
UCLA
Recent Work

Title
Credit Risk and Risk Neutral Default Probabilities: Information About Migrations and Defaults

Permalink
https://escholarship.org/uc/item/7dm2d31p

Authors
Delianedis, Gordon
Geske, Robert

Publication Date
1998-05-01

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/7dm2d31p
https://escholarship.org
http://www.cdlib.org/


CREDIT RISK AND RISK NEUTRAL DEFAULT PROBABILITIES:
INFORMATION ABOUT  RATING  MIGRATIONS  AND  DEFAULTS

by

Gordon Delianedis and Robert Geske

The Anderson School at UCLA

May, 1998
Current Version:  May 1999

ABSTRACT

Default probabilities are important to the credit markets.  Changes in default probabilities may
forecast credit rating migrations to other rating levels or to default.  Such rating changes can affect
the firm’s cost of capital, credit spreads, bond returns, and the prices and hedge ratios of credit
derivatives.  While rating agencies such as Moodys and Standard & Poors compute historical
default frequencies, option models can also be used to calculate forward looking or expected
default frequencies. In this paper, we compute risk neutral probabilities or default (RNPD) using
the diffusion models of Merton (1974) and Geske (1977).  It is shown that the Geske model
produces a term structure of RNPD’s, and the shape of this term structure may forecast impending
credit events.  Next, it is shown that these RNPD’s serve as bounds to estimates of actual default
probabilities. Furthermore, the RNPD’s exhibit the same comparative statics as the estimates of
actual default probabilities.  Also, the risk neutral default probabilities may be more accurately
estimated than actual default probabilities because they do not require an estimate of the firm’s
drift.  Given these similarities and advantages of RNPD’s, their estimates may possess significant
information about credit events.  To confirm this an event study of the relation between RNPD
and rating migrations is conducted.  We first show that these RNPD’s from both the Merton and
Geske models do possess significant and very early information about credit rating migrations.
While the sample of firms that actually default during this time period is small, changes in the
shape of the term structure of default probabilities appears to detect impending migrations to
default. This is shown to be consistent with an inverted term structure of default probabilities,
where prior to an impending default, the short term default probability is higher than the forward
default probability.  Finally, since rating migrations to either lower ratings or to default can be
detected months in advance these credit events may not be a surprise.

We thank Jerry Bock, Teri Geske, Mark Grinblatt, Richard Roll, Avanidhar Subrahmanyam, Walt
Torous, and two anonymous referees for their comments.  The paper was presented at UCLA, the
Bank of England, the WFA, and the AFA.  Contact the authors by mail at The Anderson School at
UCLA, 110 Westwood Plaza, Los Angeles, California 90095, USA, by telephone at 310-825-
3670, by fax at 310-825-4528, or by e-mail rgeske@agsm.ucla.edu.
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1.  Introduction

Fixed income markets are the largest capital markets in the world.   In the United States,
the fixed income markets are about two to three times as large as the equity markets.  In most
other countries, equity markets are even smaller relative to fixed income.  Risks in fixed income
(and other) markets are sometimes characterized as market risk and credit risk, although the two
are not unrelated since changes in either risk are associated with security price changes.1

However, market risk is generally considered to be the risk associated with changes in prices of
traded securities, usually bond prices, stock prices, foreign exchange prices, and commodity
prices.  Credit risk is the risk that the issuer of a fixed income security does not meet the security’s
promised obligations and thus defaults.  For example, default could happen if the value of the
issuer’s assets falls below the value of the promised payments.  Thus, credit risk is dynamic and is
related to market risk because credit risk changes with variations in the value of the issuer’s
assets.  While credit risk is important to all fixed income markets  (including the sovereign risk of
government bond markets), this paper is primarily concerned with corporate credit risk.

Today in most developed financial markets, derivative securities can be used to control the
various forms of so-called market risk in a firm’s balance sheet.  For most firms, these balance
sheet risks include equity risk, currency risk, interest rate risk, commodity price risk, and asset
price risk.  However, until recently few derivative securities were available to help hedge credit
risk.  This is now changing with the advent of credit derivatives, considered by some as the
derivative market’s new frontier.2  Default probabilities and changes in expected default
frequencies are important to both the structure and pricing of credit derivatives.

Default is literally defined as failure to meet a required or contractual obligation.  As
noted, in financial markets this usually implies the corporate issuer failed to make a promised
payment on its debt securities. When one considers the large number of corporations issuing fixed
income securities and the relatively small number of actual defaults, one might regard default as a
rare event.  However, all corporate issuers have some positive probability of default.  This default
probability should change continuously with changes in the firm’s stock price and thus its
leverage. The value of most fixed income securities is typically inversely related to the probability
of default.  Investors are concerned about changes in the value of their fixed income securities due
to changes in the probability of default, even though the actual default seldom occurs.  In fact,
fixed income investors may be more concerned with changes in the perceived credit quality of
their bond holdings than with actual default.  Rating migrations, which offer one reflection of
changes in perceived quality of bonds, occur much more frequently than defaults.3

Rating agencies regularly measure the historical default frequency of both US and non US
corporate issuers. While these historical default frequencies are interesting, they are not forward-
looking.  Option models can provide a forward-looking, risk neutral default probability.  Changes

                                                          
1 J.P. Morgan recently introduced Risk Metrics which deals with market risk and Credit Metrics which deals with
credit risk.  See www.jpmorgan.com for information about Risk Metrics and Credit Metrics.
2Blyth Masters of J.P.Morgan estimates the credit derivatives market to exceed $500 billion dollars in notional. See
her presentation at the Berkeley Program in Finance, (San Diego, September, 1997).
3 In this study of approximately ten years (1986-1996) of US corporations rated by Standard and Poors on Compustat,
the number of rating migrations (1650) was much greater than the number of migrations to default (13) after screening
for sufficient CRSP and Compustat data..
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in this risk neutral default probability might provide leading information about changes in the
credit quality of a debt issuer, and thus about either an impending rating change or default.4

From a theoretical perspective, default risk has been modeled in a variety of ways.  Using
diffusion processes to describe changes in the value of the firm, Merton (1974) was the first to
demonstrate that a firm’s default option could be modeled with the Black and Scholes (1973)
methodology.  He showed that stock could be considered as a call option on the firm with the
strike price equal to the face value of a single payment debt issue.  Geske (1977, 1979) extended
Merton’s analysis by showing that multiple default options for coupons, sinking funds, junior
debt, safety covenants, or other payment obligations could be treated as compound options. 5

The basic Merton model has been extended in many ways.  Black and Cox (1977) allow
for safety covenants, subordination arrangements, and limits on refinancing. Turnbull (1979)
includes corporate taxes and bankruptcy costs.  In order to study the interaction of default risk and
interest rate risk, Kim, Ramaswamy, and Sundaresan (1993) allow the riskless interest rate to
follow a square root process which is correlated with the firm value.  They showed that default
risk is not particularly sensitive to the volatility of interest rates but is sensitive to interest rate
expectations. Longstaff and Schwartz (1995) also have stochastic interest rates correlated with the
firm process, an exogenous early default and an exogenous recovery rate. Leland (1995)
endogenizes the bankruptcy decision while accounting for taxes and bankruptcy costs.

