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1 Introduction

In credit risk management transition matrices have become maj inputs for
risk management, credit VaR and derivative pricing. This is aonsequence
of the strongly increased popularity of rating based models farredit risk
evaluation and management in the last decade.

On the one hand side this popularity is due to the straightforwalness of the
approach: The models use the rating of a company as the decisiagiable
when it comes to evaluate the default risk of a bond or loan. Heacthey
avoid several of the di culties of the structural models, Merta (1974), like
determining a company's value or volatility.

Also the upcoming new capital accord (Basel Il) encourages banko base
their capital requirement for credit risk on internal or extenal rating systems
(Basel Committee on Banking Supervision, 2001). With Basel llhe Bank of
International Settlements (BIS) aims to strengthen risk mangement systems
of international nancial institutions. A vast majority of int ernational operat-

ing banks will use the so-called internal-rating based apprdad¢o determine

capital requirements for their loan or bond portfolios (Detsche Bundesbank,
2005). Thus, assigned ratings and corresponding default probiiies but also

the probabilities for rating changes will be determinants foa bank's credit

risk management. Thus, to calculate VaR gures especially foniernal loan

portfolios a main input will be an adequate transition matrixfor the bonds or
loans.

Unfortunately, due to cyclical behavior of the economy, credspreads and
migrations are not constant through time. Helwege and Kleimarf1997) as
well as Alessandrini (1999) have shown that default rates and dié spreads
clearly depend on the stage of the business cycle. Nickell et &000) provided
insight that probability transition matrices of bond ratings also vary with the

state of the economy. By separating the economy into two states pegimes,
Bangia et al. (2002) show signi cant di erences in the loss disiioution of

credit portfolios. Further investigating the issue, Track and Rachev (2005b)
show that such changes in migration or default behavior throungtime lead

to substantial e ects on risk gures for credit portfolios. Krager et al. (2005)
analyze time homogeneity and Markov behavior of an internahting system

and nd signi cant changes in credit migration matrices thraugh time. Thus,

to measure and forecast changes in migration behavior as wedl determining

adequate estimators for transition matrices can be considerad a major issue
in rating based credit risk modeling.

Still, despite the obvious importance of recognizing the inget of business
cycles on rating transitions, the literature is rather sparse othis issue. The



rst model developed to explicitly link business cycles to ratig transitions

was in 1997CreditPortfolioView (CPV) by Wilson (1997b) and McKinsey
and Company (1998). Belkin et al. (1998b) as well as Kim (19p@se a one-
factor model whereby ratings respond to business cycle shifts. &lmodel is
extended to a multifactor credit migration model by Wei (203). Nickell et al.

(2000) propose an ordered probit model which permits migrath matrices
to be conditioned on the industry, country domicile and the bsiness cycle.
Finally, Jarrow et al. (1997) and Lando (2000) provide numécal adjustment

methods for migration matrices to obtain risk neutral migraton matrices being
in line with market credit spreads.

The focus of this paper is to compare two of the most common amaches
for conditioning credit migration matrices. The one-factomodel implemented
in the CreditMetrics framework will be confronted with numerical adjustment
methods for migration matrices initially suggested in the franework by Jarrow
et al. (1997). We will investigate the in-sample and out-of-saphe performance
of these models in prediction of conditional credit migratio matrices subject
to business cycle e ects.

The paper is set up as follows. Section two reviews several medsdor ad-
justing credit migration matrices to business cycle e ects suggted in the
literature so far. Section three describes the considered dasad methods
that were used in order to condition migration matrices to mameconomic
variables. Section four provides empirical results on foresting transition ma-
trices and interpretation of those results. Section ve conchlles.

2 Conditioning Migration Matrices to Business Cycle E ects

In this section we will review some of the approaches on adjusgirmigration
matrices to the business cycle. As it was mentioned above, ongw methods
have been suggested in the literature so far. The rst model of itdnd was the
so-called macro-simulation approach by Wilson (1997b) that isnplemented
in CreditPortfolioView (McKinsey and Company, 1998).

2.1 The CreditPortfolioView Model (CPV) by Wilson

In the macro simulation approach by Wilson (1997b) a time seriemodel for
the business cycle is used to forecast a macro-economic indexeThdex is
then used to determine conditional default probabilities ath migration ma-
trices. Finally, the forecasted migration matrices are used ffsimulation of
future portfolios migrations, default behavior and credit \AR.



Let Y;: be the macro-economic index for rating clagsat time t. Yj; is derived
from a multi-factor time-series model of the form:

Yie = got paXjpuet peXpzet Dt jm Xgmp o+ Vi )

According to the model the indexYj; is dependent on economic variables;
with k = 1;:;; m wherev;; represents an error term. The error termvj; is
interpreted as the index innovation vector and assumed to bedependent of
the X and identically normally distributed, v;; N(O; j)orv; N(O; ).

