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Abstract 

The Indian textile sector is also not free from distress and default, further it is also a major contributor of public sector bank’s 
NPA. The present study attempted to predict the default occurrence of steel sector firms using MDA, Logit function and structural 
model. Study developed 2 models using MDA and Logit model, further study also evaluated the Altman original model and calibrated 
model by applying it on sample data of selected textile sector. The developed models have also been validated on the out-of-sample 
data. The study obtained satisfactory statistical results pertaining to the MDA and Logit developed models but not from Structural 
Model and Altman Z score model. Additionally, the classification results witnessed the following accuracies for MDA, Calibrated, 
Altman, Logit and Structural model such as 81%, 87%, 17%, 86% and 25%. The validation accuracies obtained by mda, calibrated 
and logit models are 55%, 52% and 80%.      

 
Keywords: Bankruptcy, Default, Indian Textile Industry, KMV Merton Distance-to-Default Model, Logit Analysis, Multiple 
Discriminant Analysis, Altman Model, BSM Model. 
 
Introduction 

The textile sector plays a vital role in indian economy by contributing the most in GDP and by generating the employment in 
the country. Textile sector employs directly 4.5 crore and indirectly through allied services approximately 6 crore employee. Further, 
the GDP contribution by textile sector is around 2% during 2020-2021 FY. Textile sector holds a key position in the international 
textile market by constituting a major export supply chain worldwide. According to the CII report currently India holds a 5th position 
in the international textile market by contributing 12% in Indian export. However, during 2020 the textile export is hit by 18% that 
gave an impetus to the export of Bangladesh and Vietnam (CII, 2022).  

 
The textile sector is both labour and capital intensive. Being a second populated country in world this sector has no problem 

in hiring, managing the required talent in firms nonetheless, and the dependency of the sector on expensive imported machineries 
make it difficult to earn required ROI. One of the causes of failure of textile sector firms is longer lead time which sometimes create 
liquidity crunch. The liquidity crunch in the firms may lead to default in the repayment of the loan.  

 
According to the reports published by SIDBI and CRIF in 2021 the Textile sector has availed total of 1.62 lakh crore loan as 

on December 2020 from Indian commercial banks. The loan is granted by various categories of banks in which public sector banks 
have the majority share lending i.e. 62.61% of the total volume of loan. Further, the textile sector committed 29.59% of NPA during 
September 2018 which is reduced to 15.98% in September 2020 because of the moratorium period allotted by commercial banks as 
per the guidelines of RBI framed due to the imposition of lockdown during March 2020 to July 2020.  

 
Some of the major Indian textile firms that have filed to NCLT for insolvency are Alok industries ltd, Mandhana industries, 

Reid and Taylor ltd and Provogue indian ltd.  The Alok industry has defaulted on the loan amount Rs 29, 500 crore. Such mammoth of 
defaults committed by textile sector firms paved a way for predicting probability of defaults by employing financial and statistical 
default prediction functions.  

 
Practicing credit risk management is necessary for getting early warning signals of default, for understanding causes of 

drivers of default, for pricing risky bonds, and taking early measures to keep the financial position of firm in a safe zone. Default 
prediction function used so far in the previous studies are Altman Z score, MDA, Logistic Regression, BSM model etc. Where, the 
Altman Z score and MDA are the credit score models that provide the score by which one can determine the financial status of the 
firms and Logit model is the statistical tool which directly predicts the insolvency situation of the firms. Model such as MDA, Altman, 
and Logit model are based purely on financial and non-financial firm specific ratios. However, the black schole and merton model 
(BSM Model) is a financial model that is based upon the capital structure and market price of share of firms.  
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The current study attempts to classify the firms into defaulted and non-defaulted by using Altman Z score, MDA, Logit and 
Structural model. The study is divided into 4 sections. First section deals with the introduction, literature review, objectives, and 
hypothesis of the study. Second section covers the research methodology which constitutes the sample data, source of data, variables 
and default prediction methods. The third section elaborates the empirical results that comprises of developed models, statistical 
finding, in-sample and out-of-sample classification results and the detailed analysis of the findings of the developed models. The 
fourth section describes the conclusion of the study in which the obtained findings have been compared to the early default prediction 
studies.  

 
Literature Review 

Altman (1968) presented MDA for credit risk modeling by including five financial ratios such as WC/TA, RE/TA, EBIT/TA, 
MVE/BV and Sales/TA. The study used the paired sample of the 33 defaulted and 33 non-defaulted manufacturing firms. The model 
categorised the firms with 90% accuracy. MDA has been extensively applied by numerous scholars across countries and sectors such 
as Altman (2006), Bandyopadhyay (2006), Chijoriga (2011), Khaddafi, Falahuddin, Heikal, & Nandari (2017). Agarwal & Taffler 
(2008) had advocated that MDA outperform the market-based BSM model, further, Casey & Bartczak (1985) too recommended MDA 
over UDA. 

 
Study aimed to develop an early warning signal model for predicting corporate default in India using MDA. Study also 

employed logistic regression to directly estimate the probability of default. The sample data of 542 firms for 1998 to 2004 was 
accessed form Crisil which later were reduced to 52 defaulted and 52 non-defaulted matched firm sample w.r.t their size of asset, year, 
and industry affiliation. The sample firms data is collected from Food product, paper, textile, chemical, machinery/electrical, metal, 
autoparts, power, and service industry. The financial ratios considered in the study are wc/ta, cash profit /ta, solvency ratios (ta/tl), 
operating profit/ta, total sales/ta. The Z score successfully predicted the default with high efficiency (91%) for the hold out samples by 
outperforming Altman 1968 and emerging financial ratio based model. The study contributed towards the literature of the default 
predicting that would facilitate the banks to price risky bonds, to fix the premium for the securities and to estimate the credit risk 
capital (Bandyopadhyay, 2006). 

 
Study examined the prediction capability of MDA when it is incorporated along with risk assessment variable in the 

prediction model. The study used the sample of 56 PA and NPA of Tanzanian Bank for the year 1985 to 1994. The study developed 5 
MDA models using Financial Ratios. The financial ratios used in the study are categorised into liquidity, working capital, leverage, 
performance and profitability and firm size. The models achieved the accuracy of 92.9% and 96.4% for categorising the PA and NPA. 
The selected financial are found significant predictors that could correctly predict the NPA 2 years prior. Study concluded that using 
MDA can correctly classify the performing and non-performing assets (Mvula Chijoriga, 2011) 

 
The used the sample of 66 listed manufacturing companies to predict the default using financial ratios. The author selected 

the sample in 2 groups, group I consists of 25 paired sample firms and group II included 14 firms from diversified asset size. The 
financial ratios incorporated into the study are WC/TA, RE/TA, EBIT/TA, MVE/BOOK VALUE OF TOTAL DEBT, SALES/TA. 
The profitability ratio contributed the most in the default prediction of the study followed by SALES/TA ratio. Study obtained 
accuracy of 95% with only 6% and 3% Type I and Type II errors respectively. The study also the bankruptcy prediction 2 years prior 
in which study obtained 72% accuracy  (Altman, 1968).  

