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DETERMINANTS OF WILFUL DEFAULTS: EVIDENCE FROM 

INDIAN CORPORATE LOANS 

 

 

ABSTRACT 

 

Using a sample of 558 Indian companies’ financial indicators, during the period 2002-2016, the 

study investigates empirically the utility of key financial variables that could mitigate the credit 

risk by improving information on the probability of wilful defaults. The paper has attempted to 

build a credit risk model using logistic regression to predict the probability of wilful defaulters 

and classify them with that of the non-defaulting companies. This study has employed an ex-ante 

approach to pre-empt identification of wilful defaults at an early stage. This could avert/ 

minimize the high costs associated with identification, declaration and legal recourse undertaken 

by filing a suit. The result of this model with introduction of three cash flow variables has 

contributed positively to the existing financial distress prediction model.  Further, it is empirically 

tested that the high outstanding debt increases the probability of wilful defaults since the benefits 

exceeds its implied costs. The resulting estimate from logistic regressions demonstrates that they 

are statistically significant and the coefficient estimates’ signs also possess the predicted sign. 

The model developed is able to classify with an accuracy of more than 70%, the likelihood of 

wilful default in the next 2-3 years and the non-defaulting companies with an accuracy of around 

98.0% on the above data-set. 

Key Words: Corporate default, predicting Wilful Defaulters, logistic model, India. 

JEL Classification: G330; G0210. 
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I. Introduction  

 

In India, the issue of “wilful default” by a large number of borrowers had been receiving the 

attention of the Government of India, (GoI) Reserve Bank of India, (RBI) and credit institutions 

since 1990.  As per RBI (2002) “A wilful default would be deemed to have occurred when a unit 

has defaulted in meeting its payment obligations to the lender and if any of the following events 

is noted”: 

(a) It had the capacity to honor the said obligations. 

(b) It had not utilized the finance for the purpose lent but has diverted the same for other 

purposes. 

(c) It had siphoned off the funds - neither utilized for the purpose availed nor are funds 

available in the form of other assets.  

(d) It had disposed of or removed the movable fixed assets or immovable property given 

by it for the purpose of securing a term loan. 

Further, RBI had also directed penal measures to be applied to the borrowers identified as wilful 

defaulters. It had instructed the credit institutions that no additional facilities should be granted 

and that these wilful defaulters should be debarred from institutional finance for a period of five 

years.  The direction also states that the lenders may initiate criminal proceedings, wherever 

necessary.  As a deterrent measure it was also decided that the wilful defaulters should not be 

given access to the capital markets.   

It is interesting to note that India is the only country which discerns between “wilful” defaulters 

and other defaulters, both on law governing them and on credit reporting. The concept of “wilful” 

defaulter does not exist in any other country as there is strict legal recourse available to the 

lenders against such defaulters. 

As is evident, the financial performance of any company can be assessed based on growth rate 

and ratio analysis over a period of time.   However, analysis of financial indicators is not always 

conclusive to know the liquidity and solvency position of the company. More recently, logit 

analysis has gained immense importance as advanced analytical tool for predicting business 

failure or distress position. Many researchers have found that logit approach performs 
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significantly better and provides a probability (in terms of a percentage) of success or failure of 

the companies. It is always a hunch for the management and other stakeholders to know the true 

financial position of a company that will safeguard it from being a wilful defaulter. 

 

II. Objective of the Research  

The relevance of this study at this juncture, is very crucial for credit risk management of the 

financial institutions in India. Today, the mounting bad loans have changed the entire risk 

landscape of the credit institutions.  The initial analysis has revealed that the total outstanding 

amount of suit-filed wilful default is Rs.759140 million (12.40% of the total gross non-

performing assets) as at the end of March 2016.  The sharp rise in the quantum of non-performing 

assets has not only affected the financial health of these institutions but has marked its impact on 

the economy as well.   In this background, prediction of the wilful defaulters’, i.e. a borrower, 

who has the capacity to pay but yet is delinquent, is of paramount importance.  These defaulters 

have basically not utilized the funds for which it was extended to and rather diverted or siphoned 

of the public funds.   Hence, there is a felt need to predict such defaults ex-ante as identification 

and reporting their names ex-post poses huge credit risk.  Hence, the objective of this study is to 

build a model to predict the probability of wilful default in Indian corporates by using 

combination of annual financial indicators of these companies and classify them with that of the 

non-defaulting companies. This would mitigate the credit risk by improving information on the 

likelihood of wilful defaults, enable detection of such defaults at an early stage and minimize / 

avert some of the costs associated with it.    

 

With this objective in mind, an attempt has been made to examine and predict such defaults from 

the data set of suit-filed wilful defaulters’ data as accessible in the CIBIL’s website from March 

2002 onwards.  This study will be very useful in drawing various inferences on the credit policies 

of the lending institutions, exploring the key determinants of such defaults and in developing a 

risk model which would predict the distress position of the corporates which could further turn 

into a wilful default.  As this study is one of the first of its kind with this unique data set, no 

comparable findings are available in the earlier literatures.   
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The paper is organised as follows. The third section discusses the relevant literature. Data source, 

coverage, data quality are explained in section IV. Major findings of an analysis carried out are 

indicated in section V. The hypotheses are stated in section VI.  The research design and 

methodology are detailed in section VII and VIII respectively.  Empirical analysis and results are 

explained in section IX.  Section X is the indicative areas for future research on the subject and 

the final section XI provides concluding observations.   

 

III. Literature Review 

 

 

3.1 Background  

 

The credit risk management in the banking sector has been an important research topic during the 

last three decades. However, empirical analysis of the data on wilful defaults has received very 

limited attention in the literatures. Hence, a short survey on the existing practices in other 

countries was initiated.   The assessment of the definitions, related terms and the regulatory and 

statutory prescriptions, if any, were reviewed to understand the prevalent guidelines on “wilful” 

defaults internationally. The said investigation was taken up with few banks having international 

presence and also with two credit information companies in India, as they also have location 

overseas. The result of the survey confirmed that there are no regulations or guidelines prescribed 

by any regulators on wilful defaulters in any of their overseas locations that correspond to those 

which are in place in India.  A default on a loan was generally considered an event of bankruptcy.  

They stated that other countries do not grant statutory recognition to the concept of “wilful” 

defaults and therefore creditors look to other remedies under law to address the issue of defaults. 

The legislative framework and speedy judicial redressal available in developed countries are 

deterrent enough for any borrower to become a “defaulter” on its loans.   

 

Further, the study on wilful defaults has been very few and most of them corroborate the rise in 

wilful defaults with the rise in the non-performing assets of the banks.  Amongst the various 

exogenous factors the wilful default of borrowers emerges as one of the most critical factor which 

influences the increase of bad loans in the Indian commercial banking system.1   Some studies 

                                                 
1 See Sanjeev (2007) ;    
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have highlighted the incidence of wilful default when the borrowing unit underreports its true 

financial position or the irregularity in repayment was made by seeing others who did not repay 

i.e. the negative demonstration effect. 2   Some researchers have demonstrated that more number 

of wilful defaulters belongs to higher income group and few have argued that a joint 

responsibility agreement discourages the wilful defaults when the relationships amongst the 

group members are embedded.3  A survey carried out by Ernst & Young in 2015 found that 87% 

of the respondents that included bankers stated that diversion of funds to unrelated business 

through fraudulent means is one of the root causes for the NPA crisis in India.  

3.2    Studies on Corporate defaults 

Studies from the corporate literature have used exogenous variables to assess the financial 

capacity of firms Giroud et. al. (2012), and in this way to group the defaulters into financially 

constrained (non-strategic) defaulters and financially unconstrained (strategic) defaulters.  

