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ABSTRACT
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In the past few years, major advancesin credit risk analytics have led to the proliferation of anew breed of
sophisticated credit portfolio risk models. A number of models have been developed, including both
proprietary applications developed for internal use by leading-edge financial institutions, and third party
applicationsintended for sale or distribution as software. Several have received agreat deal of public
attention, including J.P. Morgan’ s CreditMetricg CreditManager, Credit Suisse Financial Products
CreditRisk+, McKinsey & Company’sCreditPortfolioView, and KMV’s PortfolioManager. These new
models allow the user to comprehensively measure and quantify credit risk at both the portfolio and
contributory level, which was not possible previously. As such, they have the potential to cause profound
changes to the lending business, accel erating the shift to active credit portfolio management?, and
eventually leading to an “internal models’ reform of regulatory credit risk capital guidelines?.

But before these models can deliver on their promise, they must earn the acceptance of credit portfolio
managers and regulators. To these practitioners, this seemingly disparate collection of new approaches
may be confusing, or may appear as awarning sign of an early developmental stage in the technology.
While these misgivings are understandabl e, this paper will demonstrate that these new modelsin fact
represent a remarkable consensus in the underlying framework, differing primarily in calculation
procedures and parameters rather than financial intuition.

This paper explores both the common ground and the differences amongst the new credit risk portfolio
models, focusing on three representative models:

1. “Merton-based” —e.g. CreditMetrics and PortfolioManager®

2. “Econometric” —e.g. CreditPortfolioView

3. “Actuarial” —e.g. CreditRisk+

Section | provides a quick review of the basic structure of each of the models. Section |1 describesthe
common underlying framework of these models and how the models and their assumptions can be related
to the generalized framework. Section |11 draws linkages between the equivalent parameters in each model.
Section |V assesses the impact of their differing assumptions using illustrative examples. Section V
presents conclusions.

Note that this paper examines only the default component of portfolio credit risk. Some of the models
incorporate credit spread (or ratings migration) risk, while others advocate a separate model. In this aspect
of credit risk thereisless consensus in modeling techniques, and the differences need to be explored and
resolved in future research. The reader should strictly interpret “credit risk” to mean “default risk”
throughout this paper.

Additionally, for comparability, the models have been restricted to the case of a single-period horizon,
fixed recovery rate, and fixed exposures. This should not significantly affect the conclusions, as default
dominates the contribution from these other effects, and the mechanisms to incorporate these effects are not
too deeply entangled with the models of default.

I. Overview Models

The following sections briefly describe the cal culation procedures of each of the models, modified to the
two-state (default or not), single-period, fixed recovery, and fixed exposure restrictions.

CreditMetrics

CreditMetricsis a Merton-based model, relying on Merton’s model of afirm’s capital structure*: a firm
defaults when its asset value falls below itsliabilities. A borrower’s default probability then depends on
the amount by which assets exceed liabilities, and the volatility of those assets. If changesin asset value
are normally distributed, the default probability can be expressed as the probability of a standard normal
variable falling below some critical value. Thefirst step in thismodel isthen to calculate critical values
corresponding to each borrower’ s default probability (mapped from the borrower’ s credit rating). Joint
default events amongst borrowersin the portfolio are related to the extent that the borrowers' changesin

! for example, see K uritzkes (1998).

2 see ISDA (1998).

3 the discussions which follow will focus on CreditMetrics as the example, but will also apply reasonably
well to PortfolioManager.

* see Merton (1974), Kealhoffer (1995), and Gupton, Finger, and Bhatia (1997).
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asset value are correlated (input in the form of a pairwise correlation matrix determined according to

country and industry groupings). The portfolio loss distribution is calculated by Monte Carlo simulation, as

follows:

1. Draw random correlated standard normal variables representing the change in asset value for each
borrower.

2. Compare this standardized change in asset value to the pre-cal culated critical value to determine which
borrowers default.

3. Sumthelosses resulting from each borrower default to arrive at atotal portfolio loss.

4. Repeat thousands of timesto build adistribution of portfolio losses.

CreditPortfolioView
CreditPortfolioView posits an empirically derived relationship which drives each borrower’ s (or “segment”
of borrowers') default rate p;; according to anormally distributed “index” of macroeconomic factors for

that borrower". The macroeconomic index Vi is expressed as aweighted sum of macroeconomic
variables, Xy, , each of whichisnormally distributed and can have lagged dependency.
Xt =8ko * 81Xkt-1 T8k 2Xkt-2 Too T €, and
Yit = big +biaXyy + bioXop +o+Uyy,
wherethe e,,; andu;, arenormally distributed random innovations.
Theindex istransformed to a default probability by the Logit function:
1
1+e¥s
Thefactor loadings b, for theindex are determined by the empirical relationship between sub-portfolio

Pit =

default rates and explanatory macroeconomic variables, using logistic regression. The coefficientsay ; to
the macro-economic variables can be determined by an appropriate econometric model®.

