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Evidence from the Credit Default Swap Market and the Stock Market

ABSTRACT

New generation credit risk models have increasingly recognized the importance of credit contagion, the co-movement of default risk for related firms due to credit events. However, no direct and systematic evidence has been documented to date.  Explanations of credit contagion are proposed but segmented.  To provide a solid empirical foundation for such models, this paper comprehensively studies the effect of credit deterioration of a corporate on the default risk of its industry counterparts, captured in the Credit Default Swaps (CDS) Market.  We systematically document the existence and heterogeneity of within-industry contagion for a broad universe of credit events, including Chapter 11 bankruptcies, Chapter 7 bankruptcies, and financial distress.  Our empirical results suggest that industry contagion matters in explaining default risk changes at firm level. In addition, we investigate drivers of credit contagion within a unified framework incorporating macroeconomic, industry and firm-specific factors, and identify two important firm-level determinants undocumented in prior studies, i.e. the influence power of the distressed firm, and the fragility of its peer firms. This finding is instrumental in explaining the clustering and cascades of credit events during recessions.  Furthermore and importantly, our study uncovers the evidence of pure contagion beyond the macroeconomic and industry common factors.  Finally, we find that credit contagion is captured in the CDS market in an earlier, cleaner and stronger way than in the stock market.  Our results have direct implications on measuring and managing risk of credit portfolios, and can be used to improve credit risk models.
Introduction

The portfolio credit risk model has predominantly developed in the past decade
, spawned by the phenomenal growth of credit derivatives market
 and bank capital adequacy requirements on credit portfolios under Basel Accord.  One common feature of such model is the emphasizing of default correlation, one of key drivers of portfolio credit risk along with default probability and loss given default.  Industry credit contagion, the co-movement of default risk for related firms, is closely related to default correlation in that it can lead to correlations of timing of defaults and correlations of credit spreads across corporates.  Accordingly, it has received huge research efforts.  There is a substantial body of theoretical research modeling credit contagion
, but virtually no evidence on credit spread correlations across firms
.  
To provide a solid empirical foundation for credit contagion and portfolio credit risk models, we examine the effect of a firm’s credit deterioration on the default risk of its industry counterparts, captured in the Credit Default Swaps Market.  In particular, this paper present evidence on the following questions: Does financial distress or a significant change in the default risk of a firm affect default risks of its industry counterparts?  How are degrees of contagion contingent on nature of credit events?  What industry and firm level characteristics contribute to the cross-sectional variations in contagion?  The answers to these questions present new insights into a credit market-based assessment of the potential industry impact of financial distress, an industry contagion explanation of time-varying variations in default correlations and a reason for financial institutions to diversity their exposures and avoid industry concentrations. 
One unique feature of our study is that we measure the credit risk with prices of credit default swaps (henceforth CDS), which are specially designed to capture any change in default probabilities. The existing empirical contagion literature primarily focuses on the stock market (see, for example, Aharony and Swary (1983, 1996), Lang and Stulz (1992), Slovin et al. (1999), Polonchek and Miller (1999)) and the bond market (Grande and Parsley (2002), Collion-Dufresne et al. (2002)).  Although stock price can be interpreted as an indicator of a firm’s likelihood of default, it is at best a noisy one due to the difficulty and cost to separate out the effect of default risk changes on stock price from other source of shocks.  Therefore it is hard to make clean inferences about changes in default risk using equity price
.  In contrast, all information needed to calculate the default risk measures can be directly and cleanly obtained from the default swap market.  The default swap spread is also superior to the bond yield spread, which is documented to not only reflect credit risk, but also liquidity risk and tax differences, among other things
.  Because participants of the CDS market including commercial banks may be privy to information as they often lend to and monitor companies for which they trade CDS, there is a widely held view that the CDS market is the main forum for credit risk price discovery
.  As the CDS market becomes more liquid and seems to be priced efficiently, it emerges as an excellent platform for measuring default risk
.
The economic downturn in past several years led to the deterioration of overall credit qualities and a surge of downgrades, defaults, bankruptcies, and clustering and cascades of credit events of US corporates, providing an ideal laboratory to quantity industry credit contagion.  Taking advantage of a comprehensive CDS dataset spanning the period from December 2, 1997 to March 3, 2003 with over 107,000 intra-day default swap spread quotes, we examine credit spread changes of industry counterparts in response to a broad universe of credit events, and find heterogeneity contingent on the nature of events.  Chapter 11 bankruptcy is found to produce significant eleven day ([-5,+5]) industry cumulated abnormal CDS spread change of 5.54 basis points, suggesting contagion effects, compared to -2.02 basis points for Chapter 7 bankruptcy.  Presumably, contrasting industry reactions arise from different features of two bankruptcy filings.  Chapter 11 reorganizations are designed to save the supposedly viable firm that is in temporary financial distress
, whereas Chapter 7 bankruptcies force the complete exit of a distressed firm from the market.  Liquidation of one firm may save its industry rivals from the verge of default, especially those with high default probabilities
.  Additionally and more importantly, we find that the CDS market appears to view the jump event as an unfavorable signal to the industry and thus penalizes it with widening of credit spreads.  Specifically, a firm’s jump event is associated with a strongly significant industry cumulated abnormal spread change of 11.34 basis points.  The magnitude is about twice that for Chapter 11 bankruptcy, perhaps due to a ‘surprise’ effect which leads to stronger industry responses to sudden and substantial default risk migrations of a firm.  

In addition to the nature of credit events, we further investigate other drivers of credit contagion.  A conceptual model is developed, where macroeconomic, industry and firm level factors are hierarchally considered.  Consistent with Lang and Stulz (1992), our cross-sectional analysis shows that the similarity between the distressed firm and industry counterparts is positively related to the magnitude of contagion, while the industry concentration level is negatively related.  Supplementing to the existing literature, we find that the influence power of the distressed firm, proxied by its size, and the fragility of the affected firm are two significant firm-level determinants.  Consistent with both counterparty and information contagion explanations, the larger a firm filing for Chapter 11 bankruptcy, the more contagious it is.  Firms with credit ratings at the verge of or below the investment-grade barrier are more vulnerable to credit shocks from their industry peers.    


We then attempt to gain a better understanding of the reasons underlying the contagion effects.  Proxying the common industry risk with the abnormal default spread change of industry portfolio during the non-event window, we find supports that the abnormal widening of CDS spreads around the event window can be decomposed into two components, the industry distress factors and the event-induced spillover.  


Finally, we conduct a cross-market investigation on the hypothesis that the CDS market provides stronger, earlier and cleaner signals of contagion effects than the stock market.  As the CDS market captures downside risk, contagion effect is expected to be stronger in the CDS market.  Moreover, the CDS market is expected to capture contagion effects earlier due to information advantages of market participants and with less noise due to less information asymmetry.  Nonetheless, it is possible that the less mature, more constrained CDS market incorporates less information, or prices it more slowly, than the stock market.  We examine the abnormal equity returns of the industry portfolios and find evidence consistent with our conjectures. 


Our empirical results carry direct implications for estimating conditional default intensities and default correlations. In the standard reduced-form set up, default correlations of firm are generated by dependence on common market-wide factors.  However, default correlations implied in such models are typically too low when compared with empirical default correlations
.  The statistical significance of industry contagion effect suggests that properly incorporating such effect is potentially capable of yielding the level of default correlations seen in the data
.  Furthermore, our study provides empirical estimates and industry- and firm-level determinants of the sensitivity of a firm’s default intensities to industry credit event triggers.

Our results are also relevant to explain time variations in default correlation.  One noticeable phenomenon in the recent economic downturn is the enhanced default correlation surrounding certain credit events
. This observation can certainly be attributable to the increase in common risk factors during recessions.  A complementing explanation emerging from our work is that the increase in default correlation due to contagion is larger during recessions.  Our findings suggest that contagion becomes more prominent when the overall credit quality is lower
  ( industry firms are more fragile, and when the firm experiencing credit events get bigger
  ( its shocking effect is greater.  

Our study has practical implications for banks’ portfolio management and credit risk capital requirement.  Financial and other institutions holding enormous credit-sensitive positions should increase the degree of industry diversification in order to reduce contagious losses stemming from industry concentration.  Properly accounting for contagion effects can also aid banks to design better internal models in determining the appropriate size of capital buffers, thus avoiding overcapitalization during good times and under capitalization in recessions.  Capital requirement instituted by financial supervisors ought to be contingent on portfolios’ diversification level across industries, which has been implemented by rating agencies of synthetic credit derivative products
.  

The remainder of this paper is structured as follows: Section I of the paper discusses the economic justification for the chosen determinants of contagion effects and presents associated research hypothesis.  Section II describes the data and explains research methods.  Section III presents our empirical findings and implications on estimating default probabilities.  Section IV discusses further issues and contrasts the contagion effects in the CDS market and the stock market.  Section V concludes.

I. Research Framework and Hypotheses

In this section, we present a unified research framework in light of credit risk research to identify determinants of magnitude of intra-industry contagion and effects, the phenomenon that the credit event of one firm adversely affects the credit risk of its industry rivals.  As illustrated in Figure 1, this conceptual model posits the following four dimensions of factors leading to diverse intra-industry contagious responses: (1) Nature of credit events (2) Industry characteristics (3) The characteristics of the distressed firm and the industry rivals in the event (4) Environmental factors.

A. Nature of credit events

Depending on the severity of a credit event and how it changes the competitive landscape of the industry, we study three types of credit events: Chapter 7 bankruptcies, Chapter 11 bankruptcies and other credit events less severe in nature than bankruptcies. It’s natural to expect that a severe credit event lead to serious industry responses.  For example, in the case of bankrupt, other firms’ contracts with the bankrupt firm have to be terminated and junior debts cannot be recovered.  In contrast, business partners are less likely to be severely impacted if a firm simply experiences a downgrade event. 

Yet this could be offset by competitive effects, which are expected to differ under the context of three events.  We conjecture the strongest competitive effect for Chapter 7 liquidation, a smaller competitive effect for Chapter 11 restructuring, and the weakest competitive effect for other forms of credit events.  Chapter 7 liquidation directly reduces industry competition, allowing other firms to gain ground in the newly reshaped competitive landscape.  Likewise, Chapter 11 bankruptcy filing also benefit surviving firms, but the competitive effects can be mitigated by the subsidies enjoyed by reorganizing firm, since it can take advantage of lower costs, concessions from unions, and financing resources from DIP creditors, launching an endurance war with surviving firms
. Thus the industry responses should be different for these two forms of bankruptcies
.  Finally, compared with bankruptcies, the competitive effect is expected to be weaker when jump events occur
.  As the jump event represents less severe financial distress when the firm is not yet driven out of the market, industry rivals do not necessarily benefit from its difficulties. The above viewpoints lead to our first hypothesis: 

H1: Overall, contagion effects dominate for Chapter 11 bankruptcy and the jump event, while competitive effects dominate for Chapter 7 bankruptcy.

B. Industry characteristics
Plausibly, the industry context plays an important role in the interaction of credit risk for firms within the same industry. The simultaneous escalations of credit risks of firms in particular industries may stem from industry-specific factors, as shown in the recent burst of dot com bubble, or due to direct business relationship.  On the other hand, correlation of credit risks can be negative if two firms are competitors. The following factors are motivated by the structural model or documented to be relevant from previous studies on contagion. 

