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Abstract 

This thesis reviews, applies and evaluates the ability of credit scoring models to 

quantify the credit risk of personal loans in Libya. After discussing the various 

theoretical and practical issues involved in credit risk modeling, the thesis first 

provides an overview of the main characteristics of the evolving consumer 

banking system in Libya, with a particular emphasis on the procedures currently 

applied by Libyan commercial banks when making decisions granting personal 

credit. Attention is especially given to the limitations of the credit assessment 

process currently employed by Libyan banks and its impact on successful credit 

risk management. This is followed by a comprehensive international survey of the 

extant empirical work on credit scoring models. This provides a comprehensive 

methodological framework for the parametric and nonparametric modeling of 

consumer credit risk, including variable specification. In the empirical part of the 

thesis, confidentialised personal loan records provided by Libya‘s Al-Wahada 

Bank are randomly sampled and used along with discriminant analysis, logistic 

regression and survival analysis to construct and evaluate the competing credit 

scoring models. While the results identify a small common set of independent 

variables that could be considered as the most important variables affecting the 

probability of the default of personal loans, including the loan amount, the 

borrower‘s income, whether the guarantor‘s salary is ongoing, whether the 

borrower guarantees another borrower, and whether the guarantor guarantees 

another borrower, the findings also indicate that logistic regression performs 

significantly better than either discriminant or survival analysis in consumer credit 

scoring models in the chosen context. 

 

 

 

 

 

 



iv 

 

Acknowledgements 

I am firstly grateful to almighty Allah who gave me the opportunity to complete 

this thesis. I have also had the great fortune to study under the supervision of 

Professor Andrew Worthington. I am very grateful for his invaluable guidance and 

encouragement. I am also grateful for his friendly support and enthusiasm and for 

the time we have spent together. I would also thank my co-supervisor, Dr Helen 

Higgs for her statistical advice and valuable comments in the revision of my 

thesis. 

Special thanks to my wife, Sabah, for her time, caring, warmth and understanding 

and my son, Abdelsalam, and daughters, Asil, and Razan for supporting me 

throughout my thesis candidature and for many sacrifices, with many long hours 

spent on my studies instead of being with them. I would like also to thank the staff 

of the Al-Wahada Bank .who kindly gave me the opportunity to collect my data 

and provided me with valuable information; a key to the success of my study.  

Finally, I would like also to acknowledge with sincere appreciation the Ministry of 

Higher Education of Libya and the University of Garyounis for providing me with 

financial and other assistance to enable me to undertake my studies in Australia. 

 

 

 

 

 

 

 

 

 

 

 



v 

 

Table of Contents 

Statement of sources ............................................................................ ii 

Abstract ............................................................................................... iii 

Acknowledgements ............................................................................. iv 

Table of Contents ................................................................................. v 

List of Figures ...................................................................................... x 

List of Tables ....................................................................................... xi 

Chapter 1. Introduction ...................................................................... 1 

Chapter 2. The Theory and Practice of Credit Risk Modelling ..... 9 

2.1 Introduction ................................................................................................... 9 

2.2 A structure for credit and lending decisions .................................................. 9 

2.2.1 External factors .................................................................................... 10 

2.2.2 Internal factors ..................................................................................... 12 

2.2.3 Borrower-specific factors ..................................................................... 14 

2.3 Overview of credit risk................................................................................ 15 

2.4 Credit risk analysis ...................................................................................... 17 

2.4.1 Expert systems ..................................................................................... 17 

2.4.2 Risk premium analysis ......................................................................... 18 

2.4.3 Econometrics ........................................................................................ 18 

2.4.4 Hybrid systems ..................................................................................... 19 

2.5 Credit risk modelling .................................................................................. 20 

2.5.1 Credit rating ......................................................................................... 22 

2.5.2 Portfolio models ................................................................................... 29 

2.6 Comparison of portfolio models ................................................................. 42 

2.7 Concluding remarks .................................................................................... 45 

Chapter 3. An Empirical Review of Credit Scoring Models ......... 47 

3.1 Introduction ................................................................................................. 47 

3.2 An overview of credit scoring ..................................................................... 47 

3.2.1 Definition ............................................................................................. 47 

3.2.2 Development of credit scoring ............................................................. 48 



vi 

 