The macroeconomic factorsX;y are assumed to follow an auto-regressive
process of order 2 (AR2):

Xikt = jkot jk1Xjkt 1+ jk2Xjkt 2% Gt (2)

Here Xi: 1 and Xj;; » denote the lagged values of the variabl¥; , while
€t denotes an error term that is assumed to be i.i.d, i.e. N(0; ¢, ). The
author points out that a alternative strategies may include a ARMA (p; Q)
or a vector autoregressive moving average model. However, thdependently
AR(2) model was chosen due to its simplicity.

Obviously, based on parameter estimates for equations (1)-@)nacro-economic
index also for future periods can be estimated. This index carelused to de-
termine conditional default probabilitiesp;; for rating classj in periodt. The
author suggests a logit model of the form:

— 1 .
T 1l+e Vi

Pt (3)

Finally, for estimation of the conditional migration matrix a shifting proce-
dure is used that redistributes the probability mass within edt row of the
unconditional migration matrix (Wilson, 1997a). The shift operator is written
in terms of a matrix S = fS; g and the shift procedure is accomplished by

Pcond = (I + S)puncond (4)

where denotes the amplitude of the shift in segment and is calculated as
i =(pe=p) 1for (oe=p) land j =1 (pe=p) for (pe=p) < 1.

Hereby, pj denotes the unconditional default probability for ratingj (taken

from the unconditional migration matrix) and p;; the estimated default prob-
ability for rating j and time t. Thus, the amplitude is ensured to be 1. For

further conditions imposed on the factor we refer to Wilson (1997a).



The remaining task is to determine the shift matrixS. Unfortunately, this part
of the adjustment is not completely available in the publishedlocumentation
of CreditPortfolioView (McKinsey and Company, 1998). Wilson (1997a) gives
suggestions for the form of shift matrixS but it is not explained how to
determine the size of the elements what has to be considered asnajor
drawback of the model.

In an empirical study Wehrspohn (2004) examines the estimatedrig-term

default probabilities by CreditPortfolioView and compares them to Standard
& Poor's cumulated default probabilities. The model is testedboth under an

average macroeconomic situation and a recession scenario. Hislings are
rather disenchanting. The estimated default probabilities nder the average
macroeconomic scenario are on average 5 times higher than toenulative 10-

years default probabilities of Standard & Poor. Hence, the alior concludes
that the model has some de ciencies in representing market cuihative default

probabilities especially for longer time horizons and shoultk re ned in several
ways (Wehrspohn, 2004).

2.2 Adjustment based on Factor Model Representations

The second class of models for adjusting migration matrices aapproaches
based on factor models including a systematic and idiosyncratiesk com-
ponent (Belkin et al., 1998b; Kim, 1999; Wei, 2003). In theseparoaches the
one-factor model is adopted to incorporate credit cycle damics into the tran-
sition matrix. To implement the technique, in a rst step a credt cycle index is
built, which indicates the credit state of the nancial markd as a whole. The
model for the credit cycle index should include relevant mageconomic and
nancial time series in order to represent the state of the econty adequately.
In a second step the transition matrix is conditioned on the forasted credit
cycle index. Unlike in one-factor default mode model (Basel @onittee on
Banking Supervision, 2001; Finger, 2001) the model of conidiming the tran-
sition matrix should cover also events that lead to upgraded oradvngrades.

The so-called credit cycle indeX; de nes the credit state based on macroeco-
nomic conditions shared by all obligors during periotl. The index is designed
to be positive in good days and to be negative in bad days. A posi# index
implies a lower probability of default (PD) and downgradingprobability but

a higher upgrading probability and vice versa. To calibratette index, PDs of
speculative grade bonds are used, since often PDs of higher dateonds are
rather insensitive to the economic state, see e.g. Belkin et alL998a); Wilson
(1997b).

Now let S; be the speculative grade default probability in period while ¢



and s denote the historical average and the standard deviation of ¢hinverse
normal transformation  1(S) of S. Then the standardized expression

(S) s

S

Zy = (5)
follows a Gaussian distribution with expectation 0 and standardleviation

of 1. SinceS$; is restricted to lie between 0 and 1 a simple regression model
cannot be used and a transformation is needed. Instead of the ilbbghodel
suggested in Wilson (1997b), here a probit model is used. It is assennthat
defaults re ect an underlying, continuous credit-changendicator that follows

a standard normal distribution. Thus, S; can be modeled as

S=( X1 + ) (6)

where denotes the standard normal distribution function, X; ; a set of
macroeconomic variables of the previous period ang a random error term
with E; 1( ) =0. The coe cients " can then be estimated by

HS)=Xe1 + 4 (7)

and the forecast for the inverse normal CDF of the speculative @ple default
probability is E; 1( (S))) = X 1 . Kim points out that the probit model
allows to create an unbiased forecast of the inverse normal CDF &, given
recent information about the economic state and the estimatecbe cients.

