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Common Failings: How Corporate
Defaults Are Correlated
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ABSTRACT

We test the doubly stochastic assumption under which firms® default times are corre-
lated only as implied by the correlation of factors determining their default intensi-
ties. Using data on U.S. corporations from 1979 to 2004, this assumption is violated
in the presence of contagion or OfrailtyO (unobservable explanatory variables that
are correlated across firms). Our tests do not depend on the time-series properties
of default intensities. The data do not support the joint hypothesis of well-specified
default intensities and the doubly stochastic assumption. We find some evidence of
default clustering exceeding that implied by the doubly stochastic model with the
given intensities.

WHY DO CORPORATE DEFAULTS CLUSTER IN TIME  ? Several explanations have been ex-
plored. First, firms may be exposed to common or correlated risk factors whose
co-movements cause correlated changes in conditional default probabilities.
Second, the event of default by one firm may be Ocontagious,O in that one such
event may directly induce other corporate failures, as with the collapse of Penn
Central Railway in 1970. Third, learning from default may generate default
correlation. For example, to the extent that the defaults of Enron and World-
Com revealed accounting irregularities that could be present in other firms,
they may have had a direct impact on the conditional default probabilities of
other firms.

Our primary objective is to examine whether cross-firm default correlation
that is associated with observable factors determining conditional default prob-
abilities (the first channel on its own) is sufficient to account for the degree of
time clustering in defaults that we find in the data.
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risk premia 2 of other firms, as argued by Kusuoka (1999). That is, both effects
could be at play.

Explicitly considering a failure of the doubly stochastic hypothesis, Collin-
Dufresne, Goldstein, and Helwege (2003), Giesecke (2004), Jarrow and Yu
(2001), and Schenbucher (2003) explore learning-from-default interpretations,
based on the statistical modeling of frailty, where default intensities include the
expected effect of unobservable covariates. In a frailty setting, the arrival of a
default causes (via BayesOs Rule) a jump in the conditional distribution of hid-
den covariates, and therefore a jump in the conditional default probabilities of
any other firms whose default intensities depend on the same unobservable co-
variates. For example, the collapses of Enron and WorldCom could have caused
a sudden reduction in the perceived precision of accounting leverage measures
of other firms. Indeed, Yu (2005) finds empirical evidence that, other things
equal, a reduction in the measured precision of accounting variables is associ-
ated with a widening of credit spreads. Lang and Stulz (1992) explore evidence
of default contagion in equity prices.

In theory, banks and other managers of credit portfolios could extend the
doubly stochastic model if it were found to be seriously deficient. In prac-
tice, however, few methods used to measure loan portfolio credit risk allow
for contagion or frailty. For example, when applied in practice, the Merton
(1974) model and its variants imply that default correlation is captured by
co-movement in the observable default covariates (primarily leverage, nor-
malized for volatility) that determine conditional default probabilities.
Ratings-based transition models have sometimes been applied to the task of
credit portfolio risk management, again based on the doubly stochastic assump-
tion that credit rating transitions intensities are based on commonly observable
covariates.

The doubly stochastic property, sometimes referred to as Oconditional inde-
pendence,O also underlies the standard econometric duration models used for
event forecasting, including default prediction models, such as those of Couderc
and Renault (2004), Shumway (2001), and Duffie, Saita, and Wang (2005). This
property implies that the likelihood function that is to be maximized when es-
timating the coefficients of an intensity model can be expressed as the product
of the covariate-conditional likelihood functions of the firms® default-survival
events in the data. One of our objectives is to provide a tool with which to
verify whether this tractability is achieved at the expense of mis-specification
associated with a failure of the doubly stochastic property.

Before describing our data, methods, and results in detail, we offer a brief
synopsis. Our default intensity estimates are from Duffie et al. (2005) and

3

2 Collin-Dufresne, Goldstein, and Huggonier (2004) provide a simple method for incorporating
the pricing impact of failure, under risk-neutral probabilities, of the doubly stochastic hypothesis.
Other theoretical work on the impact of contagion on default pricing includes that of Cathcart and
Jahel (2002), Davis and Lo (2001), Giesecke (2004), Jarrow, Lando, and Yu (2005), Kusuoka (1999),
Schenbucher and Schubert (2001), Terentyev (2004), Yu (2003), and Zhou (2001).

