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Abstract 
The objective of the research study is to identify the key predictors that can 
explain default risk for Indian listed companies using survival analysis. The 
author has applied the semi-parametric Cox proportional hazard model to 
test the impact of financial ratios, capital market ratios, macro-economic va-
riables, size and age of companies, and the ownership structure of promoters 
to a dataset of 859 companies panning across 10 sectors. Unlike traditional 
models on default prediction, survival models focus on “time to default” as 
the dependent variable. The empirical findings reveal that return on capital 
employed (ROCE), return on net worth (ROE), interest coverage ratio, ex-
change rate volatility, GDP growth rate, stock index, promoters holdings % 
and the percent of shares pledged are all significant predictors of default. 
Among the market variables, it is seen that beta and the ratio of market value 
of equity/book value of debt are statistically significant variables in explaining 
default risk. The empirical findings also generate the hazard ratio for each co-
variate which examines the predicted change in the hazard for a unit increase 
in the predictor. The author extends the research by applying the market- 
based KMV structural model to obtain continuous observations of default 
probability and regressing the same against all the1 covariates (Gupta et al., 
2013) [1]. It is observed that the set of significant covariates are almost com-
mon to those generated by our survival approach. The study concludes in 
emphasizing the significance of survival models in default prediction as unlike 
traditional accounting-based and market-based models, these models assess 
relationship between survival time and covariates. The application of survival 
models is strongly recommended for credit risk evaluation and modeling as 
structuring of loans can be done by lenders by assessing the survival times of 
different firms across the entire observation period being considered. 
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1. Introduction 

Credit risk is among the four business risks (capital risk, market risk, credit risk 
and operational risk) faced by organizations. The last decade or so has witnessed 
a growing emphasis on management and measurement of this risk. This has 
been largely an outcome of the implementation of Basel norms with their thrust 
on generating internal rating-based models (IRB): the exponential growth in 
markets for derivatives and the growth in innovative techniques of risk man-
agement. Credit risk in the simplest way may be defined as the “probability of 
loss from a credit transaction”. An integral element of credit risk is the risk of 
default, that is, failure to meet debt obligations. Companies are essentially said to 
be in financial distress when they are unable to service debt, both the interest 
component and also the repayments. A prolonged state of financial distress leads 
to liquidation and bankruptcy. While banks have their internal credit risk 
models to assess creditworthiness of corporates before lending, in the traditional 
sense, credit rating agencies have been playing a pivotal role in assigning a rating 
which is an indication of the corporate’s credit quality. Rating is a symbol that 
denotes how sound a company is in meeting its contractual obligations of debt. 
The role of rating agencies is prominent from the perspective of issuers of debt 
(borrowers) as a high rating lowers the cost of raising debt. Credit Rating Agen-
cies (CRAs) thus, also, impart some degree of protection to investors against de-
fault by the symbol they assign to the debt instrument. While ratings serve the 
entire gamut of issuers, investors and regulators, they came under a cloud after 
the sub-prime crisis. Some of the limitations of CRAs came to light include their 
dual role of acting on behalf of both issuers and investors, conflict of interest, 
confidentiality of rating reports among others. Moreover, ratings are ordinal in 
nature, they are non-quantifiable. Within a rating symbol, there is a wide spec-
trum of companies whose probability of survival or default maybe different, but 
they are indicated by the same symbol.  

In India, rating agencies have been the predominant source of measuring cre-
ditworthiness for corporates. However, in the recent past, limitations of rating 
agencies combined with increasing significance of quantitative models have led 
to academic work in Indian context to examine and suggest improvements in the 
process and methodology adopted by credit rating agencies (CRAs).  

Banks in India have been facing rising non-performing assets (NPA), which 
further substantiates the need for credit risk models that are proactive in pre-
dicting financial distress. Some of the steps taken by the Indian central bank, the 
Reserve Bank of India (RBI) include declaring financially distressed corporates 
under CDR (corporate debt restructuring) scheme wherein a consortium of banks 
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restructures the existing debt to make it easier for the firm to service the debt. A 
step further in this direction is the strategic debt restructuring (SDR) scheme 
where banks gain equity stake in the distressed company. SDR is usually a follow 
of the CDR, when firms continue to falter in their payments. While these steps 
have paved the way for minimizing credit risk and lowering NPAs, the absence 
of a bankruptcy law, (the insolvency and bankruptcy code is still in nascent 
stage) warrants timely prediction of financial distress and thus provide warning 
to lenders against impending insolvency. This can also lead to effective moni-
toring of the financial health of banks, institutions and funds by regulators by 
anticipating the degree of financial distress risk associated with them. Early pre-
diction of default risk enables practitioners to use probability default forecasts to 
price corporate debt and for internal rating based approach for Basel norms. 
Academicians use bankruptcy forecasts to test various hypotheses that default 
risk is priced in stock return. 

Some of the potential relevance of determining credit risk can be studied by 
using various statistical and other models as has been advocated in research in 
other countries. Traditionally the credit risk literature has taken two approaches 
to measure default on debt. One is the structural approach which is based on 
market variables, and the second is the statistical approach or the reduced ap-
proach which factors in information from the financial statements. Though there 
is vast literature on credit risk models, with works on accounting-based and 
market-based models, these models focus on static modeling using cross-sec- 
tional data. Prior researchers only choose to use one period observation with a 
single-period logistic regression or discriminant analysis. Although these me-
thods have contributed significantly 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. In survival analysis 
many different regression modeling strategies can be applied to predict the risk 
of future events. Survival analysis will typically address the question: When will 
the event occur?  

