
IV. Empirical Analysis 

There is no unanimous agreement on how much increase in bankruptcy 

probability should be regarded as “significant”. Therefore, before we head on to our 

recurrent data event analysis, we must have a precise definition of the event. Among 

sample of 343 companies with 17,836 observations, the sample mean of the log 

change of BSM-probability is -0.0056, while the standard deviation is 0.4918. Taking 

two standard deviations away from the sample average gives some value around 1, 

implying that only 2.5% of these observations exceed one and about 40% fall between 

1 and 0.1. According to this statistical property, we assign a log change greater than 

100% to be our benchmark for defining significant jump in bankruptcy probability. 

Furthermore, any positive log change greater then 10% and smaller than 100% is 

considered as slight increase in bankruptcy probability.  

In this section, we apply recurrent event data analysis and to study how the 

company-specific and microeconomic covariates affect the variation of bankruptcy 

probability. First, we start our discussion from reviewing the dataset we select in our 

study, and then exhibiting the empirical results for model estimates.  

 

4.1 Data 

We constitute the datasets by scrutinizing publicly-available market and financial 

information of S&P500 constituents covered on both CRSP (Center for Research in 

Stock Prices) and COMPUSTAT files. In order to have equal censoring period for 

each individual company, we filter out components inconsistent with this selection 

criteria, leaving a sample consists of 343 S&P500-listed companies and 17,836 

observations starting from 1994 to 2006, i.e. 52 quarters for each company. The next 

step is to estimate BSM-probability for every company quarters using SAS code 

provided by Hillegeist, Keating, Cram, and Lundsedt (2004), and derive the 



corresponding log changes in BSM-probabilities. Afterward, we are able to screen out 

candidates conform to our event specifications. Out of 8,263 observations with 

positive log returns, i.e. events that a company experiences increase in bankruptcy 

probability, only 201 observations are greater than 100% and thus qualified to be 

defined as significant jumps. For the remaining of observations with log returns fall 

between 100% and 10%, we categorize them as slight increases. 

 

4.2 Model Estimations 

    We apply recurrent data analysis in this subsection to assess how covariates such 

as distance to default, trailing stock return, company size, trailing S&P500 index 

return, industrial production, and 3-month Treasury bill rate affect the probabilities of 

event recurrences that a company experiences significant jumps in its bankruptcy 

intensity. These factors are time-dependent covariates and most of them, except for 

company size and 3-month Treasury bill rate, take the form of log change in 

correspondence to our specification of events. Furthermore, we conduct the same 

analysis on events of slight increases in bankruptcy probability to help us understand 

which factors would have superior explanatory power of changes in bankruptcy 

intensity for a company under different circumstances. Observations under these two 

scenarios are classified as dataset 1 and dataset 2, respectively, and tested for model 

estimations. 

4.2.1 Significant Jumps in Bankruptcy Probability 

    Table I reports the summary statistics for the sample of all the 343 

S&P500-listed companies with 17,836 quarter observations, as well as the sample of 

201 event observations that a company experiences significant jumps in its 

bankruptcy probability. Table II presents the recurrent data analysis results estimated 

from Model 1 to Model 4, with values of estimates of parameters, standard deviations, 



significance levels, and exponentiation of estimates. Value of R-square and statistics 

from the standard asymptotic likelihood inference tests are also shown. Our tests 

based on Model 1 and Model 2 significantly reject the global null hypothesis 

0:0 =βH  on 6 degrees on freedom. In addition, Table III summarizes the hazard 

ratios for all the four models. A covariate has no influence on the probability of event 

recurrence when its hazard ratio equal to 1; A covariate is positively (negatively) 

related to the probability of event recurrences if its hazard ratio is greater (less) than 1.  

    First we focus on the summary statistics for two samples presented in Table I. 

Except for the company size, all the other covariates display a smaller mean value in 

the sample based on event occurrences than in the sample with total observations.  

Intuitively, negative relationship between these covariates and the probability of event 

occurrences can be implied. From our empirical results, four out of these six 

covariates are statistically significant at 5 percent level for Model 1 and Model 2. 