The portfolio loss distribution is cal culated by Monte Carlo simulation, as follows:

1. Draw random innovations to each macroeconomic variable and index value according to their
covariance structure.

2. Calculate:
a) macroeconomic variables outcomes according to their lagged past values and random innovations,
b) index values according to the macroeconomic values and the index random innovations; and
c) resulting default probabilities.

3. Calculate the distribution of default outcomes for thisiteration by successively convoluting each
obligor’s (two-state) distribution of outcomes.

4. Repeat thousands of timesto build adistribution of portfolio losses.

CreditRisk+

CreditRisk+ makes use of mathematical techniques common in loss distribution modeling in the insurance
industry’. Joint-default behavior of borrowersisincorporated by treating the default rate as arandom
variable common to multiple borrowers. Borrowers are allocated amongst “sectors” each of which has a
mean default rate and a default rate volatility. The default rate volatility is the standard deviation which
would be observed on an infinitely diversified homogeneous portfolio of borrowersin the sector. The
default rate x, for the K™ sector is assumed to follow a Gamma distribution, with parameters a,, and b,

set to yield agiven mean default rate m, and volétility of default rate s, :
X, ~Qa,,b,],

® see Wilson (1997).
© Wilson (1997) suggests several possibilities.
" see Credit Suisse Financial Products (1997).
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where a =—, .
Sy m

In the single-sector case, aborrower’ s default rate is scaled to this Gamma-distributed sector default rate.

For multiple sectors, aborrower’ s default rate is scaled according to the weighted average of sector default

rates:

X
m
where p isthe unconditional default rate, and w, isthe weight in sector k, é_ w, =1.

k
For a homogeneous sub-portfolio of borrowers (same sector and same exposure size) with independent
joint-default behavior, CreditRisk+ assumes that the default distribution follows the Poisson distribution.
Since borrowers' joint-default behaviors are independent conditional on fixed default rates, the
unconditional default distribution for the homogeneous sub-portfolio can be obtained by “averaging”
Poisson conditional default distributions according to default rates from the Gamma distribution —
statistically, the convolution of the Poisson distribution with the Gamma distribution. This convolution
leads to an analytic expression for the resulting unconditional distribution of portfolio |osses.

Pl x :Eéwk
k

As presented so far, these models appear to be quite dissimilar. CreditMetricsis a bottom-up model (each
borrower’ s default is modeled individually) with a microeconomic causal model of default (the Merton
model). CreditPortfolioView is a bottom-up model based on a macroeconomic causal model of sub-
portfolio default rates. CreditRisk+ isan amost entirely top-down model of sub-portfolio default rates,
making no assumptions with regard to causality. Despite these apparent differences, each of these models
can be demonstrated to fit within a single generalized underlying framework, presented in the following
section.

I1. Generalized Underlying Framework for Credit Portfolio Modeling

The generalized credit portfolio model consists of three main components to calculate the portfolio loss

distribution:

A. Joint-default behaviour — Default rates vary over time, intuitively as aresult of varying economic
conditions; when conditions are favorable, fewer borrowers default, and vice versa. A conditional
default rate is generated for each borrower in each “state of the world” for the relevant economic
conditions. The degree of “concentration” or “correlation” in the portfolio is reflected by the extent to
which the borrowers’ conditional default rates vary together in different “ states of the world”.

B. Conditional distribution of portfolio default rate — for each “state of the world” and its corresponding
set of borrowers’ conditional default rates, the conditional distribution of ahomogeneous sub-portfolio
default rate can be calculated as if individual borrower defaults are independent, as all of the joint-
default behavior has been accounted for in generating conditional default rates.

C. Convolution / Aggregation —the unconditional distribution of portfolio defaultsis obtained by
aggregating homogeneous sub-portfolio’s conditional distribution of default rate in each “state of the
world”, and then by simply averaging across the conditional distributions of portfolio defaultsfor
different states of the world, weighted by the probability of agiven state.

This generalized framework (see Figure 1) allows a structured comparison of the models. The following

sections explain how each of the three models approaches these components, whether explicitly or

implicitly.
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Figure 1
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[1. A. Conditional Default Rates and Probability Distribution of Default Rate

All three models explicitly or implicitly relate default rates to variables describing the relevant economic
conditions (“systemic factors’). Thisrelationship can be expressed as a transformation function, the
“conditional default rate” function (see Figure 2). Thisfunction isexplicitly assigned in the econometric
model, and can be derived in closed form for both the Merton-based and actuarial models.

The systemic factors are random, and are usually assumed to be normally distributed. Since the conditional
default rate isafunction of these random systemic factors, the default rate will also be random. The default
rate distribution is an explicit assumption in the actuarial model, and an implicit assumption in the Merton-
based and econometric models. For purposes of comparison, the default rate distributions implied by the
latter two models can be derived easily.

The relationship between the systemic factor distribution and the default rate distribution is represented
graphically in Figure 2.

