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Credit Risk in Private Debt Portfolios
MARK CAREY*

ABSTRACT

Default, loss severity, and average loss rates for a large sample of privately placed
bonds are presented and compared with loss experience for publicly issued bonds.
The chance of very large portfolio losses is estimated and some determinants of
such losses are analyzed. Results show ex ante riskier classes of private debt per-
form better on average than public debt. Both diversification and the riskiness of
individual portfolio assets influence the bad tail of the portfolio loss distribution.
Private placements are similar to corporate loans in that both are monitored pri-
vate debt. The results are thus relevant to management and securitization of pri-
vate debt portfolios generally.

MORE THAN HALF OF NONFINANCIAL corporate debt finance is issued privately,
and decisions of the financial intermediaries that invest in such debt depend
importantly on its credit risk. Regulators of such institutions are similarly
attentive to portfolio credit risk, and it is an important consideration in the
design of securitizations of pools of private debt.

In spite of its importance, little is known empirically about private debt
credit risk, especially ex ante risk as a function of portfolio characteristics.
Many studies have examined the loan portfolio performance of banks, thrifts,
and insurance companies, but the ex ante risk characteristics of the portfo-
lios have been largely unobservable (examples include Jones and King (1995),
Berger (1995), and Avery and Berger (1991)). Thus, the results of such stud-
ies provide little guidance about the risk posed by an individual portfolio or
institution, or even about groups of similar institutions out of sample.

Recently developed formal credit risk management systems have gener-
ally finessed this lack of information partly by assuming that private and

*Federal Reserve Board and Society of Actuaries Asset Risk Experience Study Private Place-
ment Subcommittee. This paper is derived from and is an extension of the 1986-1992 Credit
Risk Loss Experience Study: Private Placement Bonds, sponsored by the Society of Actuaries
and supervised by the above-mentioned committee. As such, credit for the work accrues to the
Society and to others involved in the study as well as myself: Jack Luff, Warren Luckner, Nick
Bauer, Mike Zurcher, Kin Tam, Stacy Gill, Serge Goulet, Bill McDonald, Nancy Morse, Mark
Poeppelman, Ken Roberts, Brad Scher, George Silos, and Dan Towriss. In addition, thanks to
Ned Elton, Darrell Duffie, John Mingo, Ken Singleton, and Arthur Warga for useful conversa-
tions and to Margaret Kyle and Mark Hrycay for research assistance. I alone am responsible for
any errors, and this paper reflects my views and not necessarily those of the Society of Actu-
aries, the Board of Governors, or the Federal Reserve System.
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public debt perform similarly.! In estimating average or expected losses con-
ditional on portfolio composition, private debt instruments are rated on a
scale similar to that of the major bond rating agencies, and private debt
default risk is assumed to correspond to that of similarly rated, publicly
issued bonds. The severity of loss in the event of default is often assumed
better for private than for public debt, but published studies of severity are
limited. A principal problem with such assumptions is that the credit risk of
public debt and monitored private debt might be different.

To limit the chance of unusually large losses (often called “unexpected
losses”), portfolio managers traditionally have employed diversification strat-
egies that are in the form of targets or limits. For example, limits are im-
posed on the share of the portfolio invested in individually risky assets or on
exposure to a single borrower. However, little is known empirically about
how loss rates in the bad tail of the portfolio loss distribution vary as the
limits change. Recently developed risk-management systems take a some-
what different approach, modeling marginal contributions of individual as-
sets to portfolio bad-tail losses. However, such models involve largely untested
assumptions about the conditional covariance of losses across assets.

Regardless of the portfolio management method, the equity share of a
financial intermediary’s capital structure is (in principle) set to provide a
buffer sufficient to absorb credit (and other) losses in all but very rare cir-
cumstances, thus sharply limiting the risk of institutional failure. Similarly,
many collateralized loan obligations (CLOs) involve subordinated tranches
large enough to make senior tranches almost free of credit risk.?

This paper empirically examines two characteristics of private debt port-
folio credit risk loss rate distributions, conditional on individual asset risk
and other portfolio characteristics. Estimates of both expected losses and the
size of loss rates in the bad tail of the conditional loss distribution are re-
ported. Data are from the combined portfolios of privately placed bonds of
about a dozen major insurance companies for the period 1986 to 1992, with
default and loss measured at the individual asset level. The data represent
about 25 percent of all placements outstanding during the sample period. Ex
ante risk of individual assets is measured by both investors’ internal risk
ratings and regulatory ratings. Results of previously published public-bond
default studies are used in comparing expected losses on similarly rated
public and private debt.

One important finding is that although average loss rates on private debt
are similar to those on public debt for investment-grade assets (those rated
BBB or better) and those rated BB, average private portfolio losses are bet-

! Examples of such systems include RAROC (risk-adjusted return on capital) systems,
CreditMetrics, and CreditRisk+. See James (1996), Gupton, Finger, and Bhatia (1997), and
Credit Suisse (1997). Jones and Mingo (1998) offer a generic description of such systems.

2 CLOs are securitizations of pools of loans. Structures vary widely, but securities with se-
nior and subordinated rights to cash flows from the pool are commonly issued and the sub-
ordinated tranches typically absorb credit-related losses up to some specified amount (Carlson
and Fabozzi (1992)).
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ter for the lower grades, and increasingly so as risk increases. Private de-
fault rates are slightly higher than public for the investment grades, but
better loss severities have an offsetting effect on average portfolio loss rates.
Both private default rates and severities are better for the risky grades,
especially B and below. In obtaining these results, expected loss rates are
measured as sample average rates for one-year horizons. Default rates are
similarly one-year averages and thus may be interpreted as unconditional
hazard rates. Loss severities are measured using present values of pre- and
post-credit risk event cash flows.

In passing, such results may be interpreted as further evidence that pri-
vate debt is monitored by lenders (Diamond (1984)). Intuitively, it is appeal-
ing that monitoring appears to have a larger effect on loss rates the higher
the ex ante risk of the debt.

Loss rates in the bad tail of the portfolio loss distribution, conditional on
portfolio characteristics, are estimated by Monte Carlo resampling methods.
Simulated portfolios are constructed by drawing assets randomly from the
total sample while enforcing diversification targets and limits. This method
would provide good nonparametric estimates of loss rate distributions if draws
were from the universe of possible assets and outcomes, and if all charac-
teristics used by portfolio managers in selecting assets were modeled. The
sample used here is of course not the universe but, as discussed further
below, may yield reasonably representative results for the sensitivity of the
bad tail to changes in diversification strategy. To my knowledge, this paper
represents the first application of this method to estimation of credit risk
loss distribution tail mass.

The Monte Carlo estimates imply that both individual asset risk and port-
folio diversification strategies influence loss distribution tails. For example,
to yield the same probability of credit losses to the senior tranche, a collat-
eralized loan obligation involving a pool of solely below-investment-grade
loans would require a subordinated tranche four to five times larger than
would a CLO involving only investment-grade loans (when similar diversi-
fication rules are imposed). Required equity tranches are three to four times
as large for relatively small portfolios as for very large portfolios. Given the
limited upside of debt, at least from changes in credit risk, perhaps it is not
surprising that it is much harder to diversify a portfolio of individually risky
debt than one invested in safer loans.