The origin of survival models is traced in the medical science and these mod-
els have gradually been applied even in the field of 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 va-
riables. This technique is ideally suited to introducing a time dimension into fi-
nancial 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.  

It is against this backdrop that the objective of the present study is to use the 
survival analysis approach to examine the time to default as the dependent vari-
able and to evaluate the predictors on a dataset of Indian listed companies. The 
credit risk model proposed in the research study attempts to quantify the credit 
risk using both accounting information as also the market variables. The crite-
rion variable in survival analysis is the “Status” variable. In this case, the two 
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possible outcomes are: defaulted (1) vs. solvent (0). For the purpose of the re-
search study, companies are said to be under financial distress when they are 
given rating “D” by the CRA or are under the BIFR (Bureau of Industrial and 
Financial Restructuring). Time to default is determined from the time of origin 
(year 2000) to the time of default. The author has identified accounting ratios, 
macro-economic variables, corporate governance parameters and market variables 
to test their significance in default prediction. For this purpose, the semi-para- 
metric Cox regression has been applied. This Cox model is termed semi-para- 
metric because while the baseline hazard can take any form, the covariates enter 
the model through the linear predictors. The independent variables are lagged by 
three years from the time of rating. 

The author has extended the works of structural-based KMV model by using 
the continuous observations of default probability obtained and regressing against 
the independent variables, to identify the key predictors common to both the 
models.  

In order to present this research work in a lucid manner, the paper has been 
divided into five sections. Section 2 reviews existing literature and Section 3 ex-
plains the research methodology. The empirical findings and discussion are pre-
sented in Section 4 and Section 5 is the conclusion of the study.  

2. Review of Literature 

The earliest and most-cited papers in the corporate failure literature are ac-
counting-based models and the pioneers for these were Beaver [2], Altman [3], 
Ohlson [4], and Zmijewski [5]. The emphasis in the first two works was on un-
ivariate and multivariate discriminant analysis respectively. Ohlson (1980) em-
ployed a parametric approach (a conditional logit model) to predict bankruptcy 
in U.S. firms while Zmijewski applied the probit model. The main limitation of 
the models developed, namely DA, logit and probit is that they are all cross-sec- 
tional models which assume a static state of failure. Research approach was based 
on one period observation with a single-period logistic regression or discrimi-
nant analysis.  

The market-based structural models are based on the Black-Scholes and Mer-
ton’s [6] Distance to Default followed by Kealhofer, McQuown, and Vasicek [7]; 
herein after KMV (2003) who developed a model to determine the probability of 
default and named it as expected default frequency (EDF). Several variations and 
extensions have been made to this basic model. Some of these are: Black and Cox 
(1976) [8]; Longstaff and Schwartz (1995) [9]; Brockman and Turtle (2003) [10]; 
Bandopadhyay (2007) [11]; Baninoe (2010) [12]; Laitinen (2010) [13]; Antonio 
et al. (2012) [14]; and Kumar and Kumar (2012) [15]. 

Jensen and Meckling (1976) [16] and Shleifer and Vishny (1986, 1997) [17] 
conducted research on the impact of ownership patterns on default. They opined 
that larger institutional shareholding leads to more efficient management. Xu and 
Wang [18] did research on the relation of ownership pattern on financial per-
formance of listed companies in China. 
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The basic survival model examines the length of time before an event occurs 
or the time interval between the events within some observation period. The 
model is based on the survival time or the hazard rate as the dependent variable. 
In a context of default, the objective is to quantify the relationship between sur-
vival time and a set of explanatory variables. In continuous time survival analy-
sis, the proportional hazards model (Cox, 1972) [19] is the most popular cova-
riate effect model. The partial likelihood estimator for the proportional hazards 
model is studied in Breslow [20], Cox [21] and Effron [22]. The concept of sur-
vival analysis for credit scoring was pioneered by Narain [23] and extended fur-
ther by Thomas et al. [24]. Narain (1992) applied the accelerated failure time 
(AFT) model to personal loan data. He recommended survival analysis over mul-
tiple regression for decisions relating to credits. The introduction to survival 
analysis for credit risk modeling was made by Thomas. 

Lando [25] introduced a proportional hazards survival-analysis model to es-
timate the time until a bond defaults, emphasizing on economic variables as re-
levant covariates. In his introduction to survival analysis, Harrell [26] empha-
sized 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 unimpor-
tant, the event could be analyzed as a binary outcome using logistic regression. 
Stepanova and Thomas [27] examined ways to improve the performance of the 
Cox proportional hazards model in credit scoring. One of the proposed im-
provements was to allow a decrease or increase in the effect of a covariate on the 
predicted time-to-failure as the loan evolves. Chava and Jarrow [28] tested the 
forecasting accuracy of bankruptcy hazard rate models for US companies from 
1962 to 1999. Laitinen [29] used survival analysis to model the duration of time 
that preceded a firm’s initial payment default using financial ratios, size, indus-
try and age as covariates to model the survival process using proportional hazard 
model. In the research study by Hou-Ou Yang et al. [30], business models were 
constructed for financial distress using Cox regression on a sample of Taiwanese 
companies. Seven models were analyzed for the impact of ratios, earnings man-
agement index and corporate governance on financial distress. The Cox propor-
tional hazards model was also used for bankruptcy prediction in Duffie et al. 
[31]. T. Bellotti and J. Crook [32]) in their research reported an application of 
survival analysis to model default on a large data set of credit card accounts. 
They explored the hypothesis that probability of default (PD) is affected by gen-
eral conditions in the economy over time. Lee [33] examined the usefulness of 
traditional financial ratios and market variables as predictors of the probability 
of business failure to a given time on a sample of companies listed on Taiwan 
Stock Exchange using the Cox proportional hazard model. Other studies using 
the hazard function were those of Rommer [34], Chanchrat et al. [35], Kim and 
Parkington [36], Nieddu and Vitiello [37]. 

