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...no cook, however creative and capa- implementation appears flawed. Though there are
ble, can produce a dish of a quality any plenty of avenues we could take to enhance the model
higher than that of the raw ingredients. itself, we will focus instead on the model inputs. Our
Alice Waters approach, then, is not to make our ragout more com-

plex, butinstead to make it with fresher mushrooms.
Chez Panisse in Berkeley, California has, over the

last thirty years, become one of the most decorated

restaurants in the United States. The most cited rea-

son for the restaurant’s renown is not the complexiJhe standard framework

of the dishes, but rather the commitment of executive

chef Alice Waters to obtaining the highest quality,The structural framework for modeling credit risk
seasonal, local ingredients. links a firm’s ability to pay on its liabilities to the

Stretched as the analogy might be, there is a Iessb?]vel of its current assets and the evolution of those

from Chef Waters we can apply to modeling. Cred@ssets through time. In very simple terms, we spec-

itGrades™ is our implementation of the structura|fy the level of the assets, the volatility of the assets

model for credit risk. Simply put, the model takesand the level of the liabilities, and compute the like-

information about the value, volatility and Ieveragel'hOOd that the value of the assets will fall below the

of a firm, and predicts the spread at which the firpydiability level over the time period in question. Ad-

credit should trade. In general, the model perform@itionally, at least at a point where we liquidate the

well, but there is much we can learn from the caseférm’ the value of the firm's equity would be simply

where it does not. Though it is natural to approacltr'e excess of the value of the assets over the liabil-

modeling deficiencies by tinkering with the model, itities. Thus, the evolution of the firm’s assets drives
both the firm’s equity and credit, and therefore, the

is often more beneficial to revisit the data we feed in: _ _
In fact, the structural model is particularly amenabldn©del framework creates a link between the equity
to this approach, since it links so many elements. and credit markets. In practice, we may thus choose

_ _ _ the market we believe to have richer information, and
In this note, we will examine the structural model’'s

_ _ _ . apply that information to the other market.
performance with two firms, Vivendi and General
Motors, that either were or are significant credit stobistinctimplementations of the structural framework

ries, and for which the most straightforward model/ary in precisely how they apply the intuition above
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to calculate the equity value from the asset paramée look ultimately to the equity market as the source
ters. In a more robust implementation, we observior information, but to apply the structural model on
that the equity value has an option-like payoff in lig-the equity information in order to produce indicative
uidation: it is the excess of assets over liabilitiesprices for credit. This has changed how we evalu-
but cannot be worth less than zero. The equity valuate structural models: we now require that a model
today is the discounted expected value of this futurprovide indications of credits that appear to be over-
payoff, and is governed by an option pricing formulaor undervalued relative to their peers, and to provide
In the CreditGrades implementation, we apply théimely indications of changes in the price of a firm’s
approximation that the equity value is equal to theredit.

excess of assets over liabilities, not just at the time

of liquidation, but at any time, and arrive at a mucﬁb‘s the credit market continues to grow, itis no longer
obvious that the equity market should be the first

place we look for information. Rather, there are
gmes where a firm’s credit will lead significant eg-

simpler relationship between assets and eduity.
the spirit of our introduction, it will not be our focus
to compare implementations, but rather to examin

the data that is common to any implementation. uity changes, or will remain stable in the face of an

o equity sell-off, indicating that there is no fundamen-
Applications of the structural framework havetal problem with the firm. Further, as we will see,
evolved as various markets have gained in liquid

ity. Historically, the most common applications of
the structural framework relied on the equity mar

equity options can add significant information to the
model, and so it is desirable to shop for ingredients

at this market as well.
ket as the source of information. Further, such ap-

plications typically focused on lending decisions or
warning signals, and therefore traditionally sought
to provide accurate default probabilities (in a sensdNCOrporating options
better ratings) rather than true pricing information.