Such Monte Carlo results are a potentially useful resource in the design of
securitizations, in financial intermediary risk management, and in the setting
of regulatory capital requirements. However, the bad-tail loss rates reported
here are not estimates of the equity finance requirements for all real-world
portfolios of private debt. Estimates are most representative for portfolios
constructed by a manager who chooses assets randomly from those outstand-
ing while staying within specified diversification limits. In reality, some man-
agers may push the limits, whereas others may stay far away. For example,
some may invest in relatively few large assets while still remaining below an
exposure-to-one-borrower limit. Such portfolios would probably have fatter
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loss distribution tails than portfolios with a larger number of smaller assets.
Similarly, some portfolio managers may enforce diversification rules not mod-
eled here, and to the extent that such rules are effective their portfolios may
pose smaller risk of unusually large losses.

Though tail-loss levels should be interpreted with care, estimates of changes
in portfolio tail losses as diversification rules are changed are probably more
robust. Here the situation is similar to that of a linear regression in which
some independent variables are omitted. If omitted variables are uncorre-
lated with those included in the regression, parameter estimates for the
included variables will not be biased by the omission. By analogy, limits on
exposure to firms in a single industry are not modeled in this paper, even
though they are often applied in reality, but estimates of the sensitivity of
the bad tail to portfolio size are probably not affected too much.

Although private placements differ from bank and nonbank business loans
in certain respects, especially in being fixed-rate and somewhat longer in
term to maturity, they resemble loans in that they are monitored private
debt (see Carey et al. (1993)). Placements are frequently secured and in-
clude, for example, restrictive covenants. Thus, this paper’s results likely
form a more accurate representation of bank loan risk than analyses based
mainly on public bond default experience.?

Issuance of Rule 144A private placements began to be material only at the
end of this paper’s sample period and such placements represent an insig-
nificant fraction of the data. In applying the results to 144As, however, it is
important to distinguish those 144A placements that are essentially public
debt from those that amount to traditional privates. This paper’s results are
likely to be reasonable estimates of the credit risk of the latter, whereas
public bond experience is likely more relevant for the former.

Parts of this study are derived from the Society of Actuaries (1996), which
reports results of the first two rounds of a continuing study of private place-
ment credit risk experience. The Society of Actuaries study discusses in de-
tail several matters mentioned only in passing in this paper, such as the
relationship between regulatory risk ratings of placements and credit losses.
It also presents detailed summary tables of the raw data. To my knowledge,
the Society’s studies are the first to offer comprehensive loss distribution
information for corporate loans. Anecdotally, a few such studies have been
done by or for individual financial intermediaries, but the results are pro-
prietary, and the data represent smaller samples of historical experience.

The Society of Actuaries studies make two other contributions to the lit-
erature on debt default and loss. As noted, loss severities are based on ratios
of net present values of original versus post-default cash flows, and are avail-

% On average, the monitoring of private placements appears to be somewhat less intense
than that of bank loans, and nonprice terms appear less restrictive in placements, but this may
reflect sample selection. Private placement portfolios contain smaller proportions of relatively
high-risk assets than do bank loan portfolios. Thus, loss rates and other characteristics may be
rather similar when the ex ante risk of loans and placements is similar.
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able for every credit risk event. Thus, integrated measures of default and
loss are possible. In contrast, public bond loss severities are usually esti-
mated from post-default dealer indicative bid prices, which are not always
available. In addition, here it is possible to include restructurings and dis-
tress sales in the definition of credit risk events, whereas public bond stud-
ies are generally limited to defaults.

For reasons of availability of data, most studies of default and loss on
individual debt instruments have involved publicly issued corporate bonds,
sovereign debt, or municipals. Examples include Altman (1989), Altman and
Saunders (1998), Moody’s (1996), Standard and Poor’s (1995), Carty (1996),
and McDonald and Van de Gucht (1996). Three recent studies of bank loan
default rates or loss severities are Altman and Suggitt (1997), Asarnow and
Edwards (1995), and Carty and Lieberman (1996). These three studies ex-
amine either default or severity, but not both.

In the remainder of the paper, Section I describes the data, Sections II and
IIT describe the methods for measuring default and loss rates and report
results, and Sections IV and V describe the Monte Carlo method of estimat-
ing loss distribution tails and report results. Section VI summarizes and
suggests some avenues for future research.

I. Data

Thirteen major life insurance companies contributed annual portfolio com-
position and credit risk event (CRE) information for the years 1986 through
1992, although all companies did not contribute data for all years.* Contrib-
uting companies vary in size, but their aggregate share of all private place-
ments outstanding is approximately 25 percent.® Thus, this paper’s sample
and the statistics drawn from it are probably representative of the universe
of placements outstanding during the period. The vast majority of such out-
standings were debt obligations of U.S. corporations. Significant volumes of
U.S. private issuance by non-U.S. firms are more recent.

Each insurance company contributed information about each individual
placement in its portfolio at each year-end during the sample period. Vari-
ables for each asset include principal outstanding, asset funding and matu-
rity dates, interest rate coupon and yield, a variety of credit risk ratings,
and several other variables. Some variables, such as seniority, secured sta-
tus, and a direct measure of interest rate spreads, were collected only for

4 Contributors included Aetna, Great-West Life, John Hancock, Lutheran Brotherhood, Met-
ropolitan, Nationwide, New England Life, Principal Financial, Prudential, SAFECO, Sun Life,
TIAA, and Washington Square Capital. Two of the thirteen contributed only for 1990-92, and
three only for 1986-89.

5 Contributing companies’ share of total life insurance company private placements ranged
from 34 to 44 percent over the years of the sample. In turn, life insurance companies held more
than 80 percent of all outstanding private placements (see Carey et al. (1993)). The aggregate
sample portfolio amount ranged from about $50 billion in 1986 to about $90 billion in 1992,
with a steady uptrend across the years.
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1990 through1992. On the whole, the data provide a detailed description of
the population of placements owned by each company. Extensive validation
and scrubbing of the raw data was performed, especially for placements ex-
periencing CREs.

The ratings measure the ex ante riskiness of each placement and thus are
a particularly important element of the data. In principle, current and at-
origination insurance company internal and NAIC (regulatory) ratings are
available for each asset at each year-end, with the internal risk ratings re-
ported on a scale equivalent to S&P’s senior public bond rating scale. Insur-
ance companies regularly risk-rate each bond in their portfolios as part of
their monitoring and risk-management procedures. Thus, internal ratings at
each year-end should reflect relatively current and informed assessments of
credit risk. Unfortunately, many companies’ database systems do not main-
tain a long historical record of internal ratings. Thus, ratings at bond issu-
ance are often not available for placements issued prior to 1985, and such
ratings are not examined here.®

The 393 CREs in the data include defaults, restructurings designed to
avoid or minimize possible credit-related losses, and asset sales with similar
motivations. For each placement experiencing a CRE, the data include char-
acteristics (such as the event date and CRE type) and detailed information
on the originally contracted schedule of cash flows and the post-CRE sched-
ule. The latter are actual cash flows where known and are insurance com-
pany estimates otherwise, with estimates being updated in successive rounds
of the study. These data support present-value-based calculations of loss se-
verities, as described below.