Figure 2
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Since the Merton model neither assigns the transformation function, nor assumes a probability distribution
for default rates explicitly, these relationships must be derived.
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Asexplained in section |, aborrower’ s default is motivated by anormally distributed change in
(standardized) asset value DA, , which is correlated with the change in asset value of other borrowersin the

portfolio. Thischange in asset value can be decomposed into a set of normally distributed orthogonal
systemic factors x, , and anormally distributed idiosyncratic component €, :

DA\‘ = bi11X1+bi’2X2 +...+ /1' é bi’kzei y
k

where b; . arethefactor-loadings, X, ,e; ~ iid N[0]], and consequently DA, ~ N[0]].

If the values of the systemic factors are known, then the standardized change in asset value will be
normally distributed with a mean given by the factor |oadings and factor values, and a standard deviation
given by the weight of theidiosyncratic factor. These systemic factors and factor |oadings can be selected
in such away as to exactly replicate the pairwise asset correlation structure® (in general thiswill require N-
1 factorsfor N borrowers, fewer if the pairwise asset correlation structure was created from a smaller set of
industry and country groupings). Alternatively, asmaller set of systemic factors might be selected.
According to the Merton model, default occurswhen DA, £ ¢, where the “critical value” cis calibrated to

provide the correct unconditional default probability p ; thatis F (c) = p , where F [x]isthe cumulative

density function of the normal distribution. The default rate, conditioned on the values of systemic factors,
can then be expressed as’

é o u
&C- A bixXi g
pi|x -Fé& _k

= .,
,’1' a by’ E
k u

For the single borrower or homogeneous portfolio case, the systemic factors can be summarized by asingle
variable m, reducing the transformation function to

DD D

where m ~N[01] and r = é_ by 2 isthe asset correlation in the homogeneous portfolio.
k

Since the cumulative normal function is bounded [0,1] and concave in the relevant region, the resulting
default rate distribution is bounded in [0,1] and skewed to theright asin Figure 2.

The probability density function for the default rate f(p) can be derived explicitly, asit isrelated to the
probability density function of systemic factorsj (m) by the following:

dﬂ{ _i (m(p)
dp dp

dm
Applied to the Merton-based model’ s transformation function and normally-distributed systemic factors,

f(p) =j (m(p))

thisyields
&c- \f1- r F Y(p)d
1-rj¢ rF 2
r

Jr p
f( ): , N ,
P Jri Fim)

where j (z) isthe standardized normal density function.

8 The correlations might be derived by Cholesky decomposition or Principal Components Analysis, for
example.
® Vasicek (1987) develops this representation of the Merton model for asingle factor.
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Econometric model
Asin section |, the econometric model explicitly defines the borrower’ s default probability as a function of
anindex value:
1
1+ eYix '
Thisindex value in turn depends on macroeconomic variables. Theindex and macroeconomic variable
models can be combined to a single equation for the index:
('jo
Yig :gb + a b;, kgako + a A i Xep-jont a D; € * Uiy
e & Gy K
The index thus consists of a constant term (itself composed of a constant and the weighted lagged values of
macroeconomic variables), and random terms representing normally distributed systemic and index-
specific innovations. For the single borrower or homogeneous portfolio case, the normally distributed
systemic and index-specific innovations can be summarized by asingle normally distributed variablem, so
that

Pit =

Vit :Ui +Vi m; ,
where
° e o 9
Ui =big +@ bixSako +a ajXks-j L»
K i g

V Var(ult) + a §2b|k cov(u,t,ekt)+ blk Var(ekt)+ a blkblm Cov(ektvemt)—

|

m? k %]
andm ~ N[0/]].
The conditional default rate function can then be expressed as
1
Pln= T coevm -

Since the Logit function is bounded [0,1] and concave, the resulting distribution is bounded [0,1] and
skewed to theright asin Figure 2.

Deriving theimplied probability density function for the default rate f(p) proceedsjust asin the Merton-
based model, yielding

- 1 .ceép ;é; +
f(p) = - 3
(P) Vp (- p) Y, ;

DOO O
Q-

Actuarial model

The actuarial model assumes that the default rate distribution f (p;ms ) follows a Gamma distribution, or

in the multi-sector case, aweighted-average of Gamma distributions™. The Gamma distribution is bounded
at left by zero but has infinite positive support. It ispossible to derive the actuarial model’simplied
transformation function such that when applied to anormally distributed systemic factor, it resultsin a
Gamma distribution for the default rate. The transformation function consists of all points (c,x) which

satisfy:

X ¥
(‘ﬁ(p;a,b)dp :d (m) dm.
0 c

10 Only the single-sector caseis considered in the discussion which follows. A weighted-average of
Gammadistributions will not in general be a Gamma distribution itself. The equations throughout the
remainder of this paper can be modified to the multi-sector case with moderate additional complexity.
However, all else equal, this should not make much difference.
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Hence, the transformation function is given by:
P|m =Y Y1- F(m)a,b),

G(z;a,b).S

Note that all three models are related as described to normally distributed systemic factors, but the normal
distributionis not acritical assumption. The default rate distributions for the Merton-based and
econometric models, and the implied conditional default rate function in the actuarial model, can easily be
calculated for an arbitrary systemic factor distribution. While non-normality may affect the results of
model comparisons, it does not in principle render them incomparable.

