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Abstract
The prediction of corporate financial distress employs a variety of predictive methodologies and models including Multivariate Discriminant Analysis, probit and logit analysis and Artificial Neural Networks.  While often effective in predicting ultimate corporate failure, these approaches provide little analysis or insight into the dynamics of corporate failure. As static predictors they assume a steady state progression of financial distress, and omit ‘time to failure’ as an integral factor in corporate distress analysis. 
Survival analysis is a dynamic technique that estimates the survival probability of a distressed company up to a specified time based on a selected set of indicator variables. We use the Cox proportional hazard form to assess the usefulness of traditional financial ratios and company-specific variables as predictors of the probability of company endurance to a given time. A sample of publicly listed Australian companies is examined over the period 1989 to 2005. Comparison of survival probabilities to a specified time calculated from the model indicates with actual corporate survival times indicates that the selected ratios and company specific variables are efficient as estimators of corporate endurance and in detecting financial distress.
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1. Introduction

The failure or bankruptcy of financially distressed companies often results in significant direct and indirect costs to many stakeholders; including shareholders, managers, employees, lenders and clients. Significant cost reductions through failure prevention may arise if financially distressed companies are identified well before failure and estimates then made of their survival probability for a given time frame. This possibility indicates the need to understand the symptoms of financial distress and the dynamics of corporate failure and use failure prediction models that will estimate survival probabilities to a given time based on a set of variables symptomatic of corporate financial distress.
This study uses the Cox proportional hazards form of survival analysis as a diagnostic tool for estimating the survival probabilities of financially distressed firms and identifying significant signs or symptoms of such firms. 
The paper has three objectives. 

(1) To estimate the probability of corporate survival to a specified time for financially distressed firms (e.g. two year survival probability). 
(2) To determine the effectiveness of financial ratios as symptoms for identifying financially distressed companies. 
(3) To determine whether company-specific variables; age and size are useful factors in predicting the probability of corporate endurance. 

2. Model Classification

There exist a large number of corporate financial distress prediction models based on various types of methodologies. Beaver (1966) pioneered the development of univariate analysis as a model for  corporate failure prediction. Beaver (1966) found that the model can predict failed firms for at least five years prior to failure. However, since univariate analysis uses individual financial ratios as a single predictor of failure, the model may give inconsistent and confusing classifications results for different ratios on the same firm (Altman, 1968). 
To overcome the problem, Altman (1968) applied Multivariate Discriminant Analysis (MDA) which can handle multiple financial ratios in predicting company failure. The main criticism of MDA is its potential violation of the assumption about the multivariate normal distribution of independent variables (Eisenbeis, 1977, Mcleay and Omar, 2000). Ohlson (1980) then used probit and logit analysis an approach that avoided this criticism. 
An alternative approach is that of Artificial Neural Networks (ANN). Several studies report the superiority of the ANN to other methods in predicting financial distress or bankruptcy areas such as Charalambous, Charitou and Kaourou (2000) and Tan and Dihardjo (2001). However, ANNs are disadvantaged by the “black box” problem. That is, the technique does not reveal how the network classifies companies into the failing and non-failing group (Hawley, Johnson and Raina, 1990).
Since all of these classical methods assume a steady state for failure process, the models may be classified as ‘single period’ or ‘static models’ (Shumway, 2001). The models assume that the time from classification as distressed to actual corporate failure occurs within a single period. However, this assumption is usually violated because financial distress does not occur immediately after classification, but is preceded by the deterioration in a firm’s financial health over a number of years (LeClere, 2000). 
Furthermore, these ‘static’ or single period models say little about either the dynamics of corporate failure, the progression of the corporate disease or the probable time frame for corporate failure. These disadvantages have prompted the emergence of dynamic techniques borrowed from other disciplines to analyse the dynamics of corporate failure and provide survival probabilities. 
Survival analysis is one such dynamic modeling approach that uses the Cox proportional hazard model to analyse survival probabilities and failure times. Survival analysis uses independent or ‘symptom’ variables such as financial ratios, company specific factors and environmental state variables as ‘symptoms’ that help identify the nature and degree of financial distress. The severity of these symptoms, when used in conjunction with actual historical data on previously failed companies, allows estimation of corporate survival probabilities within a given time frame. 
Survival analysis is widely used in diverse medical fields for the symptomatic identification of potentially fatal diseases and estimation of survival probabilities. However, the technique is not well utilised despite the potential of this technique in the area. To our knowledge, Crapp and Stevenson (1987) is the only other study of financial distress prediction in the Australian context that uses survival analysis. 

