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An Explicit, Multi-Factor Credit Default Swap

Pricing Model with Correlated Factors

Abstract

With the recent significant growth in the single-name credaweswap market has
come the need for accurate and computationally efficient models to vadednkguments.
While the model developed by Duffie-Pan-Singleton (2000) model can be usedutlunss
numerical (solving a series of ordinary differential equatiorteerahan explicit. In this paper,
we provide an explicit solution to the valuation of a credit defawdipswhen the interest rate and
the hazard rate are correlated by using the “change of measure”dpanabsolving a bivariate
Riccati equation. CDS transaction data for the period 2/15/2000 through 4/8/2603ifans
are used to both test the goodness of fit of the model and provide estinthemiéitience of
economic variables in the market for credit risky bonds.



An Explicit, Multi-Factor Credit Default Swap
Pricing Model with Correlated Factors

Introduction

Credit default swaps are the newest and fastest growing ent@thiérderivatives
market. According to the International Swaps and Derivatives Assocgayear-end 2005
market survey of privately negotiated derivatives, the notional outstamdiume of credit
default swaps was $17.3 trillion, representing an annual growth of 103% in 2005 and 123% in
2004. These swaps are classified as single-name credit default svekp#/postfolio default
swaps, and credit default swap indexes. Our focus in this paper is on thensing credit

default swap (referred to as CDS hereafter).

The common methodology used to price CDS is the so-called “reduced formsmodel
Reduced-form models assume that defaults occur unexpectedly and féltmesan process.
This assumption greatly reduces the complexity since the Poissongnasedesirable
mathematical properties. In order to further simplify the model, deval@beeduced-form
models make other assumptions in order to generate closed-form solutioheta eeedit-risky
bond. While the recovery amount can fluctuate randomly over time because it depemds on th
liquidation value of the firm at the time of default, simplificationsraegle in the two leading
reduced-form models, the models developed by Jarrow and Turnbull (1995) areddDuifi
Singleton (1999). The Jarrow-Turnbull model assumes a recovery in theobderfdult of a
fixed amount and is therefore referred to &iset-recovery model. Duffie and Singleton (1999)
assume the amount of recovery is restricted to be the proportion of the kwenatphe time of
default as if it did not default and is therefore referred tofeactonal recovery model. The
rationale is that as the credit quality of a bond deteriorates, thef@tgceAt default, the recovery
price will be some fraction of the final price immediately prior to def& his avoids the
contradictory scenario which can arise in the Jarrow-Turnbull model imhecrecovery rate,
being an exogenously specified percentage of the default-free paygpfictoally exceed the

price of the bond at the moment of default.



Duffie, Pan, and Singleton (2000) provide a general approach for valuing any type of
default-free and default-risky asset. As a result, their approamsaibr the general pricing of
CDS. However, their approach does not provide for a closed-form solution butaratiiation
by numerical methodsMore specifically, the solution requires solving a series of ordinary
differential equations. They argue that currently available softwadl allow for fast
computation. However, the problem is that as the number of factors in a modatex; the
computational efficiency deteriorates exponentially. In the case of BB%actors are the risk-
free rate and the default rate (i.e., hazard rate). Each rate, in tugemend on a number of

factors.

In practice, the CDS pricing models that use the Duffie-Pan-Singletooaabpcannot
estimate all the parameters in the model simultaneously because s$abmged computational
difficulties. Instead, they compute some parameters outside the modateltypisuch as the
correlation between the factors. In this paper, we provide an explicit sdiotioa value of a
CDS by using the “change of measure” approach and solving a bivariasi Ropeatiorf. As a
result, the computational efficiency of our model is only minimallyciéie by the number of
factors. Because our model can be solved quickly, it can simultaneousigtesdil the
parameters of the model, thereby providing two advantages over the modatslgwsed that

are based on the Duffie-Pan-Singleton approach.

To test our model, we use transaction data from Creditex for the periodd®Q5/2
through 4/8/2003 to study 60 companies, split evenly between industrial and ficanginies.
We estimate a two-factor model for the risk-free rate and aamterfmodel for the hazard rate.
For each of the three factors (two risk-free rates and the hatajdthere are four parameters:

mean-reversion, reverting level, volatility, and market price of filere are also two

! Other explicit solutions exist under more resiviemssumptions, such as independence betweens4etg.,
Longstaff, Mithal, and Neis (2005)) and perfectretation between the risk-free rate and the hazal(e.g., Bakshi,
Madan, and Zhang (2002)).

2 For an explanation of the use of the bivariatezRicequation in financial modeling, see Boyle,rTiand Guan
(2002).



correlations with respect to interest rate factors that must meagsti. Consequently, in total, our
model requires that 14 parameters be estimated simultaneously. Ow ireliatite that the
three-factor model performs reasonably well in fitting the CDS spreadnfost all of our
sample companies. As a byproduct of our testing of the model, we investigatespitietrto the
credit (i.e., hazard) parameters (1) whether there are diffesebetween industrial and financial

companies and (2) their connection to agency ratings.

The paper is organized as follows. The model includes two components: a moeéel of th
term structure of the risk-free rate (i.e. interest rate maohel)a model of the hazard rate (i.e., the
credit model). In addition, there is correlation structure that must be rdddelall the factors in
the interest rate and credit models. Section Il explains the intateshodel used while Section
Il describes both the credit model and the solution for the pricing of CBi&acts. The
empirical work is provided in Sections 1V, V, and VI, with Section IV describhegransaction
data and other variables used in the study. The empirical analysissohsig parts. In the
first part, we test for how well our model fits the transaction ddii. i$ provided in Section V.
The economic interpretation of the results of the parameters of auatsti model is the focus
of the second part of the empirical analysis and is described in Settiéts Will be seen, our
model allows us to endogenously estimate the correlation and the delaplterinia of our
sample data. This has not been done in previous studies because priohsigliegen the

parameters as exogenous to the model. Our conclusions are summarizgiim\Sk

There is a lengthy appendix (Section VIII) that covers several aféase are three
propositions that are stated in the paper. The mathematical darieathese propositions is
provided in Sections VIIIA, VIIIB, and VIIIC. In Section VIIID, we provide aoshderivation
for the forward measure. Section VIIIE provides both a step-by-stisgrdtion of how to use
our model and efficiency comparisons versus the Duffie-Pan-Singleton raoddlié a risk-free
bond. The unscented Kalman filter methodology that is used to estimate oliigwteribed

in Section VIIIF.

. Interest Rate Model



In developing the interest rate model, as well as the credit model desariBection 111,
we must assure that interest rates and the hazard cannot be negatiygrdaehave adopt is a
guadratic term structure model (e.g., Constantinides (1992), Ahn, Dittmar dadt@002), and
Leippold and Wu (2002)) with a time-dependent drift adjustment (e.g. Sco&)(a88 Chen and
Yang (2003)). We specify a set offactors that jointly determine the instantaneous risk-free

rate:

@) )= [8@)+ )

wherer(t) represents the instantaneous risk-free rgte), is time-dependent function,
and y,(t) follows a mean-reverting Gaussian process:
(2 dy,(t) = —a,y,(t)dt + o, dW (1), fori=1,--,n

where theq,’s and o,’s are constants, arid (¢) 's are correlated Wiener processes (i.e.,

dW,AW, = p,dt).

In the matrix notation, we denote:

—a, 0 0
t
¥ (t) 0
Y(t)=| : and A = . . . 0
yn (t) 0 e 0 —

We further denote

w, 0 0
Wy, W
2,1 2,2
QU = 3
0
W, w w

so that the correlatiors, between state variablésand j, can be mapped into the

following variance-covariance matfix

3 This is known as the Chelosky decomposition.
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There are two approaches that can be taken with respect to thee@dkrim structure.
The first is to take the term structure as given and build on that mod=kttiecomponent (i.e.,
hazard rate model) without the need for solving for the risk-freegetmature. If we take the
risk-free term structure as given, then there is no need to specegificsmodel. This is the
approach employed by, for example, Longstaff, Mithal, and Neis (2005). The drasftihisk
approach is that one cannot correlate the factors in the inteeeanchtredit models; that is, it
assumes the factors are independent. The second approach is to bnotker¢isenate model in

which we correlate all the factors. This is the tact we employ

Proposition 1 gives the closed-form solution for the risk-free discoutatrfache

lengthy proof of this proposition is provided in the appendix (SectioY/IlI

[Proposition 1]The pricing model for the risk-free term structure of interest ratesis given

as follows:

zgexp[ L/; Zﬁ )+ Y (w)Y (u)du
tzﬂ ] Nexp( [y )
——f Zﬁ )+ tr[Q"T(u, )Q}du]

(3)

= exp[f%YT (0)T'(0,1)Y(0) | exp

where

71,1(t) 71,n(t)
T ()= . . .

Yua () oo (D)

isthe solution to the Riccati equation given by [11] in the Appendix (Section VIIIA).



In Section IV where we present the empirical study, we map this solutibe @oix,
Ingersoll, and Ross (1985) model (CIR model) to guarantee that tHeegskate cannot be

negative.

[1l. Credit Model

To understand our credit model, it is necessary to review the two lbasiaric
elements of a CDS contact. A CDS contract follows the swap tradingmioow of having two
legs — a protection leg and a premium leg. The “buyer” of the CDS cowtnaduys protection
against default must pay periodically a fixed spread each period (ugualtgrly) as a “premium
leg payer.” (This is just like the swap fixed leg payer who pays a fixad sate in an interest
rate swap.) In return, if default occurs, the “seller” of the CDS cdntrast compensate the
“buyer” for the loss (equal to face value minus recovery value). As i, theuprotection leg
contains only one probabilistic cash flow when default occurs. (This is simiflae floating leg
in a fixed for floating interest rate swap.) The protection valle®@DS contract describes the
value of the default protection. This is the dollar value the CDS buyer wowddmeay if the

buyer would pay for the default protection in a lump-sum amount.

Below we provide a solution to the premium leg and protection leg of a CD&dontr

A. Premium Leg

We begin by augmenting our factor space to include default-risky fdcearghe factors
that expand the hazard rate). We specify an additional geffa€tors that jointly impact the

hazard rate:
@ )= b +=0)

wheren(t) represents the instantaneous hazard gte,is a time-dependent function,

and z,(t) is assumed to follow a mean-reverting Gaussian process as follows:

(5) dz,(t) = —a, ,,z,(t)dt + o, AW, (), fori=1,---,¢

In matrix form that is more convenient to present our model, we let
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so that the correlatiory, between state variablésand j, can be mapped into the
following variance-covariance matfix
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Given the above, Proposition 2 below sets forth the solution to the premiuntéeg. T

solution is derived in the appendix (Section VIIIB)
[Proposition 2JFor afixed spread, s, the premiumlegis given asfollows:
® s> VT
where

Vo= £

exp(—j: (r(u) + h(u))du)

4 n

= exp [—%XT (O)r(o, t)X(O)] exp[%fot [Z B;(u) + Z b, (u) + tr[Q'T(u, t)Q]] du]

i=1 i=1

is known as the risky discount factor and

* This is known as the Chelosky decomposition.



Yult) o Yie(®)
F7z+£ (t) = : . :

’Yn+[.1 (t) ’Yn+[.n+/ (t)

isthe solution to the Riccati equation given by [11] in the Appendix (SectionVI11B)

Similar to the risk-free discount factor introduced in PropositioR(Q,t), that provides
the present value of $1 paid at timethe risky discount factor in Proposition12(0,¢), computes
the present value of $1 paid at timéf there is no default and $0 if there is default. As explained
above, this premium leg is an important component in pricing CDS in that we neecbtmtlis

the periodic swap payments (i.e., the CDS spreads) made by the CD$ buyer.

