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Abstract

Financial risk is the most crucial risk for a corporate and various models develop to predict the financial health of
corporates. Various financial variables play a crucial role in differentiation firms between solvent and in-solvent among
then total assets is the one which is critical in identifying the financial status of the firm. The present study focus on three
basic model for default prediction such as MDA, Logit and PROBIT for default prediction of selected Indian
manufacturing sectors (160 Non-default and 91 default firms) for a period form 1 April,2005-31 March,2022. Among
these three models Logit perform better with 84% accuracy while PROBIT and MDA shows only 51 % and 28 % accuracy
respectively and significant variables are WC/TA, RE/TA, TBD/TA, Total Liability/ Total Assets, Revenue/TA.
Keywords: MDA, Logit, PROBIT, Financial variables, Total assets.

Introduction

Bankruptcy prediction was undoubtedly an area of research of special interest, primarily because firms and economies
were keen to avoid costly spill overs from corporate defaults. Financial crunch problem of a firm is directly associated
with the firm’s leverage decision. When the companies fail to service the debts & other financial obligations than they
are said to have defaulted. And when these firms have to undergo a legal process of either liquidation of assets or winding
up, it is said to be the situation of bankruptcy. SEBI disclosed 75000 crores amount as of Dec 31, 2019 as a defaulted
amount of 60 listed firms (Economic times, 2021).

The Altman Z-score was a sensational innovation in its application of MDA for the classification of companies as either
solvent or at risk of default based on financial ratios. Several models have been developed in the intervening years, in an
attempt to refine or extend the Z-score. Aims of the forecasting studies are not only to predict default event rather it also
manages to recognise the various key predictors and time of default. Green (1978) and Gibson (1982) advocated liquidity,
leverage, activity and profitability ratios as the major predictors of firm’s financial performance Similarly, Chen &
Shimerda (1981) inspect the utility of financial ratios in forecasting or predicting bankruptcy prediction. Bandyopadhyay
developed an extension of the traditional Z-score models by adding logistic regression as well as non-financial variables
such as the market conditions and management quality. The hybrid model shows increased predictability in particular,
the case of Indian bond market that surpasses the base Z-score. Among others which include non-financial variables in
bankruptcy model is Ohlson's Y-score model of 1980. Far superior newer versions outweigh older methodologies such
as Altman's MDA model and Ohlson's O-score model.

Although the models MDA and logistic regression remain valid for one-period predictions, structural models have gained
attention because of their dynamic approach-for calculating a firm's asset value against its liabilities to evaluate its
potential for bankruptcy. Structural models can be called as the "distance to default™ associated with annual growth in the
assets and on other side liabilities volatility of the firm. There are various prediction methods and models that can be used
by Indian corporate to practice internal risk management and predict potential defaults. The majorly used methods is
consisting of either statistical methods or firm’s specific structural models along with machine and artificial intelligence
based models that are being used to assess firm’s creditworthiness.

The present study is grouped into 4 portions. Firstly, comprises Introduction and literature review of the study. Section
second comprise of Rationale and objectives related with study. The section third exhibits the empirical results and
findings and analytical part of the study. The lastly composed the conclusion pert alone with discussion of the empirical
findings and results of in the study.

Review of Literature

Bankruptcy prediction is one of the real concerns in research, mainly with the desire of companies and economies to avoid

the costly consequences of corporate failures. The work done by Altman; applying MDA for classification of companies

into defaulting and non-defaulting on the basis of financial ratios; opened doors for the development of many models

aiming at improving or extending the Z-score over time. While structural models are now applied, models like MDA and

logistic regression are still very good at predicting a single period. Structural models measure a firm's asset value relative
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to its liabilities and have gained popularity in recent times for their dynamic nature of bankruptcy prediction. Structural
models measure "distance to default" using annual growth rate of liabilities and volatility of liabilities of a firm. Quite a
number of articles have utilized the Altman Z-score to predict bankruptcy within different industries and markets.