Bulk of research on default prediction is done by focusing on accounting- 
based and market-based models. Accounting based models, in themselves are in-
flexible, backward looking and incorporate information in financial statements 
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which are based on historical past. At best, the information can be updated quar-
terly. Structural models are forward looking, and being mathematical the proba-
bility of default can be directly computed. While market-based models can com-
pute continuous valuations of the probability of default (PD) unlike rating agen-
cies; to make the probability of default more exhaustive, it is important to factor 
in the information provided in the financial statements. However, these models 
are static in nature, are unable to factor time-varying covariates and do not fac-
tor time to event which is the focus of survival models.  

It is also observed from the review of literature above that there has been con-
siderable research using proportional hazard Cox regression to identify predic-
tors to aid in bankruptcy prediction internationally. Despite numerous credit 
risk models available, prior works on examining survival analysis technique to 
bankruptcy prediction has been negligible in the Indian context. It is against this 
backdrop that the author has identified this gap and applied Cox regression to 
study the impact of financial ratios, macro-economic variables, size and age of 
companies, ownership pattern and market-related variables to test their signi-
ficance in predicting financial distress. 

The purpose of using survival model is to build a robust framework that enables 
banks and financial institutions in an emerging market economy like India to 
classify a firm in the default or non-default category based on the survival time 
of each firm and this can serve as a useful tool for quick evaluation of the risk 
profile of a corporate.  

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 con-
text 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 includes even 
those 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. In the context of default prediction, survival analysis includes 
companies that have “defaulted” and companies that are “solvent” for the time 
horizon under study. Companies that have defaulted are assigned “1” status 
while companies that are solvent are assigned “0” status. However, there may be 
certain companies, who may have prepaid their debt, or paid off their debt at 
maturity. Such companies are said to be left-censored and are assigned status 
“0”. There may also be some companies who would not have paid off under the 
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time horizon identified for the study. These companies are said to be right cen-
sored and are also assigned the status “0”. Censored observations may be defined 
to include “event” that has not yet occurred at the end of study or time of analy-
sis; that has withdrawn from study; or may have occurred prior to the time of 
event. Survival analysis technique is considered superior to other techniques due 
to is its ability to handle censored data. 

The survival techniques are broadly as:  
Life tables refers to a survival analysis technique which is non parametric and 

which generates time to event distributions for an entire dataset or separately for 
each level of a factor. The basic idea of life tables is to subdivide the period of 
observation into smaller time intervals. Then the probability from each of the 
intervals is estimated.  

Kaplan-Meier Survival Analysis (KMSA) is a method of generating tables 
and plots of survival or hazard functions for event history data (time to event 
data). KMSA is a descriptive procedure for time-to-event variables for use when 
time is considered of essence.  

The Cox regression model is a semi-parametric approach that analyses sur-
vival probabilities and failure times. The advantage of this model is that it enables 
the use of several explanatory variables. Cox regression maybe applied for time 
dependent covariates as also for time varying covariates. 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 re-
gression vectors x1 and x2 is constant over time ti. The general model equation is 
shown below: 

( ) ( ) ( ) ( ) ( )0 0| , exph t X h t g X h t Xβ β= =  

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 vec-
tor Z0. 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, t1 Dt). The survivor function S (t) is the probability that failure does not oc-
cur before the time point t Different survival models can be defined by assuming 
different relationships between the hazard rate and the explanatory variables.  

3.2. Data Source 

For the purpose of the study, secondary data has been used. The secondary data 
on the financial statements of the companies has been primarily collected from 
Prowess database of Center for Monitoring Indian Economy (CMIE) and An-
nual Reports of companies. The time period considered is ten years from 1st 
April 2000 to 31st March 2015. We consider this time period due to the fact that 
this is the most recent window and during this window we have periods of mar-
ket boom, crash as well as rise. The reason for not considering the time period 
after that is because the research study commenced in early 2016, and the finan-
cial reports of listed companies were unavailable in the public domain during 
that period. The scope of this study is limited to cover listed companies in India. 
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This is because, consistent with the objective of this study, publicly available and 
reliable information is a key determinant to a robust and parsimonious model. 
The data has been analyzed for listed companies in India spanning across 10 
sectors. 

The companies under financial distress are defined as those rated “D” and 
under BIFR. Those companies that have entered after 2000 are included in the 
sample. The dependent variable here is “time” where for companies rated D and 
under BIFR, it takes the form of time taken to default from the time of financial 
year closing of 2000. 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”. The selected sample has been subject 
to several trimmings of data. Since the data is taken from a broad spectrum of 
sectors, only those ratios which are common and are applicable to all 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 consider-
ation. The final sample, subject to survival analysis, represents on average 10.5 
percent of firms across 10 sectors, as provided in Table 1. This classification of 
sectors is taken as per Prowess CMIE (Centre for Monitoring Indian Economy). 
As can be seen from Table 1, of the total dataset of 859 companies, 90 compa-
nies are under financial distress. 