If we separate the risk-free component from the premium leg, as makgtma
participants do, we arrive at the “forward-measure” survival pittyaisee Chen and Huang

(2001)) as follows:

V(0,2)

exp(—j;// (r(u) + h(u))du)

: ex ,f{) r(u)du t
Pless|- ] rtwn| E{ezf(f g r(u)di)] vl e

Y

Y.Z

Dt

exp (7[0/’ r(u)du) E @exp (7[0/’ h(u)du)

0 Ela

I
-t

|
==

exp (—fot r(u)du) E exp(—fot h(u)du)
P(0,4)Q(0,t)

where P(0,t) represents the risk-free discount factor gnal¢) is the survival
probability under the forward measireéd short derivation of the forward measure is given in the
Appendix (Section VIIID). If the hazard rate and the risk-free raenaiependent, the@(0,¢)

is the survival probability under the risk-neutral measure.

B. Protection Leg

%It is also used to discount coupons of a defasikyrfixed rate coupon bond.
® For the forward measure and the separation oéxpectation, see Jamshidian (1987) and Hull (2003).



Now we turn to the valuation of the protection leg. Proposition 3 gives this, waith

the proof being provided in the appendix (Section VIIIC).

[Proposition 3]The protection value of a CDSis

DO.T) = E |1 exp(— [ r(u)du) (1-¢)
=(1- f)yEZ fOT [X[: b(1)+ ZT(T)Z(T)]eXp[—j;T [X[: b(u)+ Z' (u)Z(u) du]x
(8) exp —fOT [Xn: B;(u) + YT(u)Y(u)] du] dr
¢ 0

3 80+ 32 A+ e rtunlfa

where ¢ isthefixed recovery rate.

Not only does Proposition 3 compute the protection value of a CDS, it also deslcebe
present value of recovery paid upon default. Hence, we can easily derfikedheate coupon

bond pricing model in the following Corollary.
[Corollary] We can use Proposition 2 and 3 to price risky coupon bonds:

©  B=Y VOI)NL) R

where (7)) isthe cash flow occurring at time 7.

C. Solving for the Marked-to-Market CDS Spread

In Section IV we will empirically test our model using CDS spreads when a CDS
contract is first traded. That spread is called the market-toan@vikilM) CDS spread and is the
spread that will produce a value for the premium leg that is equal toltleeofdhe protection
leg so that no cash is exchanged between the counterparties at thennaie transaction.

Hence, we need the solution to the MTM CDS spread for our empiridgssna



Recall that by the swap conventidine “buyer” of a swap contract will pay a series of
fixed payments in exchange for random (in the case of a CDS, also probabilistienpaym
Proposition 3 provides the value of the protection leg. The series dffaggments constitutes a
default-risky annuity which has a present value, by using Propositiozjﬁ;,1 V(0,T,) , wheres
represents the fixed payment andrepresents the time of the¢h payment. At inception of a
swap contract, the fixed spreads set so that the two legs are equal. Formally, the spread is

computed as:

D(0,T)

10 s =17
( ) (0’ T) Z;:l V(07Tj>

V. Data

The CDS data analyzed in this paper are provided by Creditex and consist of CDS
spreads of 1,372 reference entities for the period 2/15/2000 to 04/08/2003. Fafeasite
entity, we obtained the credit rating from Standard & Poor’s, as we#l asator information
from Reuters (publicly available on Yahoo). The data contain 217,478 obsesv@8,971 bids,
85,639 asks, and 32,867 trades) across five currencies (U.S. dollars, Japareas®yen,
Australian dollars, and British pounds), with the U.S. dollar being therityagd the
observations (76.5%), followed by euros (19.1%). The reference entitielassified into four
sectors (industrial, financial, sovereign, and telecom) with industriafinancial accounting for
92% of the dat&. The majority of the CDS data are for the protection of senior ureskdebts
(87.2%). The observations belong to 1,372 names, with 730 (53.2%) being U.S. commhnies a

457 (33.3%) European companies.

We find that the most liquid names in the dataset are financial firrtis Fard Motor
Credit Company being the most traded (1,069 bids, 925 asks, and 355 tradesjosT liquid
name in the industrial sector is Daimler Chrysler AG. (1,146 bids, 19,86 @nd 262 trades).

The liquidity drops substantially if we move out of the top 50 names. For examplé-the

" The classification of the sectors in the datairse. For example, finance.yahoo.com providekdubreakdowns
within the industrial sector and the financial sect

10



most liquid name in the industrial sector is McDonald’s Corporate dnad iless than half of the
bids and asks of Daimler Chrysler AG (320 bids and 268 asks), and only 48 t@déss F
reason, several filters are imposed to construct the sample CDS. heugt there are four
different sectors in the dataset, we focus on the two main sectorsrigd@&1 entities) and
financial (332 entities). Second, since our estimations only use tradan¢ndabids or asks),
based on trading frequency, the most liquid 30 industrial reference eatitle20 financial
reference entities are included in the sample, leaving us with &tdat&® reference entities.
Third, only 5-year CDSes have been included in our sample data. Finatlypderfirms that
have multiple trades in the same trading day, an average sprakeinsnd used for that trading
day. Summary statistics of the MTM CDS spreads for these é&&nefe entities are reported in

Table 1, with financial firms and industrial firms shown in Panels A anddpectively.

The spreads differ substantially across firms, even within the satng/sector class.
For example, the lowest mean spread in single A Financial is Bean$5(68r42) and the highest
is Household Finance Corp. (311.82). Furthermore, there is significant owvesiaqg@ads across
groups. For example, the lowest single A Financial (Bear Stearns, 68s42hherower spread
than the highest A+ Financial (JP Morgan Chase, 80.57). The two principahsear this, as
cited widely in the literature, are (1) the slow reaction of thegatgencies in releasing rating
changes and (2) credit spreads are not entirely attributable torskede.g., they are impacted
by liquidity and taxes). Nevertheless, due to lack of any better necfasuatings and any
benchmark for credit riskwe continue to use the current ratings as an indicative measure of the

credit quality of the firm.

Given that CDS spreads are often benchmarked to LIBOR and the swapezéso

obtained from Bloomberg the U.S. dollar LIBOR and swap rates that matchrtpke geeriod of

8 While many studies (e.g. Eom, Helwedge, and H{a0§4)) use the structural models to gauge theasipteat
contains only credit risk, no consensus has beshesl.

9 Theoretically, LIBOR is default risky since itas inter-bank rate. However, many dealers thdet2DS contracts
have an equivalent or worse credit quality than@RB Longstaff, Mihal, and Neis (2005) demonstthte various
benchmark rates make little difference in explairtime dynamics of the CDS spreads.

11



the CDS spread data. We use 12-month LIBOR as well as the 2-year, 8-year, 5-year, 7-

year, 10-year, 15-year, and 30-year swap rates.

In the next two sections, we present our empirical results. Thedirsof our empirical
analysis tests the goodness of fit of our model. We simultaneously ediiribteparameters of
our model using the 60 most liquid CDS contracts, something that could not be adeedniplis
prior studies because the value of these economic variablesxegeneus to the model. In the
second part, we try to understand the economics of the estimated pesamplied by the CDS

prices. We identify certain patterns of the parameters acrasial and industrial sectors.

V. Estimation Results and Goodness of Fit

To estimate our model, we cast it into a state-space model and usecthi@esh&alman
filter to estimate the parameters and factor values. The maxiikelihood estimation is used to
estimate parameter values. This procedure allows us to estimateepers used in the stochastic

processes.

A. Estimation of the Interest Rate Model

To price a CDS, we must obtain the benchmark risk-free intereshfatmation. We
derived our model under the risk-neutral measure and therefore thigcahablution for the

CDS price allows for a full econometric estimation of the paramet®isding the risk premia.

Proposition 1 (equation (3)) demonstrates that the risk-free terntusérean be solved
analytically when the factors are correlated. In our empirical study,suenashe factors within
the risk-free rate to be independent and focus on the correlation beheaptetest rate and
default rate. While our model can incorporate any number of correlationsondtimmputational
difficulty, by assuming the interest rate factors to be independent of gehwe can link better
our term structure estimation to the literature and obtain clé&asight into the relationship
between the interest rate and the hazard rate. If the factors greriddat, then the model can

be simplified to the following:

12



PO,t)=FE GXP(ZL f - )
- - ﬂ’(%H; B exp(’f; yf(u)du) i=1,2
o Ji(u)f’”(H”AzOt) S B0
where
4,(0,1) = 2¢ el )
S ) -
2t 1
B(0,t) = (e 1)

(o +¢) (e —1) +2¢,

¢ = \/O‘i2 + 2‘7:'2

To guarantee non-negativity, we must map (11) to the CIR model. In order to d® so, w

must specify the following relationship:

2Cie[((),+c,)/,/2]
(o +¢) (e —1)+2¢

(12) exp(—j: ﬁ(u)du) =

wherea, = &, + )\, ¢, is the mean-reverting speed under the real measuigthe
market price of risk for the-th factory,(¢) ,'° and 1, is the reverting level of.(t) under the real

measure, such that price of a zero-coupon bond is given by CIR as:

(13)  P(0,t) = 4/(0,t)4,(0,t) exp(—y; (0)B, (0,t) — ;(0)B,(0, 1))

where

20/
2<16(6L+A, +G)T/2 i

(G + X +¢) (e —1)+2,

A0,7) =

10 Cox, Ingersoll, and Ross (1985) show that themisitral speed of mean reversion is the real meapeed plus the

market price of risk.

13



Effectively we tweak the time-dependent factor to each of the indepdiadent so that

each factor follows the square-root process. With the link to thenpéees in the real measure,

we are now able to estimate the model with time-series data.

The estimation is based upon a state-space model with a Kalman filtesitehssace

form, we regard the two spot rates as the unobservable state and $esifite propagation

using an Euler approximation of statistical dynamics of the intertestaetor. The diffusion

equation for the state variable that governs the risk-free temotigte dynamics is:

(14)

(15)

dy,

i

1 1
= 7_Oé7y7dt +_0idI/I/i
2 2

This equation leads to the state-variable propagation equation given by:

yi(t + At) = eiyi(t> + \/Fffz(t)

where®, = exp(—+a,At) and H, = 10°At. ltis this pricing formula that is used to

compute the measurement equation:

(16)

LIBOR (y,7) = @[ L 1] +ep,

T | P(0,7)
SWAP (y,7) =200 127_ PO +e,,
>_P(0.4)
i=1
eL.l
cov(e,) = R, =1,

A convenient approach to deal with measurement errors is to cast LIBOR@ndates

in a state space augmented by measurement equations that relatertleslglyges to the

underlying state variables. When the state variables are Gaasdidime measurement equations

are linear, the Kalman filter yields the efficient state uate least-squares sense. However,

in our application, the state propagation equation in (15) is Gaussian boetire measurement

equation in (16) is nonlinear in the state variables. Traditionedtlibee uses an extended version

of the Kalman filter (EKF) by approximating the nonlinearity via a dagkpansion. However,

14



since the ultimate objective is to obtain the posterior distributfdhe state variables given the
observations, Julier and Uhlmann (1997) propose the Unscented KalmagUHIE to directly
approximate the posterior density using a set of deterministicallyrcisagaple points. These
sample points capture the true mean and covariance of the Gaussiaarghtes. This
approach is computationally efficient because it avoids the calculataerightives for the linear
approximation. The method also improves the accuracy of the estimatesshecadisces the
convexity bias induced in the first-order approximation in the EKF. We disbadJKF and its

application to our estimation process in the Appendix (Section VIIIF).