3. Data and Methodology

3.1 Methodology: Survival Analysis Technique

Survival analysis is a class of statistical method for studying the occurrence and timing of events. In survival analysis, an ‘event’ is defined as a qualitative change that can be situated in time (Allison, 1995). Since companies may state from ‘healthy’ to ‘financial distress’ and onto ‘failure or bankruptcy’, the event of interest in this study is defined as a company entering into a financial distressed state. 
But these changes usually occur over a time horizon of several periods rather than instantaneously. In these cases, a methodology which allows for dynamic path analysis is required if we are to analyse the progression of corporate failure. The expectation is that the corporate ‘disease’ of financial distress begins with identifiable initial conditions of the ‘symptom’ variables. The symptomatic conditions then change progressively over time as the financial distress worsens.

Survival analysis is appropriate method in this study as the method allows for time-varying covariates and censored observations which are two key advantages of survival analysis compare to the traditional methods e.g. MDA, logit and probit models. 
Time varying covariates are the explanatory variables that change with time. Financial ratios and company specific variables used in this study are kind of time varying covariates as their values do change over time. It can be expected that the symptoms of financial distress are observable from the deterioration of financial ratios or the effect of such ratios on corporate failure do not stay constant over time (Luoma and Laitinen, 1991). The major contribution of survival analysis methods is estimation procedures that consider changes in the value of covariates over time. Contrast to the traditional methods which only examine the level of a variable at a given point in time as they simply views the observation at a ‘snap-shot’ in time (LeClere, 2000). 
Censored observations are the observations that have never experienced the event during the observation time. Censoring occur when the duration of the study is limited in time.  In this study, censored observations are the active companies as they have not entered into financial distressed state during the study time. Survival analysis makes it possible to use the information from these observations by including them as censored observations and use maximum or partial likelihood method to provide consistent parameter estimates. This is contrast to the traditional methods which can not incorporate information from censored observations (Allison, 1995).
Survival analysis contains two key functions called the survivor function and hazard function. The survival function, S(t), gives the probability that the time until the firm experiences the event, T, is greater than a given time t. Given that T is a random variable which defines the event time for some particular observation, then the survival function is defined as:
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The hazard function defines the instantaneous risk that an event will occur at time t given that the firm survives to time t. The hazard function is also known as the ‘hazard rate’ because it is a dimensional quantity that has the form of number of events per interval of time. The hazard function is defined as:
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There are three different techniques in survival analysis for constructing survival analysis models including non-parametric, semi-parametric and parametric technique. Non-parametric models are useful for preliminary analysis of survival data and for estimating and comparing survivor function. The two main methods are the Kaplan-Meier method and the life-table method. Parametric models are referred to as accelerated failure time (AFT) models. The key issue is to specify a probability distribution for the time of event. Common distributions include the exponential, Weibull, log-normal, log-logistic and gamma distribution. Semi-parametric models, unlike the parametric, do not require to specifying the probability distribution of hazard function over time. That’s why it’s called semi-parametric. The most widely used semi-parametric regression model for survival data is the Cox proportional hazards model proposed by Cox (1972).  
3.2 Cox proportional hazards model
In Cox (1972) study, there are two significant innovations include the proportional hazards model and maximum partial likelihood. The proportional hazards model is represented as:
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Where 
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 is an arbitrary unspecified baseline hazard rate which measures the effect of time on the hazard rate for an individual whose covariates all have values of zero. X represents the vector of covariates that influence the hazard and ( is the vector of their coefficients.