However, there are very few studies undertaken that utilizes data from corporate loans for 

analyzing or predicting strategic defaults. Asimakopoulos et al (2016) have inferred that some 

borrowers may find it economically more attractive not to pay off their loans or renegotiate the 

loan on better terms, in order to use the cash saved for other consumption or saving activity.  This 

proves diversion of loan funds.     Further, they have investigated the potential determinants of 

Greek corporates behavior by relating the probability of strategic default to a number of firm 

characteristics such as size, age, liquidity, profitability and collateral value.  The paper provides 

evidence of a positive relationship of strategic default with outstanding debt and economic 

uncertainty and a negative relationship with the value of collateral.  The paper of Jayadev M 

(2006) provides empirical evidence on the significance of financial risk factors in predicting 

default companies.  A research paper brought out by Ernst & Young in 2015 points out that the 

corporate borrowers have repeatedly blamed the economic slowdown as the primary factor 

behind defaulting on bank loans but periodic independent audits on borrowers have revealed 

diversion of funds or wilful default leading to stress situations.  

 

   

 

                                                 
2 See Bardhan et. al (2013) ; Goel et. al (2014) 
3 See Aghion (1999) ; Mishra (2014) 
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3.3 Studies on Corporate defaults using prediction models  

Major developments of distress prediction models happened in late 1960s by many prominent 

researchers and academicians of those times. In the financial distress or default prediction model 

build-up, the practitioner and experimenters follow mainly two approaches, one is the 

identification of best financial ratio predictor and other one is the development of best statistical 

methods to improve the estimators for better prediction accuracy. There are variety of models 

existing for default prediction like univariate analysis, multivariate analysis, discriminant 

analysis, decision tree analysis, logistic and many more. In the univariate analysis it is assumed 

that a single financial variable can be used for predictive purposes.  Beaver, W. (1966) is one of 

the pioneer authors who studied the corporate failure and constructed an accounting-based model 

for predicting the distress for the period 1954-1964.  His paper applied a univariate model based 

on 30 financial ratios for the 79 pair of distressed and non-distressed firms and found that 

working capital funds flow to total assets ratio and net income to total assets ratio are the best 

discriminators for the distress prediction. He also proposed the four assumptions in relation with 

the firms’ distress positions with relation to the liquidity, outstanding debt and amount expended.   

This paper considers several different financial ratios to measure the probability of wilful 

defaults. The ratios considered here can be classified into liquidity, profitability, productivity and 

leverage. It is always difficult to find combination of financial ratios which have highest 

explanatory power in terms of default predictions.  

In his pioneering research work proposed by Edward Altman (1968), a multiple discriminant 

analysis method has been used. The default measurement score, Altman’s z-score, or zeta model, 

integrated various types of measures of profitability and also demonstrated a company’s risk of 

default as regards to normal business period. Based on the seven financial ratios; return on assets, 

stability of earnings, debt service, cumulative profitability, liquidity, capitalization and size 

applied to 33 pairs of distressed / non-distressed  firms, Altman correctly classified 90% of the 

firms one year prior to failure or default. Sheppard (1994) pointed out the loophole in Altman’s 

model where the assumption about sample data to be normally distributed is not appropriate if 

variable is non normal. The Altman model may lead to the non-significant set of predictors. 

Going back to history, Ohlson (1980) in his paper proposed for the first time application of logit 

model in default prediction area and sampled 105 distressed and 2,058 non-distressed firms as 
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compared with Discriminant analysis. As a conclusion of his work, he produced three different 

Logistic models to predict one, two and three years’ ahead, the failure respectively. Fourteen 

financial ratios were utilized as predictors, consisting of standard accounting ratios; dummy 

variables based on comparisons of balance sheet figures, and a variable representing the change 

in net income over the last year (which comprises time lagged information). The empirical results 

for his model were not much encouraging, but he argued that Logistic model is more statistically 

valid and easier to interpret than Discriminant analysis. 

The Logit model actually provides probability (in terms of a percentage) of default of a firm that 

might be considered as measure of effectiveness of management of a firm or bank. The Logit 

analysis got popularized and gained wide attention of researchers during the 1980s and 1990s. It 

has also been compared to a more advanced analytical tool, neural networks etc. Altman, Marco, 

and Varetto (1994) found that the Logit and other approaches are comparable and can be used 

together for comparison and similarity. 

According to well-known general accounting principles, a default or distress situation prevails 

when the firm’s total debt is greater than its asset value including stocks, accorded credits, real 

estates, machines etc. The situation when distress is much deep and is present for a longer period 

is a clear indication of a firm’s default to occur subsequently. The bankruptcy reforms are in 

progress in many countries including India in order to make the procedures more transparent and 

efficient and to capture the detailed information of firm’s failure to focus on the reduction of 

systemic risk and overall financial instability. Vandana Gupta (2014) has examined the 

performance of two default prediction models and found that the predictive ability of the Z score 

model is higher when compared to both the Altman original Z score model and the Altman model 

for emerging markets.  Some of these research findings establish the superiority of logit model 

over discriminant analysis and demonstrate the significance of accounting ratios in predicting 

default.   

4. Data and Methodology  

This section focuses on the data set utilized for the estimation of our model. In June 2002, RBI 

instructed the credit institutions to submit the list of suit-filed accounts of wilful defaulters of 

Rs.2.5 million and above on quarterly basis to TransUnion CIBIL Limited, (CIBIL) 

(Formerly: Credit Information Bureau (India) Limited).  This is being reported by all groups of 
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credit institutions i.e. Financial Institutions, Nationalised Banks, Foreign Banks, Private Sector 

Banks and SBI and its Associate banks. The wilful defaulters identified by the institutions 

represent public limited companies (both listed and unlisted), private limited companies, other 

associates, firms and individuals. Further, dissemination of credit information in respect of these 

defaulters in the financial system was entrusted to CIBIL and accordingly such data is made 

available by the bureau in their website (www.cibil.com) since March 2002.  However, it must 

be noted that the information disseminated, is as reported by the credit institutions to CIBIL.   

4.1 Selection of Data Set  

The objective of the research is to develop a default prediction model on wilfully defaulted 

companies. Hence, an attempt has been made by using the above secondary data set of suit filed 

wilful defaulters from CIBIL.  For carrying out the study the wilful defaulters’ data has been 

extracted for the period March 2002 to March 2016.  The methodology adopted by the credit 

institutions in identifying and reviewing the wilful defaulters is as per the regulatory prescriptions 

laid down by RBI periodically.   

Further, the scope of this research covers both public and private (listed and unlisted) companies 

in India.   As the financial statements of the companies pertaining to the financial services sector 

broadly differs from those of the non-financial companies, all the companies from the financial 

services sector have been removed from the database.  The total number of records reported by 

all institutions put together for the entire fifteen year period is 198724 in respect of suit-filed 

wilful defaulters.  “Record” as per CIBIL data implies the number of times the credit institutions 

report the outstanding of the borrowers, the periodicity of which is quarterly. The total number of 

credit institutions covered in this study is 115.  There has been complete coverage geographically 

too as institutions belonging to all States and Union Territories have been covered. The relevant 

secondary data of 558 companies (279 wilful defaulters and 279 non-defaulters) has been 

extracted from Prowess database of the Centre for Monitoring Indian Economy (CMIE).  Thus 

the sample has been divided into two groups, wilfully defaulted companies and non-defaulted 

companies.  