From the UKF we obtain efficient forecasts on the conditional nyeamd conditional
covariance matri¥’ of the LIBOR/swap rates, and build the likelihood function based on the

conditional density of the pricing errors:

a7 max L, (©;{4}) = ;——logﬁf\ [(14) (ltzj)]]

0= {O‘17/‘170’17)‘17a27/‘270’27>‘2}

where/, is a vector of nine LIBOR/swap rates in the dataset at time

The estimation results of the interest rate process using LIBORwap rates are
presented in Table®2. The results are similar to what has been reported in theliteraTable 3
reports the summary statistics for the pricing errors of LIBOR ang satas under the two-
factor CIR model. On average, this model only generates 3.4% of root mean sarare e
(RMSE). Model-explained percentage variance (denoted by VR in tle3 tadbicates that the
two-factor CIR model performs better for short-term maturiteamared to the long-term

maturities.

B. Estimation the CDS Spread

1 We also estimated the one factor model for tHefrie term structure. The root mean squared £aa
significantly worse than those of the two factordab The results are available from the authoregjuest.

15



We now take the estimated interest rate model from the previous Séétias given
and estimate the dynamics of the hazard rate (i.e., credit model}tlusiogserved CDS spreads.
Under our model specification, the instantaneous hazard rate follows adc#dptoo. Under a
single-factor model for the credit risk & 1), equations (7) and (8) are greatly simplified as

follows:

po1)=0-¢[

(b(r) + 2° (T)>exp{—%XT(O)F(0, 7X(0)
(18)

~ b+ B0) + Bu(w) + S 7T, Y du} dr

and

V(0,t) = exp [f%X T(0)T(0,8) X (0)] exp { fo /’ [b(u) + B,(u) + B,(u) + %tr[QTF(u, t)Q}] du}
(19) 2o

2< n+( t/2 ;
-11

o | (a ) (e —1) + 2,

1
2

L o1 Lt T
exp[—;X (OT(0,)X(0) -5 fn (S r(u,t)z]du]

This above closed-form solution enables us to estimate the parameteeansily with
the UKF. The hazard rate process is estimated in a similar marimestale-space model is

given as:

(20) 2t + At) = Z2(t) + JUe(t)

which is similarto equation (15) wherg = exp(—+a,At) andU = Lo]A¢.

_ ber

S v, e

(21) s(0,7)=

for an arbitrary firm.

The pricing model is given by equation (21). We first take the resulie ofsk-free
term structure estimation as given. And recovery ¢as0.4, which is the industry average value.
We assume that all of CDS are priced with a normally distributed nesasnot error and derive

the conditional likelihood function of a CDS given the parameters for thestteite model as:
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(22)  mgx L, (Wi{s} 1) =3 |~ log | 7| ~((s %)V, (s, - %)

t=1

where U={dy, 11,04, A, p10, 3, © = {4y, 1,01, N5 G, 115,05, 0, }

The estimation of the hazard rate process (i.e., credit model) is pedidomeach of the
60 firms in the sample. The results, reported in Table 4, vary widedgsdifferent firms, even
within the same sector/rating group. The mean-reversion paramejdo( the financial firms
ranges from 0.349 (Capital One) to 2.496 (International Lease) and for theiaidinms from
0.051 (WorldCom) to 3.059 (Federated Department Stores). The revertingdgver(the
financial firms ranges from 9 basis points (ABN Amro) to 375 basis pd#B&NA) and for the
industrial firms from 3 basis points (WorldCom) to 1,435 basis points (Vivenigietsal). The
volatility () for the financial firms ranges from 2.1% (Deutsche Bank) to 314.5% (Ititarak
Lease) and for industrial firms from 14.7% (McDonald’s) to 396.9% (WorldCdrhe market
price of default risk £, ) for the financial firms ranges from —0.317 (Household Finance) to -0.004
(Commerzbank) and for industrial firms from —0.044 (Portugal Telecom) and —0.6Aipy&r
Associates). Finally, the correlation for the financials betwthe hazard rate and the first
interest rate factory() ranges from +28.7% (Morgan Stanley) to —88.9% (Ford Motor Credit
Company) and the second facter X from +20.2% (Bank of America) and —50.5% (Deutsche
Bank). For the industrial firms, the correlation ranges are the high®s2% (Altria Group) and
the lowest —85% (Sprint) with respect to the first factor and the higfié8b (Daimler Chrysler)

and the lowest —47% (Vivendi Universal) with respect to the secorat fact

Nearly all parameters are significant, clearly indicating thatiita demand at least a
one-factor model. With only one factor, it is expected that due to companyispecif
characteristics, these parameters should vary substantially. rathggers carry the right sign

and the magnitudes of the value of the parameters are within reas@majas.

To examine if the one-factor model has performed satisfactorily, wétatdshe
parameters into the model to compute both theoretical prices and the absaiugespror. The
results are reported in Table 5. The model generally underestitmatesitket for the financial

sector while overestimates the market for the industrial s@oterage error —0.683 for financials
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and 0.550 for industrials). The average percentage of the RMSE ovprdhd & 5.78% and
4.04% for the financial sector and the industrial sector, respsactiVéle variance ratio (the
percentage of the variance explained by the model) is 92.9% for the finaotialesed 96.61%

for the industrial sector.

The pricing errors can be substantially reduced if we introduce maocesfdecause
liquidity and other common factors are not considered in the one-feaard rate modéf.
However, if we examine the fitting results of our sample in more dataifind that mispricing
mainly comes from a few outlier observations. To demonstrate this, wedglogtenodel prices
against the transaction prices over time for each firm. To conseme spachoose eight
companies, the four best fits and the four worst fits, from each sectostmpite Figure 2. First,
we observe a strikingly good fit of the model, even for the companies wgthéarors. Consider,
for example, ABN Amro. Its RMSE is 14.08%. Yet we observe that the mispricmgscfsom a
few observations at the beginning of the trading period in our study. Notedtattbre no
observations prior to September 2001 until the beginning of the sample period; hence, the
Kalman filter does not have enough information to provide a good fit. Once obseretdidrie
come in, the fit improved and we see very good results. Societe Generale verechh&2%
RMSE demonstrates this phenomenon. Lack of observations in the beginningloseneation
period prevents the Kalman filter frdiearning to provide a good fit. For the industrial sector,
the fitting is much better. Despite the better fit, industrial fisansh as McDonald’'s Corp and
Walt Disney are the firms with the two worst fits (9.89% and 8.74% = rrespectively), with
their fitting errors attributable to one or two points in the history @stmmple. From Figure 2,

we can conclude that the one-factor model for the credit spread sedma suitable job.
VI.  Economics of the Estimated Parameters

A. Parameter Behaviors against Ratings

12 One clear piece of evidence of the liquidity pesblin CDS quotes is that during this sample pesiatkearly 800
business days, most of our sample firms have hess 100 trades — about one every two weeks.
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While parameter estimates vary substantially, certain expedbedibes are observed.
In particular, we observe some interesting similarities and difesebetween the financial and
industrial sectors by plotting the estimates against ratings. Figuogsltip average parameter
estimates in each rating group against ratings. The left panel plotsethgaestimated value of

the parameter for the financial sector; the right panel doesuthe ®r the industrial sector.

The mean-reversion and market price of risk parameterand )\, respectively,
presents identical patterns for the financial and industrial secfbis patterns for mean-
reversion are upward sloping (i.e., lower the credit rating, the flit@nean reversion) while the
patterns for the market price of risk are downward sloping (i.e., [dweesredit rating, the
smaller the market price of risk). The reverting leyel, and the volatility,s,, of the two
sectors both exhibit upward sloping patterns (i.e., the lower the créuli, ridie higher the level).
However, the financial sector’s reverting level is lessgre to ratings than the industrial sector,
while the financial sector’s volatility is more sensitive tongs than the industrial sector. This
finding suggests that relative to industrial firms, financial fiares more homogenous in their
long-term expected returns (reflected fy), but more heterogeneous in volatility,§. This
finding is interesting (and somewhat expected) in that financiasfare highly regulated and
homogeneous in nature. The difference resides in their sizes, whiflbasekin their

volatilities.

The correlations between the hazard rate process and the two fadterintertest rate
process,, and p,, exhibit an interesting behavior. Both the financial and the industcadrs
present identical downward sloping patterns in the first correlagiofi,e., the lower the credit
rating, the lower the correlation), but very different patterns (i.e.nd@nd sloping for the
financial sector but upward sloping for the industrial sector) irs¢élgend correlatiory, . This
confirms the fact that industrial firms are more diverse thaméiahfirms, and hence the impact

of the correlation is less.

B. Default Risk Premium
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A question that has gained increased attention is the magnitude of thi¢ rikefa
premium (DRP) in credit derivative products. In our model, the DRP is measurtesl figkt
premium in the hazard rate dynamics. In our model, this quantityi(is , which is consistent
with the risk premium of the CIR model. For a risk-neutral individiak 0 and the cash flows
would be discounted at the risk-free rate. For this risk-neutral chdiljithe instantaneous
default probability time is:"*="'d¢ , whereas a risk adverse individual should have a different
default probability given by,*:*"dt, holding other parameters unchanged. Some researchers
(e.g., see Berndt et al. (2005)) measure the DRP by computing the ratioisk-tteutral default
probabilities and real default probabilities (such as EfpFsVe are interested in the portion of

the CDS price that is attributable to the DRP.

In Section VB, we estimate the market price of default risk. The Ditfé@ded in the

CDS price (MTM CDS spread) can be calculated as follows:

(23) DRP, =5(0,7 |0\ =0)—5(0,7]6,) =)

where® = {a,, 1,0, A\, Ay, by, 05, A3 Gy, s, 04, Ny, pr,po + @NADRP, 1S the default risk
premium for firmi, s,(0,7 |\, = 0) ands, (0,7 |\, = \;) are model implied fair value of the

CDS given by equation (10).

The results for our sample are reported in Table 6. The first odkithe average (over
time) of the company’s DRP in basis points, the second is the standardotewat] the last is
the percentage of the average MTM CDS spread. As we can see from thinéablerage
default risk premiums vary substantially for different firms. Cstesit with our expectation,
higher rated firms present a lower DRP while a higher default DREeded for lower rated
firms; yet, the relationship is not strong. Financial firms have armged.23 basis points DRP
that is 4.22% over their spread levels while industrial firms have aages/@2.58 basis points

DRP or 6.79% over their spread levels. This is consistent with the rategpoafor these two

13 EDF is the Expected Default Frequency, a defaabability under real measure used by Moody’s KMV.
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sectors; that is, financial firms have higher ratings compared to iraddstris in our sample data.

The bottom panel of Figure 1 demonstrates graphically the observation in Table 6.

Our observation of DRP is consistent with the finding of Berndt et. al. (200&y. T
found that there is large time variation of the DRP, although we measubdRiP differently.
The standard deviations in Table 6 are quite large compared to the fmbareverage standard
deviation (over time) of the financial sector is 2.99 basis points relatithe average mean of
5.23 basis points. The average standard deviation of the industrialisé&cf basis points

relative to the average mean of 12.58 basis points.

Finally, in Figure 1, we plot the DRP against ratings for the finaacdlindustrial
sectors. The default risk premiums, like the correlation, are elifféor the two sectors,
exhibiting an upward sloping pattern for the financial sector and a downwaridgpattern for
the industrial sector. In general, the financial sector has lesstdefkydremium (an average of
about 4% versus 6% for the industrial sector). Moreover, the default eislymns are positively
related to ratings (i.e., the lower the rating, the higher the defdufinesnium) for the financial
sector while it is nearly flat (slightly negatively sloped) for itindustrial sector. Again, we
interpret this result as an indication that the industrigtibsés more diverse than the financial

sector.