The second step is to adjust the transition matrix according to eshated or

forecasted values of the credit cycle index. Following the erfactor model
suggested by Belkin et al. (1998b) it is assumed that ratings traitions re-

ect an underlying, continuous credit-change indicatory following a standard

normal distribution. Further the credit-change indicator is assumed to be in-
uenced by both a systematic and unsystematic risk component. Thefore,

Y; has a linear relationship with the systematic credit cycle indeZ; and an

idiosyncratic error term . Thus, the typical one-factor model parametrisation
(Belkin et al., 1998a; Finger, 2001) is obtained:

Yo= Z.+ 1 2 (8)

Since bothZ; and ; are scalng to the standard normal distribution with
the weights chosen to be and ™~ 1 2, Y, is also standard normal. Clearly
represents the correlation between the credit change indioca Y; and the



Fig. 1. Corresponding Credit Scores to Transition Probabiities for a Company with
BBB Rating (compare Belkin et al. (1998b)).

systematic credit cycle indexZ,. The probability distribution for the rating
change for a company then takes place according to the outcerof the sys-
tematic risk index. To apply this scheme to a multi-rating systemthe author
follows a procedure suggested by Belkin et al. (1998b). It is assed that
conditional on an initial credit rating i at the beginning of a year, one parti-
tions values of the credit change indicatoly into a set of disjoint bins. The
bins are de ned in a way that the probability of Y, falling in a given interval
equals the corresponding historical average transition rat&his can be done
simply by inverting the cumulative normal distribution function starting from
the default column what is illustrated in gure 1.

Using the bins calculated from the average transition matrix its then straight-

forward to calculate the conditional transition probability on the credit cycle
index. On average days we obtai@; = O for the systematic risk index and the
credit-change indicatorY; follows a standard normal distribution. A positive
outcome of the credit cycle indeXZ; shifts the credit-change indicator to the
right-hand side while in the case of a bad outcome of the systemadredit cycle
index the distribution moves to the left hand side. Thus, in any gar, the ob-
served transition rates will deviate from the average migradh matrix we have
to nd a shift such that the probabilities associated with the birs de ned above
best approximate the given year's observed transition rates. Hes, is deter-
mined so as to minimize the weighted, mean-squared discrepasbetween
the model transition probabilities and the observed transitio probabilities.

Recall that represents the correlation between the credit change indica

and the systematic risk. The conditional transition probabiliyy p(i;j jZ;) for

rating state i to another rating statej has the ordered probit model:

Xty  Z¢ xi  Zy
pe(is] jZ) = 49% gﬁt: 9)

The estimation problem then results in minimizing the followng expression:
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whereny; denotes the number of transitions from initial grade to j in the
year t. Further observations are weighted by the inverses of the apptimate
sample variance$x (i;] jZ). For the procedure of estimating the ordered probit
model we refer to Maddala (1983).

Wei (2003) extends the one-factor model representation by aufti-factor,
Markov chain model for rating migrations and credit spreads. fle model al-
lows transition matrices to be time-varying and further driven by rating spe-
ci c latent variables. These variables can encompass a varietf economic
factors including business cycle e ects. Similar to Kim (1999he starting
point of the model is the assumption that there exists an averageansition
matrix P, whose xed entries represent average, per-period transitigorob-
abilities across all credit cycles. Further it is assumed that # entries in a
transition matrix for a particular year will deviate from the averages, and the
size of the deviations is dependent on the condition of the ewmy. A fur-
ther assumption is that the size of the deviations can be di erénfor each
rating category. The author assumes that the deviations are sen by K mu-
tually independent, Gaussian distributed factors. Hence, his ntifactor credit
migration model is of the form

zj = (X+Xx)+ T2 i (11)

with rating classes = 1;::;;K  landj =1;::;K. The rstvariable x denotes
the common factor for all ratings, and thex; denote rating class speci c factors
and j represents the idiosyncratic risk. Similar to the described orfactor
model the factorsx;x; and j are scaled to a standard normal distribution.
The factorsx and x; encompass the impacts of all economic variables relevant
to rating changes. Further the correlation between any two tang classes is
assumed to becorr(z;;zq) = 2% i 6 k. For further model description and
parameter estimation we refer to Wei (2003). Note that the unariate one-
factor model such as that of Belkin et al. (1998b) or Kim (1999 simply a
special case of the model with no rating speci ¢ shift.

2.3 Numerical Adjustment Methods

In this section we will briey review two numerical adjustment method for
migration matrices suggested by Lando (2000). The methods weemitially
designed to match transition matrices with default probabilies implied in
market spreads of bonds (Jarrow et al., 1997). However, givestienates for
conditional default probabilities based on the macroeconamsituation they



can also be used to adjust the transition matrices to business cyaeects.
To illustrate the adjustment methods let us consider the contimous-time case
where a time-homogeneous Markov chain is speci ed via the (KX generator
matrix such that the series

Py = exprty= ) (12)

o K!

gives theK Kt -period transition matrix. Lando (2000) describes three di e
ent methods to modify the transition matrices such that defadlprobabilities
implied in bond prices are matched. Out of those we will considévo meth-
ods, one of them was initially suggested in the seminal paper byrdaw et al.
(1997). Assuming a one-year average transition matrik and the associated
generator matrix with P = e . Let's further assume we have estimated one-
year default probabilities px . The aim is then to create a transition matrix
P in a way that the estimated default probabilities match the caesponding
entries in the last column ofP.