 

   

http://www.cibil.com/
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 4.2 Data quality and completeness 

The study considers the wilful defaulters’ data as reported by the credit institutions to CIBIL.  

Hence, the accuracy, completeness and veracity of the data reported are the responsibility of the 

concerned credit institution.  However, while scrutinizing the data there were certain conspicuous 

anomalies observed in the data reported by the institutions, for example – data reported in 

absolute numbers or in thousands or crores, instead of reporting in lacs as stipulated by RBI, 

which have been corrected after comparing the same with the data reported during the previous 

and subsequent quarters.   

Another limitation of the data was the manner in which the names of the wilful defaulters were 

reported by the credit institutions.  It was observed that the same borrower has been spelt 

differently by different credit institutions or by different branches of the same credit institutions, 

during this entire period.  Hence, it required multiple iterations of cleansing the data which were 

incorrect, incomplete or were improperly formatted.   

The names of these companies which were around 2500 public limited companies and 2800 

private limited companies were run in the Prowess database of the CMIE.  A thorough scanning 

of the database revealed that financials of around 700 companies are available. The financials of 

these 700 companies were critically examined for the entire period of 2002-2016.  Out of these, 

279 wilfully defaulted companies are selected based on leading and prominent financial variables 

selection criteria. On comparing this data with the CIBIL database, it is observed that most of the 

companies do not submit their annual financial report to the Ministry of Corporate Affairs, after 

they have been identified and reported as a “wilful defaulter” by the credit institutions to the 

bureau. This data set is, however, a reasonable representation of the corporate sector of India 

from more than 76 Industry groups, which are having big ticket outstanding as wilful defaulters.  

Also, as majority of the wilful defaulters’ are having consortium or multiple lending 

arrangements the data set has to a great extent covered the credit institutions from all groups 

having large outstanding in respect of wilful defaulters.   

Further, reporting to CIBIL is on quarterly basis but financials were available in prowess 

database annually.  Hence, capturing the first time default had to be adjusted as of March every 
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year, though in some cases institutions would have reported the company as wilful defaulter three 

quarters ahead.  

   

5. Major Findings from the analysis of suit-filed wilful defaulters’ data for the period 

2002-2016.   

 

1) Steady increase in the outstanding amount of these defaults since 2010. 

2) Top 15 borrowers form more than 20% of the total outstanding as on March 2016.  

3) Around 130 borrowers are having outstanding amount of more than Rs.100 crore, totaling 

to Rs.397522 million and constitute around 52% of the total outstanding amount as of 

March 2016.   

4) SBI, PNB, Central Bank & Union Bank amongst Nationalized banks, Standard Chartered 

in foreign banks and Kotak Mahindra amongst Private Banks have huge exposures.    

5) State of Maharashtra and Delhi together constitute around 54% of the total outstanding in 

respect of suit-filed wilful defaulters.   

6) Majority of the big ticket defaulters are under the scanner of many credit institutions, as 

they have been funded in consortium or under multiple lending arrangements.  They 

constitute 65% of the total outstanding.   

7) Credit appraisal done by the leader bank conveniently accepted by other member banks, 

which many a times leads to wrong selection of borrowers.   

8) Lag in identification of wilful default leads to sale of collaterals in the interim. 

9) The above findings exhibit that there is need to pre-empt and employ a wider approach to 

detect early stages of wilful defaults to avert credit risk and the high cost associated with 

it. Identification ex-post, poses huge credit risks to the financial system.   
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6.  Hypotheses  

 

Use of a predictive model on certain key financial indicators, ex-ante, would facilitate the 

stakeholders to mitigate credit risk.  This would also improve the information on the probability 

of wilful defaults. In order to address the research objectives, the following hypotheses have been 

framed for empirical examination.   

Apparently bigger the size of advances of a credit institution, higher would be the non-

performing assets and therefore the percentage of amount outstanding in respect of suit-filed 

wilful defaulters should also be high. In order to test this hypothesis H1 is proposed and is stated 

below as:  

H1 – There is significant positive correlation between gross advances / NPAs and amount 

outstanding in respect of suit-filed wilful defaulters.    

One major factor that influences the borrower to wilfully default is the amount of his outstanding 

debt.  Increased leverage or high dependency on the debts should benefit the borrower more 

when defaulted.  In order to test this hypothesis H2 is proposed and is stated below as:   

H2 – High outstanding debt increases the probability of wilful default since the benefits from 

wilful default is more likely to exceed its implied costs.   

The annual financial statements of the companies reflects the position as on a particular date, i.e., 

the date on which the financial year ends, which in respect of Indian companies is March 31st of 

every year.  Therefore, though the lending institutions predominantly depend upon these static 

variables for analysing the financial position of the companies, ex-ante and ex-post, keeping in 

view that funds flow is a better predictor of wilful defaults; it is proposed to explore the cash flow 

variables of the financial statements.  These variables primarily reflect the cash and cash 

equivalents, from operations of the business and cash flowing from / to financing and investment 

activities.  In order to test this hypothesis H3 is proposed and is stated below as: 

H3 – Cash flow variables are better indicators of diversion and siphoning of funds and hence 

have the ability to increase the accuracy of the wilful default prediction model. 
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7. Research Design  

 

7.1 Analysis of the sample set  

In order to compare the financials of these 279 wilfully defaulted companies with non-stressed 

ones, another set of 279 standard companies and their annual financials were extracted from the 

Prowess database of CMIE from the BSE 500 companies for the fifteen year period from 2002 to 

2016.  The panel data for the study consists of 4113 company year observations of financial 

indicators for a total of 558 companies, an average of around 8 annual financials per company.  

Among these, there are 78 company years classified as wilfully defaulted. (Table 1) Identification 

and declaration of a borrower as “wilful” in a credit institution is a time consuming process 

(average 1-2 years).  Hence, the quarter in which it is reported does not represent economic or the 

“real” event of default.   

Table 1 – Classification of annual observations into non-defaulting companies (NDC) and 

willfully defaulted companies (WDC)  

Number of NDC Number of WDC Total number of annual observations 

4035 78 4113 

Notes: This table reports summary statistics for the entire sample used in the construction of the 

wilful defaulter prediction model.  NDC – Non-defaulted companies and WDC – Wilfully 

defaulted companies.   

 

Further, analysis of the annual financials with CIBIL data demonstrates a considerable time gap 

(average 2-3 years) between the period when the company enters a state of financial distress and 

the quarter in which the first credit institution reports the borrower as a wilful defaulter to the 

bureau.  In majority of these companies the annual financials in prowess were not available even 

for 1-2 years before the first credit institution had reported them as a wilful defaulter to CIBIL.  

Hence, financials as available prior to that have been identified and classified into two categories 

“Non-defaulted companies” and “willfully defaulted companies” and have been numbered 

chronologically in the data set.   Therefore, estimating the probability of wilful default is based 

on data which is two to three years prior to declaring them as wilful defaulters i.e., the time when 
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these companies are actually slipping into financial distress.  This study would therefore, pre-

empt identification of wilful defaults at an early stage.  

 It has also been observed that majority of the suit-filed wilfully defaulted companies are in 

consortium or multiple banking arrangements.  However, considerable time lag (average 2 to 3 

years) was observed between identification and reporting amongst these lenders too. Therefore, it 

is established that in practice, the date of reporting of a borrower as a wilful defaulter to the 

bureau is not known to the officials who manage the credit risk of the lending institutions.    

Thus, they work on the financials as given to them at the time of taking decisions for fresh or 

renewal credit propositions and accordingly assess the credit risk of the borrowers at that point in 

time.   