This made s.ens.e, a?s.prlcm.g |nformat|.on in gredit WaPhere are no additional model assumptions required
scarce, making it difficult either to calibrate or applyto price options within the structural framework. As

amodel to true credit prices. we explained before, simply to value equity and

A change, not so much to the model framework asredit, we must specify a model for the firm’s as-
to its application, came about in the early part okets. Since we have specified how the assets evolve,
this decade. With the credit derivatives market havand the model gives us the value of the equity as
ing matured, market practitioners recognized that the function of the assets, we have also (implicitly)
structural framework could be utilized beyond tradispecified how the equity evolves. This is sufficient
tional credit applications, and provide hedging, relto derive the distribution of future values of the eg-
ative value and risk information to a trading operadity, and to value options on the equity. Of course,
tion. Thus, with CreditGrades, the goal has still beedistinct model implementations imply distinct equity

Iin fact, the approximation is that the equity is equal to the asset value less the value of the assumed recovery value of the
liabilities if a default were to occur.
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processes and option prices, but the model framand market-based approaches, depending on our rel-
work is rich enough to price equity options in allative confidence in the observed market prices and
cases. our parameter estimations. For our two examples,
_ we will examine the CreditGrades implementation.
One attractive feature of the structural model as ap- . .= ]
] ) ) ] o We will utilize five-year Credit Default Swaps (CDS)
plied to equity options is that the model implies a . .
_ _ _ _ _ and one-year At-the-Money (ATM) equity options.
skew in option prices. Typically, the evolution of the i )
) ] ] Following the standard CreditGrades approach, we
assetsis described by a process with constantvolatil- =~ =~ _ _ )
) o ] describe liability levels on a normalized basis, using
ity. Thus, it is equally likely that the assets move by )
, ) _ _ _ the quantity Debt-per-Share (DPS).
10% if their current level is 100 as if their current
level is 1000. On the other hand, if the liability level
is 89, the impact of a 10% change in asset value wi\|/jyyendi
have a much greater effect on the equity value if the

assets are currently at 100 than if they are at 100@), first example is Vivendi Universal, the

This contrasts with the Black-Scholes framework, irFrench media and telecommunications conglomer-
which the equity volatility is assumed constant. They.e Though arelatively quiet credit today, with an in-
implication is that equity becomes more volatile a%estment grade rating and default swap spreads com-
its value falls and the firm’s leverage increases. AFOrtany under 50bp, Vivendi was one of the biggest

a result, options with lower strike prices are morg,qajines of 2002, when a cash crisis and allegations
valuable than a standard Black-Scholes model Woulgf accounting improprieties drove it to the brink of

predict, as is the typical case in the marketplace. bankruptcy.

With options incorporated into the framework, wewe compare two implementations of the structural
may think of the model as a way to connect fundamodel for Vivendi. In the first approacG Funda-
mental firm characteristics (asset value, asset volatinental, we observe the firm’s equity price, and esti-
ity, liability, and recovery rate) to prices on a varietymate the equity volatility using historical returns. We
of contracts (equity, equity options at various strikeassume a recovery rate, and estimate DPS from the
prices, and credit). This wide array of inputs and outfirm's balance sheet. Using the CreditGrades model,
puts affords us numerous ways to apply the modelve derive an asset volatility, and then calculate the
At one end of the spectrum is the fundamental afair value of the CDS. In the second approaCly
proach: estimate the model input parameters frolTM \ol, we observe both the firm’s equity price and
first principles, and then calculate the model priceghe price of an ATM equity option. We assume a
of the various financial instruments. Atthe other englecovery rate and estimate DPS as before, then infer
of the spectrum lies the market-based approach: olhe asset volatility that correctly prices the option and

serve the market prices of the financial instrumentshen calculate the fair CDS level. We plot the CDS
and solve for the model parameters that allow us tand both model spreads in Figure 1.

recover these prices. o ) .
From the beginning of 2002, Vivendi’s stock started

In practice, we will typically blend the fundamentalto drop, falling about 40% by late April, though its

3
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Figure 1: Vivendi. Credit Default Swap and CreditGrades spreads
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CDS spreads remained under 200bp. In early Mai,he crisis lasted until late October, by which time
concerns over the pace of Vivendi’s acquisitions andew Chief Executive Jean-Rene Fourtou had taken
its cash positions arose, the company announcedoger, and Vivendi had begun the process of divest-
writedown of EUR 15 billion, the stock dropped moreing of many of its previous acquisitions. The stock
quickly, and the CDS spread moved to 400bp in jugbrice has recovered, and is now near its May 2002
two weeks. The CG Fundamental model providedevel. Vivendi debt is again investment grade; its
relatively accurate spreads at the beginning of th€DS spread has been below 50bp for all of 2005,
year, and its spreads did widen in sympathy with thand continues to tighten. In contrast, the CG Funda-
stock depreciation, but the model’s spread wideningnental spreads have tightened very slowly, and are
significantly lagged the actual widening. currently just below 300bp.

