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Abstract

We provide an ex-ante forecasting model for aggregaterecovery

rates. Summarizing the literature on recovery rates, there is a variety

of factors consideredto have in°uence on recovery rates of loans and

bonds. In empirical works there has been strong evidence that re-

coveries in recessionsare much lower than during phasesof economic

expansion. Following Altman et al. we include the businesscycle and

macroeconomicvariables in order to forecastaggregaterecovery rates

of the next year. As main input the model usesthe CBOE market

volatilit y index that provides very good results in ex ante forecastsin

the US bond market.

Keywords: Business Cycle, Recovery Rates, Multiple Regression,

CBOE Volatility Index
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1 In tro duction

Until the end of the 1990sresearch on recovery rates was rather limited.

While on modeling default risk of bondsor loansthere wasa great variety of

models, the other main component of credit risk, recovery rates or lossgiven

default (LGD) was more or lessneglected.One reasonfor this may be that

averagerecovery rates of bonds or loans have experiencedlower variation

than default rates. In a study by Altman et al. (3) the averagerecovery

rate was about 40% through the yearswith a standard deviation of 27:7%

while averagedefault rates rangedfrom 0; 16%in 1981to over 10 percent in

1990and 1991for the US high yield market. However, in the last ¯v e years

there hasbeenan increasingamount of research on recovery rate estimation.

In the new Basel capital accord (Basel I I) one of the major input variables

in the internal rating based(IRB) approach is the recovery rate of a loan

(5). Especially the advancedIRB approach of Basel I I leaves a bank quite

a high amount of °exibilit y to determine the recovery rates for a loan. This

could be consideredas a motivation for a bank usethe more advancedIRB

approach and provide an own sophisticatedmodel for LGDs.

Summarizingthe literature on recovery rates, there is a variety of factors

consideredto have in°uence on recovery rates of loans and bonds. For a

reviewon di®erent approachesto recovery rate modeling we refer to TrÄuck et

al. (25). Next to factors like priorit y in the capital structure, presenceand

quality of collateral or industry, it is widely acceptedthat the businesscycle

and macroeconomicfactors play a decisive role in measuringLGD. This was

con¯rmed by studies of Carey (6), SchÄurmann (22) or Altman et al. (3).

However, many of the surveys conducted in the literature investigated the

connectionbetweendefault and recovery ratesfor the sameyear. The models

werenot particularly designedfor the issueof forecastingrecovery rates but

rather for illustrating the link betweenaggregatedefault and recovery rates.

In this paper wewill follow anotherphilosophy and provide an ex ante ap-

proach to forecastingyearly averagerecovery rates using information about

the businesscycleand macroeconomicvariables. Section2 givesan introduc-
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tion to changesof averageyearly recovery rates through time and business

cyclee®ects.Specialfocusis seton the work by Sironi et al. (23) and Altman

et al. (2). Section3 describesthe entering variablesand its assumedin°uence

on one-year aheadrecovery rates. In the fourth sectiona multiple regression

model for aggregateyearly recovery rates is developed. We provide empir-

ical results on the multiple regressionmodel in forecastingMoody's issuer

weighted aggregaterecovery rates. Section5 concludes.

2 Recovery Rates and Business Cycle E®ects

In empirical works there has been strong evidencethat recoveries depend

on the state of the businesscycle. Carey (6), concentrating on private debt

portfolios found that especially for risky loans recessionshave an enormous

impact on the distribution of recovery rates. According to his ¯ndings this

is especially true for the tails of the lossdistribution. While for investment

grade loans the cyclical e®ectis rather small, he found that loss rates for

subinvestment gradeloansduring a recessionaremore than 50%higher than

during an expansionof the economy. Figure 1 illustrates the variation of

aggregaterecovery rates through time based on Moody's issuer weighted

recovery rates for corporate loansfrom 1982-2003.

Hu and Perraudin (16) investigatedrecoveriesand aggregatedefault rates

through the cycle and found that correlations in Unites States are between

¡ 0:2 and ¡ 0:3 - the higher numbers were reached when only the tails as

the more decisive part of the distribution for risk management were consid-

ered. Theseresults were also con¯rmed by Altman et al. (2) who found a

high negative correlation betweenrecovery ratesand aggregatedefault rates.

