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Abstract 

The paper looks at identifying key predictors for financial distress amongst companies in India before the event of 

default. The paper depends on survival analysis technique to model the duration of time that preceded a firm’s initial 

payment default. Using cox regression (proportional hazard model- a model of survival analysis), it estimates the impact 

of covariates such as various financial ratios, macro-economic variables, and firm size and age in survival power over 

financial distress. The variables to indicate each of these factors are identified in the paper. The author used these 

factors (with identified variables) to estimate their impact value for default on a sample of 1049 companies rated and 

classified as defaulted and solvent by CRISIL over a period 2004-2014. The research adds to the existing literature of 

default prediction by examining the ‘time to default’ as an integral factor in examining financial distress risk. The 

empirical findings provide evidence on the significance of profitability, liquidity and solvency ratios as key predictors of 

default along with some macro-variables. Financial distress prediction models are therefore required to act as a 

predictor of companies’ well-being prior to a financial crisis and to gauge the warning signals of the onset of a 

downturn.  
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1. Introduction 

Corporate bankruptcy prediction plays a pivotal role in academic finance research, business practice, and 

government regulation. As a consequence, accurate prediction of default risk is extremely important. 

Companies are said to „default‟ when they fail to meet their statutory obligations with respect to debt 

repayments and interest payments. It is then said to be in financial distress. A prolonged state of financial 

distress leads to liquidation and bankruptcy. In the past decades, financial distress and corporate bankruptcy 

has been a topic of research for business and corporate organizations. If these organizations identify 

companies that have the potential of falling into financial distress, then relevant preventive or corrective 

action may be taken. Anticipating financial distress risk also aids regulators to monitor the financial health of 

banks, funds, and other institutions as it also enables practitioners to use probability default forecasts to price 

corporate debt and for internal rating based approach. Academicians use bankruptcy forecasts to test various 

hypothesis that default risk is priced in stock return.  

Several credit risk models have been developed in the past for corporate financial distress and bankruptcy 

prediction. Despite vast literature on bankruptcy prediction, most research prior to past decade are 

concentrated on static modeling using cross-sectional data. Though multi-period firm characteristics are 

observed, prior researchers only choose to use one period observation with a single-period logistic regression 

or discriminant analysis. Although these methods have contributed to the literature on default prediction, they 

have not considered „time to failure‟ which is an integral factor in corporate distress analysis. This factor is 

considered in survival models. 

Survival models have become increasingly popular over recent years in several fields, including bankruptcy 

prediction. These models allow a firm‟s risk of bankruptcy to change over time, measuring the likelihood of a 

firm to fail given the time survived and a set of explanatory variables. Survival analysis is a collection of 

statistical procedures for data analysis in which the outcome variable is the duration of time that precedes the 

occurrence of an event. By using survival analysis, the quality of ratings is tested with respect to default 

prediction using the hazard rate – the probability of default at time t conditional on survival till time t.  This 
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technique is ideally suited to introducing a time dimension into financial distress prediction since the objective 

is to estimate S (t) = P (T > t), the probability that financial distress will occur at a time T which lies beyond 

the time horizon t, for a range of values of t. Thus, a time dimension is embedded in the dependent variable of 

the model. In survival analysis many different regression modeling strategies can be applied to predict the risk 

of future events. The conditional survival function used for modeling credit risk opens a different perspective 

to study default. Rather than looking at default or not, we look at the time to default. Survival analysis will 

typically address the question: When will the event occur?  

It is against this backdrop that the present study will use the survival analysis technique to model the duration 

of time that preceded a firm‟s initial payment default. Survival analysis is used to test the quality of ratings 

between the years 2004-2014. This empirical study views defaults within a long term horizon and not within 

an annual horizon. For this purpose, the semi-parametric cox regression has been applied to identify the key 

predictors of default. The impact of different covariates: financial ratios, macro-economic variables and firm 

size and age; is examined to test the firm‟s survival power over financial distress.  