 
Study used MDA and Logistic regression to predict the default of 139 Chinese firms belong to Metal, machinery, medicines, 

manufacturing, real estate, electrical equipment, food beverages, paper and printing, petroleum and other chemicals etc. Study used 25 
financial ratios categorised into profitability, liquidity, solvency, potentiality, activity, capital market, capital structure.  Significant 
ratio for the logit model is net income to ta and the ratios found significant for MDA model are net sales to ta, ebit to ta, and growth 
rate to ta. The classification accuracies of both developed models for 1 year prior is 98% and 80% for 2 to 3 years prior. However, the 
logistic model outperformed the mda by providing least % of Type I and Type II errors (Liang, 2003).  

 
This study used Altman, Taffler and logistic regression credit score model to examine the default prediction of 105 SMEs (75 

non-defaulted and 30 defaulted) of European emerging economy during the period of 2009. The results obtained were in line with the 
existing literature where the logistic regression outperformed mda. The study used 14 financial ratios. (Smaranda, 2014).  

 
The study conducted a comparative analysis of MDA and Logit model with respects to their advantages and disadvantages. 

The study summarized the contribution of past studies about the default prediction achievements of MDA and Logistic regression. 
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Study concluded that these models are beneficial for the financial regulators, bankers and policy makers to regulate the firms and take 
prior corrective actions and making policies  (Hassan et al., 2017).  

 
The study examined the sample data of 300 USA listed firms for the varied period from 1962 to 1992 using the market driven 

information along with dynamic logit or hazard model. The study advocated the usage of market driven variables with non-static 
models (Shumway, 2001).  

 
The study predicts the default prediction of 40 pvt ltd firms of Turkey form the period 1994 to 2001 using MDA, Principal 

component, probit, and logit model. The study found principal  Component analysis as the best predictor in combination with other 3 
models to help turkis banks to predict default (Canbas et al., 2005).  

 
The study applied MDA model on 52 non-financial Pakistani company using 24 financial ratios for the year 1996 to 2006. 

The model obtained 76.9% prediction accuracy. The mda model was found parsimonious along with sale/ta, ebit/cl, cash flow ratios 
(Rashid & Abbas, 2011).  

 
The bankruptcy prediction study is conducted on 22 bankrupt and 22 non-bankrupt listed Jordan companies of saudi Arabia 

for the period from 2000 to 2003 using MDA along with 11 financial ratios. The financial ratios covered the liquidity, profitability, 
leverage, solvency, and activity aspects of the firms. The study found that the WC/TA, CA/CL, MVE/BOOK VALUE OF DEBTS, 
RE/TA, SALES/TA are significant predictors. However, the WC/TA is the most significant bankruptcy predictor (Almansour, 2015).  

 
The objective of this study is to develop the default prediction model using MDA and logit analysis for Moroccan 

agricultural firms. The sample data of 75 solvent and 75 non-solvent firms was collected for the span from 2011 to 2013. The 10 
financial ratios were used in the study to predict bankruptcy. Study concluded that the logit model outperforms mda model with higher 
accuracy of 82% whereas the mda obtained only 71%. The study reported that the for-MDA debt/asset, ca/cl, sales/wc, and ni/asset as 
the significant predictors. For logit model asset/cl, debt/asset, sales/wc, and stock/sales are found to be efficient predictors (El-Ansari 
& Benabdellah, 2017).  

 
The study used mda and logit regression to study the default prediction of Pakistani firms. The sample data of listed 35 

bankrupt and 35 non-bankrupt firms was collected for the period from 1996 to 2012. Study obtained 80% and 78.6% predictive 
accuracy for Logistic regression and mda model respectively. The significant variables for logit model identified in the study are 
equity/debt, ebit/cl, re/ta. The variables found relevant for mda are ebit/cl, sales/ta, sales/quick assets. The study recommended to use 
logit model for future bankruptcy prediction (Jaffari, 2017).  

 
The study used Z score model to examine the existing MDA model and to develop the new mda model for predicting the 

default of 30 defaulted and 30 non-defaulted Indian non-financial firms. The sectors included in the study are Paper, Paints, 
Pharmaceuticals, Textiles, Machinery, Consumer Food & Sugar, Cement & Metal, and others. The study found that the predictive 
accuracy of developed mda model is higher than the Altman MDA model that predicted the default one year prior. The used financial 
ratios which included ratios of Altman model (Jay & Nisarg, 2015). 

 
Study used MDA and Logit model to predict the default of 236 Slovakia (118 defaulted and 118 non-defaulted) firms. The 

significant variables obtained in the study are ni/ta, ca/cl, cl/ta. The  recommended artificial intelligence over mda and logistic 
regression due to its statistical inconvenience that violated the assumption of normality etc. (Mihalovič, 2016).  

 
The study conducted a credit default prediction of banking market in Bosnia, Herzegovina to classify the firms into defaulted 

and non-defaulted using Logit and MDA model. Study found Return on Asset ratio as the most significant preditor for both MDA and 
Logit model (Memic, 2015).  

 
The study used Z score to find the default probability of Indian Firms. The independent variable considered in the study are 

current ratio, debt/equity ratio, operating margin, wc/ta, ebit/ta, net worth/debt, and asset turnover ratio. The study developed three 
model for 112 indian firms which belong to Chemical, Food, Textile, breweries and distilleries, pharmaceuticals, electronics and 
miscellaneous etc. The study obtained 82% and 57% accuracy with current ratio and debt to equity ratio which are the most used and 
significant predictors of the study. The sample data of  defaulters was collected from bank of india, sbi, cbi, bob, pnb as stated by 
CIBIL. (Jayadev, 2006). 



 
Cover Page 

  

  
 
DOI: http://ijmer.in.doi./2022/11.12.65 
www.ijmer.in 

            

 

ISSN:2277-7881; IMPACT FACTOR :8.017(2022); IC VALUE:5.16; ISI VALUE:2.286 
Peer Reviewed and Refereed Journal: VOLUME:11, ISSUE:12(4), December: 2022 

Online Copy of Article Publication Available (2022 Issues) 
Scopus Review ID: A2B96D3ACF3FEA2A 

Article Received: 2nd December 2022   
 Publication Date:10th January 2023 

Publisher: Sucharitha Publication, India 
Digital Certificate of Publication: www.ijmer.in/pdf/e-CertificateofPublication-IJMER.pdf 

 

 
24 

 

Ohlson (1980) developed a credit risk model using statistical method called the Conditional Logit model that does not need to 
meet the assumptions required for MDA. The model attained 88% accuracy on the sample data of 105 listed firms (Zvaríková & 
Majerová, 2014). The Logit model was introduced by Martin (1977) that classified the distressed and non-distressed banks. Later on 
Andersen (2008) applied the Logit approach to determine the most appropriate predictors of Norwegian bank failure. The study 
incorporated 23 financial and non-financial variables out of which 6 variables are found to be the best fitting. 