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 on the liquidity, solvency 
and profitability parameters. Thus, the research study identifies a set of 10 ratios 
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.  
 
Table 1. Number of companies in the dataset. 

Sectors 
Under  

financial distress 
Solvent Total 

% age-under  
financial distress/Total 

Chemicals 20 182 202 9.9 

Construction 3 48 51 5.88 

Consumer goods 6 48 54 11.11 

Diversified 3 33 36 8.33 

Food & Agro 9 76 85 10.59 

Machinery 10 93 103 9.71 

Metals 10 89 99 10.10 

Misc. 5 31 36 13.89 

Textiles 20 96 116 17.24 

Transport 4 73 77 5.19 

Total 90 769 859 10.48 

Source: Prowess CMIE, BIFR website. 
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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 Return on Net-Worth ROE 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 QR 
(Current Assets-Inventory)/ 

Current Liabilities 

8 Current Ratio CR 
(Current Assets)/ 
Current Liabilities 

9 
Cash Flow from  

Operating Activity 
CFO 

Cash generated from  
operating Activity 

10 Cash Profit Margin CPM Cash Profits/Income 

11 

Macro  
Variables 

Gross Domestic Product GDP Gross Domestic Product 

12 
 

MSS 
 

13 Wholesale Price Index WPI Wholesale Price Index 

14 Industry Output IND-O/P Industry Output 

15 Manufacturing Output MFG-O/P Manufacturing Output 

16 Stock Exchange BSE Stock Exchange change 

17 Exchange Rate ER Exchange Rate change 

18 

Company  
Specific 

Promoters Holding PHLD Promoters % Age Holding 

19 Promoters Shares Pledged PSP % Age Shares Pledged 

20 Size SIZE Size of the Company 

21 Age AGE Age of the Company 

22 

Market  
Specific 

Earnings per Share EPS Earnings/Number of shares 

23 Profit to EPS P/E Profits/EPS 

24 
Market Capitalization  

to Borrowings 
MVE/BVD Market Cap./Borrowings 

 
 Company specific variables are taken as AGE and SIZE. 
 Macro-economic variables: The macro-economic variables identified as co-

variates 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.  
 Market variables: Since the domain of study is Indian listed companies, cer-
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tain capital market ratios are also considered as earnings per share (EPS), PE 
ratio, beta of stock (measuring risk) and the proportion of market capitaliza-
tion to debt. For market cap/ debt, those companies with mktcap/debt > 1 are 
coded “0” and those companies with market cap/debt < 1 are coded “1”. 

 Ownership pattern: The identity of the shareholders can also have a sig-
nificant bearing on the influence they exercise on a company’s management. 
Conflict of interest between shareholders and management raises agency 
costs. However, when the shareholders are largely the management, there is 
strong motivation of profit maximization goals and the agency costs are low. 
In emerging markets and specifically in the Indian context, large family own-
erships and promoters represent a substantial part of ownership. While on 
one hand, their main focus is on maintaining the long-term interests of the 
company; on the other hand, large business houses which are family-con- 
trolled firms often have expropriation concerns and may indulge in creative 
accounting practices. When promoter shareholding is pledged, it can prove to 
be a warning signal of the impending financial distress. The promoters’ share- 
holding (%) and the percent of promoters shares pledged are taken as two 
separate variables to gauge if ownership pattern plays a role in predicting de-
fault risk.  
Table 2 lists the total set of explanatory variables taken for the study. 
The financial ratios have been checked for multicollinearity using Pearson 

correlation. However, we have included all the ratios for the purpose of our 
analysis assuming the significance of each is somewhat different from the other.  

3.4. Descriptive Statistics 

Table 3 and Table 4 present the descriptive statistics of the explanatory variables 
used to estimate the Cox regression model in this paper. While Table 3 gives the 
descriptive statistics for companies under financial distress, Table 4 provides the 
descriptive statistics for solvent companies. There is significant difference in the 
averages for not only profit margins, but also the market ratios and the solvency 
ratios. It is evident from Table 3 that the mean for profit margins have negative 
signs, implying loss, as is also the case for interest coverage ratio which has a 
negative sign. The leveraging is very high as shown by the average mean which is 
11 thereby implying that the companies bear a significant financial risk. EPS is 
also negative for these companies. It is also observed that average beta is greater 
than 1, indicating high risk associated with the stock beta. The promoters’ own-
ership is less than 50% for distressed companies while for solvent companies it is 
more than 50%. For financially distressed companies, a large chunk of promo-
ters’ shares are pledged. One significant factor which is highlighted is that for fi-
nancially distressed companies, the ratio of market capitalization to total debt is 
much below 1 while for solvent companies, it is greater than 1. The average age 
of distressed companies is not vastly different as compared to defaulted compa-
nies. However, 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 capacity.  
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Table 3. Descriptive statistics for companies under default status. 

