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Motivation |

Credit correlation is critically important. Using a
pricing model, it can be computed using different

securities.
= Equity market (KMV)
= Credit Default Swap (CDS) market (Tarashev and Zhu 2007)
= Collateralized Debt Obligation (CDO) market

The evidence is limited. Even less Is known about
the co-movements of the correlation time series
based on these securities

Empirical objective: compare three time series of
correlations; characterize time variation



Motivation Il

The industry standard for CDO valuation is the
Gaussian copula. In industry practice, implied
correlations take center stage.

What does this implied correlation mean?

* |s it related to correlation in the underlying
names in CDS and equity markets?

= Or does it reflect other determinants of prices in
a segmented CDO market, notably liquidity?

* |s it meaningless as a correlation measure
because of the inadequacy of the Gaussian
copula?



Motivation Il

Non-standard (bespoke) CDOs are typically priced
using market information on standard (index)
products

Q: Can we learn something more by investigating
the actual correlation structure of the underlying?
A: Perhaps if implied correlation and the correlation
In the underlying are moving together

How to price a CDO in a market with low (or no)
liquidity



CDS Markets

A CDS is an insurance product

= The protection buyer pays a periodic spread

= The protection seller pays the default costs
The CDS premium equates the present value of
both sides of the transaction or “legs”
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Default intensities can be extracted given a default
model using simple econometric techniques (NLS)



CDO Markets

A CDO is a multi-name credit derivative. The attachment and
detachment points of the tranche indicate which parts of the
portfolio losses are assigned to the tranche.

Like a CDS, a CDO is an insurance contract. A protection
buyer pays a periodic amount based on the spread and the
remaining notional, the original notional adjusted for losses.

The value of the tranche to the insurance seller is determined
by the difference between the present value of these
payments and the expected present value of the sum of loss
changes. The par spread for a new tranche is such that this
value is zero.

Clearly changes in default probabilities will change the value of
the tranche. Correlation impacts the volatility of the distribution
of portfolio losses: the stronger the dependence, the more
likely extreme scenarios become. Thus correlation also affects
tranche value.



CDO Markets: Base Correlation

Implied correlation for a CDO tranche is the correlation
between the underlying names that equates the
theoretical price of the CDO tranche to the observed
market price, conditional on a choice of pricing model

The industry standard is the Gaussian Copula. See L1
(2000), Andersen and Sidenius (2004), Hull and White
(2004)

Mostly a base correlation is used. If we have implied
correlations for 0-3%, 3-7%, and 7-10% tranches, we can
compute base correlations for 0-3%, 0-7%, and 0-10%
tranches

Note analogy with implied volatility



Data

Our data choice is motivated by the CDO market, and
organized around the CDX and iTraxx indices

At any point in time, the CDX and iTraxx indices consists
of 125 names. The composition changes every six
months

CDX contains North American names, the iTraxx
European names

Sample period is October 14, 2004 to December 31,
2007

For CDX we have 61 names throughout the sample
period without missing data. For the iTraxx 64 names

Use 40% constant recovery throughout
Use 5Y CDS spread
Equity data standard
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Descriptive Statistics for CDX Spreads

Firm Name

Ace Lmuted

Alean Ine.

Aleoa Ine.

Alma Group, Inc.

Amarniecan Exprass Compangy:
Amearniecan Intermnational Group, Inc.
Amnadarke Petteleum Ceorporation
Ao Electromies, Inc.

ATET Inc.

AntoZone, Inc.

Baxtar Intermational Inc.

Boemg Caprtal Corporation
Briztol-MMyers Squbb Cormparn:
Baurlington MNorthem Santa Fe Corporation
Camphbell Scup Company

Cardinal Health, Inc.

Camival Corporation

CentmyTel, Inc.

Cigna Corporation

CIT Group Inc.

Comeast Cable Commwauncations, LLC
ConocoPhallips

Constellation Energy Group, Inc.
Countiyuide Homa Loans, Inc.
Cox Commmmications, Inc.

CS3 Corporation

Dievon Energy Corporation
Donnmicon Fescuwces, Inc.