Altman (1977, 1986) took a different approach using z-scores and discriminant analysis to
examine risky corporate debt. Another approach has been to model default as a rare event, or
Poisson process.  Mason and Bhattachayra (1981) allowed the firm to follow a discontinuous
Poisson process with more complex boundary conditions.   Jarrow and Turnbull (1995) model
default as a Poisson event when pricing derivatives with credit risk .  Duffie and Singleton (1997),
when considering the term structure of defaultable bonds or swaps, model the default event as an
inaccessible stopping time, such as a Poisson arrival.  They argue that this is appropriate because
when defaults do occur, they are rarely anticipated even a short time before the event.  However,
here we show that this is not necessarily the case.

The focus of this research is the properties of risk neutral default probabilities, especially
their estimation, their size as an upperbound on actual default probabilities, their sensitivities,
their term structure, and the information embedded within them about credit risk.   The market has
an interest in estimates and properties of default probabilities, both actual and risk neutral, in
order to learn more about credit risk.  We could also focus on default spreads from option models
or on converting risk neutral default probabilities to actual default probabilities, but those topics
are left for future research.

In this paper we use the option models of Merton (1974) and Geske (1977) to estimate a
monthly time series of risk neutral default probabilities over approximately 10 years, from 1987 to
1996.  We then examine the changes in these default probabilities before the event of a rating

                                                          
4 While risk neutral default probabilities are germane for pricing and hedging, it remains to be seen how relevant they
are for estimating actual default frequencies and for use in, for example, value at risk (VAR).
5Both the Merton and Geske models can be generalized to incorporate stochastic interest rates (Merton (1973)),
stochastic payouts (Geske (1978)) and thus stochastic recovery, and  the first passage to a solvency boundary using
the method Geske and Johnson (1984) used to value American put options.
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migration or default.  There appears to be significant leading information about rating migrations
and about defaults in these forward looking risk neutral probabilities of default.  The term
structure of default probabilities from the Geske model appears to contain additional information.
The short term probability of default from the Geske model appears to contain  significant
information about both the default event and the shape of the term structure of default
probabilities prior to the actual default.  It appears this short term default probability is able to
distinguish impending cash flow problems for the firm.

Furthermore, rating migrations and defaults do not appear to be a surprise to the market
since they can be detected months in advance by either model.  Thus, the diffusion approach to
credit migrations and default may be as, or more, appropriate than the Poisson approach.

In section 2 of the paper we present a brief description of the models and the derivations of
each model’s risk neutral default probabilities.  Section 3 describes our data sources and
construction, section 4 presents our results, and section 5 offers some conclusions.
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2. The Models

Here we assume that investors are both greedy and risk averse when they value the firm,
while investors only need to be greedy when they value the stock and bonds as options on the
firm.   We make this assumption so that the drift of the firm, which is not necessary for pricing the
options, will exceed the risk free rate in order to avoid arbitrage when pricing the firm.

2.1 Merton Model

Merton modeled the option to default by considering the stock in a leveraged firm as a call
option on the assets of the firm with an exercise price equal to the face value of the total debt
obligations.  If the firm’s liabilities are approximated as simply a single issue of pure discount
debt with face value M maturing at date T, then the boundary condition for the stock at date T is
S V MT T= −max( , )0 .  This boundary condition is identical to the boundary condition for a call
option.  Thus, if the firm’s behavior is assumed to be the same as Black-Scholes assumed for
pricing options on stock, then the stock can be priced as a call option on the firm.  The solution
for the current stock price subject to this boundary condition is the well-known Black-Scholes
equation:

S V N k T t M e N kv
r T tF= + − − − −

1 1( ) ( )( )σ   (1)

where

k
V M r T t

T t
F v

v

=
+ − −

−
ln( / ) ( / )( )1 2 2σ

σ
,   (2)

and

S = current market value of the stock,
V = current market value of the firm,
M = face value of the debt,
rF = the risk-free rate of interest,
σ v = the instantaneous variance of the return on the firm’s assets,
t = current time,
T = maturity date of the debt,
N 1 (.) = univariate cumulative normal distribution function.

In this model, the risk neutral probability held today that the value of the firm will be
greater than the face value of the debt at the future date T, or V MT ≥ , is N k1 ( ).   Thus the risk
neutral probability that the firm will be insolvent6 and default (RNPDM) on its debt obligation at
date T for the Merton model is:

RNPD N kM = −1 1 ( )            (3)

                                                          
6 In this simple model default and insolvency are equivalent.  Also, in this paper we do not consider the effects of
payouts, either coupons or dividends.  In another paper concerned with converting risk neutral probabilities to actual
default frequencies we do examine the effects of these payouts on the probability estimation.
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This risk neutral default probability is forward-looking and might be considered an
“expected” default frequency conditional on the firm’s current value, leverage, volatility, debt
structure, and the market risk-free interest rate. 7  If a firm has a more complex liability structure
on its balance sheet than simply one issue of pure discount bonds, then the Merton model does not
directly apply.  However, with some loss of generality in the Merton model, a single liability can
be constructed by repositioning the value of the firm’s multiple liabilities to the duration of those
liabilities.  Alternatively, one might consider the actual multiple liabilities using Geske’s
compound option approach described in the next section.

2.2 Geske Model

Geske (1979) generalized the Black-Scholes option pricing model by using Merton’s
framework that if stock is an option on the asset’s of the firm, then an option on stock is an option
on an option, or a compound option.  Geske (1977) also extended Merton’s simple balance sheet
of one pure discount bond and only one option to default by allowing for multiple options to
default on short term debt, junior or subordinated debt, coupon payments, amortizing debt,
sinking funds, safety covenants, and other possible promised or restricted payments.

Consider a firm that has both long term and short term debt.  Assume that the long term
debt, M2, matures at date T2, and the short term debt, M1, matures at date T1, where T2 ≥  T1.  If at
date T1 the value of the firm, VT1

, is greater than the face value of the short term debt, M1, plus the

market value of the long term debt at T1, B T2 1
, then the firm is not bankrupt and can refinance.

This is equivalent to the statement that the value of the stock at date T1, after paying off the short

term debt, M1, is positive.8 Thus, there is a critical value of the firm at date T1, V T

_

1
, that satisfies

the following equation:

 V M B M V S M V V N k T T M e N kT T T T T v
r T T

T

F

1 1 1 1 1 1

1 2 1
1 2 1 1 2 2 1 2 2= + = + − = + − + − + − −( ) ( )( )σ    (4).