 
The assumptions of MDA such as the normal distribution of variables and equal variance and covariance matrices of 

defaulted and non-defaulted firms have been violated in many studies which paved a way for the Logit or O-score model (Ohlson, 
1980).  According to Thomas, Edelman, & Cook (2002) Logit is the most used statistical method in the field of prediction of default 
where the dependent variable is binary. The binary result of the conditional Logit model describes the default probability and provides 
a list of significant variables (Balcaen & Ooghe, 2006). Studies that used the Logit model are Kwofie, Ansah, & Boadi (2015), 
Bartual, Garcia, Guijarro, & Romero-Civera (2012), Bewick, Cheek, & Ball (2005), Bandyopadhyay (2007). Thereafter, the Multi-
period Logit framework was brought up by Shumway (2001) which included time-varying variables for predicting failure. This model 
stood out against the single period Logit model. 

 
A corporate failure prediction study of 105 bankrupted and 2058 non-bankrupted firms was conducted using a conditional 

Logit model. The study developed 3 models where, the first model predict bankruptcy within one year, the second within 2 years, the 
third model predicted the bankruptcy within one or two years for the period 1970-76. The study denoted the size of the firm as the key 
predictor of financial distress. The findings of the study unearthed that financial factors surge the predictive power of the model. 
Further, the results of the study was validated by Memic & Rovcanin (2012) (Ohlson, 1980). 

 
Lau (1987) develops a model which can predict the probability that a firm shall enter into every five financial states such as 

0: financial stability; 1: Omitting and reducing dividend payments; 2: technical default and default on loan payment; 3: protection 
under chapter X or XI of the bankruptcy act; and 4: bankruptcy and liquidation. The result of the study exhibits that the Multinomial 
Logit model is robust to perform the estimation  (Lau, 1987) 

 
The default risk of Norwegian limited companies that belongs to the Agriculture, Construction, Industry and Service sector 

for the period 1995-1999 was estimated using Logistic regression by integrating financial ratios into the model. The findings inferred 
that model is static, helpful for a short time horizon only (Westgaard & Van der Wijst, 2001). 

 
This study has reviewed various tests of logistic regression namely the hosmer lemeshow test, R square test, wald test which 

examines the goodness of fit, the utility of the model and measures the importance of individual coefficients. The model was applied 
to medical research to investigate that how death and survival of patients can be predicted by logistic regression which provides binary 
outcomes i.e 0 and 1 (Bewick et al., 2005). 

 
Zeitun (2007) attempts to explore the role of cash flow on the financial distress of 167 listed Jordan companies for the period 

1989-2003 in an emerging market using panel data of the paired sample by employing the Logit function. The findings of the study 
were: the capital structure determines the probability of default, cash flow is a significant indicator of default & the financial position 
of the firm directly impacts the management practice (Zeitun et al., 2007). 

 
Lieu (2008) proposed an early warning model using Logit regression for 116 (58 distressed and 58 non-distressed) listed 

Taiwanian firms for the horizon of 5 years from 2002 to 2007. The model provided the risk probability for 1-3 years before the event 
using financial ratios. The financial ratios are found to be key indicators of credit risk modeling. The result of the study is consistent to 
Holian & Joffe (2013) (Lieu et al., 2008).  

 
Frade (2008) aims to create a model which can predict that 186 US issuers shall default within a year. The study used 

financial ratios and value of equity as the independent variables that incorporated Logistic, Altman Z score, Barclay's & bond score 
CRE default model. The data related to financial and market information was collected for the period 1996-2008. It is evident from the 
findings of the model that all the market variables are not significant predictors in a logistic regression model (Frade, 2008). 

 
A binary logistic model was developed for examining the Chinese SMEs from the year 2004 to 2007. The study concluded 

that only financial indicators are not enough to predict insolvency therefore, it’s imperative to include qualitative indicators for eg the 
Type of ownership that would accelerate the model’s accuracy (Wang & Zhou, 2011). 
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The study applied the regularization approach along with Logit to develop a default predicting model for South-Asian 
companies and to identify the significant predictors of default. The outcome of the study does highlight that the higher accuracy, 
depicts that the regularization approach is well capable to forecast and to select the default predictors for Indonesia, Singapore, and 
Thailand countries (Härdle & Prastyo, 2013). 

 
A credit risk model was developed for predicting the distress of the listed manufacturing firms of Tehran using the Logit 

function. The financial data was accessed from 2001 to 2008. The robustness of the model was examined using the AUROC curve 
which illustrated the acceptable results (Moghadas & Salami, 2014). 

 
This study focused on predicting the default of Hong Kong firms by incorporating the logistic and jackknifes functions along 

with the variables that are retrieved from financial, non-financial firm-specific & economic information of the firm. The findings 
suggested the high robustness of the model coupled with the significant contribution of all deployed variables (Hu & Sathye, 2015).  

 
Kwofie (2015) evaluates the model developed for default prediction of financial companies. The independent variables 

considered in the study were age, marital status, gender, number of years of education, number of years in business and base capital. 
The study found that marital status, number of years in business and base capital were significant predictors of default. However, the 
model failed to provide an accurate prediction (Kwofie et al., 2015). 

 
These studies aimed to increase the predictive power of the LDA and Logistic regression model using principal component 

analysis. A set of 200 applicants of the Bank of Nigeria was selected as a sample. The result exhibits that the principal component 
used as input that enhances the predictive capability of LDA and logistic regression ((Suleiman & Usman, 2014) & (Mcdonald & 
Maloy, 2015)). 

 
Structural Model is the most relevant function used for the credit risk modeling that incorporates the market-based 

information unlike the credit scoring models ((Vassalou & Xing, 2004), (Kealhofer, 2003)). Several leading authors contributed to the 
literature of structure models namely Vasicek (1984), Longstagg & Schwartz (1995), Hull & White, Collin-Dufresne & Goldstein 
(2001), and Duffie, Saita, & Wang (2005) that highlighted the higher accuracy of the Structural Model in the default prediction 
process. The Structural Model was incepted by Black & Scholes (1973) & Merton (1974). The Structural Model is based on option 
pricing approach in which a firm’s equity is treated as a call option value of firm’s assets (Geske, 2016). 

 
The Structural Model has been criticized by Jones, Mason, & Rosenfeld (1984), Franks & Torous (1994), Sarig & Warga 

(1989), Ogden (1987) which asserted that real risk exposure is considerably higher than the model risk exposure. Eom, Helwege, 
Huang (2003) & Hillegeist, Keating, Cram, & Lundstedt (2004) specified that the lower leverage and volatility of firm are the main 
causes of underprediction of default. Therefore, the following studies advised to insert accounting-based variables namely Shumway 
(2001), Chava & Jarrow (2004) and Baixauli, and Alvarez, & Modica (2012) to build a default prediction model of 8000 listed 
companies of US and Canada and achieved substantial accuracy.  Bharath & Shumway (2008) stated that the Merton model is not a 
sufficient method to explain the default and drivers of default. Further, Altman & Saunders (1998) condemns its inapplicability on Pvt 
Firms. 

