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Abstract: The need to reduce the bank‟s Non-Performing Asset (NPA) level to match the 

competitors forms the primary reason/backbone for the development of the model. Also, the 

absence of appropriate weights in the current system triggered the need for the development of the 

same. The Model was constructed using a two step method. Risks were assessed using a 

comprehensive risk score card. Discriminant analysis was used to classify objects/records into two 

or more groups based on the knowledge of some variables related to them. The analysis was used 

for classification of assets into performing and non-performing based on the factors identified from 

the risk score card. Under the Discriminant model, population size was 70 clients of corporate 

banking branch. Discriminant scores and classification score aided in the classification of the 

clients. A total of 24 cases were taken for the validation of the model of which 21 clients are good, 

ongoing records while 3 clients are NPAs. 

The predictive power of the existing model was about 79.16%. The predictive power of the 

proposed model is 91.67%.Thus the discriminant model can be used for predicting the credit 

worthiness of the clients because it has higher predictive power. 

JEL Classifications: G320, G321 
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1. Introduction 

1.1 Business Environment 

(1) Current Scenario. After the introduction of economic reforms in 1991, the growth rate of 

India‟s GDP increased from a little over 1% in 1991-92 to 7.2% in 2009-2010. The country has 

successfully overcome the effect of the global economic slowdown and the GDP is expected to 

grow at 8.5% during fiscal 2010-11. One of the enablers of robust economic growth is a banking 

sector that is able to adequately and efficiently meet the needs of a growing economy.  The last 

decade has seen many positive developments in the Indian banking sector. The policy makers, 

which comprise the Reserve bank of India (RBI), Ministry of Finance and related government and 

financial sector regulatory entities, have made several notable efforts to improve regulation in the 

sector. The sector now compares favorably with banking sectors in the region on metrics like 

growth and value creation.  

The interplay between policy and regulatory interventions and management strategies will 

determine the performance of Indian banking over the next few years.  

(2) Impact of Basel-II norms. Norms set in the Swiss town of Basel determine the ground 

rules for the way banks around the world account for loans they give out. These rules were 
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formulated by the Bank for International Settlements in 1988.Credit risk is not the only type of risk 

that banks face. These days the operational risks that banks face are huge. The various risks that 

come under operational risk are competition risk, technology risk, casualty risk, crime risk etc. The 

original BASEL rules did not take into account the operational risks. As per the BASEL-II norms, 

banks will have to set aside 15 per cent of net income to protect themselves against operational 

risks. Reserve Bank of India introduced risk assets ratio system as a capital adequacy measure in 

1992, in line with the capital measurement system introduced by the Basel Committee in 1988, 

which takes into account the risk element in various types of funded balance sheet items as well as 

non-funded off-balance sheet exposures. Capital adequacy ratio is calculated on the basis of various 

degrees of risk weights attributed to different types of assets. As per current RBI guidelines, Indian 

banks are required to achieve capital adequacy ratio of 9% (as against the Basel Committee 

stipulation of 8%). 

1.2 Introduction to Project Topic 

Non-performing Asset (NPA): The RBI has directed that if in an exposure the payment of 

interest/repayment of installment of principal or both remains unpaid for a period of 90 days, such 

an exposure is to be treated as being non-performance. 

Risk Management: The standard definition of management is that is the process of 

accomplishing preset objectives; similarly, risk management aims at fulfilling the same specific 

objectives. This means that an organization, whether it‟s a profit-seeking one or a non-profit firm, 

must have in place a clearly laid down parameter to contain- if not totally eliminate – the financially 

adverse effects of its activities.  Hence, the process of identification, measurement, monitoring and 

control of its activities becomes paramount under risk management. 

The concern over risk management arose from the following developments: In February 1995, 

the Barings Bank episode shook the markets and brought about the downfall of the oldest merchant 

bank in the UK. Inadequate regulation and the poor systems and practices of the bank were 

respo0nsible for the disaster. All components of risk management- market risk, credit risk and 

operational risk- were thrown overboard. Shortly thereafter in July 1997, there was the Asian 

financial crisis, brought about again by the poor risk management systems in banks/financial 

institutions coupled with perfunctory supervision by the regulatory authorities. Such practices could 

have severely damaged the monetary systems of the various countries involved and had 

international ramifications. 

Risk Identification: All types of risk must be identified and their likely effect in the short-run 

be understood. A bank that has international operations may experience different intensity of credit, 

market and operational risks in various countries when compared with a pure domestic bank. Also, 

even within a bank, risks will vary in its domestic operations and its overseas arms. 