A refinancing assumption is reasonable because firms generally do not pay off their short
term debt without refinancing since that would dramatically shrink the value of the firm and
increase the probability of default on the remaining debt.  Furthermore, this refinancing condition
has the additional realism that it forces the firm to cross default on all its debt at once if it is
insolvent.9

Thus substituting the solution for the terminal boundary problem into the intermediate
boundary condition and solving for the value of the stock today yields the following equation:

S VN k T t k T t M e N k k M e N kv v
r T t r T tF F= + − + − − −− − − −

2 1 1 2 2 2 2 1 2 1 1
2 2 1 1( , ; ) ( , ; ) ( )( ) ( )σ σ ρ ρ    (5)

                                                          
7 Here we sometimes refer to risk neutral default probabilities as expected default frequencies since they may forecast
actual default frequencies.  A similar concept is discussed in KMV’s Credit Monitor Overview.
8 The value of the stock at T1 after paying off M1 is given by equation (1).  Instead, either  no refinancing or
refinancing with short and long term debt could be modeled, but evaluation would generally require numerical
analysis.  Refinancing keeps the firm process continuous.  See Geske (1977) and Black and Cox (1976).
9 Also, the Geske model need not collapse to the Merton model even when there is no short term debt M1 paid out and
refinanced at T1 if there still remains a solvency condition on the value of the firm at T1.  See Black and Cox (1976),
p. 362, and Geske (1977) for further discussion.
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where, with the notation given above, plus ρ = − −( ) / ( )T t T t1 2 , and N2( ) is a bivariate

cumulative normal distribution function with the following integral limits:

tT

tTrVV
k

v

vF

−

−−+
=

1

1

2

1

_

1

))(
2
1

()/ln(

σ

σ      (6)

)(

)()
2
1

()/ln(

2

2

2

22

2 tT

tTrMV
k

v

vF

−

−−+
=

σ

σ .      (7)

Since Merton (1973) has solved the option pricing problem when the term structure of
interest rates is stochastic, we could examine the risk structure with a stochastic term structure.
Equations (1) and (5) would be the same except we would replace the discount factors by
riskless discount bonds that pay one dollar at the appropriate date in the future and replace the
firm variance with a generalized variance which includes the variance of the interest rates and the
covariance between the interest rates and the firm.

In this simple version of the Geske model there are two options to default.  Thus the
following risk neutral probabilities of default can be computed: (1) the Total or joint probability
of defaulting at either date T1 or date T2; (2) the Short probability of only defaulting on the short
term debt at date T1; and (3) the Forward probability held today of defaulting on the long term
debt at date T2, conditional on not defaulting on the short term debt at date T1.  The Total
probability10 of defaulting at both date T1 or date T2 is:

RNPD N k kTT
= −1 2 1 2( , ; )ρ .                 (8)

The Short probability of defaulting on the short term debt at date T1 is:

RNPD N kGS
= −1 1( ) .                             (9)

The Forward probability of defaulting on the long term debt at date T2, conditional on not
defaulting on the short term debt at date T1, is:

RNPD
N k k

N kGF
= −1 2 1 2

1

( , ; )

( )

ρ
.                 (10)

Thus, this simple version of the compound option approach to the balance sheet provides a
term structure of default probabilities which includes a Short, Total and Forward risk neutral
default probability.  More generally, with more than two default opportunities, the Geske model
                                                          
10 This is a bivariate or joint probability of either not being able to refinance at T1, or refinancing at T1 but not being
able to payoff the long term debt at T2.   This bivariate probability can be easily evaluated numerically.
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can provide a more complete term structure of spot and forward default probabilities.  However,
this simple version may capture some of the short term cash flow problems created by fluctuations
in current liabilities and other short term debt, which we show constitute a significant portion of
many firms’ debt obligations.

2.3 Model Implementation

As the debt maturity T increases, the Merton risk neutral default probability will converge
in the limit to either 0 or 1, depending on whether the interest rate, rT , is greater or less than

1 2 2/ σV , respectively.  The Geske Total default probability will not converge to 0 or 1 as the long
term debt maturity increases because of the positive probability of defaulting on the short term
debt.

Both the Merton equation (1) and the Geske equation (5) for the stock price contain the

same two unknowns11, V and σv . In addition, the Geske model requires VT1

_

, which can be found

directly by solving equation (4).  To solve for V and σv  in both models, we need the following
well-known additional equation relating the volatility of an option to the volatility of the
underlying asset:

σ
∂
∂

σs v

S

V

V

S
= .                  (11)

Given data on the firm’s stock price, the number of shares outstanding, the face value and
maturity of the liabilities, and the term structure of interest rates, we can solve both Merton and

Geske models for V, σv , and VT1

_

. The solution to both models requires a numerical algorithm

to search for the parameters such that equations (1) and (11) for the Merton model, and equations
(4), (5) and (11) for the Geske model are satisfied.

2.4 Risk Neutral Preferences, Probabilities, and Term Structures of Default Probabilities

Risk neutral default probabilities are closely tied to the actual default probabilities because
they serve as an upper bound, they have the same sensitivities, and they may be more accurately
estimated.  To understand this recall the risk neutral argument of Cox and Ross (1976) provides
an original alternative to solving derivative valuation problems.  Instead of formulating the
problem as solving a partial differential equation, they formulated it as solving an integral
equation.  Their main idea was if utility preferences and the expected return on the underlying
asset are not relevant for solving the derivative pricing problem, then any set of preferences and a
consistent drift would work.  They showed that the problem was simplified by assuming risk
neutral preferences and thus a drift for the underlying asset equal to the risk free rate.  However,
the actual variance of the underlying asset would still be relevant for pricing derivatives regardless
of the drift.

                                                          
11 The actual estimation will produce different values for V and σv  depending on the model used.   
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The risk neutral argument offers not only an alternative valuation approach, but also
provides a deeper understanding of option models.  The “probabilities” in the Black-Scholes
formula do not represent the actual probability of being above or below the strike price at
expiration.  Since the underlying asset is risky it does not actually drift at the risk free rate.  At any
terminal boundary the center or mean of this risk neutral terminal distribution will not be the mean
of the actual distribution, even though the variance of the risk neutral distribution is the variance
of the actual distribution.  The probability of being above or below any exercise boundary at
expiration is termed a “risk neutral probability” because the underlying asset is assumed to drift at
the risk free rate.  In order to convert these risk neutral probabilities to actual probabilities, the
expected return of the underlying asset must be estimated.  However, it is well known that
expected returns on equities are estimated with significant error.  Because risk neutral
probabilities of default (RNPD) can be calculated without estimating the firm’s expected return,
RNPD may be more accurately estimated than actual default probabilities.

Also, the RNPD will generally serve as an upper bound to the actual probability of default
(APD).  Option pricing theory requires investors to be greedy, but not necessarily risk averse.
Thus, the underlying asset can be overpriced, underpriced, or fairly priced and still be consistent
with the option approach.  However, for the purpose of this paper we make the more usual and
stronger assumption for pricing non-derivative assets (such as the firm) that investors are risk
averse.  Thus, the expected return on the firm must exceed the risk free rate to avoid arbitrage.
Then, it follows immediately, given two lognormal terminal distributions fully characterized by
the first two moments, if the variances are the same, then for any required payment at maturity,
the distribution with the smaller mean will have the higher default probability.  Since the actual
and risk neutral distributions of the firm have the same variance and the actual distribution must
have a mean greater than the risk free rate, then the risk neutral distribution will have the larger
default probability.   The actual and risk neutral default probabilities will be equal only if the
underlying asset is expected to grow at exactly the risk free rate.  Thus, we have the following
inequality:

APDRNPD ≥ (12)

Finally, the RNPD and the APD will have the same sensitivities to the variables which
effect the option value.  Thus, both measures of the default probability will be increasing in the
face value of debt and the volatility of the firm’s assets, will be decreasing in the value of the firm
and the risk free interest rate, and can be increasing or decreasing in the maturity of the debt.12

The term structure of default probabilities could be interesting for examining the changing
credit structure of either individual firms, industries, or the whole economy.  Thus, a term
structure of default probabilities could contain information about the business cycle.  A default
term structure will contain both unconditional and conditional probabilities of default where the
conditioning is on having or not having previously defaulted.  Also, forward default probabilities
contain information about credit arbitrage, and a negative forward default probability would imply
a credit arbitrage opportunity.