Equity Return Correlation (CORR)

The existing literature has proposed that default correlation is positively related with the correlation of the asset values (for example, see Zhou (2001)).  So we expect a positive relation between the magnitude of credit contagion and the asset correlation level within the industry. 

Industry Concentration Level (HERF)

Many empirical studies recognized the industry concentration level as an important determinant of competitive effects in the intra-industry information transfers. Following Lang and Stulz (1992), we use the Herfindahl Ratio as a proxy for the degree of imperfect competition. A high Herfindahl index indicates a higher level of industry concentration, while a low index is associated with a competitive industry.  We expect the competitive (contagion) effect to increase (decrease) with the degree of concentration.

Leverage (LEV)

Leverage is one of traditional measures of credit quality in the structural model of credit risk.  Industry with higher mean leverage has higher overall credit risk.  Firms in such industries are more vulnerable to changes in the industry environment and have little ability to predate on other firms’ failure.  It is reasonable to hypothesize that the industry with higher mean leverage are likely to show higher levels of credit contagion. 

Equity Return Volatility (VOL)

Another traditional measure of credit quality is equity return volatility. Higher volatility implies higher default risk in structural models. Therefore, one would expect that the equity volatility of industry portfolio be positively related to contagion effects. 

Based on the above discussions, our second hypothesis is:

H2: The magnitude of credit contagion is positively related to equity return correlation, leverage and equity return volatility, and negatively related to industry concentration degree.

C. Characteristics of distressed firm and industry rivals of the event

Influential power of the distressed firm (SIZE)

Causal observations suggest that larger firms are more capable of generating industry-wide and even economy-wide contagious impacts, as shown in the case of record bankruptcies of WorldCom.  The role of size as an explanatory variable is consistent with the contagion mechanisms proposed in credit risk literature.  First, contagion can arise if one firm has direct connections such as horizontal or vertical links between their product lines, or complex trade-credit channels as proposed by Davis and Lo (2001), Jarrow and Yu (2001), and Giesecke and Weber (2002).  Larger firm generally has broader business network and more complex trade-credit connections with other firms; therefore it has more industry influential power.  Second, ‘infectious contagion’ arises when credit events of one firm reveals negative information regarding other firms with common characteristics as modeled in Collin-Dufresne et al. (2002) and Giesecke (2001).  A larger firm is more contagious because it is more newsworthy and eye-catching, and attracts a greater number of analyst followings.  Hence the escalation of its default risk and the ruin of its reputation may elicit stronger informational shocking effects.  Accordingly, investors form a new view of the default risk of other firms with similar attributes as the distressed firm.  The above analysis leads to the following hypothesis: 

  
H3: The larger a firm, the more contagious it is.  

Credit rating of the rival firms (RT)

Credit rating has been consistently demonstrated in the credit risk literature as an indicator of the firm’s financial soundness and default risk.  High-rated firms may easily cushion the industry credit shock thanks to their good economic and financial conditions, while the same event may turn out to be a heavy blow to firms with lower ratings, who are more fragile and vulnerable to any unfavorable news in the industry.  Based on this, the following hypothesis is posited:

H4: Industry rivals with higher (lower) credit ratings are less (more) likely to be infected by credit contagion. 

D. 
Environmental factors (Business conditions)

The clustering and cascading of defaults are usually observed in economic downturns.  Moody’s Investors Service reports high concentration of defaults around 1933, 1991 and 2001.  All businesses can be affected by the health of the general economy. For example, the sluggish demand and credit rationing can lead to economic distress and financial difficulties for a wide range of firms. Servigny and Renault (2002) documents that the default correlation is substantially higher during recessions than expansions for the period of 1981-2001 they investigate.  Hence the business conditions should be controlled for. 
II. Data and Research Method

A. Credit Default Swap Dataset
A.1. Raw Data

A credit default swap is the simplest credit derivative. One counterparty of a CDS contract agrees to compensate another counterparty, which makes periodic payments over the life of the contract, if a particular obligor experiences a “credit event” as defined in the contract. Essentially, a CDS allows market participants to go short the credit risk by buying the CDS, and to go long the credit risk by selling the CDS. 

The default swap data used for this study is provided by the CreditTrade, a leading broker of the credit markets trading loans, credit derivatives and asset-backed securities. The dataset spans the period from Dec 2, 1997 to March 3, 2003, with a total observation of 107,434
. The reference entities in our sample are limited to North America corporate. 

[Insert Table I]

Summary statistics on the CDS data are provided in Table I.  Panel A shows that roughly 72% of the total CDS observations have maturity of five years. Since the 5-year quotes are the most liquid, we restrict the maturity of the contracts to 5 years in the subsequent analysis, which reduces our observations to 77,689. In Panel B, we see that the number of observations increases over time, with Year 2002 having the highest number of observations. Panel C and Panel D summarize the rating distributions of the underlying reference entities of default swaps. The dataset covers a wide range of ratings, with firms with investment grade rating and below-investment grade rating both actively traded in the market.  Panel E presents the distribution of assets of firms traded on the CDS market. 

We use the following method to generate the daily mid-point default swap spread for each reference entity.  When there are both bids and offers on a particular day, we compute the daily quote as the average of the highest bid and the lowest offer when they fall within a reasonable range
.  When only bid or offer is available, we obtain the daily quote by adjusting with the last available bid-offer spread. As we control for ratings in our study, we use the Standard & Poor’s rating
 first to identify ratings of reference entities.  When missing, we use Moody’s rating.  The sample is classified into four broad rating categories: AAA and AA (including AAA, AAA-, AA+, AA, AA-), A (A+, A, A-), BBB (BBB+, BBB, BBB-) and Below BBB (including BB+, BB, BB-, B+, B, B-, CCC+, CCC, CCC-, CC, C, C). 

[Insert Table II]

Table II presents descriptive statistics for the CDS spread by year and by rating. We note that the CDS spread varies widely across firms, ranging from a minimum of 7 basis points (‘bp’ thereafter) to a maximum of 1650bp, with a standard deviation of 163. The CDS spread shows an increasing trend over time, from a mean of 31bp in 1997 to a mean of 272bp in 2003.  Panel B provides the breakdown of the CDS spread by rating. The average level, the median, and the standard deviation of CDS spread are negatively related to the credit quality of the reference entities as expected. 

[Insert Figure 2]

As an illustration, Figures 2-1 and 2-2 plot the charts of default swap spreads and equity prices for WorldCom and Ford, respectively. The spread often goes up sharply in several months before a corporate debacle, as it did in the case of WorldCom Inc.  The CDS of WorldCom was signaling distress as early as January 28, 2002, five months before the June 25 disclosure of the $3.8 billion corporate financial fraud and six months before the record bankruptcy in July.  The CDS spread showed a dramatic increase from 170bp up to 1,440bp on April, 29, 2002, the latest observation for WorldCom in our dataset.
 During this period, the stock price of WorldCom dropped by about 80% from $12 to $2.35.  Ford is one of the most actively traded CDS in our dataset. Upward movement of the CDS spread occurred from October 12, 2000 on, at the time of the tire recall. In contrast, the stock price of Ford didn’t experience a considerable drop until August 7, 2001.  These causal observations suggest that CDS market anticipates financial distress. 

A.2. Imputation of Missing Observations
Because not all reference entities in the original CDS data set traded all days, which causes considerable difficulties in the subsequent study, we supplement the dataset with imputed observations using the Expectation-Maximization (EM) algorithm, which provides efficient and consistent estimator and preserves the statistical properties of the observed part of dataset
.  For each reference entity, we construct a matrix price if there is no quote available for a day and the number of missing values in the neighborhood does not exceed three.  Given the well-documented correlation across credit risk for the same rating, we apply the EM algorithm within each of four broad rating categories.  In consequence, the imputation has the advantage over stepwise interpolation
 in that it utilizes both time-series and cross-sectional information in the observed part of data, thus it is expected to yield a better estimate of missing data.  Details of the algorithm and the imputation procedures are presented in Appendix A. 

B. Identification of Credit Events

To differentiate industry-wide responses in the context of different credit events, we investigate bankruptcy filings under Chapter 11 and under Chapter 7 as well as jump events.  We collect Chapter 11 bankruptcies primarily from the online bankruptcy website www.bankruptcydata.com, augmented by the Lehman Brothers Fixed Income Dataset, for the period from January 1998 to December 2002.  The initial sample consists of 894 public firms traded in NYSE, AMEX or NASDAQ filing for Chapter 11 bankruptcy.  The requirement of accounting data in the COMPUSTAT and pricing data in the CRSP and CDS dataset leaves us with a group of 203 observations, covering 58 industries in terms of 4-digit SIC code.
 

Because the list of Chapter 7 bankruptcies is not readily available, we hand collect the sample of firms filing Chapter 7 bankruptcy from January 1998 to December 2002
. The resultant sample includes a total of 58 Chapter 7 filings. Matching with the CDS, COMPUSTAT and CRSP datasets reduces the sample to 38 events, covering 21 industries.

Finally, we resort to the CDS data for identification of jump events.  The default swap spreads exhibits sudden and extreme widening if its underlying reference entity experiences a drastic change in its default probabilities.  Specifically, we calculate all default swap spread changes from original CDS dataset if two consecutive observations fall within a month.  We pool together all CDS spread changes by year and identify 153 jump events as those falling in the upper 1% of the distribution of spread changes (See Panel A of Table III)
. 

[Insert Table III]

Since a firm’s CDS spread may experience a series of jumps that are related to the same event, we choose to use only the first jump to represent the credit shock. Additionally, to verify that widening in the CDS spread indeed capture true credit events, we crosschecked Factiva News Database (Formerly Dow Jones Interactive and Reuters Business Briefing) for evidence that the underlying entity of the CDS did experience economic distress, financial difficulties, M&A or LBO, SEC probe, etc. 89 observations survives this screening. The availability of accounting and pricing information results in a sample of 76 jump events covering 33 industries.  Panel B of Table III breaks down jump events by reason. 

The study of contagion effects is often complicated by the fact that events may be clustering in time.  We avoid the ‘event window’ contamination problem in the following manner: If two consecutive events in the same four-digit industry fall within an eleven trading day window, we delete the later event. Figure 3 plots the monthly frequency of three forms of credit events.  

[Insert Figure 3]

C. Construction of Industry Portfolio

Our purpose is to study the responses of industry competitors to credit events.  For each event, we construct an industry portfolio as an equally-weighted portfolio of firms satisfying the following conditions:

1. Having the same four-digit SIC code of COMPUSTAT
 as the original firm;

2. Having default swap spread data in the CDS dataset; 

3. Having the necessary market and stock return data in CRSP Daily;

4. Having all necessary accounting data in COMPUSTAT Quarterly;

Since firms with traded CDS are mostly large firms in terms of assets and liabilities, requiring firms to have the CDS data tilts the group of rivals toward larger firms in the industry.  Compared with firms in the industry portfolio formed in Lang and Stulz (1992) 
, large firms in our industry portfolio are less likely to be endangered by and more likely to benefit from the failure of distressed firms in the industry. 