The study chooses a sample data of 66 listed manufacturing firms for default prediction with financial ratios. Here in the
study a sample pair of 25 firms consider in group I and in group Il 14 diversified assets firms consider. Among the
financial ratios the profitability ratios contribute the most in prediction of default such as Sales/TA ratio. The study
conclude with 95% classification accuracy with Error Type Il is 3 % considerate. In forward projection of default study
acquire 72% accuracy in 2 year time horizon category (Altman, 1968).

Begley et al. (1996) re-considered that how preciseness the Ohlson & Altman Z-score traditional model alone with
accuracy .Here, it is observed that the Ohlson model perform superior than the Altman’s model. (Beglery, Ming, & Watts,
1996).

Altman & Sabato (2005) studied the appropriateness of the Z-score on SMEs in the United States. They were successful
in making the Z-score applicable even on SMEs and found out that firm size specific models have to be used because
SMEs come with a different set of characteristics. Other authors have applied the Z-score on steel and oil drilling
industries which point out that the Z-score is a very useful tool when defaulting is concerned (Altman & Sabato, 2005).
Bandyopadhyay (2006) suggested a hybrid model, which combines MDA with logistic regression for the setting of an
Indian market. The model produced 91% level of classification accuracy and also exhibited a high predictive power,
outperforming the basic Z-score (Bandyopadhyay A. , 2006).

Wang and Campbell(2010) cling to the appropriacy of Z-score model in default prediction of Chinese firms (Wang &
Campbell, 2010).Hence the Altman Z-score models robustness & simplicity support (Lifschutz & Jacobi, 2010). Bhunia
and Sarkar (2011) employ MDA for Indian firms and conclude that ratios related specifically with profit and liquidity of
a firm are more significant in prediction distress (Bhunia & Sarkar, 2011).

The study assessed the financial statement of 122 listed manufacturing firms from 1999 to 2007 using logit and MDA.
The study conclude that the models are competent to predict default 1-year prior with profitability, financial structure,
liquidity ratios. Further, the ratios of Net profit to TA is found most significant and prominent predictor for both the
models. However, the MDA & logit model found 84% accuracy for 1%t year and 80% accuracy for 2" year (Vuran et al.,
2009).

Pal (2013) employ discriminant analysis on a sample set of Indian steel companies for a period of 20 years from1991-
2012 and found that profitability and efficiency ratios like ROI, debtor and fixed asset turnover ratios are important
indicators in classification steel firms into financial healthy and financial weak companies (Pal S. , 2013).

The default prediction of 47 Indian selected firms during a time horizon of 2007-2013 utilizing option based model and
suggest that default probability negatively related with distance to default and positive related with asset volatility
(Sharma, Kumar, & Upadhyay, 2014).

Bosnia banking market firms default predicted by Memic,2015, Here these firms grouped into Default and non-default to
forecast the default through Logit and MDA tools and spotted Return on Asset ratio is more appropriate for locating
default prediction (Memic, 2015).

Default prediction models was developed through MDA and Logit methods of analysis for the sample set of 75 (solvent
and non-solvent each) Moroccan firms during 2011-2013.Here, Logit perform much better with 82% accuracy rate then
MDA having only 71%. The effective predictors identified in the study are sales/WC, NI/Assets, Debt/Asset, Stock/Sales,
Asset/CL. (El-Ansari & Benabdellah, 2017).

Madhushani and Kawshala (2018) evaluate the ramification of financial constrains over the financial viability of 29 Sri
Lanka firms. Conclude that Altman Z-score model come up with a positive relation to ROE and ROA on the other hand
leverage positively related with ROE and negatively related with ROA (Madhushani & Kawshala, 2018).

The study is empirical & make a comparison between five default prediction models i.e Ohlson, Altman, Grover,
Zmijewski and Springate & finding shows that Springate and Zmijewski models are more precise in advance prediction
of probability of default (Agarwal & Patni, 2019).

Nandi et. al. (2019) measured the credit risk of 12 Indian Oil drilling firms employ MDA. the sample data is collected for
5 years, 2012 to 2017. The study calculated Z-score by financial ratios. The MDA classify the firms to various zones
according to the reported Z score. Study advocated the contribution of WC/TA in the credit risk assessment is most.
(Nandi et al., 2019).

