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Abstract

This studyprovides gperspectiveon the correlation between credit risks and their determirau@stime,

as it has been an important issue to identify vagmbl determining credit risks. If the impact of variables on
credit risks variesover time, different poirg in time have different coefficients to reflect different credit
conditions. Without complex assumption of parametric form in advance, cgnstructa time-varying
coefficient model taharacterizeéhe coefficient and significance aigmics of determinant factors wisarge
amount of dataBoth single factor and muHiactor mode$ provide strong evidence to support tbaefficient
estimates and tirecorresponding significance are markedly changed after credit.cFise®stimated results
also reveala remarkable timesarying correlation between stock and credit markets. $hisly further
evaluates the credit spreads tine out-of-sample periodwith the default intensity pricing model to
demonstrate that pricing errors can be efficiemttguced byconsidering thetime-varying correlations
between credit spreads and their determinahtere ae two further findings of interest First, the
industrywide credit risk diminished durindifficult credit conditions.Second,under the consideration of

firm-specific and industryide risk factos, the macroeconomic variable is still extremely relevant in

explaining credit spreads.

Keyword: timevarying oefficient, credit determinant, intensity model, credit default swap, credit crisis.



Time-Varying Correlations BetweenCredit Risks and Determinant Factors

1. Introduction

The determinants focreditrisks havebeen widely studie¢e.g.,Collin-Dufresneet al., 2001, Elton et al,
2001, Eometal., 2004 Longstaffet al., 2005 Longstaff& Rajan 2008 Bhansaliet al., 2008 Tang& Yan,
2010. Many variables have been proved to be strongly correlatdd credit conditions, includingome
firm-specific fnancial factors and common systematic components. Eriessbn(2009)further showed that
time seriegparameter estimates of credit risk determinants have a olraf(parameters tend to continue
rising in the sample perioddnd economic significancearies over timeHowever, n traditional timeseries
regression mods] coefficients are assumed be constant for a long periodithe coefficients between credit
risks and their explanatory variables are different in time, constant coefficientsotnagemuately nael the
changingcredit market. This studinvestigaésthe changes dfime-varying coefficiens andcorresponding
significanceof potential credit deteriants to identify theiestimationperformancevertime for a fresh look
to betterfacilitatethe managemenf credit challenges.

As the current credit crunch was triggered by the subprime mortgage ledsiing toclustered defaults of
financial institutionsjnvestmat banks made poor decisioasdrating agencieslsofailed to reognize the
worst possiblescenario After strugglingwith the most volatile and unnerving period on recofdhe global
economy, it is important to verify whether the difficult macro environment and serious credit conditions have
changed theorrelationsbetween credit risks arttleir determinant factor$n orderto understand howredit
risks are dynamically influencedy covariate, a time-varying coefficient models provided tocharacterie
coefficient dynamicsand their corresponding significancéhe estimated results reveal thabefficients
change over timeespeciallyduring serious credit conditions. Therrespondingsignificancelevels of all
factors are alsdlifferent in time. As the correlations between credit risks and their determinaets ar
significantly different when struggling with great credit challesgtheséime-varying correlationgould be a
crucial issue in determining credit risk.

Four objectsare investigated-irst, we construct a timearying coefficient regression moded identify the

dynamic relationships betweamedit spreads antheir potential determinant factorgn order toavoid the
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necessity ofstrong parametric assumpt&nhe dynamic relatioships are estimateith a time pointwise
mannerusing asufficiently large amount of data without assumargy parametric forsi Additionally, rather
than using corporate bond yield spreads, the credit default swap (CD&)sspre applied to recognize credit
conditions directly tceliminateany disturbance from interesttea Therefore we preciselyinvestigate the
time-varying influences of credit determinants on cresstion CDSs the most widely traded credit
derivatives.Second as prior researcheisave identified many credit determinants withaditional linear
regression models assumingnstant coefficiest the constructed timearyingcoefficient regression modi
appliedto thesepotential credit determinantse by onéo identify the specificimpactof each factoover
time. The shape odll coefficient dynanics reveas that the relationshipbetween credit spreadsd their
determinantapparently changevertime. Third, according to thg@-valueandadjustedR-squaredynamics of
each factor during the entire sample period, substantialexplanatory credit detminants are selected to
constructmulti-factor models.Thus, the model fitting performance of timarying coefficient regression
model before and after the credit crisis can be further identffiegkth, to figure outhow muchthe credit
spreadestimaton performanceanbe improved withtime-varying coefficiens, we constructa CDS pricing
model based ordefault intensitymodel to compare the owubf-sample pricing results of time-varying
coefficientsto those otraditional constant coefficients.

Duffi e and GEarl eanu (2001) dvahts imtthirfiranewdork:t fimspeafic t y p e
defaults, industrwide defaults, and econonwide defaults. V& would like tomeasurahe impact on credit
risks by these three typ@f determinant factorsPrior researclalso shows thatcredit spreads driven by
firm-specific factors are as important as systematic factors in determining credit spread tiRermst
research by.ongstaff and Rajan (2008), Bhansalial. (2008), and Tangnd Yan (2010) fuhter concludes
that the firmspecific risk of individual company accounts for the major portion in the variation of credit
spreads.Therefore,we investigate firrspecific determinantsfollowed by industry and macroeconomic
determinantsThe estimated re#is reveal thathe coefficientsof all firm-specificfactors are timevaryingand
becomemuch morevolatile duringthe credit crunch.Only the leverage ratip distance to defaultand

CAPM-betavariablesare substantidi/ significantduring the whole sanip period, whileothersonly provide

! See e.qg.Collin-Dufresneetal. (2001), Eltoret al (2001), Eonetal. (2004), Longstafétal. (2005).
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marked significance duringpecific time interva In particular, sector indicatorsare not statistically
significant but providehigh explanatory poweilConsideringthe explanatory power and sigodncelevel
overtime simultaneouslywe ascertairseverakubstantiatredit determinants to construct miHictor models.
To identify whether the macroeconomic variable can furtiierpret the default risks that have been
explained by firmspecific and sectdiactors, the variances oestimation errain the multi-factor modelare
regressed ogross domestic producGDP) growth rate The regression results revehat GDP growthplays

animportant role differenfrom firm-specific and industryide factorsin determinng credit conditions