D. Construction of measures of industry responses in the CDS market

For robustness, we employ two measures, CCAS and CARC, to examine the changes in the default risk of industry rivals around credit events, where CCAS is the cumulated changes in adjusted spreads, and CARC is the cumulative abnormal relative changes of CDS spreads.  Both measures control for changes in the rating index, because a widening of the default swap spreads of rival firms may result from the deterioration of credit quality of a particular rating category due to change in the business conditions.   Since the CDS spreads of firms within an industry can vary by a wide margin, taking the average of spread changes across different firms, as in computing CCAS, might overweigh firms with higher CDS spreads, or whose credit quality is lower.  Hence, we also use CARC, which is a scale-free measure. (Appendix B details the construction of these two measures.) 
III. Empirical Findings and Interpretations

In this section, we report evidence on the changes in the industry credit risk in response to Chapter 11, Chapter 7 bankruptcies, and jump events, as revealed by the CDS market.  Furthermore, we explore what industry and firm characteristics contribute to the variations in the responses.  

A. Industry Responses by Types of Events

Of major concern to this study are the abnormal changes in the CDS spreads of industry rivals in the period surrounding credit events. Table IV reports the mean, t-statistics, and percentage of positive observations of CCAS and CARC for three credit event types.

[Insert Table IV]

Overall, intra-industry contagion effects appear to dominate competitive effects for Chapter 11 bankruptcy.  On average, the industry portfolios experience increases in CCAS of 2.50bp for the [-1,1] event window and 5.54bp for the [-5,5] event window, which are both significantly different from zero at the 1% level.  We obtain similar results using CARC, as shown in the rightmost columns.  However, industry response may not be uniform, as a considerable subset of industry portfolios record negative CCAS changes. 

Interestingly, Chapter 7 liquidation leads to quite different industry responses.  Panel B of Table IV indicates a positive reaction in industry rivals’ CCAS of –1.10bp (–2.02bp) for the three (eleven) day window around the announcement, significant at conventional levels.  Among a sample of 38 events, we find that over two-thirds of observations have negative signs.  Results with CARC are similar.  These results confirm our conjecture that industry rivals benefit from the liquidation of their competing firms.  
The evidence from Panel C indicates that jump events convey information not only about the distressed firms but also signal financial prospects for similar-typed companies.   Industry rivals report a statistically significant sizable increase of 5.03bp (11.34bp) in CCAS for the three (eleven) day window.  The magnitude of the effect is about twice that for Chapter 11 bankruptcy effect.  Around two-thirds of observations post a positive sign on the event day.  The CDS market appears to view the jump event as an unfavorable signal to the industry and thus penalizes it with widening of credit spreads.  The dominance of contagion effects for jump events is also in line with our hypothesis of weak competitive effects.  A jump event does not imply the firm will go out of business, nor that competitors will be able to capture market share.

[Insert Figure 4]

Figure 4 contrasts different patterns of evolvement of CARC of industry portfolios from one month before through one month after credit events.  The plot shows the gradual responses of the CDS market to the Chapter 11 bankruptcy.  The cumulative abnormal changes drift up in days –21 to –2, exhibits a surge on day –1, day 0 and day 1, and continue to climb up in the post-announcement period until day 13.  Industry rivals display a completely different trace of CARC in the event of Chapter 7 bankruptcy.  It drifts down by a small magnitude from day –21 to day 0, and drops with a much steeper slope after the announcement day.  For jump events, CARC display a similar trend as Chapter 11 bankruptcy, but with more drastic response during the event window and greater post-event drift.  

B. Industry Characteristics

To test whether the industry characteristics are relevant to explain the differences in the direction and magnitude of intra-industry information transfer effects, we divide the sample according to the sample median of four variables posited in our conceptual model, which are constructed as follows:

CORR: the correlation of equity returns between the portfolio of industry rivals and the distressed firm for twelve months preceding the credit event;

HERF: the sum of the squared fractions of sales of each individual firm over sales of the industry. Specifically, we extract sales for all firms in each industry from COMPUSTAT Industrial Quarterly.  The fraction of each firm’s sales relative to total sales of the industry for four quarters prior to the event is calculated, squared and aggregated to obtain the Herfindahl index;  

LEV:  the average of the previous 12 monthly leverage ratios of the industry portfolio, where the leverage ratio is the book value of long-term debt divided by the sum of the book value of long-term debt and the market value of the equity;  

VOL:  the annualized standard deviation of daily equity returns of the industry portfolio for one year preceding each credit event. 
For every pair of subsamples, we compute CCAS for the [-5,5] event window.  The mean difference is tested by t-test and Cochran statistics is reported, which accommodates unequal variances.  A nonparametric analysis is constructed to test the null hypothesis that the medians of two subsamples are the same, with Wilcoxon z-score reported.
 [Insert Table V]

As shown in Panel A of Table V, subsamples divided by CORR and HERF for Chapter 11 bankruptcies show statistically significant differences in means and medians. The average CCAS is 13.45bp for firms in an industry with high equity return correlation, compared with –2.28bp for other firms.  As predicted in our framework, the firms whose equity returns move closely in the stock market tend to move in tandem in the CDS market as well.  Consistent with findings in Lang & Stulz (1992), highly competitive industries report an average increase of 15.66bp in CDS spreads, compared with –4.48bp for the more concentrated industries.  The pairwise mean and median differences are both statistically significant at 1% level.  Results are mixed for LEV and VOL.  Panel B indicates that for Chapter 7 bankruptcy, competitive effects are statistically stronger for the subsample with low correlation and high industry concentration level than the other subsample.  For jump events, Panel C shows that contagion effects are significantly stronger for the subsample with high CORR, but other variables are not able to differentiate the industry responses.  Taken together, CORR is demonstrated to be a key factor to influence the industry responses in the CDS market to all three forms of credit events.  HERF is of essence to explain the competitive effect for bankruptcies, but is not relevant for the cross-sectional variations in industry’s responses for jump events. 

C. Firm Characteristics

Consistent with our hypothesis, size turns out to be a significant determinant of the magnitude of credit contagion for Chapter 11 bankruptcy.  We break down the sample equally by SIZE, which is measured by the natural logarithm of total liabilities.  A large bankruptcy is associated with a significant increase of 10.89bp in CCAS for industry portfolio, compared with 0.14bp for a small bankruptcy.  A difference in means test yields a calculated t-value of 2.12, while the median difference test reports a standard Wilcoxon statistics of 3.97, so we can reject the null hypothesis of equality of means (medians) at the 5% (1%) confidence level.  Thus, our results indicate that the contagion effect on industry rivals is positively related to the size of the bankrupt firm, which can find justifications in broader business linkages and greater informational spillovers of large firms.  Not surprisingly, the liquidation of a large firm is associated with a stronger competition effect.  For example, the shut down of a large firm such as LTV in the steel industry alleviated the industry overcapacity problem and benefited the survivors.  This result should be interpreted with caution, however, as the sample size is relatively small and the sample difference is not significant.  Size is not a significant factor in the case of jump events, as both size subsamples show statistically significant positive responses in CCAS, for which we can’t reject the equality of the means and medians.  

Finally, we test whether industry rivals with lower credit quality are more susceptible to industry credit shocks.  To do this, we use a dummy variable RT to discriminate the credit quality of rival firms by assigning a value of 1 if the rating is BBB
 or below and 0 otherwise.  We split each industry portfolio into two sub-portfolios by RT.  All three panels of Table V demonstrate the importance of the credit quality of the industry rivals as a determinant of contagion effects.  For Chapter 11 bankruptcy, the subsample with lower rating reports an average increase of CCAS of 13.01bp, compared to -0.99bp for higher rating subsample, and the difference is significant.  The pattern is similar for jump events, with an average increase of CCAS of 26.06bp(3.42bp) for low (high) rating industry sub-portfolio.  These results suggest that firms with deteriorating credit qualities tend to be more severely affected by industry shocks.  Interestingly, the credit quality of industry rivals is also found an important explanatory factor for Chapter 7 bankruptcy, but in an opposite direction, i.e., lower rating firms actually benefits from Chapter 7 bankruptcy, while higher rating firms are not significantly affected by the event.  This may be explained by the similarity of credit qualities between the liquidated firm and the low-rated rival firms.  If both firms have high default risk, the liquidation of one firm is likely to save the other firm from the danger of being downgraded or default, thus competitive effect dominates.  A high-rated firm may not be endangered by the Chapter 7 bankruptcy, which is filed by small firms.  Figure 5 summarize the diverse industry responses by type of credit events, and four industry and firm characteristics documented as important factors.  

[Insert Figure 5]

D. Multivariate cross-sectional regression 

For robustness, we estimate multivariate cross-sectional regressions for three types of credit events respectively with the following specification: 
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For each industry/event cohort, we divide the industry portfolio into industry sub-portfolios by the dummy variable RT.  The dependent variable is the CCAS
 for each equally weighted sub-portfolio for the [-5,5] window around the event.  We control for market anticipation by adding DIS and PDIS, defined as the cumulated change in the rating-adjusted CDS spread of the industry portfolio from 3 months to 5 days, and from 1 year to 3 months before the event, respectively.  The White (1980) method is employed to obtain heteroskedasticity-consistent t-statistics.  

[Insert Table VI]

 The evidence in Table VI supports the univariate analysis in last section.  For Chapter 11 bankruptcy, CORR, HERF, SIZE, RT are demonstrated as significant factors to explain the variations in the industry rivals’ response in the CDS market, consistent with our hypotheses.  HERF, VOL and RT are shown to be materially relevant for Chapter 7 bankruptcy. For jump events, only CORR and RT are significantly related to the differential industry responses.  One reason is that jump events in our sample can be due to a variety of reasons.  To check whether the reason explain the cross-sectional differences, we divide the sample of jump events into five subsamples by reason, and results are shown in Figure 6.

[Insert Figure 6]

Jump events due to financial distress (downgrading and defaults) appear to have the highest contagious power, associated with an increase of 17.59bp(t=2.81) in CCAS of the industry rivals, followed by an increase of 14.08bp(t=2.04) in response to jump events due to SEC investigation, and then by an increase of 12.91bp(t=2.38) for jump events due to economic distress.  The events due to M&A and LBO have no significant industry impacts, while lawsuits lead to CCAS change of –6.58bp, but the samples for these two subgroups are too small to generate reliable t-statistics.  The significant increase of industry rivals in response to SEC probe is particular interesting because it suggests that contagion can be purely informational spillovers due to investors’ updated perception of risk. 

E.  Implications on Estimating Default Intensities 

Our empirical results carry direct implications on estimating conditional default intensities.  The results may also be useful to build the joint distributions of credit spreads and potentially of defaults.  In the reduced-form set up (see, for example, Yu (2004)), default intensities of firm A at time t 
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where 
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is the common factor that firm A and other firms in the economic system are exposed to, and 
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t

is the first-to-default time. 
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 is the sensitivity of firm A to the first default of other firms in the system, which is roughly equivalent to the magnitude of intra-industry contagion effects in our study, when the system is an industry.  Our results provide empirical estimates of the coefficient
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, measured by the default swap spreads, for three types of credit events.  

Standard reduced-form models equate ‘first-to-default’ time to default.  Our study suggests that default intensities of a firm are not only conditional on the default event of its peer firms, but also affected by the jump event of its peer firms, which is not necessarily due to, or results in defaults.  Interestingly, the jump event appears to have stronger impact on default intensities than the default (bankruptcy) event. 