Variable Obs Mean Std. Dev. Min Max 

OPM 90 3.938889 18.5486 −54.94 56.31 

NPM 90 −15.1157 32.49218 −221.26 12.3 

CPM 90 −9.97322 37.78827 −311.52 25.35 

ROE 90 −44.7587 98.73102 −642.32 39.97 

ROCE 90 −6.775 11.90366 −38.6 14.76 

INTCOV 90 −1.64411 17.54835 −164 13.68 

QR 90 0.737578 0.908173 0.04 4.92 

CR 90 1.309756 1.569846 0.27 10.48 

DE 90 11.80678 48.58822 0 393.63 

Beta 90 1.053111 0.39915 0 1.82 

AGE 90 2.744444 1.294423 0 4 

EPS 90 −10.4467 45.80052 −364.04 47.05 

PE 90 22.83233 151.8597 0 1436.73 

PHLD 90 46.18533 18.05288 0 87.01 

PSP 90 37.48711 36.44803 0 100 

CFO 90 98.69112 1495.454 −4675.5 7248.5 

SIZE 90 9976.776 16349.75 284.1 114743.8 

MVE/BVD 90 0.677778 0.469946 0 1 

Source: SPSS. 

 
Table 4. Descriptive statistics for solvent companies. 

Variable Obs Mean Std. Dev. Min Max 

OPM 769 14.048 9.478292 −42.51 88.78 

NPM 769 4.681066 8.686087 −115.66 66.06 

CPM 769 7.774473 7.817655 −49.12 67.06 

ROE 769 16.24798 81.41624 −139.25 2111.45 

ROCE 769 8.736359 12.31127 −64.9 106.76 

INTCOV 769 63.08147 415.4726 −44.57 5157.4 

QR 769 0.781211 0.771979 0.01 10.75 

CR 769 1.358993 0.93651 0.15 12.01 

DE 769 1.542987 7.339408 0 186.63 

BETA 769 0.873823 0.427962 −0.49 1.79 

AGE 769 2.179454 1.356521 0 4 

EPS 769 14.69983 41.32692 −102.81 790.29 

PE 769 19.02949 98.96744 0 2277.81 

PHLD 769 56.3348 15.45786 0 99.67 

PSP 769 8.821131 20.57754 0 100 

CFO 769 1849.778 11281.02 −51655.6 254490 

SIZE 769 33421.98 173115.1 0 3143452 

MVE/BVD 769 0.494148 0.500291 0 1 

Source: SPSS. 
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3.5. Assessing the Goodness-of-Fit of the Proportional Hazard  
(PH) Model and the PH Assumption for Survival Models 

 Testing for proportionality assumption (PH): global test of model fit 
One of the main assumptions of the Cox proportional hazard model is pro-

portionality. We test the proportionality of the model as a whole. If the tests in 
the table (Table 5) are not significant (p-values over 0.05) then we cannot reject 
proportionality and we assume that we do not have a violation of the propor-
tional assumption. The global significance for our model is 0.10, thus the pro-
portionality assumption is met (p value > 0.05). The test for proportionality as-
sumption is done using Stata. 
 Goodness of fit test 

One measure of overall goodness-of-fit test is partial likelihood-ratio test. In 
Table 6, the output produced includes the value of −2 Log Likelihood for fitting, 
AIC (Akaike Information Criterion) and SBC (Schwartz Bayesian Criterion) for 
fitting a model without covariance and fitting a model with covariates. Akaike 
introduced the concept of the information criteria as a tool optimal model selec-
tion. Schwartz is derived from a Bayesian modification of the AIC criterion to 
develop a SBC model. 

The likelihood ratio test has been used to see the variables included in the fi-
nal model are significant in explaining some of variability in data. 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 (k β1, 
β2 ..., βk) of the effect are 0. The statistic quantity of the aforesaid hypothesis 
testing is −2 Log Likelihood (=−2Log (L(0) − L(β)) which observes λ2(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. The Chi-Square 
is the difference between (1196.5298 - 963.764) rejects the null hypothesis and 
confirms the significance of adding predictors to the model (Table 7). 

3.6. Model Validity 

Model validity is assessed using the concordance index in survival analysis tech-
nique. The index of concordance is a “global” index for validating the predictive  
 
Table 5. Test of proportional hazard assumption. 

 chi2 df Prob > chi2 

global test 47.89 26 0.10 

Source: Stata. 

 
Table 6. Goodness of fit test the PHREG procedure model fit statistics. 

Criterion Without Covariates With Covariates 

−2 Log L 1196.530 963.7642 

AIC 1196.530 1015.764 

SBC 1196.530 1139.414 

Source: Stata. 



V. Gupta 
 

128 

Table 7. Empirical findings on the Cox regression.  