As required by the binary logistic regression model, companies classified as wilful defaulter are 

given a value of “1” and non-defaulting companies as “0”.   

7.2 Independent Variable Selection  

This section describes the financial ratios considered by the model for the wilful defaulter 

prediction.  Going by the extensive literature review of the existing literature on corporate default 

models, the most common financial ratios that are examined in different types of parametric and 

machine learning techniques were identified. As an example, the logit and hazard models 

included by Altman (1968), Ohlson (1980), Zmijewsky (1984), Shumway (2001), Campbell, 

Hilscher, and Szilagyi (2008) were taken. Since most of the models have been tested for the non-

Indian data set, therefore, we also tried to work out and propose our own financial ratios which in 

majority pertain to cash flow statement to examine if any of these might be significant predictors 

on wilful defaults, besides those well established in the previous literature. 

Firstly, our hunch is to search the best empirical model utilizing the correlation analysis. If high 

correlation is detected, we prioritize the most commonly used and best performing ratios in the 

literature and market driven ratios. Next, the choice of variables entering our models is made by 

looking at the significance of the financial ratios. The score used for prediction consists only of 

significant or marginally significant variables selected by stepwise estimation under the 

significance level of 10%. The final choice of variables is further dependent upon the 

performance. 
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            7.3 Significant Variables and its Impact on Distress situation: 

 

Quick Ratio:  

Liquidity ratios generally contribute as health check-up indicators in assessing the financial 

health of the company. A solvent / healthy entity may actually face catastrophic outcome if faced 

with a prolonged liquidity crisis.  Due to this crisis, the entities may find it very difficult to meet 

their short-term obligations, be it paying their loan instalments which are overdue or making 

other regular payments to their employees / other creditors.  In measuring liquidity of an entity, 

industry acclaimed indicators includes current ratio and quick ratio. While current ratio is used to 

indicate the ability to pay off its current liabilities with its current assets, quick ratio is a refined 

version of the current ratio weeding out slightly the sticky part of current asset like inventories 

from current assets.  It measures the ability of a company to pay its immediate or short term 

liabilities by using cash and near cash current assets.  Quick ratio is defined as (current asset - 

current inventory) to current liability ratio. In most businesses a significant proportion of current 

assets may comprise inventory.  Since the inventories are not always realised as an immediate 

source of cash therefore, this is excluded from the current asset while calculating Quick Ratio.  

Therefore, a fall in this ratio is a symptom of liquidity stress in the company which can lead to 

default.    

 

PBIT to Total Assets:  

Profit before interest and tax (PBIT) to total assets indicates profitability generated out of the 

company’s assets.  The data to calculate this ratio is culled out from the income statement and the 

annual balance sheet of the companies.  PBIT is the net income earned by the company and the 

interest expense and the taxes are added to it.  The total asset is a balance sheet item which 

represents the assets the company owns.   This is considered as an indicator of how effectively a 

company utilises its assets for generating the earnings.  This also reflects as to how the 

management is employing its assets and making profit out of it.  Higher the return out of the 

assets employed is an indicator that the management is utilizing its resources optimally.  Since all 

the assets of the company are either funded by equity or debt, it is also prudent to discount the 

costs of acquiring the assets in the return calculation by adding back interest expense in the 

formula.  This is a crucial indicator for wilful default prediction and requires examination of the 
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company’s approach towards asset creation and use of the same for generating profit.  A firm’s 

survival depends on the power of generating earnings out of the asset it owns. 

 

Return on Equity:  

Return on Equity shows the company’s efficiency in generating the profits from every unit of 

shareholders’ equity.  It is the profit after tax calculated as percentage of average net worth.  The 

formula is Net Income / Shareholders’ equity.  It is also called as the “return on net worth”.  

Higher the ratio implies that the management is utilizing its equity base efficiently. It is a 

profitability ratio that measures the ability of a company to make profits from its shareholders’ 

investments.  It is the most appropriate ratio for judging the returns that a shareholder gets on his 

investment.  It is inversely proportional to the predictability of distress or wilful default in a 

company.  In other words, higher the ratio percentage indicates that the management is utilising 

the money invested by the shareholders in a prudent way and not digressing it for other purposes 

or unrelated events.   

 

Sales to Paid-up Capital:  

A sale is a gross figure and corresponds to the main income which a company generates. It is 

inclusive of all indirect taxes, rebates and discounts. The sales figure reported on the annual 

financial statements is the net sales figure after factoring these deductions.  Sales turnover is 

generally monitored by the lenders and investors to know the amount of revenue generated by a 

business during the calculation period which is normally one year.  Paid-up capital is the amount 

of money a company has received from shareholders in exchange for shares of stock.  This 

capital is created when the company issues its shares in the primary market to the investors.  The 

total amount is derived by multiplying the number of shares with the value of each of them from 

the balance sheet. This ratio shows as to how much capital is needed by the business to generate a 

certain level of sales / income.  Higher the ratio indicates sound health of the company and lesser 

is an indication of distress. 
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Change in inventories:                                                                                 

The stocks of raw materials, semi-finished or finished goods are components of inventories for a 

company at the end of an accounting period.  Therefore, “inventories” are materials stored for 

consumption in the production process or held for sale.  These are the goods of stock physically 

held by the company.  They are generally short term in nature and are expected to be consumed 

within the operating cycle.   Change in inventories is the difference between the last period’s 

closing balances of the inventory vis-à-vis the current period’s closing balances.  It is an asset and 

its ending balance is reported as a current asset on the company’s balance sheet.  If the turnover 

of the inventory is decreasing it implies that the company is holding its stock for a longer period 

than when measured before.  Hence, optimum use of inventory is an indication of the company 

being into its core business. On the other hand, accumulation of inventory indicates the 

company’s funds being locked, production and sales affected, which is a clear indication of 

liquidity crunch and financial distress.    

 

Total outside Liability to Total Assets:  

This is a measure of company’s financial leverage calculated by dividing the aggregate of all the 

debts the company is liable with its net worth.  The total liabilities divided by the total assets 

shows the proportion of the company’s assets which are financed through debt.  The total 

liabilities comprise of both the long and the short term liabilities of the company.  On similar 

lines, the total assets are the sum of the current assets, fixed assets and the other assets of the 

company.  These are reflected in the company’s balance sheet.  It gives the percentage of the total 

assets that are financed by the creditors, liabilities and debt.  This ratio gives a clear picture of the 

company’s reliance on the debt.   A low level indicates good amount of the company’s stake but 

high leads to distress of the firm.  

 

Cash inflow or outflow due to loans to subsidiaries or group companies:  

One of the cash flow variables selected in this study for determining the probability of a wilful 

default in a company is the “Cash inflow or outflow due to loans to subsidiaries or group 

companies”.   RBI had redefined the definition of “wilful default” in the year 2002 and it states 

inter alia that a wilful default would be deemed to have occurred if “the unit has defaulted in 
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meeting its payment / repayment obligations to the lender and has not utilised the finance from 

the lender for the specific purposes for which finance was availed of but has diverted the funds 

for other purposes.” Further, the meaning to be construed for the terms “diversion of funds” was 

also framed by RBI.  “Diversion of funds” would be construed to include inter alia “transferring 

borrowed funds to the subsidiaries / Group companies or other corporates by whatever 

modalities;” Outflow of cash as loans to subsidiaries or group companies from the borrowed 

funds, indicates diversion.  It implies that the company instead of pumping money into its core 

activity and making its business viable is channelling the funds to its other subsidiaries or group 

companies.  This increases the debt position of the company and also the funds diverted to 

subsidiaries or group companies out of the loan funds tantamount to digression from the terms of 

the loan contract. Hence, this variable has been selected for testing in the model which could be a 

conspicuous indicator for predicting wilful defaults.   