Risk Measurement: Measurement means weighing the contents and/or value, intensity, 

magnitude of any object against a yardstick. The objective should be to find out and understand the 

exact degree of risk elements in each category in the operational environment. While a very simple 

qualitative assessment may be sufficient in some cases, sophisticated methodological/statistical 

models may be necessary in others for a quantitative value. In bank lending activity, a simple one –

page credit rating system along with simple financial analysis may be sufficient for a relatively low 

credit limit. But for higher credit limits, detailed qualitative and quantitative analysis with 

sophisticated credit rating models may be required because the size of the credit limit would 

indicate the size of default risk and its ultimate effect on the institution. The statistical qualitative 

models may be used with the precaution “A model without sufficient validation may only be a 

hypothesis” wrote Roger. M. Stein in Benching Different Prediction Models. Therefore, the results 

of the model should be validated from time to time. 
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Risk Monitoring: Keeping close track of risk identification measurement activities in the light 

of the risk, principles and policies is a core function in a risk management system. For the success 

of the system, it is essential that the operating wings perform their activities within the broad 

contours of the organization‟s risk perception. 

Risk Control: There must be an appropriate mechanism to regulate or guide the operation of 

the risk management system in the entire organization through a set of control devices. These can 

be achieved through a host of management processes such as assessing risk profile techniques 

regularly, analyzing internal and external audit feedback from the risk angle and using it to activate 

control mechanisms. 

Credit Risk: “Probability of loss from a credit transaction” is the plain-vanilla definition of 
credit risk. According to Michel Crouhy et al credit risk is defined as “the risk of loss following a 
change in the factors that drive the credit quality of an asset”. According to Basel committee, 
“Credit risk is most simply defined as the potential that a borrower or counter party will fail to meet 
its obligations in accordance with agreed terms”.  The Reserve Bank of India has defined Credit risk 
as “the possibility of losses associated with diminution in the credit quality of borrowers or 
counterparties”.  Credit risk management function has become a centre of gravity, especially in a 
financial services industry like banking. It involves identifying and analyzing risk in credit 
transaction. 

Credit Rating: Rating implies an assessment or evaluation of a person, property, project or 

affairs against a specific yardstick/benchmark set for the purpose. In credit rating, the objective is to 

assess/evaluate a particular credit proposition (which includes investment) on the basis of certain 

parameters. The outcome indicates the degree of credit reliability and risk. These are classified into 

various grades according to the yardstick/benchmark set for each grade. Credit rating involves both 

qualitative and quantitative evaluations.  While financial analysis covers the quantitative part, 

qualitative analysis covers a host of factors such as the firm‟s competitive strength within the 

industry/trade, likely effects on the firm‟s business of any major technological changes, regulatory 

/legal changes, etc., which are all „management‟ factors. The Basel committee has defined credit 

rating as a „summary indicator‟ of the risk inherent in individual credit, embodying an assessment 

of the risk of loss due to the default of counterparty by considering relevant quantitative and 

qualitative information. Thus, credit rating is a tool for the measurement or quantification of credit 

risk. 

Basel II has summed up the utility of credit rating in this way: “Internal risk ratings are an 

important tool in monitoring credit risk. Internal risk ratings should be adequate to support the 

identification and measurement of risk from all credit exposures and should be integrated into an 

institution‟s overall analysis of credit risk and capital adequacy. The ratings system should provide 

detailed ratings for all assets, not only for criticized or problem assets. Loan loss reserves should be 

included in the credit assessment for capital adequacy. 

Credit Risk Model: A credit risk model is a quantitative study of credit risk, covering both 

good borrowers and bad borrowers. It is a mathematical model containing the loan applicant‟s 

characteristics either to calculate a score representing the applicant‟s probability of default or to sort 

borrowers into different default risk classes.  

Outcomes of Risk Assessment Model: The following are the outcomes of the risk assessment 

model: (1) Defining the pricing bands; (2) The grade on the rating scale is expected to define the 

pricing and related terms and conditions for the accepted credit exposures; (3) Limits on exposure; 

(4) The amount sanctioned would depend on the credit-score on the RAM; (5) Tenure of loans;      

(6) The rating scale could also be used for deciding on the tenure of the proposed assistance. A 

longer term could be offered to safe customers; and (7) Monitoring the exposures.  Banks may also 

use the rating scale to keep a close track of deteriorating credit quality and decide on the remedial 

measures.  



ISSNs: 1929-0128; 1929-0136  © 2013 Academic Research Centre of Canada 

~ 76 ~ 
 

 

1.3 RAM –Risk Assessment Model  

The RAM is a risk assessment model used by one of the leading public sector banks in India. 

The bank is already measuring the credit risk through credit rating/ scoring and borrowal accounts 

with poor rating are followed up regularly. The rating of borrowers takes into account various 

factors like Current Ratio, Debt Equity Ratio, achievement of sales projections, compliance with 

credit sanction terms and conditions, prompt submission of stock statements, QIS, CSS etc, timely 

renewal, current profit/projected profit, availability of security, regular payment of interest/ 

installments, submission of financial statements, excess drawings, etc. Banks have engaged the 

services of CRISIL, for the development of Risk Assessment Model for large industrial borrowers 

to customize credit risk scale, track rating transition, etc. This model is intended for rating large 

scale units with or without projects. This model takes into account the diverse risk factors and risk 

rate credit proposals. It is software based credit decision support system, which is customized to 

IOB‟s workflow. The model conforms to the basic framework recommended by RBI for analytical 

correctness. It takes into account external and internal risk factors like industry risk, business risk, 

management risk and financial risk and also project risk. Presently the bank follows four rating 

modules under RAM software for following categories of clients such as Large corporate, Traders, 

Small and medium enterprises and Infrastructure(Power and road) projects 

The guidelines for rating the borrowal accounts using RAM software are as follows: 

Large corporate:  Unit engaged in manufacturing, services, contracting and real estate 

development related activities where turnover is above Rs.50 crores and trading having a turnover 

greater than Rs.75 crores. 