3.2.3 Credit scoring and judgemental systems .............................................. 50 

3.2.4 Consumer and small business credit scoring ....................................... 51 

5.2.3 Credit scoring and credit ratings .......................................................... 53 

3.3 Credit scoring methods ............................................................................... 54 

5.5.3 Parametric statistical approaches ......................................................... 54 

3.3.2 Non-parametric approaches ................................................................. 61 

3.3.3 New methods in credit scoring ............................................................. 73 

3.4 Comparison of methods .............................................................................. 77 

3.5 Review of credit scoring models ................................................................. 78 

3.6 Independent variables in credit scoring....................................................... 80 

3.7 Sample size considerations ......................................................................... 98 

3.8 Concluding remarks .................................................................................... 99 

Chapter 4. The Libyan Banking and Credit System ................... 101 

4.1 Introduction ............................................................................................... 101 

4.2 A brief history of Libya ............................................................................. 101 

4.3 The Libyan economy ................................................................................. 103 

4.3.1 Economic development planning in Libya ........................................ 104 

2.5.2 Gross domestic product (GDP) .......................................................... 106 

4.3.3 Libyan exports, imports and balance of payments ............................. 109 

4.4 The finance sector in Libya ........................................................................ 110 

4.4.1 Bank sector .......................................................................................... 110 

4.4.2 Banking structure in Libya .................................................................. 115 

4.4.3 Central Bank of Libya ......................................................................... 115 

4.4.4 Commercial banks ............................................................................... 116 

4.4.5 Deposits development in commercial banks ....................................... 118 

4.4.6 Credit facilities in commercial banks ................................................. 121 

4.4.7 Distribution of credit facilities by commercial banks ........................ 124 

4.4.8 Specialised banks ............................................................................... 125 

4.4.9 The Libyan Arab Bank ....................................................................... 127 

4.4.10 The Libyan Stock Exchange ............................................................ 128 

4.4.11 Insurance companies ........................................................................ 129 

2.2.32 Social Security Fund ........................................................................ 129 

4.4.13 Social Joint Fund .............................................................................. 130 



vii 

 

4.4.14 National Investment Company ......................................................... 130 

4.4.15 Foreign Exchange and Financial Services Company ....................... 130 

4.4.16 Libyan Arab Foreign Investment Company ..................................... 130 

4.4.17 Libyan Arab African Investment Company ..................................... 130 

4.5 Credit policy considerations ...................................................................... 131 

4.5.1 The objectives of credit policy ........................................................... 131 

4.5.2 Credit policy requirements ................................................................. 132 

4.5.3 Procedures for granting loans in Libya .............................................. 133 

4.6 Al-Wahada Bank ....................................................................................... 134 

4.6.1 Credit facilities in the Al-Wahada Bank ............................................. 135 

4.7 Concluding remarks .................................................................................. 137 

Chapter 5. Research Methodology ................................................ 139 

5.1 Introduction ............................................................................................... 139 

5.2 Research context ....................................................................................... 140 

5.3 Data collection and sampling .................................................................... 141 

5.4 Variable definitions ................................................................................... 144 

5.5 Justification for using parametric models ................................................. 146 

5.6 Discriminant analysis ................................................................................ 147 

5.6.1 The dependent variable ...................................................................... 147 

5.6.2 The Independent variables ................................................................. 147 

5.6.3 Sample considerations ........................................................................ 149 

5.6.4 Assumptions of discriminant analysis ................................................ 149 

5.6.5 Estimation of the discriminant model ................................................ 152 

5.6.6 Assessment of discriminant model ..................................................... 153 

5.7 Logistic regression .................................................................................... 158 

5.7.1 Assumptions of logistic regression .................................................... 159 

5.7.2 Sample and variables considerations ................................................. 162 

5.7.3 Estimating the logistic model ............................................................. 162 

5.7.4 Assessing the goodness of fit of the estimated model ........................ 163 

5.7.5 Testing for significance of the coefficients as group .......................... 165 

5.8 Survival analysis ....................................................................................... 166 

5.8.1 Assumptions of survival analysis ....................................................... 167 

5.8.2 Sample and variables considerations ................................................. 168 



viii 

 

3.6.5 Estimation of the survival model ....................................................... 169 

5.8.4 Assessing the goodness of fit of the estimated model ........................ 170 

5.8.5 Testing for significance of the coefficients ........................................ 171 

5.9 Comparison models ................................................................................... 172 

5.10 Concluding remarks ................................................................................ 173 

Chapter 6. Empirical Results ......................................................... 176 