 
The study employed a Structural Model for describing financial distress. The sample data was collected from 420 failed US 

firms from 1986 to 2001. The result signifies that a firm’s volatility is the best determinant of bankruptcy for 5 years prior. Besides 
this, D2D is also a significant indicator of bankruptcy. The distances to default (d2d) and the probability of default at maturity (-d2) 
were found as the significant predictors of default (Charitou & Trigeorgis, 2005). 

 
This study proposes an econometric method for forecasting the term structure of default probabilities for multiple future 

periods. The sample data comprised of 2700 US-listed companies for 1980-2004. The sample data of the bankruptcy firms was 
collected from Moody’s default risk service and CRSP. The empirical result unveiled that the Structural Models along with 
macroeconomic variables can provide better estimation (Duffie et al., 2007). 

 
This study investigates the performance of the indicators generated using the Merton Model to predict the bankruptcy of 

corporate in Australia for the period 1990-2003 by applying a multiperiod Logit model. The sample data of the failed companies was 
obtained from www. Delisted.com. The study exhibits that the Merton model significantly predicts bankruptcy. The study revealed 
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that the TL/TA ratio and idiosyncratic standard deviation of stock returns are remarkable indicators of the failure (Tanthanongsakkun 
et al., 2010). 

 
Tarashev (2011) attempts to examine the performance of various Structuralcredit risk models.  The study recommends that 

leverage ratio, default recovery rate and risk-free ROR impacts the prediction power of model. The findings suggest that the 
appropriate model to predict the default is an endogenous model group that provides impartial prediction. This study also substantiate 
that the Structural Model unveils material information about the time pattern of default rates (Tarashev, 2011). 

 
Ahmad & Wahab (2012) documented some of the distinguished attributes and assumptions of Moody’s Structural Model 

such as the default triggers when a firm’s asset drops below the threshold limit or when the firm’s net worth reached zero even before 
the maturity of the debt. The default position of the firm also get impacted by the market variables like market value asset of the firm; 
its equity, its market volatility etc. The study further exemplified the role of macroeconomic variables and their interdependence for 
instance recession brings more default occurrence than the boom. The 2008-09 financial crises is the classic example that ends up 
spreading the epidemic of bankruptcies which culminate into the growth of NPAs (Ahmad & Wahab, 2012). 

 
The study aims to assess the performance of credit scoring and Merton based model for predicting insolvency of 246 UK 

SMEs from 2001 to 2004. The performance of the models was tested for 4 years using AUROC. The Merton model is used to 
calculate DD and EDF in the study. The credit scoring model performed better with the sample group by incorporating a sufficient 
number of bankrupt firms consequently, the  Merton performed quite well with higher acceptance rates (Lin et al., 2012). 

 
The study employed a hybrid model which is an amalgamation of option and accounting-based models. The sample data 

consists of financial information collected from Compustat annual file for the span from 1970 to 2006. This study witnessed that the 
option-based model performed better than the accounting-based model for discriminating companies. The hybrid model defeated both 
option based and the accounting-based model (Tsai et al., 2012).  

 
The study inscribed that according to the theoretical framework of Structural Models default occurs when the market value of 

assets of the firm drops down a certain solvency boundary. Nevertheless, they would be wrong in prediction and classification. Hence 
the study evidence that the application of the empirical parameters is advantageous to boost the model’s predictive competency 
remarkably. The sample comprises of bond issuers who defaulted from 1997 to 2005 (Davydenko, 2013). 

 
Dwyer (2004) developed a default prediction model for private firms by incorporating Moody’s KMV (2003) approach. The 

purpose of the study is to facilitate the commercial banks to earn profitability by correctly computing the risk associated with the debt 
of private firms using innovative techniques of default prediction. The developed model outpaced the earlier developed models (Kmv 
et al., 2015). 

 
The study develops a model using the KMV model which applied a genetic algorithm and also compares it to the KMV 

model. The samples were selected from bankrupted companies listed in the Tehran stock exchange for the period from 2009 to 2014. 
The result indicates that the developed model is well capable to predict bankruptcy and discriminate the firms better than the KMV 
model (Hasanzadeh & Yazdanian, 2017). 

 
Textile Sector 

Cardwell (2011) applied both the Altman Z score and MDA for bankruptcy prediction of USA’s Textile industry. The models 
were tested separately on defaulted and non-defaulted firms. The result of the models indicated that the prediction accuracy is higher 
with defaulted sample than the non-defaulted sample data. The study concluded that the overall discriminating power of the models 
were average (Cardwell et al., 2011). 

 
Study consolidated the Altman Z score with financial ratios to predict the probability of distress of Rajsthan’s Textile 

companies. The computed Z score discloses that 3 companies were in the grey zone and the other 2 were in the safe zone. The study 
concluded that the Z score is a very efficient prediction model and can be used by revising some of the variables to other sectors like 
Iron, Steel and Aviation (Nalwaya & Bansal, 2017). 
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Objectives 
 To develop models using MDA and Logit function for selected textile sector 
 To predict default of Indian textile sector firms using Altman, Calibrated and Structural model. 
 To Validate developed MDA and developed Logit model on out-of-sample data of selected chemical Indian textile sectors. 
 To compare the statistical and default prediction significance of developed and existing model. 

 
Hypotheses of MDA Model are:  
Hypothesis 1 
H0: The covariance matrices are equal in both the groups namely defaulted and non-defaulted made by dependent variables of the 
developed models. 
Hypothesis 2 
H0: There is no discriminating power in the independent variables of the developed models. 
Hypothesis 3 
H0: The mean of each independent variable between the defaulted and non-defaulted groups of developed models are equal. 
Hypotheses of Logit model: 
Hypothesis 1  
H0: The independent variables of the developed models have no significant impact on its dependent variable. 
Hypothesis 2 
H0: The developed models are correctly specified and best fitting. 
Hypothesis 3  
H0: The corresponding coefficient to each independent variable of each developed model is zero. 
 
Research Methodology 
Sample Selection & Period of Study 

The study incorporated the sample data for 15 years’ time horizon from 1st April 2004 to 31st March 2019 to develop the 
credit risk models and to predict the default probability. The sample contains data of Indian BSE listed firms collected from Textile 
sector. The sample data is divided into two parts. The first part of the data called In-Sample data is used to develop the model and 
second part of the sample data called out-of-sample is used to validate the developed models.  