Trader: Units engaged in trading having a turnover less than Rs.75 crores. 

Small and medium enterprises: Units engaged in manufacturing where turnover is less than 

Rs.50 crores. 

                        Table 1 Rating grades of RAM  

 Every model has model specific rating 

grades (like LT1 to LT10 for large corporate, 

SME 1 to SME10 for Small and medium 

enterprises) shown above. These models 

specific grades are mapped to common scale 

rating grade (IOB1 to IOB10), which helps to 

determine the quality of borrowers across 

different categories on a common scale.  

Table 2 below shows the mapping of these model specific grades with the common scale. 

Table 2 Rating Scales of IOB RAM 

RAM Large Corporate Model SME Model Trader Model Infrastructure 

RAM 1 LT1 - - - 

RAM 2 LT2 - - - 

RAM 3 LT3 SME1 TR1 - 

RAM 4 LT4 SME2 TR2 P1 

RAM 5 LT5 SME3 TR3 P2 

RAM 6 LT6 SME4 TR4 P3 

RAM 7 LT7 SME5 TR5 P4 

RAM 8 LT8 SME 6 &7 TR 6 &7 P5 

RAM 9 LT9 SME 8&9 TR 8 &9 P6 

RAM 10 LT10 SME10 TR10 P7 

Segment Rating grades 

Large Corporate LT 1 to 10 

SME SME 1 to 10 

Traders TR 1 to 10 

Infrastructure-road and power P1 to 7 
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The definitions provided above are for the common scale rating grades. 

Table 3 Scales and Definitions 

RAM Scale Definitions 

RAM1 
The fundamentally strong debt servicing capacity of such companies is most likely 

to be adversely affected by changes in circumstances 

RAM2 
Adverse business conditions are unlikely to affect debt servicing capacity. Such 

companies differ in safety from those in Grade 1 only marginally 

RAM3 
Changes in circumstances are more likely to affect debt servicing capacity than for 

higher grades 

RAM4 Debt servicing capacity could weaken in view of changing circumstances 

RAM5 
While such companies are less susceptible to default than those in lower grades, 

uncertainties faced by them could adversely affect debt servicing capacity 

RAM6 
Uncertainties faced by issuer could lead to inadequate capacity to make timely debt 

repayments 

RAM7 Debt servicing capacity is highly vulnerable to adverse changes in circumstances 

RAM8 
Adverse business or economic conditions are likely to lead to lack of ability or 

willingness to service debt obligations 

RAM9 Timely payment of debt would continue only if favourable circumstances continue 

RAM10 
Debt servicing capacity is in default and return from this may be realized only on 

reorganization or liquidation. 

2.  Literature Review 

Jayadev M. (2006) states that, the prime factor for the absence of any strong empirical evidence 

on credit risk quantification in the Indian market is the lack of uniformity in the recognition of 

default companies. It emphasizes multiple discriminant analysis as a statistical technique used to 

classify an observation into one of the several a priori groups dependent on certain variables of 

individual characteristics. MDA is used primarily to classify or make predictions where the 

dependent variable appears in a qualitative form. 

William and Carey (1998) explain how a bank‟s decisions about its internal rating system can 

have a material effect on its ability to manage credit risk. The central role of human judgment in the 

rating process and the variety of possible uses for ratings mean that internal incentives can influence 

rating decisions. Thus, careful design of controls and internal review procedures is a crucial 

consideration in aligning form with function. Banks with a substantial large corporate market 

presence are likely to benefit from a rating system that achieves fine distinctions among relatively 

low-risk credits. In addition, independent credit staffs are often solely responsible for rating large 

loans. Such an arrangement can greatly reduce potential incentive conflicts. 

Austrian Financial Market Authority emphasis  that the general objective of multivariate 

discriminant analysis (MDA) within a credit assessment procedure is to distinguish solvent and 

insolvent borrowers as accurately as possible using a function which contains several independent 

credit worthiness criteria (e.g. figures from annual financial statements). In order to ensure the 

acceptance of a rating model, it is crucial to include the expert experience of practitioners in credit 

assessment throughout the development process. This is especially important in cases where the 

rating model is to be deployed in multiple credit institutions, as is the case in data pooling solutions. 

Ho and Yusoff (2009) explain the credit risk and credit risk management techniques. 