3Das et al. (2006) report that leverage and volatility are the two largest factors empirically
explaining covariation in conditional default probabilities.
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are based on two firm-specific covariates (distance to default and the trailing
1-year stock return), and two macro-covariates (the current 3-month Treasury
rate and the trailing 1-year Standard and Poors 500 return). The data cover the
period January 1979 to October 2004. Default times are correlated in this model
both through correlated changes across firm-level covariates as well as through
common dependence of default intensities on the two macro-covariates. The
default-time data come from Moody’s (and are slightly augmented as needed
with information from Compustat and Bloomberg). The firm-specific covariates
are based on data from Compustat and CRSP. We describe the data further in
Section 11. After excluding financial firms and dropping firms for which we have
missing data matched across the data sources, our results cover 2,770 firms,
495 defaults, and 392,404 firm-months. The out-of-sample default intensities
provide default prediction accuracy ratios averaging 88% during 1993 to 2004,
exceeding those of any other available model. Broadly speaking, based on these
default intensity data, we reject the joint hypothesis of correctly measured
default intensities and the doubly stochastic property.

We exploit the following new result, developed in Section I. Consider a change
of time scale under which the passage of one unit of “new time” coincides with
a period of calendar time over which the cumulative total of all firms’ default
intensities increases by one unit. This is the calendar time period that, at cur-
rent intensities, would include one default in expectation. Under the doubly
stochastic assumption and under this new time scale, the cumulative num-
ber of defaults to date defines a standard (constant mean arrival rate) Poisson
process. For example, with successive time periods each lasting for some fixed
amount c of new time (corresponding to calendar periods that each include an
accumulated total default intensity, across all firms, of c), the number of de-
faults in successive time intervals (X, defaults in the first interval lasting for
c units, X, defaults in the second interval, and so on) are independent Poisson
distributed random variables with mean c. This time-changed Poisson process
is the basis of most of our tests, outlined as follows:

1. We apply a Fisher dispersion test for consistency of the empirical distribu-
tion of the numbers X4, ..., Xy, ... of defaults in successive time bins of a
given accumulated intensity ¢, with the theoretical Poisson distribution of
mean c implied by the doubly stochastic model. The null hypothesis that
defaults arrive according to a time-changed Poisson process is rejected at
traditional confidence levels for all of the bin sizes that we study (2, 4, 6,

8, and 10).
2. We test whether the mean of the upper quartile of our sample
X1, X2, ..., Xk of numbers of defaults in successive time bins of a given

size cis significantly larger than the mean of the upper quartile of a sam-
ple of like size drawn independently from the Poisson distribution with
parameter c. An analogous test is based on the median of the upper quar-
tile. These tests are designed to detect default clustering in excess of that
implied by the default intensities and the doubly stochastic assumption.
We also extend this test so as to simultaneously treat a number of bin
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sizes. The null is rejected at traditional confidence levels at bin sizes 2,
4, and 10, and is rejected in a joint test covering all bins. That is, at least
insofar as this test implies, the data suggest excess clustering of defaults.

3. Taking another perspective, some of our tests are based on the fact that,
in the new time scale, the inter-arrival times of default are independent
and identically distributed exponential variables with parameter 1. We
provide the results of a test due to Prahl (1999) for clustering of default
arrival times (in our new time scale) in excess of that associated with a
Poisson process. The null is rejected, which again provides evidence of
clustering of defaults in excess of that suggested by the assumption that
default correlation is captured by co-movement of the default covariates
used for intensity estimation.

4. Fixing the size c of time bins, we test for serial correlation of X1, Xz, ... by
fitting an autoregressive model. The presence of serial correlation would
imply a failure of the independent-increments property of Poisson pro-
cesses, and, if the serial correlation were positive, could lead to default
correlation in excess of that associated with the doubly stochastic assump-
tion. The null is rejected in favor of positive serial correlation for all bin
sizes exceptc = 2.