Variable 

Model I Model II Model III 

Co-efficient  
B 

Wald  
statistics 

Exp (B) 
Hazard  

ratio 

Co-efficient 
B 

Wald  
statistics 

Exp (B) 
Hazard  

ratio 
Co-efficient 

Wald  
statistics 

Exp (B) 
Hazard 

ratio 

PAT/NW −0.0037975 −4.19*** 0.9962097       

PAT/CE −0.0563988 −5.95*** 0.9451621       

INTCOV −0.0108472 −2.22** 0.9892115       

DE 0.0038621 1.94** 1.00387       

AGE 0.1722198 1.96** 1.187939       

          

GDPGR    0.3498395 6.98*** 1.41884    

BSE return    −4.056658 −1.96** 0.0173068    

ER    4.926206 1.88* 137.8555    

BETA       0.8467657 2.92*** 2.332092 

EPS       −0.0090507 −6.24*** 0.9909902 

MKTCAP/DEBT       0.5254038 2.28** 1.691142 

−2LL (b = 0) 1196.530   1196.530  1196.530    

−2LL 1065.635   1154.195  1151.457    

Prob > chi2= 0.0000     0.0000 
 

  0.0000 

Source: Stata. *significance at 10%; **significance at 5%; ****significance at 1%. 

 
ability of a survival model. The concordance index (CI) or c-index can be inter-
preted as the fraction of all pairs of subjects whose predicted survival times 
are correctly ordered among all subjects that can actually be ordered. In other 
words, it is the probability of concordance between the predicted and the ob-
served survival (Newson, 2010). This index is a generalization of the Wilcoxon- 
Mann-Whitney statistics and thus of the area under the ROC curve (AUC) to 
regression problems in that it can be applied to continuous output variables and 
also account for censoring of the data. Like for the AUC, c = 1 indicates perfect 
prediction accuracy and c = 0.5 is as good as a random predictor. High values 
mean that the model predicts higher probabilities of survival for higher observed 
survival times. 

The predictive ability of the models is also tested by plotting the Receiver Op-
erating Characteristics (ROC) curve. The ROC curve quantifies the accuracy of 
diagnostic tests to discriminate between defaulted firms and solvent firms using 
each value of the score as a possible cutoff point. The analysis uses the ROC 
curves of the sensitivity (percentage of true defaulted outcomes correctly speci-
fied) vs. 1-specificity (percentage of false defaulted outcomes correctly specified) 
of the diagnostic test. This calculates the area under the ROC curve. The area 
under the ROC curve (herein referred to as AUC) measures the model’s perfor-
mance in predicting actual defaults. The ROC reports the percentage of defaults 
that the model correctly classified as defaults on the y-axis and the percentage of 
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non-defaults that the model incorrectly classified as defaults on the x-axis. The 
advantage of the ROC curve resides in its ability to account for Type II errors. 

3.7. KMV Model to Estimate PD and Identify Key Predictors 

KMV Corporation, a firm specialized in credit risk analysis developed a credit 
risk methodology, as well as an extensive database, to assess default probabilities 
and the loss distribution related to both default and migration risks. The KMV- 
Merton model applies the framework of Merton (1974), which is a market-based 
model and is a direct application of the Black Scholes Model.  

In the model, the value of equity VE, the volatility of equity σE and several 
other observable variables are applied by solving two nonlinear simultaneous 
equations.  

( ) ( )1 2
rT

E AV V d De d−= Φ − Φ                     (1) 

( )1
A

E A
E

V d
V

σ σ= Φ                         (2) 

where VE is equivalent to a call option written on the underlying, that is the 
firms’ asset value VA, µE is the expected continuously compounded return on eq-
uity and σE is the equity volatility. The KMV-Merton model basically uses these 
two nonlinear Equations (1) and (2), to translate the value and volatility of a 
firm’s equity into an implied probability of default. The author developed an al-
gorithm for solving Equations (1) and (2) and thereby determining PD (Gupta et 
al. 2013). After inferring these values, the model specifies that the probability 
of default is the normal cumulative density function of a z-score depending on 
the firm’s underlying value, the firm’s volatility, and the face value of the firm’s 
debt. 

Once the probability of default is computed by the KMV model, in the first 
stage of analysis, regression is run with this PD as the dependent variable and 
the set of covariates (Table 2) as the predictors of default. These variables, once 
identified can be used as key predictors of default. As such, it provides a simple 
and robust measure of default risk. 

4. Empirical Findings 
4.1. Results from 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. The key statistical output is the 
hazard ratio. Data contain censored and uncensored cases. Though similar to lo-
gistic regression, but Cox regression assesses relationship between survival time 
and covariates. For the purpose of analyzing the impact of covariates, the de-
pendent variable is the “time to default”, with companies under default having 
status “1” and companies which are solvent coded as “0”. The output from Cox 
regression is generated using Stata.  
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“B” in the output table is the regression coefficient, Wald is the test statistics, 
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 dif-
ference between the degrees of freedom of the old and new models. 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 repre-
sents 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 observa-
tion 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 
( ) ( )coeff ~ 0,1

std.err coeff
N . This Wald statistic has a chi-square 

distribution with one degree of freedom under the null hypothesis. 
The empirical findings have been presented in five different models. Model I 

is based on findings by including accounting ratios only as the independent va-
riables. It can be seen from Table 7 that Return on Equity, Return on Capital 
Employed, Interest coverage and Debt to Equity ratio are all statistically signifi-
cant. These ratios are thus the early warning predictors. While the first column 
shows the coefficient, the third column shows the hazard ratio corresponding to 
each variable. The coefficients of ROE, ROCE and INTCOV are showing nega-
tive signs indicating that an increase in either covariate decreases the hazard of 
entering into financial distress. The hazard ratio for all these three variables 
shows that an increase of one unit in ROE, ROCE and INTCOV implies 0.99, 
0.94 and 0.98 decrease in financial distress risk. It can also be seen that for Debt/ 
Equity and Age as variables, the hazard ratio is just about 1 implying a negligible 
impact of these variables on financial risk. Model II shows the findings taken 
from macro-economic variables only. It can be seen that GDP growth rate, BSE 
stock returns and exchange rate emerge as statistically significant variables. The 
hazard ratio for GDP growth rate and exchange rate is greater than 1 implying 
these variables speed the time to failure. Model III identifies the statistically sig-
nificant market-driven variables, namely, EPS, beta of stock and the ratio of 
market value of firm to book value of outstanding debt. These ratios are signifi-
cant for listed firms. It is observed that coefficient of EPS is negative implying an 
increase in one unit of the variable decreases the financial distress of the firms. 
The hazard ratio for beta and MVE/BVD are greater than 1 showing higher rate 
of failure for every one unit increase in these two variables.  