Thus, a procedure for adjusting the transition matrix is neededl'he generator
matrix has to be modi ed such that the px equal the default probability
in transition matrix P = e for all rating classes = 1;::K.

The rst method (Num 1) we describe modi es the default column ofthe
generator matrix and simultaneously modi es the diagonal efeent of the
generator according to:

ek = 1 wand®y= 11 (1 1) i«

€x = 2 xand®p= » (2 1) x

and forrowK 1:
€k 1k = kK 1 k 1k and

K 1K 1= K 1K 1 (Kl 1) K 1K

such that for the new transition matrix B = exp(7, the last column equals
the estimated conditional PDsp= (P ; Pk ; P 1k 1).

The idea in the second adjustment procedure (Num Il) is to multily each row
of the generator matrix by a factor ; - sometimes called the risk premium.
Thus, we have to numerically solve



1 11 1 12 1 1K
2 21 2 22 2 2K
o= (13)
K 1 K 1,1 K 1 K 1;2 K 1 K LK
0 0 0
for ;; i =1;:;k such that the last column ofP(t) equalsp}

Unfortunately, Lando (2000) doesn't give any information on bw exactly
this numerical procedure a ects the probability mass of the riginal observed
migration matrix. Note also, that after the adjustment the geneator matrix

has to be checked if it still ful lls the criteria, namely nonnegative o -diagonal
elements and row sums of zero for each row, see e.g. Israel etz000); Tnack
and Rachev (2005b) for further discussion.

2.4 Alternative Models

In the following we will brie y review two additional methods suggested for
estimation of conditional migration matrices including or@red probit models
(Nickell et al., 2000; Hu et al.,, 2002) and a regime-switching pmach by

Bangia et al. (2002). Note that both approaches will not be irestigated in

the empirical part.

Nickell et al. (2000) and Hu et al. (2002) propose the use of Bayeasimethods
in combination with an ordered probit model for conditionirg credit migra-
tion matrices. The idea is to combine information from the higirical average
transition matrix estimate and results from other exogenous viables. The
techniques are related to Bayesian methods for estimating terobabilities

in contingency tables. The transition matrix is smoothed via aunction of
covariates. In the rst step a so-called appropriate prior is speéed and then

updated with a new estimator based on the observed data:

Pb= P+1 ) Q (14)

Here P denotes some average historical transition matrixQ; is the estimator
for the transition matrix in period t obtained by an ordered probit model and

a weighting coe cient. Since the matrix P is itself an estimator of the true
transition matrix, up-dating this using other information actually corresponds
to a pseudo (or empirical) Bayes approach. Clearly, the prodin, next to the

10



estimation of Q;, is how to nd an appropriate value for . For further expla-
nation of the model we refer to original articles by Nickell etl. (2000); Hu
et al. (2002). Wei (2003) points out that a large quantity of @ta is needed to
estimate reliable parameters. Note that not only the model paraeters for the
probit model and have to be determined but also parameters for modeling
of the business cycle as a Markov chain.

Bangia et al. (2002) link business cycle e ects and transition atrices by a
regime switching model. The authors estimate a regime-switciy model for
guarterly expansion and contraction classi cations. Further,average expan-
sion and contraction transition matrices are dtermined. For pplications it
is straightforward to link the regime switching and the estimatd migration
matrices. Based on estimated probabilities for being either ia expansion or
contraction of the economy using the regime switching proceds@one-period
ahead forecasts for migration matrices can be obtained. Hoveey simulating
rating distributions based on their approach the authors nd m signi cantly
di erent results for short-term migration and default behavor compared to
using an average migration matrix (Bangia et al., 2002).

3 Data and Models

This section will provide considered data and models in our enmgal analysis.
We will compare the the in-sample and out-of-sample performee of adjust-
ment methods for forecasting credit migration matrices. We csider Moody's
credit migration matrices for the US market from 1984-1999. fie in-sample
period includes a history of ten years from 1984-1993, whileewse a six year
period from 1994 to 1999 to evaluate the out-of-sample foretimmg ability of
our models. The compared approaches include one-factor mizdend numer-
ical adjustment procedures as they were described in the preus section. As
benchmark results we will also an average historical migratianatrix and the
transition matrix of the previous period as forecasts.

To determine one-period ahead forecasts we use a multiple reggion model
of the form:

xd
Zt =C+ C]Xj,t 1+ t2 N, (15)
j=1

The process dynamic is in uenced by the vectoK, ; of d exogenous macro-
economic variables of the previous period; can either denote the continuous
credit cycle index as it is stated in Kim (1999) or a score correspding to
a default probability for a certain rating class. Table 1 displgs the included

11



Variable Notation

Change in consumer price index CPI; 1
Change in GDP growth GDP; 1
Change in annual savings SAV: 1,
Change in manufacturing & Sales MAN { 1
Change in Working output per hour OUT; 1

Change in consumption expenditures CON; 1
Change in unemployment rate UN¢ 1
Treasury Yields 10,5,3 and 1 year TY1Q ; etc.
Spread between 10-y and 1-y treasury STR; 1

Spreads on investment grade bonds SINV; 1

Spreads on speculative grade bonds SSPE

Table 1
Included variables for the multiple regression model for cedit cycle indices.

variables in the multiple regression model. Both a variety of acroeconomic
variables as well as credit spreads and di erences betweendaerm and short-
term treasury bonds were considered. To avoid over tting not rare than ve

variables were permitted in a regression model. In the follomg we will now
describe the procedure of model estimation and conditioning the migration

matrices.

