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1. Introduction

In recently years, the credit derivative instruments such as Credit Default Swap
(CDS) and Collateralized Debt Obligation (CDO) have experienced exponential growth
in the global financial market. The global credit crunch resulted from the subprime
mortgage crisis of 2007 has significantly impacted the financial systems around the world,
and raises the importance of portfolio credit risk modeling. Portfolio credit risk models
rely heavily on default correlation. Unexplained default clustering is a major issue for
traditional credit risk models and could lead to more bank failures in periods of stress, or
losses on CDOs that exceed the worst estimates. In fact, CDOs backed by subprime debt
have been the major players in the recently ongoing global financial crisis. Therefore,
researchers are intended to model the default correlation more realistically and to improve
the portfolio credit risk modeling. Prior researches have been examining several possible
structural explanations for default clustering, also called “credit contagion.” Nonetheless,
current factor or industry effects in credit risk modeling seem to be unable to reproduce
the actual pattern of default clustering. Therefore, our study aims at one particular

different channel of credit contagion, which is counterparty credit risk.

The crucial problem for measuring portfolio risk is the estimation of default
correlation, which is of great importance of the profits and losses in portfolio problems
with a large number of assets. Estimation of default correlations is difficult because,
unlike stock return correlations, they cannot be directly measured for specific obligors.
Portfolio credit risk models typically employ factor models (see Crouhy, Galai, and Mark
(2000) and Saunders and Allen (2002) for the comprehensive analysis of these models), in
which default correlations are driven by common factors describing the state of the
economy. However, these models seem to do not fully capture default correlations given

the observed events of default clustering (Das et al. 2007). One of the extensions is to



consider industry factors, which reflects the shock common to companies in a particular
industry. Lang and Stulz (1992) and Jorion and Zhang (2007) report strong contagion

effects for Chapter 11 bankruptcies and competition effects for Chapter 7 bankruptcies.

Yet another possible channel of credit contagion is counterparty risk, which reflects
the default of one firm might affect its creditors. This channel is very different from the
factor or industry effects in that it requires detailed information about counterparty
exposure. Counterparty risk has been modeled in theoretical studies by, for example,
Jarrow and Yu (2001). The empirical studies on counterparty risk channels are rare due to
the availability of data and the difficulties in identifying direct business links between
companies. The empirical study by Jorion and Zhang (2009) provide first empirical
results of credit contagion via direct counterparty effects. They indicate that, on average,
creditors experience severe negative abnormal equity returns and increases in CDS
spreads. In addition, creditors are more likely to suffer from financial distress later. These
effects are stronger for industrial creditors than financials. This suggests that counterparty
risk is an important additional channel of credit contagion and that current portfolio credit

risk models understate the likelihood of large losses.

In this paper, we follow the pioneered work by Jorion and Zhang (2009) and focus
on the relationship between counterparty risk and the subsequent default events. Jorion
and Zhang (2009) indicate that creditors in financial industry suffered less than those in
non-financial industries from the counterparty default. However, unlike Jorion and Zhang
(2009), we could not find evidence of negative abnormal returns for the top unsecured
creditors in Chapter 11 bankruptcy events. The difference may come from the manual

sample matching procedure of unsecured creditors from www.bankruptcydata.com to

CRSP dataset.

The rest of the paper is organized as follows: Section 2 reviews the literature of



credit contagion and counterparty risk. Section 3 presents our data and empirical results.

The conclusions are drawn in Section 4.

2. Literature Review

In this section, we review theoretical and empirical studies of default correlation,
credit contagion, and counterparty risk.
2.1 Empirical Studies of Default correlation, Credit contagion, and Counterparty

Risk

In the empirical studies of credit contagion, Das et al. (2007) test the doubly
stochastic assumption under which firms’ default times are correlated only as implied by
the correlation of factors determining their default intensity. The estimates of default
intensity are of the form linked to the distance of default of the firm, the trailing 1-year
stock return of the firm, as well as the U.S. 3-month T-bill rate and the trailing 1-year
return of the S&P 500 stock index. They find that doubly stochastic property do not fully
capture the clustering in default correlations, and defaults cluster in time because firm’s
default intensity process are correlated, even after conditioning on these intensities, from

the contagion or frailty.

Jorion and Zhang (2007) extend the work of Lang and Stultz (1992) by examining
the intra-industry information transfer effect of credit events captured in the CDS and
stock markets. Positive correlation across CDS spreads indicate the contagion effects
dominate, while negative correlations imply competition effects. They find strong
evidence of contagion effects for Chapter 11 bankruptcies and competition effects for
Chapter 7 bankruptcies. In addition, they also introduce a purely unanticipated event by a
large jump in a company’s CDS spread. They find that the unanticipated event leads to the

strongest evidence of credit contagion across the industries.