According to the author Credit risk is simply defined as the prospective that a bank borrower or 
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counterparty will fail to meet its obligations in accordance with agreed terms and conditions… The 

aim of credit risk management is to maximise a bank‟s risk adjusted rate of return by maintaining 

credit risk exposure within acceptable boundary. Banks need to maintain the credit risk inherent in 

the entire loan portfolio as well as the risk in individual credit or transaction. Banks should also take 

into consideration the relationship between credit, liquidity and interest rate risk. 

Sung Park (2004) explains how credit scoring can help make decisions on credit worthiness of 

the clients. The credit score empowers users to make quick decisions or even to automate decisions. 

Whereas a decision based on manual review may take hours, a decision based on credit score will 

take seconds. That‟s why organizations must understand and match their needs to an appropriate 

credit score model. A risk score is generated when information related to an entity is fed into a risk 

model. 

Mavri M., et al. (2008) narrates the benefits of the credit scoring model and how it can be 

managed for making future decisions. Credit scoring has gained attention as the credit industry 

benefits from timely decisions, reduction of possible risks, improved cash flow and proper credit 

collections. Thomas 1 identified two types of decisions that banks who lend to consumers have to 

make. First, they should grant credit to a new applicant, and secondly they have to continue and 

extend their cooperation with existing customers. Techniques that help with these decisions are 

called credit and behavioural scoring models. The main objective for both types of scoring models 

is to classify customers into groups. The authors say that discriminant analysis is a predictive model 

of group membership based on observed characteristics of each group member. It was first 

proposed by Fisher 14 and looks for the best linear combination of the predictor variables in order 

to classify the factors under examination into two or more groups. 

3. Research Methodology 

3.1 Need for This Study 

The bank currently uses a scorecard giving equal weights to all the parameters under 

consideration. But different parameters require different degree of importance. This raises the need 

for development of Risk assessment models. Also, the bank wants to reduce its level of Non 

Performing Assets (NPA) in corporate loans by tightening its credit policy. The development of 

such framework will standardize the judgment and remove the element of bias and subjectivity. 

3.2 Scope of This Study  

The study is confined to identify the credit worthiness of the clients based on discriminant 

model built using 20 parameters and also limited to the comparing new developed model with 

existing RAM used by a Public Sector Bank in India. 

3.3 Objectives of This Study  

To design and develop risk assessment models for Corporate Loans using discriminant 

analysis. To evaluate the predictive ability of the bank existing credit rating model and the newly 

proposed model and, To prepare comparative analysis case wise to show the new model efficiency 

and robustness in predicting the risk of corporate clients. 

3.4 Limitations of This Study  

More number of parameters and cases could not be included. The purview of the project is 

limited to the corporate loans division excluding SME. 
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3.5 Research Design 

(1) Nature of the study. This study is descriptive. A descriptive study is undertaken in order to 

ascertain and be able to describe the characteristics of the variables of interest in a situation. Here it 

involves identifying the various risks, the sub-parameters of those risks and assigning appropriate 

weights for all of them. 

(2) Source of data. The data used is secondary data which were taken from the bank‟s records 

and voiced by the credit officers.  

(3) Population. The population represents all the clients of corporate banking division in the 

Commercial and Industrial credit branch. The clients include large corporates, traders and 

infrastructure-road and power projects. The population size is 70 clients of the corporate banking 

division. The clients‟ records are taken from the Commercial and Industrial Credit branch. 

(4) Sample size. The sample size is 70 clients of the corporate banking division. The sample 

consists of all the clients of the branch- 66 of which are good, ongoing accounts and 4 are non-

performing accounts .46 clients of corporate banking division are taken for the development of the 

model of which 45 clients are good and 1 client is a NPA. The remaining records i.e. 24 clients are 

taken for testing the model of which 21 are good accounts and 3 are NPAs.   

(5) Sampling technique. Census is used as a sampling technique. Here, all the elements in the 

population are selected as sample subjects.  

(6) Data analysis tool. Multiple discriminant analysis, the statistical tool is used for data 

analysis. The discriminant score categorizes the applicants to various risk categories. Here 

discriminant analysis is used to classify the clients into three risk groups based on the knowledge of 

some variables related to them. The three risk groups are Low Risk, High Risk and Very High risk. 

4. Data Analysis and Interpretation 

4.1 Steps in Development of Discriminant Model 

4.1.1 Identify the parameters that affect corporate financing 

The first step in the development of the model was the identification of the various risks and 

the parameters to be taken into consideration. For this purpose, the various manuals and websites 

pertaining to the credit appraisal for corporate loans were carefully studied. Also credit appraisals 

done at other leading organizations were taken into consideration. Both quantitative and qualitative 

aspects need to be taken into consideration while computing the risk levels. Literature survey 

undertaken brought to surface 31 parameters that need to be taken into account while evaluating a 

prospect. These parameters were classified under four heads namely Industry, Business, Financial 

and Management risks. Weights developed in this study were based on a conceptual understanding 

and the importance attached by people proficient in this area.  

