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T
he usual approach to portfolio management is
to use measures of expected return and risk of
assets, as well as the covariance of these returns,
to create a portfolio with the highest possible

expected return for a given level of risk. Very good port-
folio managers will add value through their ability to
choose undervalued credits.

The problem with using the standard deviation of
returns as the measure of risk is that, as a summary mea-
sure, it fails to account for the whole distribution. As a
result, portfolio managers may not discover their expo-
sure to the risk of extreme events, and therefore take on
risk without being compensated for it.

Exhibit 1 illustrates why it is important for a port-
folio manager to focus on the whole distribution of
losses, and not merely on a point estimate of expected
losses. The graph shows the distribution of projected
losses on two portfolios whose expected losses are iden-
tical. The standard deviations ofboth distributions are
identical. Yet the distributions are noticeably different.

The likelihood of experiencing losses greater than
3% of market value is 30% for Portfolio A but just 24%
for Portfolio B. All else equal, a portfolio manager who
examines the loss distributions for both portfolios prob-
ably would prefer Portfolio B because it is less likely to
suffer severe losses.

We propose applying the methodology used to
construct and analyze collateralized debt obligations
(CDOs) to measuring and managing the credit risk in
corporate bond portfolios. A basic CDO invests in a
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Distribution of Losses for Two Portfolios
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portfolio of bonds or loans and issues its own bonds. In
most cases, a CDO issues multiple classes of bonds with
different levels of seniority. Each class protects the ones
senior to it from losses on the underlying portfolio. Since
different investors buy different tranches ofa CDO, ana-
lyzing the whole distribution of potential losses in the
portfolio, rather than just the expected (or average) losses,
becomes essential in assessing the risk profile of each
tranche.'

Market participants often analyze CDOs using com-
puter simulation techniques that highhght the distribution
of outcomes that the underlying portfolio might experi-
ence. With that knowledge in hand, the portfolio man-
ager can adjust the portfolios risk profile. The manager
may use credit derivatives, such as credit default swaps
(CDS), to increase or reduce exposure at different rating
levels, industries, and maturities.

KEY INGREDIENTS OF THE SIMULATION

A simulation-based CDO analysis treats bonds as
having mathematical properties that describe their behav-
ior. More specifically, bond defaults are treated as if they
are governed by the laws of probabihty. At first blush, the
mathematical abstraction may seem fallacious to a tradi-

tional corporate bond portfolio manager. After all, in the
real world, bonds default because of fundamental factors
such as excessive leverage or a recessionary environment.
For large groups of bonds viewed over extended periods,
though, the mathematical abstraction produces a fair
approximation ofthe real world. Remember, the CDO
analysis described here should be viewed as a supplement
to other tools, not a replacement for them.

The heart of the CDO analysis is a Monte Carlo
simulation ofa portfolio's credit performance over a spe-
cific time horizon (e.g., one year). The analysis requires
assumptions about certain properties of the underlying
bonds: 1) their probabilities of default, 2) recovery rates
following defaults, and 3) correlation of default risk among
different bonds."̂

Probability of Default

The simulation process requires that we assign each
bond in the portfolio a probability of default. For riskless
securities, such as Treasury bonds, the probability of
default would be zero. For all other bonds, the probabil-
ity of default would be between zero and one.

One easy way to assign default probabilities is to use
bond credit ratings from the rating agencies. For exam-
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pie, the historical default rate for Baa3-rated bonds
arguably provides a reasonable estimate of the probabil-
ity that such bonds will default iti the future.

Moody's and SikP regularly publish default rates for
corporate bonds. They show the average default rates for
bonds in different rating categories over various time
horizons.^

Bonds in the highest rating categories display zero
defaults over time horizons of just one or two years.
Therefore, for purposes of a simulation analysis, it is advis-
able to use default frequencies measured over longer time
horizons and to convert those frequencies into equivalent
one-year frequencies. For example, a five-year default
rate can easily be translated into an equivalent one-year
default rate using tbe formula:

Equivalent One-Year Default Rate

= \ - ^l ~ (Five-Year Default Rate)

Thus, the 43.55% five-year default rate for bonds
rated B3 corresponds to an equivalent one-year default rate
of 10.80%.