Recall that the market price of risk is smaller with worsening trating. If we roughly
interpret the default risk premium as the product of the market giritek and the quantity of
default risk, the result shown in Figure 1 that the DRP is positively delat@orsening credit
ratings indicates that the quantity of default risk is a highlyitem$unction of credit rating. In
other words, the quantitative measure of credit risk is a highly non-funeetion of indicative

credit ratings by the rating agenciés.

C. Correlation

14 We thank the referee for making this observatmrus.
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One unigue contribution of this paper, which results from our model, is ¢hehmv
econometrically and endogenously estimate the correlation betweastdr@aneous interest rate
and the hazard rate. This can be accomplished due to the factor stanct@@mputational
efficiency of our model. The parameters therefore can be easily estimrfarom Table 4 we find
the estimated correlations between the factors of the intetestrd the hazard rate to be
significant for most of the firms in the sample. However, the signsareniform. While the
majority of the firms illustrate negative correlations betwte hazard rate and the interest rate,
some firms do show positive correlations. This finding indicateghbatorrelation between the
credit risk and the interest rate risk varies across firaes) within the same sector. Furthermore,
as Figure 1 demonstrates, both financial firms and industrial firms eRrbilsiear correlation
pattern in rating (especially, where financials exhibit a negative pattern in ratings and

industrials exhibit positive).

Table 7 compares the estimated correlation between the hatmaathdethe interest rate
and the empirical correlation between the MTM CDS spreads and theaesp We provide
this comparison in order to evaluate the validity of our model. Thehfgoftimn in the table
represents the empirical correlation between the CDS spagalithe 5-year swap ratgsgf... )-

In general, we find that the correlations are mostly negativé (wily seven exceptions: Bear
Sterns (12.8%), MBNA (23.8%), Reuters (34.4%), Portugal Telecom (14.8%), R&p%g!
Computer Associates (14.9%), and Eastman Kodak (24.1%)), indicatingghatpneads and

low rates usually occur together. The third column is the estimatedatoon between the

interest rate and the hazard ratg,(). We expect these correlations to be different in magnitude
from the empirical ones in that there is a non-linear transformationtfremorrelation between
the interest rate and the hazard rate to the correlation betweeD$hgp@ads and swap rates.
However, we should expect the signs to be the same. For the most partpthgedstorrelations
do carry the same signs as the empirical correlations with the fiofj@xceptions: American
Express (26.3% theoretical versus —1.2% empirical), Bank One (21% vdt966), Cit Group
(8.3% versus —17.7%), Munich Re. (31.6% versus —7.8%), and Boeing (11.3% versus —44.3%)

These inconsistencies could imply instability of other parameteee flie estimated correlation
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is a function of all parameters, combined with too few observations in theesa@®yérall, we
find that the estimated correlation results are closer to emlptaerelations for the financial
firms than for the industrial firms, which is shown in Figure 3. The fatede between the two
correlations reaches a high of 0.95 for the financial firms but only 0.84 fordhstrial firms.

We also see a higher R-square for the financial firms (65%) than firdingtrial firms (61%).

We also examine the relationships between (i) the default risk prenaindithe swap
rates, reported in column 5 of Table 7, and (ii) the default risk premanchshe CDS spreads,
reported in column 6 of Table 7. The default risk premiums are computed by our madeha
series of every company. The correlations between the DRP and swapeajeserally
negative (except for Morgan Stanley (80.6%), Munich (80.4%), MBNA (19.B&fugal
Telecom (34.4%), Repsol (13.8%), and Eastman Kodak (13.5%)) whereas the oogelati
between the DRP and CDS spreads are overwhelmingly highly positive t(@tcklorgan
Stanley (-81.8%), Munich (-32.3%), and Siemens (-78.7%)). While the negativernsthpi
between the DRP and swap rates is no surprise, the positive relaticzisteet DRP and CDS
spreads is interesting. It suggests that as credit quality detesidravestors demand more

compensation for the same default risk than if it is taken in a loe¢t@it quality timeframe.

VIl. Conclusion

A general approach for valuing any type of default-free and defawtasdet such as a
CDS contract has been proposed by Duffie, Pan, and Singleton (2000). Howewauytitie ©
their model is obtained using numerical methods by solving a series of grdiffi@rential
equations. While there is currently available software that allagtcbmputation, the limitation
is that as the number of factors in their model increases, the computetfmiency deteriorates
exponentially. Hence, the Duffie-Pan-Singleton approach cannot estiiriatearameters in
the model simultaneously because of the associated computational diffianlticas a result,
some parameters must be estimated outside the model. The model weiprtbsepaper for
valuing a CDS has an explicit solution. The solution to the model involwaagal bivariate

Riccati equation. The two advantages of our model are that it can kd soickly (the
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computation is only minimally affected by the number of factors) and caitaimeously

estimate all the parameters of the model.

Using transaction data for MTM CDS spreads, we test the goodness ajdit imiodel
by estimating a three-factor model (two factors for the intea¢stand one factor for the hazard
rate). The fitting exercises demonstrate that the model doesbaabbesjob in explaining the
time series variation of the spreads. However, an average of 3% pnioing suggests that there
is room for improvement. The parameters estimated reveal interestingmic information
with respect to a company’s mean reversion, reverting level, vglatiéfault risk premium, and
correlation between the risk-free rate and the hazard rate. By comiiesegparameters with
ratings, we find that firms in both the financial and industrial sectors Aaery similar mean-
reversion pattern and reverting-level pattern, a somewhat simitarrpan their risk premium,
and very different patterns in their volatility and correlation. Thidioms the industry wisdom

that credit spreads react to first-order factors more consisterntipdtand-order factors.

Our model can be easily extended to include random recovery. Following Bakshi,
Madan, and Zhang (2002), we can assume the recovery as an exponential furicédraaard

rate which can be solved similarly by using similar method.
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TABLE 1

Summary Statistics of Credit Default Swap Spreads

This table lists top 30 liquidity industrial firms and top 8fuidity financial firms based on the
transaction updating frequency. Rating information is from StdndaPoor’s; Active No.
represents the transaction updating frequency during our sampbel; pgiean, Std, Min, and
Max denote the sample mean, standard deviation, minimum and maxdmGDS spreads (in
basis points)

Panel A: Top 30 Financial Firms

. # of .

Name Rating trades Mean Std Min | Max
AMERICAN EXPRESS AAA 77 65.71 15.40 35 103
AMERICAN INTERNATIONAL GROUP INC AAA 43 50.10 15.55 30 92
GENERAL ELECTRIC CAPITAL CORP AAA 144 65.50 22.47 25 126
ABN AMRO BANK N.V. AA- 36 30.75 11.11 16 56
BANCO BILBAO VIZCAYA ARGENTARIA S.A. AA- 40 34.80 14.24 18 67
BANK ONE CORPORATION AA- 47 39.95 9.86 27 60
CITIGROUP INC. AA- 120 50.37 19.03 23 110
DEUTSCHE BANK A.G. AA- 42 41.26 20.50 16 80
FEDERAL NATIONAL MORTGAGE ASSO AA- 54 26.50 3.89 18 36
SOCIETE GENERALE AA- 32 33.44 13.69 15 57
BANCO SANTANDER CENTRAL HISPANO SA A+ 74 56.39 24.70 18 145
BANK OF AMERICA A+ 72 41.47 10.86 24 67
GOLDMAN SACHS A+ 128 60.49 13.06 38 95
JP MORGAN CHASE A+ 141 80.57 24.02 27 170
MERRILL LYNCH A+ 131 75.60 31.34 32 226
MORGAN STANLEY A+ 106 60.71 18.39 34 134
BEAR STEARNS CO A 62 68.42 12.72 46 100
CIT GROUP INC A 102 | 238.52 84.09 22 445
COUNTRYWIDE HOME LNS INC A 61 | 106.45 24.87 71 185
HOUSEHOLD FINANCE CORPORATION A 160 | 311.82 | 254.18 45 | 1000
LEHMAN BROTHERS A 73 70.58 16.84 35 115
BAYERISCHE HYPO-UND VEREINSBANK AG A- 32| 105.13 53.22 24 265
COMMERZBANK A.G. A- 41 99.06 76.29 13 300
FLEETBOSTON FINANCIAL CORPORATION A- 59 69.29 29.98 39 130
MUNICH RE A- 36 59.39 17.17 37 134
MBNA AMERICA BANK, NA BBB+ 63 | 141.11 26.20 115 220
CAPITAL ONE BANK BBB 97 | 469.11 | 182.88 98 925
MBNA CORPORATION BBB 113 | 185.31 50.42 96 300
FORD MOTOR CREDIT COMPANY BBB- 355 | 229.47 | 132.37 55 700
INTERNATIONAL LEASE FIN CORP BB 57 | 136.18 15.13 85 175
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Pane B: Top 30 Industrial Firms

Name Rating tr#agfes M ean Std Min | Max
E. ON AG AA- 35 66.71 19.24 24 88
SIEMENS AG AA- 61 60.93 14.72 36 95
RWE AG A+ 41 74.55 28.68 21 116
VERIZON GLOBAL FUNDING A+ 44 | 151.01 70.38 82 340
BAYER AG A 37 87.95 54.79 22 200
BOEING COMPANY A 62 80.78 25.57 20 130
MCDONALD"S CORP A 48 50.98 19.55 16 120
REUTERS GROUP PLC A 37| 162.32 38.36 100 230
PORTUGAL TELECOM INT’AL FINANCE BV A- 55| 113.11 31.89 55 180
VOLKSWAGEN AG A- 44 58.30 19.46 26 110
WORLDCOM INC A- 31| 254.82 | 158.36 110 675
ALTRIA GROUP INC BBB+ 89 | 144.13 | 105.16 29 800
AOL TIME WARNER INC BBB+ 110 | 244.14 | 154.84 41 650
KONINKLIJKE (ROYAL) PHILIPS ELEC NV BBB+ 72 | 107.15 25.77 51 180
REPSOL S.A. BBB+ 44 | 226.30 | 116.11 45 550
WALT DISNEY COMPANY BBB+ 106 91.93 32.51 26 190
DAIMLERCHRYSLER AG BBB 262 | 137.02 36.08 44 247
HEWLETT PACKARD CO BBB 50 | 103.18 29.81 63 175
MOTOROLA INC BBB 45 | 290.64 72.76 192 450
SEARS ROEBUCK ACCEPTANCE CORP BBB 94 | 226.40 | 132.92 60 450
COMPUTER ASSOC INTL INC BBB- 42 | 329.32 96.26 180 560
DELPHI BBB- 52 | 150.13 44.21 87 315
EASTMAN KODAK COMPANY BBB- 64 | 137.44 63.77 30 425
FEDERATED DEPARTMENT STORES INC BBB- 41 | 103.47 22.88 70 145
SPRINT CORPORAT BBB- 57 | 325.75 | 182.75 109 925
VIVENDI UNIVERSAL S.A BBB- 62 79.48 26.50 17 130
VISTEON CORPORATION BB+ 35| 210.83 63.85 95 331
TOYS "R"US INC BB 35| 286.83 | 127.24 88 575
FIAT SPA BB- 118 | 287.33 | 175.89 48 850
GENERAL MOTOR BB- 202 | 173.73 86.83 64 405
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TABLE 2

Risk-Free Term Structure Estimation

This table reports the first-step parameter estimatésedfwo-factor risk-free term structure that
determine the dynamics and term structure of the benchmarkR.1&@l swap rates. The t-
statistics are presented in the second row. The estimation ésdrag@-month LIBOR and swap

rates of 2, 3, 4, 5, 7, 10, 15, and 30 years, using quasi-maximum likelihdloddnj@nted with
Unscented Kalman filter.