Finally, SchÄurmann (22) provides clear evidenceon the di®erent shape of

the probability densitiesof recoveriesacrossthe businesscycle, investigating

Moody's data from 1970 to 2003. His ¯ndings for the changesin recovery

rates during recessionand expansionperiods are displayed in table 2.

It is obviousthat recessionsbring with them many moreinstancesof worse
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Figure 1: IssuerWeighted Recovery Ratesfor Corporate Loans(1982-2003),

Source:Moody's KMV

Mean Std. Dev. 25% 50% 75%

Recessions 32.07 26.86 10.00 25.00 48.50

Expansions 41.39 26.98 19.50 36.00 62.50

Whole Sample 39.91 27.17 18.00 34.50 61.37

Table 1: Recoveriesacrossthe businesscycle for all issuers(Moody's, 1970-

2003)

Mean Std. Dev. 25% 50% 75%

Bank Loans 63.10 21.83 47.50 65.50 81.50

Bonds 49.52 26.56 28.00 44.75 72.00

Bonds excl. ETCs 53.31 28.31 28.00 54.38 79.75

Table 2: Recoveriesfor SeniorSecuredLoansand Bondsacrossthe business

cycle (Moody's, 1970-2003)
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recoveries: the averagerecovery rate and the meanrecovery rate is about 10%

lower during recessionsthan during expansions. Further, SchÄurmann (22)

¯nds that during expansionsrecovery values are more evenly distributed.

Most of the published research treats recoveriesof bonds rather than loans.

Of course,the main reasonfor this fact is that recovery rates for loans are

hardly available. Sincebanksare expectedto monitor the evolving ¯nancial

health of the obligor in their loan portfolio, onewould expect to have higher

recovery rates for loans, if all other factors (industry, businesscycle, etc.)

being equal. This assumption should be reinforced by the fact that loans

usually are more senior in the capital structure. In SchÄurmann (22) this

assumption is con¯rmed by an empirical investigation. The results for his

analysis using Moody's data for Senior SecuredDebt on recovery rates by

instrument type are displayed in table 2.

Altman et al. (2) provide an extensive study on correlations between

yearly averagerecovery ratesand probabilities of default (PDs). They exam-

ine historic bankruptcy data for evidenceof correlation betweenthe recovery

rate and the PD. At the time Altman et al. published their report many

major credit-VaR-modelsstill basedon the assumptionof independencebe-

tweenPDs ad LGDs. Therefore,Altman et al. provided empirical evidence

on the correlation betweenthesetwo ¯gures and showed the impact of this

correlation on credit Value-at-Risk. Therefore,they comparedthree scenar-

ios with deterministic recovery rates, stochastic recovery rates independent

of the probability of default and stochastic recovery ratescorrelatedwith the

probability of default by running Monte Carlo simulations. The results of

the simulation were unambiguous. Expected losses,VaR and standard er-

rors were approximately equal for the scenarioswith deterministic recovery

rates and independencebetweenthe risk factors. However, they wereabout

30 percent higher for the scenariowith correlated defaults. Therefore,VaR

models assumingindependencebetween the probability of default and loss

given default clearly underestimate the expected credit loss. The authors

further showed that recovery rates are driven by demandand supply on the
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market for distressedbonds. They performed univariate and multiple least

squareregressionsdetermining the recovery rate and the log of the recovery

rate using United Statesmacroeconomicand microeconomicindicators.

In their study they ¯nd that taking the logarithm of bond default ratesas

exogenousvariableexplainsabout 60percent of the variation of the logarithm

of bond recovery rates. Additionally , alsomacroeconomicfactors are able to

explain someof the variation of recovery rates. But unfortunately, the best

of the ¯v e macroeconomicfactors was still worsein explaining the variation

in the recovery rate than the worst of the six bond market variables.

In the multiple regressioncase,the resultsare improved to valuesof R2 of

approximately 90%,which canbeconsideredto beextraordinarily high. Also

the signsof the coe±cients in the regressionwereas intuitiv ely predicted by

the assumedeconomicrelationship betweenthe variable and averageyearly

recovery rates. Thus, Altman et al. show a signi¯cant negative correlation

between the number of defaults as well as the probability of default and

recovery rates. However, their model is not very useful for forecastingfuture

recovery rates which is of major interest for a risk management framework.