2. Varying coefficient modeling and credit default swap (CDS) pricing

Linear timevarying coefficient regression models (elgaraway 1997 Yanget al, 2007 are appliedto
investigatepotentialdeterminant factors ooredit riks andtheir dynamicregressiorrelationshipsover time
While the coefficients are assumed to be constant in traditibmahr regression models, tirvarying
coefficient models allowthe coefficients to be timearying for modeling the timehangeregression
relationshipsThe models are especially useful to investigate relationships between variables of multiple time
series when theicorrelatiors are prone to change over time due to special events suble ssbprime
mortgage crisisThe changef time-varying coefficients and their corresponding statistical significance give
more insight into the dynamicegressiorrelationships, which are quite different framaditional constant
coefficient modeling and analysis. The varytagfficient modeling appach clearlyindicatesconsideation
of the dynamic relationships between credit risks and the potential determinant facterg important in

managing credit risks arebpecially helpful in enhancirgyedit derivative pricing performance.

2.1Time-Varying Coefficient Regression Model

Let cds(t) bethe CDS spreads of the entityneasured at timefor i =1,...,n and t =1,...,T, and the
covariate vector X (t): (Xo(t),....%,(1))" denotes the intercept ternx,(t) =1 and the m potential

determinant factorsx;(t) for j=1,...m and i =1...,n. The lineartime-varying coefficient regression

model of CDS spreadsn be writteras

cds (1) = x (t)'b(t)+ & ). (1)



where b(t):(bo(t),bl(t),...,bm(t))‘ in which §,(t)is the intercept term andb,(t),...,H,,(t) denotes
the coefficient functionsassociated with #ir covariates € (t) is an errorterm of ani.i.d. randomprocess.

The errors are assumed todmerelated within each entjtiputareindependent between different entiti¢be

unknown coefficient functions can be estimaite@ timepointwisemannerby the least squares method such

that b(t) is choserby minimizingthesum of L, normséi H cds(t) - % (t)‘b(t)”2 , leading tathe solution
i=1

Bt)=(x(t) x(1)) " x (t) cost),
where CDSt)=(cds(t).....cds,(t)) is an n-vector of credit spreads forthe n entities,

X(t) = (Xl(t),...,xn(t)) is an n3 (m+1) matrix formed fromn entities, m covariates and theintercept

The fitted credit spreads and the residuals, respectively, mE(t):x(t)iﬁt) , and

& (t) =cds(t) - cd§(t).
Plotting theestimated timevarying coefficients ﬁt) along withtime t providesan easy visual examination

of the dynamic regression relationships.

For statistical inference, Faraway (1997) prodidmotstrapbased testing methods and Shen and
Faraway (2004) derived aapproximated- testfor testing two nsted modelainder the Gaussian process
assumptionHere,in orderto easilyoversedhe significance of each single factomnsaered in the model, we
plot the pointwisg-values along with timéto demonstraté¢he changes in significance lesehnd sumrarize

the p-value statisticdy meanp-value to makean overall measureent of significance foreachfactor. The

meanp-value (MPV,) for thejth factor is calculated by

1 T
mPV =T 4 _ pv(t) @

where pv;(t) is thep-value ofthejth covariateat timet.
To simplify the correlation between thetétl and the observed CD&ljustedR-square statisticean be

summarized byhe following mean adjuste@square statisticrhl%z)



mR =T*4 _adiR (1),

where adjR’(t) is the adjuste®square at time

2.2 Time-Varying Coefficients and CDSPricing

After identifying the time-varying coefficients and corresponding significance levels of credit determinants
the CDSpricing model carnelpto distinguishwhether such timearying correlatiorexaminatioris helpful in
improving theevaluation performanceof credit derivatives Consideringthe difficulties of calibrating the
specific dynamic model to individual credittéiesthroughthe structural model, thistudyapplies thedefault
intensity model to construct pricing model and enriclsethe model with economic underpinningwith
structural and economic factoiSonsequentlythe credit determinantarelinked to the evaluation ofcredit
derivatives.
2.2.1 Pricing Model of CDS

CDS isthe swap contracfor which the default protection buyer makes a series of premium payments to
exchange the default paymewith the protection selletWith no-arbitrage constraigtthe CDS spread is the

breakeven spread that makes pinesent value of premium payments aedault paymenequal.The present

value that protectiosellerwill receive from regular payments at tintg to t. is denoted as the premium
leg:

PL=GA (. - t..)E(.)D()

c=1 !

whereG is the CDS spread,t, denotes payment dateE(tc) represents the expected principal at payment

time t,, and D(tc) is the discount factor. Assuming defaults occur at payment dates, investors should make

the default paymerat defaultand the present value of this default payment is representieddefault leg:

pL=4 [EL...)- E.)D.)

c=1 '
To prevent leaving aitrage opportunities, the CDS spread is the breakeven spread that makes the default leg

equalto the premium leg:

2 The defaulis assumed tonly occuron payment date, buwtan be easily generalizediasHull and White (2008).
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a [Et..)- E()pt.)
G= C:‘I% . (3)
é (tc - tc-l)E(tc)D(tc)

c=1

Forthe sake osimplicity, the principal is satt 1, thus the expected principal at payment time

E(t.) = 1CE[S(t. )W)
where E[S(tc)|V\4] is the expected cumulative survival probability at time t, >t, conditional on W,
where W, denotes the informatidiiitration attimet.