                                                          
12 Here we assume that the firm’s risk premium is independent of the risk free rate, and thus if the risk free rate
increases, the expected return on the firm must increase.  However, the actual default probability will be decreasing in
the expected return on the firm, while the risk neutral default probability is independent of this expected return.
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Typically, the term structure of unconditional default probabilities should be upward
sloping because the probability of default over a specific time horizon increases with time.13

However, the term structure of default probabilities would be inverted when the Short term
default probability is greater than the Forward default probability.  This may occur whenever the
firm has a high probability of defaulting in the short term, but if it can survive through the next
year and payoff its short term obligations, then the firm’s default probability might decline.  In
this situation, the Forward default probability would be less than the Short term default
probability. For example, using equations (8), (9), and (10), a firm with a Total default probability
of 0.6 and a Short term default probability of 0.5, would have a Forward default probability of 0.2.

The next section describes the sources and construction of the data necessary to estimate
the risk neutral default probabilities.

                                                          
13 While the slope of the unconditional default probability term structure should be positive, the slope of the
conditional default probabilities (for example, one year conditional), holding credit rating and risk constant, could be
positive, zero, or negative.  However, allowing the credit rating (risk) to increase (decrease), then the forward
conditional default probabilities could decrease.
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3. The Data

3.1 The Data Sources and Organization

The three sources of data used in this paper are Compustat, CRSP, and DRI.  The
Compustat database provides quarterly observations of each firm’s capital structure and Standard
and Poor’s ratings. The Center for Research in Security Prices, (CRSP) data base provides the
daily stock price data.  Data Resources Incorporated, (DRI), provides monthly data on the term
structure of interest rates

Every quarter for the past 12 years, the quarterly Compustat tapes report the Standard &
Poors (S&P) rating for a representative issue of a company’s debt.  We use this composite rating
as a proxy for the rating of all of the company debt.14  The S&P rating system is comprised of 27
categories, where the first represents non-rated (NR) firms, and the next 26 represent credit levels
from highest “AAA” to the lowest default, “D”.  We assign an integer value to each rating class
from a 2 (AAA) down to a 27 (D).  The credit event of interest is changes in a firm's credit rating
which are measured by the numerical difference between the rating before and after the event date.
The resulting rating changes will all be integer values.  However, with quarterly rating data the
event date is actually a three month event window, and we do not know exactly when the rating
change occurs within a quarter.

First we collect every firm that has a valid non-default rating and use this as our market
baseline sample.15   Next we collect all the firms that have experienced a rating change between
any two adjacent quarters and use this as our event sample.  This includes firms that have changed
ratings to default, but not firms that change rating to or from “not available or NA”16 or firms
which change rating from default.  For firms that change credit rating, we collect a time series of
data starting 8 quarters (24 months) prior to the event and extending through the quarter of the
event.  This provides a total of 9 quarterly observations for each firm.  .

The other Compustat data items required are the firms' liability structure and maturity.
Here we use the annual Compustat tapes to determine the maturity of the liabilities and then apply
these maturities to the quarterly observations of the firms liabilities.  This way we get quarterly
updates of the balance sheet while getting a finer measure of the liabilities maturity.  The annual
Compustat tape divides total liabilities into current liabilities, debt due in years 1,2,3,4, and 5,
long term debt, deferred taxes, minority interest, and other long term liabilities.  We assume that
the maturity of current liabilities is 6 months and that the maturity of all other liabilities as 10
years unless explicitly stated, as is the case for debt due in 1,2,3,4,and 5 years.  Additionally, in
order not to overstate short term debt, we reduce accounts payable by the liquid current assets of
cash, marketable securities, and accounts receivable.

Then, for the Merton model, which allows only one liability maturity, we use Macaulay
duration to reposition the face value of the firm’s multiple liabilities to a single duration for all the
liabilities.  For the Geske model, we designate current liabilities and debt due in one year as short
term liabilities, and total liabilities minus short term liabilities as long term liabilities.  We then
                                                          
14 Hite and Warga (1997) also find that using one representative rating per company may be sufficient given the cross
default provisions in most corporate debt.
15 In this study we examine firms that move into default, but not firms that move out of default.
16 This is a small number of firms, but may cause a slight bias if distressed firms are not rated.
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compute the duration for both the short term liabilities, T1, and the long term liabilities, T2.   The
face values are then taken from the quarterly Compustat tapes.  The short term liability, M1, is
equal to the current liabilities plus the debt due in 1 year, and the long term liabilities is equal to
the total liabilities less the short term liability, both with the netting of accounts payable.    

During the period 1987-1996, we use DRI for interest rates to obtain an appropriate time
series of discount factors from government bills, notes, and bonds corresponding to each
Compustat debt maturity during each month over the entire sample.17

For each quarterly Compustat observation, we collect from CRSP the stock price and
shares outstanding for the month beginning that quarter and for two subsequent months.  We also
calculate the stock volatility over the previous 60 trading days prior to each monthly observation.
Thus, the CRSP daily frequency of stock price changes allows us to construct a monthly time
series of the firm’s value, volatility, and leverage changes, assuming that the firm’s debt
obligations and rating does not change during the quarter.

Given the monthly stock price and estimated stock volatility (CRSP), the relevant face
value and duration of each firm’s balance sheet (Compustat), and the relevant interest rate (DRI),
we can solve equations (1) and (11) for the Merton model’s estimate of MV  and 

MVσ and

equations (4), (5), and (11) for the Geske model’s estimates of GT VV ,
_

1
 and 

Gvσ .

Next, a monthly time series of RNPD from both models is computed for all Compustat
firms rated by Standard and Poors.  For each quarterly observation, 3 RNPD are computed using
the monthly stock and volatility data.  While the number of firms in our sample ranges from 597
in 1987 to 947 in 1996, on average there are 668 firms each year.  Since there are 120 months and
on average 668 firms, we compute over 80,000 RNPD for the Merton model and over 240,000
RNPD for the Geske model.

Hereafter, the Merton and Geske models are referred to as the M and G models,
respectively.  In the next section we discuss the firm credit data in more detail.

3.2 Firm Credit Data: Credit Classes, Rating Migrations, and Migration Magnitudes

In this section we examine the Standard and Poors’ rating classes and rating migrations
during the period 1986-1996.  We also present and compare leverage ratios, firm volatility, and
risk neutral default probabilities for both the M and G models during this time period.

