by Dempster et al. (1977), whichuitireed above and dis-
cussed in detail by McLachlan and Peel (2000). Further, & déth the transitional
probabilities when calculating ML estimates, we use the Hamfilter, a general pre-

sentation of which can be foundlin Hamilton (1994).

D.1.9 Clayton copula

The LTD estimator based on the Clayton Copula is a static esiimaad equal to the

LTD coefficient implied by the Clayton Copula, which is given by

S

Coi(ur,u;0) = (uy® +uy? — 1)~ (D31)
wheref € [—1,0)\{0}. The copula density can be expressed as
cai(ut, uz;0) = (14 6) (ugua) ™ (uy? + uy? — 1)7270 (D32)
and the LTD coefficient can be calculated according to
Th =20, (D33)

The Clayton Copula is estimated straightforwardly via ML, wéhthe log likelihood is
given by

U1,U27 cCl Ulta“?he))

(1+6) — (1 + ) log (urpusy) — (2 + 07 log (u? +uz? — 1)

- s
L

(D34)

with u; = (ui,la vy Ui7T)T fori=1,2.
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D.1.10 Clayton copula (EVT)

The LTD estimator based on the Clayton Copula (EVT) model isaicséstimator
and equal to the LTD coefficient implied by the Clayton Copuléhe Torresponding
expression for the copula function and density as well agdhmaula for the calculation
of LTD coefficients can be found in equations (ID31)[to (D3&kpectively. Hence, the
Clayton Copula (EVT) builds on the same technique as the Claytpula model.

In contrast to the latter, however, the Clayton Copula (EVTdelas based on a
semi-parametric model for the marginal distributions. Blprecisely, with( X7, X5) ~
(Fx,, Fx,) denoting a two-dimensional random vector with marginatritigtions F'x,
and Fx,, we follow|Hilal et al. (2011) and use the results from ExteeNalue Theory
(EVT) to model the excess distributions efX; and — X, by the Generalized Pareto
Distribution (GPD). Thus, assuming the GPD for the lowdraad a nonparametric model

for the remaining portion, the marginal distribution®f, Fy, (i = 1,2), is estimated as

R Fy,(x,) [1 — Fepo(lx, — l‘;&ﬁﬁ} . x <y,
Fx, (@) = (D35)

FXi(.%), Z’Zﬁx

7

whereﬁXi is the empirical distribution functiorf,y, denotes a suitably chosen low thresh-
old, Fgpp is the distribution function of the GPD, and the parameters- 0 andfi €
(—o0,0) denote the ML estimates of the scale and shape parametéis-gf respec-
tively.

Regarding the marginal thresholg,, we follow Hilal et al. (2011) and choos&,
as high as possible on the basis of a goodness-of-fit tedtéoGPD. More precisely, in
preliminary (unreported) tests we estimate the ML estisiate¢he GPD for various levels
of the threshold and conduct the goodness-of-fit test ondkis lof the Anderson-Darling
statistic. The corresponding asymptotic critical valugsder the null hypothesis that the
exceedances fit the GPD) are tabulated in Choulakian and&isfB001). The results

from our tests indicate that, on average, the 5% empiricahtjie is a suitable choice for
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the threshold of the GPH).

D.1.11 Nonparametric estimator

This LTD estimator delivers constant LTD coefficients antbased on the nonpara-
metric estimator as proposed by Schmidt and Stadtmuel@36)2 More precisely, the
authors build on the concept of empirical tail copulas anibauce tail dependence esti-
mators that are based on the empirical copula.

Formally, with X; and X, being twon-dimensional random vectors wiftX;, X5) ~

F = (G, H) and copulaC, the empirical copula’,,,, can be expressed as
Cr(wr,ug) = F (G (wr), Hy ' (us)) (D36)

where F',,, GG,,, and H,, denote the empirical distribution functions &f, G, and H,

respectively. Further, leR,,; = (R, ;);-1..... be the rank of\;, i = 1, 2.