Because these tests do not depend on the joint probability distribution of the
firmsO default intensity processes, including their correlation structure, they
allow for both generality and robustness. We find that the data are broadly
consistent with a rejection at standard confidence intervals of the joint hypoth-
esis of correctly specified intensities and the doubly stochastic hypothesis.

Such rejection could be due to mis-specification associated with missing co-
variates. For example, if the true default intensities depend on macroeconomic
variables that are not used to estimate the measured intensities, then even
after the change of time scale based on the measured intensities, the default
times could be correlated. For instance, if the true default intensities decline
with increasing gross domestic product (GDP) growth, even after controlling for
the other covariates, then periods of low GDP growth would induce more clus-
tering of defaults than would be predicted by the measured default intensities.
Indeed, we find mild evidence that U.S. industrial production (IP) growth is
a missing covariate. Even reestimating intensities after including this covari-
ate, however, we continue to reject the nulls associated with the above tests
(albeit at slightly larger  p-values). Nonetheless, it remains possible that miss-
ing covariates, rather than a failure of the doubly stochastic property, could be
responsible for some of the poor fit of the joint hypothesis that we test.

In order to gauge the degree of default correlation that is not captured by
correlations among estimated default intensities, we calibrate a version of the
intensity-conditional copula model of Sch  enbucher and Schubert (2001). The as-
sociated intensity-conditional Gaussian copula correlation parameter is a mea-
sure of the amount of additional default correlation that must be added, on top
of the default correlation already implied by co-movement in default intensities,
in order to match the degree of default clustering observed in the data. This
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estimated incremental copula correlation ranges from 1% to 4% depending
on the length of time window used. To place these estimates in perspective,
Akhavein et al. (2005) estimate a Gaussian copula correlation parameter of
approximately 19.7% within sectors and 14.4% across sectors, by calibration to
empirical default correlations, that is, before OremovingO the correlation associ-
ated with covariance in default intensities. Although this is a rough comparison,

it indicates that default intensity correlation accounts for a large fraction, but
not all, of the default correlation.

The rest of the paper comprises the following. In Section I, we derive the
property that the total default arrival process is a Poisson process with constant
intensity under a new time scale measured in units of the cumulative aggre-
gate defaultintensity to date. This provides our testable implications. Section Il
describes our data. Section Ill presents various tests of the doubly stochastic hy-
pothesis. Section IV estimates the degree of residual default correlation, above
that implied by covariation in intensities, in terms of the incremental Gaussian
copula correlation. Section V.A addresses the presence of serial independence of
increments of the time-changed process governing default arrivals. In Section
V.B, we test our default intensity data for missing macroeconomic covariates,
and examine whether these may be responsible for the rejection of the doubly
stochastic hypothesis. Section VI concludes.

I. Time Rescaling for Poisson Defaults

In this section, we define the doubly stochastic default property that rules
out default correlation beyond that implied by correlated default intensities,
and we provide testable implications of this property.

We start by fixing a probability space ( , F, P)and an observerOs information
filtration {F;:t 0} satisfying the usual conditions. This and other standard
technical definitions that we rely on may be found in Protter (2003). We suppose
that, for each firm i,i 1,...,n, default occurs at the first jump time i of a
nonexplosive counting process N; with stochastic intensity process . (Here, N;
is (Ft)-adapted and ; is (F¢)-predictable.)

The key question at hand is whether the joint distribution of, and in particular
any correlation among, the default times 1, ..., n is determined by the joint
distribution of the intensities. Violation of this assumption means, in essence,
that even after conditioning on the paths of the default intensities 1,+..., noOf
all firms, the default times can be correlated.

A standard version of the assumption that default correlation is captured by
co-movement in default intensities is the assumption that the multidimensional
counting process N = (N4, ..., Ny) is doubly stochastic. That is, conditional on
thepath { {=( 1t,-.-., nt):t O} of all intensity processes, as well as the in-
formation F available at any given stopping time T, the counting processes
N, ..., NP, defined by N;(u) = N;(u+ T) are independent Poisson processes

with respective (conditionally deterministic) intensities 04, ..., 0, defined by
Oj(u) = j(u+ T). In this case, we also say that ( 1,..., n)is doubly stochastic
with intensity ( 1,..., n). In particular, the doubly stochastic assumption

implies that the default times 4, ..., , are independent given the intensities.
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Figure 2. Intensities and defaults. Aggregate (across firms) of monthly default intensities and
number of defaults by month, from 1979 to 2004. The vertical bars represent the number of defaults,
and the line depicts the intensities.