6.1 Introduction ............................................................................................... 176 

6.2 Data and descriptive statistics ................................................................... 176 

6.3 Discriminant analysis ................................................................................ 181 

6.3.1 Estimation of the discriminant model and testing overall fit ............. 181 

6.3.2 Interpretation of the results ................................................................ 191 

6.3.3 Test of multicollinearity ..................................................................... 192 

6.3.4 Test of outliers .................................................................................... 193 

6.3.5 Test of homogeneity ........................................................................... 194 

6.3.6 Summary of discriminant result ......................................................... 195 

6.4 Logistic regression results ......................................................................... 195 

6.4.1 Estimation of logistic model and testing overall fit ........................... 195 

6.4.2 Logistic coefficients test .................................................................... 203 

6.4.3 Interpretation of the results ................................................................ 207 

6.4.4 Test of outliers .................................................................................... 209 

6.4.5 Test of multicollinearity ..................................................................... 212 

6.4.6 Test of linearity .................................................................................. 213 

6.4.7 Summary of logistic result ................................................................. 214 

6.5 Survival analysis results ............................................................................ 214 

6.5.1 Estimation of survival model and testing the overall model fit ......... 215 

6.5.2 Survival coefficients test .................................................................... 217 

6.5.3 Interpretation of the results ................................................................ 218 

6.5.4 Test of outliers .................................................................................... 219 

6.5.5 Test of proportional hazard assumption ............................................. 221 

6.5.6 Test of multicollinearity ..................................................................... 222 

6.5.7 Summary of Survival analysis result ................................................. 223 

6.6 Model comparison ..................................................................................... 224 

6.6.1 Receiver Operating Characteristic curve (ROC)................................ 224 



ix 

 

6.6.2 Correctly classified method ............................................................... 226 

6.7 Concluding remarks .................................................................................. 227 

Chapter 7. Conclusion .................................................................... 230 

7.1 Introduction ............................................................................................... 230 

7.2 Summary ................................................................................................... 230 

7.3 Contribution of the study and policy implications .................................... 237 

7.4 Limitations and Suggestion for Further Research ..................................... 239 

List of References ............................................................................ 241 

Appendix .......................................................................................... 274 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



x 

 

List of Figures 

Figure 2.1 A framework for credit and lending decisions ..................................... 10 

Figure2.2  Porter‘s five forces ............................................................................... 12 

Figure 2.3 Credit rating process ............................................................................ 26 

Figure 2.4 Merton‘s insight ................................................................................... 32 

Figure 2.5 CreditMetrics schematic ...................................................................... 35 

Figure 3.1 Approaches to credit scoring ............................................................... 55 

Figure 3.2 Example of a classification tree ........................................................... 62 

Figure 3.3 Example of a single-layer neural network ........................................... 68 

Figure 3.4 Example of a multilayer perceptron .................................................... 69 

Figure 4.1 Average contribution of economic sectors to Libyan GDP, 1994–2004

 ............................................................................................................................. 107 

Figure 4.2 Gross Domestic Product and oil and non-oil activity 1970–2004 ..... 108 

Figure 4.3 GDP per capita 1970–2004 ................................................................ 108 

Figure 4.4 Oil exports and other exports 1970–2004 .......................................... 109 

Figure 4.5 Banking structure in Libya ................................................................. 116 

Figure 4.6 Development of deposits in Libya 1970–2004 .................................. 120 

Figure 4.7 Liquidity ratio of Libyan commercial banks1970 –2004 .................. 123 

Figure 4.8 Commercial banks credit to various sectors ...................................... 124 

Figure 4.9 Al-Wahada loans 1996–2004 ............................................................. 137 

Figure 5.1 ROC curve of credit models comparison........................................... 173 

Figure 6.1 Identifying influential cases ............................................................... 220 

Figure 6.2 Martingale residual against covariates............................................... 221 

Figure 6.3 ROC curve of credit models comparison........................................... 224 

 

 

 

 

 

 



xi 

 

List of Tables 

Table 2.1 A range of possible application of quantitative credit risk models ....... 21 

Table 2.2 Credit rating criteria .............................................................................. 27 

Table 2.3 Comparison of portfolio models ........................................................... 43 

Table 3.1 Differences between credit scoring and credit ratings .......................... 53 