.....

Schmidt and Stadtmueller (2006) then propose the followeimgirical LTD estimator:

L m k kY _1¢ | A
Tm = Ecm (E7 E) ~ E;l 1{31,1,1@ and R}, ,<k} (D37)

where the parametérneeds to be specified adequately. In our simulation studyplve
low'Schmidt and Stadtmueller (2006) and utilize the homeggmroperty of tail copulas
which transfers to the nonparametric estimatoi_in (D37)dyig a characteristic plateau
while plotting the estimates for successiveAccordingly, we estimate the optimal thresh-
old k via a simple plateau-finding algorithm subsequent to smogtthe estimates by a

Gaussian kernel with bandwidth equal to 0.05.

3Further details on the goodness-of-fit testing procedunebesfound in Hilal et al[(2011).
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D.2 Simulating from DGPs

This section presents technical details on the simulatiom the three dynamic LTD

estimators used as data-generating processes (DGPs)smuaudation study.

D.2.1 Simulating from|Patton’s (2006) dynamict copula.

Simulating lower tail dependence (LTD) coefficients andwaplata from _Patton’s
(2006) Dynamica Copula is based on the simulation of the process describagdire-

lation dynamicsp;, which is given by

| Lo
pr = A (w + Bpi—1 + 70 ;t;l(ul,t—i)t;l(ult—i))
= (D38)

P do )
=A (0-5 +0.9p1 + O'GE ;tml (u1,—i)t0 (u2,t—i)>

whereA(z) = (1 — e ®)(1 + e *)~! is a normalizing function.

To this purpose, as a starting point we first draw an obsewvati® = (u; o, uz0)"
from a standard Uniform distributiody, ;). Further, we sep, = A(0.5) and calculate
p1 = A(0.5+ 0.9p + 0.6t75 (u1,0)t10 (uz0)). TO computep,, we needp; as well asu(®)
andu. The latter is computed by simulating from a bivariateopula, C’t%’pl, with
degrees of freedom equal to 10 and correlation pararpetétaving determined starting
points, we then calculate*~" andp, alternately fort = 3,..., T, where the former is
computed via simulation frorﬁ?ﬁ%_1 and the latter by applying the iteration [n (D38).
Note, however, that since we calculate the average of theftvemed variables ; (v, ;)

andtl‘ol(ugvt_i) over the previous 10 lags, we computeaccording to

t
A (05 + O.gpt,1 + 06% Z t;ol (Ul,t,i)tfol (u2,ti)> s t= 1, ceey 9
P i=1 (D39)

10
A (05 + 0.9pt_1 + 061—10 Z tl_(]l(Ul,t—i)tl_()l(UQ,t—i)) s t= 10, ,T
i=1

Having simulated the correlationgy)~_,, we compute simulated (true) LTD coefficients,
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7F, according to

L _ \/ﬁv L—py
T = Qtll (—ﬁ> . (D40)

D.2.2 Simulating from the DCCt copula

Simulating lower tail dependence (LTD) coefficients andutaplata from the DC@
Copula is based on the simulation of the process describagdirelation dynamicgy,

which is given by

pr= —— (D41)
A/ q11,t922 ¢

with the matrix@; = (gij.)i j1,2 following

Qr=01—-0¢—V)Q+ Qi1 + ¢z 7,

= 0.05Q + 0.9Q;_; + 0.05z° 2T,

(D42)

whereQ) = (w;;); j=1,2 IS @ correlation matrix with off-diagonal entries,, andws;, equal
to 0.8, andzy = (zf,,25,)" with =, given byz{,/Qui, andzf, = t5 ' (uy), i = 1,2