Model IV factors the impact of ownership patterns on the default risk of 
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firms. Both the variables: promoters’ ownership and percent of promoters shares 
pledged are statistically significant at 1%. The sign of coefficient for promoters’ 
percent holding is negative implying as there is an increase in promoters share-
holding, it reduces the risk of financial distress. This also highlights that in In-
dian context, family groups where bulk ownership is with promoters and fami-
lies would be lesser liable to default. Although promoters shares pledged is a sta-
tistically significant variable, the hazard ratio is virtually 1 signifying no impact 
on financial distress. It was observed from the descriptive statistics that the av-
erage percent of shares pledged was much higher for companies under default 
than companies that are solvent. Model V factors all variables together. It is seen 
that ROE, ROCE are significant predictors while among macro variables, change 
in money supply and inflation rate have a significant bearing on financial dis-
tress.  

The empirical findings clearly show that profitability, solvency and liquidity 
play an important role in assessing the credit worthiness of a firm. It is also ob-
served that when macro-economic variables (MV) are added, exchange rate, stock 
index and GDP growth rate are significant predictors.  

The inclusion of MVs could also prove useful in anticipating the volatility of a 
company’s probability of default (PD) to changes in economic conditions in the 
future and therefore could help give a further insight into risk when assessing 
default risk. It is also to be seen that higher promoter stake reduces the risk of 
companies entering into default. In emerging markets and specifically in the In-
dian context, large family ownerships and promoters represent a substantial part 
of ownership. Thus, when the shareholders are largely the management, there is 
strong motivation of profit maximization goals and the agency costs are low. 
From the empirical findings based on market variables, it can be seen that those 
companies whose market capitalization is lower than the book value of debt are 
largely the defaulted firms with beta > 1 in majority of cases. 

4.2. Kaplan Meier  

The Kaplan-Meier procedure is a method of estimating time-to-event models in 
the presence of censored cases. It can compare the distribution by levels of a 
factor variable or produce separate analyses by levels of a stratification variable. 
The assumptions for Kaplan Meier estimates are that probabilities for the event 
of interest should depend only on time after the initial event without covariates 
effects.  

Survivor function, S (t) defines the probability of surviving longer than time t. 
This is shown in the Kaplan-Meier curves. Hazard function is the derivative of 
the survivor function over time h (t) = dS (t)/dt instantaneous risk of event at 
time t: conditional failure rate (Figure 1). The figure suggests that the probabili-
ty of financial survival is stable in the initial years and tends to drop only after 10 
years, after which survival is declining or failure rate increasing. The graphical 
examination of the survival graph indicates that the steep increase in defaults 
occur after the first 10 years of the study, 61 companies defaulted after first 10  
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Figure 1. Kaplan Meier survival curve. 
 
years. The graph is parallel to x-axis during the first 10 years showing high sur-
vival times. 

From Figure 2 and Table 8 attached, it can be seen that the Auto sector 
(Transport) and the Miscellaneous sector show the least defaults, while the 
Chemicals, Textiles and Metals sectors have shown the sharpest decline in sur-
vival rate or a higher number of companies defaulting. The K-M graphs enable 
us to analyze different sectors in terms of the defaults over different time hori-
zons.  

4.3. Model Validity 

The index of concordance is a “global” index for validating the predictive ability 
of a survival model. An index between 0.5 and 1 demonstrates good ability of the 
model, here the concordance index is 0.918 thus exhibiting high predictive pow-
er. 

Harrell’s C concordance statistic, 
Number of subjects (N) = 859, 
Number of comparison pairs (P) = 67,317, 
Number of orderings as expected (E) = 61,831, 
Number of tied predictions (T) = 0, 
Harrell’s C = (E + T/2)/P = 0.9185, 
ROC curve. 
The area under the ROC curve (herein referred to as AUC) measures the 

model’s performance in predicting actual defaults. The ROC reports the percen-
tage of defaults that the model correctly classified as defaults on the y-axis and 
the percentage of non-defaults that the model incorrectly classified as defaults 
on the x-axis. The predictive ability of our model is good as shown in the area 
under ROC (AUC) which is 81.9% (Figure 3). 
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Figure 2. Kaplan Meier sector-wise survival estimates. 
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Figure 3. Receiver Operating Characteristic curve (ROC curve) for Cox regression. 
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Table 8. Empirical findings on Cox regression. 