II. Methods of Measuring Default and Loss Rates

The loss rate on any pool of debt over any given horizon can be expressed
as the product of a value-weighted CRE incidence rate and an average loss
severity (loss-given-default rate). In public bond default studies, incidence is
almost always defined to include only payment defaults and perhaps dis-
tressed exchanges. The latter are relatively infrequent, and other forms of
restructuring are even less common because of the structure and diffuse
ownership of publicly issued debt. Restructurings of private debt are com-
mon, however.

6 In addition to internal ratings, virtually all private placements in insurance company port-
folios are rated by the National Association of Insurance Commissioners’ Securities Valuation
Office (NAIC SVO). The SVO is essentially a rating agency contained within the U.S. insurance
regulatory structure. Its ratings are used in determining various reserving requirements and,
in recent years, risk-based capital requirements. Default and loss statistics by NAIC rating
appear in the Society of Actuaries (1996). Those statistics are qualitatively similar to the internal-
rating statistics presented here, lending credence to the accuracy and consistency of ratings on
both scales. The comparability of internal ratings to Standard and Poor’s and Moody’s ratings
is discussed further in Section IV.
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A. Incidence Rates

Four basic methods of measuring CRE incidence rates have appeared in
the literature: average one-year default rates (Hickman (1958)), average multi-
year cohort rates (Moody’s (1996), Standard and Poor’s (1995)), mortality
rates (Altman (1989)), and probabilities estimated using a hazard model (Carty
(1996), McDonald and Van de Gucht (1996)).” Apart from the inclusion of
restructurings and distress sales, this study’s CRE incidence rates are most
similar to average one-year default rates: A pool of assets exposed to loss
(with an associated total exposed amount of principal) is formed for each
year, with the incidence rate by number (amount) being the ratio of the
number (principal amount) of assets experiencing CREs to the number
(amount) of assets in the pool.® One-year rates may be weight-averaged across
years of the study or examined individually for time patterns. Pools may
include all placements or may differ by asset characteristics, for example by
rating, supporting analysis of the relationship between bond characteristics
and loss rates.

A principal goal of this study is comparison of incidence and loss rates on
private placements to those on publicly issued bonds. Public bond statistics
are drawn from Moody’s (1996) and Standard and Poor’s (1995) studies, but
their methods differ in certain details from the methods used here. Most
importantly, public bond incidence rates are for defaults only, and public
incidence rates are computed on an issuer rather than an asset basis. For
example, a firm with twenty bonds outstanding would be counted only once
in the Moody’s and Standard and Poor’s studies. As described in more detail
below, for comparability, results are presented both for all CREs and for
defaults only, and on both an asset and an issuer basis.

B. Loss Severity and Economic Loss Rate

The loss severity (loss-given-default rate) for a given pool of assets is mea-
sured as the sum of dollar losses on pool assets experiencing CREs (or de-
faults where the analysis is limited to defaults) divided by the sum of principal
outstanding on those assets at the time of the CREs. Dollar losses are the
difference in net present values of original and revised contract cash flows,
multiplied by the ratio of principal outstanding to the present value of orig-
inal cash flows. The latter ratio is applied in order to place dollar losses on
a book value basis for comparability with the denominator of the severity

7 Average cohort rates are conceptually similar to average one-year rates, but the horizon
over which default may occur may be greater than one year. Mortality rates differ in that
cohorts are formed based on year of issuance, and marginal mortality rates are computed dif-
ferently. Hazard models permit simultaneous evaluation of the effects of many characteristics
on the likelihood of default.

8 Where an asset was acquired or matured during a year, it was counted as half a unit of
exposure and the principal amount exposed was set to half the amount outstanding at the end
or beginning of the year, respectively.
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measure.’ Discount rates applied to each cash flow in making present value
calculations are from the Treasury spot yield curve existing on the CRE date
plus interest rate spreads appropriate to the risk rating of the assets.!®

The overall economic loss rate for a given pool is the sum of dollar eco-
nomic losses on pool assets experiencing CREs divided by total pool princi-
pal exposed to loss. This is identical to the product of the pool loss severity
and the pool CRE incidence rate by amount.

As noted, a virtue of this study’s data and methods is the existence of loss
severity estimates for each asset experiencing a CRE, permitting a parti-
tioning of all of CRE incidence, loss severity, and overall loss rates by asset
characteristics. For publicly issued bonds, loss severities are typically esti-
mated using dealer indicative bid (or ask) prices soon after default (and
perhaps factoring in one lost coupon payment). Even indicative prices are
not available for all defaulted bonds, however, so public bond loss rates must
be estimated by multiplying default rates by an average loss severity esti-
mate, typically around 60 percent.

Each method has strengths and weaknesses. This study’s method is de-
pendent on the quality of contributing companies’ estimates of post-CRE
cash flows, and also does not take into account all administrative costs of
workouts.™ Post-default public bond indicative bid prices should take into
consideration at least some administrative costs, but sample selection biases
may arise from the use of severities for only those bonds for which indicative
bids were available.

II1I. Results for Default, Loss Severity, and Portfolio Loss Rates
A. Aggregate Private Placement Experience Over Time

Average annual percentage loss rates appear in the first column of Table 1.
In 1986, for example, the aggregate of participating insurance company port-
folios lost approximately 32 cents per $100 invested. The simple average of
these annual rates is 0.24 percent for the 1986 to 1989 period and 0.49
percent for 1990 to 1992; over all sample years, the weighted-average loss
rate was 0.37 percent. The jump in loss rates in the early 1990s is sensible
given the recession that occurred and the large volume of defaults in corpo-

9 Loss severities for individual CREs are measured as the difference of net present values
divided by the present value of original contract cash flows.

1% Present values of cash flows omit the value of embedded options. For publicly issued
bonds, the most important are usually call options held by the borrower. Some of the bonds in
this paper’s sample were callable, but beginning in the mid-1980s, newly issued private place-
ments generally included prepayment penalties that compensated the lender not only for any
change in the general level of interest rates since issuance but also as a practical matter for
changes in the borrower’s market interest rate spread. Thus, the value of unmodeled embedded
options was probably small for most CREs.

M The cash flow estimates appear pretty good, however—companies contributing to the 1990-92
round of the Society of Actuaries study provided revisions to some cash flow estimates for
1986-89 CREs, and in general the revisions were not large.



Credit Risk in Private Debt Portfolios 1371

Table I

Average Incidence, Severity and Loss Rates Over Time

The average portfolio loss rate is the percentage loss per dollar exposed for the total sample
during the given year. Credit risk event (CRE) incidence rates are like default rates but include
restructurings and distress sales in the definition of CRE. Incidence rate by number is the
percentage of exposed assets experiencing CREs, whereas incidence by dollar amount is the
percentage of dollar exposure experiencing CREs. Loss severity is the percentage of exposed
dollars lost on assets experiencing CREs. One minus loss severity would be an average recovery
rate.

Average Portfolio CRE Incidence Rate (%) Average
Loss Rate Loss Severity
Year (%) By Number By Dollar Amount (%)
86 0.32 0.68 0.79 41
87 0.21 0.77 0.87 24
88 0.17 0.42 0.43 40
89 0.26 0.48 0.65 40
90 0.35 0.60 0.75 47
91 0.66 1.30 1.54 43
92 0.47 1.08 1.77 26
All 0.37 0.74 1.04 36

rate debt markets in general. Standard and Poor’s (1995) reports an approx-
imate doubling of public bond default rates across the same periods.