Jorion and Zhang (2009) provide the first empirical analysis of credit contagion via
direct counterparty effects. They examine the wealth effects of bankruptcy announcement

on creditors using the data from www.bankrupctydata.com, which consists of top

unsecured creditors, credit amounts, and credit types for Chapter 11 filings over the
period of 1999 to 2005. This unique dataset enables them to use direct and identifiable
business ties to assess counterparty risk. They find that, on average, creditors experience
severe negative abnormal equity returns and increases in CDS spreads. In other words, a
borrower’s default causes financial distress for its creditors. More specifically, in their
cross-sectional analysis, market losses due to counterparty risk are significantly
negatively related to the expense ratio (the credit amount divided by market value of
equity of the creditor), industry recovery rate, the correlation of equity returns between
the creditor and the bankrupt firm for 252 days preceding the event, and annual equity
return volatility for 252 days preceding the event. On the other hand, the cumulated
abnormal CDS spread are positively and significantly related to the four variables
mentioned above. Furthermore, they also find that creditors are more likely to suffer from
financial distress later. Finally, they perform simulations of portfolio distribution with
counterparty risk to demonstrate that counterparty risk can potentially explain the
observed excess clustering of defaults. Therefore, they suggest that counterparty risk is an
important additional channel of credit contagion and the current portfolio credit risk

models, without incorporating counterparty risk, understate the likelihood of large losses.

2.2 Bankruptcy Prediction

Brockman and Turtle (2003) investigated the bankruptcy prediction performance
under down-and-out call (DOC) framework using a large-cross section of industry firms

from 1989 to 1998. Their empirical evidence shows that the failure probabilities implied



by the DOC framework never underperform the well known accounting approach —
Altman’s Z-score. In detail, the logistic regressions by including single or both of the
implied failure probability and Z-score, the DOC approach dominants Z-score in
predicting the corporate failure percentage of the one, three, five year tests as well as their
size or book-to-market categorized tests. In addition, in the quintile-based test, the failure
probability of DOC framework also stratify failure risks across firms and years much
more effectively than the corresponding Z-score. We should note that another empirical
finding by Brockman and Turtle (2003) is that implied default barriers are statistically
significant for a large cross-section of industrial firms. However, Wong and Choi (2006)
argue that it is the proxy approach of Brockman and Turtle (2003) that leads to barrier
levels above the value of corporate liabilities. Hence, they adopt the transformed-data
MLE approach and find that default barriers are positive but not very significant in the

empirical study of a large sample of industry firms during 1993 to 2002.

Bharath and Shumway (2008) examine the default predictive ability of the
KMV-Merton default probability of all the non-financial firms for the period 1980 to 2003.
The method they use to estimate the KMV expected default frequency (EDF) is the same
iterated procedure employed by Vassalou and Xing (2004). They compare the
KMV-Merton default probability with several variables — the naive probability estimate
(without implementing the iterated procedure), market equity, and past returns, and find
that the KMV-Merton model does not produce sufficient statistics for the probability of
default. Implied default probabilities form the CDSs and corporate bond yield spreads are
only weakly correlated with the KMV-Merton default probabilities after adjusting for
agency ratings, bond characteristics, and their alternative predictor. Moreover, they find
that the naive probability they propose, which captures both the functional form and the

same basic inputs of the KMV-Merton default probability, performs slightly better as a



predictor in hazard models and in out of sample forecasts. They conclude that the
KMV-Merton probability is a marginally useful default forecaster, but it is not a sufficient
statistic for default. Campbell, Hilscher, and Szilagyi (2004) also show similar results that
failure risk cannot be adequately summarized by a measure of distance to default by the

KMV-Merton model

Some empirical studies use structural credit risk models to predict defaults. Chen, Hu,
and Pan (2006) use the volatility restriction method to test five structural models
including the models of Merton, Brockman and Turtle, Black-Cox, Geske (2 periods), and
Longstaff-Schwartz as well as the proposed non-parametric model. The default companies
in the study are those filing Chapter 11 from January 1985 to December 2002 with assets
greater that $50 million. Their results indicate that the distribution characteristics of
equity returns and endogenous recovery are two important assumptions. On the other
hand, random interest rates that play an important role in pricing credit derivatives are not
an important assumption in predicting default. Later on, Chen, Lee, and Lee (2008)
compare four structural credit risk models — the Merton (1974), the Brockman and Turtle
(2003), the Black and Cox (1976), and the Leland (1994) models — for their default
prediction capabilities. They use the MLE estimation approach and empirically
investigate the default prediction capability of firms over the period of 1986 to 2005.
Their empirical results indicate that exogenous default barriers, flat or exponential, are not
crucial in default prediction. In contrast, modeling endogenous barrier has significant

improvement in long term prediction for non-financial firms.