Our empirical results also indicate that the sensitivity parameter, 
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, can be positive, suggesting contagion effects, or negative, suggesting competitive effects, depending on the nature of credit events.  This finding adds to the correlation of default intensities literature by suggesting that two firms’ default risk can be positively related as envisioned by the credit contagion literature, or negatively related due to changes in the competitive position in the system. 

Based on a prior reasoning in our research framework, and the subsequent empirical evidence, the value of 
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 ought to be determined by both industry and firm characteristics.  For example, we have the following specification for 
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 if the event is Chapter 11 bankruptcy filing of firm B, assume firm A and B are in the same industry i.
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Compared to the prior work focusing on industry attributes to explain the cross-sectional variations of industry information transfer effects, our results highlight the importance of the influential power of the firm experiencing credit events, and of the credit vulnerability of the affected firm.  

IV. Further Issues

A. Decompose the industry responses surrounding credit events  

In previous sections, we establish the existence of credit contagion for Chapter 11 bankruptcy and jump events.  Some may concern that the widening of the CDS spread of the peer firms around a firm’s credit event is simply because firms within the same industry are exposed to common risk factors.  Alternatively, the escalated credit risk of industry portfolio can be due to fundamental-based contagion or investors’ panic triggered by the credit event.  To address this concern, we test the following hypothesis:

H5: The abnormal positive response in the CDS spreads of industry portfolios around the event window is not only due to the common industry risk factors, but also attributable to a pure contagion effect induced by the credit event. 

To test this hypothesis, we decompose AARC for the [-1,1] event window into two components, one part due to common industry risk factors, and the other due to pure contagious effects of the credit events, where
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Assuming that the industry risk is an intermediate-run risk, we employ the following to proxy for the common industry risk: (a) AARC preceding the event, (b) AARC following the event, and (c) the average of (a) and (b).  We subtract the industry risk proxy from the AARC for [-1,1] event window.  If the difference is significantly greater than zero, it attests to the existence of pure contagious spillovers induced by credit events, on the top of common industry risk factors.
Specifically, we divide a one-year period around the event into three windows.  The event window W0 is defined as the [-1,1] time interval. The pre-event distress window W- is defined as six months to one month before the event day.  Symmetrically, we construct the post-event distress window W+, which spans a period from one month to six months after the event day.  To avoid the contamination due to the anticipation effect and post-event drift effect, we explicitly exclude the [-21,-2] and [2,+21] time intervals.  The time sequence is illustrated on the time line below:

[image: image60.wmf]Figure 3: Monthly Frequency of Credit Events

0

3

6

9

12

15

18

21

199804

199808

199812

199904

199908

199912

200004

200008

200012

200104

200108

200112

200204

200208

200212

Date

Jump Event

Chapter 11 Bankruptcy

Chapter 7 Bankruptcy

[image: image61.wmf]Figure 4: Industry Rival's CDS Spread Reactions 

by Event Type

-8%

-6%

-4%

-2%

0%

2%

4%

6%

8%

10%

12%

-22

-20

-18

-16

-14

-12

-10

-8

-6

-4

-2

0

2

4

6

8

10

12

14

16

18

20

Day

CARC 

Chapter 11 Bankruptcy

Jump Event

Chapter 7 Bankruptcy


[image: image62.wmf]Figure 7-1: Industry Rival's CDS Spread Reactions 

Pre- and Post- Chapter 11 Bankruptcy 

0%

1%

2%

3%

4%

5%

6%

7%

8%

9%

10%

-127

-118

-109

-100

-91

-82

-73

-64

-55

-46

-37

-28

-19

-10

-1

8

17

26

35

44

53

62

71

80

89

98

107

116

125

Day

W-: [-126, -21]

Slope=0.04%

[-21,-2]

Slope=0.18%

W0: [-1, +1]

Slope=0.29%

W+: [+21, +126 ]

Slope= -0.02%

[+2, +21]

Slope=0.04%

[image: image63.wmf]Figure 7-2: Industry Rival's CDS Spread Reactions   

Pre- and Post- Jump Event

0%

3%

6%

9%

12%

15%

18%

21%

-127

-119

-111

-103

-95

-87

-79

-71

-63

-55

-47

-39

-31

-23

-15

-7

1

9

17

25

33

41

49

57

65

73

81

89

97

105

113

121

Day

W-: [-126, -21]

Slope=0.13%

[-21,-2]

Slope=0.33%

[+2, +21]

Slope=-0.04%

W+: [+21, +126 ]

Slope= -0.19%

W0: [-1, +1]

Slope=0.70%

[image: image64.wmf]Figure 8-1: Scatter Plots of CDS ARC and Equity AR                                                         

around Chapter 11 Bankruptcy

 Abnormal CDS Spread Relative Changes

-1.0%

-0.5%

0.0%

0.5%

1.0%

1.5%

2.0%

-21

-18

-15

-12

-9

-6

-3

0

3

6

9

12

15

18

21

Day

Abnormal Equity Returns

-0.4%

-0.3%

-0.2%

-0.1%

0.0%

0.1%

0.2%

0.3%

0.4%

-21

-18

-15

-12

-9

-6

-3

0

3

6

9

12

15

18

21

Day

-126



-21 -1  0  1     21


126
t


        
   W-

   
W0   

    W+


The differences between the AARC for the event window and the AARC for non-event window, which proxy for the industry risk, 
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Finally we compute the cross-sectional average and standard deviation of 
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across J events, and test for its statistical significance.  We conduct this test for Chapter 11 bankruptcies and jump events, since these are where we find evidence of contagion effects.  The results form these tests can be easily summarized.  

[Insert Table VII]

 The middle columns of Panel A present our base case for Chapter 11 bankruptcy.  The AARC is 0.04% for pre-event window, suggesting that the industry was experiencing a slight deterioration of credit quality before the event. However, it is much lower in magnitude than the AARC during the event window, which is 0.29%.  As expected, DIF1 is significantly positive, indicating that the abnormal movement of industry portfolio is not simply a consequence of the distressed industry performance.  Rather, the bankruptcy has a devastating effect on the industry performance, or it spillovers negatively to its peer firms.  However, our results may be spurious if the industry risk increases with time.  Thus we also examine industry risk after the announcement.  The AARC during W+ is –0.02%, showing that industry risk does not increase over time, and DIF2 amounts to 0.32%.  We obtain similar results when DIF3 is used as the industry risk proxy. 

For robustness check, we change W+ and W- to [-126, -64] and [64, 126], respectively.  Results are exhibited in Panel B.  We also alter the event window to [-5,5], and repeat the analysis for the above two choices of W+ and W- in Panel C and D.  In all scenarios, DIF1, DIF2 and DIF3 are shown as positive, economically meaningful and statistically significant.  Thus, the hypothesis that the AARC between the event period and non-event periods are equal is rejected.  

Our study also presents robust evidence consistent with Hypothesis 5 for jump events.  The rightmost columns of Table VII reveal that all differences are positive and significant, with greater magnitudes than for Chapter 11 bankruptcy.  It is also worth noting that the industry portfolio posts a significantly negative abnormal change after the jump event.  Despite a possible industry turn-around in the near future, the industry portfolio still experiences a widening of the CDS spreads during the event window.  This result is particularly interesting as it suggests that the contagion effect may arise due to reasons different from industry fundamental reasons, which provides support for informational channel explanation of credit contagion.

[Insert Figure 7]

Figure 7-1 presents the evolvement of the slope of the average daily abnormal changes of industry competitors from day –126 to day 126 around Chapter 11 bankruptcy.  It implies that industry risk does not increase monotonically with time.  Indeed, the abnormal change shows a mild increase from six months to one month before the event, picks up rapidly from month –1, peaks during the event window, drifts up slightly within one month after the event and turns negative since then.  The slope for the event window is much steeper than any other four windows, revealing that the intra-industry response during the event window is not a simple extension of industry distress over time.  The shape of Figure 7-2 for jump events resemble that of Figure 7-1 in that the slope is steepest during the event window among all five windows for a year surrounding the event.  

B.  Comparison of contagion between the CDS market and the stock market

In contrast to the stock market, which reflects the upside potential, the CDS market is designed to capture the downside risk of the underlying entities.  It is reasonable to expect that credit contagion effect be incorporated in the CDS market in a stronger way than in the stock market.  Another important feature of the CDS market is that both buyers and sellers of CDS contracts are major banks and insurance companies, who typically have information advantages. Therefore there ought to be less severe information asymmetry than in the stock market, whose participants include not only institutional investors but also information-lacking individual players.  We thus expect the CDS market to reflect credit contagion in a less noisy way than the stock market.  Due to the informational advantage of the CDS participants, we also expect informed financial institutions to take positions in the CDS market that are subsequently priced into stock prices.  Based on the above analysis, we have the following hypothesis:

H6: The CDS market provides stronger, cleaner and earlier signals of contagion than the stock market. 

B.1. Comparison of Contagion Effects

To compare the contagion effects between the CDS market and the stock market, we examine share price responses to credit events for the portfolio
 of industry rivals traded on the CDS market.  Equity cumulative abnormal returns (CAR) are calculated using the same market model methodology as the CARC. 

[Insert Table VIII]

Table VIII compares CAR for the stock market and CARC for the CDS market for three forms of credit events.  We find that the average equity CAR of industry rivals is –0.82%, 0.67%, and -0.15%, respectively, for [-5,5] interval surrounding Chapter 11 bankruptcies, Chapter 7 bankruptcies and jump events, all with statistical insignificance. We note that the 3-day window shows more significant results.  The equity CAR for the [-1,1] interval for the three types of credit events is –0.49%, 1.22% and –0.81%, respectively, with the modest significance.  These results contrast the CDS market responses, which are all strongly significant and greater in magnitude.  It appears that the focus of the CDS market on credit risk information renders it a stronger capturer of credit contagion than the stock market, which is not as responsive to credit risk news, especially when the rival firm is in the upper spectrum of credit rating categories.  

B.2. Comparison of Information Asymmetry 

Following Krishnaswami and Subramaniam (1999), we use the residual volatilities in daily stock returns and the relative changes of CDS spreads as the proxy for information asymmetry in the stock market and the CDS market, respectively. If the concentrated, similar-rated financial institutions have similar access to issuers’ information, we expect less information asymmetry in the CDS market. 

Figure 8-1 and Figure 8-2 show different patterns of abnormal relative changes of CDS spreads and abnormal equity returns around Chapter 11 bankruptcies and jump events.  The CDS spreads increase almost monotonically before these credit events, while the stock market signals are mixed with alternating rises and falls in the stock prices until day –5, suggesting greater information asymmetry in the stock market than in the CDS market. 

[Insert Figure 8]

To formally test this hypothesis, we compute the volatility of abnormal stock returns and the volatility of abnormal CDS relative changes during the time interval [-21, -5] for each event. We then calculate the cross-sectional mean and t-statistics for the information asymmetry measure of each market.  Results are presented in Table IX. 