Economic loss rates rose because incidence rates rose, not because loss
severities were worse during 1990 to 1992. The middle columns of Table I
(CRE Incidence Rate) display incidence rates computed both as the number
of assets experiencing CREs relative to the total number and as the dollar
volume experiencing CREs relative to the total amount exposed. Incidence
by dollar amount is higher than that by number in each year (though often
not by much), indicating that assets experiencing CREs had larger than
average dollar amounts outstanding. Incidence rates approximately doubled
during 1990 to 1992 by both measures. In contrast, average loss severities,
shown in the last column, were close to 40 percent in most years and aver-
aged 36 percent. They show no time trend.

The apparent low variance of average loss severities from year to year
does not imply that severities for individual bonds are highly predictable. In
fact, they are widely distributed and thus rather unpredictable, as shown in
Figure 1, which displays the distribution for all CREs. The distribution is
bimodal, with one mode occurring at severities between zero and 10 percent
and another at losses between 90 and 100 percent. That is, the most likely
individual outcomes of a CRE involve losing nothing or very little, or else
everything or almost everything.

Moody’s (1996) finds that public bond default loss severities are also widely
distributed, but their distribution is unimodal. The two publicly available stud-
ies of bank loan loss severities offer conflicting evidence. Carty and Lieber-
man (1996) find a unimodal distribution with more than half of loan loss
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Figure 1. Distribution of Loss Severities, All CREs. This figure displays the number of
credit risk events (CREs) falling in each range of loss severity. Individual CRE loss severity is
measured as the difference between the present values of original and revised contract cash
flows divided by the present value of original contract cash flows.

severities at 30 percent or less, whereas Asarnow and Edwards (1995) find a
bimodal distribution more similar to that in Figure 1. Methods and data differ
across the studies and some samples are small, so it is difficult to draw firm
conclusions, but on the whole it appears that bank loan loss severities are a
little smaller on average than those for private placements, which are in turn
much smaller than public bond severities (which average 60 percent).

The significant fraction of negative severities displayed in Figure 1 is atyp-
ical of public bonds (31 of 393 assets experiencing CREs had recoveries greater
than 100 percent). The present value of post-CRE private placement cash flows
can exceed the pre-CRE present value mainly because the post-CRE coupon
rate, the amount to be repaid, or the amortization schedule differ from pre-
CRE values. For example, after a workout or restructuring many of the re-
vised cash flows for an asset might occur earlier than the originally scheduled
cash flows and, after discounting, the revised cash flows might therefore have
alarger net present value than the original cash flows. Negative-CRE cash flow
data were audited especially closely, and thus in general such CREs likely re-
flect genuine economic gains to the investor rather than data errors.

B. Experience by Credit Risk Rating

Experience by most recent internal rating (that is, the contributing insur-
ance company’s rating of each asset as of the start of each portfolio year) is
summarized in Table II. Average incidence and portfolio loss rates were low
for assets with the equivalent of investment-grade ratings (AAA through
BBB) during the period 1986 to 1992 but rose steeply in the speculative
grades. No clear relationship between loss severities and ratings is evident,
however. Severities are between 24 and 39 percent except for the AA grade
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Table II
Loss Experience by Credit Rating

The average portfolio loss rate is the percentage loss per dollar exposed for all placements with
the given rating at the beginning of the experience year, averaged across all years 1986-92.
Credit risk event (CRE) incidence rates are like default rates but include restructurings and
distress sales in the definition of CRE. Incidence rate by number is the percentage of exposed
assets experiencing CREs, whereas incidence by dollar amount is the percentage of dollar ex-
posure experiencing CREs. Loss severity is the percentage of exposed dollars lost on assets
experiencing CREs. One minus loss severity would be an average recovery rate. n.c. means no
CREs occurred for assets rated AAA.

Most Average Portfolio CRE Incidence Rate (%) Average
Recent Loss Rate Loss Severity
Rating (%) By Number By Dollar Amount (%)

AAA n.c. n.c. n.c. n.c.
AA 0.03 0.06 0.04 76
A 0.02 0.10 0.09 24
BBB 0.24 0.48 0.71 33
BB 1.50 2.76 3.89 39
B 2.16 3.74 5.66 38
<B 4.36 4.38 7.91 55
Unknown 0.42 0.83 1.29 32
All 0.37 0.74 1.04 36

(where the number of CREs is small and the average likely noisy) and for
the riskiest rating (<B). The number of CREs in the <B category is large
enough (39) to make the average severity estimate (55 percent) credible.

The start-of-year rating is missing for about 29 percent of the placement-
experience-years, but the missing values do not appear to impart a substan-
tial selection bias. Focusing on the last two rows of Table II, average incidence
and portfolio loss rates for missing-rating observations are a little higher
than the overall average, and average severities are a bit lower. Thus, it
appears that the average ex ante risk of observations with missing ratings is
a bit higher than that of the rest of the sample, but it is very unlikely that
such observations are predominantly high-risk assets.!?

C. Comparison with Public Bond Experience

Comparison of private placement loss experience with results in public
bond default studies is complicated by differences in methods. To promote
comparability of results, private placement incidence rates are reestimated

12 Two patterns of missing ratings appear in the data for individual insurance companies: sim-
ilar small fractions of missing observations in each year, perhaps indicative of assets not yet rated
or of minor database retrieval problems in constructing a data submission; and large fractions miss-
ing in particular years, almost certainly symptomatic of database retrieval problems. There are
only two contributing insurance companies for which ratings are always missing. In the aggre-
gate, placements with missing ratings are distributed fairly evenly across years.
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in a manner as similar as possible to the methods of Moody’s (1996) and
Standard and Poor’s (1995) studies. Most importantly, the volume of CREs is
computed for defaults only, and computations are on an issuer rather than
an asset basis. For example, CREs on multiple placements issued by the
same firm are counted as a single event by this alternative method, and
multiple placements outstanding for the same issuer at the beginning of a
year are counted as a single unit of exposure. Such adjustments affect only
CRE incidence rates by number, not overall private placement loss rates.'?
The public bond default rates are weighted-average one-year rates for 1986
to 1992, and are comparable to the adjusted private placement incidence
rates by number of assets. Public bond portfolio loss rates are estimated as
the product of default rates from Standard and Poor’s (1995) study and a
constant loss severity of 60 percent, which is very close to the overall aver-
age severity reported by Moody’s (1996).1

Incidence and loss rates by most recent internal ratings for private and
agency ratings for publicly issued bonds appear in Table III. Panel A shows
private placement statistics when all CREs are included, Panel B shows
statistics when only defaults are included, and Panel C shows public bond
default and loss rates. Private incidence rates are of course smaller when
only defaults are included, and proportionately rather substantially so (by
about 15 to 30 percent in general). Loss rates are only somewhat smaller,
however, because the restructurings that are omitted from Panel B have
lower average severities than private defaults (24 percent versus 45 percent;
see Society of Actuaries (1996) for detailed statistics by CRE type).