On July 2, 2002, French newspaperMonde pub- While examples exist of firms that ran into crisis and
lished allegations about Vivendi's accounting pracwhose spread was well predicted by the CG Funda-
tices. Vivendi stock plunged as much as 40%, anthental model, the model’s performance with Vivendi
Chief Executive Jean-Marie Messier resigned thds disappointing. On the day the accounting allega-
evening. Vivendi’s long-term debt was downgradedions emerged, when the CDS spread widened by
to junk status, and spreads on Vivendi CDS widened50bp, the CG Fundamental spread only widened by
as much as 500bp in a single day. The CG FurB8bp. This is an indication that the market'’s credit
damental model did predict some spread wideningoncerns were not fully manifested in the stock price
consistent with the sharp drop in stock price, but thikevel. Rather, much of the concern was due to the
widening was not nearly as severe as the actual spreadcertainty surrounding the allegations. Similarly,
move. In fact, while CDS spreads bounced betweeonce the crisis had passed, the stock price recovered,
800 and 1200bp for three months, the CG Fundand the uncertainty subsided as well. These changes
mental crept from 400 to 600bp. in uncertainty seem to be present in the CDS lev-
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els, and are clearly present in prices of options ogpreads in the non-crisis periods closer to the actual
Vivendi stock: implied volatility for at-the-money market spread. This method does provide marginally
options was at 40% in May 2002, rose to aroundloser spreads for the recent two months, but in gen-
80% during the crisis and is now at 25%. eral, it overcorrects, producing unreasonably high

spreads. Thus, our experience in this case is con-

Intuitivel e expect that the dynamics of the equity . . .
uitively, we exp y ! qui yS|stent with Hull et al's observations: the skew adds

options should help with forecasts of the spread. Inc—)
deed, spreads predicted by the CG ATM Vol m()Oleghe typical range predicted by the structural model.
spiked precisely when the crisis began, remained at

crisis levels through October, and then subsided. In

fact, while during the crisis, the model producedGeneral Motors

comparable spread levels to the market, the model

spreads tightened more quickly than the market aftd¥hile Vivendi is a nice name to write about from
the crisis, and are now only a few basis points. Thug historical perspective, particularly since things are
the credit, equity and options markets for Vivendiquiet today, General Motors (GM) is arguably the
appear to have traded in perfect harmony during theiggest current story in the credit markets. As the
crisis, while today it appears that credit is cheaplargest corporate bond issuer in North America, GM

relative to where the equity and options are tradingis always near the center of attention, and its sig-
nificant pension liabilities and struggling sales have

nly marginal information, and is often greater than

Hull et al (2005) take a. step further away from th_egarnered it even more scrutiny in the last two years.
fundamental model, calibrating both an asset volatllon March 16, GM issued a significant profit warn-

ity and an implied liability level in order to match ing and Standard and Poor's revised its GM outlook;

both an at-the-money and an out-of-the-money oRs; syock fell by almost 15% and its CDS spread
tion3 They find that the model performs reasony ijened by 80bp

ably well versus the analog of our CG Fundamenl-: h ive of th Imodel. GM h
tal model in distinguishing between low and high rom1he perspective othe structuralmodel, >

. . . always been difficult to tackle. As with all names,
spread names. However, in a simple regression ex-

. . imating an empirical ity volatility is challeng-
ercise, they observe that the option skew does not a_ﬁ-St a.t g an empirical equity _ olatiity s challe g.
. . ... ing. With GM, however, there is the added compli-
ways add information to the at-the-money volatility = o
- cation of capturing its true leverage. Over 80% of
for explaining spreads. Furthermore, they comment

that the skews they observe are often signiﬁcantl?mStandlng GM bonds are issued by General Mo-

greater than those that are typically obtained througtf?rS Acceptance Corporation (GMAC), its financial

services subsidiary. Because GMAC operates more
like a bank than an industrial corporation, much of

the structural model.

We apply a similar approach to Vivendi. We fitan im-its debt is secured, and it is difficult to argue that all
plied DPS to two option prices and calculate a modeadf the GMAC debt contributes to the overall leverage
spread, expecting that we might bring the modebf GM. It is difficult to make any conclusion on the

2That is, spreads are wide.
SHull et al use the implementation where equity is priced formally as an option on firm assets.
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Figure 2: General Motors. Implied Debt-per-Share and 50-day moving average
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Figure 3: General Motors. Credit Default Swap and CreditGrades spreads
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liabilities, however, when we must simultaneouslythe increase, is evidence that the implied DPS is a
decide on our volatility estimate, and we only have aneaningful quantity, and not simply a fudge factor
single market observation (the CDS spread) to guid® correct for poor model performance.