Table 1, Panel A, shows the number of firms in each rating category from AAA to B18,
while Panel B shows the percent of the total sample that each rating category comprises, for the
years 1986 through 1996.  For example, during this time period the percent of firms rated either
AAA, AA, or A dropped from 44.8% of the sample in 1986 to 33.8% in 1996, while the firms
rated either BBB, BB, or B rose from 55.2% of the sample in 1986 to 66.2% in 1996.  This is

                                                          
17 Since there is no 4 year note, we use an average of the 3 and 5 year note for the 4 year rate.
18 The B category includes all firms rated B or below.
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consistent with the notion that the average quality as measured by ratings of US Corporate issuers
has declined during this period.19

Table 2, Panel A reports the number of credit migrations by rating and by year, and Panel
B reports the number of rating changes by magnitude and by year, where “+” denotes an upgrade,
“-” denotes a downgrade, IG denotes investment grade (classes AAA, AA, A, BBB), and NIG
denotes non-investment grade (BB, B and below).  Panel A again support the idea that credit
quality as measured by Standard and Poors’ rating has declined during the period 1986-1996,
since there have been 19% more downgrades (895) than upgrades (752).

Table 2, Panel B reports the number of credit migrations by magnitude and by year. We
report this because if the market has information about an impending rating change, then there
may be more information in large rating changes.  For example, a change of +1 could indicate a
migration from B- to B, while a change of -3 could indicate a migration from AA to A.  Changes
greater than -3 could be from AA to A-, but it could also be from AA- to D.  While large
magnitude rating changes (greater than +/- 3 classes) do not occur very frequently in our sample
(less than 10 per year either up or down in all years but one), large downgrades of magnitude -3 or
more (total 130) occur about 3 times more frequently than large upgrades of magnitude +3 or
more (total 50).20

The investment grade classes exhibit substantially more downgrades (581) than upgrades
(363), while the non-investment grade classes exhibit slightly more upgrades (389) than
downgrades (314).  Furthermore, the investment grade classes show more than three times as
many quasi-large downgrades (194 greater than -1) than quasi-large upgrades (63 greater than +1),
while these same magnitude changes are more balanced for the non-investment grade firms (133
up >1; 136 down <-1).

These first two tables indicate that if there is more information in larger rating migrations,
then since downward migrations exhibit more large changes than upward migrations, research
may find both more statistical and economic significance in the downgrade sample.21

Tables 1 and 2 show that the number and percent of AAA and AA firms is small relative
to the other rating classes, and also that their number of rating migrations is very small relative to
the other classes.  Thus, it may make sense to examine the larger samples of investment grade and
non-investment grade firms.22

Table 3 has three panels of information about the investment grade and non-investment
grade firms.  Panel A presents the event transition rate, which is the percentage of investment
grade and non-investment grade firms out of the total sample that migrated up or down.  For
example, for investment grade firms, on average 8% per year migrate up and 12% migrate down,
while for non-investment grade firms, on average about 16% per year migrate up and 13% migrate
down.  Thus, non-investment grade firms exhibit about twice the rate of migration (39%) (either

                                                          
19 Blume, Lim, and MacKinlay (1997) also find this result in their data and question whether this decline in quality is
myth or reality.
20 Since no AAA- class exists, a downgrade from AAA to AA+ represents a -2 magnitude change.
21 Hite and Warga (1997) study of bond rating changes and bond price performance supports this notion.
22 Rating migrations between IG and NIG may contain more information since that particular rating change alters the
composition of possible buyers because some investors are restricted to holding only IG credits.
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up or down) as investment grade firms (20%).  Also, as might be expected,  investment grade
firms are more likely to migrate down while non-investment grade firms are more likely to
migrate up.

Table 3, Panel A, also has the magnitude weighted event transition rate.  This number
weights each up and down migration by the size of the change.  This magnitude weighted
transition rate shows that on average the non-investment grade firms have not only more frequent
but also larger rating changes than the investment grade firms.  This data also indicates that the
magnitude weighted transition rates are about equal for up (0.243) and down (0.244) rating
changes for the non-investment grade firms, while the investment grade firms have much larger
magnitude weighted transition rates for downward moves (0.182) than for upward moves (0.097).

Table 3, Panel B illustrates the median theoretical debt to firm value and implied firm
volatility for the M and G models for the years 1987 through 1996 for the entire baseline sample.
As might be expected, we see that both models indicate non-investment grade firms have more
leverage than investment grade firms.  Both the M and G models indicate investment grade firms
have on average about 33% leverage during this period, while non-investment grade firms have on
average 45% and 49% leverage, respectively.  The M and G models have the same average
theoretical annual firm volatility of 0.17 for investment grade firms this decade.23  For non-
investment grade firms the M and G models annual firm volatility is 0.274 and 0.234,
respectively, suggesting that non-investment grade firms exhibited on average about 45-55% more
expected volatility than investment grade firms during the time period 1987-1996.  Both models
also indicate that investment grade and non-investment grade firms had the highest expected or
implied volatility the year of the stock market crash, and the lowest implied volatility during the
years preceding  the 1990-1991 Bush recession.

The median risk neutral probabilities of default (RNPD) for the period 1987 through 1996
are shown in Panel C of Table 3.  As described in section 2, the G model produces a term
structure of default probabilities, here labeled the Total, the Short, and the Forward RNPD, while
the M model produces just one RNDP.  Recall that the three G model probabilities represent the
Total probability of defaulting on both the short term and on the long term obligations, the Short
probability of defaulting only on the short term obligation, and the Forward conditional
probability of defaulting on the long term obligations if the firm does not default on the short term
debt.

First note that the average median risk neutral default probabilities over the decade 1987-
1996 for the M and G models for investment grade firms is 2.1% and 1.0%, respectively, while for
non-investment grade firms this same comparison of the M and G models reveals 22.6% and
10.9%, respectively.  Thus, during this time period the M model exhibits higher risk neutral
default probabilities than the G model.  This difference arises primarily from three sources: 1)
given the known variables, the solutions to the M and G models for the unknown firm value and
volatility are different; 2) the G model considers two debt obligations and refinances the short

                                                          
23 This average firm volatility may seem high compared to the average volatility of the S&P 500 stock portfolio, but
that comparison is not valid.  The average volatility of the S&P reflects diversification, while this is simply a weighted
average of each firm volatility.



15

term debt with equity, while the M model has only one debt obligation; and 3) both models’ risk
neutral default probabilities are sensitive to the treatment of short term assets and liabilities.24

Also note that both the M and G models indicate that the year of the stock market crash
exhibited the highest risk neutral default probability for both the investment grade firms (10.5%
and 7.2%, respectively) and the non-investment grade firms  (29.6% and 20.5%, respectively).
However, for non-investment grade firms the G model’s Short RNDP indicates that the expected
defaults over the next 6-12 months was as high during and immediately after the “Bush” recession
of 1990-1991 as during the year of the crash (0.006).

For the baseline sample of firms, the term structure of risk neutral default probabilities
from the G model is upward sloping on average for both investment grade and non-investment
grade firms during the period 1987-1996.  This can be seen by comparing the G Short RNPD to
the Forward RNPD.  This default probability term structure appears to be the steepest for both
investment grade and non-investment grade firms in 1987, while it appears to be the least steep in
1989.

Figure 1 illustrates graphically both the levels and the differences in the risk neutral default
probabilities during this decade for the entire baseline sample of firms.  For both models, the
highest risk neutral default probabilities are reached after the stock market crash25 and during and
after the Bush recession for all firms. The G model’s Short term default probabilities are generally
much less than the other default probabilities.  In a later table it is shown that this is not the
always the case for specific firms a few months prior to actual default.