Table 3.2 Comparison of credit scoring approaches for classification accuracy .. 78 

Table 3.3 Advantages and disadvantages of credit scoring methods .................... 79 

Table 3.4 Credit scoring survey ............................................................................ 81 

Table 4.1 Commercial banks in Libya ................................................................. 118 

Table 4.2 Deposit types 1970–2004 (LYD million) ............................................ 120 

Table 4.3 Credit facilities 1970–2004 (LYD million) ......................................... 122 

Table 4.4 Comparison between deposits and credit facilities 1970–2004 (LYD 

million) ................................................................................................................ 122 

Table 4.5 Types of loans granted by Libyan commercial banks 1970–2004 (LYD 

million) ................................................................................................................ 125 

Table 4.6 Credit facilities of Al-Wahada Bank 1996–2004 (LYD thousand)...... 136 

Table 5.1 Variable definitions.............................................................................. 145 

Table 6.1 Descriptive statistics for categorical borrower variables of the .......... 177 

Table 6.2 Descriptive statistics for categorical guarantor variables of the Al-

Wahada Bank ...................................................................................................... 179 

Table 6.3 Descriptive statistics for quantitative variables of the Al-Wahada Bank

 ............................................................................................................................. 180 

Table 6.4 Group descriptive statistics and tests of equality for the estimation 

sample in the two group discriminant analysis ................................................... 182 

Table 6.5 Variables in the analysis after each step .............................................. 183 

Table 6.6 Overall model fit after each step ......................................................... 184 

Table 6.7 Overall model fit ................................................................................. 185 

Table 6.8 Prior probabilities for groups .............................................................. 186 

Table 6.9 Classification results (b,c,d) ................................................................ 188 

Table 6.10 Profiling correctly classified and misclassified cases in the two groups

 ............................................................................................................................. 190 



xii 

 

Table 6.11 Summary of interpretive measures for two-group discriminant analysis

 ............................................................................................................................. 191 

Table 6.12 Assessing tolerance and VIF values .................................................. 192 

Table 6.13 Test results of homogeneity ............................................................... 194 

Table 6.14 Log Determinants of variance ........................................................... 194 

Table 6.15 Base model results ............................................................................. 196 

Table 6.16 Stepwise estimation: Step one results ............................................... 198 

Table 6.17 Variables in the analysis after each step ............................................ 199 

Table 6.18 Overall model fit (chi-square) ........................................................... 199 

Table 6.19 Hosmer and Lemeshow 2  Test ....................................................... 200 

Table 6.20 Measures of 2R  ................................................................................. 200 

Table 6.21 Classification accuracy ...................................................................... 201 

Table 6.22 Classification according to Press‘s Q ................................................ 203 

Table 6.23 Variables in the model ....................................................................... 204 

Table 6.24 Model if term removed ...................................................................... 205 

Table 6.25 Profiling correctly classified and misclassified cases in the two groups

 ............................................................................................................................. 206 

Table 6.26 Outlier cases ...................................................................................... 209 

Table 6.27 Variables in the equation after outlier cases omitted ......................... 210 

Table 6.28 Coefficient diagnostics ...................................................................... 212 

Table 6.29 Linearity test ...................................................................................... 213 

Table 6.30 Overall model fit: Goodness-of-fit measures .................................... 215 

Table 6.31 Omnibus tests of model coefficients (g, h) ........................................ 217 

Table 6.32 Variables in the equation ................................................................... 217 

Table 6.33 Model if term removed ...................................................................... 218 

Table 6.34 Testing proportional hazards assumption .......................................... 222 

Table 6.35 Test of multicollinearity .................................................................... 223 

Table 6.36 Area under the curve of credit models .............................................. 225 

Table 6.37 Cut-off points with ROC curve ......................................................... 226 

Table 6.38 Modelling classifications ................................................................... 227 

 

 



Credit Risk Modelling in Libya 

 

 

–1– 

Chapter 1. Introduction 

Bank credit constitutes an important, if not the main, part of the work performed 

by commercial banks. Not only do credit facilities represent a sizeable portion of 

commercial banks assets, but they are also considered to be an important source of 

bank returns. However a bank‘s capacity to grant loans is limited as it is 

determined by the difference between the total numbers of deposits and the part 

kept by the bank in the form of liquid funds to meet the demands of clients. Bank 

credit is also important because of its role in bank activities, i.e. accepting 

deposits and granting loans, while at the same time observing the possibility of 

some clients withdrawing all or part of their deposits. In other words, the funds to 

be granted as credit are those which will not probably be withdrawn by depositors 

during the period appointed for payment of the loan. Thus, banks grant loans from 

the funds deposited with them with a higher interest rate than that paid to clients 

for their deposits to avoid risk resulting any from possibility of insolvency. 