Thus, the default risk is measured via the conditional distribution of the random variable time to default, T, 

given a vector of covariates, X. Firms under financial distress, as relayed in this paper, are defined by the 

criteria that they are rated „D‟ i.e. default by the credit rating agencies. Rating agencies in India assign a „D‟ 

rating when companies miss an interest payment or are unable to service the debt obligation. It is in this 

context that for companies rated as D by the leading credit rating agency in India, CRISIL, time to default is 

ascertained from the time of issue of the debt instrument. We use the cox proportional hazard form to assess 

the usefulness of financial ratios, macro-variables and certain company-specific factors on a sample of 1049 

companies rated by CRISIL spanning the period 2004-2014. The predictor variable in survival analysis is 

always time. The criterion variable in survival analysis is the “Status” variable. In this case, the two possible 

outcomes are defaulted (1) vs. solvent (0). 

The rest of the paper proceeds as follows. Section II reviews existing literature on survival models. Section III 

explains the research methodology while the empirical findings are presented in section IV.  Section V is the 

conclusion of the study.  

 

2. Review of Literature 

The earliest and most-cited papers in the corporate failure literature are those of Beaver (1966, 1968), Altman 

(1968), Ohlson (1980), and Zmijewski (1984). The emphasis by the first two works was on univariate and 

multivariate discriminant analysis respectively. Ohlson (1980) employed a parametric approach (a conditional 

logit model) to predict bankruptcy in U.S. firms while Zmijewski applied probit model. His research showed 

that the size of the firm is inversely related to the probability of bankruptcy, whereas leverage has the opposite 

relation.  The main problem of the models presented above: DA, logit and probit is that they are all cross-

sectional models assuming a steady-state failure process. Though multi-period firm characteristics were 

observed, prior researchers only chose to use one period observation with a single-period logistic regression or 

discriminant analysis. On the other hand, the event of default can be considered as a terminal event for the 

company. The basic survival model examines the length of time before an event occurs or the time interval 

between the events within some observation period. It uses survival time or the hazard rate as a dependent 

variable. In a context of failure, the aim is to quantify the relationship between survival time and a set of 

explanatory variables. From the survival analysis point of view, predicting the time to default based on the 

various measurable financial and market variables at current time corresponds to analyzing covariate effects 
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on the survival time. In continuous time survival analysis, the proportional hazards model (Cox 1972) is the 

most popular covariate effect model. The partial likelihood estimator for the proportional hazards model is 

studied in Breslow (1974), Cox (1975) and Effron (1977). 

It is believed that the idea of employing survival analysis for building credit-scoring models was first 

introduced by Narain (1992) and then developed further by Thomas et al. (1999). Narain (1992) applied the 

accelerated failure time model to personal loan data. He found that a better credit granting decision could be 

made by using the methods of survival analysis as compared to multiple regression. Thomas et al. compared 

performance of exponential, Weibull, and Cox models with logistic regression and found that survival–

analysis methods are competitive with, and sometimes superior to, the traditional logistic regression approach. 

Lando (1994) introduced a proportional hazards survival-analysis model to estimate the time until a bond 

defaults, the aim being to use economic variables as covariates. Lando (1998) estimated the time until a bond 

default by means of a proportional hazards. In his introduction to survival analysis, Harrell (2002) emphasizes 

that survival analysis is used to analyze data in which the time until the event is of interest; if the time until the 

occurrence of the event were unimportant, the event could be analyzed as a binary outcome using logistic 

regression. Stepanova and Thomas (2002) looked at ways to improve the performance of the Cox proportional 

hazards model in credit scoring. One of the proposed improvements is to allow a decrease or increase in the 

effect of a covariate on the predicted time-to-failure as the loan evolves.  Shumway (2001) considered 

longitudinal data and a semi-parametric model to determine the probability of failure of a firm, allowing for 

time dependent covariates to influence the hazard function, defined as the probability of a firm to experience 

bankruptcy at time t given the fact that it has survived until that time. The use of time dependent covariate 

allows the varying financial indicator to vary their effect on the probability of bankruptcy, therefore yielding a 

dynamic model. This discrete hazard model gained popularity in corporate bankruptcy prediction and was 

used in, Chava and Jarrow (2004); Bharath and Shumway (2008); Campbell et al. (2008). The Cox 

proportional hazards model was also used for bankruptcy prediction in Duffie, et.al (2007), Romer (2005), 

Kim and Parkington (2008)  Nieddu and Vitiello (2013), Ming Chang Lee (2014). Other models developed 

were based on recursive partitioning (Tam and Kiang, 1992). Survival analysis was also done in Luoma and 

Laitinen, (1991). Various researches have demonstrated the artificial intelligence (AI) techniques such as 

artificial neural networks (ANNs) can serve as a useful tool bankruptcy prediction. 