                                                          
24 In another paper (1998) we analyze these sensitivities in detail, compare the risk neutral default probabilities to
Moody’s actual default frequencies, and discuss the default risk premium.
25 There is some induced persistence in the monthly firm volatility since the monthly stock volatility is computed
using the previous 60 daily stock returns.
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4. Results From Risk Neutral Default Probabilities

4.1 Information in Risk Neutral Default Probabilities about Rating Migrations

Here we investigate the changes in the time series of risk neutral default probabilities
before a credit migration.  If the market is efficient and the model is able to extract the market
information, then the risk neutral probabilities of default from the option model may reveal the
increasing or decreasing credit risk prior to the actual change in the Standard and Poors rating.

Therefore, we examine and report the median default probabilities (“Raw”) for investment
grade and non-investment grade firms 24 months before the event.  It is thought that those firms
that are downgraded (upgraded) will exhibit an increase (decrease) in the risk neutral default
probability before the event, when measured relative to other firms of the same rating that do not
change rating category.

4.1.1  Graphs

Figure 2a illustrates the event study graphically for the sample of all rating downgrades,
for both investment grade firms and non-investment grade firms, and for both the M and G
models.  In the top graph, the investment grade firms Raw M model RNPD appears to move up
and away from the baseline RNPD at about 12 months prior to the downgrade event. This
indicates these firms exhibit increasing credit risk as measured by the risk neutral probability of
default prior to actually being downgraded.

Recall that the baseline is the median risk neutral default probability for a matched sample
of firms with the same contemporaneous rating.  At the event window, when each downgraded
firm receives a new rating category, if this firm is to be compared to firm’s with similar ratings,
then the base rating must also change to the new average rating of the re-rated firms.  Thus, after
the event window the difference between the Raw and Base RNPD should approach zero. The
persistence of a difference may indicate that the actual rating change did not fully reflect the
market’s future expectations, or a difference in rating methodologies..

Figure 2a shows that the G model also exhibits noticeable differences between the Raw
and the Base RNPD months prior to the event for the Total, Short and Forward RNPD’s.
Furthermore, for both models, significant differences between the Raw and the Base RNPD seem
to appear earlier for the non-investment grade firms when compared to the investment grade
firms.

Figure 2b illustrates graphically these same risk neutral probabilities of default for both the
M and G models for all rating upgrades.  Here, if the market is efficient and the models can reveal
the market information, we would expect the Raw RNPD for the upgraded firms to decrease
below the Base RNPD prior to the upgrade event.  It appears that both the M and G models reveal
information about the impending upgrade, in some instances perhaps 24 months prior to the
upgrade event.  However, the graph of the G model’s Short RNPD does not appear to contain
significant information for the investment grade firms.  This is probably because the investment
grade firms (AAA-BBB) are already difficult to distinguish because of their low default
probabilities, and an upgrade implies a further reduction in this probability.
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We conjecture that the magnitude of a rating change may reflect the amount of information
about the credit worthiness of a corporation and the dollar value of the corporation’s debt.  Thus,
perhaps a larger upgrade or downgrade event would contain more information.  Thus, Figures 2c
and 2d illustrate rating changes of 2 or more rating categories, up or down.  Figure 2c does appear
to illustrate that the market and model are able to detect the larger downgrade events earlier for
both investment grade and non-investment grade firms, with both the M and G models.  However,
for the larger upgrade event, Figure 2d seems to indicate that while there is noticeable early
information  in the RNPD, it does not appear to be as strong or consistent as in the sample of
upgrades of 1 or more rating categories.

4.1.2  Tables and Statistics

The statistical tests are based on whether our event sample differs significantly from the
baseline sample.  Since the RNPD’s are not normally distributed and are skewed, we adjust the
event sample with the median of the baseline instead of the mean.  Thus, we take the monthly
differences between the “Raw”, or unadjusted RNPD, of the firms that will migrate and the
contemporaneous median of the larger baseline sample of all firms in the same rating class, which
includes those that migrate and those that do not migrate.  The median of these differences are
called the adjusted RNPD and labeled “Med”. Then, on these differences we report the following
statistics, the percent positive (%+) for upgrades and the percent negative for downgrades (%-),
and  a non-parametric sign test (p-value) on Med, and the number of  firms each month. The
sample sizes vary based on data availability, conditional sampling, and parameter convergence.

Table 4 is a summary page of statistics for the sample of all downgrades using the M
model.  The table covers both investment grade and non-investment grade firms and the
conditional and unconditional samples.  This table is one of 16 such possible tables representing
all combinations of event magnitudes (all or rating changes of more than 1 rating category),
migration direction (up or down), and model selection (M or G-short, total, forward).  The data is
presented for 2 years or 24 months prior to the event quarter and through the 3 month event
window

The sample sizes are large, ranging between 413 and 563 investment grade firms, and 192
to 297 non-investment grade firms.   Some of these firms experience more than one downgrade
prior to the event date.   These firms with multiple downgrades may experience more dramatic
changes in their RNPD.  Thus, in the columns labeled “Investment Grade, Conditional” and
“Non-Investment Grade, Conditional”, we look back two years and condition the sample so that
none of the firms experience any downgrades prior to the event.  This conditioning reduces the
monthly sample sizes of firms available during the 27 month period for investment grade to
between 273 and 297 firms, and for non-investment grade to between 104 and 121 firms.

Table 4 indicates that with the M model, for investment grade firms, the differences in
RNPD between the downgraded firms and the baseline firms are significant at the 99%, 95% and
90% levels 10, 11 and 12 months prior to the event, respectively.  However, when the sample is
conditioned for no previous downgrades, as in the “Investment Grade, Conditional” group, the
significance at the 95% and 90% levels occurs 1 and 5 months prior to the event, respectively.

For the non-investment grade firms the RNPD are higher.  At 2 years, or 24 months, prior
to the event window, the Raw RNPD is 11.8%, and the Med is 0.3%, close to zero as expected.
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However, one month before the event, the Raw RNPD for the downgraded firms rises to 36.8%,
and the Med rises to 14.7%.   These differences are significant at the 99%, 95% and 90% levels
18, 19 and 22 months prior the downgrade event window, respectively.   Once again, when the
sample of non-investment grade firms is conditioned for no previous downgrades, as is the “Non-
Investment Grade Conditional” group, the significance at the 95% and 90% levels occurs 9 and 13
months prior to the event, respectively.26

Instead of presenting 15 other tables for the M and G models, Table 5a summarizes Table
4 and all the other possible tables, using one summary row for each possible table.27  Thus, in
Table 5a the columns present the following information: 1) the model (M or G), 2) the rating
category (IG or NIG), and 3) the magnitude of the rating migration (D-1, D-2, U-1, U-2).  Then,
for “All Events” and for the “Conditional” events, we present the number of months prior to the
event that the  Med  is significantly different from zero at the  95% and  90% levels, and the
number of observations.28

This summary table illustrates that one or both of these models is able to detect all
unconditional rating migrations months before the event.  The event with apparently the least
detectable information is for the investment grade firms that exhibit upgrades of 2 or more rating
categories.  This may not be surprising because for investment grade firms there are very few
firms that have rating upgrades of 2 or more rating categories.  In fact, when comparing the
number of firms exhibiting rating upgrades to the smaller number of firms exhibiting rating
upgrades of 2 or more rating categories, we find the sample size is reduced from 351 firms to 62
firms, respectively.  Thus, the smaller sample significantly reduces the power of the non-
parametric test.