Furthermore, the international debt markets are a major source of finance for 

government, financial institutions and corporations. While all major international 

financial centres attract foreign borrowers, the Euromarkets and the US markets 

are represented as suppliers of short, medium, and long-term debt finance. For 

instance, the Euromarket involves intermediated finance and includes short-term 

bank advances, stand-by facilities and medium-to long-term bank loans. Short-

term bank loans are completely drawn advances represented in a currency other 

than the currency of the bank lender. A stand-by facility is a contingency line of 

credit that is established with a financial institution and is usually drawn down 

only in a time of tight liquidity. Long-term bank loans are typically syndicated 

loans because of the size of the debt issue (Rose, 2002). 

Moreover, securitization is another tool for raising new funds and for reducing a 

bank‘s risk exposure (Rose, 2002). Banks can decrease their capital requirements 

and reduce credit risk by selling assets and servicing the payments between 

borrower and lender, rather than holding the same assets to earn interest (Kock 

and MacDonald, 2006). The main forms of securitization are divided into three 

form; the pass- through security, the collateralized mortgage obligation, and the 
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mortgage-backed bond (Saunders and Cornett, 2003). The pass- through security 

requires accumulating debts in the pool in order to generate cash flow and sold 

first to an intermediary who passes them on to investors as securities. The 

collateralized mortgage obligation requires accumulating home mortgage loans in 

the pool and then the government agency guaranteed pass-through securities are 

issued against the mortgage pool and may be purchased by a bank or other 

investors. Finally, the mortgage-backed bonds are issued to reduce credit risk to 

the investors and these bonds separate the mortgage loans held on its balance 

sheet from its other assets and pledge those loans as collateral to support the 

mortgage-backed bonds (Saunders and Cornett, 2003).  

As a result, the decision by a bank to grant credit is clearly important. Therefore, 

banks must be aware of the potential risks which may be faced if the client fails to 

repay. Credit decisions made by banks and financial institutions include many 

factors (Foster, 1986). For this reason, when an application is submitted to a bank 

for a loan, it may not be easy for the bank to make the decision to extend credit. 

There are other decisions to make and other factors to take into consideration, 

including many guarantees, profitability, liquidity, the interest rate on the loan, the 

value of the loan, and the due date.  

In view of the abovementioned factors, when granting credit banks must follow a 

sound credit policy. For this policy to be realized, the bank examines the 

distribution of each item of the assets and liabilities in the bank‘s budget to see 

whether the bank is able to provide liquid funds for the credit facility. The credit 

policy of commercial banks is guided by the following considerations: (i) 

preservation and good use of depositors‘ funds, (ii) compliance with the state‘s 

general policy, that is, the decisions of the central bank in relation to interest rates 

and commissions, and (iii) promotion of credit economic sectors and meeting the 

needs of the credit society. 

In addition to these policies, there are requirements issued by the Bank for 

International Settlement (BIS). The Basel Committee established policies for 

capital in 1988 known as the Basel Capital Accord (Basel I). The Accord was 

enforced for globally banks in the some countries. They should retain at least an 
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eight percent of capital to risk-weighted assets ratio as a security against potential 

credit losses. This requirement was applied in more than 100 countries during the 

1990s and became a world standard during the 1990s (BIS, 2001). The Basel 

Committee also issued a new accord under the title ―International Convergence of 

Capital Measurement and Capital Standard—a Revised Framework,‖ commonly 

known as ―Basel II‖ in June 2004. Basel II is more risk sensitive than the 1988 

Capital Accord. It offers banks a range of new options for measuring both credit 

and operational risk. It is built on three pillars, which are (1) minimum capital 

requirements consider credit risk, operational risk and market risk, (2) a 

supervisory review process which includes total capital requirement assessment 

by a bank, supervision and control. of capital level, and the intervention of a 

supervisor at an early stage to keep capital level, and (3) market discipline is 

achieved through establishing a set of disclosure requirements that provide market 

participants to evaluate information regarding the capital adequacy of a bank 

(Viney, 2007).  