& Hy ! A &, Hy F A
Coef. | 0.2582] 0.0559 0.2481 -0.17Q7 2.5988 0.0p05 0.9833 -0.0617
t 3.8494| 6.6532 4.514p -5.29990 42.6763 0.5887 12.2910 -7.9700
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TABLE 3

Summary Statistics of Pricing Errorson the LIBOR and Swap Rates

Entries report the summary statistics of the pricing eoorthe LIBOR and swap rates under the
two-factor model. We estimate this two-factor model witlasiumaximum likelihood method
jointed with Unscented Kalman filter. We define the pricingreas the difference between the
observed interest rate quotes and model-implied fair values.caltmns titled with Mean, Std,
ME%, RMSE, RMSE%, VR denote the mean error, the standarctaewviof sample error,
percentage of the mean error to the sample mean, the root meaa sgor, percentage of the
root mean square error to the sample mean, and the variancexptaned percentage variance,

defined as one minus the ratio of pricing error variance to interestaigd®ce, in percentage)

M?g;;gy Mean Std ME% RMSE | RMSE% VR
1 00246 | 03265 | -0.621% 02211  5594%  84.524%
2 0.0243 02843 | 0548%| 01710  3.863%  84.611%
3 0.0150 02583 | 0.312%| 01364  2.837%  84.17%%
4 0.0064 | 02456 | -0.125%  0.1319  2596%  83.332%
5 0.0270 | 02399 | -051194  0.1413  2.674%  82.228%
7 0.0500 | 02298 | -0.013%  0.1592  2.856%  80.381%
10 00567 | 02337 | -097004  0.1877  3.214% _ 76.855%
15 0.0004 | 02390 | -0.007%4  0.1992  3.264%  71.661%
30 00325 | 02577 | 05200 02364  3.791%  63.807%

Average | 00177 | 02572 | -0312% | 01760 | 3410% | 79.063%
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TABLE 4

Hazard Rate Estimation

This table reports the second-step parameter d@stntiaat govern the dynamics of hazard rates fdr 8am given the parameters estimated in the §tsp. The
estimation is based on a state space model (tweoesttrate factors and one hazard rate factorpugiasi-maximum likelihood method jointed with Uested
Kalman filter. The state equation and the measentnequation are specified in equation (20) and (2%pectively. The t-statistics are reported with

corresponding parameter estimates.

Pand A: Top 30 Financial Firms

Name Rating Qg t(é‘a) Hy t(ua) 03 t(03) )‘3 t()‘3) P t(pl) Py t(p‘z)
AMERICAN EXPRESS AAA 0.645 535 | 0.115 1.52 1.198 2.17 | -0.084 -1.01 | -0.036 -5.66 | -0.143 -2.68
AMERICAN INTERNATIONAL GROUP INC AAA 0.533 494 | 0.087 4.79 1.090 3.98 | -0.038 -3.81 0.278 1.48 0.056 4.19
GENERAL ELECTRIC CAPITAL CORP AAA 0.611 2.24 | 0.086 3.94 1.165 599 | -0.015 -7.52 | -0.529 -2.22 -0.262 -1.05
ABN AMRO BANK N.V. AA- 0.622 1.47 | 0.009 457 | 0.332 8.46 | -0.029 -9.65 | -0.188 -4.67 0.038 3.15
BANCO BILBAO VIZCAYA ARGENTARIA S.A. AA- 0.571 2.08 | 0.056 1.98 1.569 2.97 | -0.088 -1.71 | -0.012 -0.52 -0.132 -3.84
BANK ONE CORPORATION AA- 0.945 3.26 | 0.017 223 | 0.714 2.88 | -0.060 -2.29 | -0.480 -1.65 | -0.006 -1.84
CITIGROUP INC. AA- 1.633 6.34 | 0.023 1.77 | 0.200 1.76 | -0.053 -5.02 0.174 1.65 0.198 8.27
DEUTSCHE BANK A.G. AA- 1.223 6.08 | 0.017 9.43 | 0.021 1.73 | -0.058 -1.26 | -0.763 -6.71 | -0.505 -1.56
FEDERAL NATIONAL MORTGAGE ASSOC. AA- 1.646 1.78 | 0.022 4.77 0.364 7.25 | -0.045 -4.67 | -0.131 -2.36 | -0.402 -4.22
SOCIETE GENERALE AA- 0.583 3.07| 0.011 1.60 | 0.160 5.89 | -0.035 -1.99 0.062 6.84 0.059 5.69
BANCO SANTANDER CENTRAL HISPANO SA | A+ 1.054 1.67 | 0.010 9.34 | 0.767 4.84 | -0.038 -4.92 0.036 3.02 -0.065 -6.38
BANK OF AMERICA A+ 1.200 3.84 | 0.035 1.29 | 1.465 5.97 | -0.075 -1.46 | -0.851 -3.06 0.202 6.50
GOLDMAN SACHS A+ 1.108 5.97 | 0.053 3.29 | 1.005 522 | -0.073 -2.77 | -0.029 -1.17 | -0.121 -4.01
JP MORGAN CHASE A+ 0.566 3.55| 0.057 2.44 1.199 573 | -0.079 -3.48 | -0.035 -2.15 | -0.141 -6.73
MERRILL LYNCH A+ 0.690 4.07 | 0.070 292 | 1.349 5.65| -0.074 -2.43 | -0.031 -1.82 | -0.109 -6.90
MORGAN STANLEY A+ 0.369 461 | 0.106 1.48 | 0.625 1.40 | -0.019 -2.54 0.287 2.05 0.172 2.16
BEAR STEARNS CO A 0.902 6.85 | 0.071 6.17 | 0.761 5.64 | -0.071 -8.23 | -0.030 -1.65 | -0.112 -6.73
CIT GROUP INC A 0.653 1.10 | 0.101 573 | 1.316 8.01 | -0.049 -2.05 | -0.236 -9.35 0.026 0.97
COUNTRYWIDE HOME LNS INC A 0.991 6.39 | 0.087 1.84 | 0.641 530 | -0.118 -1.57 | -0.025 -4.50 | -0.141 -2.26
HOUSEHOLD FINANCE CORPORATION A 1.145 1.16 | 0.093 0.98 1.821 1.71| -0.317 -2.35 | -0.034 -3.78 | -0.016 -1.13
LEHMAN BROTHERS A 1.336 270 | 0.119 3.37 | 2.408 6.17 | -0.098 -2.14 | -0.092 -3.01 | -0.223 -9.19
BAYERISCHE HYPO-UND VEREINSBANK AG | A- 0.496 596 | 0.054 1.31 1.413 3.09 | -0.078 -1.73 | -0.034 -1.07 -0.121 -2.07
COMMERZBANK A.G. A- 0.489 2.69 | 0.010 244 | 0.312 2.53 | -0.004 -1.22 | -0.486 -2.00 | -0.455 -2.18
FLEETBOSTON FINANCIAL CORPORATION A- 0.476 1.21 | 0.093 1.83 1.213 2.45 | -0.036 -0.89 0.170 3.75 0.052 0.61
MUNICH RE A- 0.668 5.67 | 0.146 581 | 1.779 353 | -0.122 -4.20 | -0.645 -2.62 | -0.258 -1.32
MBNA AMERICA BANK, NA BBB+ 1.659 6.32 | 0.135 4.64 1.714 543 | -0.081 -6.31 | -0.555 -2.24 | -0.106 -9.10
CAPITAL ONE BANK BBB 0.349 3.68 | 0.375 1.38 | 0.499 6.21 | -0.114 -0.91 0.221 2.65 | -0.240 -1.75
MBNA CORPORATION BBB 2.328 1.15| 0.116 3.16 | 2.748 7.67 | -0.183 -7.08 | -0.116 -5.29 | -0.221 -4.98
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FORD MOTOR CREDIT COMPANY BBB- 1.199 6.95 0.184 1.19 2.541 1.72 -0.165 -1.37 -0.889 -5.10 -0.416 -2.49
INTERNATIONAL LEASE FIN CORP BB 2.496 6.25 0.134 1.19 3.145 3.74 -0.225 -2.71 -0.080 -2.73 -0.069 -0.87

Average 0.973 3.95 0.083 3.28 1.184 4.50 -0.084 -3.31 -0.169 -1.80 -0.115 -1.73

Panel B: Top 30 Industrial Firms
Name Rating a, () Hy () ! (o) A t(A) P t(p,) Py t(p,)

E. ON AG AA- 0.468 5.35 0.086 1.52 1.392 2.17 -0.067 -1.01 -0.037 -0.57 -0.147 -2.68
SIEMENS AG AA- 0.812 2.87 0.065 7.82 0.952 4.10 -0.071 -2.68 -0.028 -0.71 -0.144 -5.11
RWE AG A+ 0.479 9.12 0.081 2.01 1.391 2.16 -0.050 -0.50 -0.069 -1.44 -0.115 -1.45
VERIZON GLOBAL FUNDING A+ 1.882 6.14 0.106 6.08 2.760 3.56 -0.387 -1.44 -0.073 -0.89 -0.131 -5.12
BAYER AG A 0.550 9.15 0.069 9.57 1.474 2.13 -0.052 -9.14 -0.034 -8.16 -0.160 -5.94
BOEING COMPANY A 0.106 6.15 0.096 1.74 0.400 6.64 -0.109 -0.78 -0.334 -1.46 -0.269 -3.90
MCDONALD"S CORP A 0.185 9.72 0.032 4.10 0.147 8.05 -0.114 -0.51 0.147 1.12 0.197 6.24
REUTERS GROUP PLC A 1.938 3.37 0.225 5.61 3.665 7.27 -0.421 -1.15 -0.060 -1.98 -0.106 -3.60
PORTUGAL TELECOM INT'AL FINANCE BV A- 0.722 2.66 0.074 5.52 0.886 3.65 -0.044 -1.54 -0.176 -9.63 -0.230 -8.95
VOLKSWAGEN AG A- 0.637 1.20 0.089 1.75 1.384 2.43 -0.097 -4.28 -0.034 -1.13 -0.128 -4.76
WORLDCOM INC A- 0.051 9.27 0.003 2.42 3.969 291 -0.046 -3.16 -0.150 -1.05 -0.076 -1.23
ALTRIA GROUP INC BBB+ 0.842 3.59 0.128 8.05 1.230 6.51 -0.067 -8.13 0.452 1.96 -0.145 -6.85
AOL TIME WARNER INC BBB+ 0.773 5.01 0.105 6.60 1.245 9.39 -0.163 -1.39 0.104 1.06 -0.054 -0.60
KONINKLIJKE (ROYAL) PHILIPS ELEC NV BBB+ 1.257 8.69 0.074 4.23 0.990 3.88 -0.091 -3.68 -0.026 -1.49 -0.145 -6.14
REPSOL S.A. BBB+ 0.608 3.62 0.087 2.62 1.083 6.43 -0.049 -1.80 -0.039 -1.42 -0.201 -9.09
WALT DISNEY COMPANY BBB+ 0.165 9.30 0.084 8.47 0.404 8.68 -0.161 -3.43 0.030 3.09 -0.208 -2.65
DAIMLERCHRYSLER AG BBB 1.245 7.66 0.027 3.29 1.561 1.76 -0.123 -1.42 -0.734 -4.15 0.760 4.43
HEWLETT PACKARD CO BBB 1.790 3.27 0.097 2.53 2.131 5.74 -0.116 -2.80 -0.040 -0.98 -0.271 -5.43
MOTOROLA INC BBB 1.460 1.01 0.276 4.42 2.516 2.11 -0.334 -3.30 -0.039 -1.04 -0.224 -8.18
SEARS ROEBUCK ACCEPTANCE CORP BBB 0.690 7.18 0.159 1.99 1.339 1.11 -0.088 -0.98 0.229 1.61 0.126 1.59
COMPUTER ASSOC INTL INC BBB- 1.454 4.71 0.251 2.90 2.330 8.08 -0.647 -1.54 -0.100 -1.91 -0.037 -0.84
DELPHI BBB- 0.266 1.09 0.264 1.36 0.440 1.27 -0.069 -3.29 0.081 1.29 0.010 2.41
EASTMAN KODAK COMPANY BBB- 0.789 5.25 0.132 1.23 1.517 1.82 -0.073 -2.25 -0.003 -2.32 -0.026 -1.91
FEDERATED DEPARTMENT STORES INC BBB- 3.059 2.67 0.131 1.11 3.687 4.14 -0.331 -9.88 -0.066 -0.90 -0.013 -1.32
SPRINT CORPORAT BBB- 0.654 1.48 0.469 1.91 2.978 1.18 -0.105 -4.87 -0.850 -3.38 -0.129 -4.27
VIVENDI UNIVERSAL S.A BBB- 0.120 2.24 1.435 7.85 1.553 3.28 -0.202 -1.64 0.373 1.13 -0.470 -2.57
VISTEON CORPORATION BB+ 1.094 3.30 0.191 5.72 2.028 5.37 -0.107 -2.36 -0.098 -3.32 -0.125 -3.64
TOYS "R" US INC BB 1.239 6.49 0.127 4.35 2.084 3.63 -0.172 -5.55 -0.090 -4.89 -0.115 -2.24
FIAT SPA BB- 0.897 1.03 0.066 6.55 1.308 1.09 -0.094 -6.75 -0.010 -1.22 -0.175 -1.21
GENERAL MOTOR BB- 0.897 7.28 0.162 1.70 1.599 1.74 -0.077 -0.75 -0.387 -4.28 -0.233 -3.04