In an update of their ¯rst model, Altman, Brady, Resti and Sironi (3)

also perform ex-ante recovery rate estimation. For this purpose they use

recovery rate predictions of Moody's for the global speculative grade issuer

default rate for the upcoming year. The model yields an R-squareof 0,39

when implementing it in a multiple regressionmodel what is considereda

remarkable result for aggregateforecastingrecovery rates. Basedon these

results in the sequelwe will develop a multiple regressionmodel to forecast

aggregateyearly recovery rates in the US bond market usingmacroeconomic

variables,credit spreadsand a stock market volatilit y index.

3 Entering Variables

In this sectionwe will describe the variablesentering our regressionmodels

for ex-ante recovery rate forecasts.On the onehand the regressionfollowsthe
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work of Altman et al. (2), (3). We alsousecyclical macroeconomicvariables,

historic market pricesof bonds,indicesderived from market pricesand lead-

ing ¯nancial indicators. On the other hand weprovide an approach especially

designedfor estimating future recovery rates basedon thesemacroeconomic

data only. Therefore,we will leave out the default rate of the sameyear as

exogenousvariable. However, in our ex ante model prior year'sdefault rates

will be consideredto forecastrecovery rates of the next year.

Unlessotherwisestated all the data usedis from the US bond markets as

historical data for the Europeanmarket is still hard to ¯nd. The regressand

has beenthe value weighted recovery rate provided from Moody's KMV for

defaulted US corporate bonds, which has been chosen, becauseit can be

consideredto be really closeto a recovery rate index. Figure 2 shows the

high variation of value weighted recovery rates through the years1982-2003.

In the introduction we already took a ¯rst glanceat issuerweighted recovery

rates - we ¯nd that aggregateissuerand value weighted recovery show very

similar behavior.
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Figure 2: Value Weighted Recovery Rates for Corporate Loans(1982-2003),

Source:Moody's KMV
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Variable Notation Expected Sign

annual value weighted bond recovery rate AV RRt ¡ 1 +

annual issuerweighted bond recovery rate AI RRt ¡ 1 +

annual default rate AD Rt ¡ 1 -

annual US high yield default rate H YDRt ¡ 1 -

weekly spreadson investment grade bonds AAS , AS, etc. +

grosssupply of high yield loans GSH Yt ¡ 1 -

grosssupply of investment grade bonds GSI t ¡ 1 -

grosssupply of ¯xed rate bonds GSF Rt ¡ 1 -

net supply of ¯xed rate bonds N SF Rt ¡ 1 -

net supply of ¯xed rate bonds N SF Rt ¡ 1 -

national purchasing manager index N OM I t ¡ 1 -

CBOE volatilit y index V I X -

Table 3: Selectionof tested variables for ex ante recovery rate regression

models.

The exact recovery rate is di±cult to calculate becauseof extra-regular

after-default payments and the uncertainty regarding the departure from

bankruptcy or liquidation. Thus, Moody's de¯nes the market prices of dis-

tressedbonds 30 days after the default event divided by the par-value as a

proxy for the recovery rate. It shouldbe pointed out that the issuerweighted

recovery rate is in somepart a more arti¯cial measure,as large and small

companiesdefaulting are assignedthe sameweight. This is regardlessof the

di®erent economicdamage(credit loss) their default in°icts on an average

investor's portfolio.

Table 3 givesan excerpt of the consideredvariables. In addition to the

variablesdispayed there, further macroeconomicvariableslike GDP, working

output per hour etc. weretested. We point out that in our regressionmodel

stock market returns were not included. In Altman et al. (2) correlations

betweenstock market index returns like S&P 500 and recovery rates could

not support signi¯cant explanatory power for this variable.
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In the sequelwewill emphasizesomeof the consideredvariableslikecredit

losses,credit spreadsetc. according to their anticipated e®ecton average

yearly recovery rates.