2.2.2 Modeling Default Intensity

Based orthe default intensity model, we defirthe default intensity ssan affine function of explanatory
factorsasin Duffie and Lado Q001) and Wu and Zhang (2008)n order to easily modalifferent risks
represented bglifferentfactors, the factorare sortednto threerisk componentsfirm-specific, industrywide,

and economywide partsWe construct thexterdedform ofthe default intensity modeds

[y =i Y90 X, + 0 Vi THL T E,. 4)
where X, Y, and Z are independent basic affine processesdenote firm-specific, industrywide, and

economywide explanatory factors, respectively,; is the intercept,gi denotes the transposition of
coefficient g. X;, is an vectotto represent firnspecific risk factordor entityi at timet. Y, denotes
industrywide risk factors anés commorto all entities in the same sectdt while Z, isthe economywide
factor and thus common to all entities,, is identified as disturbances of the entity that are not measured
by explanatoryfactors and are independent of each explanatory faddterEquation (4) can be simplified as
/i, =g, toiF, e, %)
where F; denotes the explanatory factdos entityi at timet with dimensionm? 1, F i R™.
The dynamics of explanatory factonsphysical measure are represented as
dF, =-/,F dt+ dBﬁ

where /, is an m3 m transition matrix, andrestricted to a diagonal matrix yielding independent

® Lando (1998) applied thaefault intensity modelinframeworkin zero recovery defaultable bond pricing.
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explanatory factors.Bf’t denota a vector otandard Brownian motiaait time tunderphysical measurement
P. By Euler approximation, the discretiene version othe factor dynamics can be shoas

F.=/iFi. o *€
where f, is an m3® m autoregressive coefficient matrixPt represents the time interval, and
€. ~N(0,S) denotes them3 1 normal innovation vector witkero mean andiagonalcovariancematrix

S.

According tothe default intensity modelthe expected cumulative survival probabilities at tithe 7 2 t,

are denoted as
_ \ _oe At
S.(6)=E g )| Wg—l?éex(J AN d)\; t \E

FromEquation (5)@andtechnicalconditions described in Duffie, Pan, and Singleton (2000), we obtain

t+f

s0=E%exd (g 1E peall Y
__oe R ] - t+t
-5 '@, wEIA JEOED i edi
:enggo,i( ) +ii(g) E? 4

As the physical survival probabilities of explanatory factors are not relevant for the pricing of financial

derivativeswe Pecify the market price of risk as affine model of explanatory factoas
h,= &,o +i/§it1
where /1, denotes the market price of default risk of entigt timet, gg, is the intercept, and’ is an

M3 m transition matrix.Therefore the dynamics of explanatory factors under the risk neutral med3ure

can be derived as follows
dF, =- g, +(g +/ )R Jot+dBR,
with boundary conditionsg,;(0) =0, and g (0) =0 at time zerop the coefficients g,; and g in

Equation (5xan besdved through numerical calculatiomsth Riccati ordinary differential equations.



3. Data

To investigate the determinants of credit risks and their-tiangng correlations, theCDS spread is
examined withits greatestrading activityin the credit marketOur sample period is from the first quarter of
2005 to the third quarter of 200® includethe time periodpanninghe subprime mortgage crisisll data is
from Compustatind Datastreanexcept some stock pricéscluding openng, closing daily highs andlows
of stock priceswhich areincludedto calculatevolatilities) are checke@nd collectedrom the online Google
Financedatabase
3.1 Credit Spreads

Since CDS is taken for default protectit;mgetdefault payments whea credit event occurs, the credit
spread of CDS essentially reveals the credit risk of its underlying eAitydaily closing quotes of
investments grade CDSs U.S. companieavailable inthe Datastreandatabaseare includedexcept those
with private underlying entities aunavailablecorrespondingirm-specific financialcovariates There are
130,0370bservationsand 109 entitiei thewhole sample period
3.2 The Determinans of Credit Spreads

We containedvariousdeterminants proposed by prior research as covariates to examine how well these
factors expmin the credit spread changes otiene’. The covariates investigated in this paper lated in
Table landdescribedss follows

(1. LeverageRatio

The structuralapproachproposed byBlack and Schole$1973) andMerton (974) suggestd thatrisk
premiuns aredetermined byhe debito-firm value ratio(or firm leverage ratioand thevolatility of the firm's
operations Many articles based on this structural framewal$o treatedhese two variableasthe most
importantportiors in valuing credit risks: Thereforewe include both of them as the first two covaridtes
understanding how tlirecorrespondingoefficiens varyovertime. Eachfirm's leverage ratio is defined as

BookValueof Debt(t)
MarketValueof Equity (t) + BookValueof Debt(t)

Leverageatio, (t) =

* Owing to the low eplanatory power, some reporfisr several covariates are omitted, such as stock price, firm's
operaing cash flow, and the volatility of cash flow.
® Seee.g., Leland and Toft (1996), Duffie and Lando (200Dpllin-Dufresneet al. (2001), Francois and Morellec
(2004), and Ericssoetal. (2009).
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Table 1. Variable Description and Predicted Signs for the Coefficients in Tim®arying Coefficient
Regression Model

Variable Frequency Description Prg(idg;(r:]ted
LeverageRatio Quarterly  The book value of debt divided by tfiam value +
Volatility Daily The square root ofie driftindependent and
minimumvariance unbiased variance estimator from +
additional information provided by opening, high, low, a
closing stock gces.

Distance to Quarterly  Richly constructed by volatilinadjusted measure of

Default leverage. i

CAPM-beta Monthly The measurement of sensitivity of a company's stock p
to the Standard & Poor's 500 Index Price for Companie +
(S&P 500).

MarketValue Daily The products of stock prices and shares (including trad
and nontrading issues) (billions). i

Relative Firm Daily Divide the market value of each individual firm by the

Size S&P 500 Index Price and then take tiaural logarithm -
value

Sector Indicator - Eight sectors are included and seven sector indicators
identified.