 

Net cash flow from financing activities & Net cash flow from investment activities 

The other two cash flow variables which were deemed to be appropriate in predicting the wilful 

defaults in respect of the companies selected in our sample are the “Net cash flow from financing 

activities” and “Net cash flow from investment activities”.  The definition given by RBI in 2002 

also states inter alia that wilful default would be deemed to have occurred if “the unit has 

defaulted in meeting its payment / repayment obligations to the lender and has siphoned off the 

funds so that the funds have not been utilised for the specific purpose for which finance was 

availed of”.  Further, the meaning to be construed for “Siphoning of funds” was also framed by 

RBI.  It states that “Siphoning of funds would be construed to have occurred if any funds 

borrowed from banks / FIs are utilised for purposes un-related to the operations of the borrower, 

to the detriment of the financial health of the entity or of the lender”.  In order to elucidate on the 

core business operations in respect of wilfully defaulted companies and non-defaulted companies 

selected for the study, it is pertinent to mention that the sample set is a representation of 

manufacturing companies.  While extracting the financials of the companies, the financial 

statements of the companies pertaining to the financial services sector have been removed from 

the database as it broadly differs from those of the non-financial companies.  The variable net 

cash flow from financing activities deals with cash flows pertaining to the financing activities of 

a company.  This represents the net change in a company’s cash position as a result of lending of 
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money and receipt of repayment thereof, which is the core business of the “Finance companies”.  

Further, in the variable net cash flow from investment activities the data is captured from the net 

cash inflow or outflow resulting in investing activities.  This represents the net change in a 

company’s cash position as a result of its investments in capital assets, financial markets or 

operating subsidiaries.  These activities are predominantly carried out by an “Investment 

company”. Hence, taking the boundary of the companies taken in this  study, a higher outflow for 

financing or investment activities would indicate that the funds are not being utilized for the 

operations of the core business but more likely for the unrelated activities of the company. 

 

8. Research Methodology  

8.1 Logit Methodology 

 The Binomial Distribution 

 

Let us consider the response variable Yi assuming only two values either zero or one.  

Yi = {1 if the ithcompany is wilful defaulter
0 otherwise                                               

              (8.1) 

 

Random variable Yi takes value one with probability πi and zero with probability 1 − πi.   The 

distribution of random variable Yi is called Bernoulli distribution with parameter πi written as, 

P(Yi = yi) = πi
yi(1 − πi)

(1−yi)                                             (8.2) 

The expected value (mean) and variance of the random variable Yi are given as, 

E(Yi) = μi = πi 

Var(Yi) = σi
2 = πi(1 − πi) 

Here it is mentioned that the mean and variance depend on the probability πi and any factors that 

affects the probability not only change the mean but also lead to change the variance. Therefore if 

in wilful defaulter prediction modelling exercise any predictors affect the mean but assume 

constant variation would not be reasonable for the analysis of binary data. 

 

Let ni denotes the number of observations in group i, and let yi denote the number of companies 

who have defaulted in group i. For example 



20 

 

yi = Number of companies wilfully defaulted in group i 

 

Here yi is the realization of a random variable Yi that takes the values 0, 1, …, ni . If the ni 

observations in each group are independent with exactly same probability πi of being wilful 

defaulter, then the distribution of Yi  is binomial with parameters πi and ni. 

 

The probability distribution function of Yi is given by  

P(Yi = yi) = (
ni

yi
) πi

yi

(1 − πi)
(ni−yi)    for yi = 0,1, … ni                    (8.3) 

The mean and variance of the random variable Yi is defined as  

E(Yi) = μi = niπi 

Var(Yi) = σi
2 = niπi(1 − πi) 

 The Logistic Regression Model 

 

Suppose that we have k independent observations y1, y2 … , yk which are the realization of a 

random variable Yi. Further we assume that Yi  follows binomial distribution B(ni, πi) given by 

P(Yi = yi) = (
ni

yi
) πi

yi

(1 − πi)
(ni−yi)                                                             (8.4) 

Suppose further that logit of the underlying probability πi is a linear function of the predictors 

 

logit(πi) = X′iβ                                                                                                 (8.5) 

 

Where, Xi is a vector of covariates and β is a vector of regression coefficient. Here the regression 

coefficient β can be interpreted as the regression coefficient of a linear regression model. 

Therefore jth regression coefficient represents the change in logit of the probability associated 

with unit change in Jth predictor keeping all other predictor constant. 

 

The odds of the i th firm are given by:  

πi

1 − πi
= exp (X′iβ)                                                                  (8.6) 
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This formula shows the multiplicative model for the odds. For example if we change the Jth 

predictor by one unit while keeping other variables constant, the odds will be multiplied 

by exp (βi). 

 

Upon calculation for the probability πi in the logit model the above equation become as  

πi =
exp (X′iβ)

1 − exp (X′iβ)
                                                                   (8.7) 

 

The probability πivaries from 0 to 1 i.e on the probability scale the right-hand side of the above 

expression become a non-linear function of the predictor. 

 

On differentiating with respect to xij we have 

dπi

dxij
= βjπi(1 − πi)                                                                      (8.8) 

Thus, the effect of the Jth predictor on the probability πi depends on the coefficient βj and the 

value of the probability.  

 

9. Empirical Analysis and Results  

 

9.1 Testing of Hypothesis H1 – “There is significant positive correlation between gross 

advances / NPAs and amount outstanding in respect of suit-filed wilful defaulters (SF_WD).”   

A study was undertaken to examine whether any correlation exists between the total amount of 

credit advanced and the amount outstanding in respect of SF_WDs in the credit institutions.   

 

Table 2: Details of Gross Advances, NPAs and Defaults as on March 2015 

(In millions) 

 

S. No. Names of the Credit 

Institution 

Gross 

Advances 

Gross 

NPAs 

 

CIBIL SF_WD 

Data 

1 State Bank of India 13354237 567253 112340 

2 Punjab National Bank 3924222 256949 60772 
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3 Kotak Mahindra Bank Ltd 667949 12372 43552 

4 Central Bank of India 1949672 118731 34351 

5 Canara Bank 3349473 130400 30336 

6 Oriental Bank of Commerce 1480390 76662 26868 

7 UCO Bank 1518122 102651 22347 

8 State Bank of Hyderabad 1087100 49848 20884 

9 Andhra Bank 1295761 68765 19388 

10 Corporation Bank 1477077 71067 17213 

11 IDBI Bank Limited 2157917 126850 16637 

12 Bank of India 4117266 221932 12356 

13 SBBJ  711837 29451 12354 

14 Union Bank of India 2627573 130309 12087 

15 Bank of Baroda 4372804 162615 11917 

16 Indian Bank 1288317 56704 11365 

17 United Bank of India 690699 65529 11215 

18 State Bank of Mysore 532956 21364 9763 

19 IndusInd Bank 691406 5629 9343 

20 Syndicate Bank 2058039 64424 8851 

21 State Bank of Travancore 699069 23571 8439 

22 State Bank of Patiala 806485 43597 8225 

23 Federal Bank 519514 10577 7786 

24 Punjab and Sind Bank 647964 30822 7672 

25 Dena Bank 806293 43930 7393 

26 Vijaya Bank 876915 24432 6518 

27 Bank of Maharashtra 1012103 64021 5521 

28 ING Vysya Bank 407185 7452 5298 

29 Allahabad Bank 1530951 83580 4213 
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30 Axis Bank 2840087 38669 4156 