Private placement incidence rates are higher than public bond default rates
for all but the B and <B grades, and perhaps the BB grade. Comparison of
Panels B and C shows that for the investment grades the incidence rate
differences are in the range 0.09 to 0.29 percentage points, which is abso-
lutely rather small but proportionately substantial. For the BB category, the

13 In addition, a few asset-years of data for certain contributing companies were omitted
from the analysis because placement issuers could not be identified. Placements were counted
as exposed to loss only if they were outstanding at the beginning of a calendar year, and three
CREs were dropped because they occurred during the calendar year of funding and thus would
not have been counted as exposed in Standard and Poor’s (1995) and Moody’s (1996) studies.
Where the same placement was in the portfolios of multiple contributing insurance companies
and was rated differently, the less risky rating was used if the difference was a single grade,
but the rating was set to “unknown” for larger differences (few such alterations were required).
The effect of these adjustments on loss rates may be seen by comparing loss rate column values
in Table II and Panel A of Table III. Where the effect is nonnegligible, private loss rates are
increased, thus biasing against a finding that private debt performs better than publicly issued
bonds.

14 The estimated economic losses are based on Standard and Poor’s rather than Moody’s
ratings for three reasons. First, Standard and Poor’s (1995) study includes experience for bonds
rated CCC whereas Moody’s (1996) includes only those rated B or better. CCC experience ap-
pears to represent a significant portion of overall public bond losses. Second, Moody’s sample
includes a number of sovereign and structured finance securities and thus is less comparable to
the private placement sample. Finally, Standard and Poor’s ratings are nominally pure default
ratings and thus are perhaps more suitable for combination with loss severities.
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private placement default rate is about 1 percentage point higher than that
computed from Standard and Poor’s (1995) study but about the same as that
from Moody’s (1996) study. The private default rate is 2 to 5 percentage
points lower for B, and nearly 20 percentage points less for bonds rated less
than B.1%

Even though default rates are higher on privates than publics in the in-
vestment grades, loss rates are strikingly similar, with better loss severities
offsetting the effect of higher private default rates.'® For the speculative
grades, both default and loss rates are better for privates (with the caveats
for the BB category already noted), implying substantially better overall
performance of private debt.

The better overall performance of private placements might be ascribed to
differences between companies’ internal rating schemes and the major rat-
ing agencies’ scales—perhaps contributing insurance companies are more
conservative than the agencies, for example placing assets in the B category
that the agencies would rate as less risky. The pattern of results does not
support such a hypothesis, however. If contributors were systematically more
likely than the agencies to place less risky assets in the riskier grades, pri-
vate default and loss rates in the less risky grades should be substantially
better than public bond rates, whereas in fact they are a little worse or
about the same.

It is more likely that monitoring by private lenders is responsible for the
better performance of private debt in the riskier grades. The literature on
private debt argues that lender monitoring and the presence of associated
nonprice terms such as covenants and collateral are the main distinguishing
characteristics of private debt (Diamond (1984), Berlin and Mester (1992)).
Such monitoring is likely to be more important and more intensive for risk-
ier debt, and thus to add more value in terms of improved loss rates.

The results seem to imply that monitoring has little effect for low-risk,
investment-grade debt. However, the incremental value of monitoring is prob-
ably understated in this paper’s results because statistics are average one-
year rates. Many originally investment-grade bonds that end up in default

5 Assessment of the statistical significance of the differences is difficult. If default is viewed
as a binary random variable that is distributed identically within each rating class, all differ-
ences are statistically significant in that they exceed two standard deviations (except default-
only private incidence and Moody’s public default rate for the BB rating). Moody’s and Standard
and Poor’s results also differ significantly by this criterion. However, the identical-distribution
assumption is unrealistic, especially for the lower ratings (a BB— likely differs significantly in
default probability from a BB+).

16 As noted previously, the rating is missing for about 29 percent of private exposure units.
Such missing values have different implications for public—private comparisons than the omis-
sion of unrated and especially very low-rated bonds (the CC and C grades) from the public-bond
statistics. The unknown-rating privates are included in overall loss experience estimates, so
such values are representative of all private experience to the extent the portfolios of the com-
panies contributing to this study form a representative sample. However, the omission of some
low-rated bonds from public bond statistics biases overall public loss rates downward. Thus,
relative private experience is likely even better than shown.
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first migrate to the junk grades, and loss experience is better there, so an
analysis involving horizons longer than one year would likely show private
loss rates to be better in the investment grades as well as the lower grades.

IV. Diversification and the Risk of Unusually Large Portfolio Losses

Events in the bad tail of the portfolio loss distribution can cause insol-
vency of financial intermediaries or, similarly, losses on senior tranches of
collateralized loan obligations. In principle, sufficient equity is placed in the
capital structures of such entities to absorb tail-event losses up to some prob-
ability cutoff, and senior liabilities of the intermediary or CLO are then
priced to reflect the remaining far-out-in-the-tail credit risk.'” Because eq-
uity finance is more expensive than debt, portfolio managers have incen-
tives to diversify in order to limit the equity required. This section and the
next analyze the sensitivity of the bad tail to various portfolio characteris-
tics. In the empirical work, the size of losses at high percentiles of the dis-
tribution are compared as ex ante portfolio characteristics are varied.

Standard factor-model logic provides a helpful framework for thinking about
the empirical strategy. Suppose that default probability and loss severity for
any given asset at a given time are functions of asset characteristics, sys-
tematic factors, and idiosyncratic factors. Diversification involves limiting
the loss exposure of a portfolio to individual systematic factors, thus limiting
the likelihood that a bad factor realization will be associated with very large
portfolio losses. Such diversification might be achieved by investing only in
loans with characteristics that sharply limit loss severities (cash collateral,
for example), but historically the most common methods have involved vari-
ations in portfolio size and limits on exposure to a single borrower (that
borrower’s condition would be a systematic factor), or to a single industry,
country, etec. Recently developed formal credit risk management systems of-
ten estimate cross-asset loss correlations in measuring diversification, using
loadings on common factors to model such correlations. However, data upon
which such estimates can be based are usually lacking, and thus untested
parametric assumptions about loss correlations are embedded in the struc-
ture of the models.

This paper avoids assumptions about parametric forms, instead reporting
nonparametric estimates of the size of losses in the bad tail, conditional on
portfolio composition. For each set of portfolio parameters, 50,000 portfolios
are drawn randomly from the database without replacement until the spec-
ified portfolio size is reached. Drawn assets are rejected for inclusion if they
fail to satisfy the parameters for the given exercise. For example, most ex-
ercises specify a target percentage of the portfolio to fall in each risk-rating

17 In practice, implicit or explicit government or third-party guarantees and regulatory cap-
ital standards can complicate real-world capital structure and pricing outcomes, but such con-
siderations are ignored in this paper. Also ignored are the information asymmetries that prevent
financial intermediaries and CLOs from being financed entirely with senior debt.
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category. A BBB-rated asset would be rejected for inclusion if sufficient as-
sets with that rating had already been drawn, even if the total simulated
portfolio was not yet filled. Portfolio parameters have three components: a
portfolio size, a set of fractions of the portfolio to be drawn from assets with
each internal risk rating, and a limit on the percentage of the portfolio to be
lent to a single borrower.