[Insert Table IX]

For Chapter 11 bankruptcy, the median of daily residual volatility for the CDS market is 0.5%, which is only one fourth that of the stock market.  The mean and median difference tests indicate that the information asymmetry of the two markets is different at the 1% significance level.  Similar results hold for jump events.  It is evident that the CDS market anticipates credit events in a less noisy way, while the stock market’s anticipation features mixed signals.  
B.3.  Lead-lag Relation between the Two Markets
To investigate whether the CDS market leads the equity market in capturing credit contagion risk, we use the Percentage Cumulative Abnormal Returns (PCAR) method following the procedure of Ayers and Freeman (2003).  This non-regression test examines the timing difference of daily cumulative abnormal returns in the stock market and the CDS market
.  Specifically, for a given industry portfolio at day t, PCARts is the CAR for the interval [-21, t], divided by the CAR for the [-21, 5] window.  It represents the percent of aggregate abnormal returns due to credit events that is captured in stock prices through day t.  PCARtc is defined in the similar manner for CARC.  We define LEADt,j for each event j and each day t over the interval [-21,+5]. 

LEADt,j = PCARt,jc – PCARt,js, 





 The cross-sectional mean and standard deviation for LEAD over the sample of j credit events are computed to test for the statistical significance.  If LEAD is significantly greater than zero at day t, it indicates that the CDS spread impounds the contagion effect earlier than the stock price.

[Insert Table X]

Panel A of Table X presents PCAR analysis for Chapter 11 bankruptcy.   We note that on day –14, 31.1% out of the total CARC for the [-21,5] window has been realized in the CDS market, while 20.2% out of the total CAR is reflected in the stock market.  LEAD on day -14 is positive and significant at 1% level.  Results suggest that the CDS market has a higher percentage of bankruptcy-related information reflected in CDS spreads from day –14 through day –3 than the stock market.  Results are similar for jump events in Panel B where LEAD turns significantly positive as early as day –15, showing that the CDS spread incorporate the contagion risk of jump events earlier than the stock price.  The lead effect is shown to be mostly significant through day –5. 

Overall, the PCAR comparisons indicate that the CDS market impound the contagion effect about three weeks earlier than the equity market.  The CDS spread exhibits one-directional movement and the trend can continue until one week after the event day.  The earlier and less noisy signal in the CDS market can be due to the fact that buyers and seller of default swap contracts are big financial institutions with comparable information advantages.  In stock market, informed traders may manipulate their information and take advantage of uninformed traders.  For example, institutional investors may have anticipated the firm will go bankrupt in the near future, but they may bear huge losses if such news comes out.  Strategically, they claim that there is indeed turnaround news for the firm by boosting stock prices in order to induce uninformed traders to jump into the market.  When there are enough uninformed traders to support the price, they start to dump shares at their hands.  If this is the case, it is not surprising to observe higher volatility of equity returns in the stock market before the final revelation of information.  In contrast, it is harder for one player in the CDS market to cheat other players if they have symmetric information.

V. Conclusion

A large body of theoretical credit risk literature examines the mechanisms of credit contagion across corporate and its implication on the risk and losses of credit-sensitive portfolios.  Available empirical evidence of industry contagion, however, has been limited to equity market.  This paper for the first time empirically documents the existence and heterogeneity of industry contagion in the credit market.
Our paper presents and tests a unified framework of intra-industry contagion using a unique sample of Credit Default Swaps.  We examine the extent of intra-industry linkages by focusing on the transmission of credit events concerning one firm to the CDS spreads of its rival firms.  We comprehensively document heterogeneous industry responses to credit events.  Chapter 11 bankruptcies induce an increase in spreads of industry competitors, suggesting contagion effects.  Chapter 7 bankruptcies are associated with a negative change in the CDS spreads, indicating dominant competitive effects.  Furthermore, we explore whether industry rivals are susceptible to contagion of jump events.  The paper presents economically meaningful and statistically significant evidence of contagion effects for jump events. Our findings are robust to the choice of methodology.
We also find industry and firm characteristics contribute to the differential contagion effects: (1) The more concentrated an industry is, the more stronger the competitive effect in the context of bankruptcies. This result does not hold for jump events.  (2) The more closely related between the distressed firm and the industry rivals, the stronger the credit contagion.  (3) The larger the firm filing for Chapter 11 bankruptcy, the more contagious it is.  (4) Credit quality of the rival firms emerges as a strong factor to explain the diverse contagion patterns for firms within the same industry. 

We believe that our results are relevant for pricing and rating structured credit products such as basket credit derivatives and CDOs and for more traditional credit risk portfolio management.

Further empirical analysis indicates that industry distress factor can’t fully explain the abnormal increase in the industry rivals’ CDS spreads surrounding the event.  We document the existence of pure contagious effects on top of common industry risk factors.  A cross-market comparison of contagion effects between the CDS market and the stock market suggests that contagion effects are much stronger in the CDS market, which exhibits much less information asymmetry.  The CDS market appears to be more responsive to credit risk changes in that it leads the stock market in capturing the contagion effect. 

The documented significance of industry contagion suggests that industry and firm specific information should be accounted for in modeling conditional default probabilities and default correlations.  In particular, the contagion dynamics may be responsible for explaining time varying variations of default correlations.  In the context of increasing emphasis on the management of portfolio credit risk due to enormous contagious losses and high capital adequacy charges, our study provides a direct answer why financial institutions should diversify industry components for their credit-sensitive portfolios.  
Appendix A: EM Algorithm
The EM algorithm (Dempster, Laird, and Rubin 1977) is a technique that finds maximum likelihood estimates in parametric models for incomplete data. The idea is to substitute missing observations with inferred values (conditional expectations), calculate sufficient statistics for the assumed generating distribution using the newly completed data set, and then iterate by beginning with a new set of improved inferred values based on the assumption that the estimated parameters are correct. It is an iterative procedure that finds the MLE of the parameter vector by repeating the following steps:

1.The expectation E-step:

Given a set of parameter estimates, such as a mean vector and covariance matrix for a multivariate normal distribution, the E-step calculates the conditional expectation of the complete-data log likelihood given the observed data and the parameter estimates.

2.The maximization M-step:

Given complete-data log likelihood, the M-step finds the parameter estimates to maximize the complete-data log likelihood from the E-step.

The two steps are iterated until the iterations converge. 

In the EM process, the observed-data log likelihood is non-decreasing at each iteration. For multivariate normal data, suppose there are G groups with distinct missing patters. Then the observed-data log likelihood being maximized can be expressed as
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is the observed-data log likelihood from the gth group, and 
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where 
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is the number of observations in the gth group, the summation is over observations in the gth group, 
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is a vector of observed values corresponding to observed variables, 
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is the associated covariance matrix. 

The MI procedure assumes that the data are from a continuous multivariate distribution and contain missing values that can occur on any of the variables. The missing pattern is assumed to be MAR (Missing-at-Random), that is, the probability that an observation is missing can depend on the observed part of data, but not on the missing part. 

For data sets with arbitrary missing patterns, a Markov Chain Monte Carlo (MCMC) method (Schafer 1997) that assumes multivariate normality is used to impute all missing values. MCMC method creates imputations by drawing simulations from a Bayesian predictive distribution for normal data. Although the MCMC methods assume multivariate normality, inferences based on multiple imputations can be robust to departures from the multivariate normality if the amount of missing information is not large.

The Steps of imputing missing observations are as follows:

1.
We make the log-transformation of the CDS spread in order to conform to the multivariate normality assumption. CDS spreads are transformed before the imputation process as
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 and then reverse-transformed to create the imputed data set in a straightforward way, where St represents the CDS spread; Rt represents the relative change in the CDS spread, and n is the day difference between two consecutive CDS observations for a particular reference entity. 

2.
First we linearly interpolate the missing observations, compute the returns, and construct the covariance matrix within each broad rating category
, which is used as the prior in the EM process. Then we apply the EM algorithm to find the MLE of the parameter vector by repeating E-steps and M-steps. The posterior covariance matrix is used to impute the missing observations. 
Appendix B: Construction of CCAS and CARC

First, we construct the dependent variable CCAS to examine the CDS spread responses of industry rivals to credit events, where CCAS is the cumulated change in adjusted spread of default swap.  Day t=0 is defined as the first published report of the relevant announcement for Chapter 11 and Chapter 7 bankruptcies or the day the jump event occurred.  We define [
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] as the time interval starting from t1 business days after the event to t2 business days after the event.  A negative date indicates days before the event.
We don’t use change in the raw CDS spread because a widening of the spread does not necessarily indicate industry response.  To account for market-wide movements within credit rating classes, we construct equally weighted rating indices of the CDS spreads for firms in each of the following categories: AAA and AA, A, BBB, and below BBB 
. We convert raw CDS spreads by subtracting the corresponding rating index to obtain the rating-adjusted CDS spread (AS).  For firm j with rating r at time t, 
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 denotes the equally weighted CDS index of rating r at day t. r refers to the broad rating category AAA and AA, A, BBB and below BBB, with r = 1,2,3,4, respectively. 

We compute CCAS for interval [
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For each event, CCAS are calculated for equally weighted industry portfolios over [-1,1] and [-5,5] announcement windows, as well as each day in the eleven-day window.  

We calculate the cross-sectional mean and standard deviation for CCAS for the full sample.  T-statistics are computed in the standard way.  It should be noted, however, that the distribution of the spread change often has a positive skew. Thus a standard t-test with the normality assumption is inappropriate in this context. To determine whether the average change in the adjusted spread is significantly greater than zero, we compare the t-statistic with the corresponding percentile of the empirical distribution obtained by bootstrapping. For example, given a positive average change with t-statistic exceeding the percentile 95 value of the empirical distribution of bootstrapped t, we can reject the null hypothesis of zero change at a 95% confidence level. 


As an alternative measure of credit contagion effect, CARC is constructed in the following manner, where CARC is the cumulative abnormal relative changes of default swap spreads. 

 
First, the daily relative CDS spread change of firm j at day t is computed as the change in the CDS spreads divided by the spread at day t-1.  
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Which is then used to construct 
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, the average relative change for rating index r at day t. 

 
Abnormal relative changes are estimated ARC, the abnormal relative changes (ARC) of default swap spread for each firm j on a given day t is calculated in the following way
:
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Betas and alphas are estimated in a standard OLS regression against the corresponding rating-index, using 252 daily returns, ending 21 days prior to the event date. The
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for each event i at day t is obtained by taking the average across all names in the corresponding industry portfolio, which are averaged over I events to get the average abnormal relative change 
[image: image43.wmf]t

ARC

 at day t.
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Cumulative Abnormal Relative Change (CARC) is the summation of 
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 of each day in the event window of interest: 
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p90,

p95,

p99

are

the

percentiles

of

this

distribution.

CARC

is

the

cumulative

abnormal

CDS

spread

relative

change

(%)

of

industry

portfolio

defined

as

the

market

model

residual

estimated

over

the

period

(-273,

-21),

where

the

corresponding

rating

index

proxies

for

the

market.

t-stat

for

CARC

is

computed

following

Mackinlay

(1997).

The

superscripts

***,

**

and

*

indicate

significance

at

1%,

5%

and

10%,

respectively.

The

%

(>0)

is

the

percentage

of

observations with positive CCAS (CARC).