4.1.2 Data collection 

Once the parameters were identified, a risk score card was prepared with all the risks and their 

parameters (Appendix -1). This was then circulated to the credit manager of the bank in order to 

find out the score for each parameter for the clients. The opinion of the credit manager was 

considered for analysis. 
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4.1.3 Development of the risk assessment model  

A comprehensive model was constructed after the framing of the risk score card. Each client 

was rated on each of the parameters based on the scorecard provided. Each score of the client was 

multiplied by the corresponding coefficients obtained from the model and a score was calculated for 

each parameter. The scores of all the parameters were summed to arrive at the final score of each 

client. Based on the final score the client was given a rating by referring to the centroids of group 

means of the model. This final score decides the risk involved in operating with each client. 

To aid the assessment process and to systematize the entire process, a scorecard has been 

developed in consultation with people well versed in this field. The score for each parameter in each 

risk category was given based on the scorecard .This standardized the whole process. In this model, 

the risk rating was measured on a scale of 1 to 10. 

4.2 Discriminant Model 

Discriminant analysis is used to classify objects/records into two or more groups based on the 

knowledge of some variables related to them. Discriminant function analysis or Discriminant 

Analysis is used to classify cases into the values of a categorical dependent, usually a dichotomy. If 

discriminant function analysis is effective for a set of data, the classification table of correct and 

incorrect estimates will yield a high percentage correct. Multiple discriminant analysis (MDA) is an 

extension of discriminant analysis and an extension of multiple analysis of variance (MANOVA), 

sharing many of the same assumptions and tests. MDA is used to classify a categorical dependent 

which has more than two categories, using as predictors a number of interval or dummy 

independent variables. MDA is sometimes also called discriminant factor analysis or canonical 

discriminant analysis. 

There are several purposes for DA and/or MDA: 

 To classify cases into groups using a discriminant prediction equation. 

 To test theory by observing whether cases are classified as predicted. 

 To investigate differences between or among groups. 

 To determine the most parsimonious way to distinguish among groups. 

 To determine the percent of variance in the dependent variable explained by the independents. 

 To determine the percent of variance in the dependent variable explained by the independents 

over and above the variance accounted for by control variables, using sequential discriminant 

analysis. 

 To assess the relative importance of the independent variables in classifying the dependent 

variable. 

 To discard variables which are little related to group distinctions 

 To infer the meaning of MDA dimensions which distinguish groups based on discriminant 

loadings. 

4.2.1 Discriminant analysis equation 

Y=a+ k1x1 +k2x2 +……. +knxn 

Where Y is dependent variable; a is a constant;  x1, x2, … xn are independent variables; 

k1, k2, … kn are  coefficients of the independent variables. 

In this specific case, for the development of the model the dependent and independent variables 

are as follows:  The dependent variable (Y) is the client risk rating (CRR), and the independent 

variables (x1, x2,…,x20) are listed in Table 4. 
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Table 4 Twenty independent factors contributing to client risk rating 

Client history Liquidity Integrity Succession 

Industry status Leverage Family standing Employee quality 

Relationship with  

suppliers 
Sales growth Financial standing Internal controls 

Relationship with 

customers 
PBDIT/sales 

Management 

competence 
Repayment records 

Competition 
Debt service  coverage 

ratio (DSCR) 
Management 

commitment 
Compliance records 

4.2.2 Building the model 

Discriminant Analysis was performed to develop a function to discriminate between moderate 

risk clients, high risk clients and very high risk clients and to find the factors which contributes the 

maximum in discrimination.  To build the discriminant model the value of the dependent and the 

independent variables for the 46 records were entered in the SPSS software and the weights/ 

coefficients for all the parameters were computed.   

4.2.3 Eigen values   

The Eigen value is the ratio of the between-groups sum of squares to the within-groups sum of 

squares. 

 Two canonical discriminant functions are used in the analysis. 

Interpretation: The largest Eigen value in the table corresponds to the eigenvector in the 

direction of the maximum spread of the group‟s means. The second largest Eigen value corresponds 

to the eigenvector in the direction that has the next largest spread, and so on. Small Eigen values 

account for very little of the total dispersion. From table 5, it is clear that first function explains 

more variance than the second. The percentage of variance column allows us to evaluate which 

canonical variable accounts for most of the spread. The cumulative percentage is the percentage of 

the total dispersion accounted for by the canonical variables. Table 5 indicates that the first function 

accounts for 55.2% of the total dispersion. The canonical correlation measures the association 

between the discriminant scores and the groups. Values close to 1 indicate a strong correlation 

between the discriminant scores and the groups. Table 5 indicates there is a correlation of 0.77 

between the discriminant scores from function 1 and the groups. 

                                  Table 5 Eigen values 

4.2.4 Wilks’ Lambda (Model)-Test of significance of discriminant model 

Wilks' lambda is used to test the significance of the discriminant function as a whole. It is the 

proportion of the total variance in the discriminant scores not explained by differences among the 

groups.  Wilks' lambda ranges between 0 and 1. Values close to 0 indicate the group means are 

different. Values close to 1 indicate the group means are not different. 