The default rate of speculative grade issuedbonds is assumedas a ma-

jor input variable for the regressionmodel. Defaults in the non-investment

gradesectorshould determinethe future stanceof high yield bond investors

towards buying speculative grade bonds and especially as well as towards

holding distressedbonds. If investment losseson speculative bond portfolios

rise in percentage terms, we should assumethat a higher risk premium will

be demandedalsoin°uencing non-investment gradecredit spreads.Further-

more, investorsmight be willing to sell distressedbondsat a lower rate and

be lessinclined to invest in funds buying distressedbonds.

Assumingcapital markets to be at least approximately e±cient, market

pricesof bondsare supposedto include good estimateson future credit risk.

The classof intensity basedcredit risk models more or lessis basedon this

assumptionand often credit spreadsare usedto adjust historical migration

matrices to market prices, e.g. (18). Hence,we included credit spreadsof

bondsasan explainingvariablealsofor future recovery rates. The knowledge

of informed investors priced in market spreadsshould re°ect the current

expectations about future default rates adequately. The credit spreaddata

was derived from the di®erencebetween US treasury yields from US bond

yields for di®erent maturities.

According to Altman et al. (2), the total grossand net amount of ¯xed

coupon bonds issuedin the market a®ectsthe total amount of outstanding

debt. As a consequenceit should also in°uence the supply demandbalance

of distressedbondsasa major driver of recovery rates. As nearly all defaults

happen from speculative credit rating, the supply of high yield bonds of

companieswith a low credit standing could materially a®ectthe amount of

distressedbonds. A further e®ectcould be observed in the 1980s,whenhigh

yield bondswerevery popular and not ascritically evaluated by investorsas

before. This led to a burst of low quality high yield bondsat the end of the
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1980sin the USA and to a substantial drop in recovery rate values.

Another economicindicator stemsfrom the institute of supply manage-

ment. As a classicalmacroeconomicvariablethe monthly national purchasing

managerindex was used. The index for the manufacturing sector is based

on surveys at regional purchasing managersacrossthe USA. At the stock

market it is regardedasoneof the most signi¯cant early predictors of future

economictrends.

The last regressorvariable consideredin the model is the volatilit y in-

dex (VIX) of the Chicago Board of Options Exchange (CBOE). In 1993,

the CBOE introduced the most widely recognizedindex for stock market

volatilit y calculated on the basis of the implied volatilit y of index options

on the S&P 500. The underlying computation methodology for the VIX has

changedon September 22, 2003and we will usethe valuesderived from the

new pricing model. The index is basedon the CBOE index options on the

S&P 500 with similar expiration characteristics. It usesa modern volatilit y

trader standard formula giving as result the volatilit y of a synthetic S&P

500 option exactly at the money with a maturit y of 30 calendardays. The

CBOE introduced several derivative products basing on the VIX in March

2004. For the exact calculation of the index we refer to the documentation

that can be found under http://www.cboe.com/micr o/vix/vixwhite.p df.

Wepoint out that asa generalrule the volatilit y riseswhenthe stock mar-

kets turn bearish,as stock priceshistorically tended to fall faster than they

climbed. A possibleinterpretation is that up to a certain degreethe nervous-

nessof the option market participants is re°ected in the implied volatilit y of

the index. The VIX is often referredto as"the investorfeargauge",following

Whaley (27).

Data for the VIX is available since 1990 on a daily basis. For our re-

gressionmodel we usea moving averageof di®erent length between30 days

and oneyear. The best results are obtained using a six-month moving aver-

ageof the VIX. The smoothed time serieswith a six-month moving average

comparedto the original time seriesis displayed in ¯gure 3.
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Figure 3: CBOE Market Volatilit y Index, six-month moving averageand

original time series,01.01.1990-31.12.2003

4 A Multiple Regression Mo del for Recovery

Rate Forecasting

4.1 Univ ariate Regression Results

Starting with an univariate regressionmodel wetest a variety of variablesand

their abilit y to provide information on future recovery rates. Data on issuer

weighted and value weighted recovery rates were available for a time period

from 1982to 2003.Unfortunately someof the consideredexogenousvariables

were available from 1990only. Hence,the model is estimated for recovery

rates from 1991-2003.For annually updated variablesthe valuesin year t ¡ 1

are used for the estimation of year t aggregaterecovery rate. If monthly,

weekly or even daily data is available moving averagetechniquesare usedto

determinethe forecastingpower of the consideredvariable. Table 4 provides

a summary on the most signi¯cant variablesfor the univariate regression.