=2 2
wherea =2 b= % ,and Y (z;a, b) is the cumulative density function of the Gammadistribution

The three conditional default rate functions and default rate distributions are compared in section V.

I1. B. Conditional Distribution of Portfolio Default Rate
Under the condition that all loans are independent, given fixed or conditional default rates, a homogeneous
sub-portfolio’ s distribution of defaults follows the Binomial distribution B(k;n,p) , which provides the
probability that k defaults will occur in a portfolio of n borrowers given that each has probability of default
p:

Bkinp)= ——p¥ (1- p)" ¥

n kl'(n- k)! '

CreditMetricsimplicitly usesthe Binomial distribution by calculating the change in asset value for each
borrower and testing for default — exactly equivalent to the Binomial case of two stateswith agiven
probability. CreditPortfolioView explicitly usesthe Binomial distribution by iteratively convoluting the
individual obligor distributions, each of which is Binomial. CreditRisk+ approximates the Binomial with
the Poisson distribution P (k;pN), which provides the probability that k defaults will occur in a portfolio of

n borrowers given that each occurrence has arate of intensity per unit timep:
k
P(k;pN) =—(p|:) e P

The Binomial and Poisson distributions are quite similar. Indeed, the Poisson distribution is easily shown
to be the limiting distribution for the Binomial distribution, as the number of borrowers becomeslarge and
the default probability becomes small**. The Poisson distribution does allow for the possibility of multiple
defaults for a single borrower, but, for reasonably small default rates, the probability of multiple defaultsis
negligible. For portfolioswhich are heavily concentrated in afew names, or do not have alarge enough
number of borrowers, the Binomial and Poisson distributions may show differences; but in these cases,
credit risk models may not be relevant anyway, as the question reduces to whether or not particular
borrowers1 glefault. The difference between Binomial and Poisson should not be significant for reasonable
portfolios™.

11. C. Agaregation

The unconditional probability distribution of portfolio defaultsis obtained by aggregating the conditional
distributions of portfolio defaults under all possible “states of the world” for relevant economic conditions.
Thisissimply calculated by averaging across the conditional distributions of portfolio defaults for different
“states of the world”, weighted by the probability of agiven state, as depicted in Figure 3. Mathematically,
thisis expressed as a convolution integral.

M see Freund (1992).
12 Stuart & Ord (1994) provides expressions for the maximum difference between the Binomial and
Poisson distributions.
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Figure 3
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The Merton-based and econometric models are conditioned on normally distributed systemic factors, and
the independent loans are Binomially distributed. Hence, the convol ution integral for a homogeneous sub-
portfolio with a single systemic factor is expressed as

¥
Prob(k defaultsinasub-portfolio of nborrowers ) = (‘j3(k;n,p [m)j (m) dm.

-¥
The actuarial model is conditioned on the random default rate, and the independent |oans are assumed to be
Poisson distributed. Therefore, the convolution integral for a homogeneous sub-portfolio is given by:

¥
Prob(k defaults in asub-portfolio of nborrowers ) = (°(k;np) G(p;a, b) dp.

0
These integrals are easily evaluated; in particular, the convolution of the Poisson distribution and Gamma
distribution yields a closed-form distribution, the Negative Binomial Distribution. It isthe differences
between sub-portfolios— differing exposure size or default probabilities, or multiple systemic factors,
complex correlation structure, etc. —that create difficulty in aggregation. CreditMetrics performsaMonte
Carlo simulation of both the systemic factors and the individual borrower default outcomes. Monte Carlo
simulation introduces sampling error which can be mitigated by increasing the number of simulations.
CreditPortfolioView al so uses Monte Carlo simulation of systemic factors (and hence default probahilities),
and then eval uates the conditional portfolio distribution with a convolution algorithm. Thisalgorithm
talliesthe portfolio distribution in a“grid”, causing an approximation error which can be mitigated by
increasing the number of grid points. CreditRisk+ evaluates the convolutions with a numeric algorithm.
This numeric algorithm introduces an approximation error in the “banding” of exposures'®, which can be
mitigated by decreasing the “unit size”. In all three cases, the procedures are theoretically exact in the
limit.

Figure 4 depicts the models as they are redefined in relation to the generalized framework, highlighting the
specific components of each.

13 See CSFP (1997) for analysis of the magnitude of this approximation error.
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Figure 4
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[11. Harmonization of joint-default parameters

The preceding discussion of the models’ workings highlights that all three models critically depend on two
elements of information: unconditional default probability and joint-default behavior. While unconditional
default probability appearsin arelatively consistent, straightforward manner in each model, joint-default
behavior appearsin avariety of forms. The Merton-based model uses pairwise asset correlations; the
actuarial model uses sector default rate volatilities and borrower sector weightings; and the econometric
model calculates regression coefficients to macroeconomic factors which incorporate correlations amongst
the factors. Although these parameters are very different in nature, they all are related to each other and
should contain equivalent information to characterize joint-default behavior.