Function Eigen value % of Variance Cumulative % Canonical Correlation 

1 1.456(a) 55.2 55.2 0.770 

2 1.180(a) 44.8 100.0 0.736 
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Table 6 Wilks' Lambda-Test 

 

 

 

 

 

 
Interpretation: The test of functions column tests the hypothesis that the means of the 

functions listed are equal across groups. The Wilks‟ Lambda value is close to 0 which indicates that 

the null hypothesis of equal means across the functions is rejected. The model is clearly 

discriminating. A chi-square transformation of Wilks' lambda is used along with the degrees of 

freedom to determine significance. If the significance value is small (less than say 0.10) this 

indicates that group means differ. If it is large this indicates that group means do not differ.  Table 6 

indicates that the group means are different and the significance value is less than 0.10 and it is 

statistically significant. 

4.2.5 Standardized Discriminant Function Coefficients 

When variables are measured in different units, the magnitude of an unstandardized coefficient 

provides little indication of the relative contribution of the variable to the overall discrimination. 

Standardizing the coefficients allows us to examine the relative standing of the measurements. 

Variables with larger standardized coefficients contribute more to the discriminating power of the 

function compared with variables with smaller coefficients. 

Table 7 Standardized Canonical Discriminant Function Coefficients 

Variables 
Function 

1 2 

Client History -0.254 0.055 

Industry Status 0.155 0.699 

Relationship with suppliers -0.558 0.780 

Relationship with customers 0.640 -0.403 

Competition 0.365 -1.554 

Liquidity -1.931 0.192 

Leverage of the company 0.964 -0.560 

Sales Growth -0.219 0.808 

PBDIT/Sales 0.709 -1.067 

DSCR -0.482 0.307 

Integrity 0.147 -0.315 

Family Standing -0.312 0.900 

Financial Standing -0.204 0.291 

Management Competence -0.984 -1.252 

Management Commitment 0.530 0.535 

Succession 0.785 -1.511 

Employee Quality 0.549 0.528 

Internal Controls -0.527 0.475 

Repayment Records 0.485 0.929 

Compliance Records 0.545 1.046 

Test of Function(s) Wilks' Lambda Chi-square Df Sig. 

1 through 2 0.187 56.215 40 0.046 

2 0.459 26.109 19 0.127 
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Interpretation: From table 7, it is found that Leverage of the company, succession, PBDIT/ 

Sales, Relationship with customers, Employee quality, compliance records, Management 

commitment and repayment records are the factors that contribute more to discrimination of the 

various groups. They are critical to the discrimination of the groups. 

4.2.6 Unstandardized discriminant function coefficients    

The canonical coefficients are used to compute canonical variable scores for each case.  

Table 8 Canonical Discriminant Function Coefficients 

Variables 
Function 

1 2 

Client History -.218 .047 

Industry Status .225 1.016 

Relationship with suppliers -.731 1.022 

Relationship with customers .795 -.500 

Competition .322 -1.371 

Liquidity -1.572 .156 

Leverage of the company .956 -.556 

Sales Growth -.156 .575 

PBDIT/Sales .623 -.937 

DSCR -.567 .361 

Integrity .194 -.416 

Family Standing -.224 .645 

Financial Standing -.249 .356 

Management Competence -1.403 -1.784 

Management Commitment .715 .722 

Succession 1.299 -2.502 

Employee Quality .896 .862 

Internal Controls -.796 .718 

Repayment Records .293 .562 

Compliance Records .400 .766 

(Constant) -6.887 1.186 

Interpretation: The unstandardized discriminant function coefficients shown in Table 8 can be 

applied to the coefficients of the variables in the discriminant function for classification purposes. 

The unstandardized discriminant function coefficients can be used when calculating their 

discriminant scores. 

4.2.7 Discriminant functions  

A discriminant function, also called a canonical root, is a latent variable which is created as a 

linear combination of discriminating (independent) variables. There is one discriminant function for 

2-group discriminant analysis, but for higher order discriminant Analysis, the number of functions 

is (g - 1), where g is the number of categories in the grouping variable.  The first function will be 

the most powerful differentiating dimension, but later functions may also represent additional 

significant dimensions of differentiation. 

Function 1 

Y = -0.218(CLIENT HISTORY) +0.225(INDUSTRY STATUS)-0.731(SUPPLIERS)  

      +0.795(CUSTOMERS) +0.322(COMPETITION) -1.572(LIQUIDITY)       



ISSNs: 1929-0128; 1929-0136  © 2013 Academic Research Centre of Canada 

~ 84 ~ 
 

 

      + 0.956(LEVERAGE) -0.156(SALES GROWTH) +0.623(PBDIT/SALES) 

      -0.567(DSCR) +0.194(INTEGRITY) -0.224(FAMILY STANDING) 

      -0.249 (FINANCIAL STANDING) – 1.403(MANAGEMENT COMPETENCE)      

      +0.715(MANAGEMENT COMMITMENT) +1.299(SUCESSSION)    

      +0.896(EMPLOYEE QUALITY-0.796(INTERNAL CONTROLS) 