3.1 A Factor Model Approach

Following Kim (1999) the multiple regression model (15) is usefibr model-
ing continuous credit cycle indexZ;. It is assumed that the index follows a
standardized normal distribution. Thus, a probit model will alow us to create
unbiased forecasts of the inverse normal CDF @&, given the recent informa-
tion of the last period about the economic state and the estimatiecoe cients.
We will neither use just one credit cycle index based on speculai default
probabilities as it is suggested in Kim (1999) nor apply an adtonal fac-
tor x; for each rating class seperately (Wei, 2003). Instead we consideo
credit cycle indices: one for speculative grade and one for @stment grade
issues. For the investment grade issues we use cumulative defauftsssuers
rated AAA;AA;A and BBB while for the speculative grade issues default
probabilities from BB to C were included.

In a second step the forecasts of the credit cycle indices are udeddeter-

12



mining conditional migration matrices. The adjustment is coducted following
the procedure described in section 2.2. However, we include samaor model
extensions. To achieve a better interpretation of the results evwill also use
risk-sensitive di erence indices (Track and Rachev, 2005a)saoptimization cri-
teria for the distance between forecasted and actual migrahamatrix. Recall
that based on the estimated model, the parameter and the shifts on the
migrations according to some optimization criteria are detenined. In fact,
this a crucial point of the model as it comes to forecasting al@& migration
matrices. While Belkin et al. (1998b) suggest to minimize a weited expres-
sion of the form (9), Wei (2003) uses the absolute percentage dgion based
on the L, norm or a pseudoR? as goodness-of- t criteria. Tnack and Rachev
(2005a) show that most of the distance measures suggested in therbiture
so far do not measure di erences between migration matrices eglately in
terms of risk. However, forecasts for transition matrices willé&especially used
for determining credit VaR, portfolio management and risk maagement pur-
poses. Therefore, especially risk sensitive di erence indicesynee a rewarding
approach for measuring the di erence between forecasted antiserved ma-
trices. The di erence between a migration matrixP = (p; ) and Q = (g;) is
determined in a weighted cell-by-cell calculation. It is bsed on the distance
to the diagonal of the matrix and whether it is on the right hard or left hand
side of the diagonal. Tnack and Rachev (2005a) suggest for expla the use
of the following weights:

di;i)=C0 j) (m 6): (16)

Additionally the authors argue that the credit event with the most in uence
on the loss of a credit portfolio is a default. Therefore, chges in the last
column of a migration matrix obtain a di erent weight than deviances in the
other cells. The weight is chosen according to the dimensiarof the migration
matrix. Following Track and Rachev (2005a) we will includetwo risk-sensitive
di erence indices in our analysis as optimization criteria:

xxoxiooo o .

D1(P;Q) = d@i;j)+ n d(i;n): (17)
i=1 j=1 i=1
xxoxi oo .

D,(P;Q) = di;j)+ n® d(i;n): (18)
i=1 j=1 i=1

To compare the results with standard criteria also the classic; and L, metric
and so-called normalized squared di erencé$SD symm

13



XX (p )2
Dnso (P; Q) = M, for p; 60 (19)

i=1 =1 Pi

will be considered. Note that these criteria can also be used to &vate the dis-
tance between forecasted and observed transition matrices flirerent meth-
ods.

3.2 Numerical Adjustment Methods

The second approach involves the numerical adjustment methaliggested
by Jarrow et al. (1997) and Lando (2000). Again we use a multipleegres-
sion model of the form (15), however now for each speculativetiray grade
BB;B; CCC as well as for the rating clasBBB a separate model is estimated.
For the investment grade rating classesAA; AA; A we have to follow a dif-
ferent approach. Considering Moody's historical default fiuencies in several
years no default could be observed for the three rating classesa develop a
regression model with only 10 observations, among them severalhwPD zero
should be avoided. Hence, for rating gradesAA; AA and A we decided to use
historical default probabilities from the average historicemigration matrix P
as estimators for the next periods PDs in these rating classes. Bas®e these
assumptions for each year we can estimate the vector for next ysadefault
probabilities in the individual rating classes:

B = ({Parap ;Paap ;Pap ;s PeeeD ;PBED ;PBD;Pccen 1)0

Based on these estimates and an average historical migration matwe can
then apply the numerical adjustment methods suggested in seati@.3.