Coefficients and correlations
Asdescribed in section11.A, joint-default behavior is represented in Merton-based models as a pairwise
asset correlation matrix, or equivalently as a set of asset factor-loadings for each borrower:

DA| = bi’1X1+bi’2X2 +...+ /1' é bi’kzei .
k

The systemic factors are defined to be orthonormal, so that
E[DA;DA]- E[DA; JE[DA|]

J(EIDA?]- E[DA °)(E[DA,*]- E[DA, 1)
Using thisrelationship, a pairwise correlation matrix is easily calculated given asset factor-loadings, and
factor-loadings can be derived from a pairwise correlation matrix (though the factors will not be specified).
Hence asset correlation will be related to other joint-default behavior parameters, asit isusefully asingle
statistic for any pair of borrowers; asset factor-loadings will first need to be translated to asset correlation
in order to make use of the relationships which will be derived.

correlation[DA;, DA, ] = =b b +biob,+.

The econometric model’ s logistic regression coefficients, which define the relationship of the default rate
“index” to macroeconomic variables, bear strong resemblance to the asset factor |oadings of the Merton-
based model. Infact, an “index correlation” iseasily defined in asimilar fashion. First, asin section11.1,
the index isre-stated in terms of index coefficients and random innovations as well as macroeconomic
variable coefficients and random innovations:

00

—8% +Ab, G +3 T+ 3b +
Yit =Pio APk T A & Xkr-j oot A Pig®ie TUig-
e k j ﬂg k

Then,
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Elyity:]- ElyiJELY it ]
Jvar(yi)var(y;,)

correlation[y, Y 1=

o & o 0
cov(ui,Uujs) +a ébi,k COV(U 1,8 1) + by cov(U;,€¢;) + A Piy by m COV(Ey 1, 8m 1 )E
k m g

ViV

o & o 0
where Vi =.[VarQii;) + @ G20k Covlis 8) + by var@:) + @ 1 bim OV Em)

k mt k %]
Asset correlation and “index correlation” are very similar in concept, but will provide slightly different
results to the extent that their respective conditional default rate functions are different (see section 1V).
For the purposes of translation to other forms of joint-default parameters, the degree of similarity should be
sufficient; accordingly, only asset correlation will be considered in the discussion which follows. The
interested reader is encouraged to work out the relationships for index correlations as distinct from asset
correl ations using the same techniques.

Default rate volatility
Default rate volatility s iscalculated by the standard formulafor variance:
¥

=gp- M f(p)dp.

In particular, for the Merton model, the default rate volatility can be expressed asafunctionof r and p :

¥
\ [Pl

2= &plm - P)%j (m)dm = Fe—
& e T

Figure 5 shows the resulting relat|onsh|p between asset correlation and default rate volatility.

u —)21 (m)dm.

Figure 5
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Default correlation

Some applications, and indeed some models, take a Markowitz variance-covariance view to credit risk
portfolio modeling. Each borrower has a variance of default given by the variance for a Bernoulli variable:
var(default;) = p;(1- ;).

A pairwise default correlation matrix is specified, and the portfolio variance (due to defaults) can be
calculated by the standard w >xS w' operation (wis the position vector —in this case containing each
borrower’ s exposure net of recovery —and S is the covariance matrix).
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For a homogeneous portfolio with alarge number of names, the portfolio variance approaches

s?= P(L- P) I gefaul -

As the infinite homogeneous portfolio’s default rate volatility is precisely the parameter in the actuarial
model, this provides the relationship between default correlation and default rate volatility for two
borrowers with the same unconditional default rate**. Thisrelationship isillustrated for various levels of
unconditional default rate in Figure 6.

Figure 6
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In general, default correlation is calculated by the standard formula
E[default; and default ;] - E[default; JE[default ;] _ E[default; and default;]- pip;

I gefaurt () = — =
e JJvar( default;) var( default ) J@@- pXP; - B))
where
¥¥
E [default; and default;] = Ocp; p; f(pi,p;) dp; dp; ,
00
or, if the default rate can be stated in terms of a systemic factor,
¥

E[default; and default ;1= | m Pj|mj (M)dm .
- ¥

Reverting to the causal model of default in the Merton model, a simplified expression can be derived for
default correlation in the Merton model, as joint-default occurs only when the two borrowers’
(standardized) asset values fall below their respective critical values:

Ci ¢
E[default; and default;]1= ) (j (DA;,DA;;r ) dDA; dDA, .

-¥ -y
Thejoint distribution of two borrowers’ changesin asset values is the bivariate normal distribution:

DA >- 2r DA DA, +DA/?

f(DA DA 1) = 2(1-12)

1
———e
2p41- 12

Thus calculated, the relationship between asset correlation and default correlation isillustrated in Figure 7.