A portfolio manager who has a specific view about
whether corporate bond defaults are likely to increase or
dechne can use higher or lower default probabilities to suit
that view. For example, the historical default rates of a spe-
cific year could be selected as the basis for assigning default
probabilities.

Beyond historical default rates, a portfolio manager
has other potential sources for assigning default probabil-
ities to specific bonds. For example, the portfolio man-
ager can use equity prices, credit spreads, or other market
data to estimate default probabilities. There are several
third-party products, such as CreditEdge^*^ irom Moody s
KMV, that provide estimates of default probability based
on such approaches.

Recovery Rates

As with default rates, historical data provide a rea-
sonable basis for assumed recovery rates in a simulation.
The sitiiplest approach is to use a single recovery rate
assumption for all bonds in a portfolio. Because most cor-
porate bonds represent senior unsecured debt or senior
subordinated debt, a reasonable starting point is a recov-
ery assumption of 40%. A simulation model becomes
only slightly more complex by using different assumed
recovery rates for bonds at different levels of seniority (or

for bonds at different rating levels).
In the most elaborate simulations, recovery rates

can be tied to (i.e., correlated with) default rates, so that
recoveries decline when there are many defaults (e.g., dur-
ing a recession). There is some evidence of an inverse cor-
relation between default rates and recovery rates/

Correlation

Correlation is the trickiest part of a C D O analysis.
There are many mathematical approaches to tackling cor-
relation. Some are quite complicated and require a port-
folio manager to assign a correlation factor to each separate
pairing of bonds in the portfolio (i.e., construct a whole
correlation matrix). A somewhat simpler approach is to
assign correlation factors based on the specific industry
classifications of the bonds' issuers. Fitch uses this approach
in its CDO rating analysis.

An even simpler approach, and the one used by
S&P, is to assume a single correlation factor between
bonds from issuers in the same industry and a somewhat
lower factor for the correlation between bonds of issuers
in different industries. For example, S&P generally assumes
30% correlation between issuers in the same industry and
0% correlation between issuers in different industries.

The simplest approach is to use a single correlation
factor to describe all correlations within a portfolio. This
is the approach many trading desks use to manage their
risk from trading credit derivatives."*

For simulating tbe credit risk dimension of a cor-
porate bond portfolio, it is reasonable to balance the
desire for detailed realism with the benefits of simplicity.
We recommend using a framework with two correlation
factors: one defining the correlation among bonds of
issuers in tbe same industry, and one defining the corre-
lation among bonds oi issuers in different industries.''

A fair starting point is 15% interindustry correlation
and 35% intraindustry correlation. This provides a some-
what more conservative correlation assumption than the
ones Moody's and S&P use in their CDO rating analyses.

SIMULATION MODEL

Once we have the three key ingredients—default
probabilities, recovery rates, and correlations—we need
one more item before we can really perform a CDO
analysis: a simulation model.

The simulation model for a C D O analysis takes the
three key assumptions and processes them to generate a
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distribution of simulated outcomes for the subject port-
folio. The simulation process consists of numerous itera-
tions ofthe main calculations, often 10,000 or more. In
each iteration, the computer generates random numbers
and uses them, together with the key assumptions, to cal-
culate simulated losses on the subject portfolio. Tben, tbe
simulation agiî regates the results for all iterations and
reports the distribution of outcomes.

The calculation process in each iteration can be
either simple or complex. Simplicity offers the advatitages
of high speed and low cost. Greater complexity offers the
potential advantage of greater realism. We generally favor
a balance between the two extremes. Many financial pro-
fessionals can create their own simple simulations using
either Microsoft Excel by itselt or in combination with
specialized simulation add-ins such as @Risk from Pal-
isade Corporation. Complex simulation models may
require programming work by specialists, which can have
the effect of distancing a portfolio manager from the sim-
ulation model.

In Adelson and Whetten |2004b] we describe a
simple simulation model. Here is a quick summary of how
it works.