More recently, Duffie, Saita, and Wang (2007) provide maximum likelihood
estimators of term structures of conditional probabilities of corporate default,
incorporating the dynamics of firm-specific and macroeconomic covariates. They find

that, for U.S. industrial firms, the term structure of conditional future default probabilities



depends on a firm’s distance to default (a volatility-adjusted measure of leverage), on the
firm’s trailing stock return, on trailing S&P 500 returns, and on U.S. interest rates. The
out-of-sample predictive performance of the model is an improvement over that of other
available models. They also show that their model substantially improves out-of-sample
predictive performance over prior models by the average accuracy ratio for

one-year-ahead test during 1993-2003.

3. Empirical Results

3.1 Data

In our empirical study, we examine the market reaction of the top unsecured creditors
in bankruptcy filings. We follow the approach by Jorion and Zhang (2009) to identify

bankrupt events from www.bankruptcydata.com and to retrieve the detailed information

of top twenty unsecured claimholders, including creditor names, credit types, and credit
amounts. The direct business counterparty exposures enable us to examine the
counterparty risk and the following distress of unsecured creditors. All claims by
individuals, local, state, federal governments, and other non-profit organizations are
excluded. To avoid the potential contamination issue, we follow Jorion and Zhang’s (2009)
approach to check the [-5, +5] event window around the bankruptcy filing in the
ABI/Inform database to ensure that creditors have no other informative corporate news. In
addition to the bankruptcy related data, the equity prices are collected from CRSP and the
financial statement information is retrieved from Compustat. The sampling period of the
firms is from January 1999 to December 2008, while the quarterly accounting information
is from 1997 to 2008 since some firms under financial distress stop filing financial reports

a long time before they are delisted from the stock exchanges.

In investigating market reaction of the unsecured creditors in bankruptcy filings, as



Jorion and Zhang (2009), we construct a creditor portfolio as an equally-weighted portfolio
of firms for each event. We then apply the standard event study method (MacKinlay 1997).
First, we calculate abnormal returns for firm j at time t using the market model
methodology, with parameters estimated over a window ranging from 252 days before the
event date to 50 days before the event date. Next, these abnormal returns are averaged
across bankruptcy events for creditor portfolios. To isolate the direct counterparty effect
specific to the creditor from the contagion or cascading effect spreading to the rest of the
industry, the market model is estimated for each firm relative to two portfolios. The first is
the market index, CRSP’s value-weighted index for NYSE/AMEX/Nasdaq stocks. The
second is a portfolio of firms in the same industry as the creditor, which is constructed as a
portfolio of value-weighed industry equity returns for all firms with the same three-digit
SIC code. Finally, cumulative abnormal returns (CAR) are computed for analyzing period,
and t-statistics are computed from the portfolio time-series standard deviation to account

for any possible event clustering.

3.2 Empirical Results
In Table 1, we present the distribution of final sample of Chapter 11 filings used with
equity returns. Our samples are from January 1999 to December 2008, including 363

events with complete unsecured creditor information from www.bankruptcydata.com as

well as data on CRSP and Compustat. In Panel A, we report by year the number of
bankruptcy events, the number of event-creditor samples, the number of creditors and
total credit claims. Panel B reports summary statistics for the number of creditors
associated with a bankruptcy event. It is apparent that there are more Chapter 11 filings in
dotcom bubble and the global financial crisis in 2008. However, we should note that the

distribution of our final samples is not very close to that documented by Jorion and Zhang



(2009). The difference may come from manual sample matching procedure from

www.bankruptcydata.com to CRSP data.

Table 1 Distribution of Bankruptcy Events in Sample

Panel A: Distribution

Nb. of Total Credit
Bankruptcy Nb. of Amount
Year Events Event-Creditors Nb. of Creditors ($ Million)
1999 29 85 74 842.72
2000 42 123 100 855.47
2001 54 174 131 3,622.61
2002 34 123 103 5,027.44
2003 22 71 65 518.80
2004 36 82 74 394.74
2005 39 129 108 2,543.58
2006 26 72 67 84.96
2007 33 88 76 605.79
2008 48 137 110 937.86
Total 363 1084 908 15,433.95
Panel B: Number of Creditors within a Creditor Portfolio
Nb. Of Events Mean Std Dev Median Max Min
363 2.99 2.39 17 2

Table 2 reports abnormal equity returns (AR) for major unsecured creditors of the

firms filing for Chapter 11 over our sampling period. The return of creditor portfolio is

computed in two steps as Jorion and Zhang (2009). First, we construct a portfolio of

equally-weighted equity returns for each bankruptcy event. Second, we average these

returns across events. AR is the industry-adjusted abnormal returns of the creditor,

defined from an industry market model estimated over the period (-252,-21). The industry

index is constructed from a portfolio of value-weighted industry equity returns for all



firms having the same three-digit SIC code as the unsecured creditor. We also present the

percentage of samples with negative abnormal returns on the given day.