Empirical losses are computed for each drawn portfolio, and the frequency
distribution of such losses forms an estimate of the relevant loss distribu-
tion. For example, after rank-ordering the portfolios by loss rate, the loss
rate for the 49,950th portfolio would represent the estimated equity share of
portfolio finance sufficient to absorb all losses with probability 0.999. Al-
though cross-asset loss correlations are not estimated explicitly, such corre-
lations are implicit in the experience database and thus the effects of realistic
correlations are reflected in the estimates.

For any given simulated portfolio, the draw is in two stages: one of the
seven experience years in the database is drawn, and individual assets with
experience in that year are then drawn to fill the portfolio. Using experience
from multiple years for a given simulated portfolio would tend to understate
tail losses because the results of different realizations of systematic factors
would be unrealistically combined.'®

The Monte Carlo method’s strength is its lack of assumptions about func-
tional forms of distributions, about covariances among asset returns, and
about the relationship between default and loss severity. Its two principal
weaknesses flow from the (unrealistic) implicit assumption that the Society
of Actuaries database represents the universe of possible loss experience.
One such weakness is that a form of survivorship bias may be present in the
results, arising because data were contributed only by insurance companies
that survived the sample period. I believe such bias to be small, for two
reasons: first, almost all of the large life insurance companies that failed
during the past ten years did so because of bad commercial real estate in-
vestments. To my knowledge, none failed due to losses on private place-
ments. Second, as shown below, the average loss rate on a portfolio with
characteristics similar to those of large commercial banks is about 1 percent,
which is similar to the long-term average loss rate on bank loans. Other
results shown below imply a relationship between average and far-tail loss
rates, so as long as the database is representative of average losses, no first-
order survivorship bias seems likely.

A second, more important problem is that the period 1986 to 1992 natu-
rally does not capture the full range of possible combinations of systematic
loss factor realizations. For example, the United States did not experience a
depression, and many specific industries did not experience severe distress.
Thus, the sensitivity of loss distribution tails to the portfolio fraction loaned

18 The same asset is prevented from appearing twice in a drawn portfolio (it may appear in
the data more than once for a given year by virtue of being on the balance sheets of multiple
insurance companies).
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to firms in specific industries cannot realistically be estimated, and all tail
mass estimates are understated in that the effects of very bad systematic
events are not modeled.

To some extent, this problem is insurmountable by any method. Data cov-
ering a very long period would mitigate but not eliminate it. Parametric
modeling approaches are similarly problematic because historical data must
be used to estimate model parameters. The approach taken here is to em-
phasize the need for care in interpretation of results, and also to conduct
some sensitivity analysis. As a practical matter, recessions would appear to
be the most important systematic factor, and the Society of Actuaries’ data-
base does include a recession in which business loan losses as measured by
public bond defaults were historically large. Reported below is a comparison
of estimates of tails for portfolios drawn only from nonrecession years and
tails based on recession years’ experience.

As noted previously, a third weakness of this paper’s method is that the
levels of estimated loss rates at each loss distribution percentile may not be
realistic because all of the diversification strategies employed by real-world
portfolio managers may not be modeled. The levels of tail loss rates are most
representative of portfolios constructed by managers that choose assets ran-
domly, while imposing limits as modeled.'®

V. Empirical Sensitivity of the Loss Distribution
to Portfolio Characteristics

A. Main Results

Table IV reports Monte Carlo results for two base sets of portfolio param-
eters. Both involve a portfolio size of $1 billion and a limit on loans to a single
obligor of 3 percent of the drawn portfolio, or $30 million. For reference, look-
ing across portfolio years for individual insurance companies contributing data,
the maximum observed exposure to a single borrower for single insurance com-
panies’ portfolio-years has a median of 2.1 percent, a mean of 3 percent, and a
maximum of 12.2 percent (the next-highest instance is about 10 percent). Thus,
a one-borrower limit of 3 percent represents a reasonable contraint from the
standpoint of actual practice. This limit is imposed throughout the analysis un-
less otherwise noted. Observations in the database with nonmissing risk rat-
ings total $310 billion of total exposure, so any drawn $1 billion portfolio
represents a small fraction of the eligible observations.2°

19 Some risk management systems use covariances among debt issuer stock returns as a
proxy for individual debt instrument loss covariances. However, because a substantial fraction
of issuers of private debt has no publicly traded equity outstanding, as a practical matter such
methods are infeasible for most private debt portfolios.

20 About 4 percent of database observations cannot enter a drawn portfolio in this particular
exercise because they represent more than $30 million of exposure and thus by themselves
violate the one-borrower limit. Such observations represent about 30 percent of total dollar
exposure.
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Table IV

Loss Rate Distribution for Base Portfolio Characteristics

This table reports Monte Carlo estimates of portfolio loss rates at the mean and various percentiles
of the credit loss rate distribution, conditional on simulated portfolio size and the proportions
of assets rated below investment grade (<BBB) and investment grade. An exposure-to-one-
borrower limit of 3 percent of the portfolio size was enforced in building simulated portfolios.
$1b indicates portfolios were $1 billion in size. Results in each row are based on 50,000 simu-
lated portfolios. The typical private placement portfolio as measured by this paper’s data has
13 percent of assets rated <BBB. The typical large U.S. commercial bank business loan port-
folio has 50 percent of assets rated <BBB.

Simulated Loss Rates (%)
Portfolio Characteristics

At Loss Distribution Percentiles:

Percentage Size
Rated < BBB ($billions) Mean 95 97.5 99 99.5 99.9 99.95
13 $1b 0.33 1.42 1.78 2.29 2.53 3.09 3.41
50 $1b 1.05 2.94 3.42 4.03 4.45 5.40 5.89

The first row of Table IV reports loss rates at high percentiles when the
drawn portfolio has fractions in each rating category that are representative
of the aggregate private placement portfolio: 1 percent rated less than B,
4 percent B, 8 percent BB, 35 percent BBB, and 52 percent in the A or better
grades, which were lumped together in the Monte Carlo exercises. The es-
timated mean of the loss rate distribution is 0.33 percent, appropriately close
to the overall value reported in Table I. The loss at the 99th percentile is
2.29 percent, and at the 99.9th percentile is 3.09 percent.

The second row of Table IV reports percentiles for risk-rating propor-
tions that I believe to be typical of the commercial loan portfolios of large
U.S. commercial banks: 3 percent rated less than B, 12 percent B, 35
percent BB, 30 percent BBB, and 20 percent rated A or better. The mean
loss for such portfolios is about three times more than for the typical
private placement portfolio, whereas bad tail losses at the 99th and 99.9th
percentiles are somewhat less than twice as large. Intuitively, although
loss covariances among individual assets are important in determining tail
mass, the mix of individual asset risk levels is also important because the
effect of covariances is magnified for riskier assets. As an extreme exam-
ple, the loss correlation among assets in a portfolio of U.S. Treasury debt is
near one, but the very low individual default risk of such assets makes the
tail of a Treasury portfolio loss distribution very thin in spite of the high
correlation.?*

21 To place results in context, suppose a designer of a CLO involving a pool of private place-
ments, constructed to conform to the characteristics of the exercise reported in the first row of
Table IV, wished to achieve a BBB/Baa senior public debt rating on the senior tranche. Results
in Moody’s (1996) and Standard and Poor’s (1995) imply that to support such a rating, the
junior or equity tranche(s) must be sufficient to absorb all losses for about 99.75 percent of



Credit Risk in Private Debt Portfolios 1381

Table V
Loss Rate Distribution as the Percentage of Portfolio Assets
Rated below Investment Grade Is Varied
This table reports Monte Carlo estimates of portfolio loss rates at the mean and various per-
centiles of the credit loss rate distribution, conditional on a simulated portfolio size of $1 billion
and the given percentage of portfolio assets rated below investment grade (<BBB). An exposure-
to-one-borrower limit of 3 percent of the portfolio size was enforced in building simulated port-
folios. Results in each row are based on 50,000 simulated portfolios. Portfolio fractions in individual
rating grades are proportional to the fractions in the base private placement portfolio.