Due to the outstanding results of the CBOE volatilit y index we will give

10



Variable R2 ¯ 0 ¯ 1

AV RRt ¡ 1 0.475 14.12 0.672

AI RRt ¡ 1 0.391 13.17 0.729

AD Rt ¡ 1 0.301 50.35 -4.78

H YDRt ¡ 1 0.426 51.08 -2.306

AAS 0.57 38.88 0.755

GSH Y 0.755 56.49 -0.083

GSI 0.330 58.28 -0.0379

GSF R 0.433 52.24 -0.0429

V I X 0.812 78.96 -1.929

Table 4: Results for univariate ex ante regression.

a brief explanationon the choiceof the moving averagewindow for the index.

The variable is available on a daily basisback until 1990. It exhibits high

volatilit y with daily jumps of over 10 percent not being unusual. Therefore

a moving averagetechnique for the regressoris usedto be applicable to an

annual regressandlike the averageyearly recovery rate. An interesting result

is that the actual prognosticpower is the highestwhen looking at the values

at a time of about 0.5 yearsafter the start of the recovery rate's predecessor

year. Low recovery rates in the ongoing year were historically anticipated

by high volatilities in stock options in the prior year. This is consistent

with the idea that high volatilit y mirrors the nervousnessof investorsabout

future events and that often a high level of nervousnessanticipates a period

of economicweakness. The value of R2 was 0.812when looking at equity

market volatilities half a year after t ¡ 1 using a moving averageof a six

month period.

4.2 Results for the Multiple Regression

After testing the variables in an univariate model we conduct a multiple

regressionanalysis. Due to the fact that only 13 data points for the average
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recovery rate could be usedfor estimation we imposedsomeconstraints on

the estimatedmodel in order to prevent over¯tting. Weallow for a maximum

number of three regressorsin the estimated model. Composite indices like

the products or other functions of two regressorsare not considered.Further

for daily available data like VIX or observed credit spreads,the minimum

averaging period is one month, in order to smooth the curves and prevent

short-term °uctuations to impact annual ¯gures too much.

The gross supply of high yield bonds is available as an annual ¯gure

since 1991. Since this was the variable in the univariate model giving the

secondbest ¯t, we perform ex ante regressionfor averageyearly recovery

rates starting in 1991 and 1992. Furthermore it is tested, whether using

the VIX averagedover one year instead of 6 months yields better results

when mixing it with other regressors.We ¯nd that the results for regression

models starting in 1991 were best using a model with two variables using

the 6-month averagedVIX and 1 year moving averageAA+ spread. We

obtain values of R2 = 0:853 for ex ante regression. The exact regression

parametersand test results can be found in table 5 . When calculating the

valuesfor the regressionof the 1992-2003recovery rates the VIX remainsthe

most signi¯cant factor. Using supply of high yield bonds, the secondbest

univariate linear regressorand additional the AA+ credit spreadswe obtain

an R2 = 0:854. Testing alsomultiple modelswith more than three variables

somemodelsareableto improve the R2 valuesto a level of R2 > 0:9, however

only when 6 regressorsare usedfor only 13 regressanddata-points. Due to

over¯tting risk for the model, these results were excluded. For all models

with the restrictions mentioned earlier in this sectionnot including the VIX

variable, R2 remainsbelow 0.80.

4.3 Recovery Rates for Individual Rating Classes

It shouldbepointed out that the estimateson recovery ratesobtainedby this

method are one-year forecastsbasedon global recovery data from Moody's.

However, there is also an in°uence of the rating of a company before the

12



¯ 0 ¯ 1 ¯ 2 R2

Coe±cient 74.88 -1.756 0.169 0.853

Std. Errors (5.360) (-1.756) (0.116)

t statistic 13.97 -6.715 1.456

Table5: Coe±cients for multiple ex ante regressionwith variablesVI X (¯ 1)

and AAS (¯ 2).