MDA and Logit analysis models compared along with their variables sensitivity & industry beta. A sample of various
industries sectors composed of 135 firms studied and found logit models having more significant than MDA in both in-
sample and validation data with Logit accuracy lies 81.7 % (In-sample) and 65.7% (validation data) (Agrawal &
Maheshwari, 2019)
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More studies also report the success of the algorithms. Madan et al. (2020) published the case study of the decision tree
versus the random forest models: its prediction power rated at 73-80% (Madan, Kumar, Keshri, Jain, & Nagrath, 2020).

Rational of the study

After having an extensive review of literature it has been found that various statistical and financial models used in
prediction of default of firms like Altman (1968), Beaver (1966), Smarander (2014), Memic (2015), El-Ansari &
Benabdellah (2017), Agrawal and Maheshwari (2019). But there are limited studies which focus Indian manufacture
sectors and only the financial ratios used in these studies whereas market and economic variables used in less number of
studies. This study uses a sample of selected Indian manufacture firm over a long horizon for identify the financial status
and key predictors of default in selected Indian firms with the help of three models such as MDA, Logit and PROBIT
model and try to identify which model’s prediction efficiency is better for Indian Manufacturing sector.

Objective of the current Study

o To develop the model for default of selected Indian manufacturing sectors using MDA, Logit, PROBIT
. To compare the developed models to identify the best model for selected Indian manufacture sector.
. To locate the major predictors of default amongst the selected Indian manufacture sector.

Method and Data

The study employ three popular models for prediction of default such as: MDA, Logit and PROBIT.

MDA (Multivariate discriminant analysis)

It is a statistical tool basically used to ordered the observations into predefined groups built on multiple predictor variables.
MDA differentiate between group (non-default and default) entities through creating a linear combination of predictor.
MDA is applicable where the data is of linear & equal covariance across groups.

Discriminant function:

“Z= B0+ PIX1+ P2X2+ B3X3.oeeevnnn. +BkXk

If Z>Zc(Critical value),it is classified into non-default group otherwise default group.”

Logit Model
It is a type of regression analysis where dependent variable is of binary nature. It models the probability of default as a
function of Independent variables, using logistic function to ensure that the probability lie in between 0 and 1. Logit model
handle the non-linear relationships between the probability of default and Independent variables.
Logit model formula

1

CGP(YZI) j— 2
1+ (BOF BIXI+ B2X2F B3X3. oo +PkXk)

PROBIT Model

This models estimate the default probability but assuming a cumulative normal distribution, for error term, this is similar
to Logit model, but where the error term is assumed to follow a normal distribution then PROBIT is preferred. Logit &
PROBIT both are more flexible in handling non-linear relationship.

PROBIT Model Function

“P(Y=1|X)= D(PO+ BIXI+ P2X2+ B3X3eeeeveeeeeaennn... +BkXk)”

This model transforms the linear combination of predictors (independent variables) into probability using cumulative
distribution function.

Sample Data and Period of Study

This study utilizes the sample set of 17 years’ time interval from 1st April 2005 to 31st March 2022 for prediction the
default probability & develop the credit risk models. The sample cases encompass data of Indian BSE listed manufacture
firms. The sample observations are applied to develop the model. The sample data comprise with various Indian
manufacture sector such as: Agriculture and farm, Automobile, Construction and Engineering, Furniture, Metal, Qil and
Gas Drilling, Packaged food, Paper, Shipping and Electronics these sector are the major contributory sectors in
manufacturing and the study composed with sample data

Table 1: Default and Non-Default manufacturing firms

Particulars Number of Firms
Default 91

Non-default 160

Total 251

Source: Sample data classification in excel.
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Sources of Data

Accounting information or financial data gathered directly from the financial statements of selected firm, from BSE
website the share price information was retrieved. Along with this, the economic data from the World bank database. The
default status of the firms confirmed from the audited report of firms of 17 years from 1% April 2005 to 31% March 2022.

Description of the sample Data
Case Summaries present in two sorts of cases whereas sample data utilize for development of default prediction with
MDA, LOGIT AND PROBIT model and processed on IBM SPSS version 23 and utilize to developed models.