14 CSFP (1997) provides a general formulafor the default correlation between two borrowers with differing
default probabilities, given their sector allocations and the sector default rate volatilities.
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Figure 7
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This calculation can be performed for differing default probabilities aswell. Notethat it also appliesto the

multi-sector case, asfor any pair of borrowers, the systemic factors can be summarized to asingle factor;
i.e. two borrowers always have just one asset correlation no matter how many factors there are.

These mappingsin Figures 5, 6, and 7 relate the joint-default parametersin all three models aswell as the
“covariance” model. Such mappings are especially useful in parameter estimation. For instance, in the
absence of equity prices, default rate volatilities can be used to estimate implied asset correlations. The
mappings also allow parameter estimates to be “triangulated” by multiple methods, to the extent that model
differences are not significant.

Note, however, that these illustrated mappings assume the homogeneous portfolio case (p; =p; = p ); if

the default rate differs between borrowers, the more general translation formulae will be required.

V. Differencesin the Default Rate Distribution

The discussion in section |1 demonstrates that substantial model differences could arise only from the
differing treatment of joint-default behavior —the conditional default distributions are effectively the same
for the relevant cases, and the convol ution and aggregation techniques are theoretically exact in the limit.
Section I11 has provided the means to compare the joint-default behavior on an apples-to-apples basis.
This comparison will beillustrated for ahomogeneous portfolio with an unconditional default rate p of
116bp and a standard deviation of default rate s equal to 90bp™®. Since each model produces a two-
parameter default rate distribution, the mean and standard deviation are sufficient statistics to define the
parameters for any of the models. Before the comparisons can be performed, the relevant parameters for
each model must be derived such that the models match the unconditional default rate and standard
deviation of default rate.

Merton-based model
The merton model requires two parameters: the critical value ¢, and the asset correlation r . The crtical

valueisdefined in terms of the unconditional default probability:
c=F (p)
Asin section |1, the default rate volatility is calculated by

¥ & & J_ v}

y 5
2 hY
= YP|m - P)?j (m)dm = OGFe—u pTj (m)dm,
- vé 81 @

which dependsonly oncand r .

15 These parameters were selected to match Moody’ s “All Corporates’ default experience for 1970-1995, as
reported in Carty & Lieberman (1996).
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Inorder toyield p = 116bpands =90bp, the parameters for the Merton-based model arec = -2.27 and
r =0.073.

Econometric model

The econometric model requires avariety of constants and coefficients which, asin sectionll.A, can be
summarized by two parametersU andV. Thetwo parameters are found by solving the following system
of equations:;

LS

_ Y1
P=O0——=! (m)dm, and
oy 1+e
Yo 1 &
2 N N H
s2=2 = 52 (m)dm.
_ggl+euwm s

Inorder toyield p =116bp ands = 90bp, the parameters for the econometric model are U =4.684 and
V =0.699.

Actuarial model
The parameters required by the actuarial model are defined directly in terms of the unconditional default
rate and default rate volatility:

2

=2
a:—p2 , and b:—S_ .
s

Inorder toyield p =116bp ands = 90bp, the actuarial model’ s Gamma distribution parameters are
a =1.661land b =0.0070.

Figure 8 compares the conditional default rate functions. In this example, the models are virtually
indistinguishable when the systemic factor is greater than negative two standard deviations, which accounts
for almost 98% of the probability mass. For extremely unfavorable economic conditions (systemic factor
less than negative two standard deviations), the econometric model predicts a somewhat higher default rate,
and the actuarial model predicts a somewhat lower default rate.

Figure 8
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Figure 9 compares the default rate distributions, which naturally show asimilar result. These modelsimply
very similar probability density functions for the default rate, with only minor discrepancies at the tail.
Figure 10 comparestheright tails of these default rate distributions. Note that both of these figures show
default rate distributions, not portfolio loss distributions; the portfolio loss distribution approaches the
default rate distribution as the number of borrowers becomesvery large.
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Figure 9 Figure 10
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The degree of agreement in the tails of these distributions can be assessed with the following statistic:
¥
& (9~ g(x)| dx
X,(f,0) =1- 2 . ,
G (x) dx + cp(x) dx
z z

where f(x) and g(x) are probability density functions and z defines the lower bounds of the “tail”.

This statistic measures the amount of the probability distributions’ mass which overlapsin the relevant
region, normalized to the total probability mass of the two distributionsin that region. The statistic will be
bounded [0,1], where zero represents two distributions with no overlapping probability mass, and one
represents exact agreement between the distributions. The “tail” has been defined arbitrarily asthe area
more than two standard deviations abovethemean, i.e. z=p +2s .

Thetail-agreement statistics for the example distributionsin Figures 8-10 are givenin Table 1.