To this purpose, as a starting point we first draw an obsewatl® = (u;,uz0)"
from a standard Uniform distributioty, ;1. Settingq:1,0 = g220 = 1 —¢ —% = 0.05and
G120 = @210 = (1 — ¢ — )5 = 0.04, we usel[(D41) and calculatg = 0.8. Further, the
initial modified copula shockss?, are calculated ag’, = +/0.05¢5 " (u;p), i = 1,2. To
computep;, we needy), as well as the cross-product of lagged (modified) copulakshoc
zs. Hence,p; results from substituting the above starting values intoagiqns [(D41)
and [D42). Updated copula data‘, are then received by simulating from a bivariate
copula,Ctgﬂpl, with degrees of freedom equal to 5 and correlation parameteHaving
determined starting values, we now calculateand u*) alternately fort = 2,..., T,

where the former is computed according to equatibns{D4d B42), and the latter via

“Note that we follow Christoffersen etlal. (2012) and use thalified copula shocks¢ instead ofz¢
for the correlation dynamics. See Aielli (2009) for detaitsthis modification.
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simulation fromCtgp :
Pt
Based on the simulated correlatiofis,)’_,, we compute simulated (true) LTD coef-

ficients,7%, as

b = 2t (——*/Ll 1+_ptp t) . (D43)

D.2.3 Simulating from the DSCt copula

Simulating lower tail dependence (LTD) coefficients andudamlata from the DS@
Copula is based on the simulation of the process describangdfrelation dynamicgy,

which is given by

o = q12,t (D44)
A/ q11,6922.¢

with the matrix@; = (¢;j.¢)i,j=1,2 following

Qi=01—0¢—V)[(1 = r)Q+ kD] + Qi1 + ¢Z{_1 7]

= 0.05[0.62 + 0.4D;] + 0.95Q,_1 + 0.05z¢_, 2",

(D45)

whereQ) = (w;;); ;=12 iS @ correlation matrix with off-diagonal entries,, andw,;, equal
to 0.8,D; is a time trend correlation matrix with time trend parameteequal to 0.01 and
off-diagonal entriesD;, andD,1 4, given by0.01*¢%(1+0.01°¢*) !, andzf = (2 ,,25,)"
with z¢, given byz¢,4/Qii andzf, = 5" (uiy), i = 1,2

To this purpose, as a starting point we first draw an obsemwvat® = (u; o, us0)"
from a standard Uniform distributiod|, ;). Settinggi10 = g220 =1 —¢ — 1 = 0.05
andgiao = go10 = (1 — ¢ — ) [(1 — k)2 + kD121] = 0.024, we use[(D44) and
calculatep, = 0.48. Further, the initial modified copula shocks,, are calculated as
Zig = \/thl(uiyo), i = 1,2. To computep;, we need)), as well as the cross-product
of lagged (modified) copula shocks;. Hence,p; results from substituting the above

starting values into equations (D44) and (D&5)Jpdated copula datayV), are then

SNote that is a constant correlation matrix af?} only depends on the time trend parameigas well
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received by simulating from a bivariaie:opula,Ctgypl, with degrees of freedom equal to
5 and correlation parametgy. Having determined starting values, we now calculate
andu(® alternately fort = 2, ..., T, where the former is computed according to equations
(D44) and[(D45), and the latter via simulation frc(ﬁf;ggypt :

Based on the simulated correlatiofis,)’_,, we compute simulated (true) LTD coef-

ficients, 7/, according to

Tk = 2t (—L Vl_pt) . (D46)

as the point in timet, at which the matrix is evaluated. Henéeand D, can be calculated independently
of p, andzy for all t = 1, ..., 7 once the parameters have been determined.
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Figure D.1: Mean squared errors of lower tail dependencmasirs.

The figure shows the mean squared errors (MSE) separatadadébrof the three data-generating processes
(Patton, DCC, and DSC model) and each of the lower tail depecal (LTD) estimators included in the
simulation study. The plots in the figure result from the liaseapproach, which is determined by setting
the sample siz€el’, to 500 and the number of simulation replication, to 1000. MSE is computed in
each simulation trial, resulting in a total of 1000 MSEs fack combination of data-generating process
(DGP) and LTD estimator. The MSE formula is given by MSEI(r, %) = T~ 3" (r, — #)?, where

T = ()I_, and# = (#)1_, denote the series of true and estimated LTD coefficientperdizely. The
names of the LTD estimators are abbreviated according todtegion introduced in Sectidn 5.8.1.
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Figure D.1: Mean squared errors of lower tail dependendématirs (continued).
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Table D.1: Survey of recent studies on extreme dependerfoc®imncial economics.