Average 0.904 5.00 0.173 4.17 1.681 4.08 -0.151 -3.07 -0.069 -1.57 -0.099 -2.93
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TABLES

Summary Statistics of Pricing Errorson the CDS

This table reports the summary statistics of the pricingr&ron the credit default swaps. We
estimate our model (two interest rate factors and one hazardactor) with quasi-maximum

likelihood method jointed with Unscented Kalman filter.

We defime pricing error as the

difference between the observed interest rate quotes and mquiedifair values. The columns
titled with Mean, Std, RMSE%, VR denote the mean error, timelatd deviation of sample error,
percentage of the root mean square error to the sample meahearatiaince ratio (explained
percentage variance, defined as one minus the ratio of pridiog v&riance to interest rate

variance, in percentage)

Panel A: Financial Firms

Name Rating | Mean Std RM SE% VR
AMERICAN EXPRESS AAA -0.808 2.981 3.63% | 93.57%
AMERICAN INTERNATIONAL GROUP INC AAA -1.605 4.207 7.76% | 93.28%
GENERAL ELECTRIC CAPITAL CORP AAA -1.901 2.477 3.93% | 98.39%
ABN AMRO BANK N.V. AA- -3.207 3.727 14.08% | 85.38%
BANCO BILBAO VIZCAYA ARGENTARIA S.A. AA- -0.680 4.022 10.29% | 90.47%
BANK ONE CORPORATION AA- -1.077 2.426 4.47% | 94.28%
CITIGROUP INC. AA- -0.184 3.379 4.80% | 95.78%
DEUTSCHE BANK A.G. AA- -2.788 2.462 10.25% | 97.96%
FEDERAL NATIONAL MORTGAGE ASSO AA- -1.057 2.923 10.06% | 55.21%
SOCIETE GENERALE AA- -5.117 5.852 17.62% | 75.68%
BANCO SANTANDER CENTRAL HISPANO SA A+ -1.265 3.780 6.67% | 97.84%
BANK OF AMERICA A+ -0.883 3.705 6.39% | 86.42%
GOLDMAN SACHS A+ -1.553 1.607 3.10% | 98.54%
JP MORGAN CHASE A+ -1.766 4.366 3.98% | 95.31%
MERRILL LYNCH A+ -0.273 9.330 4.81% | 90.86%
MORGAN STANLEY A+ -0.357 2.880 4.20% | 97.78%
BEAR STEARNS CO A -1.134 3.952 3.81% | 89.05%
CIT GROUP INC A -1.038 5.099 2.05% | 99.56%
COUNTRYWIDE HOME LNS INC A 0.123 8.154 3.62% | 90.36%
HOUSEHOLD FINANCE CORPORATION A 0.306 9.820 3.03% | 99.66%
LEHMAN BROTHERS A -0.001 3.198 2.90% | 94.86%
BAYERISCHE HYPO-UND VEREINSBANK AG A- 6.439 | 24.161 11.06% | 83.82%
COMMERZBANK A.G. A- 5.027 | 31.502 14.30% | 80.61%
FLEETBOSTON FINANCIAL CORPORATION A- -2.521 2.637 4.63% | 99.02%
MUNICH RE A- -0.997 2.652 3.18% | 97.98%
MBNA AMERICA BANK, NA BBB+ 0.566 5.386 1.67% | 96.25%
CAPITAL ONE BANK BBB -1.227 | 10.763 1.97% | 99.65%
MBNA CORPORATION BBB -0.433 8.056 1.92% | 96.59%
FORD MOTOR CREDIT COMPANY BBB- -0.982 3.270 1.55% | 99.95%
INTERNATIONAL LEASE FIN CORP BB -0.111 3.550 1.67% | 94.72%
Average -0.683 6.077 5.78% | 92.29%
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Panel B: Industrial Firms

Name Rating Mean Std RM SE% VR
E. ON AG AA- -1.818 2.212 5.18% | 98.85%
SIEMENS AG AA- -0.681 2.946 4.14% | 95.38%
RWE AG A+ -1.838 1.990 4.76% | 99.52%
VERIZON GLOBAL FUNDING A+ 1.256 5.524 2.39% | 99.41%
BAYER AG A -1.548 1.909 3.44% | 99.87%
BOEING COMPANY A -5.921 7.716 8.30% | 89.59%
MCDONALD"S CORP A -3.813 6.067 9.89% | 92.14%
REUTERS GROUP PLC A 0.012 4.520 1.39% | 98.35%
PORTUGAL TELECOM INT'AL FINANCE BV A- -1.092 5.780 3.73% | 96.99%
VOLKSWAGEN AG A- 0.101 4.556 6.46% | 93.36%
WORLDCOM INC A- -1.997 7.556 2.25% | 99.77%
ALTRIA GROUP INC BBB+ 1.566 | 10.352 4.50% | 98.15%
AOL TIME WARNER INC BBB+ -1.563 4.409 2.61% | 99.89%
KONINKLIJKE (ROYAL) PHILIPS ELEC NV BBB+ -1.326 2.205 2.15% | 99.48%
REPSOL S.A. BBB+ -0.316 8.575 2.91% | 99.45%
WALT DISNEY COMPANY BBB+ 6.631 | 20.540 8.74% | 99.00%
DAIMLERCHRYSLER AG BBB -0.770 5.724 2.64% | 97.05%
HEWLETT PACKARD CO BBB -1.113 3.489 2.77% | 98.45%
MOTOROLA INC BBB 4.338 | 13.344 2.48% | 96.17%
SEARS ROEBUCK ACCEPTANCE CORP BBB 1.217 7.995 4.98% | 99.57%
COMPUTER ASSOC INTL INC BBB- 5.206 | 36.164 3.21% | 85.77%
DELPHI BBB- 0.740 | 12.296 6.20% | 93.38%
EASTMAN KODAK COMPANY BBB- 5.400 | 31.343 5.02% | 80.89%
FEDERATED DEPARTMENT STORES INC BBB- -0.398 4.105 1.98% | 96.69%
SPRINT CORPORAT BBB- 1.900 7.768 1.41% | 99.84%
VIVENDI UNIVERSAL S.A BBB- 6.631 | 20.540 4.88% | 99.00%
VISTEON CORPORATION BB+ 2.231 | 11.279 3.36% | 95.64%
TOYS "R" US INC BB 3.392 | 19.450 3.73% | 97.39%
FIAT SPA BB- -0.782 4.863 1.38% | 99.93%
GENERAL MOTOR BB- 0.867 6.848 4.27% | 99.38%
Average 0.550 9.402 4.04% | 96.61%
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TABLEG6

Summary Statistics of Default Risk Premium

This table reports the summary statistics of defask premium for each firm. Default risk
premium is calculated with the difference of model implied yalue of CDS under risk neutral
parameters (market price of risk is zero) and estidnapimal parameters. Mean, Std, DRP%
denote mean of default risk premium in basis points, the startasidtion of default risk
premium, and percentage of average default risk premium togha of the corresponding credit
default swap.

Panedl A: Financial Firms

Name Rating | Mean Std DRP%
AMERICAN EXPRESS AAA 2.524 0.716 3.92%
AMERICAN INTERNATIONAL GROUP INC AAA 2.647 1.360 5.24%
GENERAL ELECTRIC CAPITAL CORP AAA 1.554 0.813 2.35%
ABN AMRO BANK N.V. AA- 0.750 0.337 2.57%
BANCO BILBAO VIZCAYA ARGENTARIA S.A. AA- 1.198 0.608 3.55%
BANK ONE CORPORATION AA- 1.606 0.553 4.09%
CITIGROUP INC. AA- 2.492 2.120 5.47%
DEUTSCHE BANK A.G. AA- 1.644 0.984 4.21%
FEDERAL NATIONAL MORTGAGE ASSO AA- 0.536 0.118 2.08%
SOCIETE GENERALE AA- 0.934 0.506 3.14%
BANCO SANTANDER CENTRAL HISPANO SA A+ 1.294 0.677 2.44%
BANK OF AMERICA A+ 1.050 0.443 2.66%
GOLDMAN SACHS A+ 2.082 0.634 3.52%
JP MORGAN CHASE A+ 2.913 1.003 4.03%
MERRILL LYNCH A+ 1.171 0.828 1.64%
MORGAN STANLEY A+ 5.570 2.570 9.09%
BEAR STEARNS CO A 2.731 0.710 4.06%
CIT GROUP INC A 5.434 1.878 2.44%
COUNTRYWIDE HOME LNS INC A 4.449 3.012 6.70%
HOUSEHOLD FINANCE CORPORATION A 28.329 | 24.965 12.85%
LEHMAN BROTHERS A 1.443 0.719 2.00%
BAYERISCHE HYPO-UND VEREINSBANK AG A- 3.478 3.163 3.73%
COMMERZBANK A.G. A- 3.883 0.506 4.41%
FLEETBOSTON FINANCIAL CORPORATION A- 0.978 0.682 1.57%
MUNICH RE A- 1.233 0.551 2.12%
MBNA AMERICA BANK, NA BBB+ 4.363 2.349 3.13%
CAPITAL ONE BANK BBB 44.378 | 21.024 10.28%
MBNA CORPORATION BBB 12.725 4.831 7.32%
FORD MOTOR CREDIT COMPANY BBB- 13.473 | 10.727 5.95%
INTERNATIONAL LEASE FIN CORP BB 0.105 0.299 0.08%
Average 5.232 2.990 4.22%
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Panel B: Industrial Firms