 

3. Research Methodology 

3.1 Survival Analysis 

A survival analysis (SA) technique is the term applied to a dynamic statistical tool used to analysis the time 

till a certain event. Survival analysis, addresses the question: When will the event occur? 

SA uses the Cox proportional hazard model to analysis survival probability and failure times. The basic 

survival model examines the length of time before an event occurs or the time interval between the events 

within some observation period. It uses survival time or the hazard rate as a dependent variable. In a context 

of failure, the aim is to quantify the relationship between survival time and a set of explanatory variables. 

Survival analysis is used to study time to failure of some population. This is called the survival time. Survival 

analysis is able to facilitate the inclusion of observations that have not failed. These are treated as censored 

data and an observation time can be given for censored cases indicating the last time they were observed. 

Survival function, s (t): is the cumulative frequency of the proportion of the sample not experiencing the event 

by time t. In another word, it is the probability of event will NOT occur until time t. censored cases: data are 

censored if events start before (left-censored) or ended after (right-censored) the period of observation. Some 

of the survival techniques used in the study are stated below.  
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The cox regression model is a semi-parametric approach that analyses survival probabilities and failure times. 

The advantage of this model is that it enables the use of several explanatory variables and the basic model is 

easily extended to allow for time varying explanatory variables. Cox proposed the model where different 

subjects have hazard functions that are proportional to one another; that is, the ratio of the hazard functions for 

two subjects with regression vectors x1 and x2 is constant over time ti. The general model equation is shown 

below: 

 

h (t |X) = h0 (t) g(X, β) = h0 (t) exp (Xβ). 

 

Where b is a vector of unknown regression coefficients, and h0 (t) is the baseline hazard, i.e. an unknown 

hazard function for an observation with covariate vector Z 0. Although they are always non-negative, they may 

be greater than one. For a small Dt, h (t) Dt is the approximate probability of occurrence in the interval (t, t 1 

D t). The survivor function S (t) is the probability that failure does not occur before the time point t Different 

survival models can be defined by assuming different relationships between the hazard rate and the 

explanatory variables.  

The null hypothesis is that all parameters (k β1, β2 ..., β1) of the effect are 0. 

The statistic quantity of the aforesaid hypothesis testing is -2 Log Likelihood (= -2Log (L(0)- L(β1, )) which 

observes π
2 

(k) , where L(0) is the likelihood function value under the null hypothesis, while L(β ) is the 

likelihood function value in consideration of the whole model. 

Hazard rate: is the instantaneous probability of the given event occurring at any point in time. It can be plotted 

against time on the X axis, forming a graph of the hazard rate over time. In basic terms, a hazard rate 

quantifies the risk of an event with respect to time. The interpretation is that a high hazard rate signifies that 

the probability of failure rises over time. Conversely, a low hazard rate signifies that the probability of failure 

falls over time. In other words, a high hazard rate equates to a low survival time and a low hazard rate equates 

to a high survival time.  

Hazard function: the equation that describe this plotted line is the hazard function. − Hazard ratio: also called 

relative risk: Exp (B) in SPSS. 

 

3.2 Data  

The sample is taken for the period 2004-2014 for all the companies rated by CRISIL. The default proxy is the 

companies that are rated „D‟ by the leading credit rating agency of India, CRISIL.  Only those companies that 

have entered after 1998 are included in the sample. The dependent variable here is „time‟ where for companies 

rated D it takes the form of time taken to default from the time of closing of accounts. The companies that 

survive up to end of the year 2014 are censored. Those companies which have default status are coded „1‟ 

while those companies which are solvent are coded‟0‟. 