Industry Rival's CDS Spread Reactions to Credit Events

Table IV

Panel B: Chapter 7 Bankruptcy (N=38)

Panel A: Chapter 11 Bankruptcy (N=203)


[image: image51.wmf]Below 

Sample 

Median

Above 

Sample 

Median

DIF

Below 

Sample 

Median

Above 

Sample 

Median

DIF

CORR

101/102

-2.28

13.45

15.73

-0.69

1.29

1.98

(-1.19)

(2.90)***

[3.13]***

[1.96]**

LEV

101/102

3.28

7.82

4.54

-1.72

1.70

3.42

(0.83)

(2.40)***

[0.89]

[2.78]***

VOL

101/102

4.98

6.10

1.12

0.82

-0.64

-1.46

(2.56)***

(1.29)

[0.22]

[-1.29]

HERF

101/102

15.66

-4.48

-20.14

2.33

-1.77

-4.10

(3.49)***

(-2.18)**

[-4.08]***

[-3.43]***

SIZE

101/102

0.14

10.89

10.75

-1.92

2.35

4.27

(0.04)

(2.89)***

[2.12]**

[3.97]***

RT

151/136

-0.99

13.01

14.00

0.49

3.91

3.42

(-0.63)

(3.11)***

[3.14]***

[2.50]***

Table V

Variable Definitions:

CCAS

is

the

cumulated

change

in

the

rating-adjusted

CDS

spread

of

the

industry

portfolio

for

the

[-5,5]

interval;

CORR

is

the

equity

return

correlation

between

the

returns

of

the

industry

portfolio

and

the

distressed

firm

returns

for

the

preceding

12

months;

LEV

is

the

average

ratio

of

the

book

value

of

long-term

debt

to

the

sum

of

the

book

value

of

long-term

debt

and

the

market

value

of

the

equity

of

the

industry

portfolio

for

the

preceding

12

months;

VOL

is

the

annualized

standard

deviation

of

daily

equity

returns

for

the

industry

portfolio

for

1

year

before

the

event;

HERF

is

the

average

of

the

sum

of

the

squared

fractions

of

sales

of

each

firm

over

the

industry

sales

for

the

preceding

4

quarters;

SIZE

is

the

natural

log

of

total

liabilities

of

the

distressed

firm;

RT

is

a

dummy

variable

equal to 1 if the industry rival carries a credit rating of BBB or below, and 0 otherwise.  

This

table

splits

industry

rival's

reactions

to

credit

events

by

industry

and

firm

characteristics

defined

below

the

table.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

spread

data

are

available.

For

each

classification

except

RT,

the

mean

and

median

of

CCAS

for

the

industry

portfolio

are

calculated

and

t-statistics

are

reported

below

in

parentheses.

For

the

partition

RT,

we

compute

the

mean

and

median

of

CCAS

for

the

industry

sub-portfolio,

which

is

constructed

by

splitting

each

industry

portfolio

according

to

whether

the

rival

firm

carries

a

credit

rating

of

BBB

or

below,

or

above

BBB.

The

pairwise

mean

difference

DIF

is

tested

using

t-test

and

the

Cochran

statistics

are

reported

below

in

square

brackets.

The

Pairwise

median

difference

DIF

is

tested

using

Wilcoxon

two-sample

test,

and

the

standarized

Wilcoxon

statistics

is

reported

below

in

square

brackets.

The

superscripts

***,

**

and

*

indicate

significance at 1%, 5% and 10%, respectively. 

Industry Rival's CDS Spread Reactions to Credit Events                                                                                                  

by Industry and Firm Characteristics

Panel A: Chapter 11 Bankruptcy

Industry and Firm 

Characteristics

Size

Subsample Mean of CCAS (bp)

Subsample Median of CCAS (bp)


[image: image52.wmf]Below 

Sample 

Median

Above 

Sample 

Median

Dif

Below 

Sample 

Median

Above 

Sample 

Median

Dif

CORR

19/19

-4.81

0.79

5.60

-3.77

-0.39

3.38

(-3.48)***

(0.46)

[2.54]***

[2.34]***

LEV

19/19

-2.66

-1.37

1.29

-3.44

-1.44

2.00

(-1.42)

(-0.92)

[0.54]

[0.93]

VOL

19/19

-2.35

-1.68

0.67

-1.99

-2.29

-0.30

(-2.11)**

(-0.8)

[0.28]

[-0.47]

HERF

19/19

1.78

-5.81

-7.59

0.30

-3.77

-4.07

(1.18)

(-4.27)***

[-3.74]***

[-2.95]***

SIZE

18/20

-0.79

-3.12

-2.33

-2.14

-2.13

0.01

(-0.50)

(-1.81)*

[-0.99]

[0.54]

RT

28/25

-0.54

-6.39

-5.85

-0.85

-2.06

-1.21

(-0.58)

(-2.59)***

[-2.22]**

[-1.15]

Variable Definitions:

CCAS

is

the

cumulated

change

in

the

rating-adjusted

CDS

spread

of

the

industry

portfolio

for

the

[-5,5]

interval;

CORR

is

the

equity

return

correlation

between

the

returns

of

the

industry

portfolio

and

the

distressed

firm

returns

for

the

preceding

12

months;

LEV

is

the

average

ratio

of

the

book

value

of

long-term

debt

to

the

sum

of

the

book

value

of

long-term

debt

and

the

market

value

of

the

equity

of

the

industry

portfolio

for

the

preceding

12

months;

VOL

is

the

annualized

standard

deviation

of

daily

equity

returns

for

the

industry

portfolio

for

1

year

before

the

event;

HERF

is

the

average

of

the

sum

of

the

squared

fractions

of

sales

of

each

firm

over

the

industry

sales

for

the

preceding

4

quarters;

SIZE

is

the

natural

log

of

total

liabilities

of

the

distressed

firm;

RT

is

a

dummy

variable

equal to 1 if the industry rival carries a credit rating of BBB or below, and 0 otherwise. 

This table splits industry rival's reactions to credit events by industry and firm characteristics defined below the 

table. An industry portfolio is an equally-weighted portfolio of firms with the same 4-digit SIC code as the 

distressed firm and for which the CDS spread data are available. For each classification except RT, the mean and 

median of CCAS for the industry portfolio are calculated and t-statistics are reported below in parentheses. For 

the partition RT, we compute the mean and median of CCAS for the industry sub-portfolio, which is constructed 

by splitting each industry portfolio according to whether the rival firm carries a credit rating of BBB or below, or 

above BBB. The pairwise mean difference DIF is tested using t-test and the Cochran statistics are reported below 

in square brackets. The Pairwise median difference DIF is tested using Wilcoxon two-sample test, and the 

standarized Wilcoxon statistics is reported below in square brackets. The superscripts ***, ** and * indicate 

significance at 1%, 5% and 10%, respectively.

Industry Rival's CDS Spread Reactions to Credit Events                                                                                                  

by Industry and Firm Characteristics

Table V

Panel B: Chapter 7 Bankruptcy

Industry and Firm 

Characteristics

Size

Subsample Mean of CCAS (bp)

Subsample Median of CCAS (bp)
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Median

Above 
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Median

Dif

Below 

Sample 

Median

Above 

Sample 

Median

Dif

CORR

38/38

4.28

18.4

14.12

3.02

16.76

13.74

(1.27)

(3.61)***

[2.31]**

[1.68]*

LEV

38/38

10.58

12.09

1.51

3.43

7.56

4.13

(2.34)***

(2.74)***

[0.24]

[0.66]

VOL

38/38

13.94

8.73

-5.21

4.71

7.56

2.85

(3.39)***

(1.83)*

[-0.83]

[0.56]

HERF

38/38

15.38

7.5

-7.88

12.79

1.59

-11.2

(3.31)***

(1.78)*

[-1.26]

[-1.61]

SIZE

38/38

12.45

10.23

-2.22

12.71

1.62

-11.09

(2.70)***

(2.36)***

[-0.35]

[-1.01]

RT

56/54

3.42

26.06

22.64

1.92

11.06

9.14

(0.75)

(3.32)***

[2.50]***

[2.02]**

Variable Definitions:

CCAS

is

the

cumulated

change

in

the

rating-adjusted

CDS

spread

of

the

industry

portfolio

for

the

[-5,5]

interval;

CORR

is

the

equity

return

correlation

between

the

returns

of

the

industry

portfolio

and

the

distressed

firm

returns

for

the

preceding

12

months;

LEV

is

the

average

ratio

of

the

book

value

of

long-term

debt

to

the

sum

of

the

book

value

of

long-term

debt

and

the

market

value

of

the

equity

of

the

industry

portfolio

for

the

preceding

12

months;

VOL

is

the

annualized

standard

deviation

of

daily

equity

returns

for

the

industry

portfolio

for

1

year

before

the

event;

HERF

is

the

average

of

the

sum

of

the

squared

fractions

of

sales

of

each

firm

over

the

industry

sales

for

the

preceding

4

quarters;

SIZE

is

the

natural

log

of

total

liabilities

of

the

distressed

firm;

RT

is

a

dummy

variable

equal

to

1

if

the

industry

rival

carries a credit rating of BBB or below, and 0 otherwise. 

This

table

splits

industry

rival's

reactions

to

credit

events

by

industry

and

firm

characteristics

defined

below

the

table.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

spread

data

are

available.

For

each

classification

except

RT,

the

mean

and

median

of

CCAS

for

the

industry

portfolio

are

calculated

and

t-statistics

are

reported

below

in

parentheses.

For

the

partition

RT,

we

compute

the

mean

and

median

of

CCAS

for

the

industry

sub-portfolio,

which

is

constructed

by

splitting

each

industry

portfolio

according

to

whether

the

rival

firm

carries

a

credit

rating

of

BBB

or

below,

or

above

BBB.

The

pairwise

mean

difference

DIF

is

tested

using

t-test

and

the

Cochran

statistics

are

reported

below

in

square

brackets.

The

Pairwise

median

difference

DIF

is

tested

using

Wilcoxon

two-sample

test,

and

the

standarized

Wilcoxon

statistics

is

reported

below

in

square

brackets.

The

superscripts

***,

**

and

*

indicate

significance

at

1%,

5%

and

10%,

respectively.

Table V

Industry Rival's CDS Spread Reactions to Credit Events                                                                                                  

by Industry and Firm Characteristics

Panel C: Jump Event

Industry and Firm 

Characteristics

Size

Subsample Mean of CCAS (bp)

Subsample Median of CCAS (bp)


[image: image54.wmf]Independent Variables

Expected 

Sign

Chapter 11 

Bankruptcy

Chapter 7 

Bankruptcy

Jump                                     

Event

Coefficient

Coefficient

Coefficient

(t-stat.)

(t-stat.)

(t-stat.)