The Do Chemical Compansy
Eastman Chenucal Company
General Electric Capital Corporation
Honevwall International Ine.

TAC InterActiveCorp

Internationzl Lease Finance Corporaton
Lemnar Corporation

Loews Coporation

Marsh & MceLennan Inc.

Mational Faral Utilities Cooperative Finance Corporation
Mews America Incorporated
COromncom Group Inc.

Prozress Energy, Inc.

Pulte Homes, Inc.

F.ohm and Haas Company
Safeway Inc.

Sempra Energy

Simon Propeaty Group, LF.
Southwest Anlines Co.

Spaint Wextel Corporation
Starwood Hotels & Fesorts Werldwide, Inc.
Textron Financial Corporation
Time Wamer Inc.

Transccean Inc.

Tnion Pacific Corporation

Walere Energy Corporation

The Walt Disney Conapany
Waslungton hMunial, Inc.

Walls Fargo & Company
Wayarhzeuser Conapany
Whnlpool Corporation

Wweth

ML Capatal Led.

Ticker
ACE
AT
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cop

CEG
CCF-Homel cans
OO -Conmmlne
OS5

AT

D

Do

Ehi
GE-CapCorp
HOMT

LACT

AlG-Intl easeFin
LEM

LTE

WAC

MNRILIC
MWS-AmIne
OIC

e

FHM

Average
37.14
2950
2788
63.49
2419
2447
35.95
60.24
3801
63.58
21.28
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26.56
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Std Dew
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15.13
16.13
S.38
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645
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1259
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CDX Tranche Spreads and Base Correlations
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ITraxx Tranche Spreads and Base Correlations
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Existing Approaches to Estimating Default
Probabilities and Credit Correlation
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= Historical default data allow us to compute
default correlation directly

= Structural (Merton-type) models

» Reduced-form (intensity-based) models

To estimate credit correlation using structural and
reduced-form models, we have to extract default
Intensities (or the relevant default measure) and
subsequently use a correlation model



Existing Approaches 1
to Estimating Credit Correlation

Which correlation model to use?
= Factor models are convenient

= Can use simple rolling correlations

= To estimate time-varying correlations,
multivariate GARCH is logical but problematic

Recent advances in multivariate GARCH
literature: DCC

To ensure straightforward comparability with
base correlations, we need an “average” time-
varying correlation => DECO



Dynamic Equicorrelation (DECO) 15
Engle and Kelly (2008)

Dynamic equicorrelation matrix
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Engle and Kelly find that u>>? is least sensitive to
residual vol dynamics and extreme realizations



DECOs and Base Correlations
for CDX Companies

CDX Base Correlation 0-3%
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DECOs and Base Correlations
for ITraxx Companies
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How to Compare Correlations Across Markets?*
Beware of Apples and Oranges

* For CDS-based and equity-based correlations,
which correlations do we use? Which ones to
compare to CDO-implied correlation?

= One approach: use the Merton model for all
markets to filter out the same object and
compute its correlation

= What if | want to use another (more accurate)
reduced-form model for CDS markets?



Example: Reduced form CDS Model

19

= Extract a constant default intensity A at each t

» Use the resulting time series of A's to estimate
the following model

i/\t — Ju_),t:t —I_ 2t

B q
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1=1 j=1

e~ i4.d.(0,1)



Intensity DECOs and Asset Return DECOs
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Conclusion
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» Implied correlations from CDOs co-move with
correlation time series extracted from CDS and
equity data.

= CDO market is not completely segmented from
markets for underlying

= Can use underlying to learn about CDO pricing

» Gaussian copula model may have some value

= Substantial time variation in correlation

» Unresolved issue: Extracting correlations from
CDS data using reduced-form models that can
be meaningfully compared with implied
correlations
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Future Work

Characterize cross-sectional variation in
correlation dynamics (DCC)

Use copula models on CDS data to characterize
tails

Price CDOs with model consistent with (time-
varying) DECO or DCC

Estimate time-varying correlation from CDO data