31 South Indian Bank 377256 6435 3282 

32 Karur Vysya Bank 366908 6778 2309 

33 HDFC Bank 3678878 32658 2278 

34 Tamilnad Mercantile Bank Ltd. 195445 3187 1751 

35 Dhanlaxmi Bank 79756 5583 1666 

36 ICICI Bank 3989620 150947 1498 

37 Bank of Nova Scotia 62723 1932 1102 

38 Karnataka Bank Ltd. 319953 9442 605 

39 Catholic Syrian Bank Ltd. 95822 4748 555 

40 RBL 145304 1112 322 

41 Deutsche Bank AG 361821 1193 318 

42 Yes Bank Ltd. 757755 3134 305 

43 Royal Bank of Scotland N.V. 112270 821 304 

44 Bank of Bahrain & Kuwait  9860 399 233 

45 Lakshmi Vilas Bank 165128 4546 195 

46 Credit Agricole 42251 6 160 

47 DCB Bank Limited 105578 1861 126 

48 Citibank N.A. 614325 7806 121 

49 CTBC Bank 4300 77 47 

50 Bank of Ceylon 2196 14 27 

51 City Union Bank Limited 180885 3358 26 

52 Indian Overseas Bank 1790413 149225 19 

53 Jammu & Kashmir Bank Ltd. 463006 27641 12 

 Total  73420837 3133059 586421 

(Source: www.rbi.dbie.org.in and www.cibil.com.) 

http://www.rbi.dbie.org.in/
http://www.cibil.com/
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A Pearson correlation coefficient was computed to assess the relationship between gross 

advances (Rs.73420837 million) and SF_WD (Rs.586421 million) and gross NPAs (Rs.3133059 

million) and SF_WD as of March 2015 of all the 53 credit institutions which had reported the 

data.  Analysis demonstrates strong positive correlation as under:    

 

Correlation between Gross Advances and SF_WDs 0.67 

Correlation between NPAs and SF_WDs 0.71 

 

A critical analysis and the findings suggest that higher the amount of advances made by the credit 

institutions higher is the probability of having outstanding against SF_WDs.  Further when the 

advances slip into the category of NPAs, higher are the SF_WDs in the credit institutions.  

Hence, it can be stated that these defaulters are in sync with the size of the credit portfolio and 

distressed accounts in the institutions.   A scatter plot summarizes the results as given in Figure 1 

& 2.    

Figure 1: Correlation between Gross Advances and amount of default 
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Figure 2: Correlation between Gross NPAs and amount of default 

 

 
 

9.2 Descriptive Statistics of the selected independent variables 

As observed in most of the studies undertaken under the logistic regression model, the sample has 

been divided into two groups in this study too.  They are the companies which are the wilfully 

defaulted and the non-defaulted ones.  The descriptive statistics provided in this study has taken 

“mean” as the “measure of central tendency”.  The “standard deviation” is the measure for 

“variation”.  The tables below shows the descriptive statistics i.e., mean, standard deviation, 

minimum and maximum for both the groups. The summary statistics of selected financial 

indicators for all companies has also been shown in the Table 5 below.  The summarised form of 

mean and standard deviation of both the categories of the companies has been given as “Group 

Statistics”.    
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Table 3: Summary Statistics of Selected Financial Indicators for NDC (“0”) 

Financial Indicator For Non-defaulted Companies (“0”) 

 Mean S.D. Min Max 

Quick Ratio  0.8869 0.7005 0.0200 8.2600 

PBIT to Total Assets  0.1115 0.0720 -0.2758 0.7423 

Sales to Paid up 

Capital  

51.4995 61.9513 0.0337 473.4105 

Return on Equity  15.1763 16.2083 -96.0200 89.9600 

TOL to Total Assets  0.5251 0.2211 0.0222 1.4680 

Change in Inventories 674.5134 4515.1689 -191598.9 128782.3 

Cash inflow or 

outflow   due to 

loans to subs or 

group cos. 

-182.8241 3047.7463 -72289.00 57870.00 

Net cash flow from 

financing activities  

-342.2498 11784.5162 -383740.4 237325.8 

Net cash flow from 

investment activities  

-4605.4343 21825.0522 -601020.0 192219.4 

NDC – Non-defaulted Companies  

 

Table 4: Summary Statistics of Selected Financial Indicators for WDC (“1”) 

Financial Indicator For WD Companies (“1”) 

 Mean S.D. Min Max 

Quick Ratio  0.7019 0.7850 0.0100 4.8400 

PBIT to Total Assets  -0.0773 0.0824 -0.3811 0.0179 

Sales to Paid up 

Capital  

10.6651 14.3407 0.0171 81.3664 

Return on Equity  -44.3315 35.2926 -140.8400 0.0900 

TOL to Total Assets  0.8165 0.3051 0.1361 1.5935 
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Change in Inventories -135.6436 986.4754 -3524.500 5991.700 

Cash inflow or 

outflow   due to 

loans to subs or 

group cos. 

30.1679 275.6790 -104.2000 2425.300 

Net cash flow from 

financing activities  

631.4295 2600.9479 -4347.000 16972.100 

Net cash flow from 

investment activities  

-703.5513 3028.9088 -21529.60 7125.2000 

WDC – Wilfully Defaulted Companies  

 

Table 5: Summary Statistics of Selected Financial Indicators for all companies 

Financial Indicator Descriptive Statistics for all companies  

 Mean S.D. Min Max 

Quick Ratio  0.8834 0.7025 0.0100 8.2600 

PBIT to Total Assets  0.1079 0.0766 -0.3811 0.7423 

Sales to Paid up Capital  50.7251 61.6445 -0.3811 0.7423 

Return on Equity  14.0478 18.6265 -140.8400 89.9600 

TOL to Total Assets  0.5307 0.2264 0.0222 1.5935 

Change in Inventories 659.1462 6658.6843 -191598.9 128782.30 

Cash inflow or outflow 

due to loans to subs or 

group cos. 

-178.7849 3019.0773 -72289.00 57870.000 

Net cash flow from 

financing activities  

323.7847 11678.3922 -383740.4 237325.80 

Net cash flow from 

investment activities  

-4531.4380 21627.5870 -601020.0 192219.40 

Further, the “group statistics” for both the set of companies together is detailed below in Table 

No. 6.   
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Table 6: Group Statistics 

NDC and WDC N Mean Std. 

Deviation 

Std. 

Error 

Mean 

Quick Ratio 0 4035 0.89 0.70 0.01 

1 78 0.70 0.79 0.09 

PBIT to Total Assets 0 4035 0.11 0.07 0.00 

1 78 -0.08 0.08 0.01 

Sales _Paid up Capital 0 4035 51.50 61.95 0.98 

1 78 10.67 14.34 1.62 

Return on Equity 0 4035 15.18 16.21 0.26 

1 78 -44.33 35.29 4.00 

Total Outside Liability _ Total 

Assets 

0 4035 0.53 0.22 0.00 

1 78 0.82 0.31 0.03 

Change in inventories 0 4035 674.51 6720.44 105.80 

1 78 -135.64 986.48 111.70 

Net cash flow due to loans to 

subs or group companies 

0 4035 -182.82 3047.75 47.98 

1 78 30.17 275.68 31.21 

Net cash flow from financing 

activities 

0 4035 -342.25 11784.52 185.52 

1 78 631.43 2600.95 294.50 

Net cash flow from investment 

activities 

0 4035 -4605.43 21825.05 343.58 

1 78 -703.55 3028.91 342.96 

 

The descriptive statistics when analysed shows that on certain variables there is a significant 

difference in the scores between the two groups taken in our sample.  The mean and the standard 

deviation values in respect of Quick ratio and Total outside liability to Total assets are in the 

moderate range.  As expected, the mean of both the profitability ratios, the PBIT to Total assets 

and the Return on Equity are in the negative in respect of the wilfully defaulted group at -0.08 

and -44.33 respectively.  Also as is evident from the above table, in respect of all other variables 

chosen for the test there is significant difference in the values of both mean and standard 

deviation between the two groups of companies.    