Variable 
Model IV Model V 

Co-efficient  
B 

Wald  
statistics 

Exp (B) 
Hazard ratio 

Co-efficient 
B 

Wald  
statistics 

Exp (B) 
Hazard ratio 

PHLD −0.0197924 −3.21*** 0.9804022 −0.0224032 −3.11*** 0.9778459 

PSP 0.0225452 7.70*** 1.022801 0.0144532 4.22*** 1.014558 

ROE    −0.0033582 −3.24*** 0.9966474 

ROCE    −0.0519902 −4.30*** 0.9493382 

INTCOV    −0.010842 0.002** 0.9892165 

MSS    0.229 7.059*** 1.257 

WPI    0.472 10.865*** 1.603 

−2LL (b = 0) 1196.530   1196.530   

−2LL 1113.922   963.764   

Prob > chi2= 0.0000     0.0000 

Source: Stata. *significance at 10%; **significance at 5%; ***significance at 1%. 

4.4. KMV Model 

 Structural Model—Using KMV to Estimate PD 
The KMV model as explained in Section III of the research paper is applied to 

determine the continuous valuations of probability of default (PD). 
It can be seen from the table above (Table 9) that the probability of default 

generated from the structural KMV model, is used as the dependent variable and 
the independent variables (Table 2) are used and multiple regression is run to 
determine the key predictors. Similar to our previous findings, Model I is with 
only financial ratios and it can be seen that operating profit margins, return on 
net worth (ROE), return on capital employed (ROCE), quick ratio are all sig-
nificant drivers of default risk. In Model II all three macro-economic variables: 
GDP growth rate, BSE stock returns and exchange rate are statistically signifi-
cant. Similarly Model III shows that both promoters’ ownership and promoters’ 
shares pledged have an important bearing on financial distress. It can also be 
observed that the profitability ratios (OPM, ROE and ROCE) have negative coef-
ficients thus showing that increased profitability reduces financial distress. Quick 
ratio reflects liquidity of companies and an increase in liquidity and thereby 
quick ratio reduces financial distress. Promoters’ shareholding also has a nega-
tive coefficient thus showing that higher promoters’ stake reduces probability of 
default.  

On comparing the results based on Cox regression (survival analysis) with 
multiple regression using KMV model, reinforces the fact that liquidity and profit-
ability have a significant role to play in determining financial distress risk. Also, 
macro-economic variables do have a bearing on default prediction.  

5. Conclusions 

This research study has been undertaken with the objective of combining financial 
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Table 9. Empirical Findings on KMV model using multiple regression. 

Variable 
Model I Model II Model III Model IV 

Co-efficient B T-statistics Co-efficient B T-statistics Co efficient T-statistics Co-efficient T-statistics 

OPM 0.0024101 2.39***     0.0020056 2.05** 

CPM −0.0025554 −3.75***       

ROE −0.0004191 −2.80**     −0.0004171 −2.19*** 

ROCE −0.0029711 −3.17**     −0.0017941 −1.87* 

QR −0.0540287 −2.25**     −0.0545645 −2.32*** 

AGE GROUP 0.0124169 2.09**       

GDPGR   0.0246896 4.07***   0.0235659 1.92* 

BSE return   −0.4044813 −2.72***   −0.3758394 −1.80* 

ER   −0.3636214 −1.76***     

PHLD     −0.0010679 −2.09** −0.0009722 −1.93** 

PSP     0.0027229 8.09*** 0.0019181 5.55*** 

Source: Stata. *significance at 10%; **significance at 5%; ***significance at 1%. 

 
variables, macro-economic factors, and ownership structure along with market- 
based default drivers to predict corporate default. Specifically, this research high-
lights the impact of multiple covariates on time to default. For this purpose, the 
semi-parametric Cox proportional hazard model is applied on a dataset of In-
dian listed companies. The research findings substantiate the significance of fi-
nancial parameters as profitability, solvency and liquidity being essential in sound 
financial health of corporates. The author extended prior works on KMV model 
to highlight the common drivers or predictors of financial distress eventually 
leading to default. These predictors can be used as robust early warning indica-
tors of firm failure in India. Moreover, these parameters can be used to assess 
the likelihood of default by a company in the event of information not being 
available as in case of firms that are not listed.  

Survival analysis is identified as the tool for analysis, as unlike traditional models 
of bankruptcy prediction, it considers “time to default” as the integral factor. 
Survival analysis can provide improvements in long term forecasting relative to 
simple cross-sectional methods. When the objective is to preempt financial dis-
tress, time to default is a critical factor. The uniqueness of survival analysis is in 
its ability to handle censoring data in practical business situations. It is consi-
dered superior to other models (DA, logit) as it is not only able to account for 
censoring, but can compare survival between 2+ groups and assess relationship 
between covariates and survival time. Moreover, these models are unable to handle 
a continuous dependent variable such as time to default. Survival analysis pro-
vides a consistent means of predicting probability of default within many differ-
ent periods of time. It also has an inherent mechanism for factoring in the most 
recent data into the model. Survival analysis modeling gives more valuable in-
formation, such as a whole predicted survival function, rather than a single pre-
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dicted survival probability. In practice, this model can be used for credit risk 
evaluation and modeling by incorporating forecasts of macroeconomic condi-
tions into the assessment of applications. Survival probability can forewarn lenders 
on the creditworthiness of the firm, the analysis can be used effectively in re-
taining existing firms, and acquiring new ones in different industries and in 
structuring their repayment structure based on survival times.  

The present study has some limitations which can be the scope for future re-
search. 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 in-
corporated which can be more insights into factors impacting distress risk. The 
data can be tested by being lagged by 1-year, 5-year 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, re-
structuring, and others. The model has scope for further research by 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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