The table provides a survey on recent studies in the finaac@iomics literature that focus on extreme dependence irptitext of asset pricing, credit risk, financial intermediatirisk management, and portfolio
management. For each study listed in the first column of the,teleldirst specify the main issue of the study (column two) and thréefly summarize the corresponding key findings (column fduext, we provide an
overview of the extreme dependence estimation procedure gatpio the respective study and, finally, list the journal imieh the study has been published. Regarding the journalemploy the following commonly
used abbreviations: (i) Applied Financial Economics (ARR),International Economic Review (IER), (iii) Journal ofaBking & Finance (JBF), (iv) Journal of Empirical Finance RJHv) Journal of Financial and
Quantitative Analysis (JFQA), (vi) Journal of Financialdbometrics (JFEC), (vii) Journal of International Money &midance (JIMF), (viii) Review of Financial Studies (RFS).

Study Main issue Key finding Extreme dependence estimator Journal
Aloui et all (2011) Extreme financial interdependences ofedet Time-varying dependence between each of the BRIC  Static Gumbel/Galambos copula JBF
emerging markets with the US markets and the US markets
Beine et al.|(2010) Implications of trade and financial ina&gn for Open financial markets increase the likeliness of a Quantile regression JBF
portfolio diversification joint crash in all markets
Chollete et al.|(2009) Modeling asymmetric dependence withivaniate Canonical vines dominate alternative dependence Regime-switching copula JFEC

regime-switching copulas

structures and the choice of copula has important im-
plications for risk management

Chollete et al.|(201.2) International diversification withrielations and ex- Correlations and extreme dependence deliver am- Extreme value theory JBF
treme dependence biguous risk management signals

Christoffersen et all (2012) International diversificatarross emerging and de- Correlations and tail dependence have increased and Dynamic asymmetri¢ copula RFS
veloped markets are lower for emerging markets

Christoffersen and Langlois (2013)  Joint distributionghdmics of equity market fac- Asymmetric tail dependence across equity market  Dynamic asymmetri¢ copula JFQA

tors

Christoffersen et all (2013)
credit protection

Time-varying diversificatioenkfits from selling

factors and overestimation of diversification benefits
across the factors by linear correlations

Increases in cross-sectional dependence following  Dynamic asymmetri¢ copula
the financial crisis have reduced diversification ben-
efits from selling credit protection

Working paper

DiTraglia and Gerlach (2013) Implications of lower tail degence for portfolio Lower tail dependence generates a risk premium and Extreme value theory JBF
selection is different from other risk measures

Dudley and Nimalendran (2011) Role of funding risk in expilagnhedge fund conta- Identification of the mechanism by which changes in Dynamic Clayton copula JFQA
gion funding liquidity affect hedge fund contagion

Garcia and Tsafack (2011) Extreme comovements in interndtiespaity and Dependence is strong for assets of the same type and Regime-switching copula JBF

bond markets

weak between equities and bonds
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Table D.1: Survey of recent studies on extreme dependerfc®incial economics (continued).