Name Rating Mean Std DRP%
E. ON AG AA- 1.454 0.870 2.52%
SIEMENS AG AA- 6.408 2.910 10.53%
RWE AG A+ 3.300 1.762 4.96%
VERIZON GLOBAL FUNDING A+ 19.143 | 13.982 12.92%
BAYER AG A 1.682 1.494 2.07%
BOEING COMPANY A 8.597 3.040 11.14%
MCDONALD"S CORP A 6.119 3.087 12.38%
REUTERS GROUP PLC A 11.597 9.585 7.50%
PORTUGAL TELECOM INT'AL FINANCE BV A- 3.106 1.220 2.95%
VOLKSWAGEN AG A- 2.552 1.576 4.61%
WORLDCOM INC A- 4.046 3.155 1.60%
ALTRIA GROUP INC BBB+ 4.275 3.011 3.26%
AOL TIME WARNER INC BBB+ 18.022 | 15.119 9.10%
KONINKLIJKE (ROYAL) PHILIPS ELEC NV BBB+ 5.141 2.155 4.89%
REPSOL S.A. BBB+ 6.885 4.463 3.39%
WALT DISNEY COMPANY BBB+ 14.274 6.874 15.69%
DAIMLERCHRYSLER AG BBB 5.730 2.759 4.31%
HEWLETT PACKARD CO BBB 3.470 1.992 3.56%
MOTOROLA INC BBB 30.988 | 12.131 10.89%
SEARS ROEBUCK ACCEPTANCE CORP BBB 7.792 5.963 4.21%
COMPUTER ASSOC INTL INC BBB- 72.762 | 37.512 22.50%
DELPHI BBB- 9.150 3.787 6.16%
EASTMAN KODAK COMPANY BBB- 1.555 5.077 2.33%
FEDERATED DEPARTMENT STORES INC BBB- 6.736 3.837 6.93%
SPRINT CORPORAT BBB- 10.920 9.911 3.58%
VIVENDI UNIVERSAL S.A BBB- 37.658 | 21.632 9.34%
VISTEON CORPORATION BB+ 7.767 3.479 4.14%
TOYS "R" US INC BB 24.326 | 13.069 7.93%
FIAT SPA BB- 36.281 9.733 5.03%
GENERAL MOTOR BB- 5.658 3.423 3.26%
Average 12.580 6.954 6.79%
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Summary Statistics of Correlation

TABLE 7

This table reports the empirical and model implied correlations adfiffiegent time series.

Pra represents model implied correlation between the instantaneous iatetdstzard rates,

Pessvar represents the empirical correlation between the CDS spneddisea5-year swap rates,

Poreswan represents the correlation between the model-implied defakilprisniums and the 5-

year swap rates, and finally

Porecps FEPresents the model-implied correlation between the defaufireskiums and the CDS

spreads.

Panedl A: Financial Firms

Name Rati ng Pra Pcps swap PDRP swap PpRP,CDS

AMERICAN EXPRESS AAA 0.263 -0.012 -0.057 0.971
AMERICAN INTERNATIONAL GROUP INC AAA -0.674 -0.609 -0.677 0.959
GENERAL ELECTRIC CAPITAL CORP AAA -0.322 -0.649 -0.724 0.983
ABN AMRO BANK N.V. AA- -0.517 -0.604 -0.626 0.944
BANCO BILBAO VIZCAYA ARGENTARIA S.A. AA- -0.244 -0.467 -0.497 0.957
BANK ONE CORPORATION AA- 0.210 -0.049 -0.232 0.895
CITIGROUP INC. AA- -0.584 -0.551 -0.571 0.938
DEUTSCHE BANK A.G. AA- -0.783 -0.748 -0.795 0.991
FEDERAL NATIONAL MORTGAGE ASSO AA- -0.388 -0.121 -0.522 0.792
SOCIETE GENERALE AA- -0.660 -0.528 -0.670 0.889
BANCO SANTANDER CENTRAL HISPANO SA A+ -0.431 -0.656 -0.592 0.958
BANK OF AMERICA A+ -0.317 -0.366 -0.271 0.929
GOLDMAN SACHS A+ -0.534 -0.566 -0.546 0.984
JP MORGAN CHASE A+ -0.440 -0.546 -0.557 0.991
MERRILL LYNCH A+ -0.078 -0.420 -0.387 0.980
MORGAN STANLEY A+ -0.228 -0.558 0.860 -0.818
BEAR STEARNS CO A 0.045 0.128 -0.005 0.937
CIT GROUP INC A 0.083 -0.177 -0.054 0.954
COUNTRYWIDE HOME LNS INC A -0.227 -0.151 -0.204 0.956
HOUSEHOLD FINANCE CORPORATION A -0.203 -0.302 -0.307 0.998
LEHMAN BROTHERS A -0.068 -0.278 -0.564 0.866
BAYERISCHE HYPO-UND VEREINSBANK AG A- -0.838 -0.769 -0.704 0.981
COMMERZBANK A.G. A- -0.127 -0.718 -0.670 0.889
FLEETBOSTON FINANCIAL CORPORATION A- -0.342 -0.668 -0.681 0.997
MUNICH RE A- 0.316 -0.078 0.804 -0.323
MBNA AMERICA BANK, NA BBB+ 0.294 0.238 0.195 0.855
CAPITAL ONE BANK BBB -0.423 -0.337 -0.367 0.997
MBNA CORPORATION BBB -0.147 -0.457 -0.372 0.947
FORD MOTOR CREDIT COMPANY BBB- -0.860 -0.887 -0.891 0.998
INTERNATIONAL LEASE FIN CORP BB -0.541 -0.540 -0.808 0.834

Average -0.292 -0.415 -0.383 0.841
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Panel B: Industrial Firms

Name Rating Pra Pcps swap PDRP swap Pprp.cDS

E. ON AG AA- -0.021 -0.782 -0.773 0.992
SIEMENS AG AA- -0.674 -0.544 0.859 -0.787
RWE AG A+ -0.907 -0.912 -0.927 0.993
VERIZON GLOBAL FUNDING A+ -0.028 -0.223 -0.267 0.989
BAYER AG A -0.564 -0.802 -0.826 0.992
BOEING COMPANY A 0.113 -0.443 -0.500 0.943
MCDONALD"S CORP A -0.607 -0.433 -0.469 0.679
REUTERS GROUP PLC A 0.647 0.344 -0.711 0.232
PORTUGAL TELECOM INT'AL FINANCE BV A- 0.173 0.148 0.181 0.981
VOLKSWAGEN AG A- -0.421 -0.818 -0.847 0.963
WORLDCOM INC A- -0.551 -0.273 -0.427 0.926
ALTRIA GROUP INC BBB+ -0.604 -0.657 -0.655 0.993
AOL TIME WARNER INC BBB+ -0.459 -0.509 -0.447 0.996
KONINKLIJKE (ROYAL) PHILIPS ELEC NV BBB+ -0.579 -0.635 -0.613 0.992
REPSOL S.A. BBB+ 0.072 0.170 0.138 0.992
WALT DISNEY COMPANY BBB+ -0.345 -0.568 -0.565 0.961
DAIMLERCHRYSLER AG BBB -0.354 -0.527 -0.618 0.949
HEWLETT PACKARD CO BBB -0.466 -0.476 -0.587 0.952
MOTOROLA INC BBB -0.472 -0.366 -0.534 0.820
SEARS ROEBUCK ACCEPTANCE CORP BBB -0.719 -0.791 -0.789 0.996
COMPUTER ASSOC INTL INC BBB- 0.234 0.149 0.206 0.950
DELPHI BBB- -0.688 -0.600 -0.639 0.963
EASTMAN KODAK COMPANY BBB- 0.260 0.241 0.135 0.954
FEDERATED DEPARTMENT STORES INC BBB- -0.731 -0.182 -0.824 0.152
SPRINT CORPORAT BBB- -0.433 -0.484 -0.434 0.974
VIVENDI UNIVERSAL S.A BBB- -0.480 -0.541 -0.500 0.993
VISTEON CORPORATION BB+ -0.620 -0.739 -0.600 0.964
TOYS "R" US INC BB -0.456 -0.739 -0.511 0.933
FIAT SPA BB- -0.587 -0.629 -0.642 0.993
GENERAL MOTOR BB- -0.883 -0.933 -0.922 0.996

Average -0.372 -0.452 -0.470 0.848
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FIGURE 1

Parameter Estimates and Ratings

This figure plots the rating group mean of parameter ewtsnaf CDS from the second-step
estimation with the credit rating. The parameters arenm@aersion, long-term mean, volatility,
market price of risk, and the correlation between interest rate aaddhrare.
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FIGURE 3

Comparison between Empirical and Model Implied Correlation

This figure compares the empirical correlation between GID8 5-year swap rate with
correlation of model implied state variables between the interesindteazard rate for each firm.

Fimancial Firns

1

34

N
T

[

o

N
T

'

o

[e)}
T

-0.8

Correlation between CDS Spread and 5Y
Swap Rate

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4
Correl ati on between State Vari abl es

Corporate Firns

0.6

0.4 1

Correlation between CDS Spread and 5Y
Swap Rate
IS
N

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8
Correl ation between State Vari abl es

43



VIII.  Appendix

A. Proof of Proposition 1

In the proof for Propositions 1, as well as for Propositions 2 and 3, we usddiengl

notation
[1] dX(t) = AX(t)dt + QdW (1)
whereWw (¢) are independent Wiener processes.

The risk-free discount factor (zero-coupon bond price) is the solution tolliheing

risk-neutral expectation:

P(0,t) = F

exp (—fot r(u)du

2 ~ 5

3]

[ f YT (W) (u, )W (0) — = f YT (w)D(u, QT ()Y (w)du]

= exp[—foy (YT (w)T(u,t)dY (u) — X" (u)(u,t)A Y(u)du) - %fot YT (u)D(w)QQ T (u, ) X (u)du

The rest of the steps are similar to the derivation in the followibesection.

B. Proof of Proposition 2

The risky zero-coupon bond price is:
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[4]

[5]

—ow|-f (% ﬁ(u)+_§: bw) du]YEZexp( Jo (@Y )+ 2" @) du]
~exp _fot [z‘: @(UHZZ: b, (u) du]El—exp( ft (YT (W)Y (u) + Z" (u)Z( ))du)

where

[ f X" ()T (u, )W (1) — = f X (u)(u t)QQTFT(u)X(u)du]]

_ exp[— fn (X7 (w)D(u, £)dX () — X7 (w)D(u, t)AX (u)du) - % fo X)L ()QQT (4, )X (u)du

and P is a new probability measure (Riccati-implied) we construct tdrohtfree

degree of freedom.

Applying Ito’'s Lemma on the first term of the last line of equation [4], ete g

d[X T (u)(u, ) X (u)] = X (u)T(u, )dX (u) + d[X " (u)]T(u, t) X (w) + X ()T (u, 1) X (u)du

[6]

[7]

+d[X " (w)]0(u, )d[X (w)] + X ()T (u, £)dud[ X (u)] + d[ X (u)]T" (u, t)duX (u)
= 2X " (u)T(u, t)dX (u) + X" (w)T" (u, ) X (w)du + tr{Q'T(u, t)Qdu

F(

whereT(u,t) = 2“2 for < t. Therefore,

X (@), £)dX (u) = %d[XT ()T, )X ()] — %XT ()T ()X () — %tr[QTF(u, H0du

Substituting [6] back into [5], we get,

P _
ap P

f%XT(t)F(t DX(1) + lXT(O)r(o £X(0)
f =X (u du—l—f =t QT (u, )Q)du

f X () (u, ) AX (u)du — = f X () (u, )QQT (4, ) X ()du]
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Substituting the above result into [4]

f [Z[:b +Zﬁ )+ Y (u ()—I—ZT(u)Z(u)]du]

V(O’ t) - g —= eXp
- 1+ 1.
= UEZ eXp{EX (t)F(t,t)X(t)—EX (O)F(O,t)X(O)
(8] / T
-, X' : (g 4 wa - w + 1) X(u)du

- Ot {i b (u) + Z B, (u) —l—%tr[QTF(u,t)Q]] du}

Note that thel'(u,t) is arbitrary, which is the free degree of freedom we have in the
model. Hence, we can set it so that the quadratic term of the second liedindltiexpression of

[8] is equal to zero. Hence, we arrive at the following ordinary diffedezguation (ODE):
[9] [(u,t) + T(u, t)A + AT(u, t) — T(u, ) XX T(u, t) + 21 = 0

whereI(u,t) = £ for w < ¢ and is an identity matrix. Equation [9] is known as the

Riccati equation.