us- The recent stability of the implied DPS implies that

Our lesson from the Vivendi example is quite usefuthe CG ATM Vol model could describe spread moves
here. Rather than relying on a historical estimate fojuite well if only we could arrive at a reasonable lia-
equity volatility, we may confidently infer the model bility level. Since July 2003, the level of the implied
asset volatility from the ATM equity option on GM. DPS has been roughly 20 to 25% of the overall GM
Furthermore, since GM credit spreads are among thPS At present, the GMAC subsidiary accounts for
most liquid in the market but we are unsure of howapproximately 85% of outstanding GM bonds. Re-
to characterize its leverage, we treat the spread 84ning to the intuition that the effective GM DPS
an input and infer the value for Debt-per-Share sucghould include the GM debt, plus some small por-
that the model recovers the observed spread. THi®n of the GMAC debt, it is sensible to use a model
approach is similar to the approach with the optioPS equal to 20% of the overall value.

skews discussed above, where we infer asset volatjje apply the CG ATM Vol model using the adjusted
ity and DPS from the two option prices. For thegn pps. wWe plot the results, along with the CDS

reasons discussed there, we are less confident WEBread and the unadjusted model, in Figure 3. The
DPS inferred this way, and opt instead to calibrate tg.q its are very encouraging. Even in 2002, when

the ATM option and CDS spread. the implied DPS was significantly different from the

We plot the historical implied DPS in Figure 2. Therg€vel we set, the model spread tracks the market
are two key observations from this figure: first, justightly- Further, the model picks up even the most

prior to July 2003, there was a sharp rise in the Dp$ecent spread widening, suggesting that the relation-
from about USD 120 to USD 160: second, the imShip between equity, options and credit continue to
plied DPS has been quite stable since July 2003, ev8Q!d despite significant upheaval with GM.

including recent events.

The sharp rise in DPS is coincident with GM's JunéApplications

2003 USD 13B bond issuance. This issuance, in-

tended primarily to fund GM'’s pension shortfall, wasFor both of our examples, better ingredients do im-
unusual for GM in that most of the issuance (USOprove our dish. By inferring volatility from equity
10B) was issued by General Motors Corporation, natptions and adjusting our DPS estimate, we see that
the GMAC subsidiary. The June 2003 issuance athe spread predicted by the structural model tracks
counts for about USD 20 of the GM DPS. This isvery closely to the actual credit spread. The impli-
less that the USD 40 increase we see in the impliechtions of this for trading are more accurate relative
DPS, but it is at least roughly the magnitude of thevalue signals. What is more, trades based on an indi-
actual increase. This, coupled with the timing ofcation that credit is mispriced relative to equity and

4That is, the DPS calculated using all liabilities of GM and its subsidiaries.
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options will consist of credit, equity and option po-implied volatility, we can apply the model to assess
sitions. the Value-at-Risk of a position or portfolio due to

But how does our risk management benefit from thaPréad movements. Finally, the model provides for

enhanced model accuracy? For firms whose crediiOre robust warning signals, providing more accu-

trades liquidly, we may assess spread volatility di[ate, and less obvious, signals than a model that refers

rectly from the market, but the model affords us 4° €quity price alone.

better understanding of what drives credit spreads.

Not only is there a component of spread volatilit .
ony comp i JEurther reading

that is linked to equity prices, but also a component

driven by equity option volatility. Thus, exposures ) _
 Finger, C. (ed.) (2002)CreditGrades™ tech-

to credit spreads contribute to our overall exposure to ) . .
nical document, RiskMetrics Group.

the equity markets, as well as our exposure to equity

volatilities. In a sense, we have established thatthere « Hull, J., Nelken, |., and White, A. (2005). Mer-
is vega risk in the simplest of credit positions, and a ton’s model, credit risk and volatility skews,
solid understanding of our risk exposures should in- Journal of Credit Risk, 1(1): 3—28.

corporate this.
_ _ o * Merton, R. (1974). On the pricing of corpo-
For firms whose credit does not trade liquidly, the en- rate debt: the risk structure of interest rates,

hanced model opens up more possibilities. Beyond Journal of Finance, 29(2): 449—470.

more information about risk exposures, the model

gives us a realistic view of spread volatility itself. ¢ Mina, J. and Ta, T. (2002). Estimating issuer-
Extending the ideas in Mina and Ta (2002), if we specific risk for corporate bondBjskMetrics
can forecast the future volatility of both equity and Journal, 3(1): 7-26.
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