The simulation uses the notion of default time, which
is usually denoted by the Greek letter I. In essence, the
key idea is that all risky issuers eventually default, at some
time between now and the end ofthe world. The con-
verse of an issuers default probability is its survival prob-
ability. For example, if an issuer's default probability is 5%
annually, its survival probability for one year is 95%. Its
survival probability for two years would be 90.25%, which
is 95% squared. The issuer's survival probability for X
years would be 95% raised to the power of T (i.e., 0.95^.

To smiulate the default time for bonds ofa partic-
ular issuer, generate a uniform random variable, u, and
solve the formula for T.

0.95' = u

If ris longer than the maturity ofa given bond from
the related issuer (or longer than the time horizon ofthe
simulation), the bond does not default. If T is shorter than
the bond's maturity, a default occurs.

For a good model, it is not enough to simply sim-
ulate the default times of individual bonds in a portfolio.
It is necessary further to address the correlation of default
risk among the bonds. To do this, we use techniques to
link the default times of different issuers. For our pur-
poses, we use a model that allows us to specify individ-

ual correlation coefficients between each pair of issuers.
A somewhat simpler way is to use a single-factor

approach with just one correlation coefficient (p) that
describes the correlation among all pairs of bonds in the
portfolio.

For example, a single-factor Gaussian copula
approach uses four steps to produce correlated default
times (T) for different issuers in a portfolio:'

1. First, for a portfolio of u bonds from different
issuers, generate JJ + 1 independent, normally dis-
tributed random variables. Designate one of them
y and the rest of them e^ through ê .̂

2. Second, combine the correlation coefficient (p)
with the variables from the previous step to gen-
erate » correlated and normally distributed random
variables (designated x^ through xj by using the
formula:

X. =

3. Third, use the cumulative distribution function
of the standard normal distribution to convert
each ofthe x variables into a corresponding uni-
formly distributed random variable in the range
from 0 to 1, designated H..

4. Fourth, use the u. variables and the default time
formula above to calculate T values, where T- is the
default time ofthe i-th issuer ofthe portfolio.

Each iteration o\^ the simulation uses simulated
default times to tell whether bonds of each issuer default.
That is, the simulation uses r to tell whether bonds ofthe
I'-th issuer default. For each bond that defaults, the port-
folio loses the principal amount of the bond less the
recovery. Summing the losses for all defaulted bonds
gives the total portfolio loss for that iteration. Repeat-
ing the process thousands of times provides a whole dis-
tribution of portfolio losses that a portfolio manager can
examine and analyze.

RUNNING THE SIMULATION

Suppose a hypothetical portfolio manager manages
a portfolio including corporate bonds from around 200
issuers. Suppose that the average rating of the issuers is
around Baa3/BBB- and that the portfolio is slightly over-
weighted in certain industries. Exhibit 2 shows the indus-
try diversification of the portfolio, and Exhibit 3 shows
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Portfolio Industry Diversification
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E X H I B I T 3
Portfolio Credit Quality Distribution
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the rating distribution.
The portfolio manager could run simulations on the

portfolio to graph the distribution of simulated losses,
expressed as a percentage of market value. Suppose that
default probabilities are based on Moody s historical default
rates, and interindustry correlation of 15% and intrain-
dustry correlation of 35% are assumed. Suppose further
that the manager assumes recovery rates that vary accord-

ing to rating category—that is, that bonds with higher rat-
ings experience higher recovery rates following default
than bonds of lower ratings.

INTERPRETING THE RESULTS

Suppose the portfolio manager simulates the per-
formance ofthe portfolio over a period of one year and
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gets the loss distributions shown in Exhibit 4. Note tbat
the loss distribution for the portfolio bas a tail extending
out to the right. The loss distribution in Exhibit 4 shows
there is roughly a 2.1% chance oflosing more than 3% of
the portfolio's value in one year. The portfoho manager
must decide whether that likelihood is within acceptable
bounds. If not, there are various strategies for fine-tun-
ing the portfolio to alter its exposure to high-loss scenarios.