For this particular study, the selected sample has been subject to several trimmings of data. Since the data is 

taken from a broad spectrum of sectors which include manufacturing and non-manufacturing both, only those 

ratios which are applicable to the sectors under study have been identified. Also, the data was filtered to 

remove all the companies, where the covariates were not available for the years under consideration, or those 

sectors where the percent of companies defaulted to the total number of companies was very low. The final 

sample, subject to survival analysis, represents on average roughly 10 percent of firms in the Manufacturing, 

Information Technology, Wholesale and retail and miscellaneous. The companies under the head 

„Miscellaneous‟ are from healthcare, and media and communication sectors. As can be seen from Table 1 

below, of the total dataset of 1049 companies, 108 companies are defaulted which is 10.30% of the total 

number of companies. The sector-wise break-up is given in Table 1.  

 

 

 

 



  
 
 

 

102 Vandana Gupta 
 

 

International Journal of Engineering Technology Science and Research 

IJETSR 

www.ijetsr.com 

ISSN 2394 – 3386 

Volume 4, Issue 2 

February  2017       

Table 1: Number of Companies in the Dataset (Sector-Wise) 

 

Sectors  Under 

Default  

(CRISIL) 

Solvent 

 (CRISIL) 

Total %age-Under 

Default/Total 

Information 

technology 

2 29 31 6.5 

Manufacturing 88 817 905 9.7 

Wholesale and 

Retail 

15 70 85 17.65 

Miscellaneous 3 25 37 10.71 

Total 108 941 1049 10.30 

 
3.3 Selection of covariates 
 

Accounting ratios 

There are a vast number of financial ratios which are examined to evaluate the financial performance of 

corporates broadly to assess the liquidity, solvency and profitability. Thus, the research study identifies a set 

of 11ratios under these three broad classifications (Table 2). The ratios chosen are based on  

 

 Prior works, 

 have a bearing on the study and  

 Are easy to obtain.  

 

Macro-economic variables: The macro-economic variables identified as covariates for the study are  

1. GDP growth rate 

2. Money supply 

3. Wholesale price index 

4. Industrial output growth rate 

5. Manufacturing output growth rate 

6. Return on BSE (Bombay stock exchange) 

7. Exchange rate  

8.  

Other variables: two additional variables for size of the company and age of the company are also added. 
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Table 2: Set of Covariates used for the Study 

S 

No. 

Category Variable Code Definition 

1 Profitability Net profit Margin NPM PAT/Income 

2 Operating Profit Margin OPM PBDITA/Income 

3 Net worth RONW PAT/Net Worth 

4 Return on Capital 

Employed 

ROCE PAT/Capital Employed 

5 Solvency Debt to Equity DE Total Debt/Total Equity 

6 Interest Coverage ICOV EBIT/Interest Expense 

7 Liquidity Quick Ratio QCK (Current Assets-Inventory) 

/Current Liabilities 

8 Current Ratio CUR (Current Assets) 

/Current Liabilities 

9 Cash Flow from  

Operating Activity 

CFO Cash generated from  

operating Activity 

10 

 

 

 

Debtor turnover ratio DTR Revenue from 

Operations/Average trade 

receivables 

11 Activity Finished Goods Turnover FTR Cost of goods sold/Average 

inventory of finished goods 

12 Macro 

Variables 

Gross Domestic Product GDP Gross Domestic Product 

13 Money Supply   MSS       Money Supply  

14 Wholesale Price Index WPI Wholesale Price Index 

15 Industry Output IND-O/P Industry Output 

16 Manufacturing Output MFG-

O/P 

Manufacturing Output 

17 Stock Exchange BSE Stock Exchange change 

18 Exchange Rate ER Exchange Rate change 

19 Company 

Specific 

Size SIZE Size of the Company 

20 Age AGE Age of the company 

 

3.4 Descriptive Statistics 

 

Table 3 presents descriptive statistics of the independent variables used to estimate the cox regression model 

in this paper. The status „0‟ is assigned to all the companies rated as solvent by CRISIL while the companies 

with default status D are assigned „1‟. It is evident from the descriptive statistics given below that for solvent 

companies which are of sound financial health, the mean for profitability ratios are positive while negative or 

lower for defaulted companies. The average for interest coverage is also negative for defaulted companies but 

positive for solvent companies. It is also observed that the debt/equity ratio is lower for solvent companies 

thereby showing less financial leverage. The average age of solvent companies is less as compared to 

defaulted companies as also the size of companies which are in the non-defaulted category is significantly 

higher as compared to defaulted companies. It is evident that larger companies have a greater risk bearing 
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capacity. There is considerable difference in the mean for debtors turnover between the two sets which 

indicates that defaulted companies take longer to collect receivables.  