(2). Volatility

The other important determinaint the structuralapproachs firm volatility, which can be extracted from
implied volatility of stock optionsHowever,many observations did not haeerrespondingpublic traded
options in thesample periodThis study provides another suitatdebstitute for volatilityto preserve
information containedrom differentfirms® Therefore stock volatiliy for each frm was calculated witlthe
drift-independent volatility estimatioapproachproposed by Yang and Zhang (2000his approach is
independent ofirift motion and opening jumps of stock prices to estimate volatility more accurately. By
applying this minimumvarian@ unbiased variance estimatoising additional information provided by
opernng, high, low, and closingtock prices, volatility differences of entitiege preserved andpdated

weeklyto measue the volatility changes morgccuratelyCalculationdetails are provideth Appendix A.

(3). Distance to Bfault
The distace to default variable is richly constructetth a volatility-adjusted measungent of leverage
Following manyprior researclobservations ofhis combination factouffie etal. (2007) provided evidence

that the distance to defadlignificantly affectshe default rate witrsubstantially greater influendban other

® Collin-Dufresneetal. (2001) took VIX index as the pxy for the firmspecific volatilities of all firms. This index is a
weighted average of implied volatilitidfer a range of options on ¢hS&P 500 index. In Ericssoet al. (2009), the
volatility was computed usingxponentially weighted moving average rabdn daily returngrom each company
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covariateq Crosbie and Bohn, 200%assalou and Xing, 2004in line with Duffie etal. (2007), for a given

firm i, the distance to defaudt time tis defined as

In(AV,(t)/ L (1) + (m, - 352)7

DDi(t): 2 JT 1

where DD, (t) is the distance to default of firm, i=1...,n, attimet, t=1....T, AV, (t) is the market
value offirm assets, /73; and Sf\’i denote the mean rate of asset growth and asset volatility ofifirm

respectively, andL, (t) is the lability defined as

L(t)=sD(0)+1LD/(0)
where SD(t) and LD, (t) are he book value of shetermand longterm-debs, respectively, of firmi at

time t. Firm asset valueAV, (t) growth /m;, andvolatility S,ii are calculated by calbption pricing

model proposed bylerton (1974)

(4). The CAPMbeta

Many regarchers have provided eviderioe a strong interaction between creditd stock marketd~ama
& French 1993 Whitelaw, 1994 Jagannatha& Wang 1996 Cremers2002 Chenet al, 2009 Zhanget al,
2009 Bhamraet al, 2010. Demchuk and Gibson (2006), Vassalou and Xing (2004) [arifie et al. (2007)
also proved thastock related variablelsavea strong impacon credit spread€onsideringndividual stocks
andcorrespondingredit derivatives areelated tahe same firspecific informationthe CAPMbeta and the
following two covariatesfirm size andfirm market véue, are incorporated to investigate the interaction
between stock and credit marketfws, we canjustify whetherthe stock and credit markets are intrinsically
correlatedbver time

CAPM is awell knownasset pricing theornywhich measures the sensitivof a stock to market movements.

The thery proposed this sensitivity witheta hereafter referred to &APM-beta.A stock withbetagreater

" Seeingthe market value of equity as the option premiomfirm asset value to strike at liabilityalue L, (t) before
time T, the asset valubus @n be derivedrom the market value of equity. Titeratively calculate the asset value and
volatility at each time point, we assume the initial value sdea value Av (1) is the sumof the equity valueplus

liability. The discount rate is the fedefahdsrate The equity value islefined asthe product of daily clasg stock
prices and outstanding sharebtainedirom Compustat
11



than 10 tends toamplify marketmovementsand thugs at ahigherrisk in the stock marketFrom CAPM, the
higher risk premium is then obtainelcompensate fdrigher risk bearingCorrespondinglythe credit spread
represert the credit risk compensatioim the credit market In order tounderstand hovthese twodifferent
markes interactwe takeCAPM-beta as superior measuremetd distinguishthe linkage betweestock and

creditmarkes.

(5). Market \alue

By adding the market value variable, we would like to identify how market and credit riskapwith
each other in tim&.Jarrow and Turnbull (2@) proposed that market and credit risks are intrinsically
correlated.They suggested that if thenexpected default probability changes, refer to credit risk, the market
value of the firm is then affected, refer to market risk. Converseien the market value of a firm
unexpectedly changges alsoaffects thedefault probabilityIn other words,ite cecreae in equityvalueleads
to ownership transformation from skholders to bondholders, raisirtge default probability, and thus
expand the credit spead.Thereforethe market valubas beemegardedas an important component in many
credit determinants, such as the leverage and distance to default fecctbis.study firm market valueis
treatedas an additionalrelevant covariate to investigattee corréation between these two market riskdie

productof stock price and outstanding sharedefined aghe proxy for market value

(6). Relative Frm Size

This covariate measurése comparativgperformancef firms in the stock marketlf the maket risk comes
from the losses caused by the changes in stock prices, the relative firm size factor is provided to consider
comparative market rislSupposehat, diring great appreciation, a fironly sustains its market value, the
firm performs worse tin othersOn the contraryduring a recessiona firm which can maintain the same
marketvalue already performs very welh line with Demchuk and Gibson (2006), CoHBufresneet al.
(2001), andDuffie et al. (2007), we take the stock index apraxy for business climate and dividlee firm

value by $ock index toderive therelative firmsizevariable The comparative performanaemarket valuas

8 Market risk can be defined as the gains and losses on asset value caused by the changes in market prices (such as stoc
prices).
12



taken into consideration to impre the market value variable farther examire the relationshipbetwea
market and credit risksSincethe CDS samples examined this paper are traded the United Statesthe
market valueof each individual firms divided by the S&P 500 indead thena natural logarithnis takento

form the relative firm size variable

(7). Sector hdicator

Sector indicatorsneasurecommon risk which areconsisentin the same industrfor different entities
Whereas many researchers tredtetlistrywide risks as animportant componenih credit risks,we include
sector indicatoes to clarify industrywide risks (Duffie & GE a r | e a;muffie etalQaDA7 Longstaff&
Rajan, 2008 Bhansaliet al., 2008. Seven sector indicators are identified in this paseeight sectors are
contained in observations. These eight sectorsbasic materials, communications, conswsnenergy,

financial, industrial, technology, and utilities sectors

4. Estimation Resuls
4.1 Single Factor Analysis

All factors are estnatedindividually to measurespecific estimation performan¢leroughthe time-varying
coefficient regression modgiresented in guation (1). The resultsshow that the coefficients and their
correspondingstatistical significancef all variableschangeover time and become much more volatile after
the credit crisisRelative tothe extremely volatileoefficient dynamicafterthemid-2007 subprimenortgage
crisis, coefficient dynamic before credit crisis were smooth Moreover, the dynamics of correspamgl
significancealso demonstrate that the first folactors become much more relevant to credit risks during
worse credit conditionwith their markedly raisegignificance leved. The estimated resslof each factor are
reported as follows.
(1). Levemge ratio