 
Description of Selected Textile Firms 
Table No 1 Description of selected Textile Sector  

Sectors Defaulted  Non-Defaulted 

Textile 30 34 

 
Data Sources 

The study collected the company specific information such as the accounting, market and macroeconomic data of selected 
Indian textile firms from various sources. The accounting data was fetched from the individual financial statements of each selected 
textile firm and share price information was retrieved from the BSE website. The macroeconomic data such as interest rate and GNP 
index were collected from the database maintained and uploaded on the websites of RBI and World Bank. The information about the 
default status of selected textile firms is sourced from the audited annual reports of selected textile firms for 15 years from 1 April 
2004 to 31st March 2019. The sample data of the proxy interest rate of 91 days Treasury bill is collected from the database maintained 
by Reserve Bank of India on its website. The information about the daily average price of shares, return on the shares, BSE index and 
return on BSE index of the selected textile firms is collected from the BSE website. 

 
Default Prediction Methods used in the study 

In light of the previous literature review, the study selected 5 default prediction methods to predict the default status of the 
selected Indian textile firms namely MDA (Multiple Discriminant Analysis), Calibrated, Altman Original model, Logistic Regression, 
and Structural Model to provide the comparative analysis of the Classification results of these function. The conceptual frameworks, 
mathematical processes of each applied method have been discussed in detail below. 
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Independent Variables used in MDA Model  
The present study has used 21 independent variables for predicting the default probabilities that belong to accounting, market 

and economic variables.  
 

Table No 2 Description of Independent Variables of MDA 
Independent Variables 
Accounting Variables Market Variables Economic Variables 

WC/TA  MP/EPS LOG(TA/GNP) 
RE/TA MP/BV SALES GROWTH/GNP GROWTH 
EBIT/TA MVE/TBD   
SALES/TA     
CA/CL     
NI/TA     
NP/TE     

TBD/TA     
EBIT/INT     
OCFR     
GRTA     
INVENTORY TURN     
FAT     

D/E     
TL/TA     
SALES GROWTH     

 
Independent Variables Used in the Logit Model 

This model has incorporated 23 independent variables to predict the default probability. The Independent variables are 
comprised of accounting variables, market variables, economic and categorical variables. Logit model incorporated 2 qualitative 
variables namely X and Y along with 21 accounting, market and economic variables that are integrated into the MDA model.  

 
Table No 3 Description of Independent Variables 

Categorical Variables 

X= 1, TL >TA and X= 0, TA>TL 
Y=1, Avg NP for 2 years < 0 and Y=0, Avg NP for 2 years >0 

 
Independent Variables of Structural Model 

The variables employed in the Structural Model are the Market Value of the firm’s Assets, book value of the outside liability 
and drift rate that is used to calculate the probability of default which has been accessed from the financial statement and market-
driven information. 
 
Empirical Results 

Models developed using MDA 
 

Table No 4 Developed MDA Model 
Z= -0.448+1.687*WC/TA+8.624*RE/TA-8.379*NI/TA-0.358*TBD/TA+1.253*GRTA 

Source: Prepared by author using SPSS version 22 
Models Developed Using Calibrated 
 



 
Cover Page 

  

  
 
DOI: http://ijmer.in.doi./2022/11.12.65 
www.ijmer.in 

            

 

ISSN:2277-7881; IMPACT FACTOR :8.017(2022); IC VALUE:5.16; ISI VALUE:2.286 
Peer Reviewed and Refereed Journal: VOLUME:11, ISSUE:12(4), December: 2022 

Online Copy of Article Publication Available (2022 Issues) 
Scopus Review ID: A2B96D3ACF3FEA2A 

Article Received: 2nd December 2022   
 Publication Date:10th January 2023 

Publisher: Sucharitha Publication, India 
Digital Certificate of Publication: www.ijmer.in/pdf/e-CertificateofPublication-IJMER.pdf 

 

 
29 

 

Table No 5 Model Developed using Calibrated Model 
-0.707+1.89* WC/TA +5.684* RE/TA -0.635* EBIT/TA +0.002* MVE/TBD +2.966* SALES/TA 

Source: Prepared by author using SPSS version 22 
 
Models Developed Using Altman 
Table No 6 Model Developed Using Altman 

0.012*WC/TA+0.014*RE/TA+0.033*EBIT/TA+0.006*MVE/TBD+0.999*SALES/TA 
Source: Prepared by author  
 
Description of Sample Data 
Table No 7 Summary of Cases processed from Steel Sector 

Textile  in-sample  out-of-sample 
Total Cases 664 315 
Cases considered 596 256 
Cases removed 68 59 

 
Coefficients of MDA Model 
 
Table No 8 Coefficient of MDA Model 

Sector Box's M 
Sig. Value 
of Box M 

Eigenvalue 
Canonical 
Correlation 

Wilks' 
Lambda 

Sig value of Wilk's lambda 

Textile 4210.88 0 0.288 0.473 0.777 0 
Source: Prepared by author using SPSS version 22 
 
Box’s M Test 

To evaluate the Multiple Discriminant Analysis function's assumptions about the equality of variance-covariance matrices in 
dependent variable’s groups (defaulted and non-defaulted) the study used Box’s M Test. 

 
Hypothesis 1 
H0: The covariance matrices are equal in both the groups namely defaulted and non-defaulted made by dependent variables of the 
developed models. 
 

The significant P-value of the box’s M test of selected textile sector as depicted in Table No Coefficients contravenes the 
basic assumptions of the MDA function.  The large sample data produces a higher value of the Box’s M which generally results in a 
significant value of the box’s M test in such instances the assumption is tested using the Log Determinants test. The Box’ M value is 
adequately higher for Textile sector i.e. 4210.88 as displayed in Table No Coefficients in conjunction with significant sig-value of 
Box’s M test i.e. <.05.  This is an unpleasant result that conveys the violation of the assumption of MDA. Hence, the H0 will be 
rejected; this finding of the study about the Box’s M test is consistent with the findings of Bandyopadhyay (2006), Altman (2000) and 
contrary to Suleiman (2014) and Memic (2015). However, the developed model was found robust even if it violates the box’ M test 
condition. Because of the large number of sample cases considered in the study that makes the Box’s M test less relevant for the 
default prediction. 

 
Eigen Value 

The eigenvalue denotes the variation in the dependent variable that can be explained by the MDA model. Primarily the 
Eigenvalue is a ratio between explained and unexplained variance. The higher eigenvalue recommends the greater discriminatory 
power of MDA function that explains the variation in the dependent variable.  The strong discriminant function has a higher 
eigenvalue i.e. close to 1. The present study found lower eigenvalue for textile sector i.e. 0.28 as depicted in Table No Coefficients 
that conveys the least prediction power of the developed models. This reflects that the developed model explains the variation in 
dependent variable of textile sector prediction model with only 28% accuracy. 
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Canonical Correlation 
The Canonical Correlation gauges the association between the groups of dependent variable and discriminant function, the 

value of canonical correlation lies between 0 to 1. The large value of canonical correlation implies a strong association between the 
groups of dependent variable and developed models. Further, it signifies the high classification accuracy of the developed model. The 
discriminant function with a high value of canonical correlation value i.e. close to 1 is an acceptable discriminant function model. The 
square of Canonical Correlation is similar to R square which explains the variation in the dependent variable. When the squared value 
of the Canonical Correlation is more than 50% it conveys the high competence of the discriminant function. The canonical correlation 
values as exhibited in Table for textile sector is <.50 i.e. .47. The lower canonical correlation value substantiates the average 
classification ability of the developed models. 