 
Table 3: Descriptive Statistics for Solvent Companies 

 

 
4. Empirical Findings 

4.1 Cox Regression 

The Cox Regression procedure is useful for modeling the time to a specified event, based upon the values of 

given covariates. Cox regression (or proportional hazards regression) method enables investigating the effect 

of several variables upon the time a specified event takes to happen. One or more covariates are used to 

predict a status (event). The key statistical output is the hazard ratio. Data contain censored and uncensored 

cases. Though similar to logistic regression, but Cox regression assesses relationship between survival time 

and covariates. For the purpose of analyzing the impact of covariates, the dependent variable is the „time to 

Solvent companies 

status=0 
   

Defaulted 

companies 

Status=1 

 

  

Variable Obs Mean Std. Dev. Obs Mean Std. Dev. 

Interest coverage 941 42.51167 556.9625 108 5.54213 46.63555 

PAT/Total Income 941 1.352699 51.17463 108 -.1891667 12.29213 

PBDITA/TI 941 6.690871 63.68909 108 1.084722 10.96217 

PAT/CE 941 5.426886 12.517 108 .8947222 6.467511 

Net worth 941 2869.753 34862.39 108 302.1981 2115.69 

Quick ratio 941 .6305207 .820758 108 .5528704 .756339 

CFO 941 7942.387 66538.75 108 275.3407 2322.344 

Debt/Equity 941 .12503 .75 108 6.9 5.38 

Current ratio 941 1.023114 1.053861 108 1.036667 1.076641 

Debtors  941 .4561743 3.576646 108 .0621296 .4780178 

Finished goods 941 2.495781 47.60697 108 .1910185 1.447357 

Size 941 22477.51 167527.6 108 1698.849 2914.084 

Age 941 44.32731 158.9577 108 66.56481 269.4374 
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default‟, with companies under default having status „1‟ and companies which are solvent coded as „0‟. The 

output from cox regression is generated using SPSS.  

„B‟ in the output table is the regression coefficient, SE is the standard error, Wald is the test statistics, 

significance is the p-value and EXP (B) is the hazard ratio. The hazard ratio is the predicted change in the 

hazard for a unit increase in the predictor. The likelihood chi-square statistic is calculated by comparing the 

deviance (- 2 * log likelihood) of the model, with all of the covariates, against the model with no covariates. 

The difference is then tested against a chi-square distribution with degrees of freedom equal to the difference 

between the degrees of freedom of the old and new models. The Chi-Square statistic is the difference in -2 

Log Likelihood (-2LL) between the final model and a reduced model. The null hypothesis is that all 

parameters of covariates to the model can be assessed from the significance test given with each coefficient in 

the main output. A hazard is the rate at which events happen, so that the probability of an event happening in a 

short time interval is the length of time multiplied by the hazard. HR represents the incremental increase in 

hazard per unit increase in predictor variable. A value of < 1 says that an increase in one unit for that 

particular variable, will decrease the probability of experiencing an end point throughout the observation 

period.  A hazard ratio of one means that the variable is having no impact on the survival. A hazard ratio 

greater than one indicates more rapid hazard timing and less than 1 would imply slower impact.  

 

The Wald test is . This Wald statistic has a chi-square distribution with one 

degrees of freedom under the null hypothesis.  

 

 

1. Empirical Findings with only accounting ratios as covariates  

 

 

Table 4: Omnibus Tests of Model Coefficients 

 

-2 Log  

Likelihood 

-2 Log 

Likelihood 

Overall (score) Change From Previous Step 

Change 

From 

Previous 

Block 

Covariates=0 

Chi-square df Sig. Chi-square df Sig. 