Tablel
X(Merton vs. Econometric) 94.90%
X(Merton vs. Actuarial) 93.38%
X(Econometric vs. Actuarial) 88.65%

Without a credible alternative distribution (the normal distribution, for example, is obviously inappropriate
and would clearly show that the three distributions are relatively very different from normal and very
similar to each other'®), this tail-agreement statistic provides a relative rather than absolute measure.
However, it can be used to test the robustness of the similarity to the parameters, asin the Table 2:

16 Comparison to the normal distribution would yield atail-agreement statistic of less than 70%, given that
the normal distribution has 2.3% probability massin the tail above two standard deviations whereas the
three credit model distributions have around 4.4% - 4.7% probability massin their tails.
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Table2
s/p

0.50 1.00 2.00 3.00
98.10% | 95.94% | 91.16% | 89.12% [ X(Merton vs. Econometric)
0.05%| 93.53% | 88.50% | 81.17% | 78.99% | X(Merton vs. Actuarial)
91.71% | 84.70% | 73.13% | 69.04% X(Econometric VS. Actuar|a|)
97.92% | 95.57% | 91.15% | 88.40%
0.10% | 93.75% | 88.94% | 82.16% | 80.40%
91.73% | 84.78% | 73.95% | 69.73%
97.61% | 94.93% | 90.35% | 87.86%
0.25% | 94.11% | 89.73% | 83.87% | 82.92%
91.79% | 84.97% | 74.83% [ 71.60%
97.33% | 94.41% | 89.91% | 88.09%
0.50% | 94.42% | 90.56% | 85.71% | 85.61%
91.88% | 85.30% | 76.15% [ 74.28%
97.06% | 93.97% | 89.89% | 88.97%
1.00%| 94.93% | 91.69% | 88.29% | 89.38%
92.04% | 85.93% | 78.57% | 78.72%
96.62% | 93.62% | 90.77% | 91.33%
2.50% | 95.82% | 93.94% | 93.65% | 94.68%
92.62% | 87.79% | 84.77% | 87.53%
96.33% | 93.85% | 92.79% | 94.59%
5.00% | 97.02% | 96.70% | 95.24% | 81.79%
93.55% | 90.87% | 91.38% [ 79.96%
96.21% | 94.92% | 95.79%
10.00% | 98.55% | 95.57% | 72.95% | N/A*
95.45% | 95.22% | 72.41%
*Not a reasonable combination of parameters—model
results become unstable

ol

Theresultsin Table 2 demonstrate that the similarity of the models holds for a reasonably wide range of
parameters. The models begin to diverge at avery high ratio of default rate volatility to default probability,
particularly for very low or very high default probabilities (upper right and lower right regions of the table).
In the case of very low default probabilities (upper right) the conditional default rate functions of the
Merton-based and econometric models become much more concave than that of the actuarial model. In the
case of very high default probabilities (lower right), the gamma distribution’ s lack of upper bound begins to
have asignificant effect. Accordingly, in very high quality (AA or better) or very low quality (B or worse)
portfolios, model selection can make a difference, though there is scant data on which to base such
selection. In aportfolio where very high or very low quality sub-portfolios have only moderate weight,
these differences should not be significant in aggregation.

Thisfinding, that the models are quite similar across a broad range of reasonable parameters, should be
taken with caution, asit hinges on using harmonized parameter values. In practice, the parameter values
actually used will vary by estimation technique. The different estimation techniques appropriate to
different joint-default parameters may result in estimates which are inconsistent relative to the
equivalenciesin section I11. Even default probabilities may vary considerably depending on the estimation
technique, sample, etc. Unsurprisingly, when the parameters do not imply consistent mean and standard
deviation of default rate distribution, the result is that the models are significantly different. Suchacaseis
illustrated in Figure 11, where three models are compared on the basis of three hypothetical parameter sets
(see Table 3) which arenot consistent, though plausibly obtainable for the same portfolio. Table 4 presents
the tail-agreement statistics for all possible combinations of model and parameter set.
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Figure 11
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Table3
Hypothetical inconsistent parameter val ues:
P s c r a b u \% model for comparison*
1] 226%| 1.70%]| -2.00f 85%| 1.767| 0.0128 4.00 0.70 Econometric
21 152% | 171%]| -2.16| 144% | 0.790( 0.0192 4.60 0.95 Actuarial
3| 154% | 263%| -2.16| 26.2% | 0.343| 0.0449 4.95 1.30 Merton

*|n the incongistent parameter case, the parameter sets' “ models for comparison” were selected arbitrarily. Unshaded cells
indicate the parameters appropriate to the selected model.
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Table4d
Tail-agreement statistics~ for hypothetical inconsistent parameter sets:

leon 1Economaric 1Actuarial 2Memn 2Eoonomelric 2Ac1uariel 3Merton 3Eoommetric 3Actuariel
Lierton N/A
1Economaric 94.78% N/A
Lacaial 94.47% 89.43% N/A
2\erton 75.86% 80.74% 71.11% N/A
2Econometric 69.53% 74.40% 65.02% | 93.03% N/A
2Acuaia 81.63% 85.00% 78.05% | 91.96% 85.27% N/A
SMerton 73.85% 77.46% 68.90% | 77.74% 72.82% 77.85% N/A
3econometric 70.87% 75.17% 65.69% | 83.36% 80.94% 79.23% | 91.28% N/A
3actuaia 76.53% 78.77% 72.09% | 70.27% 65.55% 73.85%| 90.91% 82.49% N/A

**To allow for comparison between parameter sets, the “ tail” was consistently defined as the smallest value of
z=p+2s ,494bp (parameter set 2)
Bold figures represent the three possibilitiesillustrated in the “ inconsistent parameters’ casein Figure 11.