9.3 Empirical Analysis and Results of logistic regression  

The results derived from logistic regressions in respect of the distress prediction made by 

employing the above independent variables have been depicted in Table 7.   
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Table 7: Variables in the Equation 

  B S.E. Wald df Sig. Exp (B) 

Step 0 Constant -3.946 0.114 1191.531 1 0.000 0.019 

Variables in the Equation 

  B S.E. Wald df Sig. Exp (B) 

Step 1a Quick Ratio -0.916 0.378 5.858 1 0.016 0.400 

PBIT to Total 

Assets 

-17.870 9.756 3.355 1 0.067 0.000 

Sales  to Paid up 

Capital 

-0.037 0.013 7.422 1 0.006 0.964 

Return on Equity -0.107 0.029 13.630 1 0.000 0.899 

Total Outside 

Liability to Total 

Assets 

2.697 1.481 3.319 1 0.068 14.842 

Change in 

inventories 

-0.010 0.000 3.414 1 0.065 1.000 

Net Cash flow due 

to loans to subs or 

group companies 

-0.004 0.002 5.257 1 0.022 0.996 

Net cash flow from 

financing activities 

0.010 0.000 5.022 1 0.025 1.000 

Net cash flow from 

investment 

activities 

-0.001 0.001 3.711 1 0.054 0.999 

Constant -7.818 3.404 5.275 1 0.022 0.000 

a. Variable(s) entered on step 1: Quick Ratio, PBIT to Total Assets, Sales to Paid-up Capital, 

Return on Equity, Total Outside Liability to Total Assets, Change in inventories, Cash inflow 

or outflow due to loans to subsidiaries or group companies, Net cash flow from financing 

activities, Net cash flow from investment activities.   
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9.4 Analysis of the independent variables  

All the key early warning indicators examined in this study have proved to be statistically 

significant at 6-1%.  This demonstrates that these variables can be taken as key predictors of the 

probability of wilful defaults.  Further, the sign of the coefficient estimates generally indicates the 

direction of the relationship between the variations in the independent variables vis-à-vis the 

variation in the probability of default prediction.  The detail discussions on each of the selected 

variable are enumerated below:   

 

Quick Ratio is intended to measure the liquidity of an entity.  “Quick assets” signify the assets 

which can be immediately converted into cash.  A consistently low or weakening quick ratio 

might indicate a liquidity crisis. This is very relevant because most of the lenders generally rely 

heavily on current ratio and inventories constitute bulk of current assets. Since working capital 

facilities in general are arrived at based on drawings power where inventories and debtors of the 

borrower are reckoned for financing, borrowers with a propensity to default wilfully have a 

tendency to report increased inventory which might have issues in marketability. Consistently 

deteriorating quick assets (current assets - inventories) or ballooning of current liabilities without 

proportionate creation of current/quick assets result in liquidity crisis. Such situation arises when 

borrowers divert the working capital loans for other long term unintended purposes. The 

coefficient’s estimate shows the expected negative sign and it is also statistically significant at 

0.016.   

 

The Profitability ratios viz. PBIT to Total Assets and Return on equity indicate the efficiency 

of the borrower in generating returns from the assets created out of funding including debt from 

the financiers. While there does not exist any universally accepted benchmarks for these ratios a 

declining trend coupled with lower ratio when compared with industry standards signal the 

borrower’s reduced interest in the operations. As the company’s survival depends on this earning 

power, the negative sign suggests that higher its profitability lower is the probability of entering 

into distress.  Both are statistically significant at 0.067 and 0.000 respectively.   

 

Change in inventories and Sales to paid-up capital reflects the productivity of the company.  

Change in trend of the sales turnover is often a very important early warning signal to note the 
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borrower’s change in behavior in utilizing the finance available.  Higher the sales, income from 

operations or higher the churn in the inventories indicates the company is involved in its core 

activity.  This has an inverse relationship with the probability of defaults.  These have the 

significance of 0.065 and 0.006 respectively. 

 

9.5 Testing of Hypothesis H2 – “High outstanding debt increases the probability of wilful 

default since the benefits from wilful default is more likely to exceed its implied costs.” have been 

demonstrated by a prominent leverage variable, Total outside Liability to Total Assets. This is a 

measure of financial leverage calculated by dividing the aggregate of all the debts the company is 

liable with its net worth.  This ratio gives a clear picture of the company’s reliance on the debt.  A 

rise in debt without proportionate creation of business assets might be an indicator of diversion of 

funds which can be further assessed from other selected cash flow indicators. Thus generation of 

assets out of the total outside liabilities is used to indicate the extent of utilization of the outside 

funding sources for creation of assets.  Diversion of short term outside funds to create long term 

assets or other unviable utilisations might indicate a stress. A tendency of a borrower to raise long 

term loans to take care of short term mismatches, shoring up of net worth etc. needs to be viewed 

with caution as no business asset is created and debts raised might be diverted, which is potential 

wilful default indicator.  This has been tested in the earlier literatures and confirmed its 

consistency and contribution to default/bankruptcy prediction models.  The coefficient (β = 

2.697) is positive and is statistically significant at 0.068 providing empirical evidence in support 

of the second hypothesis.  High positive value indicates increasing leverage; more likely to 

willfully default as its benefits would exceed its implied costs.   

 

9.6 Testing of Hypothesis H3 – “Cash flow variables are better indicators of diversion and 

siphoning of funds and hence have the ability to increase the accuracy of the wilful default 

prediction model” has been established by the three new cash flow variables introduced  in this 

study which are as follows:  

 

(i) A potential cash flow indicator in the Indian context, “Cash inflow or outflow due to loans to 

subsidiaries or group companies” indicates diversion of funds i.e., loan funds not utilized for the 

purpose it was granted.  As seen earlier, the definition of RBI on “wilful defaults” inter alia states 
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that if the funds lent have not been utilized for the purpose for which it was availed of, but has 

been diverted would be deemed to have willfully defaulted.  It has been observed that an entity 

generally diverts the borrowed funds to its subsidiaries or other group companies when there is a 

declining trend in the growth of the current business.  It is evident that such transgressions can be 

timely detected by regular monitoring of cash summations.  As the funds have not been utilized 

for the purpose it was granted it also tantamount to digression from the loan contract entered into 

by the lender and the borrower.  A close monitoring at shorter intervals ex-ante can mitigate 

credit risk of the lending institutions and forewarn wilful defaults.  It demonstrates that higher the 

diversion of funds; higher is the probability that a company would wilfully default. In other 

words, lower the fund utilization for the purpose for which it was lent higher is the probability of 

a borrower becoming a wilful defaulter.  The sign of the coefficient is on the predicted lines, the 

indicator is providing empirical evidence and statistically significant at 0.022.   