Chi-square 

 

1493.550 
1436.307 24.322 12 .018 57.243 12 .000 

57.243 
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Table 5: When Only Accounting Ratios are Considered 

 B SE Wald df Sig. Exp(B) 

Interest cover (times) .001 .001 .018 1 .892 1.001 

PAT as % of total 

income 
-.009 .005 3.331 1 .068*** .991 

PBDITA as % of total 

income 
-.025 .010 5.825 1 .016** 1.025 

PAT as % of capital 

employed 
-.015 .007 4.455 1 .035** .985 

Net worth .08 .000 8.575 1 .003** 1.083 

Net cash flow from 

operating activities 
-.001 .000 13.562 1 .000** 1.001 

 

Debt to equity ratio 

(times) 

.05 .000 6.394 1 .011** 

 

1.051 

 

Quick -.580 .315 3.384 1 .066*** .560 

Current -.423 .198 4.574 1 .032** 1.527 

Debtors -.074 .105 .496 1 .481 .929 

Finished goods -.002 .016 .021 1 .886 .998 

size .001 .000 .857 1 .355 1.000 

** significance at 5 per cent 

*** significance at 10 per cent  

 

When we look at the p-value of ratios, PAT/CE, current ratio, debt/equity ratio, Net worth and operating profit 

margins are significant at 5%. Although cash flow from operations are also significant with p-value of less 

than 5%, the coefficient is 0, thus indicating negligible impact on the default probability of companies. It is 

evident from the table above that liquidity (current ratio), profitability (operating profit ratio and PAT/CE) and 

solvency (debt/equity) all have a bearing as predictors of default, and thus financial distress. The profitability 

ratios (PBDIT/total income, PAT/CE) and liquidity (current ratio) are with negative coefficients indicating 

that an increase in either covariate decreases the hazard of entering into financially distressed. Hazard ratio of 
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PAT/CE is .985 signifying that an increase in one unit of PAT/CE implies .985 decrease in financial distress 

risk. For current ratio, a hazard ratio of 1.5 signifies 50% higher risk of default.  

2. Empirical Findings with sectors taken as stratified  

 

Table 6: Omnibus Tests of Model Coefficients 

-2 Log 

Likelihood 

-2 Log 

Likelihood 

Overall (score) Change From Previous Step 

Change From 

Previous 

Block 

Covariates=0 
Chi-square df Sig. Chi-square df Sig. Chi-square 

1356.454 1302.265 22.725 12 .030 54.189 12 .000 54.189 

 

Table 7: When Sectors are taken as Stratified 

 B SE Wald df Sig. Exp(B) 

Interest cover (times) .001 .001 .011 1 .916 1.001 

PAT as % of total 

income -.009 .005 3.130 1 .077*** .991 

PBDITA as % of 

total income .023 .010 5.259 1 .022** 1.024 

PAT as % of capital 

employed -.014 .007 3.823 1 .051** .986 

Net worth .09 .000 7.684 1 .006** 1.092 

Net cash flow from 

operating activities -.001 .000 10.883 1 .001** 1.001 

Debt to equity ratio 

(times) .05 .000 7.254 1 .007** 1.051 

Quick -.594 .319 3.474 1 .062*** .552 

Current .421 .196 4.628 1 .031** 1.523 

Debtors -.072 .104 .478 1 .490 .930 

Finished goods -.002 .015 .020 1 .886 .998 

Size .000 .000 1.235 1 .266 1.000 

Age .001 .000 1.659 1 .198 1.001 
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** significance at 5 per cent 

*** significance at 10 per cent  

 
3. Empirical Findings with Macro-economic variables as covariates 

 

 Table 8: Omnibus Tests of Model Coefficients 

 

-2 Log 

Likelihood 

Overall (score) 

Change From Previous 

Step 

Change From Previous 

Block 

 Chi-

square df Sig. 

Chi-

square df Sig. 

Chi-

square df Sig. 

1493.550 1486.030 9.646 7 .210 7.520 7 .377 7.520 7 .377 

 a. Beginning Block Number 1. Method = Enter 

 
  Table 9: When only Macro-economic Variables are Considered 

 B SE Wald df Sig. Exp(B) 

gdp lag1 -.268 .274 .955 1 .328 .765 

bse lag1 12.190 7.184 2.879 1 .090*** 196806.935 

mss lag1 .049 .175 .080 1 .778 1.050 

wpi lag1 -.316 .456 .480 1 .489 .729 

er lag1 
22.336 10.018 4.971 1 .026** 

5018814408.46

4 

ind o/t lag1 .255 1.569 .026 1 .871 1.290 

mfg o/t lag1 .094 1.378 .005 1 .946 1.098 

** significance at 5 per cent 

*** significance at 10 per cent  

 

As is observed from the table above, the exchange rate and stock market returns are significant predictors of 

default risk. It was also found there was high multicollinearity among other macro-economic variables. 