In Exhibit 4 there is a slight bump in the loss dis-
tribution at the 1.95% mark. That bump reflects the
impact of the portfolios lumpiness—it has bonds from
only around 200 issuers. Without performing simula-
tions, the portfolio manager probably could not discern
that losses in the 1.95% bucket are somewhat more likely
than losses m the 1.80% or 1.65% buckets."

To explore the implications further, suppose the
portfolio manager performs simulations over a longer
time horizon, such as five years. The results are shown
in Exhibit 5. Here, the simulated frequency of suffering
losses of more than 3% increases to 30%.

The simulation results shown in Exhibits 4 and 5
treat the portfolio as entirely static. While that might be
a reasonable basis for a one-year time horizon, it may be
unreahstic for an actively managed portfolio over a longer
interval; the portfolio manager might trade out of some
positions that would otherwise have subsequently

defaulted. On the other hand, for portfolios of illiquid
securities, such as private placements, it may be not be pos-
sible to trade out of deteriorating credits. In that case,
treating the portfolio as static over longer time horizons
is entirely reasonable (and prudent).

In addition, die results shovel in Exhibits 4 and 5 show
losses on a gross basis. That is, they do not show the off-
setting effect of the incremental spread that the portfolio
earns fi'om investing in risky securities. Indeed, as shown in
Exhibit 3, nearly 58% of the portfolio is rated below sin-
gle-A, and slightly over 13% is rated double-B or lower.

ACTING ON THE RESULTS

If the portfolio manager feels the portfolio has too
much exposure to the risk of severe losses (i.e., > 3%),
there are several options. One possibihty is to sell some
of the portfolio's weaker credits. Or, the portfolio man-
ager might use credit derivatives to adjust the distribution
of losses. Techniques for tuning performance may include
any of the following:

• Buying protection through a credit default svrap
index (e.g., DJ CDX.NA.IG or DJ CDX.NA.HY)
to reduce macro risk.

E X H I B I T 4
Simulated Portfolio Loss Distribution—Base Case, One-Year Time Horizon
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E X H I B I T 5
Simulated Portfolio Loss Distribution—Five-Year Time Horizon
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• Buying protection through a CDS subsector
index (e.g., DJ CDX.NA.ENRG or DJ CDX.
NA.INDU) to reduce sector-specific risk.

• Buying single-name CDS to reduce name-specific
risk.

The portfolio manager could buy protection tor a
five-year time horizon using standard contracts or purchase
protection tor a shorter period with the intention of
adjusting the hedge periodically. Another option for the
portfolio manager would be to rebalance the portfolio
toward stronger credits by sc!lii{iJ protection on issuers
that are not already included in the portfolio.

Suppose the portfolio manager uses CDS to buy pro-
tection on the single-B-rated issuers in the portfolio.
Exhibit 6 shows the distribution of simulated losses on the
portfolio after incorporating the protection on the single-
B-rated issuers. A comparison of Exhibit 6 with Exhibit
4 indicates that the tail ot the distribution is much thin-
ner. In fact, by hedging the single-B exposures, the sim-
ulated frequency of suffering losses of more than 3%
declines to just 0.4%, compared to 2.1% in the base case
(Exhibit 4). In addition, the mean simulated loss on the
porttolio drops 23 basis points with the hedge.

Suppose that the cost of hedging the single-B cred-

its is about 330 basis points on the single-B portion of the
portfolio (on a running basis). The single-B credits rep-
resent roughly 4.5% of the whole portfolio. Therefore, on
an overall basis, the cost of hedging the single-B credits
translates into 15 basis points on the total portfolio. Thus,
the benefits of the hedge—a 23 basis point reduction in
mean losses and a thinner tail on the whole distribution
of expected losses—appear to fully justify the cost of 15
basis points.