Variables used in the study

1) Independent variables: In the study there are 33 independent variables use such as
WC/TA, RE/TA, GRTA, Sales Growth, OCF/TD, EBIT/TA., MVE/TBD, Sales/TA,
CA/CL., NI'TA, NP/TE, TBD/TA, Log(TA/GDP), EBIT/Interest, OCFR, OCF/TI,
Inventory Turnover (IT), Fixed Assets Turmnover (FAT), D/E, MVE/BE, TOTAL
LIABILITIES(TL) TOTAL ASSETS(TA), Sales Growth/GNP Growth, ROA,

REVENUE/TA, ROE, NI/REVENUE, (CA-INVENTORY)/CL, EPS/MVE, OCF/CL MP/EPS, MP/BV, X and Y

1) Dependent variable

Z categorized into default as 1 and non-default as 0.

Default Prediction Functions Utilize in the Study

Based on the early studies finding, the present study selected MDA, LOGIT AND PROBIT to predict the default of
selected Indian manufacturing firms and compared these model to find the suitable models for selected Indian
manufacture firms. The LOGIT performed effectively in the past studies for predicting solvent and in-solvent firms.

Table 2: Model developed using Logit, MDA and PROBIT:

Models | Developed models

Logit L=1.744-1.171*WC/TA-2.071*RE/TA-0.004*MVE/TBD-
0.744*CA/CL+0.620*TBD/TA+0.001 *EBIT/Interest-2.808*GRTA-
0.010*Inventortturnover+0.045*D/E-
1.045*TOTALLIABILITY/TOTALASSETS+0.017*ROE+0.813*(CA-
INVENTOTY)/CL-0.702*REVENUE/TA-0.001 *MVE/BE-0.22 1 *EPS/MVE-1.616*¥X

MDA 7=-1.945+0.849*WC/TA+1.732*RE/TA-0.391 *EBIT/TA+5.873*NI/TA-
0.690¥*TBD/TA+1.033*GRTA+0.640*TOTALLIABILITY/TOTALASSETS-
6.309*ROA+0.462*REVENUE/TA+0.527*EPS/MVE

PROBIT | 7=0.444-0.349*WC/TA-2.116*RE/TA-1.319*EBIT/TA-0.002*MVE/TBD-
1.047*SALES/TA-0.312*CA/CL+0.380*TBD/TA-0.005*Inventoryturnover-
0.538*TOTALLIABILITY/TOTALASSET-0.064*LogTA/GDP
+0.009*ROE+0.325*%(CA-INVENTORY)/CL-0.466*REVENUE/TA

Source: Based on results on sample data run in SPSS.
Common variable which contributes in all three developed models are WC/TA, RE/TA, TBD/TA, Total Liability/ Total
Assets, Revenue/TA.

FINDINGS

LOGIT Statistical test results

Table 3: Cox & Snell R square values and Hosmer and Lemeshow test values and also elucidate the 2 log likelihood value
comes out to be 1568.488 which indicates overall fit of logistic regression model and Cox 7 Snell R Square value come
out to be 0.276 represent that 27.6% variation is accounted for by the model which is quite satisfactory and Nagelkerke
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R Square value i.e. 0.487 which demonstrate that 48.7 % of variance in the dependent variable, here moderately strong
relationship represented by this value.

Table 3: Cox & Snell R square and Hosmer and Lemeshow test

Hosmer and

-2 Log|Cox & Snell R|Nagelkerke R]|Lemeshow test Chi-
Step| likelihood(Value) |Square(Value) Square(Value) square(Value) Sig.
1 1568.488a 276 487 29.153 .000

Source: Based on results on sample data run in SPSS.

MDA statistical test results

Table 4: R, Eigen value, Wilk’s Lambda, Chi-Square demonstrate that the Eigenvalue is 0.334 reflect moderate
explanatory power of the model. Wilk’s Lambda value is 0.750 explain that there is moderate group difference this value
close to zero suggest better discrimination. The Chi-Square value is 874.149 and sig (p=0.000) indicates that this function
significantly discriminates between groups. Here, R (0.403) & R Square (0.163) and Adjusted R Square (0.155) explain
moderate relationship. The high F-test value i.e. 21.369 and sig(p=0.000) indicates the model as statistically significant.
But R-Square suggest improvement in model fit.