They are company size, trailing S&P 500 index return, industrial production, and 

3-month Treasury bill rate. In Model 3, the trailing S&P 500 index return explains less 

variations in bankruptcy probability than in the prior two models, while the other 

three covariates still stand out significantly in 5 percent level. As to Model 4, however, 

only two covariates, industrial production and 3-month Treasury bill rate, are 

statistically significant in the parameter estimations. Generally speaking, among the 

six factors, macroeconomic covariates have greater impacts on the recurrences of 

events that a company experiences significant jumps in its bankruptcy probability. For 

the company-specific covariates, only the size of a company can significantly 

determine how it reacts to the internal and external environments in the next quarter. 

    The sign of the covariate estimates in Model 1, Model 2, and Model 3 indicates 

their relationships with the probability of event recurrences. The parameter estimates 



of log changes in distance to default and trailing one-year return on stock price of a 

company have negative signs, which means the probability of a company experiences 

significant jumps in bankruptcy intensity increases when its distance to default 

decreases or its stock price drops in the previous quarter. This is accordant to our 

expectation. Nevertheless, hazard rates for both of these two factors are 

approximately one for all the four models. We can, therefore, infer that any changes in 

distance to default and stock price for a company imply almost no significant jumps in 

its bankruptcy intensity in the following fiscal quarter. On the contrary, Duffie, Saita, 

and Wang (2007) has shown the dominance of distance to default over other 

covariates in economic importance. Such contradiction could be due to our 

specification of using log change instead of the absolute level for the distance to 

default. 

    As to the company size, which reflects the financial flexibility of a company, has 

a significantly negative relationship with the probability of event recurrences. That 

suggests large companies have better protection or cushion than small companies 

when they encounter difficulties financially. Thus, it is less like to see dramatic 

increases in their bankruptcy intensity. Our finding here is coherent with Shumway 

(2001), who documented the statistical significance of size as a determinant of default 

risk. 

    All the three macroeconomic covariates exhibit negative signs in the parameter 

estimations in Model 1, Model 2, and Model 3. The trailing one-year return on 

S&P500 index illustrates the economic condition during the past year. The negative 

sign indicates that more likely will a company get bogged down in a financial 

problem when the economy is turning sour. But in Duffie, Saita, and Wang (2007), 

bankruptcies are estimate to increase in the trailing one-year return of the S&P500, 

due to possible correlation between individual stock returns and the index return, as 



well as the trailing nature of the returns and business-cycle dynamics.  

The growth rate of industrial production works as an indicator of changes in 

future economic prospect, thus we can expect higher possibility of significant jumps 

in bankruptcy intensity for companies in the next quarter if we see the industrial 

production to slump now. These results are the same with what has been suggested in 

McDonald and Van de Gucht (1999).  

For the three-month Treasury bill rate, however, we find a negative relationship 

between the level of the rate and the probability of event recurrences, which is 

contrary to what we expected, that three-month Treasury bill rate determines the 

interest expenses of companies, hence higher rates place companies under more 

financial distress. But this negative relation is consistent to the results documented in 

Duffie, Saita, and Wang (2007). They claimed that short-term rates are often increase 

by the US Federal Reserve in order to cool down business expansion, so the higher 

the Treasury bill rate, the better economic condition might be during that time. 

Lastly, we estimate , the accumulating effects, in Model 4. With as estimated 

coefficient of 1.85, which is greater than unity, we can assume that more likely will a 

company suffers significant jumps in its bankruptcy intensity in the next quarter if it 

has been through more similar incidents up to date.  
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4.2.2 Slight Increases in Bankruptcy Probability 

Table III and Table IV report estimation results and hazard ratios of the six 

covariates for Model 1 to Model 4. There is only one covariate, i.e. three-month 

Treasury bill rate, has statistical significance at 5 percent level through out the four 

models. All of the other covariates have explanatory power in at least one of these 

models. Compared with estimation results of significant jumps in bankruptcy 

probability, the factors contributing the recurrences of events that a company 



experiences slight increases in bankruptcy intensity are mixed and obscure. 