Cox (1972) uses the method of partial likelihood to estimate the parameter ( in equation (3). A general expression for the partial likelihood function is presented as following:
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Where Yij = 1 if tj ≥ti and Yij = 0 if tj <ti. (i =0 for censored observations. 
The main reason for the popularity of Cox proportional hazards model is it is semi-parametric approach which does not require the particular probability distribution to represent survival times. 
3.3 Data and Sample

In order to answering three specific questions mentioned above, the Cox proportional hazard form of survival analysis is now applied to the population of all companies listed on the Australian Stock Exchange (ASX) using annual data on financial ratios, company specific variable of age and size for the period 1989 to 2005. ) of all listed Australian companies in the Australian Stock Exchange (ASX) excluded the companies in financial sector. There are 96 financially distressed companies and 1,581 active listed companies in the analysis. 
Since dependent variable in survival analysis is time to events, the time when company entering into financially distressed is constructed in this study. Date of external administration during 1989-2005 is recorded. The explanatory variables or covariates will be used in the model are financial ratios and company-specific variables. Financial ratios have long been widely used in explaining the possibility of corporate financial distress such as Beaver (1966), Altman (1968), Bongini, Ferri and Hahm (2000), Routledge and Gadenne (2000), Catanach and Perry (2001) and Rommer (2005).
This study incorporates financial ratios which measure four main categories of firms included profitability, liquidity, leverage and activity ratios in the model. Company-specific variables, age and size, are also included in the study. The selection criteria is based on (1) data availability in Fin Analysis database as  financial statements of Australian firms will be used in this study is collected from the Fin Analysis database (2) the predictive variables in previous studies (3) the potential of the variable in this study. Finally, nine financial ratios are used in the study include three types of profitability ratios include EBIT margin (EBT), return on equity (ROE) and return on assets (ROA), current ratio (CUR) and quick (QUK) ratio will be used in this study in order to measure the liquidity of the firms, two types of leverage ratios include debt ratio (DET) and debt to equity ratio (DER) and the activity ratios include capital turnover (CPT)) and asset turnover (TAT). Three company-specific variables are used in the analysis. These covariates include size of the company which is measured by log of total assets (SIZEa), size of the company which is measured by measured by log of operating revenues (SIZEs) and the company age (AGE) which is the number of years since registration. Table 1 shows the details and definition of the covariates used in the study.
[Table 1 about here]
According to Pearson correlation (The results are not shown here), the correlation between CUR and QUK and SIZEa and SIZEs are 0.9997 and 0.6493, respectively which are statistically significant with a p-value less than 0.0001. That means there is the positive relationship between those pair of variables. As CUR increases, the QUK will also increase. The same relationship exists in SIZEa and SIZEs. Based on the likelihood ratio resulted from different models, the covariates QUK and SIZEa are selected into Cox proportional hazards model. The model is shown as follow:
 Log hi(t)=(1EBTi(t) + (2ROE i(t) + (3ROA i(t) + (4QUK i(t) + (5DET i(t) + (6DER i(t)+   (7CPT i(t) + (8TAT i(t) + (9SIZEa i(t) + (10AGE i(t)
Where hi(t) is the hazard of company i of entering into financially distressed at time t. This hazard at time t depends on the value of each covariate at time t. The covariates used in the model are time dependent variables which mean those that can change in value over the study period. This is the one of major advantages of Cox proportional hazards model which allows for time dependent covariates.
4. Empirical Results
4.1 Cox Proportional Hazards Model Estimation
By applying Cox proportional hazards model with financial ratios and company-specific variables, the Cox proportional hazards model are reported in Table 2.
[Table 2 about here]
Table 2 presents the coefficient estimation, the standard error of this estimate, Wald chi-square tests with the relative p-value for testing the null hypothesis that the coefficient of each covariate is equal to zero and hazard ratio is presented in the last column. Hazard ratio is obtained by computing e( where ( is the coefficient in a proportional hazards model. A hazard ratio equal to 1 indicates that the covariate has no effect on survival. If the hazard ratio greater (less) than 1, indicating the more rapid (slower) hazard timing. 
By considering the p-value, four covariates are highly significant at the 5 percent. These ratios are ROE, ROA, DET and SIZEa with the coefficient -0.2629, -0.4935, 0.2949 and 0.3214, respectively. The coefficient signs of ROE and ROA are negative indicating that an increase in either covariate decreases the hazard of entering into financially distressed.  Hazard ratio for ROE is 0.769 means that an increase of one unit in ROE implies 0.769 decrease in risk of financial distress.