Table 4: R, Eigen value, Wilk’s Lambda, chi-square.

R 7ilks'

Squar Std. Lambd

e Adjusted R | Error of a
Mode | R(Valu | (value | Square(Valu | the (Value | Chi- Sig
1 e) ) e) Estimate | Eigenvalue | ) square | .
: 4032 .163 155 335 334 750 274'14 600

Source: Based on results on sample data run in SPSS.

Comparative analysis of Developed models (PROBIT, MDA and Logit results)

Insignificant variables found for PROBIT analysis with the help of factor analysis found EBIT/Interest, GRTA, MP/BV,
MVE/BE and EPS/MVE. The number of significant variables found in developed models are illustrated below in Table
5: Variables (Significant).

Table 5: Variables (Significant)
Particulars PROBIT MDA Logit
Significant variables 13 10 16
Source: Based on results on sample data run in SPSS.

Here, the significant variables are extracted on Sample data run in SPSS version 23, while the independent variables
which contributes in development of the model in case of PROBIT are found 13 and for MDA it is 10 and in Logit there
are more variables found significant and contribute in model development for default prediction are 16. The materiality
of the variables is depending on the significant values of the variables found in the result of sample data run on SPSS,
while in case of MDA structure matrix values >0.3 value, for Logit its variable in equation value significant value of
independent variable found >0.5, and for PROBIT its parameter estimators value >0.5.

Success rate of developed models

Table 6: calculated prediction with developed models represent the classification accuracy or success rate of each
developed models along with error Type Il and 1. These values elucidate the percentage of accuracy associated with each
developed models along with misclassification problem in the form of Error Type II.
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Table 6: Calculated prediction with developed models

Particulars PROBIT MDA Logit
Accuracy 51.13% 28% 84%

Error Type | 0.02035330261 0.8413978495 0.1366602687
Error Type Il 0.7494407159 0.02460850112 0.3177777778

Source: Based on results on sample data run in SPSS.

Here PROBIT show 51.13% accuracy which is higher than MDA but lower than Logit, but Error Type Il is very higher
i.e. 74.94%. MDA provide 28% accuracy which shows MDA efficiency is very low in prediction of default but Error
Type Il is only 2.46% which is better than Logit model. Here the logit provide 84% accuracy and Error Type | is 13.66%
and Error Type Il is 31.77% which is quite high. The classification accuracy and robust models found here is Logit as the
accuracy % is quite effective with a moderate misclassification od data problem. But if ranked these developed models
then MDA placed lower form all and don’t shows pleasant result for selected manufacturing sectors while accuracy is
very low i.e. 28%.

CONCLUSION
In the present study while compare the developed models there are certain common variable found such as WC/TA,
RE/TA, TBD/TA, TOTALLIABILITY/TOTALASSETS this shows that total assets of a firm play a critical role in
identifying the financial status. The developed Logit model show higher accuracy i.e. 84% while the MDA developed
model and PROBIT developed model accuracy are 28% and 51% respectively. In respect of Indian manufacture sector
(160 non-default and 91 default firms), the MDA and PROBIT model shows week prediction efficiency as compare to
Logit model but Error Type Il in case of MDA developed model is more significant which is quite low i.e. 0.0246 as
compared with PROBIT and Logit Error Type Il are 0.749 and 0.31 respectively. The major contributor from independent
variables are WC/TA, RE/TA, TBD/TA, Total Liability/ Total Assets, Revenue/TA as all these predictors belongs to
financial variables categories, so its suggested that the financial or accountable variables are very effective in identify a
financial distress situation, the role of Total Assets is prime in all, along with these financial indicators some marketing
and economic variables also contribute in default prediction such as EPS/MVE and LOG (TA/GDP) suggested that while
amalgamation of marketing and economic variables with financial variables then prediction capacity increased and
advocated by many previous studies such as (Sharma, Kumar, & Upadhyay, 2014), (Vuran et al., 2009), (Aguado &
Benito, 2012).However, for such a long horizon of 17 years the Logit or Logistic regression shows significant result while
compare with PROBIT and MDA models.
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