    For example, the estimated parameters of log change in distance to default are 

significant at 5 percent level in both Model 1 and Model 4, but with opposite signs of 

estimates in two models. The signs of coefficients of the trailing one-year stock 

returns and the S&p500 index return are all negative, but only in Model 3 we see 

significant impacts they have on the probability of event recurrences. Whereas, for 

factors like company size, industrial production, and the 3-month Treasury bill rate, 

the statistical significances of these estimators of covariates are more consistent 

through out the four models, while the signs of them in Model 1 to Model 3 are 

different from those in Model 4. 

    Based on the above evidences, we can conclude that, for significant jumps in 

bankruptcy probability, most of the contributions to probabilities of event recurrences 

come from macroeconomic covariates. For slight increases in bankruptcy probability, 

however, the factors that evoke these events are less prominent and their influences on 

the event recurrence are mixed. 

4.3 Hazard functions and Residuals 

The baseline hazard rate, 0λ , is the hazard function in the absence of effects 

from covariates. We estimate the baseline hazard functions with respect to Model 4 

and demonstrate the sum-ups of the baseline hazard rate of all companies in Figure I. 

Our plots of baseline hazard for dataset comprising events that a company experiences 

significant jumps in bankruptcy probability increase over time. Those apparent 

increments of added hazard from time 30 to 40 are probably caused by the bear 

market during that time, after that, the baseline hazard ascends at a decreasing rate, 

which echoes the recovery of the economy. The similar pattern can be found in the 

plots of baseline hazard for dataset that companies experience slight increases in 



bankruptcy probability. The higher baseline hazard for the dataset II is due to its 

inclusion of more companies than dataset I. 

The hazard function measures the instantaneous probability of event recurrences 

at time t, given that it has never been through the same incidents before that specific 

time point. Figure II exhibits the S&P 500 index level from 1994 to 2007 and hazard 

functions for both of the datasets, to help us visualize the relationships between these 

graphs.  

As we can see, the peak of the hazard function for dataset comprising 

observations from companies experience significant jumps in bankruptcy intensity 

locates around time 30 to 38, i.e. from the year 2000 to 2003, the time when the US 

economy went into recession after the burst of tech-bubble signaling the end of a bull 

market. During this period, the S&P 500 index level dropped dramatically from a high 

of over 1,500 to the bottom under 1,000, so did the performance of industrial 

production. At the beginning of this bear market, the interest rate remained high, and 

the US Federal Reserve cut the short-term rates several times to boost the economy. 

From our analysis, these macroeconomic covariates play as important determinants in 

recurrences of such events. Therefore, we see a corresponding rise in hazard function 

for dataset I during the first half of this period. 

The graph of hazard function for dataset II shows a different outcome, where the 

peak of the plot locates around time 35 to 42, same period when the bear market 

ended and the economy started to recover. The S&P 500 index and the industrial 

production were growing and the interest rates stayed at relatively low level. During 

this period, however, the probability for a company to suffer slight increases in 

bankruptcy intensity is higher, regardless of the better economic condition. 

Accordingly, we are able to derive the conjecture that the company-specific covariates 

are the main attributes adding on the hazard function of events that a company will 



experience significant jumps in its bankruptcy intensity. 

In the last part of our discussion, we examine the diagnostics for residuals to 

assess their influences, i.e. the impact of each point of observation on the fit of a 

model. The most direct measure of influence is the jackknife value, , 

which can be approximated by the Newton-Raphson iteration for the model, where 

 is the result of a fit that includes all of the points except observation . If the 

removal of an observation causes  to decrease (increase), then it could be inferred 

that the residuals attribute a positive (negative) effect to the observation. Figure III 

and Figure IV show plots of influence each covariate observation incurs on the fit of 

the models for dataset I and dataset II, respectively. The clogging of these points in 

the vicinity of 0 indicates the influences are small, thus we can guarantee the absence 

of large biases some observations might impose on the estimation of model 

parameters. 
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