Simulated Loss Rates (%)

Portfolio Characteristics

At Loss Distribution Percentiles:

Percentage Size
Rated < BBB ($billions) Mean 95 97.5 99 99.5 99.9 99.95
0 $1b 0.11 0.74 0.93 1.40 1.53 2.03 2.20
10 $1b 0.27 1.28 1.63 2.04 2.46 2.98 3.23
20 $1b 0.47 1.74 2.20 2.61 2.91 3.68 3.88
30 $1b 0.66 2.20 2.59 3.02 3.38 4.10 4.42
40 $1b 0.87 2.60 3.02 3.60 4.02 4.97 5.21
50 $1b 1.06 2.94 3.44 4.07 4.52 5.56 6.00
60 $1b 1.26 3.34 3.90 4.54 5.03 6.20 6.61
70 $1b 1.47 3.70 4.27 5.02 5.59 6.68 7.11
80 $1b 1.67 4.04 4.62 5.35 5.92 7.14 7.71
90 $1b 1.88 4.48 5.10 5.97 6.57 7.72 8.40
100 $1b 2.08 4.84 5.50 6.35 7.00 8.45 8.77

Tables V and VI offer different glimpses of the influence on loss distribu-
tion tails of a portfolio’s mix of individual asset risk ratings. In Table V, the
fraction of the portfolio rated below investment grade (BB or riskier) is var-
ied between 0 and 100 percent.?? The losses at each bad tail percentile in-
crease monotonically with the proportion below investment grade, with an
all-junk portfolio featuring tail losses between four and six times larger than
a no-junk portfolio. Table VI reports results for smaller portfolios ($500 mil-
lion) composed entirely of assets with a particular risk rating. Again, an
increase in expected losses (a worsening of rating) is associated with an
increase in the size of losses at each bad tail percentile.

Other means of diversification can substitute to at least some extent for
less individually risky assets. Larger portfolios are likely to be better diver-
sified than smaller portfolios, even where the loan-to-one-borrower limit is

outcomes. Table IV implies that such a junior tranche must, at a minimum, represent between
2.5 and 3.1 percent of the financing of the CLO (which are the loss rates at the 99.5th and
99.9th percentiles). A typical pool of bank loans likely would require a larger junior tranche, at
least 4.4 to 5.4 percent of CLO financing. However, as noted, levels of tail losses should be
interpreted with caution in applications involving real-world portfolios.

22 The relative proportions of below-investment-grade assets rated BB, B, or <B are kept the
same as the proportions in the reference private placement portfolio in Table IV (and similarly
for investment grade proportions).
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Table VI
Loss Rate Distribution When All Portfolio Assets Have Given Rating

This table reports Monte Carlo estimates of portfolio loss rates at the mean and various per-
centiles of the credit loss rate distribution, conditional on a simulated portfolio size of $500
million and all portfolio assets falling in the specified rating grade. An exposure-to-one-
borrower limit of 3 percent of the portfolio size was enforced in building simulated portfolios.
Results in each row are based on 50,000 simulated portfolios.

Simulated Loss Rates (%)

Portfolic Characteristics

At Loss Distribution Percentiles:

All Assets Size
Rated ($millions) Mean 95 97.5 99 99.5 99.9 99.95
AAAAAA $500m 0.05 0.37 0.82 1.50 1.64 1.85 2.15
BBB $500m 0.19 1.17 1.48 1.87 2.09 2.57 2.79
BB $500m 1.68 5.78 6.72 7.70 8.10 8.72 8.83
B $500m 2.21 6.71 7.76 8.90 9.13 9.90 9.96

the same, because larger portfolios likely contain more assets. Table VII
reports results for portfolios constructed with the standard private place-
ment proportions in each grade, but of increasing size. A large portfolio of
$15 billion features losses at each percentile one-third to one-quarter as
large as a small portfolio of $500 million. The same qualitative result ob-
tains when proportions in each grade are the same as the “bank” portfolio
discussed previously (not shown).

B. Bad Years versus Good Years

As noted previously, a weakness of the Monte Carlo method is that a full
range of possible systematic factor realizations is not represented in the
data. However, both intuition and the results in Tables I and V suggest that
the state of the economy is the single most important systematic factor in-
fluencing diversified debt portfolio loss rates. Table I shows that average or
expected loss rates were much higher during the recession of 1990 to 1992,
and highest during 1991. Table V implies that the chance of very large port-
folio losses increases with mean or expected losses, and thus the risk of very
large losses is probably higher during a recession than at other times. Al-
though the data encompass only one recession, examination of the sensitiv-
ity of tail loss amounts to its occurrence provides a sense of the likely impact
of recessions that are more or less severe.

Table VIII reports results of Monte Carlo exercises in which draws are
from subsets of sample years. Apart from the years involved in draws, the
exercises are similar to those reported in the first and last rows of Table V—
the top panel of Table VIII is for simulated portfolios that include only
investment-grade assets, the bottom panel features all below-investment-
grade assets. The first row of each panel reports estimates of tail loss rates
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Table VII

Loss Rate Distribution as Portfolio Size Varies
This table reports Monte Carlo estimates of portfolio loss rates at the mean and various per-
centiles of the credit loss rate distribution as portfolio size varies. Portfolio sizes are in $billions
except that $500m indicates $500 million. The fraction of each simulated portfolio rated below
investment grade (<BBB) is 13 percent, the same as the base private placement portfolio. An
exposure-to-one-borrower limit of 3 percent of the portfolio size was enforced in building sim-
ulated portfolios. Results in each row are based on 50,000 simulated portfolios.

Simulated Portfolio Loss Rates (%)
Portfolio Characteristics

At Loss Distribution Percentiles:

Percentage
Rated < BBB Size Mean 95 97.5 99 99.5 99.9 99.95
13 $500m 0.31 1.55 2.00 2.61 2.91 3.82 4.21
13 $1b 0.33 1.42 1.78 2.29 2.53 3.09 3.41
13 $2b 0.32 1.10 1.31 1.57 1.71 2.13 2.30
13 $3b 0.33 0.97 1.14 1.42 1.60 1.99 2.15
13 $4b 0.35 0.94 1.18 1.54 1.66 2.02 2.11
13 $5b 0.35 0.90 1.14 1.34 1.49 1.69 1.76
13 $10b 0.35 0.76 0.85 0.94 1.02 1.16 1.24
13 $15b 0.35 0.67 0.73 0.82 0.87 0.96 0.99

in good years, defined as 1986 to 1989, the second row has estimates for the
bad years 1990 to 1992, and the third row is based only on the year with the
worst average loss rate, 1991.