On the other hand, the sign of parameter for DET is positive that means the company with low DET is less likely to filing financially distressed. Hazard ratio for DET is 1.343 that mean for unit increase in DET, the risk of becoming financially distressed changes by a multiple of 1.343. 
The fourth significant covariate in the model is SIZEa which exhibit a positive sign which mean that financial distress are more likely to happen to the bigger companies than the smaller ones. This is contrast to what is expected since most of previous literature suggests lager companies are better managed and better protected from failure. However, this result is consistent with Elkhal (2002). A possible explanation of this phenomenon is that the companies could have had unsustainable growth rate in their total assets. The excessive and rapid need for the external sources of funds may raise the concerns of creditors about the financial position of the company and can lead to higher interest rates charged, closer monitoring and restrictions.
These results suggest that the financially distressed companies have lower profitability, bigger size and more highly leverage than active companies. For the sample in this study, liquidity ratios (QUK), activity ratios (CPT and TAT) and company age (AGE) have never been found statistically significant in the model. The insignificance of age implies that there appears to be little duration dependence in financial distress probability. This finding is consistent with Shumway (2001).
4.2 Evaluation of the Survival Probability of the Company
The survival probability can be estimated from the model to identify the probability that a company will survive longer than t time units. The survival profiles of a typical distressed and active company are presented in Figure1. 
[Figure 1 about here]

These lines are produced by averaging the estimated survival probability of companies by company status, distressed and active company. It can be inferred that the survival probability of the typical financially distressed company is lower than that of the typical active company. Since survival function denoted a company’s probability of surviving past time t, it starts with 1.00 at the beginning and declines as more companies entering financially distressed. 
The survivor probability of the average company through specific time periods is shown in Figure 2. 
[Figure 2 about here]

It found that for an average company, the one year survival probability is 99.94 percent with a 95 percent confidence interval of 99.84 to 1 (The results for confidence interval are not shown here). Three year survival probability for an average company is 99.48 percent with a 95 percent confidence interval of 99.12 to 99.83 and sixteen year survival probability is 94.02 percent with a 95 percent confidence interval of 92.53 to 95.54. 
5. Conclusions
In conclusion, this paper examines financially distressed companies in Australia during 1989-2005 using the Cox proportional hazards model. Four main categories of financial ratios; profitability, liquidity, leverage and activity are used as the indicators of financial distress. The relationship between company-specific variables; age and size and corporate endurance are also examined. The results show that Cox proportional hazards model can provide information regarding corporate survival probability to a specified time and also support the usefulness of financial ratios as the predictors of financial distress. Specifically, financially distressed companies have lower profitability and higher leverage ratios than active companies. The study results do not support the important of company age in explaining financial distress. Finally, the results suggest that the bigger companies are more likely to face financial distress than smaller companies. 
References
Allison, P. D. 1995, Survival analysis using the SAS system: A practical guide, SAS Institute, Cary, NC.

Altman, E. I. 1968, 'Financial ratios, discriminant analysis and the prediction of corporate bankruptcy', Journal of Finance, 23(4), 589-609.

Beaver, W. H. 1966, 'Financial ratios as predictors of failure', Empirical Research in Accounting: Selected Studies, Supplement to Vol.4, 71-111.

Bongini, P., Ferri, G. and Hahm, H. 2000, 'Corporate bankruptcy in Korea: Only the strong survive?' Financial Review, 35, 31-50.

Catanach, A. H. and Perry, S. E. 2001, 'An evaluation of the survival model's contribution to thrift institution distress prediction', Journal of Managerial Issues, 13(4), 401-417.

Charalambous, C., Charitou, A. and Kaourou, F. 2000, 'Comparative analysis of artificial neural network models: Application in bankruptcy prediction', Annals of Operations Research, 99, 403-425.

Cox, D. R. 1972, 'Regression models and life-tables', Journal of the Royal Statistical Society. Series B (Methodological), 34(2), 187-220.