 
Wilk’s Lambda 

Wilk's lambda describes the discriminatory power of the discrimination function together with independent variables 
incorporated in the developed model. The Wilk's lambda ranges from 0 to 1, the smaller value signifies the higher classification 
accuracy of the model coupled with the significant contribution of each independent variable. Wilk’s lambda always works in contrast 
to the canonical correlation, the higher value of the canonical correlation will lead to a lower value of Wilk's lambda which is a 
desirable situation for any robust model. Table No Coefficients exhibits the value of the wilk's lambda for selected textile sector which 
is .77 along with .47 canoncial correlation value. The higher wilk’s lambda value and lower canonical correlation value indicates the 
less discriminatory power of the developed model. 

 
Hypothesis 2 
H0: There is no discriminating power in the independent variables of the developed models. 
 

The sig value of Wilk’s lambda for each sector is <.05 that substantiates that there is a significant difference between 
defaulted and non-defaulted group of the dependent variable, also that the independent variables are contributing significantly well for 
discriminating the defaulted and non-defaulted group of dependent variable. Hence the H0 hypothesis will be rejected, these findings 
of the present study concerning the hypothesis test result of each developed model and wilk’s lamda value obtained for selected textile 
sector are consistent with Altman (2000), Altman (1968) and Memic (2015). 

 
Test of Equality of Group Means 
This test measures the difference between the groups made by each independent variable.   
 
Table No 9 Equality of Group Means of Textile Sector 

Independent 
Variables 

Textile 
 

Wilks' 
Lambda 

F Sig.  

WC/TA 0.897 68.133 0  

RE/TA 0.934 42.104 0  

EBIT/TA 0.977 13.882 0  

MVE/ TBD 0.992 5.036 0.025  

Sales/TA 1 0.034 0.854  

CA/CL 0.995 2.968 0.085  

NI/TA 0.951 30.489 0  

NP/TE 0.996 2.296 0.13  

TBD/TA 0.939 38.662 0  

EBIT/INT 0.999 0.866 0.352  

OCFR 0.997 1.917 0.167  

GRTA 0.942 36.588 0  

INVENT. TURN 0.999 0.747 0.388  

FAT 0.994 3.787 0.052  
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MP/EPS 0.988 7.155 0.008  

MP/BV 0.977 14.2 0  

D/E 0.993 4.107 0.043  

TL/TA 0.984 9.463 0.002  

Log (TA/GNP) 0.998 1.282 0.258  

SG 0.984 9.907 0.002  

SG/GNP Growth 0.997 1.704 0.192 
 

 

Source: Prepared by author using SPSS version 22 
 
Hypothesis 3 
H0: The mean of each independent variable between the defaulted and non-defaulted groups of developed models are equal.  
 

Table no 9 Test of Equality of Group Means demonstrated the Wilk’s lambda, Sig and F-value for each independent variable 
of developed model. The study has prepared the summary of the total significant independent variables of selected textile sector after 
considering the values obtained in the test of equality of group means. Table No 10 significant factors described the number of 
significant factors/independent variables of each developed model of selected Indian textile sector. By taking into account the 
significant variable having sig value <.05 it is inferred that the group means of each independent variable between the defaulted and 
non-defaulted groups are not equal. Therefore, the H0 hypotheses shall be rejected. The finding of this hypothesis test resonates with 
the results obtained by Sirirattanaphonkun (2012) 

 
Significant factors 
Table No 10 Significant Factors 

Sector Number of significant factors 

Textile 12 
Structure Matrix 

Table No 11 Structure Matrix demonstrated the structure matrix values of each independent variable processed on IBM SPSS 
version 22 for the development of MDA models for selected textile sector. The structure matrix values given corresponding to each 
independent variable indicates the contribution of these variables in the default prediction models. The independent variables having 
structure matrix value >.3 is considered for the model development and remaining independent variables have been dropped from the 
model. 

 
Table No 11 Structure Matrix 

Independent 
variables 

Textile 

CA/CL 0.132 

D/E 0.155 

EBIT/Int 0.071 

EBIT/TA 0.285 
FAT 0.149 

GRTA 0.463 

Inventory 
Turnover 

0.066 

Log(TA/GNP) -0.087 
MP/BV -0.288 
MP/EPS 0.205 
MVE/TBD 0.172 
NI/TA 0.422 
NP/TE -0.116 
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OCFR 0.106 
RE/TA 0.496 
Sales Growth 0.241 
Sales Growth/ 
GNP Growth 

0.1 

Sales/TA -0.014 
TBD/TA -0.476 
TL/TA 0.235 
WC/TA 0.631 

Source: Prepared by author using SPSS version 22 
 

The structure matrix performs function similar to factor analysis; it displays the correlation of each independent variable to 
discriminant function. The predictors with a high structure matrix value contribute the most in the default prediction model to 
discriminate the groups of the dependent variables and to predict default. The structure matrix is more significant than the 
standardized canonical discriminant function coefficient to evaluate the discriminatory power of the discriminant model. The 
predictors/independent variables having large structure matrix value are required to be incorporate in the model for predicting the 
default probability. Table No Structure Matrix shows that selected textile sector has 5 variables with structure matrix value >.3 which 
shall become the significant contributors/ predictors of the default prediction model.  

 
In-Sample Classification Result of Developed MDA, Calibrated model and Altman’s model 
Table No 12 In-Sample Classification Result 
Sectors Models Accuracy Rate Type I Error Type II Error 
Textile Developed model 81% 14% 42% 

Calibrated Model 87% 2% 73% 
Altman's Original 17% 100% 0% 

Source: computed by author using SPSS version 22 
 
Validation of the Developed Model on out-of-sample data 
Table No 13 Validation Results 

Sectors Models Accuracy Rate Type I Error Type II Error 

 
Textile 

Developed model 55% 45% 46% 

Calibrated Model 52% 51% 36% 
Source: computed by author using SPSS version 22 
 
Models Developed using Logit Function 
Table No 14 Developed Logit Model 

L = -2.087-2.937*GRTA+0.004*MP/BV+1.22*X+1.049*Y 
Source: Prepared by author using SPSS version 22 
 
Description of Sample Data 
Table No 15 Summary of Cases Processed 

Steel Sectors In-sample Out-of–sample 
 Total cases 662 315 
 Cases considered 599 254 
 Cases removed 63 61 

Source: Prepared by author using SPSS version 22 
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Coefficients of Logit Model 
Table No 16 Coefficient of Logit Model 

Omnibus tests of the model 
coefficient (Chi-Square) 

Sig Value of 
Omnibus 
tests 

-2 Log 
likelihood 

Cox & 
Snell R 
Square 

Nagelker 
R Square 

Hosmer and 
Lemeshow 
Test 

Sig. value of 
Hosmer and 
Lemeshow test 

167.477 0 391.696 0.244 0.402 5.34 0.721 
Source: Prepared by author using SPSS version 22 
 
Omnibus Test 

The Omnibus Test evaluates the significance of each independent variable of the model for predicting the default risk of the 
firm, for recognising the best fitting independent variables of the model, and for assessing the overall robustness of each developed 
model. The small value of chi-square with sig value <.05 specify the higher predictive accuracy of the developed model. In Table No 
Coefficients the chi-square value of the selected textile sector is 167.477 with 0 sig-value that suggests the robustness of the credit risk 
model.  