 

(ii) Net cash flow from financing activities and (iii) Net cash flow from investment activities 

were tested in the model.  These two variables are indicators for siphoning of funds.  These 

variables represent the net change in a company’s cash position due to providing of financial 

services like housing finance, mutual funds, stock broking, investment advisory etc. which are the 

core activities of a “Finance Company” or activities of an investment company whose majority of 

the assets is in the form of investment in shares, debentures, bonds etc. which are the core 

activities of an “Investment Company”.  Hence, these variables predominantly capture the cash 

inflow and outflow which result due to investments in capital assets, financial markets etc. As the 

companies taken in our study are not finance or investment companies, higher the flows for these 

activities imply that the funds lent were siphoned off and more likely utilized for purposes 

unrelated to the operations of the borrower.  Hence, higher the outflow to these activities higher 

is the likelihood of wilful default. The coefficients estimate are on the predicted lines and 

statistically significant at 0.025 and 0.054 respectively.   

 

The result of this new prediction model with an additional set of variables on diversion and 

siphoning of funds has contributed positively and substantially to the performance of the financial 

distress prediction model, for Indian corporates.  It also demonstrates the fact that the fund flow 

variables are better indicators of wilful defaults than the annual static variables.  As predicted, the 
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study provides positive relationship of wilful defaults with highly leveraged companies and 

inverse relationship with liquidity, profitability, and productivity ratios.  The results are in 

tandem with the existing literature in this area.  The above results shows that the financial 

indicators retained in the model possess a high discriminating and predicting power and that the 

model could help to mitigate the credit risk by improving information on the probability of wilful 

defaults. 

 

9.7 Training and testing sample selection: 

For assessing the model’s ability to classify the companies into “wilfully defaulted company” or 

“non-defaulted company” the whole dataset has been divided into “training” and “testing” 

samples. The procedure of selection of the training and testing sample is purely on random basis. 

The testing sample helps to examine the out of sample model predictability. This is a standard 

procedure and the same has been considered by most of the previous researchers.  The different 

model estimation process and the exercise have been carried out on the training data set.  The 

testing data set has been used to observe the performance of the model separately.  The testing 

data set is approximately 20-25% of the original dataset.  Both the set of companies have been 

selected on a random basis for constructing the preliminary training dataset. The classification 

ability of the model was determined and the level of accuracy in classifying the corporates into 

the two different groups of wilfully defaulted companies and the non-defaulting ones were 

examined in the original training dataset.    The prediction ability was determined with the 

accuracy level with which the model classified new corporates from the testing data set. The 

main purpose of this extensive exercise is to observe the performance of different methods for 

shorter or longer term prediction accuracy.  The results of the training dataset are shown in Table 

8 below: 

 

 

 

 

 

 

 



34 

 

Table 8: Classification table: Training Sample 

 Classification Table a, b 

 

Observed 

Predicted 

 NDC and WDC Percentage 

Correct  0 1 

Step 0 NDC and WDC  0 4035 0 100.0 

1 78 0 0.0 

Overall Percentage   98.1 

a. Constant is included in the model. 

b. The cut value is .500 

     NDC – Non-defaulted companies; WDC – Wilfully defaulted companies 

 

 Classification Table a 

 

Observed 

Predicted 

 NDC and WDC Percentage 

Correct  0 1 

Step 1 NDC and WDC 0 4021 14 99.7 

1 21 57 73.1 

Overall Percentage   99.1 

a. The cut value is .500 

     NDC – Non-defaulted companies; WDC – Wilfully defaulted companies 

 

9.8 Results of the logistic model   

The research has been carried out by developing a logistic model and all the potential financial 

determinants of wilful defaulters have been verified and tested on this model.  As is the case with 

many other default prediction models, the developed logistic model has been compared with 

other prominent work on prediction of distress.  The said model has also been tested on the non-

defaulting companies.  The findings clearly suggest that the model has performed well due to its 

greater predictive ability.  It is able to classify with an accuracy of 73.1%, the probability that 2-3 

years hence, the company may wilfully default.  Further, the model has classified the non-

defaulting companies with an accuracy of 99.7% on the training data set. On the testing sample 
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the results are 65.9% for willfully defaulted companies and 78.8% for the non-defaulting ones 

which have been tabulated in Table 9 below.   

Table 9: Classification table: Testing Sample 

 Classification Table a,b 

 

Observed 

Predicted 

 NDC and WDC 

Percentage Correct  0 1 

Ste

p 0 

NDC and WDC 0 115 0 100.0 

1 20 0 0.0 

Overall Percentage   82.9 

a. Constant is included in the model. 

b. The cut value is .500 

             NDC – Non-defaulted companies; WDC – Wilfully defaulted companies 

Classification Table a 

 

Observed 

Predicted 

 NDC and WDC 

Percentage Correct  0 1 

Ste

p 1 

NDC and WDC 0 90 25 78.26 

1 7 13 65.00 

Overall Percentage   76.93 

a. The cut value is .500 

           NDC – Non-defaulted companies; WDC – Wilfully defaulted companies 

 

10. Areas of future research 

 

(1) In any company the annual financial statements and the macroeconomic variables like 

inflation or interest rate complement one another.  Hence, further study combining both 

financial and macroeconomic variables can be used for predicting the accuracy of 

defaults.   

(2) Capital market is an alternative source of information because it contains information 

from other sources in addition to the financial statements presented by the companies.  

Hence these market variables can also be factored into the model.   
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(3) In many other countries there is extensive research taken up on modelling of corporate 

financial distress and bankruptcy.  As India is also coming up shortly with the bankruptcy 

code, these models can be extended for prediction of bankruptcy in Indian context.   

11. Conclusion  

The issue of “wilful default” by a large number of borrowers is receiving the attention of all the 

participants in the financial and legal landscape.  There has been constant endeavour from the 

regulator to strengthen the reporting mechanism and make public the names of SF_WDs.  This is 

immensely important in order to alert and guard the other credit institutions from further funding 

to such defaulters. 

 

This paper has attempted to build a credit risk model using logistic regression to predict the 

probability of wilful defaulters and classify them with that of the non-defaulting companies.  This 

study has demonstrated that the willfully defaulted companies are in deep financial distress 

somewhere between 2-3 years prior to its declaration as a wilful defaulter by the first credit 

institution and its reporting on the same to the credit information company.  With this in 

background, there is a felt need to predict such defaults ex-ante as identification and reporting of 

their names ex-post poses huge credit risk.  The study has attempted to develop a logistic model 

for the estimation of likelihood of wilful defaults in the next 2-3 years.  This investigates 

empirically the utility of key financial variables that could help mitigate the credit risk by 

improving information on the probability of wilful defaults.  The model signals the predictors that 

best discriminate the wilfully defaulting group and the non-defaulting ones and tests their 

predictive power. All the potential financial determinants have been discussed extensively in this 

paper.  The result of this prediction model with introduction of three cash flow variables on 

diversion and siphoning of funds has contributed positively and has significantly increased the 

performance of the existing financial distress prediction model, for Indian corporates.  It has been 

tested that at any given point in time these variables have the ability to increase the accuracy of 

the wilful default prediction model. Thus, this study employed a wider, ex-ante approach to 

indicate early warning on wilful defaults with a high degree of accuracy.  This may avert / 

minimize the high costs associated with identification, declaration and legal recourse undertaken 

by filing a suit.   
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The resulting estimate from logistic regressions demonstrates that all the independent variables 

tested in the model possess a high degree of power to forewarn wilful defaults and distinguish 

them from non-defaulters.  They are statistically significant and the signs on the coefficient 

estimates’ are also on the expected lines.  The ex-ante model developed is able to classify with an 

accuracy of more than 73%, the likelihood of wilful default in the next 2-3 years.  Further, the 

model has classified the non-defaulting companies with an accuracy of 99% on the above data-

set. 
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