 

4. Empirical Findings with all variables taken together 

 

Table 10: Omnibus Tests of Model Coefficients 

-2 Log 

Likelihood 

-2 Log 

Likelihoo

d 

Overall (score) 

Change From Previous 

Step 

Change From 

Previous Block 

Covariates=0 

Chi-

square df Sig. 

Chi-

square df Sig. Chi-square 

1356.454 1291.678 35.250 20 .019 64.776 20 .000 64.776 
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Table 11: When All Variables are taken Together 

 B SE Wald df Sig. Exp(B) 

Interest cover (times) .001 .001 .010 1 .920 1.001 

PAT as % of total 

income 
-.009 .005 3.540 1 .060*** .991 

PBDITA as % of total 

income 
.025 .010 5.971 1 .015** 1.025 

PAT as % of capital 

employed 
-.015 .007 3.953 1 .047** .985 

Net worth .002 .000 8.911 1 .003** 1.002 

Net cash flow from 

operating activities 
.002 .000 11.980 1 .001** 1.002 

Debt to equity ratio 

(times) 
.000 .000 7.446 1 .006** 1.000 

gdp lag1 -.219 .274 .641 1 .423 .803 

bse lag1 10.668 7.402 2.077 1 .150 42949.208 

mss lag1 .044 .179 .061 1 .805 1.045 

wpi lag1 -.274 .479 .327 1 .568 .760 

er lag1 
19.584 10.193 3.691 1 .055*** 

31991252

2.960 

ind o/t lag1 1.098 1.630 .454 1 .501 2.998 

mfg o/t lag1 -.674 1.434 .221 1 .638 .510 

Quick -.597 .324 3.382 1 .066*** .551 

Current .430 .198 4.732 1 .030** 1.538 

Debtors -.081 .113 .524 1 .469 .922 

Finished goods -.002 .015 .018 1 .893 .998 

size .000 .000 1.113 1 .291 1.000 

age .001 .000 1.659 1 .198 1.001 
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It is observed that profitability (PBDIT/TI, PAT/CE), liquidity (QR, CR, cash flow from operations), net 

worth and exchange rate are all statistically significant substantiating the significance of these parameters in 

assessing the probability that a company will default. 

 

5. Conclusion 

 

This research is conducted with the primary focus on identifying key determinants of default risk for Indian 

corporates. The empirical findings show that PAT/CE, Operating profit margins are the profitability ratios 

which are significant. Liquidity ratios: current ratio, and cash flow from operations are significant predictors 

while net worth and debt/equity are the solvency ratios which are significant. It can also be seen that when 

macro-economic variables are included, exchange rate is a significant variable. Thus, solvency, profitability 

and liquidity ratios continue to be significant in determining the financial distress. The inclusion of MVs could 

also prove useful in anticipating the volatility of a company‟s PD to changes in economic conditions in the 

future and therefore could help give a further insight into risk when assessing default risk. Cox regression is 

being used since the research objective is that the study need to assess effect of multiple covariates on survival 

wherein Cox-proportional hazards is the most commonly used multivariable survival method. 

Survival analysis is identified as the tool for analysis, since unlike traditional models of bankruptcy prediction, 

it considers „time to default‟ as the integral factor. It is better than other models (DA, logit) as it is able to 

account for censoring, can compare survival between 2+ groups and assess relationship between covariates 

and survival time.  

The present study has some limitations which can be the scope for future research. First the analysis is 

restricted to cox model that is based on proportional hazard assumption. Although valid, the research can be 

extended to examine other forms of survival analysis techniques. Secondly, other variables can be 

incorporated which can be more insights into factors impacting distress risk. These variables can be 

qualitative as impact of audit firm, ownership structure among others. The data can be tested by being lagged 

by 1-year, 5-years to examine the impact on default predictors.  Moreover, distress risk identified here is 

based on ratings of companies; the definition of default can be broadened to include bankruptcy, restructuring, 

and others the model he scope for further research including time varying covariates into the model; 

considering the impact of specific factors on the survival probabilities and doing extensive research on the 

non- parametric techniques of Life Tables and Kaplan Meier.  
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