The subject of credit has been addressed by many studies, some of which present 

models dealing with the credit decision, the evaluation of credit or paying 

capacity. These studies focused on constructing models that can be used in 

reducing credit risk. Indeed, the suitable credit risk models play a vital role in 

reducing many risks especially those related to uncertainty. Among these models 

are credit scoring models.  

Credit scoring models appear to overcome the shortage of the judgemental 

systems represented mainly in subjective decisions and increasing demand of 

loans as well as introducing credit cards. Therefore, several approaches are 

applied, particular in the US and UK, to construct credit models focusing on 

personal loans. These models provide a scientific basis for assessing an applicant 

to help in making the decision on whether to grant credit. Credit scoring is 

generally regarded as one of the more successful practical application of statistical 

and operations research modelling in finance and banking. Lenders use credit 

scoring to estimate the possible risk that results from lending money to consumers 

and to reduce losses from bad loans. The initial step of credit scoring is to identify 

the predictor‘s variables extracted from application forms and other credit 
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information and then to apply statistical and non-statistical techniques to produce 

a score which contributes to estimating credit risk. Credit scoring models have 

been applied to three categories; consumer loans, small business loans and 

corporate loans. Over more than decade plenty of papers were published about 

credit scoring models by either studying each model individually or combining 

the result of different techniques. These papers are discussed in details in Chapter 

3 in terms of credit scoring approaches and their applications on different types of 

loans. Most of these papers were focused on the credit risk in developed countries. 

Thus, it can be said that the developing countries have not been properly studied 

in relation to credit scoring models. This provides a good motivation for 

conducting research in such these countries.     

Credit facilities in Libyan banks have rapidly developed to keep up with the 

progress made in the various economic sectors, including banking. It is expected 

that credit will grow to finance the various economic activities resulting from 

changes in the new economic structure and transformation into a market economy. 

Thus, the importance of credit risk models for making credit decisions has 

become very essential. A lack of credit risk models may lead to making the wrong 

decision. Some of the consequences of making wrong decisions are the following: 

(i) the unsound distribution of the banks available resources, (ii) the risk of credit 

clients being unable to repay their debt and interest, (iii) an increase in the debts 

of the borrowing bodies to banks as a result of the banks not examining financial 

reports in a sound manner, and (iv) an increase in the allowances for doubtful 

debts with some doubt to their sufficiency.  

This thesis aims to achieve the following objectives. First, to review the models 

that quantify credit risk. Second, to examine the credit scoring models used in 

evaluating credit risk and the variables used in constructing these models. Third, 

to discuss the main characteristics of the Libyan banking and the economic sectors 

as well as the procedures applied by Libyan commercial banks when making 

decisions relating to granting credit. Fourth, to specify the independent variables 

that are useful in evaluating the credit risk of Libyan banking in terms of personal 

loans. Finally, to identify the best credit scoring model to be used in a Libyan 

context.  
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To achieve the first, second and third objectives, the review of credit risk models, 

credit scoring models and Libyan banking and economy provides a discussion and 

explanation of each. In relation to the fourth objective, data for personal loans is 

gathered from Libyan banks to use in identifying the independent variables by 

using three statistical techniques: discriminant analysis, logistic regression 

analysis and survival analysis. Finally, the receiving operating characteristic 

(ROC) curve and other classification methods are used to achieve the final 

objective.      

This thesis is significant as the Libyan economy has recently started promoting 

the private sector which makes it necessary for banks to use certain techniques 

and procedures in decision-making. Moreover, the Libyan government has called 

for the privatization of all sectors, including the banking sector. For example, the 

Central Bank of Libya recently announced the privatization of the Sahara Bank 

and Al-Wahada Bank. This has released the Libyan banks from the domination of 

the Central Bank of Libya on their lending and other activities and creates a 

competitive environment among commercial banks. Thus, adopting the new 

models for evaluating credit risk becomes a crucial mission for all banks. The 

Central Bank of Libya also permits foreign banks to hold shares in domestic 

banks and to open branches or representation offices in Libya. Representative 

bank offices offer limited service and cannot accept deposits or make loans but 

can be considered as marketing agencies to facilitate connection between a bank 

and its overseas customers. However, bank branches provide the full range of 

financial services including, currency exchange, offering different types of credit 

facilities, offering several types of deposit accounts, financial advising, trust 

services and other services in accordance with their regulations (Rose, 2002). 