 
Hypothesis 1 
H0: The independent variables of the developed models have no significant impact on the dependent variables. 
 

Since the sig-values for selected textile sector in the Omnibus test given in the table is less than .05, hence it suggests the 
rejection of the null hypothesis. The findings of this hypothesis test are consistent with Suleiman, Suleman, Usman and Salami (2014) 
and Kwofiew (2015).  
 
-2 Log likelihood 

-2 Log Likelihood test examines the robustness of the model. The large values of the -2 log-likelihood depict the high 
robustness of the developed model. The selected textile sector has obtained 391.696 -2 log likelihood value which is sufficient to 
prove the robustness of the developed model. This also indicates the greater classification ability of the developed model for the 
selected textile sectors.  
 
Cox & Snell R Square Test 

The Cox & Snell R square test provides the measure to examine the variation in the dependent variable that can be explained 
by the developed model. The selected textile sector has obtained only 0.244 this signifies that the developed model explained the 
variations in the dependent by 24%.  

 
Negelker R square 

Negelker R square is a Pseudo R square of the Logit model which assesses the variation in the dependent variable of the 
model that can be explained by the independent variables included in the logistic regression model. The study found 0.402 Negelker R 
square value for  selected textile sector which is quite low. This indicates that the variation in the dependent variable of the developed 
model is explained by independent variables by only 40%.  

 
Hosmer and Lemeshow Test (Goodness-of-Fit Test) 

The Hosmer and Lemeshow test evaluates the goodness of fit of the sample data for predicting the default probabilities. This 
test also indicates whether the model is specified or not which implies that how perfectly the groups of dependent variables can be 
classified according to the predicted probabilities. The hosmer lemeshow test is similar to the chi-square goodness of fit test of the 
regression. The small value of the Hosmer and Lemeshow test suggests the good fit of the sample data into the model. The 
insignificant sig-value value i.e. P value >.05 recommends that the data is best fitted into the specified model. 

 
Hypothesis 2 
H0: The developed models are correctly specified and best fitting. 
 

Table No 16 coefficients present that the sig-value of hosmer lemeshow test of each model developed for selected textile 
sector is non-significant i.e. P-value is > .05 hence; the developed model is specified and best fitting into the sample data to predict the 
default probability. Therefore, the study fails to reject the null hypothesis. This finding about the hypothesis test is consistent with 
Kwofie (2015).   
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Variables in the Equation Test 
This test outlines the significant factors which are required to be integrated while developing the model and the factors that 

are to be dropped.  
 

Table No 17 Variables in Equation 
 Particulars Textile 
 Coefficients B Wald Sig. 
WC/TA -0.674 1.394 0.238 
RE/TA -1.731 0.319 0.572 
EBIT/TA -2.282 0.972 0.324 
MVE/TBD -0.169 3.012 0.083 
SALES/TA -1.312 0.163 0.687 
CA/CL -0.037 0.703 0.402 
NI/TA 6.113 2.251 0.134 
NP/TE 0.043 0.474 0.491 
TBD/TA -0.278 0.957 0.328 
EBIT/INT 0.004 1.382 0.24 
OCFR -0.159 1.396 0.237 
GRTA -2.937 8.435 0.004 
INVEN. 
TURN 

-0.033 1.876 0.171 

FAT -0.039 0.552 0.457 
MP/EPS 0 0.012 0.912 
MP/BV 0.004 7.695 0.006 
D/E 0 0 1 
TL/TA -0.255 0.923 0.337 
Log 
(TA/GNP) 

0.145 2.146 0.143 

SG 0.029 0.005 0.944 
SG/GNP 
Growth 

-0.003 0.651 0.42 

X 1.221 12.285 0 
Y 1.049 9.241 0.002 
Constant -2.087 8.607 0.003 

Source: Prepared by author using SPSS version 22 
 
Hypothesis 3 
H0: The corresponding coefficient to each independent variable of the developed models is zero. 
 

Table No 17 Variables in Equation witnessed 4 significant variables of selected textile sector which respectively with sig-
value less than .05. The detail of the same is illustrated in Table No 18 Significant Factors hence for this sector; the null hypotheses 
will be rejected. The findings of the hypothesis test are consistent with Soureshnami & Kimiagri (2013), Sirirattanaphonkun, Suluck 
(2012).  

 
Significant Factors 

Table No 18 Significant Factors highlights the number of significant variables included in the developed model of each 
sector. The significant variables have been selected from Table No Variables in Equation. The significant variables are the variables 
having <.05 Sig value as displayed in the table. 
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Table No 18 Significant Factors 
Sectors  Significant variables 
Textile 4 

Source: Prepared by author using SPSS version 22 
 
In-sample classification result of the Logit model 
Table No 19 In-Sample Classification Result 

Sectors Accuracy Rate Type I Error Type II Error 
Textile 86% 4% 62% 

Source: Prepared by author using SPSS version 22 
 
Validation of Model (out-of-sample classification result) of the Logit Model 
Table No 20 Validation Result 

Sectors Accuracy Rate Type I Error Type II Error 

Textile 80% 19% 43% 

 
Findings and Discussion 
Multiple Discriminant Analysis  

The default prediction model was produced for the Textile sector has the contribution of only the financial variables i.e. 
WC/TA, RE/TA, NI/TA, TBD/TA, and GRTA.  The model was developed upon 596 in-sample observations and validated on 256 out-
of-sample observations. Table No  Log determinant conveys that the model was competent to classify the non-defaulted cases better 
than the defaulted cases which culminate the higher Type II Error since the Log Determinant values of the non-defaulted and the 
pooled within-group are closer than the defaulted group. The values of the tests namely Eigenvalue, Canonical Correlation and Wilk’s 
Lambda displayed at the lower side than the acceptable limit to prove the model as robust, significant, and competent for explaining 
the variation in the dependent variables accurately and for predicting the defaulted cases. The significant factors of the model given in 
Table No 18 significant factors are 12 for developed MDA model, notwithstanding the model integrated only 5 independent variables 
are suggested by the Structure Matrix displayed in Table No Structure Matrix. Table No 19 In-sample classification results conveyed 
that the developed model was conquered by the calibrated model having 87% prediction accuracy along with 73% Type II Error.  
However, the developed model classified the cases by 81% accuracy with minor Type I and Type II Errors. The prediction results 
achieved by Altman’s original model were not satisfactory. The validation accuracy of the developed model was further reduced to 
55% yet; it outperformed the calibrated model as demonstrated in Table No 20 Validation Results.  