Constant

-15.76

-7.26

14.65

(-1.47)

(-2.27)**

(0.30)

CORR

+

42.27

7.64

63.55

(2.64)***

(2.68)***

(2.47)***

HERF

-

-54.49

-17.94

-23.31

(-3.27)**

(-2.01)**

(-0.54)

LEV

+

3.83

11.54

-112.07

(0.20))

(1.42)

(-1.33)

VOL

+

18.66

23.88

-10.18

(1.10)

(1.12)

(-0.60)

SIZE

+

2.36

0.74

-0.37

(2.18)**

(1.19)

(-0.08)

RT

+

9.76

-8.72

20.27

(2.36)***

(-3.48)***

(2.26)**

DIS

0.03

-0.01

0.13

(0.71)

(-0.28)

(2.48)***

PDIS

-0.07

-0.03

0.03

(-2.17)**

(-1.60)

(0.60)

R-squared adj. (%)

10.20

21.08

14.10

p-value for F-stat

<.0001***

<.0001***

<.0001***

# of Obs. 

287

53

110

Variable Definitions:

CCAS

is

the

dependent

variable,

defined

as

the

cumulated

change

in

the

rating-adjusted

CDS

spread

of

the

industry

portfolio

for

the

[-5,5]

interval;

CORR

is

the

equity

return

correlation

between

the

returns

of

the

industry

portfolio

and

the

distressed

firm

returns

for

the

preceding

12

months;

LEV

is

the

average

ratio

of

the

book

value

of

long-term

debt

to

the

sum

of

the

book

value

of

long-term

debt

and

the

market

value

of

the

equity

of

the

industry

portfolio

for

the

preceding

12

months;

VOL

is

the

annualized

standard

deviation

of

daily

equity

returns

for

the

industry

portfolio

for

1

year

before

the

event;

HERF

is

the

average

of

the

sum

of

the

squared

fractions

of

sales

of

each

firm

over

the

industry

sales

for

the

preceding

4

quarters;

SIZE

is

the

natural

log

of

total

liabilities

of

the

distressed

firm;

RT

is

a

dummy

variable

equal

to

1

if

the

industry

rival

carries

a

credit

rating

of

BBB

or

below,

and

0

otherwise.

DIS

and

PDIS

are

control

variables,

defined

as

the

cumulated

change

in

the

rating-adjusted

CDS

spread

of

the

industry

portfolio

from

3

months to 5 days, and from 1 year to 3 months before the event, respectively.

Table VI

The Effect of Industry and Firm Characteristics                                                                                                  

on Industry Rival's CDS Spread Reactions

This table presents the coefficient estimates from the following equation: 

The

estimates

are

obtained

in

an

OLS

cross-sectional

regression.

The

heteroskedasticity

robust

t-statistics

are

reported

in parentheses.  The superscripts ***,**, and * indicate significance at 1%, 5% and 10%, respectively.

012345678
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[image: image55.wmf]Mean AARC

t-stat.

Mean DIF

t-stat.

Mean AARC

t-stat.

Mean DIF

t-stat.

W0

[-1,1]

0.29

1.88*

0.70

2.27**

W-

[-126,-22]

0.04

1.91*

0.25

1.65*

0.13

4.76***

0.57

1.93*

W+

[22,126]

-0.02

-0.59

0.32

2.05**

-0.19

-1.89*

0.89

2.71***

Average of 

W- and W+

0.01

0.43

0.28

1.87*

-0.03

-0.62

0.73

2.34***

W0

[-1,1]

0.29

1.88*

0.70

2.27**

W-

[-126,-64]

0.03

1.27

0.26

1.67*

0.01

2.16**

0.69

2.01**

W+

[64,126]

-0.07

-1.42

0.35

2.23**

-0.37

-3.41***

1.07

3.37***

Average of 

W- and W+

-0.01

-0.53

0.29

1.89*

-0.12

-2.01**

0.82

2.84***

W0

[-5,5]

0.18

2.08**

0.40

2.76***

W-

[-126,-22]

0.04

1.91*

0.14

1.65*

0.13

4.76***

0.27

1.89*

W+

[22,126]

-0.02

-0.59

0.21

2.46***

-0.19

-1.89*

0.59

3.38***

Average of 

W- and W+

0.01

0.43

0.17

2.11**

-0.03

-0.62

0.43

2.83***

W0

[-5,5]

0.18

2.08**

0.40

2.76***

W-

[-126,-64]

0.03

1.27

0.15

1.72*

0.01

2.16**

0.39

2.01**

W+

[64,126]

-0.07

-1.42

0.26

2.83***

-0.37

-3.41***

0.77

4.64***

Average of 

W- and W+

-0.01

-0.53

0.20

2.36***

-0.12

-2.01**

0.52

3.94***

AARC

is

the

daily

average

abnormal

CDS

spread

relative

change

(%)

of

the

industry

portfolio

over

W0,

W-

and

W+,

which

are

the

event

window,

pre-event

window

and

post-event

window,

respectively.

It

is

computed

as

CARC

divided

by

the

number

of

days

of

each

window.

CARC

is

the

cumulative

abnormal

CDS

spread

relative

change

(%)

defined

as

the

market

model

residual

estimated

over

the

period

(-273,

-21),

where

the

corresponding

rating

index

proxies

for

the

market.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

data

are

available.

DIF(%)

is

the

difference

between

AARC

in

W0

and

that

in

W-,

W+

or

the

average

of

AARC

in

W-

and

W+.

t-stat.

is

the

standard

t-test

value.

The

superscripts

***,**,

and * indicate significance at 1%, 5% and 10%, respectively. 

Chapter 11 Bankruptcy

Jump Event

Table VII

Decompose Industry Rival's CDS Spread Reactions



Panel D

Panel C

Panel B

Panel A


[image: image56.wmf]Event

Day

Mean (%)                

Equity CAR

Mean (%)                

CDS CARC

Mean (%)                

Equity CAR

Mean (%)                

CDS CARC

Mean (%)                

Equity CAR

Mean (%)                

CDS CARC

-5

0.22

0.18

-0.21

-0.22

0.12

0.62

(1.25)

(1.09)

(-0.49)

(-0.45)

(0.47)

(1.62)

-4

0.03

0.00

-0.07

0.4

-0.25

1.48

(0.2)

(0.01)

(-0.16)

(0.8)

(-0.97)

(3.89)***

-3

-0.08

0.25

0.3

0.06

0.3

-0.76

(-0.47)

(1.49)

(0.68)

(0.11)

(1.16)

(-1.99)**

-2

-0.18

0.13

0.15

-0.48

-0.28

1.02

(-1.05)

(0.77)

(0.35)

(-0.97)

(-1.07)

(2.69)***

-1

-0.16

-0.06

0.16

-0.17

-0.46

1.14

(-0.89)

(-0.36)

(0.38)

(-0.34)

(-1.77)*

(2.95)***

0

-0.29

0.63

0.69

-0.84

-0.24

1.01

(-1.68)*

(3.70)***

(1.63)

(-1.70)*

(-0.93)

(2.64)***

1

-0.04

0.32

0.37

-0.42

-0.1

-0.05

(-0.23)

(1.87)*

(0.86)

(-0.86)

(-0.38)

(-0.13)

2

0.16

0.00

0.19

-0.25

0.22

0.54

(0.90)

(0.02)

(0.43)

(-0.50)

(0.85)

(1.41)

3

-0.12

-0.03

-0.18

-0.48

-0.05

-0.06

(-0.66)

(-0.18)

(-0.43)

(-0.97)

(-0.20)

(-0.15)

4

-0.07

0.41

-0.12

-0.6

0.25

-0.2

(-0.42)

(2.44)***

(-0.27)

(-1.21)

(0.96)

(-0.53)

5

-0.29

0.19

-0.6

-0.02

0.35

-0.3

(-1.64)

(1.10)

(-1.38)

(-0.05)

(1.34)

(-0.79)

[-1,1]

-0.49

0.88

1.22

-1.43

-0.81

2.09

(-1.61)

(3.10)***

(1.66)*

(-1.67)*

(-1.78)*

(3.16)***

[-5,5]

-0.82

2.02

0.67

-3.03

-0.15

4.44

(-1.42)

(3.60)***

(0.47)

(-1.84)*

(-0.17)

(3.51)***

Jump Event

CAR

is

the

cumulative

abnormal

equity

return

(%)

of

the

industry

portfolio,

and

CARC

is

the

cumulative

abnormal

CDS

spread

relative

change

(%)

of

the

industry

portfolio.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

data

are

available.

Both

are

defined

as

market

model

residual

estimated

over

the

period

(-273,

-21).

t-stat.

is

computed

following

Mackinlay(1997)

and

is

reported

immediately

below.

***,

**

and

*

indicates

significance

at

1%,

5%

and

10%

two-

tailed

levels,

respectively.

The

sample

consists

of

203

Chapter

11

bankruptcies,

38

Chapter

7

bankruptcies

and

76

jump events between 1998 to 2002. 

Industry Rival's CDS Spread Reactions vs Stock Price Responses

Table VIII

Chapter 11 Bankruptcy

Chapter 7 Bankruptcy
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(8.73)***
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The Stock Market

2.32

2.00

2.42

2.09

2.42

2.16

(28.05)***

(13.68)***

(15.54)***

Difference

-0.70

-1.46

-1.19

-1.61

-0.81

-0.98

(-3.77)***

(-7.33)***

(-2.83)***

(-3.52)***

(-3.15)***
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Jump Event

Chapter 7 Bankruptcy

Comparison of Information Asymmetry of the CDS Market and the Stock Market

Table IX

We

use

the

market-model

residual

volatilities

in

daily

stock

returns

and

the

CDS

spread

relative

changes

of

the

industry

portfolio

for

the

period

(-21,-5)

as

proxies

for

information

asymmetry

in

the

stock

market

and

the

CDS

market,

respectively.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

data

are

available.

Mean

and

median

differences

are

tested

using

t

test

and

Wilcoxon

two-sample

tests,

respectively.

The

sample

consists

of

203

Chapter

11

bankrutpcy,

38

Chapter

7

bankruptcy

and

76

jump

events.

***,**,

and

*

indicate

significance

at

1%,

5%

and

10% two-tailed levels, respectively.

Chapter 11 Bankruptcy
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1
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89.2%
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0.63
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95.7%
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Table X

Lead-Lag Relation of Contagion Effects                                                                                                       

between the CDS Market and the Stock Market

For

a

given

industry

portfolio

at

day

t,

PCARtC

is

computed

as

the

CARC

for

the

interval

[-21,t]

divided

by

the

CARC

for

the

[-21,

+5]

window,

and

PCARtS

is

computed

as

the

CAR

for

the

interval

[-21,t]

divided

by

the

CAR

for

the

[-21,

+5]

window,

where

CARC

is

the

cumulative

abnormal

CDS

spread

relative

change

(%)

of

the

industry

portfolio,

and

CAR

is

the

cumulative

abnormal

equity

return

(%)

of

the

industry

portfolio.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

data

are

available.

Both

are

defined

as

market

model

residual

estimated

over

the

period

[-273,

-

21].

LEADt

is

the

difference

between

PCARtC

and

PCARtS

for

each

day

t

over

the

interval

[-21,+5].

t-stat.

is

the

standard

t-test

value.

***,**,

and

*

indicate

significance

at

1%,

5%

and

10%

two-tailed

levels,

respectively.

The

sample consists of 203 Chapter 11 bankrutpcy, and 76 jump events.

Panel A: Chapter 11 Bankruptcy
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Table X

Lead-Lag Relation of Contagion Effects                                                                                                       

between the CDS Market and the Stock Market

For

a

given

industry

portfolio

at

day

t,

PCARtC

is

computed

as

the

CARC

for

the

interval

[-21,t]

divided

by

the

CARC

for

the

[-21,

+5]

window,

and

PCARtS

is

computed

as

the

CAR

for

the

interval

[-21,t]

divided

by

the

CAR

for

the

[-21,

+5]

window,

where

CARC

is

the

cumulative

abnormal

CDS

spread

relative

change

(%)

of

the

industry

portfolio,

and

CAR

is

the

cumulative

abnormal

equity

return

(%)

of

the

industry

portfolio.