Alternatively, the portfolio manager might consider
hedging the double-B credits in the portfolio. Exhibit 7
shows the distribution of simulated losses on the portfo-
lio after incorporating the protection on the double-B-
rated issuers. A comparison of Exhibit 7 with the base case
in Exhibit 4 shows that the tail of the distribution is some-
what thinner; the simulated frequency with which losses
exceed 3% is 1.4%, compared to 2.1% in the base case. In
addition, the mean simulated loss on the portfolio drops
11 basis points with the hedge, compared to the base case.

Suppose that the cost of hedging the double-B cred-
its is about 170 basis points on the doublc-B portion of
the portfolio (on a running basis). The single-B credits rep-
resent roughly 8.2% of the whole portfolio. Therefore, on
an overall basis, the cost of hedging the double-B credits
translates into 14 basis points on the total portfoho. Thus,
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E X H I B I T 6
Simulated Portfolio Loss Distribution—Hedging Single-B Exposures: One-Year Time Horizon
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the benefits ofthe double-B hedge—11 basis point reduc-
tion in mean losses and a slightly thinner tail—may not
justify the 14 basis point cost ofthe hedge. Hedging the
single-B portion ofthe portfolio would be a better strategy.

By experimenting with different assumptions, the
portfolio manager learns the tnodel's sensitivities while
simultaneously gaining insight into the risk dimension of
the portfolio.

REALITY CHECK

A key aspect of any simulation-based analysis is sensi-
tivity testing. A cautious portfolio manager generally would
consider how the simulation results would be affected by
changing the initial assumptions ofthe model. Doing so is
an essential step toward establishing confidence in the model.

For example, the portfolio manager might experi-
ment by testing higher levels of correlation among issuers.
Exhibit 8 shows the effect of assuming interindustry cor-
relation of 25% and intraindustry correlation of 45%:

In Exhibit 8, there is a 3.2% frequency of losses
exceeding 3% ofthe portfolio's value, rather higher than
the 2.1% frequency ofthe base case assumptions in Exhibit
4. Or, the portfolio manager might test a simulation that
increases all default probabilities by one percentage point.
This result is shown in Exhibit 9.

Increasing all the default probabilities has a very
pronounced impact. Now losses exceed 3% up to roughly
7.9% ofthe time.

CONCLUSION

The C D O analysis is a supplement to a portfolio
manager's other tools. It does not replace either funda-
mental bond analysis or other types of portfolio opti-
mization (efficient frontier) analyses. Nor does it replace
experience, judgment, and insight as key ingredients for
success in managing a corporate bond portfolio.

The CDO analysis enables a corporate bond port-
folio manager to explore and analyze the whole distri-
bution of potential future performance. The analysis
ascribes mathematical properties to bonds and then uses
computer simulations to illuminate the implications.

The key benefit ofthe C D O analysis is that it pro-
vides a whole distribution of future results, rather than just
the most likely scenario. In addition, it offers the bene-
fits of internal consistency, repeatability, ease of use, and
results that can provide the basis for concrete action.

It is a useful and powerful instrument for the finan-
cial toolkit.
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Simulated Portfolio Loss Distribution—Hedging Double-B Exposures: One-Year Time Horizon
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E X H I B I T 8
Simulated Portfolio Loss Distribution—Higher Correlations: One-Year Time Horizon
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Simulated Portfolio Loss Distribution—Higher Default Probabilities: One-Year Time Horizon
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ENDNOTES

'For 3 basic introduction to CDOs, see Adelson and
Whetten [2004a].

-A Monte Carlo simulation solves a problem by gener-
ating random numbers as the inputs to a modeled process and
then observing the distribution of results over many trials. The
technique is most useful for obtaining numerical solutions to
problems that are too complicated to solve analytically. See
Weisstein [1999].

•*The rating agencies periodically publish historical default
rates and recovery. See, for example. Cantor et al. [2005).

^See, for example, Aurora, Schneck, and Vazza [2005],
'See "Global Cash Flow and Synthetic CDO Criteria"

[2002].
"See Adelson and Whetten [2005b].
'Li [2000] originally proposed application of the copula

approach in credit risk modeling. See also Schonbucher [2003].
"The 1.95% mark represents how often simulated losses

are greater than 1.80% and less than or equal to 1.95%.
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