The estimated results of the leverage raacdableare plotted in Figure 1. As predicted in the structural
model, the leverage ratio gitively affects credit risks durinthe whole sample periodhe coefficientsare
time-varying Thecoefficientdynamic raisedafter July 2007, markedly increasead Oct. 2008, and peaked in

Apr. 2009 after the decreasing at the end of 2@WBaverage, theoefficiens after the crisis reacled 200
13
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which is over ten times tHevel beforethecrisis.

In gereral, hgher leverageaccompanies higher risland leads to higher default possibility especially
during a recessionThe incredible increases in coefficiesisowthat the correlation betwedaverage ratio
and credit risk isiot fixed at acertain levelThe bottom panel ifrigure 2furtherreveals thaafter mid2007
the coefficient dynamicshow an extreme increase ati@ significance leved represented byp-value also
jump from around 5% to less than 0.01%he marked increase significancelevel reveals thetightened

correlation between leverage ratio and credit risks.

Regress CDS Spreads on Firm's Leverage Ratio
1000 T T T T T T T T T T T T T T

800~ coefficients
- upper confidence bounds (95% confidence level)
- lower confidence bounds (95% confidence level)
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400
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-200 L 1 1 | 1 1 1 1 1 1 | 1 1 | L 1 1 1
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Figure 1. Leverage Ratio Factor
This figure graphs the timmearyingestimated resudtof the leverage ratio factorh& coefficients and absolute
t-statistics are reported in theptand bottom panels, respectively.
(2). Volatility
During recessiont appeas to be much riskieto provide risk protection and thwgorsemarketconditions

yield higher market price of risk. Since the coefiitief volatility could be seeas the méet price of risk,

14



different market conditions should have different corresponding coeffidiefigure 2 shows that the
coefficientsaretime-varying and markedly increasiring economic recession.

In order to ompensate for more risk exposutéghervolatility demands digher risk premium. From
Equation(1), the volatility is multiplied by its coefficient to derive the estimated credit spread. If higher
volatility accompanies higher risk compensation, the coefficient should be positive. Furthefriweajsk
compensation changes with different market conditions, the coefficient should not be constant. Although
before 2008, the volatility variablevas insignificant in determining credit riskafter 2008,the volatility
becameextremely significant with large and positive coefficientdhe estimated resulteveal that the

coefficient of volatility is timevarying and the market price of risk changes with different market conditions.

x10° Regress CDS Spreads on Volatilities of Stock Prices
20 T T T T T T T T T T T T T T T

coefficients
pper confidence bounds (95% confidence level)
- lower confidence bounds (95% confidence level)

-5
Jan05 Apr05 Jul05 Oct05 Jan06 AprO6 Jul06 Oct06 Jan07 AprO7 Jul07 Oct07 Jan08 Apr08 Jul08 Oct08 Jan09 Apr0S Jul09 Oct08
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Figure 2. Volatility Factor
This figure graphs the tirrearying estimated results of the volatility factor. The coefficients and absolute
t-statistics are reported in the top and bottom panels, respectively.

°® The market price of risks defined as the risk premium divided by standard deviatiorfiSk premium  From
standard deviatior

Equation (1), the estimated credit spread istE(t) =xi(t)‘ﬁt) . The coefficient is obtained by
E(t):(x (t)‘x(t) )—l>l((t)' CdS( ) Since the coefficient of volatility is ¢h measurement of the credit spread

credit spread$ )

, the coeffitent of volatility can be
volatility (t)

compensated foeach unit ofvolatility, by definition 50 (t):

sea as the market price of risk.
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(3). Distance to default

The distance to default variablerisgativelysignificantover time agpredicted. A shown in Figure 3, it is
noteworthy that the coefficients increased wlitigh absolutet-statistic levelsafter July 2007. Then, the
coefficients markedlylroppedafter Sep 2008ascredit conditionddecamemore serious with the occurrence
of many creditevents (e.g Fannie Mae, Freddie Mad,ehman Brothers, Merrill Lynch, and American
International Group (AIGQ) After early 2009, coefficients steadily increastlde coefficientandsignificance
levels markedly changed afttre credit crisis. As theacual credit environmenimproved after 2009, the

coefficient dynamic in late 2009 became smooth.

Regress CDS spreads on Distance to Default
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Figure 3. Distance to Default Factor
This figure graphs the timearying estimated results dhe distance to default factorh@ coefficients and
absolutd-statistics are reported in the top and bottom panels, respectively.

(4). CAPMbeta
As predicted, the timegarying regression of credit spreads on CABMa yields positive coefficients.
Since the CAPMbeta measures the sensitivity of an individual sttcknarket movements, the positive

coefficients indicate that stock with greatesensitivityin the stock market accompanigigher credit riskin
16



the credit market.The results suppothat market risk and credit risk are stronglgpendenbver time A
riskier stock hasa higher expected returim the stock marketand isalso accompanid by greater spread
compensatioim the credit market.