Table 4 shows that within a consistent parameter set (3x3 boxes on the diagonal), the models are in close
agreement, with tail-agreement statistics averaging 91.40% and ranging from 82.49% to 94.78%. Large
differences are found between inconsistent parameter sets (3x3 boxes off of the diagonal), with tail-
agreement statistics averaging 76.18% and ranging from 65.02% to 85.00%. The differencesin parameters,
well within the typical range of estimation error, have much greater impact than model differencesin this
example.

V. Conclusions

On the surface, the credit risk portfolio models studied in this paper seem to be quite different — the
approaches range from a bottom-up microeconomic model of an individual borrower’s default to atop-
down macroeconomic model of the default rate for a sub-portfolio of borrowers. However, deeper
examination reveal s that the models belong to asingle general framework, which identifies three critical
points of comparison —the default rate distribution, the conditional default distribution, and the
convolution / aggregation technique.

Differences were found to be immaterial in the conditional default distributions and the convolution/
aggregation techniques, so that any significant differences between the models must arise from differences
in modeling joint-default behavior which manifest in the default rate distribution. Further, when the joint-
default parameter val ues are harmonized to a consistent expression of default rate and default rate
volatility, the default rate distributions are sufficiently similar asto cause little meaningful difference across
abroad range of reasonable parameter values. Any significant model differences can then be attributed to
parameter value estimates which have inconsistent implications for the observable default rate behavior.

Parameter inconsistency is not atrivial issue. A “naive” comparison of the models, with parameters
estimated from different data using different techniques, is quite likely to produce significantly different
results for the same portfolio. The conclusions of empirical comparisons of the models will vary according
to the degree of difference in parameters'’. In such comparisons, it isimportant to understand the
proportions of “parameter variance” and “model variance” if different results are produced for the same
portfolio. Thefindingsin this paper suggest that “parameter variance” islikely to dominate. Future studies
should focus on the magnitude of parameter differences and the sensitivity of resultsto these differences.
The implications of parameter inconsistency range beyond sample portfolio comparisons. Parameter
inconsistency can arise from two sources: (1) estimation error, which could arise from small sample size or
other sampling issues, or (2) model mis-specification. While default rate volatility may be immediately
observable, even long periods of observation provide small sample size (e.g. 25 years of default rate
experience isonly 25 data points) and risk change in the underlying behaviors. At the other extreme, asset
correlations can be measured with reasonable sample size in much shorter periods, but risk mis-
specification in the assumptions with respect to return distributions and default causality in the translation
from asset correlations to default rate volatility. Rather than conclude that parameter inconsistency

17 For example, ISDA (1998) and Roberts and Wiener (1998) compare the results of several models on test
portfolios. The former finds that model results are fairly consistent, while the latter finds that the models
may produce quite different results for the same portfolio using parameters independently selected for each
model.
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potentially constitutes irreconcilable differences between the results of these models, this paper concludes
that because the models are so closely related, the estimates are complementary and should provide
improved accuracy in parameter estimation within the generalized framework as awhole.

Thefindings of this paper do not in any way suggest that one of the modelsis necessarily superior to the
others, nor do they suggest that users should be indifferent between the models. Rather, these findings
suggest that relative “theoretical correctness’ need not rank among a user’ s model selection criteria, which
might then consist primarily of practical concerns such as ease of use, data availability, speed, flexibity, etc.
which are beyond the scope of this paper.

A useful metaphor can be drawn from the success of the “Value-at-Risk” framework in modeling market
risk. Value-at-Risk has become the industry standard, with widespread use among end-users and
acceptance as the basis for capital requirements among regulators. But in practice, Value-at-Risk
encompasses avariety of different modeling techniques, as well as different parameter estimation
techniques, some of which can be quite significant; for example, historical simulation vs. variance-
covariance, delta-gammavs exact Monte Carlo simulation, etc. It isthe underlying coherence of the Value-
at-Risk concept — that risk is measured by combining the relationship between the value of trading
positions to market variables with the distribution of those underlying market variables —which ensures a
consistency sufficient for widespread acceptance and regulatory change. In the same way, the underlying
coherence of concept amongst these new sophisticated credit risk portfolio models should allow them to
overcome differences in calculation procedures and parameter estimation. Rather than dissimilar
competing alternatives, these models represent an emerging industry standard for credit risk management
and regulation.
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