Table 2. Contagion Effect of Chapter 11 Bankruptcy on Creditors Stock Prices

Panel A: Abnormal Equity Returns, Entire Sample

(N=363)

Day Mean (%) T-statistic % (<0)
-5 0.05% 0.31 51.0%
-4 -0.03% -0.29 51.8%
-3 -0.03% -0.22 49.0%
-2 0.04% 0.33 53.2%
-1 0.01% 0.04 51.0%
0 0.10% 0.71 47.9%
1 0.28% 2.07 47.7%
2 -0.12% -0.91 52.1%
3 0.26% 2.11 45.5%
4 0.01% 0.05 50.7%
5 0.08% 0.49 52.3%

Panel B: Abnormal Equity Returns by Type of Creditors

Industrial Firms (N=316)

Financial Firms (N=124)

Day Mean (%) T-statistic % (<0) Day Mean (%) T-statistic % (<0)
-5 0.08% 0.41 53.2% -5 0.00070 0.47 50.0%
-4 -0.06% -0.48 52.8% -4 0.00030 0.17 44.4%
-3 0.01% 0.08 50.6% -3 -0.00023 -0.11 45.2%
-2 -0.05% -0.38 54.4% -2 0.00262 1.31 50.0%
-1 -0.04% -0.28 50.6% -1 0.00022 0.14 54.0%
0 0.12% 0.76 47.2% 0 -0.00027 -0.15 50.8%
1 0.31% 1.94 47.8% 1 0.00081 0.50 53.2%
2 -0.15% -1.01 51.3% 2 0.00205 1.04 48.4%
3 0.33% 222 44.0% 3 -0.00048 -0.25 46.8%
4 -0.02% -0.16 48.7% 4 -0.00037 -0.18 56.5%
5 -0.02% -0.13 52.5% 5 0.00223 0.89 43.5%

10



In contrast to the results of Jorion and Zhang (2009), we could not find significantly
negative abnormal returns of unsecured creditors around the Chapter 11 filing period. The
results hold not only for entire sample, but also in subsamples tests for industrial firms
and financial firms. As in Table 1, we believe one of the possible reasons for the

difference may from manual sample matching procedure from www.bankruptcydata.com

to CRSP data. Furthermore, prior empirical study, for example Hertzel et al. (2008), also
indicated that distress may be widely known well in advance of the actual bankruptcy
petition." Therefore, the negative AR for the unsecured creditors may occur before the

actual filing date of Chapter 11.

4. Conclusion

Counterparty risk is rarely empirically investigated in finance literature. In this paper,
we have conducted a comprehensive literature review of theoretical and empirical studies
in default correlation, credit contagion, and counterparty risk. Following Jorion and
Zhang (2009), we attempt to investigate the market reaction of the top unsecured creditors
in Chapter 11 bankruptcy filings. However, unlike Jorion and Zhang (2009), we could not
find support for the existence of negative abnormal return for the top unsecured creditors
in Chapter 11 bankruptcy events. The difference may result from the manual sample

matching procedure of unsecured creditors from www.bankruptcydata.com to CRSP

' Therefore, in the study of Hertzel et al. (2008), they instead investigate the effects of a pre-bankruptcy distress
date rather than the filing of a bankruptcy petition. In addition to the reason that distress may be widely known
well in advance of the actual bankruptcy petition, they claim that the pre-bankruptcy distress catalysts are
themselves of likely consequence to rivals, suppliers, and customers. To identify pre-bankruptcy distress, Hertzel
et al. (2008) search the CRSP tapes over the calendar year prior to (and including) the Chapter 11 filing date and
find the day on which the distressed firm has the most negative dollar abnormal return. This day represents the
day on which the eventually-bankrupt firm experiences the largest loss of shareholder wealth, and is referred to
as the distress date. Hence, in their paper, instead of actual Chapter 11 filing date, they measure abnormal returns

over the distress period, which is defined as the three-trading-day period centered on the distress date.
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dataset. Yet another possible reason is that the negative abnormal returns for the
unsecured creditors may occur before the actual filing date of Chapter 11 when the
distress of filing firm are known by the market Hertzel et al. (2008). In the future, we seek
to re-probe this issue by other more reliable data source and reconfirm our results in this
study. In addition, we hope to investigate the relationship between the changes in default
probabilities implied by the structural models and the subsequent events of financial
distress of creditors, and construct a direct linkage between counterparty risk and

financial distress.
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