The top panel irFigure 4 shows thahe coefficient dynamic of CAPMetabecamemuch more volatile
after July 2007 and he extreme value was reachedAipr. 2009. The codficients can be seeas multipliers,
andthus thecredit spreads can be estimated by multiplying the CAiekds and multiplierat each time point
The markedncreag in multipliers afterthe credi crisis indicates that higher riskstockdemand much more
compensation ithe credit marketuring serious credit conditiond herefore, the risk premium ihe credit
market issignificanty amplified duringcredit panic The estimated resulsupportthe notionthat the stock
and credit markets are timvarying correlatecespecially aftera crisis. According tothe bottom panel of
Figure 4 because the significance leseharkedy improved after mieR008, the correlationbetween these

two marketavasmuchcloserafterthecredit cunch

Regress CDS Spreads on CAPM-beta
400 T T T T | T T \ \ T T T T T T

coefficient R
300+ ~eeee pper confidence bounds (95% confidence level) 3 it -

~eme |OWer confidence bounds (95% confidence level)

-5 | | | | | | | | | | | | I I | | | |
Jan05 Apr05 Jul05 Oct05 Jan06 Apr08 JulD6 Oct06 Jan07 Apr07 Jul07 Oct07 Jan08 Apr08 Jul08 Oct08 Jan09 Apr09 Jul09 Oct09

10 T T \ T T T T T T T T T

absolute t-statistics

0
Jan05 Apr05 Jul05 Oct05 Jan06 Apr06 Jul06 Oct06 Jan07 Apr07 Jul07 Oct07 Jan08 Apr08 Jul08 Oct08 Jan09 Apr09 Jul09 Oct09

Figure 4. CAPM-beta Factor
This figure graphs the timearying estimated results of the CARMta factor. The coefficients and absolute
t-statistics are reported in the top and bottom panels, respectively.
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(5). Market Value

Figure 5 displays how market and credit riske correlatedin time. As predictedmost ofthe time the
market value and credit spread are negatively correlatedptduring Sep 2008 After Lehman Brothers
triggered one ofhe biggest corpota defaults o recordon Sep 15, 2008 Merrill Lynch were sold tahe
Bank of AmericaAmerican International Group (AlGyas being bailed out by the TreasiagdWashington
Mutual was seized by the Federal Deposit Insurance Corporation (ABItBe sare month During Sep
2008,thesubprime mortgagaduced financial crisisausedhe collapse of thdourth-largest U.S. investment
bank(Lehman Brothersandled tothe bankruptcie®f manyfinancialgiants So manyserious credit events in
the same month contributéo great erosiomf the equity market and tued the correlation between credit
spread and market value from negative to positive di8emm20@. Apart from some excejotns the bottom
panel in Figure 5 displays that aftie credit crisis unfoldedthe coefficients were nlmngersignificant.In
sum, this variable providegood explanatory power befotle credit crisis, but aftevard, in spite of some
exceptions durin@ct. 2007 late 2008and early 2009, this variablecamensignificant.

Regress CDS Spreads on the Firm's Market Value
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Figure 5. Firm Market Value Factor
This figure graphs the timearying estimated results of firm market value factor. The coefficients and
absolutd-statistics are reported ihe top and bottom panels, respectively.
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(6). Relative firm &e

This variablecombineghe firm market valuewith stock indexto providericher informationand to further
investigate the correlation between market and credit.riSkgire 6showsthat, by considering the stock
index inthemarket value variabl the new composite factor hasgative correlatiomwith credit spreadiuring
the whole sample peripthis correlation became more volatile after 2008mpaed with the firm market
valuefactordisplayed in Figure 5he corresponding significance lesef this composite variablaregreatly
improved as shown in theotiom panel oFigure 6.The correspondingignificancelevels are Bvays below
5% exceptin Sep 2008 when many major credit evets came from financial giant®uring thisperiod of
exception, thenegativecoefficientscorrespondinglyjumped upandled the credit spread to be less sensitive to
the relative firm sizeSince the negative coefficient$ the relative firm size variablare onlyinsignificant
during the worst scenarim financial marketn Sep 2008, this composite factor supmothatcredit and
market risks areusually negatively correlated The higher relative market value causesower default

probability, and viceversa.

Regress CDS spreads on the Relative Firm Size
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Figure 6. Relative Firm Size Factor
This figure graphs the tirearying estimated results of the market size factor. The coefficients and absolute
t-statistics are reported in the top and bottom panels, respectively.
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(7). Sector indicators

The coefficients of sector indicatoare also timevarying. As shown in Figure 7, the coefficiatyinamics
of all sectors changa time especially after mi@007. The coefficient dynamic shape of the fifth sector, the
financial sector, is particularly dérent from others. The results coincide with the economic reality that the
subprime mortgage crisis unfolded from the U.S. financial market, and then losses spthaslighbut the
entireeconomy. Therefore, after mRDO7, the time series of coefficisnof the fifth sector markedly raised
and the explanatory power was also improved with higher abdedtidistics while the estimates of other
sectors were relatively smooth witleaty different shapes. Although the time series of absdistatistts in
sector indicators are often insignificant, the adjufRestjuare of sector indicatoreach0.13070on average,
only lower tharthe distance to default and relative firm sizetors. This strong explanatory power indicates

that the sector indicatorsally can provide some helpful information in determining credit spreads.
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Figure 7. Sector Indicators

Since the sample includes eight sectors, seven indicators are ddfmedigure graphs the timearying
estimated results of the sector indicatdiise coefficients and absolutetatistics are reported in the top and
bottom panels, respectivelyrom left to right panels, the seven sectorsbasic materials, communications,
consumes, energy, financial, industrial, technology, and utilities et
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In order to summarize the tim@&rying estimated results, all statistics are averaged in time with equal

weight in Table 2. The sample period is separated into two parts. The first part is from Jan. 1, 2005 through

June 30, 2007 to denote the tiperiod before the credit crisis. The second part is from July 1, 2007 through

Sep 30, 2009 to represent the time period after the credit crisis unfolded. According to Panel C in Table 2, on

average, all variables are significant in determining creditasistelowever, ompared with Panel A and B,

we find that the mean coefficient and meastatistics of all variables after the crisis are quite different from

before the crisis. All mean coefficients significantly increase after the credit crunch; tHeamgrevels of

some variables are greatly enhanced after the crisis (sueliesage ratio, volatilitydistance to defayland

CAPM-beta variabls). On average, after the crisis the market value variable became irrelevant with low

absolute meart-staistics (1.1409. Therefore, the estined resultsreveal that credit determinants are

time-dependent and their coefficients are timaeying especially during serious credit conditions.