An

industry

portfolio

is

an

equally-weighted

portfolio

of

firms

with

the

same

4-digit

SIC

code

as

the

distressed

firm

and

for

which

the

CDS

data

are

available.

Both

are

defined

as

market

model

residual

estimated

over

the

period

[-273,

-21].

LEADt

is

the

difference

between

PCARtC

and

PCARtS

for

each

day

t

over

the

interval

[-21,+5].

t-stat.

is

the

standard

t-test

value.

***,**,

and

*

indicate

significance

at

1%,

5%

and

10%

two-tailed

levels,

respectively.

The

sample

consists

of 203 Chapter 11 bankrutpcy, and 76 jump events.

Panel B: Jump Event
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Figure 1: Conceptual Model for Intra-industry Credit Contagion




















(+)














(+)














(+)





(+)





(+)





(+)





(+)


































































































































































































































































































































































































































































































































































































































































































































































































































































































* Thanks and acknowledgments go to Nai-fu Chen, Pierre Collin-Dufresne, Jean Helwege, Lemma Senbet, Neal Stoughton, Solomon Tadesse, Fan Yu, for many helpful comments and valuable inputs, and in particular, Philippe Jorion for his continual support and constructive suggestions. I am grateful to Darrell Duffie and Francis Longstaff for valuable inputs and encouragement.  I also gratefully acknowledge the fund support of Graduate School of Management, University of California, Irvine.  All remaining errors are mine.  


� A partial list includes Collin-Dufresne et al. (2002), Davis and Lo (2001), Duffie and Singleton (1999), Giesecke, Hull and White (2001), Jarrow and Yu (2001), Schonbuer and Schubert (2001), Yu (2004) and Zhou (2001). Saunders and Allen (� HYPERLINK "http://www.riskbook.com/link/saunders_and_allen_(2002).htm" \t "_top" �2002�) compares standard portfolio credit risk models.


� According to the British Banker Associations, the outstanding global credit derivatives are expected to reach $ 5 trillion by the end of 2004. 


� Explanations of credit contagion have been introduced in the theoretic credit risk literature.  To sum it up, contagion can be due to firm’s dependence on common state variables (Zhou(2001), Duffee(1999), Bakshi, Madan and Zhang (2001)), or due to functional interrelationships among business units (Davis and Lo (2001), Jarrow and Yu(2001)), or due to information effects (Giesecke (2001), and Collin-Dufresne et al (2002)).  


� Das et al (2001) and Servigny and Renault (2002) provide empirical evidence on the correlation of conditional default probabilities across corporates.  Das et al (2004) investigate the correlation of timing of defaults. Collin et al (2002) examine the impact on bond and stock market indices of jump events in the bond market. 


� Currie and Morris (2002) note that the average correlation between CDS spread and equity price is only on the order of 5% to 15%.  Servigny and Renault (2003) present evidence that equity correlations are not good proxies for asset correlations as equity returns incorporate a lot of noise (bubbles etc.) which are not related to the firm’s fundamentals. Langstaff et al (2003) find that equity and CDS markets contain distinct information contents.  What’s more, equity and credit markets may not be perfectly integrated in that they have diverging views on the default risk of an obligor.  


� For an academic discussion of the determinants of corporate – treasury yield spreads, see Duffee (1998), Delianedis and Geske (2001), Huang and Huang (2002). In particular, Elton et al (2001) argue that yield spreads depend on taxes and systematic factors.  For a practitioner perspective, Lehman is quoted as saying that ‘the CDS index will focus on pure spread total return, and not the kind of exposures to yield curve, swap spreads and credit spreads that traditional bond indexes bundle together’ (Wall Street Journal, Oct., 23, 2003).


� Evidence is provided by a recent paper by Blanco et al (2003).  


� This view is supported by Longstaff et al. (2004), who present the evidence that the best source reflecting credit risk only is in the market for credit default swaps.  


� The reorganizing firm can receive important subsidies, such as tax carry-forwards and DIP financing. They can even lower their product and service prices and trigger a price war.  For example, financially weak airlines under Chapter 11 bankruptcy protection usually cut prices to gain competitive advantage, harming other airlines. In addition, the specifics of Chapter 11 make bargaining an important factor in distressed reorganizations, e.g., UAL gained better  bargaining power with unions after they filed for Chapter 11 bankruptcy.


� For example, Bethlehem Steel Corporation, who was at the high risk of default, benefited from the complete shutdown of LTV Corporation,  its major competitor , under Chapter 7 bankruptcy, due to the lower supply of the domestic market.  


� See Hull and White (2001) and Schonbucher and Schubert (2001).


� Indeed, Yu (2004) reports that accommodating industry default triggers in the common factor structure of the default intensity remedies the problem of too low default correlation.  


� Das et al (2002) find that default correlations across firms vary over time systematically in a manner that default correlations is higher in the higher default regime.  


� Servigny and Renault (2003) documented the increase in default rates during recessions.  


� Recent recessions witnessed record bankruptcies of industry giants such as Worldcom, Enron, etc. 


� The rating agencies such as Standard & Poor’s use industry composition score as a criteria to evaluate and rate credit portfolios and synthetic credit derivative products such as CDO and CLOs. 


� Bronars and Deere (1991), Perroti and Spier (1993) and Dasgupta and Sengupta (1993) argue that financial distress can improve a firm’s bargaining power with its unions and other stakeholders that earn economic rents. White (1989) summarizes important subsidies to reorganizing firms coming from the government or creditors, which give them advantages over both liquidated firms and surviving firms. First, firms that reorganize retain most of their accrued tax loss carryforwards, which would be lost if they liquidated.  Second, they have the right to terminate underfunded pension plans, with the government picking up the uncovered pension costs.  Third, firms in reorganization can reject any of their contracts that are not substantially completed, and even reject their collective bargaining agreements.


� See, for example, the case of Bethlehem Steel Corp. in Footnote 2. A recent Financial Post – Canada article (May 20, 2002) reports that ‘There's a huge danger in Telecom industry that too many of these operators will go into Chapter 11 of U.S. bankruptcy law, or whatever, and not go all the way to Chapter 7 bankruptcy, so that you're left with too much competition and nobody's going to be a winner’.


� Brander and Lewis (1988) argue that the external benefits to rivals are proportional to the extent of financial distress as the damage to a firm’s reputation or the probability of output disruption might be increasing in the size of the shortfall. 


� Each observation consists of the following detailed pricing information on the individual CDS: (1) The date on which the quote was made, (2) The name of reference entity for the CDS contract, (3) The maturity of the CDS in months, (4) The bid quote and the offer quote in basis point per annum, (5) The type of quote code, Intra-day Market Price Quote (Q) or Trade (T), (6) The amount that a quote is good for, (7) The credit ratings by Moody’s and S&P.


�. We tried three methods to aggregate the quotes within a day if there are multiple bid or ask quotes. 


Take the average of the highest bid and the lowest offer quotes to reduce the bid-ask spread;


Take the average of the highest bid and the highest offer to account for the trend in quoting within a day;


Take the average of the average bid and the average offer to take into consideration all quotes within a day. 


Then we compare the descriptive statistics of the CDS spreads generated in the above three ways.  The differences are  indistinguishable.  


� We focus on S&P ratings because S&P appears to be more active in making rating changes, thereby providing a larger data set.


� At that time the demand for credit-default protection had soared with almost nobody willing to take the other side at levels that made economic sense.  For other bankrupt firms such as Enron, Kmart, we also observed that CDS quotes stopped several months before the bankruptcy, which reflected a market shutdown.  


� The EM algorithm was first devised by Orchard and Woodbury (1972).  The key to the EM algorithm is that an iterative scheme of maximizing the complete data likelihood with inferred values of the incomplete data will also maximize the incomplete data likelihood.  Previous statistical studies suggest that the EM approach dominates the case when only observed data are used (Beale and Little (1975)).  For an application to financial data see Warga (1992).  


� Stepwise interpolation assumes that the missing data is a reflection of absence of new information, therefore the missing data is substituted with the last available quote. Compared with stepwise interpolation, the EM algorithm is expected to generate more conservative CDS spread changes.


� One difficulty in merging is that both the CDS dataset and  a list of bankrupt firms do not have CUSIP that can be used to identify firms in COMPUSTAT and CRSP dataset. For the firm with its name close to the company name in COMPUSTAT, we write a program to look for its 6-digit CUSIP in COMPUSTAT and 8-digit CUSIP in CRSP. If this method fails, we hand collect the information using the look-up windows.


� We search keywords ‘chapter 7 bankruptcy’, ‘chapter 7 liquidation’, ‘liquidation’, ‘cease operation’, ‘shutdown’ in ABI/Inform, and then confirm the bankruptcy type and filing date in historical EDGAR archives of company filings provided in � HYPERLINK "http://www.sec.gov" ��www.sec.gov� website.


� An exception is for year 2001, where we exclude CDS changes occurring from September 11, 2001 through September 31, 2001 to avoid upward bias in the distribution, as September-11 event exerted severe impacts on the market, in particular the overall airline industry and hotel and traveling related industries, which are manifested in big jumps in CDS spreads.  


� Kahle and Walkling (1996) find that 4-digit SIC code assigned by COMPUSTAT is more powerful in industry matches than that assigned by CRSP, and 4-digit SIC code matches are more powerful than 2-digit SIC code matches.


� Lang and Stulz (1992) construct industry portfolio by randomly selecting 50 firms in COMPUSTAT with the same primary four-digit SIC code as the bankrupt firm and then use the firms among those 50 that have returns on the CRSP files to form industry portfolios.


� We use BBB to split the sample because the firm with BBB rating is on the verge of investment grade and is likely to become fallen angels, therefore sensitive to credit shocks in the industry. 


� For robustness check, we also repeat the regression with the dependent variable replaced by CARCj for the [-5,5] interval around the event day.  There are no distinguishable differences when the second measure is used. 





� We call this portfolio “Matching Sample” because its industry composition is exactly the same as that used in event study on CDS market.  


� One advantage of this test is that it is not affected by nonlinearity and thus allows for the effect of extreme observations.


� Perceivably companies in the same rating category tend to respond to the macroeconomic event in a similar way. We divide the whole sample to four broad rating categories according to the Standard & Poor rating: AAA and AA, A, BBB, and Below BBB. Within each category, we apply the EM algorithm in order to get non-singular variance-covariance matrix. If one firm has rating migrations, we estimate its CDS spread in different rating period separately.


� Following industry practice, the index is not weighted by firm’s market value or total liabilities. For example,  Lehman calculates an index using equal weights.  Lehman believes the CDS index "may better represent the systematic performance of the credit market because cash bond indexes weight individual credits on the basis of their issuance and as a result, heavily indebted companies - which tend to experience more volatility - end up representing a larger share of the index”. Wall Street Journal (Oct.21, 2003).


� The method is a counterpart of market model to compute abnormal equity returns in the standard event study.  We compute CARC and implement t-test using default swap spreads in the same way that Mackinlay (1997) does for cumulative abnormal returns using equity price information.  
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