      +0.293(REPAYMENT RECORDS) +0.400(COMPLIANCE RECORDS)-6.887 

Function 2 

Y= 0.047 (CLIENT HISTORY) + 1.016 (INDUSTRY STATUS) +1.022(SUPPLIERS) 

      -0.500(CUSTOMERS) -1.371(COMPETITION) +0.156(LIQUIDITY) 

      -0.556 (LEVERAGE) +0.575(SALES GROWTH) -0.937(PBDIT/SALES) 

      +0.361(DSCR) -0.416(INTEGRITY) + 0.645(FAMILY STANDING) 

      + 0.356(FINANCIAL STANDING) – 1.784(MANAGEMENT COMPETENCE)   

      +0.722(MANAGEMENT COMMITMENT)-2.502(SUCESSSION)  

       + 0.862(EMPLOYEE QUALITY) +0.718 (INTERNAL CONTROLS) 

       +0.562(REPAYMENT RECORDS) +0.766(COMPLIANCE RECORDS) +1.186 

4.2.8 Discriminant score  

The discriminant score, also called the Discriminant Analysis core, is the value resulting from 

applying a discriminant function formula to the data for a given case. 

4.2.9 Functions at group centroids  

Functions at group centroids are the mean discriminant scores for each of the dependent 

variable categories for each of the discriminant functions.  

Table 9 Functions at Group Centroids 

 

 

 

Interpretation: Three group discriminant analysis has three centroids, one for each group. The 

means to be well apart to show the discriminant function is clearly discriminating. The first function 

discriminates Moderate risk group from high and very high risk groups combined. The first function 

discriminates Moderate risk group from high and very high risk groups combined. 

4.2.10 Classification function coefficients 

Interpretation: In table 10 below, each column contains estimates of the coefficients for a 

classification function for one group. There are 3 functions for three groups. The functions are used 

to assign or classify cases into groups. Each function allows us to compute classification scores for 

each case for each group by applying the formula:   Si = Ci + Wi1*X1 + Wi2*X2 + ... + Wim*Xm. In 

this formula, the subscript i denotes the respective group; the subscripts 1, 2,   ..., m denote the m 

variables; Ci is a constant for the i'th group, Wij is the weight  for the j'th variable in the computation 

Category of Risk 
Function 

1 2 

Moderate Risk 1.719 .356 

High Risk -1.086 1.151 

Very High Risk -0.458 -1.309 
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of the classification score for the i'th  group; Xj is the observed value for the respective case for the 

j'th variable. Si is the resultant classification score. To obtain a classification score for each case for 

each group, each coefficient is multiplied by the value of the corresponding variable, the products 

are summed, and the constant is added to get the score. A case is predicted as being a member of the 

group in which the value of its classification function is largest. 

Table 10 Classification Function Coefficients 

Variables 
Category of Risk 

Moderate Risk High Risk Very High Risk 

Client History 2.357 3.005 2.752 

Industry Status 11.524 11.702 9.344 

Relationship with suppliers -20.441 -17.578 -20.551 

Relationship with customers 23.923 21.296 23.026 

Competition 6.736 4.744 8.318 

Liquidity -8.623 -4.089 -5.462 

Leverage of the company 4.231 1.106 3.074 

Sales Growth -1.538 -.645 -2.156 

PBDIT/Sales 10.385 7.892 10.588 

DSCR 5.526 7.403 6.159 

Integrity 16.304 15.428 16.573 

Family Standing -4.161 -3.021 -4.747 

Financial Standing -7.858 -6.877 -7.907 

Management Competence 28.559 31.077 34.583 

Management Commitment 5.905 4.474 3.149 

Succession 24.625 18.992 25.962 

Employee Quality 1.420 -.408 -1.965 

Internal Controls -5.866 -3.063 -5.329 

Repayment Records -18.065 -18.441 -19.639 

Compliance Records -10.273 -10.785 -12.419 

(Constant) -252.486 -231.935 -238.888 

4.2.11 Classification matrix  

Table 11 Classification Results  

Interpretation: Table 11 depicts the degree of success of the classification for this sample. 

Overall, 89.1% of selected cases (i.e., the cases used for building the model) were correctly 

classified. It represents the classification accuracy (i.e hit ratio) of cases correctly classified. It can 

be determined by summing the diagonal elements and dividing by the total number of cases. 

Category of Risk Moderate Risk High Risk Very High Risk Total 

 

Count 

 

Moderate Risk 13 1 0 14 

High Risk 1 13 1 15 

Very High Risk 1 1 15 17 

 

% 

 

Moderate Risk 92.9 7.1 .0 100.0 

High Risk 6.7 86.7 6.7 100.0 

Very High Risk 5.9 5.9 88.2 100.0 



ISSNs: 1929-0128; 1929-0136  © 2013 Academic Research Centre of Canada 

~ 86 ~ 
 

 

4.3 Validation of the Model 

For checking the consistency of performance of the model, 24 existing clients were considered 

and rated. The comparison of the rating of the customer and the current status of the performance 

determines the consistency of the model. 