1 year 2 year

Aaa n.a. n.a.

Aa 95.4 62.1

A 51.3 47.1

Baa 43.3 42.3

Ba 37.3 40.3

B 35.9 35.0

C 28.4 22.4

Investment Grade 46.2 44.5

Speculative Grade 34.6 33.9

All Issuers 35.7 35.4

Table 6: Moody's Senior UnsecuredIssuer-Weighted Mean Recovery Rates

for ratings oneyear and two yearsprior to default.

company defaults. The in°uence was illustrated e.g. in an empirical study

by Varma et al (26). In table 6 averagerecovery rates for the di®erent rating

classesaredenotedfor a time horizononeyearand two yearsaheadof default.

The results are basedon an extensive study by the rating agencyMoody's

covering the years1982-2003.

It should be noted that the 95:4 recovery rate from the Aa rating class

cannot be consideredasa reliableestimate. It seemsasif this estimatestems

from a very low number of defaults, maybe even a single default. A better

estimatefor Aa rated companieswould probably rather be the recovery rates
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two yearsprior to default. Also for the Aaa rated issues,therewasnot a single

default to observe one or two years prior to default. A possibleestimator

for the individual rating class recovery rate ^RRi;t basedon the aggregate

recovery rate forecast ^RRt could be:

^RRi;t = ^RRt ¢
¹RRi

¹RR
(4.1)

with ¹RRi and ¹RR denoting the averagerecovery rates in rating classi

and the overall averagerecovery rate through the consideredtime period. Of

course,other adjustment methods are possible. If more information about

seniority grade of the issueis available also such data should be included.

For further in°uence on individual recovery rates of a loan, seeGupton and

Stein (13), (14).
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Figure 4: Fit of ®-Stable and GaussianDistribution to Returns of VIX
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4.4 Simulation of Risk Factors

For forecastingand simulating future recovery rates it is necessaryto have a

correct simulation model for the model variables. Consideringthe entering

variableswe alsoinvestigatewhether the assumptionof normally distributed

returns for the variablesare justi¯ed or whether phenomenalike heavy tails

and excesskurtosis can be observed alsofor the volatilit y index. For various

applications of the alpha-stabledistribution we refer to Rachev and Mittnik

(21). Figure 4 illustrates stable and Gaussian¯t to the volatilit y index for

the period from 01.01.1990-31.12.2003.We ¯nd that returns of the variable

VIX exhibit heavy tails, high kurtosis and obtain a signi¯cantly better ¯t to

the index. For applications like CDO pricing wherealsosimulation of future

recovery ratesmay play an important role this issueshouldnot be neglected.

5 Conclusions and Future Work

In this paper we developed a multiple regressionmodel basedon macroeco-

nomic variables that can be used for aggregaterecovery rate ex-ante fore-

casting. Following Altman et al. (2) we suggestedthe businesscycle and

macroeconomicfactors to play an important role for LGD values. As main

input the model usedthe cyclical variable of CBOE market volatilit y index

that provided surprisingly good results in ex ante forecastsof yearly average

recovery rates in the US bond market. ForecastingMoody's issuerweighted

1992-2003recovery rates amodel with the additional variable if investment

grade AA+ credit spreadswe obtained R2 = 0:854. Due to the considered

time horizon of only 13 yearswe proposeto reestimatethe model regularly

when more data is available. Since in the suggestedmodel only aggregate

yearly recovery rates were estimated, we also suggesteda simple procedure

for recovery rate adjustment for individual rating classes.We point out that

the good forecastingresults suggestthe capability of macroeconomicvari-

ablesto indicate future aggregaterecovery rates. However more research on

this topic will be necessaryin the future.

15



References

[1] Alessandrini, F. (1999). Credit risk, interest rate risk, and the business

cycle. Journal of Fixed Income9 (2).

[2] Altman, E., Resti, A. and Sironi, A. (2001). Analyzing and Explaining

Default Recovery Rates. A Report Submitted to The International

Swapsand DerivativesAssociation.

[3] Altman, E., Brady, B., Resti, A. and Sironi, A. (2003). The Link be-

tweenDefault and Recovery Rates: Theory, Empirical Evidenceand

Implications forthcoming in Journal of Business.