 
Logit Model 

This model was developed using 1 financial, 1 market and two qualitative variables such as GRTA, MP/BV, X and Y. The 
sample cases employed for developing and testing the model are 599 and 254 respectively. The results of the tests conducted to 
evaluate the robustness, significance and strength of the model. The obtained values of the tests were demonstrated in Table No 16 
Coefficients which signifies that the following analysis: all the factors of the model were significant, model was fairly robust and 
specified, sample data was substantially fitting into the model. Nonetheless, the developed logit model and its independent variables 
did not explain the variation in the dependent variable accurately. The predictive accuracies attained by the developed model for the 
trained and tested sample were 86% and 80% respectively. The Type II Error for In-sample classification result is on the higher side. 

 
Structural Model 
Case Summaries 
Table No 21 Cases Processed 

Sectors Cases Processed 
Textile 698 
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Prior Probabilities 
Table No 22 Prior Probabilities 

 Particular TEXTILES 

  CASES PROB 
NON-DEFAULTED 591 85% 
DEFAULTED 107 15% 

TOTAL 698 100% 
 
D2 and Default Probabilities 
Table No 23 D2 and Default Probabilities 

 Particulars Textiles  
  AVG D2 AVG PROB 
NON-DEFAULTED 9.59324 90% 
DEFAULTED 13.359 88% 
TOTAL 11.6039 90% 

 
Classification Results of Structural Model 
Table No 24 Classification Result of Structural Model for Textile Sector 

  NON-DEFAULTED DEFAULTED Total 
NON-DEFAULTED 78 513 591 
DEFAULTED 13 94 107 
Accuracy Rate  25% 698 
Type I Error 87%   

Type II Error 12%   

Sectors Accuracy Rate Type I Error Type II Error 
Textiles 25% 87% 12% 

 
Findings and Discussion  

The found results depicted in Table No 24 Classification Result of structural model for steel sector depicted that the structural 
model performed quite well for classifying defaulted cases than non-defaulted cases. As it’s reflected in the table that out of total 107 
defaulted cases structural model correctly classified 94 cases that amounts to 87% accuracy. Nonetheless, for overall accuracy the 
structural model provided only 25% accuracy due to higher level of Type I error. The Type I Error is the most troublesome error found 
in the Structural Model; due to the high percentage of Type I Error the classification accuracy of the model becomes smaller. The 
higher value of Type I Error also signifies that the model is most compatible to classify the defaulted cases than non-defaulted cases. 

 
Conclusion 

The classification rate of Altman’s original model depicted a lower accuracy level for selected textile sector is 17%. This 
accuracy rate substantiates the irrelevance of the Altman (1968) Original model which is contrary to the predictive accuracy rates 
obtained in the studies namely Anjum (2012), Kumar & Rao (2014), Agarwal and Taffler (2005), Sarbapriya (2011), Rayalaseema and 
Muhammad (2012), Altman et al. (2014), Celli (2015), Karamzadeh (2013), Verma & Raju (2019), Hayes, Hodge, & Hughes (2010).  

 
  The calibrated model performed considerably well for both In-sample and Out-of-sample data i.e. 87% & 52%. This indicates 
that the independent variables used by Altman (1968) are still relevant. 
 

The developed model performed satisfactorily well for the In-sample data. The accuracy rate achieved by developed model 
for selected steel sector is 81% which is commensurated with the accuracy levels achieved by Karthik, Subramanyam, Srivastava, & 
Joshi (2018), Rashid (2014), Purohit, Mahadevan, & Kulkarni (2012), Zvaríková & Majerová (2014), Agrawal & Maheshwari (2019), 
Verma (2019), Verma & Raju (2019), Upadhyay (2019), Rashid & Abbas (2011), Duan, Sun, & Wang (2012), Low, Nor, & Yatim 
(2011), Hu & Ansell (2006), Franch (2011), Altman E. I. (2000),. However, the obtained accuracy rates of the developed MDA model 
are less than the level of accuracy acquired by Pongsatat et al. (2004), Bandyopadhyay A (2006).  
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The out-of-sample classification results did not show the pleasant accuracy rates steel sector i.e. 55%. The acquired accuracy 
rates of calibrated models are similar to Agrawal & Maheshwari (2019), Sarlija & Jeger (2011), Altman & Sabato (2005), Agrawal K ( 
2015) but less than Bandyopadhyay A (2006), Ong, Yap, & Khong (2011), Low, Nor, & Yatim (2011) and Hassan, Zainuddin, & 
Nordin (2018).The developed, calibrated and Altman’s original models have experienced a considerable amount of misclassifications 
that are quantified as Type I and Type II Errors. Altman’s original model has encountered maximum Type I Error for in-sample data. 
However, Altman original model experienced minimum Type II Error; this suggests that Altman’s original model misclassifies the 
non-defaulted cases as defaulted.  

  
The classification accuracy of the developed Logit model for In-sample data for the selected sectors is 86%. The achieved 

accuracy rates of the developed Logit model are close to Ohlson (1980), Bandyopadhyay (2006), Agrawal & Maheshwari (2019), 
Sheikhi, Shams, & Sheikhi (2012), Upadhyay (2019), Ong, Yap, & Khong (2011), Moghadas & Salami (2014), Gurny & Gurny 
(2013).This is significantly high in comparison to the developed MDA, calibrated and Altman’s original model. There is no acute 
misclassification problem with the Logit model specifically rate of Type I Error attained by all developed model for selected steel 
sector.  

 
However, the study witnessed substantially high rate of Type II Error.  The validation results of the Logit model are also 

remarkable. The accuracy rate of the models for selected steel sector is 81%. However, the values of Type I Error are not troublesome. 
The achieved accuracy rates were identical to the Agrawal & Maheshwari (2019), Ong, Yap, & Khong (2011), Low, Nor, & Yatim 
(2011), Sarlija & Jeger (2011), Hassan, Zainuddin, & Nordin (2018), Agrawal (2015). 

 
The classification results of the Structural Model witnessed undesirable results since the overall accuracy attained by the 

Structural Model is at the lower side in contrast to the default events probabilities discussed in the immediately above point. The 
overall accuracy of all selected steel sector is 25% it signifies that the Structural Model is competent to predict defaulted cases 
accurately. However, it misclassifies the non-defaulted cases as defaulted due to which its overall accuracy drops. 

 
The developed MDA and developed Logit model predicted the default event of the firms using the accounting variables such 

as NI/TA, WC/TA, EBIT/TA, RE/TA, TBD/TA which are consistent with (Casey & Bartczak, 1985), Shimerda (1981), Arlov, 
Rankov & Kotlica (2013), Jaffari & Ghafoor (2017). The Logit model also used one market and 2 qualitative variables i.e. MVE/BV, 
X and Y for credit risk modeling that was supported by Hu & Sathye (2015).  
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