Study

Main issue

Key finding Extreme dependence estimator

Journal

Heinen and Valdesogb (2008)

Herrera and Eichlzf (2011)

Hilal et all (2011)

Hong et al.|(2007)

HU (2011)

Junker et &l..(2006)

Kang et al.|(2010)

Meine et al.|(2013)

Min and Czado (201.0)

Ning (2010)

Dynamic dependence modelingindimensions

Asymmetric extreme dependence ekatvEMU,
UK, and US stock markets

Estimation of hedge ratios based on the SXRB-
dex and VIX futures contracts

Model-free testing for asymmetries in statirns

Canonical vine autoregressive model captayes-a Dynamic elliptical/Archimedean copulas
metric and dynamic dependence and yields accurate
Value-at-Risk forecasts

Extreme dependence is asymmetrical in the pre- Extreme value theory
EMU and symmetrical in the EMU period

Hedge ratios based on extreme value theory outper- Extreme value theory
form minimum variance OLS hedge ratios

Substantial economic importance of incorporating Static mixture copulas
asymmetries into investment decisions with a disap-
pointment aversion preference

Estimating the dependence structure of stock mark€toss-market dependence is asymmetric and charac- Static mixture copulas

indices

Extreme dependence in the term structutdS
Treasury yields

Asymmetric dependence between hedge fturdse
and market returns

Tail risk in credit default swap pricing

Modeling multivariate dependence &ires with
pair copula constructions

Dependence structure between the equity aréfor
exchange market

terized by lower tail dependence

US Treasury yields are upper-tail dependent and us-Static elliptical/Archimedean copulas
ing the normal copula prevents accurate risk mea-
surement

Nonlinearity in hedge fund exposure to market risk Static mixture copulas/Nonparametric
is more short term in nature estimator

rotection sellers receive a premium for bearing the ~ Dynamic asymmetri¢ copula
risk of extreme upward comovements in default risk

Development of a Markov chain Monte Carlo algo- Statict copula
rithm used to reveal (un-)conditional independences
in Norwegian financial returns and Euro swap rates

Significant upper and lower tail dependence betweenStatic elliptical/Archimedean copulas
equity and foreign exchange markets that becomes
weaker after the launch of the euro

Working paper

JBF

JBF

RFS

AFE

JBF

JFQA

Working paper

JFEC

JIMF
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Table D.1: Survey of recent studies on extreme dependerfoeincial economics (continued).

Study Main issue Key finding Extreme dependence estimator Journal
Oh and Pattor (2012) High-dimensional dependence modeling il d&éaendence, heterogeneous dependence, and Factor copula Working paper
asymmetric dependence between the stock returns of
the S&P100 constituents
Oh and Pattor (2013) Measuring systemic risk with a new classpula-  Systemic risk is substantially higher now than in the Dynamic copula models Working paper
based dynamic models pre-crisis period
Okimoto (2008) Asymmetric dependence structures in intesnati Two distinct regimes in the dependence of G7 stock Regime-switching copula JFQA
equity markets market indices: normal and asymmetric extreme de-
pendence
Pattoh|(2006) Asymmetry in the dependence of exchange rates e mibink-dollar and yen-dollar exchange rates ar®ynamic elliptical/Archimedean copulas IER

Rodriguez|(2007)

Ruenzi et al.|(2013)

Ruenzi and Weigert (2013)

WeilR and Supper (2013)

Measuring financial contagion with switgh
parameter copulas

Asset pricing with extreme downsideitigy risk

Crash risk in asset pricing

Incorporation of nonlinear ligyidisk into Value-
at-Risk forecasting

more correlated when they are depreciating against
the dollar than when they are appreciating

Dependence changes during periods of turmoil and Static mixture copulas JEF
structural breaks in tail dependence are a dimension
of the contagion phenomenon

Investors receive a compensation for holding k$oc Static mixture copulas Working paper
with strong systematic liquidity risk in the form of
extreme downside liquidity risk

Irresteceive a compensation for holding crash- Static mixture copulas Working paper
sensitive stocks

Strong tail dependence between bid-ask spreads and Static vine copulas JBF
equity returns and accurate forecasting of portfolio
profits and losses
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Table D.2: Bivariate copulas used in the simulation study.