Table 2. Summary of the Average Estimated Results

The CDS spreads aregressed on factors one by one. Since the-¥ianging regression resultd all factors
show that the coefficients are markedly changed after the subprime crisis unfolded, we separate the estimated
results into three panels. The mean value of total kagriod results are reported in Panel C; Panel A
summarizes the mean estimated results from Jan. 1, 2005 to June 30, 2007; and Panel B summarizes from Jul
1, 2007 taSep 30, 2009. mR? is the mean adjustd@lsquare statistic andnPV is the mearm-value.

Panel A: Jan. 1, 2005une30, 2007

Panel B:July 1, 2007Sep. 30, 2009

Panel C: Total Sample Period

Factor mean mean R .y mean mean 2 oy mean mean , oy
coefficient t-statistics coefficient t-statistics coefficient t-statistics
LeF;’aetriige 18.3144  1.8852 0.0247 0.0916 200.1991  5.8150 0.23430.00327 104.824:  3.7543 0.1244 0.0496
Volatility 952331  0.1285 0.0095 0.3644 22577.071.  4.3015 0.16600.164210788.275:  2.1133 0.0839 0.2692
Disteafglcﬂetto -0.4262 -2.9501 0.0680 0.0090  -8.5551 -6.3911 0.26920.0000 -4.2926 -4.5868 0.1637 0.0047
CAPM-beta  9.3421  2.8091 0.0621 0.0159  79.0657 4.7188 0.17770.0299 42.5048  3.7174 0.1171 0.0225
'\\"/glrl‘jgt -0.0725 -3.1180 0.0767 0.0090]  -0.2442 -1.1409 0.00750.3290  -0.1542 -2.1777 0.0438 0.1612
F?riag}’fe -112.9193  -6.0993 0.2511 0.00000 -218.234; -3.0967 0.07730.0217 -163.010 -4.6711 0.1684 0.0103
Inﬁﬁ:(:grs 0.1217 0.1407 0.1307
Indicator 1 -5.5187 -0.5486 -  0.3818  -7.0161 -0.3290 - 05073 -6.2309 -0.4441 -  0.4415
Indicator 2 -1.2964 -0.1977 - 07103  -7.1741 -0.3588 - 0.573§ -4.0920 -0.2743 -  0.6453
Indicator 3 -14.9440 -2.5205 -  0.0750 -33.642¢ -15118 - 0.2479 -23.837€ -2.0408 -  0.1572
Indicator 4 -13.3906 -1.7845 -  0.1721] -30.7237 -1.2841 - 0.3224 -21.6347 -1.5465 -  0.2436
Indicator 5 -16.5157 -2.3688 -  0.0883  92.2511 2.0748 - 0.1682 352171 -0.2553 -  0.1263
Indicator 6  -9.6843 -1.4729 -  0.2066 -12.904% -0.7708 - 0519 -11.215¢ -1.1389 -  0.3555
Indicator 7 12.2880  1.2723 -  0.3204  -7.9687 -0.1780 - 0.6562 2.6533 0.5825 -  0.4800
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4.2 Multi-factor Models

Table 3 is aroverview of the statistical significance of each variabler time. The distance to default
factor is the most significant variabfellowed byrelative firm size, CAPMbeta,andleverage ratidactors
The other factorarerelativelylesssignificantas theirmP\s arehigher than 0.1By selecting the factors with
significant level of 10%, we construct the first multivariate estimation modemed Model 1. Then,
consicering the high adjustel@-square provided by sector indicators, these indicators are adifedlel 1 to

form Model 2.

Table 3 Report of Mean P-Value

The p-value of each factor is averagegtertime and presented in the second coludenoed asmPV. Since
there are seven sector ingliors, we summarize theeanp-value of all sector indators at first and then
divide the summatiorby seven to obtain thePVfor sector indicators.

Factor Meanp-value(mP\)
Leverage Ratio 0.0496
Volatility 0.2692
Distance to Default 0.0047
CAPM-beta 0.0225
Market Value 0.1612
Relative Firm Size 0.0103
Sector Indicators 0.3499
(1). Model 1

The leverage ratio factor is omitted for d@sllinearity withdistance to defaufactor'® Therefore the first

multivariateestimation model includdhe most significanfactorsovertime toyield the following function:
cds (1) = b, (t) + CAPMbeta(t)6,(t) + DD, (t) b,(t) + RFS () b(t) +e (), ©)
where CAPMbeta(t), DD, (t), and RFS(t) aren-vectors todenote the factdior theith CDS at time't

of CAPM-beta, distance to default, anelative firm size, respectivelyThe estimated resultglisplayed in
Figure 8 reveal that the coefficiemtynamics changevertime and become much more volatile under worse

credt conditions.

1% Since the distance to default iale is constructed as a riclolatility-adjusted measumeent of leverage, the
similarity in definition between these twariablesimplies thecollinearity possibility In addition toModel 1, we
constructed anothanultivariate estimation modéhot reported)with four covariates, inclling the distance to default,
CAPM-beta, leverage ratio, and relative firm size factors, and recognereaakablecollinearity.
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Table 4is an overview of the estimed resultsfrom which the averages of statistiese calculatedvith
equal weightsThe meart-statisticsin all sample pericglshown in Panel Bor Model 1indicate that,on
average, all factors contaid in Model 1 arsignificant at 5% significanckevel. Moreover, he mR¢ in the
last row inPanel Bfor Model 1shows that thenodel providesbetterexplanatory power of 0422 afterthe
crisis relative t00.3327 before the crisis and (372 in the total sample perigd The coefficient and

significance dynamics of all variablatso display markedhanges aftethe credit crisis.
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Figure 8. Multi-Factor Model 1

This figure graphs the timearying estimated results of mufictor modé 1. From left to right columns
report the estimated results of covariate CABdfa, distance to default, and relative firm size. Their
coefficients and absolutestatistics are reported in the top and bottom panels, respectively.