Eisenbeis, R. A. 1977, 'Pitfalls in the application of discriminant analysis in business, finance and economics', Journal of Finance, 32(3), 875-900.

Elkhal, K. 2002, 'Survival analysis of internet companies: An application of the hazard model', DBA thesis, College of Administration and Business, Louisiana Tech University.

Hawley, D. D., Johnson, J. D. and Raina, D. 1990, 'Artificial neural systems: A new tool for financial decision-making', Financial Analysts Journal, 46(6), 63-72.

LeClere, M. J. 2000, 'The occurrence and timing of events: Survival analysis applied to the study of financial distress', Journal of Accounting Literature, 19, 158-189.

Luoma, M. and Laitinen, E. 1991, 'Survival analysis as a tool for company failure prediction', Omega, 19(6), 673-678.

Mcleay, S. and Omar, A. 2000, 'The sensitivity of prediction models to the non-normality of bounded and unbounded financial ratios', The British Accounting Review, 32(2), 213-230.

Rommer, A. D. 2005, A comparative analysis of the determinants of financial distress in French, Italian and Spanish firms, Working Paper, Danmarks Nationalbank, Copenhagen.

Routledge, J. and Gadenne, D. 2000, 'Financial distress, reorganization and corporate performance', Accounting and Finance, 40(3), 233-259.

Shumway, T. 2001, 'Forecasting bankruptcy more accurately: A simple hazard model', Journal of Business, 74(1), 101-124.

Tan, C. N. W. and Dihardjo, H. 2001, 'A study on using artificial neural networks to develop an early warning predictor for credit union financial distress with comparison to the probit model', Managerial Finance, 27(4), 56-77.




Table1: The covariates used in the study
	Category
	No.
	Covariate
	Code
	Definition

	Profitability
	1. 
	EBIT margin 
	EBT
	EBIT/operating revenue

	
	2. 
	Return on Equity
	ROE
	NPAT before abnormals/(shareholders equity-outside equity interests)

	
	3. 
	Return on Assets
	ROA
	Earnings before interest/(total assets-outside equity interests)

	Liquidity
	4. 
	Current ratio
	CUR
	Current assets/current liabilities

	
	5. 
	Quick ratio
	QUK
	(Current assets-current inventory)/current liabilities

	Leverage
	6. 
	Debt ratio
	DET
	Total debts/Total assets

	
	7. 
	Debt to Equity ratio
	DER
	Long term debts/Equity

	Activity
	8. 
	Capital turnover
	CPT
	Operating revenue/operating invested capital before goodwill

	
	9. 
	Total Asset turnover
	TAT
	Operating revenues/total assets

	Company-Specific 
	10. 
	Size of company (a)
	SIZEa
	Log of total assets

	
	11. 
	Size of company (s)
	SIZEs
	Log of operating revenues

	
	12. 
	Age of company
	AGE
	The number of years since registration


Table 2: Cox proportional hazards model estimation (**Significant at the 5 percent)

	Covariate
	Coefficient
	Standard Error
	(2 Statistic
	p-Value
	Hazard Ratio

	EBT
	0.0004
	0.0015
	0.0713
	0.7894
	1.000

	ROE
	-0.2629
	0.1043
	6.3496
	0.0117**
	0.769

	ROA
	-0.4935
	0.1876
	6.9225
	0.0085**
	0.610

	QUK
	-0.0162
	0.0112
	2.0989
	0.1474
	0.984

	DET
	0.2949
	0.1245
	5.6129
	0.0178**
	1.343

	DER
	-0.1276
	0.2195
	0.3376
	0.5612
	0.880

	CPT
	0.0117
	0.0151
	0.5926
	0.4414
	1.012

	TAT
	0.1317
	0.0956
	1.8987
	0.1682
	1.141

	SIZEa
	0.3214
	0.1261
	6.4927
	0.0108**
	1.379

	AGE
	0.0020
	0.0054
	0.1374
	0.7109
	1.002
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Figure 1: Graph of survival function by company status
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Figure 2: Graph of survival function at covariate mean
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