The table presents the cumulative distribution functiaif)( parameter domains, and closed-form expressionfédotver tail dependence (LTD) coefficients of the bivariate
copulas included in our simulation study. The Clayton, Rmtaloe, and Student'scopula exhibit lower tail dependence, while the F-G-M, kgaBaussian, and Joe copula
are asymptotically independent in the lower tdly and®—! denote the cdf of a bivariate normal distribution with ctatien parametef and the univariate Gaussian quantile
function, respectivelyt2, t,, andt; ! denote the bivariate and univariate cdf as well as the umieaguantile function of the Studentsdistribution, respectively, witid
denoting the corresponding parameter vector containiegl#grees of freedom parameterand the correlation parameter,

Copula CDF #-Domain LTD
Clayton | Coi(ur,uz:0) = (up? +uy® —1)° he[-1,00\0} | =24
F-G-M Crom(ui,ug;0) = ugug (1 + 0(1 — ug ) (1 — ug)) 6e[-1,1] b=
Frank Crr(ut,ug;0) = —flog ([1 —e™? — (1 —e 1) (1 —e7%2)][1 — e7]71) | 6 € (—00,0)\{0} =
Gauss Coa(ur,uz;0) = ®g (D (1), @ (u2)) fe(-1,1) =
Joe Ciodu, uzi0) =1 — (1= u1)® + (1 —u)? — (1 — ug)*(1 — uz)°)? 6e[l,o0) 7L —
Rotated-Joe Cyodur, ug;0) = uy + ug — (uf +uf — u‘fug)é fel,00) th—2-2%
Student's | Ci(uy, us;0) = t2(t;  (wy), £ (u2)) 0 (0,0) x (—1,1) | 7% = 2,41 (f @;}ﬂ
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Table D.3: Lower tail dependence estimators under study.

The table presents the lower tail dependence (LTD) estimatcluded in our simulation study along with the expressitor the corresponding LTD coefficients and the
correlation dynamics for the time-varying estimators. Wasider eight static LTD estimators (Migl, Mix1gpm, Mix2yu, Mix2gm, RS, CL, Clgyt, Nonparam) and three
dynamic estimators based on different dynamizations oBthient’st copula (Patton, DCC, DSC). The notation is as followsandt;; ! denote the univariate distribution
and quantile function of the Student'slistribution with degrees of freedom parameterespectivelyw, andws, denote the weights of the mixture copulas. Regarding the
correlation dynamicsy, 3, «, ¢, 1, ¢, ¥, andx are scalar parameters(z) = (1 — e~ ?)(1 + e~®)~! is a normalizing functiony; , andus ; denote the ranks of the residuals
from univariate GARCH processeR,and D, are two-by-two correlation matrices containing constamtelations and time trends, respectively, afidienotes a vector of
(modified) copula shocks. The DSC model incorporates a tieraltinto copula correlations and nests the DCC model in chse= 0. Technical details can be found in

Sectior D.1 in Appendix D.

Model LTD estimator Correlation dynamics
10
Patton =Alw+Bp1+at S t;! _)tt — )
- F =2t (_AVm«/l*PL) " <((: Pt + o i§1 A e
DCC Vito Pt = \/ﬁ7 Qr=1—¢—P)Q+ Qi1 + ¢zf 127,
DSC pr= gty Q= (1= 9= 9)[(1 = )2+ kD +9Qu1 + 027,51,
MiX]-ML L _ 1 -
MinEM T (2_26) -
Mix2m L_ NZsWier, —1 -
W T = 21,U1t1,+1 (—7 m) + 2 o Wo —
RS —
CL L =2-% —
Clevr —
n
Nonparam th=13 Z 1{an‘1<k and R}, ,<k} -
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Table D.4: Parameterization of data-generating processes

The table shows the parameter choices for the dynamic loavedépendence (LTD) estimators and presents the resudtipgessions for the corresponding correlation
dynamics. The dynamic estimators are employed as dataaj@ngeprocesses (DGP) in our simulation study and inclingeRatton, DCC, and DSC model. The notation
is as follows:w, 3, «, ¢, ¥, ¢, 1, andx are scalar parameterd(z) = (1 — e *)(1 + e~ *)~! is a normalizing functiony; ; andus; denote the ranks of the residuals
from univariate GARCH processeR,and D, are two-by-two correlation matrices containing constamtelations and time trends, respectively, afidienotes a vector of
(modified) copula shocks. The DSC model incorporates a tieraltinto copula correlations and nests the DCC model in eise= 0. Technical details can be found in

Sectior D.1 in Appendix D.