(2). Model 2

Althoughthe meanp-value of sector indicators are rsyhallenough to beuitabledeterminats in valuing

credit spreadsTable 2shows that the standlone mR¢ of these indicators i§.1307.This value is only
lower thanthe relative firm sizevariable, 0.1684distance to default variable, 03% and followed by the
leverage ratiovariable, 01244 Thus, aside fromthe covariates already considered in ModeMbdel 2
contains thesector indicators aadditional relevantredit determinantso form the following time-varying

coefficientmodel:
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cds(9= b, (1) +CAPMbetd Jt' f )t D)t f) REE)t (Yt élw) xO)t (p O

where |, is the sector indicator and equals 1 while the entiglongs to sectds and |, =0, otherwise.

The estimated results of sectndicators are displayed in Figure 9, but the figures of CAfeltA, distance
to default, and relative firm size are omitted as they are quite similar to the results in Model 1. From Figure 9,
the coefficients and their corresponding significance of seatticators in Model 2alsochange over time.
Similar to the results of specific sector indicators shown in Figure 7, the financial sector indicator in Model 2
plots an entirely different coefficient shape from others. The report in all sample periagsist®anel B in
Table 4 shows an improvement iR from 0.3372 in Model 1 to 0.3744 in Model 2, and only the
CAPM-beta factor in Model 2 fails to reach the 5% significance level. Thus, on average, the explanatory

power of CAPMbeta isrestricted after other firm specific determinants and sector indicators have already

been considered. Interestingly, after July 2007 difference in mR¢ between Model 1 and Model 2 shows
that sector indicators only improve the averagplanatory power b@.026.Although, on average, the sector
indicators improvehe explanatory power from 0.33to 0.3 before July 2007this improvement of sector
indicators is restricted after the credit criSike industrywide component seems tedome less important in

determining credit risk after the credit crisis.
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Figure 9. Sector Indicators in Multi-Factor Model 2

This figure graphs the timearying estimated results of the sector indicators. The coefficients and absolute
t-statistics areaported in the top and bottom panels, respectively. From left to right panels, the seven sectors
arebasic materials, communications, consumers, energy, financial, industrial, technology, and utilities sectors.
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Table 4. Summary of the Average Estimated Reults of Multi-Factor Models

Estimated results are averaged in corresponding report time period in thiPtatdeA displays the estimated
results of each single factor. The coefficients of CABP&fa, distance to default, and relative firm size factors

are listed in column 1, 2, and 3, respectively. Panel B reports the estimated results-fafchoulgstimation
models. Model 1 and 2 are reported in column 1 and 2, respectively. The multiple factors contained in Model
1 are the factors with thmPVlower then 0.1, and they are CARB&ta, distance to default, and relative firm

size factors. Sector indicators are added in Model 2 due to theirrhighreported in Table 2. Thiestatistics

are reported in parenthesis.

Panel A: Single FRactor

3. Relative Firm Size

1. CAPMbeta 2. Distance to Default
Before After All Before After All Before AJE?yr All
July2007 July2007  sample | July2007 July2007 sample | July2007 2007 sample
Constant 21.2602 18.5142 19.9541; 39.2176 177.9305 105.1937; 237.2029 630.7085 424.3660
(6.7350  (3.334)  (5.1179 | (10.2822) (14.3574) (12.2205)i (6.9250) (3.8122)  (5.4445)
Coefficien 9.3421 79.0657 42.5048; -0.4262 -8.5551 -4.2926¢ -112.9193 -218.2342 -163.0103
t (2.8091) (4.7188) (3.7174): (-2.9501) (-6.3911) (-4.5868) (-6.09RB) (-3.0967) (-4.6711)
mR 0.0621 0.1777 0.1171 0.0680 0.2692 0.1637 0.2511 0.0773 0.1684
Panel B: Multiple Factors
1. Model 1 2. Model 2
Before After All Before After All
July2007  July2007 sample July2007  July2007 sample
Constant 227.6035 266.0731 245.9008 222.2279 312.6270 265.2245
(6.9662) (2.5744) (4.8773) (6.6199) (2.7227) (4.7663)
CAPM-beta 8.8311 49.8863 28.3582 6.0865 49.6310 26.7976
(2.9967) (2.1632) (2.6003) (1.5954) (1.82D) (1.7036)
Distance to Default -0.1824 -4.6049 -2.2859 -0.2587 -3.0071 -1.5659
- (-1.4926)  (-3.9848) (-2.6780) (-1.9101) (-2.9945) (-2.4259)
Coefficient P -109.2432  -78.8900 -94.8063]  -101.2517 -98.0274 -99.7181
clalive FIrm SIZ€ 5 0816)  (-1.6346)  (-3.9665) (-54665) (-1.8008)  (-3.7230)
Sector Indicator No No No Yes Yes Yes
0.3327 0.3422 0.3372 0.3800 0.3682 0.3744

In orde to displaythe changes oéxplanatory powebpver time, the dynamics of adjustdisquares are

plotted in Figure 10The adjustedR-squareclearlychanges in timeMoreover, he time series of the adjusted

R-square in Model 1 and 2 are much closer aftey 40D7, which are indicated in the gray regiori3uring

some periods in these areti®e adjustedR-square in Model 2 is even lower than Model 1. Thus, adding sector

indicators during these periods can not provide more valuable information about crediAriséissible

interpretation is that since all sectors were affected during theoeto recessionthe industrywide risk

component was dominated Hye systematic component abedcamea poor indicator in valuing credit risks.

However, it is noteworthy that owing to the worst scenarith@financial market duringep-Oct. 2008, as
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