CASE 1- Tuticorin Alkali Ltd 

 The classification score for the very high risk category is the highest. 

 The discriminant score for the case is -4.020 which belongs to the very high risk 

category based on functions at group centroids. 

Result: The client belongs to the very high risk category and he may be refused credit. 

CASE 2- Spencer Travels 

 The classification score for the moderate risk category is the highest. 

 The discriminant score for the case is 4.208 which belong to the moderate risk category 

based on functions at group centroids. 

Result: The client belongs to the moderate risk category and he may be granted credit. 

4.3.1 Case wise statistics 
Table 12 Case wise Statistics 

Case No. Bank's Rating Model's Rating Actual Performance 

1 2(High Risk) 2(High Risk) Performing 

2 2(High Risk) 3(Very High Risk) NPA 

3 2(High Risk) 3(Very High Risk) NPA 

4 ** 1(Moderate Risk) 3(Very High Risk) Performing 

5 1(Moderate Risk) 1(Moderate Risk) Performing 

6  1(Moderate Risk) 3(Very High Risk) Performing 

7 2(High Risk) 2(High Risk) Performing 

8 2(High Risk) 2(High Risk) Performing 

9 1(Moderate Risk) 1(Moderate Risk) Performing 

10 2(High Risk) 2(High Risk) Performing 

11 1(Moderate Risk) 1(Moderate Risk) Performing 

12 2(High Risk) 2(High Risk) Performing 

13 2(High Risk) 2(High Risk) Performing 

14 2(High Risk) 2(High Risk) Performing 

15 2(High Risk) 3(Very High Risk) NPA 

16 3(Very High Risk) 1(Moderate Risk) Performing 

17 2(High Risk) 2(High Risk) Performing 

18 2(High Risk) 2(High Risk) Performing 

19 2(High Risk) 1(Moderate Risk) Performing 

20 1(Moderate Risk) 1(Moderate Risk) Performing 

21 1(Moderate Risk) 2(High Risk) Performing 

22 2(High Risk) 1(Moderate Risk) Performing 

23 ** 2(High Risk) 3(Very High Risk) Performing 

24 2(High Risk) 1(Moderate Risk) Performing 
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A total of 24 cases were taken for the validation of the model of which 21 records are good, 

ongoing records while 3 records are NPAs. The cases misclassified by the model are indicated by 

**. The Results are shown in table 12. The existing model was able to classify 19 records correctly. 

The proposed/new model is able to classify 22 records correctly 

Interpretation: The predictive power of the original/existing model was about 79.16%. The 

predictive power of the propose/new model is 91.67%. 

5. Concluding Remarks 

5.1 Key Findings 

The following are the key findings of the model  

 20 variables were used to construct the discriminant model of which  Leverage of the 

company, succession, PBDIT/Sales, Relationship with customers, Employee quality, 

compliance records, Management commitment and repayment records are the variables that 

contribute more to discrimination of the various groups (From table 7). 

 89.1% of the cases used for analysis were classified correctly based on the known 

information about the groups (From table 11). This indicates the degree of success of the 

classification for this sample. Given three groups in this research, by chance alone one 

would expect a classification accuracy of 1/3 =.333 or 33.33%. The improvement over 

chance is more than 25% indicating at least satisfactory validity .The classification 

accuracy of this discriminant function is more than 55%. Therefore the validity of this 

research can be judged as being satisfactory. The results demonstrate that the discriminant 

function is accurate in predicting group membership. 

 About 79.16% of the original cases were classified correctly according to the existing 

model. (i.e. the predictive power of the existing/current model is 79.16%) (From table 12). 

 About 91.67% of the original cases were classified correctly according to the discriminant 

model. (i.e. the predictive power of the discriminant model is 91.67%) (From table 12). 

5.2 Conclusion 

Multiple Discriminant model as a credit risk assessment technique is a viable alternative to the 

bank‟s existing model .The ultimate objective of the model is to increase accuracy in loan granting 

decisions which implies the following: (1) More credit worthy applicants are granted credit and 

increase profit; (2) Non credit worthy applicants are denied credit and decrease losses; and (3) A 

slight improvement in accuracy would translate into future savings and have an impact on 

profitability. 

5.3 Suggestions 

 Credit rating model of the bank typically have a limited useful life span of two to three 

years before they need to be replaced or recalibrated. 

 The variables selected in this research greatly characterize the situation of the companies 

regarding their industry risk, business risk, financial risk and management risk.  

 The bank can adopt the newly evolved discriminant model which is developed using a 

scorecard which captures underlying economic conditions.  
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 The procedure followed to obtain the discriminant function, offers a simple and reliable 

model for predicting and enabling the quantification of the default risk. The model not only 

classifies the clients but also lists out the factors influencing the discrimination. 

 Discriminant Model is reasonably accurate than the bank‟s existing model and it has better 

predictive power than the bank‟s model. Hence the bank can adopt the newly proposed 

model for better classification of clients and default prediction , provided it is based on 

non-correlated variables  
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