DGP Parameter Correlation dynamics
w=0.5
Patton p09 pr = A (0 5+0.90-1 + 0.6 f i (ur i)t (u -))
a = 0.6 ’ IPt— P10 & 10 \U1,t—i)l10 \U2,t—i
v=10
¢ =0.05
DCC v =09 pr = —221 9, = 0.050 + 0.9Q;_1 + 0.05z¢_, 7T
w12 = 0.80 £/q11,t922,t’ 2 t—17t—1
V=25
¢ = 0.05
¥ = 0.90
DSC w}f;oég pr= \/QQiT Q: = 0.05[0.6Q + 0.4D;] + 0.9Q, 1 + 0.05z_, 21,
6 =0.01
v=10
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Table D.5: Variable definitions and data sources.

The table presents definitions as well as data sources fdepéndent and independent variables that are used in ouriegthptudy.
The data sources are: {ijhomson Reuters Datastred®S), (ii) WorldscopgWS), and (iii)Kenneth French Data Librar{KF). EST
indicates that the variable is estimated or computed basedtarfrdm the respective data source(s).

Variable name Definition Data source

Return (return) Excess return of a portfolio (stock) over tiskfree rate. We use the one-month T-billDS, KF, EST
rate as the riskfree rate.

CAPM-Alpha, FF-Alpha, Portfolio performance alphas fram Sharpe’s (1964) capgs¢tpricing model, the three- DS, KF, EST
CAR-Alpha factor model of Fama and Fremnch (1993), and Cerhart’s (199#)féwtor model. Esti-
mation of the alphas is conducted on the basis of monthly partfeturns.

capm-alpha, ff-alpha, car- Individual stock performance alphas from Sharpe’s (196gijtabasset pricing model, the DS, KF, EST

alpha three-factor model af Fama and Freinch (1993), land Carha@%7(1lfour-factor model.
Estimation of the alphas is conducted for each stock and ye#reobasis of daily return
data.

LTD Lower tail dependence coefficient of a stock estimatedvben the stock’s returns and DS, EST

market returns. Estimation is conducted on the basis of deflym data from one year
using the Mix%kwm, CLeyT, and the Patton model. Details on the tail dependence models
and the estimation procedure can be found in Secfions 5.8[5.4L.2, respectively.

B Factor loading on the market factor from a CAPM one-factoregsgion estimated based DS, KF, EST
on daily return data from one year. Formally, we compigecording tg3 = %
B~ Downside beta estimated based on daily return data from ame Fellowing Ang etal. DS, KF, EST

COV(7 , T [T <fiam )
var(rom [rm <pm)

(2006a), we comput@— according to3~ =
the mean of the daily market return.

, wherep,,, denotes

BT Upside beta estimated based on daily return data from one yedlowinglAngetal. DS, KF, EST
(20064), we computg* according top+ = W wherep.,, denotes
the mean of the daily market return.

size A firm’s equity market capitalization in million U.S. daka WS
bookmarket A firm’s book-to-market ratio computed as the ratibatk and market value of equity WS

per share.
illig ThelAmihud (2002) measure of illiquidity calculated for eatbck and year according DS, EST

1 Days |7l
Days; d=1 Vol; 4

(in U.S. dollars) andDays is the number of trading days in year

toilliq, , =

, whereVol; 4 is the trading volume of stockon dayd

idiovola A stock’s idiosyncratic volatility, defined as the standdediation of the CAPM-residuals DS, KF, EST
of the stock’s daily returns.
coskew The coskewness of a stock’s daily returns with the marketoiig/Ang et al.(2006a), DS, EST
H ]E[("’i_l‘i)(rm_liwn)2] .
we computecoskewaccording tocoskew= et varmy wherep; and g,

denote the mean of the daily stock and market return, respéctiv

cokurt The cokurtosis of a stock’s daily returns with the market.ldwaing|Ang et al. (2006a), DS, EST