Table 5a also shows that when the sample of events is conditioned for no previous
migrations during the prior 24 months, the sample size of available firms is significantly reduced.
This reduced sample size reduces the power to statistically detect Med differences, and thus the
number of months of early detection of the coming event is generally reduced.   However, there
are a few instances where this conditioning does not change the early detection, and in one case,
for the non-investment grade firms experiencing rating changes of up 1 or more rating categories
(NIG, U-1), conditioning on no previous rating changes actually improves the early detection for
the M and G Short RNDP’s.

Table 5a seems to indicate that with both models the larger risk neutral probabilities of
default of the non-investment grade firms do not contain earlier information about rating
migrations than those of the investment grade firms.  Furthermore, all these risk neutral default
probabilities do not seem to detect the rating downgrades any earlier than they detect the rating
upgrades.  These default probabilities, in general, seem to detect  the impending larger rating
migrations of down or up 2 or more rating categories later than they detect these same migrations
with the down or up 1 or more rating category added to the sample.  Perhaps this is because of the
increased sample size and added power.

                                                          
26 In Table 4 and in the following tables, these test statistics assume independence in the time series of default
probabilities.  The events themselves are independent.  However, there are more firms than events, and thus there may
be some overlap in the stock prices of the event samples.  Because of common market factors in the stock prices, these
events may not be completely independent, and thus these test statistics may overstate significance.
27 The more detailed tables are available.
28 The number of observations reported is the maximum over the 24 months prior to the event.
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Table 5b is a summary of Table 5a where the criteria is to indicate which risk neutral
default probability detects the impending rating change the earliest.  Both the M and G models are
well represented, and the M model seems to do better for the investment grade firms, while the G
model seems to do better for the non-investment grade firms.29 For the G model, the Short default
probability appears to perform better for the non-investment grade firms, especially for the
downgrades, while the Total and Forward default probabilities seem to perform better for the
investment grade firms that upgrade.  For the conditional sample, the M model seems to perform
better for the upward rating migrations, while the G model seems to do better for the non-
investment grade downward rating migrations.

If the Med risk neutral default probabilities are actually increasing (decreasing) during the
24 months prior to the rating downgrade (upgrade) as Table 4 and the Figures 2a-2d seem to
reveal, then perhaps a Cox-Stuart paired sign test for trend in the data series could detect whether
the trend is significant.  Table 6 examines the trend in the M and G default probabilities for both
the investment grade and non-investment grade firms and for each class of rating downgrade and
upgrade.

A time series of observations is said to exhibit an upward (downward) trend if the
magnitudes of the later observations tend to be greater (less) than the magnitudes of earlier
observations.  The downgraded firms should exhibit positive trend, and the upgraded firms should
exhibit negative trend.  Table 6 presents the number of positive pairs (24 months=12 pairs), and
the associated p-value with the 5% cutoff set at .95 for positive trends and .05 for negative trends.
In the analysis of the upward trend in the risk neutral default probabilities for those firms which
will be downgraded, the M model shows significant positive trend in 7 of the 8 cases at the 95%
level.   Only for the investment grade down 2 or more rating categories is the M model not
significant at the 95% level, but even this is significant at the 90% level.  The G model also shows
7 of the 8 downgrade cases are significant at the 95% level for the Total and Forward RNPD, and
the only case which is not significant is the non-investment grade down 2 or more rating
categories.  The G Short RNPD shows significant trend at the 95% level in 6 of the 8 cases, and
only the two conditional investment grade downgrade cases are not significant.

The analysis of the downward trend in the risk neutral default probabilities for those firms
that will be upgraded again shows that the M model is significant in 7 of the 8 cases at the 95%
level for 7 of the 8 rating upgrade cases.  Only the unconditional investment grade firms upgraded
by one or more rating categories is not significant at the 5% level, and even it is significant at the
10% level.  For these firms experiencing rating upgrades, the G model’s Short RNPD is
significant at the 95% level in all 8 cases.  However, the G model’s Total and Forward RNPD
show significant downward trend in 5 of the 8 cases.   The G Short RNPD again appears to detect
significant information, that is then removed from the Forward and diminished in the Total
RNPD.

                                                          
29 However, these model differences in statistical significance of early detection of a rating change are slight, and do
not imply that one model is better than the other for a particular class of firms.
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4.1.3  Ex-Post versus Ex-Ante Information

The above event study examines whether the available market information and a particular
model can reveal information about the impending rating change prior to the event.  Alternatively,
without knowing ex-ante which firms are going to experience rating migrations, we could test
whether each model calibrated with available market information is able to forecast which firms
in any specific rating category are more likely ex-post to experience a rating migration.  In this
section, we examine 16 rating categories, ranging from AAA, down to B-.

Obviously, the probability of a particular firm in a specific rating category being upgraded
or downgraded is not necessarily equally likely for any one rating category, nor would it be the
same across all rating categories.  For example, the probability of a AAA firm being upgraded is
zero, and its probability of being downgraded is positive, while the probability of a BBB firm
being upgraded or downgraded is positive, nor is it necessarily the case that the probability of a
downgrade is equal for a AAA or BBB firm.   However, if we randomly divide all firms in each
rating category into three equal groups, then for large samples and without any additional
information we would expect an equal number of firms from each of the three groups to be
upgraded, downgraded, or stay the same.  Alternatively, if we use the additional information of
each model’s risk neutral probability of default to divide the firms into three categories based on
High, Medium, and Low default probabilities, then we might expect more firms in the High (Low)
group to be downgraded (upgraded) than firms in the Low (High) group.

Tables 7a and 7b illustrate precisely this idea for the M and G models, respectively, using
the G model’s Short risk neutral default probability.   Table 7a, Panel A, examines the M model
looking 2 quarters ahead to see which firms migrate either up, down, or stay in the same rating
category, while Panel B answers the same question looking 4 quarters ahead.  In Panel A, we
compare the downward rating migrations of those firms that have High RNPD to those firms that
have a Low RNPD, for each of the 16 rating categories.  We find that firms with a High RNPD
migrated down more than did firms with a Low RNPD.  The Down p-value indicates that these
differences are significant at the 95% (90%) level in 15 (16) of the 16 possible rating categories.30

Similarly, when looking 2 quarters ahead at firms that migrated up, those firms in the
group with Low RNPD had many more firms migrate up than those firms in the group with High
RNPD in 13 of the 15 rating categories (the AAA cannot migrate up).   The Up p-values indicate
that these differences are significant at the 90% level for 12 of the 13 cases.  The results for the G
Short model show a similar pattern.  Looking two quarters ahead, the High group migrated down
more than the Low group in all 16 cases with 15 of the 16 cases showing statistical significance at
the 90% level.  For upgrades, 14 of the 15 Low groups had more upgrades than the High group
with 12 of the 14 being statistically significant at the 90% level.