4 Empirical Results

In this section we will compare in-sample and out-of-sample rd&ifor the
described models. In a rst step the regression models for the credycle index
and default probability scores are estimated. Recall that towvid over tting

at the most ve variables were permitted in each regression molde

Among the tested models, the best results for the speculative gradeedit
cycle index were obtained using the macroeconomic variablgdsgange in GDP
growth GDP; ;, change in annual savingSAV; i, the change in consump-
tion expendituresCON; 4, the change in unemployment ratdJN; ; and the

14



Variable Notation VALY, ZspEC

Constant 0 -3.9731| -0.6182
Change in consumer price index CPIl; 1 | 0.2187 -
Change in GDP growth GDP; 1 | -0.9338| -0.2461
Change in annual savings SAV; 1 - | 0.1838
Change in consumption expenditures | CON; 1 | -1.3744| -0.2509
Change in unemployment rate UN¢ 1 0.3616| 0.2351
Spread between 10-y and 1-y treasury STR; 1 - | -0.0057
Table 2

Parameter estimates for regression model (in-sample perioftom 1984-1993).

spread between a 10-year and 1-year treasuBT R, ; bond. The model gave
R2 = 0:98, a F-statistic of 4338 and a corresponding p-value of:001, so it is
highly signi cant. For the investment grade credit cycle ind& the best results
were obtained with a model including the macroeconomic vatles change in
the consumer price indexCPI; ;, change in GDP growthGDP; ;, change
of consumption expendituresCON; ; and the change in unemployment rate
UN; 1. The model gave anR? statistic of 0:82, a F-statistic of 552 and a
corresponding p-value of @45, so the model is also signi cant at 5 % level.
All regression coe cients are signi cant and show the anticipaté sign. Note
that the t for cumulated investment grade defaults is cleary worse, but it is
generally accepted that investment grade defaults are lesspémdent on busi-
ness cycle e ects than speculative grade issuers (Nickell et £000; Belkin
et al., 1998a). The regression coe cients for speculative andvestment grade
credit cycle indicesZspec;Zinv are displayed in table 2. Estimation of the
models for individual rating classes yieldR? statistics between 079 and 098.
Parameter estimates and statistics are available on authorsqeest.

After estimation of the regression model in the next step we will dermine
conditional migration matrices based on the outcome of the edit cycle in-
dex. We rst consider the results for the estimated correlation étween the
credit change indicatorY and the credit cycle indicesZspec;Zinv - Recall
that in the chosen one-factor model approach is determined numerically in
order to minimize the distance (9) for all considered transitio matrices in the
in-sample period. The shift in the credit change indicator istten due to the
forecasted credit cycle index of the next period and the cotation. Table 3
provides the correlations |,, and gspec for investment grade and speculative
grade ratings giving the minimal distance between forecasts@ observed mi-
gration matrices for the in-sample period 1984-1993. Note thdependent on
the distance measures we obtain di erent outcomes for corréilan estimates.

15



Optimization Criteria L1 L, NSD D1 D2
Inv 0.0504 0.1143 0.0318 0.1089 0.1762
spec 0.2176 0.2544 0.1698 0.2115 0.2288

Table 3
Correlation between credit change indicatorsY and credit cycle indexZ for invest-
ment grade and speculative grade ratings for the in-sample géod 1984-1993.

For the speculative grade model we nd signi cant correlatios with the sys-
tematic credit cycle index for all optimization criteria. We obtain the lowest
value for the NSD distance criteria with an estimated correlatin of 01698
while for the other distance measures the correlation with thepeculative
credit cycle index is estimated to be between:®1 and 025. For investment
grade issues the estimated correlations are much lower. This lise with
previous results on the issue mentioned above. Especially wheretshift is
conducted to minimize the distance according to thé; and NSD distance
measure the correlation coe cient becomes very small,; @18 and 00504, re-
spectively. This means that for these criteria the systematic sk gives very
little explanation for changes in rating behavior. The higkst correlation with
0:1762 is obtained when the distance is minimized subject to tH2, dier-
ence index criteria. It seems as if according O, also changes in investment
grade migration behavior could be explained by the systemataycle index to
a certain degree.

We will now investigate the in-sample one-period ahead foresta results for
the di erent approaches. Table 4 provides in-sample resultsfonean absolute
forecast errors according to the applied di erence measures. Asentioned
above next to a factor-model approach (Factor) and the numial adjustment
methods (Num I, Num I1) two naive methods were included as benaotark re-
sults: using the average migration matrix of the in-sample perits (Naive I)

or the transition matrix of the previous period (Naive Il) as esimator. The

estimation period was ten years from 1984-1993. Best results éach distance
measure are highlighted in bold. Note that the mean error or stalard devia-
tion of the errors for di erent indices within the columns caanot be compared
due to a di erent scale. However, the results in the rows can bempared and
provide the forecasting performance in comparison to other ppaches. For
each of the considered distance criteria the one-factor modmitperforms all
other approaches including the numerical adjustment procedes. In contrast
to these results, the numerical adjustment methods fail to prode better re-
sults than the naive approach for the criterid. 1, L, andNSD. Especially Num
[l that was applied in the seminal work by Jarrow et al. (1997) iyes rather bad
one-year ahead forecasts based on the estimated default proitiies with the