\Jvar(r; yvar(ryy, )3/2

note the mean of the daily stock and market return, respegtivel

we computecokurtaccording tacokurt= , wherep; and ., de-

max The maximum daily return over the last year. DS, EST




Appendix E

Publication Detalls

The cumulative dissertation is composed of four self-cdoetchapters. Each chapter
Is based on a distinct research paper that makes an indepermbigribution to the exist-
ing literature. This appendix shortly reviews the reseaabers and provides publication

details.

Paper | (Chapter 2):

Is Tail Risk Priced in Credit Default Swap Premia?

Authors:

Christian Meine, Hendrik Supper, Gregor Weil3

Abstract:

We show that the propensity of a bank to experience extrenmaa@ments in its credit
default swap premia together with the market is priced inbtek’s default swap spread
during the financial crisis. We measure a bank’s CDS tail bgtadtimating the upper
tail dependence between its default swap spreads and & dedalilt swap market index.
Our study shows that protection sellers receive a premiurbdaring the risk of extreme
upward co-movements in default risk. The economic sigmfieaof this effect is large
yet limited to the recent financial crisis. Banks in the uppéntjle of CDS tail beta have
spreads that are on average 140 basis points higher thandhbanks in the lower CDS

tail beta quintile.

272
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Publication details:

Revise and resubmit at thieview of Finance

Paper Il (Chapter 3):

Do CDS spreads move with commonality in liquidity?

Authors:

Christian Meine, Hendrik Supper, Gregor Weil3

Abstract:

We show that commonality in liquidity is priced in both th@ss-section and time-series
of credit default swap (CDS) premia. Protection buyers eastaastically significant
and economically important discount for bearing the risknofividual CDS illiquidity
co-moving with CDS market illiquidity. The pricing of commality in CDS liquidity
is different for calm and crisis periods as we find liquiditgkrto be a priced factor in
CDS spreads only during the recent financial crisis. Addéilynwe find evidence that
liquidity seems to be more important for the pricing of CDSntHandamentals from
structural models of default risk.

Publication details:

Under review at thdournal of Financial and Quantitative Analysis

Paper Il (Chapter 4):

Dynamic Dependence in Prices, Liquidity, and Credit Risk. Ae/Copula Approach.
Authors:

Hendrik Supper, Christopher Bierth, Gregor Weil3

Abstract:

We model the joint distribution of the market price, liguidiand credit risk of a multivari-
ate stock portfolio at the security-level using dynamicevoopulas. We first document
the existence of significant time-varying tail dependeretvben the stock returns, stock
liquidity, and the respective firms’ default intensities.e \en propose a liquidity- and

credit-adjusted Value-at-Risk and show that our adjustédevat-Risk enables risk man-
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agers to reliably forecast the total risk exposure of a stoe&stment. Finally, we find
that our dynamic vine copula model captures time-varyitigigpendence significantly
better than static copula or dynamic correlation-basedatsod

Publication detalils:

Working paper.

Paper IV (Chapter 5):

Extreme dependence in finance: Does the choice of estimatibenh

Authors:

Hendrik Supper

Abstract:

We review several commonly used methods for estimatingaihdépendence in a given
data sample. In simulations, we show that especially sésticnators produce severely
biased estimates of tail dependence when applied to samjileime-varying extreme
dependence. We then show in an empirical study that the elobiestimator significantly
affects the importance of tail dependence in asset pricgntrary to earlier findings
in the literature, the economic significance of the crasisisiwity of stocks as a priced
factor in the cross-section of stock returns is small antitetly depends on the choice of
extreme dependence estimator.

Publication detalils:

Working paper.
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