                                                          
30 Since these p-values are based on differences and because most stocks are positively correlated, these p-values
actually understate the significance.
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These results are very similar when looking 4 quarters ahead instead of 2 quarters ahead
for both the M and the G models.  Also, looking both 2 and 4 quarters ahead, firms in the high
RNPD group experienced more downgrades (for all rating categories) than in the low RNPD
group.  Also, in 14 of the 15 rating categories where it is possible to experience an upgrade, more
firms in the low RNPD group were upgraded than in the high RNPD group.

These tests indicate that risk neutral default probabilities from option models might be
used in a fixed income investment strategy revealing which corporate bonds to buy or sell.  Such a
test would ideally require a more precise identification of the event date and actual daily prices of
traded corporate bonds.  However, most corporate bond data bases utilize matrix bond prices31

because these bonds are illiquid.

4.2  Information in Risk Neutral Default Probabilities About Migrations to Default

In this section we examine the behavior of the risk neutral default probabilities of the
group of firms in our sample that actually migrated down to a default rating.   In our data set of
firms on Compustat with ratings by Standard and Poors this is a small sample of firms.  Initially,
we had 13 firms that defaulted during the 1987-1996 time period and had sufficient CRSP and
Compustat data.  However, when we eliminate those firms that do not have sufficient
observations or for which the models do not converge, we are left with an even smaller sample of
8 firms at the event date.

In Table 8, which is similar to the previous Table 4, we report results for both the M and G
models 24 months prior to the quarter of the default event and 3 months during the default event.
For both the M and the G models, we report monthly numbers for the Raw risk neutral default
probability, the median adjusted default probability 32, the percent of these differences that are
positive, the sign test p-value, the average rating of the defaulting firms, and the number of
monthly observations.

For the M model, Table 8 shows that 24 months prior to default 4 of these firms have a
median Raw RNPD of 32.8 %, which differs from the median of each cohort baseline by 0.42%,
and the average rating of these firms is 15.5 (which is between B+ and B).  The raw RNPD rises
from 32.8% to 83% in the last month before the event.  Because this small sample is not
conditioned on having no previous rating changes in the prior 24 months, the average firm rating
has dropped to 20.3 (which is between CCC and CCC-).  Also, just before the default event there
are 7 and 8 firms in the M and G samples, respectively.  The median adjusted default probability
has increased to a maximum of 41.6% 3 months prior to the event and is 17.6% one month prior
to the event.  The sign test on this difference for the M model is “significant” at the 95% level 8
months prior to the event, however caution should be taken in interpreting the significance due to
the small sample size.

In Table 8 the G model’s RNPD shows behavior similar to the M model.  However, the G
model’s Short RNPD appears to be more consistent.  This Short Raw RNPD is between 0% and
2.3% during the period 24 months and 9 months prior to the default event.  Then this Short RNPD
                                                          
31 Corporate bonds are not liquid and matrix bond prices are constructed.  Matrix bond prices are prices that are
adjusted and interpolated from other bond trades or quotes of bonds of similar rating, maturity, and coupon.
32 Here the cohort is B- for all ratings below B- due to data limitations.  Thus, the median adjusted probability  will be
overstated.
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increases monotonically up to 54.3% one month prior to the event.   The Short median adjusted
default probability also increases from near zero up to 54.1% one month before the default event.
The sign test for the G model’s Short median adjusted RNPD is significant at the 99% level 7
months prior to the event, however this significance should also be interpreted with caution due to
the small sample size.

The G model’s Short risk neutral default probability appears to indicate a significant
probability of defaulting within 6-12 months of the event.  This is consistent with the duration of
the short term liabilities which was about 7 or 8 months.  In fact, as the Short default probability
rises, the term structure of default probabilities actually flattens 5 months before default, and then
inverts 2 months before the default.  Note that in the final month before the default event the Short
probability (54.3%) actually rises to be above the forward probability (32.9%).

The G model’s Short default probability seems to add additional information to the
analysis of default risk, both about the timing of an impending default stemming from problems
with current liabilities and about the shape of the term structure of default probabilities.
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5. Conclusion

This paper has used the option models of Merton and Geske and market data to estimate a
ten year time series of risk neutral default probabilities for between 600 and 1000 firms during the
period 1987-1996.  Then the relation between these default probabilities and the events of rating
migrations up, down, and to default are analyzed using the changes in Standard and Poors
composite ratings reported quarterly by Compustat.  It is found that both the Merton and Geske
models produce default probabilities which indicate that the market anticipates these impending
rating changes and defaults months prior to the actual event with considerable statistical
significance.  It is also found that both models do about equally well for investment grade firms
which have lower default probabilities as for non-investment grade firms which have higher
default probabilities.  Both models also appear to as well with rating upgrades as with rating
downgrades, and large rating changes do not necessarily have more or earlier significance than
smaller rating changes.  However, conditioning the sample on no rating changes 24 months prior
to the event reduces the sample size, the statistical power, and the significance of early migration
detection by the changes in these risk neutral default probabilities. This is the typical event study
which examines whether a joint test using only the available market information and a particular
model can reveal information about the impending rating change prior to the event.  Alternatively,
without knowing ex-ante which firms are going to experience rating migrations, we test whether
each model calibrated with available market information is able to significantly forecast for any
specific group of firms, which ones are more likely ex-post to experience a rating migration.  We
find that both the Merton and the Geske model produce default probabilities that are capable of
forecasting which firms are more likely to experience a future rating migration.  The Geske
model, which incorporates multiple default opportunities,  produces a term structure of default
probabilities.   The Geske Short probability, which reflects the tendency to default on current
liabilities and short term debt appears to contain significant information about impending rating
migrations and default.  In fact for the default cases, which is a much smaller sample, the term
structure of default probabilities inverts prior to the default event, and the Short default
probability rises above the Forward default probability two months before the actual default.
Finally, since both the rating migrations and defaults are detected months before the actual events
and thus they do not appear to be surprises to the market, default may be as well or better modeled
as a diffusion process than as a Poisson event.
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Figure 2a
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Figure 2b
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0.0%

0.5%

1.0%

1.5%

2-1-4-7-10-13-16-19-22

Raw Base

GeskeTotal, IG Up >=1

0.0%

0.2%

0.4%

0.6%

2-1-4-7-10-13-16-19-22

Raw Base

GeskeShort, IG Up >=1

0.00%
0.00%
0.00%
0.00%
0.00%
0.00%
0.00%

2-1-4-7-10-13-16-19-22

Raw Base

GeskeFwd, IG Up>=1

0.0%
0.1%
0.2%
0.3%
0.4%
0.5%

2-1-4-7-10-13-16-19-22

Raw Base

Merton, NIG UP>=1

0.0%

5.0%

10.0%

15.0%

20.0%

2-1-4-7-10-13-16-19-22

Raw Base

GeskeTotal, NIG Up >=1

0.0%

2.5%

5.0%

7.5%

10.0%

2-1-4-7-10-13-16-19-22

Raw Base

GeskeShort, NIG Up >=1

0.00%

0.00%

0.00%

0.00%

2-1-4-7-10-13-16-19-22

Raw Base

GeskeFwd, NIG Up>=1

0%
2%
4%
6%
8%
10%

2-1-4-7-10-13-16-19-22

Raw Base



Figure 2c
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Figure 2d
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