credit cycle index. We point out that a more thorough investigtion on how
migration probabilities are changed by these methods shoulelwonducted in
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Method | Factor Num | Num Il Naive | Naive Il
Dist. Distance Statistics D (P; Pgpe)
L MAE 0.8058 1.3461 1.7092 0.8809 1.0245
Std 0.2665 0.1415 0.2966 0.2414 0.3056
Lo MAE 0.0580 0.1802 0.2947 0.0725 0.1027
Std 0.0483 0.0503 0.0885 0.0510 0.0948
NSD | MAE 0.2956 0.4773 0.8774 0.3483 0.5911
Std 0.1363 0.1356 0.2544 0.1800 0.4556
D, MAE 0.3218 0.7592 1.1505 1.2417 1.49649
Std 0.2189 0.3765 0.9526 0.8903 0.752p
D, MAE 1.9926 6.2919 9.4428 9.6931 10.8898
Std 1.3993 3.2154 4.8858 7.1228 5.5701
Table 4

In-sample results for mean forecast errors according to appd di erence measures
and adjustment techniques. The estimation period includedten years from 1984-
1993. Best results for each distance measure are highligltten bold.

the future.

Note that for the one-factor model approach due to the optimation proce-
dure the best in-sample results could be expected. However, iingeresting to
investigate how much the results improved subject to the considedl optimal-
ity criteria. For the L, L, metric and the NSD di erence index we obtain a
decreased mean absolute error by a fraction between 10% up t&60ompared
to the naive approaches. This can be considered as a signi canitbminor im-
provement. However, the results for the risk adjusted di erencidicesD; and
D, are more striking. Comparing mean absolute errors between cbional
and unconditional estimates for theD; and D, criteria we nd that according
to the chosen criteria the improvement is highly signi cant. erecasting errors
for the naive approaches are approximately 4-5 times highdtor these criteria
also the numerical adjustment methods Num | and Num |l give betteresults.
Since more weight is put in the default column the additionainformation of
PD forecasts for the next period improves the results. Howeven comparison
to the one-factor model, forecast errors are still signi cangl higher.

We also investigated whether the improvement of the forecastinresults of
the one-factor model was mainly due to the speculative or insenent grade
rating classes of the migration matrix. Table 5 provides the mallts of the
one-factor model and the naive approaches seperately fortiai speculative
and investment grade ratings. We nd that especially for the risksensitive
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Speculative Grade Investment Grade

Dist. Factor Naive | Naive Il | Factor Naive |l Naive Il
L1 0.5060 0.5756  0.6558| 0.2997 0.3052  0.3687
Lo 0.0423  0.0557 0.080| 0.0157 0.0168 0.0222
NSD | 0.1913 0.2425 0.3548| 0.1043 0.1058 0.2363
D, 0.2770 1.1620 1.3375 | 0.0449 0.1197 0.1628
D> 1.6544 8.8322 8.8505 | 0.3382 0.8609 1.0393

Table 5
In-sample results (mean absolute errors) seperately for irestment (Ratings BB,BB
and CCC) and speculative grade (Ratings AAA,AA,Band BBB) issuers.

evaluation criteria the improvement using a credit cycle inelx for forecasting
speculative grade rating migrations is enormous. Here the faaest error is
reduced up to 80% whem, is applied. Further we see that the large deviations
from actual observed migration matrices take place in the spaative grade
area of the matrix where more variation can be observed.

At this point we should also emphasize the advantage of the dited di erence
indicesD; and D, as measure for the goodness-of- t. It concerns the question
of interpretation of the results. We all agree that a mean absdie error of
0:8058 for thelL; norm cannot be interpreted in terms of risk. Though, using
the risk sensitive di erence indices we are able to give an infaretation of the
results from a risk perspective. Track and Rachev (2005a) showdt for credit
portfolios distances between migration matrices and credWaR are highly
correlated. Using Moody's historical migration matrices theyderive for an
exemplary credit portfolio a relationship between credit VR and the di erence
between a transition matrix and Moody's average historical ngration matrix.
The relationship between VaR andD, is then approximately expressed by:

V aRgsosy = 138:7675 + 47110 Doy + ¢ (20)

The regression model yields aR? > 0:9 (Tnack and Rachev, 2005a). Hence,
due to the very high correlations between the directed di eance index and
credit VaR we are able to measure our errors on migration maxriforecasts in
terms of risk. This means that the mean error of:8931 using the average mi-
gration matrix P as an estimator can be interpreted for the exemplary portfai
as an average misspeci cation of VaR of approximately:4110 9:6931 45
Mio. Euro per year. For using the migration matrix of the prevous year we
obtain an approximate error of 51 Mio. Euro. Using the one-faot model in
order to condition migration matrices to business cycle e estthe mean ab-
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Year | 1994 1995 1996 1997 1998 1999

Speculative Grade

D, | 0.2340 0.2058 0.2005 0.1914 0.1961 0.1964

Investment Grade

D, | 0.1663 0.1681 0.1579 0.1493 0.1529 0.1489

Table 6
Reestimated correlations of the credit change indicator wih the credit cycle index
in the one-factor model approach usingD; and D»,.

solute error is reduced to 1.9926 giving us an average error ame-year VaR
forecasts of €8 Mio. Euro for the exemplary portfoliot. Thus, using the
risk-sensitive di erence indices as goodness-of-t measure therécast error
may be also quanti ed in terms of risk. We point out that further research on
this issue will be needed, especially on the sensitivity of the dirence indices.
However, the advantage of an index giving a strong interpreten in terms of
risk will remain.