Given thatT'(u,t) is arbitrary, for simplicity, we let the terminal conditiory,7) = 0 and

let:

-A =21

[10] N = 0y A

(u—1)

Then the solution to [9] is:
[11]  T(u,t) = n,(u—t)[n,(u—1)]"
Using the result of [9], [8] can be simplified to the following equrati

V(0,t) = yEZ exp(—j: (r(u) + h(u))du)

[12]

L n

= exp [—%XT (0)r(o, t)X(O)] exp [—%j: > B.(u) + Y b(uw) + tr[Q T(u, t)du

i=1 i=1

which completes the proof.
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C. Proof of Proposition 3
The payoff of a CDS for a unit notional is 1 minus the recovate at the default time:
[13]  G(r)=1_,0-¢r)

wherel,, is an indicator function angl’) is the recovery rate which can be random. For
the sake of simplicity and without loss of generality, we assume aaobnstovery rate

throughout this paper. As a result, the price of a CDS is the discoishitedutral expectation

of G(r):
[14]
DO.T) = E exp(— [ r(u)du) G(r)|= B |1, exp(— I r(u)du) (1-¢)
= E|E|L, exp{ Ik Z 8, (u )Y (u >du] Y (7)) (1 - €)
-El[ [i; b(r) + 2" (1)2(r ]exp[ [ [Zb (u)]du]
exp|— [ [Z B, (u )Y (u) du]dT( —¢)
—a-9f ”[Zb )+ 2" (r)2(r) exp[—f [jj @(u)-ﬁ-g B,(u) + Y (w)Y (w) + 2" (u)Z(u) du]

=(1-¢) j; A(0,7)dr

Note that on the second line, the conditional expectation is conditional on tiee enti
evolution till default time:y(7),z(7). The third line is simply the explicit use of the exponential

density function. The last line exchanges the expectation and integrafioper

Under theP -measure (but up to time):
[15]  dW(t) = dW(t) + Q'T(t,7) X (t)dt
We define the following matrices:

[16] @)= X" ()X(1)
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Applying Ito’s lemma, then taking the mean, thattis- E[®], we obtain:

dV(t) = [W(t)C(t) + C(t)¥(t) + QQT)dt

[17]
V(1) —W@#)C'(t) — Ct)¥(t) — Q" =0

where /(1) = 29 and C(t) = A — QQ'T(¢, 7)

Therefore,

0

nx1

ZT(t)Z(t) = T (1)

1[x1

The final result is

[18]
A0 =E i b(7)+Z'(7) ]exp ' [ﬁ: b, (u () + Y (W)Y (u) + 2" (u)Z( )]du]
= | dP (¢ T S T T
:1/Ezd_~[z; b(1T)+Z (T)Z(T)]exp[—j; [z; b, (u —I—Zﬂ Y+ Y (W)Y (uw)+ Z (u)Z( )]du]
¢ 0,..
= be,(T)"_\I/()l[ X
exp{—%XT(O)F(O, 7)X(0) —fUT [i b,(u) —I—ZI: B, (u) +%tT[QTF(U,T)Q]] du}
and D(0,T) = (1— g)fOT A(0,7)dT , which completes the proof.
D. Forward Measure

Given a general process for the interest rate as:

[19]  dr(t) = a(r,t)dt + o(r,t)dW (t)
and the risk-free zero-coupon bond price as:

exp(—j: r(u)du) )

[20] P(O,t)=FE

the change of" -maturity forward measure is given by:
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= a(r,t)dt + o(r,t)dW(t)
[21] [ P(t, T)

r

a*(r, t)] dt 4 o(r, )d W™

The Radon-Nikodym Derivative for this change of measure is:

exp (—fot r(u))
exp (7[0/’ r(u))

Note that under the risk-neutral measure, we have

[22) »n=

- - P((l), 1) eXp(*ﬂ T(“))

dP(t,T
[23] Pé’ T ) = r(t)dt + op(t)dW(2)
for all 7 >¢. Taking log of the log normal stochastic process:
0= PT.T)=mPO.T)+ [ r(u)—mdu—i—fT o (W)dW(u)
(24 | T P
4

exp (,fg r(u))

=e
P(0,T) P

2

j(;T op(uw)dW(u) — fDT Mdu]

and hence the Girsanov transformation is defined over:

[25]  dW(t) = AW (t) + o, (t)dt

where by Ito’s lemma, we have

1 9PLT)
[26] o) = PLT) or o(r,t)
E. Computational Efficiency

To demonstrate both the ease with which our model can be used and its domgutat
efficiency, we degenerate our model to the standard CIR model. In the sisgplieg where
B(t)=0b(t)=0, p=0, and a single factor for both the risk-free rate and the hazardhete,

quadratic model for a risky bond becomes the product of two CIR models urder

[27] P(O t) :@(0 t)e—r(o)Gl(O.ZI‘)—h(O)Gz(O.T)
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where

(o +6)T /2 % (04T /2 %
o(0,t) = 2" 2
(Oﬁ —+ (1)(6<l - 1) + 2(1 (042 —+ (2)(e<2 - 1) + 2(2
Gt
G.(0,1) = 2(e 1)

' (O‘i + Cz‘)(eu - 1) + 2<i

Ci = \/043 +2U¢2

Setting the other parameter values as follows:

Y z
a 0.5 0.3
o 0.2 0.3
initial value 0.1 0.2
T 1

wherer = ¢* is the instantaneous risk-free rate and 2’ is the instantaneous hazard
rate, we can compute the CIR price of the zero-coupon bond to be 0.9452. In our model, the

solution to the Riccati equation requires the following matrix gimgd @] in Section VIIIB:

0.7881 0 2.0276 0
0 0.8822 0 2.0223

N(0,1) =

0.0101 0 1.2950 0
0 0.0228 0 1.1856

which implies the two following matrices:

2.0276 0
0 2.0226

1.2950 0

0.1) =
m(0,1) 0  1.1856

andn,(0,1) =

Substituting the above result back in [11] to obtain the solution to tlvatRexuation:

1.5657 0

LO,1) =mO)[ROD" = -

This allows us to compute the first and the second terms in (6) as follows:

exp —%XT(O)F(OJ)X(O) =0.9589 and exp[—% fo 1 tr[QTr(u,l)Q]du] = 0.9587
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which yields the bond price as 0.9452, identical to the CIR model.

Note that our model is very fast. Although it does require a numericatatitagin the
last step as seen above, this integration is no different from the Guassggation used in many

Black-Scholes-like models.

Since our model is a special case of the Duffie-Pan-Singleton mod#ieanprovide a
numerical solution to their model, we next compare the computational etfidetween our
Black-Scholes-like analytical solution and their model. In gen®@Es resulting from the
affine models are very quick to solve. In a single-factor setting and valnip@ few options,
solving ODEs is fast enough not to be detected by human eyes. However, mpgea large
number of option prices with many factors, such as in a situation where themaedslto be
calibrated to a large number of market prices, the efficiency of the Gfaks to deteriorate
exponentially. In the table that follows, we compute 125 bond prices (all havengear to

maturity) with various parameter combinations:

Duffie-Pan-Singleton solution Our Model CIR
ODE error tolerance eps=le-3eps=le-6 eps=le-P eps=le-12
average time (sec) 0.004 0.0082% 0.028% 0.155 0.007 0.006
pricing error 0.01246660.0004412(10.0003209(1.0003217{D.00000000

The computations were performed using Dell 700M, 1.6 giga herz CPU, Pentium M and

SAS IML. ODE solvers and numerical integration use standard SAssidibr

We see two problems with using the ODE solution. First, the pricing ellt@rolv
approach 0 as we increase the numerical accuracy. As we see ithe/li@DE tolerance level is
increased from Idto 10", the pricing error can no longer decrease. On the contrary, our model
produces an accuracy level at®1(Becond, the computation efficiency of our model is

comparable to the ODE solution that has errors at 10s of basis. points

F. Unscented Kalman Filter
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The Kalman filter and its various extensions belong to the state-eptication regime
and are based on a pair of state propagation equations and measurement equations. In our

applications with Gaussian state variables, we can write thepstaiagation generally as:

[28] X, =A+3X,, +.Q¢

We can also write the measurement equation in a generic form,

[29] Y, =h(X;;0)+e

whereY, denotes the observed series at timand h(X,;0) denotes their corresponding
fair values based on the model as a function of the state vEctand model parametes. The

last terme, denotes the measurement error of the series atttime

Let X,, %,, Y,, andV,denote the time —1 ex ante forecasts of time values of the
state vector, the covariance of the state vector, the measuremest and the covariance of the
measurement series, respectively lketands:, denote thex post update, or filtering, on the
state vector and its covariance at the tirnased on observationg, () at timet¢. In the case of

the linear measurement equation,

[30] Yt = HXt +e

The Kalman filter provides the most of the efficient updates. eXlagte predictions are:

X =A+0X,

S, =0, 0" +
[31] _I _I 1 Q

t H t

V, =HS,H' + R

and theex pogt filtering updates are:
[32] Xt+1 = XHL + Kt+1(Yt+1 - YHL)

> t+1 — itﬂ - Kt+117t+1KtT+1
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where K, , is the Kalman gain, given by:

t+1

[33] K, = izﬂHT (Vt+1)_1

t+1

However, in our application, the measurement equation in (16) and (21)irseaon|
Traditionally, nonlinearity is often handled by the extended Kalman filter YEkdfich
approximates the nonlinear measurement equation with a linear expanalaatexy at the

predicted states:

where

The rest of prediction and updates follow equation [31] and [32]. Welraitéhe
extended Kalman filter uses only one point (the conditional mean) from thdilpeiimg density

for the prediction and filtering updates.

In contrast, the unscented Kalman filter applied in this paper uses a seitsftpat are
designed to also match higher moments. jAet3 be the number of states afd 0 be a
control parameter. Let, be the;-th column of a matrix4. A set of2p +1 sigma vectorsy,

are generated according to the following equations:

Xi.0

[35] ) _
X, =X, £4/(p+8)(V, —I—Q)j,j =L..p;i=1..,2p

with corresponding weights, given by

We can regard these sigma vectors as forming a discrete distrifith «w, as the

corresponding probabilities. Then we can verify that the mean, covariaaegess, and
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kurtosis of this distribution ar&, V. + @, 0, andp + §, respectively. Given the sigma points,

the prediction steps are given by

— 2p,

X = Zwi (q)Xz.z)
i=0
2p

itﬂ = Z w; ((I)Xt,i - )_(HL)((DXt,z - )?tJrl )T

[37]
_ P
t41 T Z w;h (q)Xt.;,; @>
i=0
_ 2p — — \T
Vi = w; (h (‘PXI.i;@) - Y/,+1>(h (‘PXI.i;@) - Y/,+1> + R
i=0
and the filtering updates are given by
[38] At+1 = )_(HL + Ktﬂ(ytﬂ - YHL)

_ ¥ > T
t+1 Zt+1 - Kt+1Vt+1Kt+1

with the Kalman gain defined as

2p

[39] K =5, (‘714-1)71 = Z w; ((I)Xm - )_(/,+1>

i=0

Via)

n(@x.)-7] (
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