Focusing first on below-investment-grade portfolios (the bottom panel),
the estimates confirm that the state of the economy is an important deter-
minant of bad-tail losses. Loss rates at the high percentiles are a bit more
than 50 percent larger in the case of the worst observed recession factor
realization (1991) than during the good years. This increase is smaller than
that for average losses, which more than double. Looking across the col-
umns, in the good years about a 6 percent equity share of portfolio finance
is sufficient to make the portfolio insolvency probability very small. But in
the worst year, a 6 percent equity share is consistent with an insolvency
probability above 0.05, which is large. In the 1991-only results, a 10 percent
equity share is needed to make the insolvency probability very small.

Tail-loss risk for investment-grade portfolios behaves remarkably differ-
ently, as shown in the top panel of Table VIII. Although the loss at the 95th
and 97.5th percentiles is about twice as high in the worst year as in the good
years, the difference at the higher percentiles is quite modest. The implica-
tion is that losses on investment-grade assets (and portfolios) are associated
more with idiosyncratic factors than with systematic factors.?® Thus, it ap-
pears the relatively short seven-year coverage of the database probably im-

23 However, reductions in the market values of private debt that are associated with rating
downgrades, which are ignored in this paper, might well be correlated with the state of the
economy.
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Table VIII
Loss Rate Distribution When Monte Carlo Draws Are
from Good versus Bad Years
This table compares Monte Carlo estimates of portfolio loss rates at the mean and various
percentiles of the credit loss rate distribution when Monte Carlo draws are limited to the “good”
years 1986-89, the “bad” years 1990-92, and the “worst” year 1991. All drawn portfolios are $1
billion in size. The top and bottom panels, each with three rows, report results when all sim-
ulated portfolio assets are investment grade and below investment grade (rated <BBB), re-
spectively. An exposure-to-one-borrower limit of 3 percent of the portfolio size was enforced in
building simulated portfolios. Results in each row are based on 50,000 simulated portfolios.

Simulated Portfolio Loss Rates (%)

Portfolio Characteristics

At Loss Distribution Percentiles:
Percentage Years Used in

Rated < BBB Monte Carlo Mean 95 97.5 99 99.5 99.9 99.95

0 Good: 86-89 0.09 0.53 0.74 1.40 1.46 1.98 2.14
0 Bad: 90-92 0.15 0.87 1.26 1.45 1.59 2.22 2.28
0 Very Bad: 91 0.16 0.91 1.40 1.54 1.67 2.28 2.36
100 Good: 86-89 1.73 4.18 4.63 5.11 5.43 591 6.05
100 Bad: 90-92 2.53 5.59 6.31 7.19 7.82 8.95 9.33
100 Very Bad: 91 3.76 6.68 7.30 8.04 8.55 9.72 10.19

parts little bias to Monte Carlo estimates for investment-grade portfolios.
For riskier portfolios, the extent to which tail loss amounts are misstated
depends on one’s prior about the severity and frequency of periods of credit
losses worse than the 1990 to 1992 period.

C. Other Robustness Checks

Changes in portfolio size have the same qualitative effect as reported in
Table VII when Monte Carlo draws are from 1991 only, and when portfolios
include only below-investment-grade assets. For example, comparing $1 and
$2 billion portfolios when draws are from 1991 alone and 13 percent of as-
sets are in the junk grades, losses at the 99.9th percentile are 3.62 and 2.45
percent, respectively (not shown in the tables). The difference represents a
32 percent reduction in tail loss rate. When draws are from all years and
100 percent of assets are in the junk grades, 99.9th percentile loss rates are
8.45 and 6.03 percent, respectively, a 29 percent reduction. In Table VII,
where portfolios have 13 percent of assets below investment grade, the $1
and $2 billion 99.9th percentile loss rates are 3.09 and 2.13 percent, a 31
percent reduction. Thus, although the levels of tail loss rates differ in each
case, the proportional effect of changes in portfolio size appears relatively
insensitive to individual asset risk.

In passing, one implication is that, other things equal, large financial in-
termediaries would appear to have a comparative advantage relative to small
intermediaries with respect to the (costly) equity share of riskier private
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debt portfolio finance. This is because the absolute magnitude of the reduc-
tion in the equity share when portfolio size increases is larger for riskier
portfolios. However, other factors are involved as well in risk posture deci-
sions, and in this paper’s data there is no clear tendency of larger insurance
companies to invest larger fractions of their private debt portfolios in below-
investment-grade placements.

No sample selection bias appears to flow from the exclusion from the
Monte Carlos of assets with a missing credit rating. As noted previously,
the pattern of missing ratings across contributing insurance companies and
time implies they are associated mainly with random insurance company
database retrieval problems, not with any systematic tendency by the in-
surance companies to avoid rating either safe or risky assets. As shown in
Table II, average loss rates are similar for rated and unrated assets. Com-
parable Monte Carlo exercises for rated and unrated assets also yield
similar estimates of loss rates at the high percentiles (not shown in the
tables).

Limits on exposure to a single borrower appear to be an important ele-
ment of diversification, but an evaluation of their impact on bad-tail loss
rates indicates this topic should be left mostly to future research. Duplicat-
ing the exercise reported in the first row of Table IV ($1 billion portfolio, 13
percent junk) but with no exposure limit increases the 99th percentile loss
only slightly, from 2.29 percent to 2.42 percent, whereas at the 99.95th per-
centile the loss rate jumps much more, from 4.29 percent to 6.24 percent. A
form of survivorship bias causes this granularity: Because all contributing
insurance companies presumably impose exposure limits, there are few credit
risk events in the data involving very large exposures. Large exposures might
be simulated by multiplying all magnitudes in the database by some factor
greater than one, but the data suggest there may be a relationship between
asset size and loss rate, and thus such a simple strategy might yield mis-
leading results. The apparent size-loss relationship may proxy for relation-
ships between loss rates and amortization or time since asset issuance. Thus,
appropriate grossing-up of exposure to evaluate one-borrower-limits awaits
development of a hazard model involving such factors as well as asset size.

VI. Concluding Remarks

This paper and related studies present the first publicly available inte-
grated empirical evidence on the default and loss performance of private
corporate debt where ex ante credit risk is observable. In the investment
grades, private debt performs as well or better than public debt. Private
debt performs better in the riskier grades, consistent with monitoring hav-
ing substantial value.

Results obtained using a new method of estimating loss rates in the bad
tail of the conditional portfolio credit loss distribution imply that both the
riskiness of individual portfolio assets and factors related to diversification
have important implications for portfolio management, for the capital struc-
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ture of financial intermediaries, and for security design. Although such a
result is intuitive, methods for measuring the impact on credit losses of
different portfolic management strategies have been lacking.

Many related subjects appear worthy of future research. Perhaps most
importantly, a study of conditional loss distribution properties at horizons
longer than one year would be useful. Given appropriate data, this paper’s
Monte Carlo method might be applied to publicly issued bond portfolios. Also
useful would be evaluations of the quality of the various parametric and
semiparametric approximations of credit loss distributions that are embed-
ded in the formal risk management models currently used by many finan-
cial institutions.
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