Finally, we used the developed models for out-of-sample foasting of rating
migration behavior. The considered period were the subsequeygars from
1994-1999. Based on a yearly reestimation of the regression nmicde corre-
lation parameters for the one-factor model, forecasts for éhmigration matrix
of the following year were calculated. Results for the yearleestimated cor-
relations of the credit change indicator with the credit cyle index usingD,
are described in table 6. As it could be expected, the correlation changes
through time and vary between 0.234 and 0.19 for the specubei grade is-
suers. However, fortunately no large variations could be obsed indicating
the stability of the model.

Table 7 nally investigates the out-of sample performance oftie considered
models. We nd that especially for the factor model approach th results are
clearly not as good as in the in-sample period. Still the faatanodel clearly
outperforms the numerical adjustment methods Num | and Num Il ad the
benchmark models Naive | and Naive Il. However, compared to the-sample
estimation the average forecasting error is about two times dtier, the mean
absolute error is 41740 for the factor model approach. For the naive models
the results remain more or less constant while for the numericalljustment
methods the error increased. Num Il even provides the worst retilof all
models and is outperformed by the naive approach.

We point out that the results may have been improved by changgthe vari-

1 Clearly these are just approximate numbers ignoring variatons in LGD gures
and other components.
2 Results for the other distance measures are available on regst from the author.
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Method Factor  Num | Num Il Naivel Naive Il

Year Distance Statistics D2(P; Pops)
1994 3.2563 6.9856 9.2745 8.7058 4.4462
1995 1.9834 3.5110 4.2809 1.0289 7.6769

1996 8.8284 14.3459 21.7397 18.9697 17.9408
1997 5.2049 10.8375 14.5619 12.4049 6.5649
1998 25774 8.9729 8.0307 5.5436 17.9484
1999 3.1936 7.2204 9.7712 8.5408 2.9973
Average | 4.1740 8.6456 11.2765 9.1989 9.5938

Table 7

Out-of-sample results for mean absolute forecast errors acoding to applied di er-
ence measureP, and adjustment techniques. The out-of-sample period includd
six years from 1994-1999. Best results for each year are higgihted in bold.

ables of the macroeconomic forecasting model for the credytcte index. How-
ever, in order to guarantee a genuine out-of-sample test of thmodel the
macroeconomic variables have to be the same for in-sample and-of-sample
model evaluation. Still we conclude that a regular reestimain of the model
for the credit cycle indices is recommended.

5 Conclusion

In this paper we compared di erent methods for forecasting amsition matri-
ces with business cyle e ects. Migration matrices can be considd as a major
determinant for the management of portfolio credit risk and ¥R determina-
tion in rating based models. Migration matrices due to businesyde e ects
show strong variations through time that may be captured by caditional es-
timation procedures. The focus was set on a comparison of two dfet most
common methods for adjustment of credit migration matrices: @ne-factor
model initially suggested by Belkin et al. (1998a); Kim (1999hnd imple-
mented in the CreditMetrics framework and numerical adjustment methods
by (Lando, 2000) applied for example in the seminal work by Jeow et al.
(1997). We used business cycle indicators and Moody's histoligaigration
matrices for the US market to conduct an empirical analysis.

Our ndings show that the numerical adjustment methods fail tooutperform
the naive approach of using an average historical transition rtr& or the one
of the previous period as forecasts. On the other hand an appobausing a
one-factor model for the systematic risk factor provided signcantly better
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in-sample and out-of-sample results than the naive approach @mumerical
methods. Facing the poor results of the numerical adjustment rtteods a more
thorough investigation on how migration probabilities are lsanged by these
methods should be conducted in the future.

Besides the signi cantly better forecasting results, the one-€¢or model also
provided correlation gures that could be interpreted in tems of in uence
of the systematic risk factor on the credit change indicator. Gorming the
results of previous studies (Nickell et al., 2000; Belkin et al1998a) we nd
that the correlation between systematic risk and rating changefor speculative
grade issues is signi cantly higher than for investment grade issts.

Finally, we illustrated the advantage of using risk sensitive dierence indices
(Track and Rachev, 2005a) for measuring the forecast error ofir models. The
mean forecast error may also be interpreted in terms of risk foraedit port-
folio, if information on credit VaR and correlation betweenvaR and changes
in the performance criteria are provided.
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