[4] Bangia, A., Diebold, F., Kronimus, A., Schagen, C. and and Schuer-

mann, T. (2002) Ratings Migration and the BusinessCycle, with

Application to Credit Portfolio StressTesting. Journal of Finance

and Banking, 26:445-474.

[5] BaselCommittee on Banking Supervision (2003). The new BaselCap-

ital Accord, Third Consultative Document., Bank of International

Settlement.

[6] Carey, M. (1998), Credit Risk in Private Debt Portfolios. Journal of

Finance,53(4), 1363-1387.

[7] Carty, L., LiebermanD. and Fons,J.S. (1995).Corporate Bond Defaults

and Default Rates1970-1994.SpecialReport. Moody's InvestorsSer-

vice.

[8] Carty, L. and Lieberman D. (1996). Corporate Bond Defaults and De-

fault Rates1938-1995.Special Report. Moody's InvestorsService.

[9] Carty, L. (1997). Moody's Rating Migration and Credit Quality Corre-

lation, 1920-1996.Special Comment. Moody`s InvestorsService.

[10] Fama, E. (1965)The behaviour of stock market prices.Journal of Busi-

ness38, 34-105.

16



[11] Fons, J.S, Cantor, R., Mahoney C. (2002). Understanding Moody's

Corporate Bond Ratings and Rating Process.Special Comment.

Moody's InvestorsService

[12] Gordy, M.B. (2000), A Comparative Anatomy of Credit Risk Models.

Journal of Banking and Finance24.

[13] Gupton, G.M. and Stein R. (2002) LossCalc: Moody's Model for Pre-

dicting LossGiven Default (LGD) , Moody's Investor Service.

[14] Gupton, G.M. and Stein R. (2005)LossCalcv2: Dynamic Prediction of

LGD, Moody's KMV.

[15] Helwege,J. and Kleiman, P. (1997). Understanding aggregatedefault

rates of high-yield bonds.Journal of Fixed Income7 (1).

[16] Hu, Y. and W. Perraudin (2002), The Dependenceof Recovery Rates

and Defaults. CEPR working paper.

[17] Jafry, Y. and und Schuermann,T., (2005)Measurement, estimation and

comparisonof credit migration matrices. forthcoming in Journal of

Banking and Finance,2005.

[18] Jarrow, R.A., Lando, D., Turnbull, S.M. (1997).A Markov Model for the

Term Structure of Credit Risk Spreads.Reviewof Financial Studies

(10).

[19] Kronimus, A. and C. Schagen, (1999), Credit Quality Dynamics: Im-

plications for Credit Risk Assessment and Management, Oliver,

Wyman & Company Research Working Paper.

[20] Nickell, P., Perraudin W. and Varotto, S. (2000) Stabilit y of Rating

Transitions Journal of Banking and Finance,24, 203-227.

[21] Rachev, S.T. and Mittnik, S. (1999)StableParetian Modelsin Finance.

John Wiley and Sons.

[22] Schuermann,T. (2004).What Do We Know About LossGiven Default?

in Shimko (ed) Credit Risk Models and Management, 2nd edition.

Risk Books.

17



[23] Sironi, A., Altman, E., Brady, B. and Resti, A., (2002) The Link Be-

tween Default and Recovery Rates: Implications for Credit Risk

Modelsand Procyclicality. Working Paper.

[24] TrÄuck, S. (2005). A BusinessCycle Approach to Rating BasedCredit

Risk Modeling., PhD Thesis, Institute of Statistics and Mathemati-

cal Economics,University of Karlsruhe.

[25] TrÄuck, S., Deidersen, J., Niebling, P. and Rachev, S.T. (2005) Loss

Given Default und Recovery Rates - Eine EinfÄuhrung in Modernes

Risikomanagement, Wiley.

[26] Varma,P., Cantor, R. Hamilton, D. (2003).Recovery Rateson Defaulted

Corporate Bonds and PreferredStocks, 1982-2003, Moody's Special

Comment.

[27] Whaley, R. (2000).The Investor Fear Gauge.Journal of Portfolio Man-

agement 26 (2000), 12-17.

18