Ill. Goodness-of-Fit Tests

Having estimated the annualized default intensity Ai for each firm i and
each date t (with A taken to be constant within months), and letting z(i) de-
note the default time of firm i, we let U (t) = 5 i”:l Aisliz()~sy ds be the to-
tal accumulative default intensity of all surviving firms. In order to obtain
time bins that each contain c units of accumulative default intensity, we con-
struct calendar timestg, t;, to,...suchto=0and U (t;) U(t; 1) =c. Wethenlet
Xk = in=1 Lt <()<ters} D€ the number of defaults in the k™ time bin. Figure 3
illustrates the time bins of size ¢ = 8 over the years 1995 to 2001.

Table 1 presents a comparison of the empirical and theoretical moments of
the distribution of defaults per bin, for each of several bin sizes.® The actual bin
sizes vary slightly from the integer bin sizes shown because of granularity in

6 Under the Poisson distribution, P(X; = k) = ekc,ck . The associated moments of X, are a mean

and variance of ¢, a skewness of ¢ °5, and a kurtosis of 3 + ¢ 1.
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Figure 3. Time rescaled intensity bins. Aggregate intensities and defaults by month, 1994—
2000, with time bin delimiters marked for intervals that include a total accumulated default in-
tensity of ¢ = 8 per bin. The vertical bars represent the number of defaults, and the line depicts
the intensities.

the construction of the binning timesty, t,, . ... The approximate match between
a bin size and the associated sample mean (X;+ ¢¢¢ +Xy)/K of the number of
defaults per bin offers some confirmation that the underlying default intensity
data are reasonably well estimated. However, this is somewhat expected given
the within-sample nature of the estimates. To place this issue in context, the
total number of defaults that is expected conditional on the paths of all default
intensities is 470.6, whereas the actual number of defaults is 495. For larger
bin sizes, Table | shows that the empirical variances are larger than their
theoretical counterparts under the null of a correct doubly stochastic default
intensity model.

Figures 4 and 5 present the observed default frequency distribution and the
associated theoretical Poisson distribution for bin sizes 2 and 8, respectively.
For bins of sizes larger than 4, there is a tendency for multimodality (multiple
peaks), as opposed to the unimodal theoretical Poisson distribution associated
with the hypothesis of doubly stochastic defaults. To the extent that defaults
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Figure 6. Inter-default times. The empirical distribution of inter-default times after scaling
time change by total intensity of defaults, compared to the theoretical exponential density implied
by the doubly stochastic model. The distribution of default inter-arrival times is provided both in
calendar time and in intensity time. The line depicts the theoretical probability density function
for the inter-arrival times of default under the null of an exponential distribution.

which is used for example to price structured credit products such as collateral-
ized debt obligations. In the intensity time scale, the calibrated Gaussian copula
correlation is a measure of the degree of correlation in default times that is not
captured by co-movement in default intensities. The calibrating algorithm is
provided in Appendix A. The results are reported in Table V.

As anticipated by our prior results, the calibrated residual Gaussian copula
correlation r is nonnegative for all time bins, and ranges from 0.01 to 0.04.
The largest estimate is for bin size 10; the smallest is for bin size 2. We can
place these “residual” copula correlation estimates in perspective by referring to
Akhavein et al. (2005), who estimate a Gaussian copula correlation parameter
of approximately 19.7% within sectors and 14.4% across sectors by calibrating
with empirical default correlations (i.e., before “removing,” as we do, the corre-
lation associated with covariance in default intensities.)” Although only a rough

" Their estimate is based on a method suggested by deServigny and Renault (2002). Akhavein,
Kocagil, and Neugebauer (2005) provide related estimates.