Therefore, these foreign banks will enter the Libyan banking sector with advanced 

techniques particularly in relation to credit risk evaluation. Furthermore, the 

Libyan government usually grants money for people who are unemployed to 

encourage them to establish personal and small businesses. For example, the 

Libyan government recently allocated LYD
1
2.3 billion in bank loans to stimulate 

local entrepreneurs. Consequently, the Libyan banks are also motivated to follow 

                                                 
1
 One LYD equals approximately USD0.80. 
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modern models of developed countries for evaluating the credit risk for such 

loans.  

In addition, this thesis is an attempt to study and investigate the procedures 

followed in making decisions relating to credit facilities in Libya. Thus, it 

proposes some solutions to the problems facing banks in using financial and social 

economic data when making credit decisions. Moreover, the thesis will show the 

result of the use of credit scoring models by Libya as well as the performance of 

each model. For example, Hand and Henly (1997) showed that there is no overall 

best method and the best one depends on the data, the variables and the objective 

of the classification. Yobas et al. (2000) also reached similar results regarding 

comparison credit scoring models. Therefore, this is another persuasive 

motivation to conduct this thesis to explore another contribution in comparison to 

credit scoring models in other different environment.  

The above discussion shows that credit risk scoring is needed to to be applied in 

Libyan banks to help make rational decisions on credit facilities. Furthermore, 

there are no studies showing that Libyan banks make sound use of credit scoring 

models when making credit decisions. Credit policy in Libya does not show the 

importance of these models in decision-making as Libyan banks still retain 

traditional methods of credit analysis. Thus, because of the lack of these models in 

Libyan banks and in order to rectify this neglect, this thesis deals with the credit 

risk modelling in Libya. This thesis is composed of six main chapters: 

Chapter 1 provides an introduction and overview of the thesis. It includes the 

background of the research context, the problem addressed by this thesis, and the 

objectives and significance of the thesis. Chapter 2 discusses the process of 

decision-making in banking. The decision made by the bank to grant credit is 

extremely important therefore, banks must be aware of the potential risks which 

may be faced if the client fails to repay his/her loan. Therefore, the definitions and 

role of credit risk management in banking are reviewed. In addition, this chapter 

reviews the models which quantify credit risk. Consequently, different credit 

models will be also reviewed. The first models are stand-alone credit risk models 

which attempt to assess credit risk at the level of firm or individual borrower. 
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These models include expert and credit rating systems. The other models are 

portfolio credit risk models which measure credit risk at the portfolio level. Three 

modern credit portfolios techniques are also examined; namely, structural models, 

explicit factor models, and reduced form models. As each model has its own 

strengths and weaknesses, thus, it is useful to be aware of their role in this context. 

Chapter 3 reviews credit scoring models as a quantitative tool used to evaluate 

credit risk. These models provide the scientific basis for assessing an applicant to 

help in making the decision on whether to grant credit.  Credit scoring is generally 

regarded as one of the more successful practical applications of statistical and 

operations research modelling in finance and banking. Therefore, lenders use 

credit scoring to estimate the possible risk results from lending money to 

consumers and to reduce losses from bad loans. Furthermore, the initial step of 

credit scoring models is to identify the predictor‘s variables extracted from 

application forms and other credit information and then apply statistical and non-

statistical techniques to produce a score which contributes to an estimation of 

credit risk. 

Chapter 4 provides a summary of the characteristics of the Libyan economy 

concentrating on the Libyan banking and credit system. This summary is essential, 

as credit risk modelling cannot be studied in isolation of the surrounding 

environment which consists, inter alia, of the legal environment, the credit system 

and policy, and other characteristics of the economy. 

Chapter 5 explains the methodology adopted in the thesis. This includes a 

discussion of the empirical methodology, the method of data collection, sampling 

strategy and an outline of the analytical procedures. It also provides additional 

details of the statistical techniques used in the thesis. Chapter 6 presents the 

results of the data analysis. The main purpose of this chapter is to analyse the data 

collected and discuss the results obtained by applying the techniques detailed in 

chapter 5 (discriminant analysis, logistic analysis and survival analysis). It also 

provides a comparison of the three techniques in order to reach a conclusion about 

the optimal technique in terms of importance and performance in identifying 

credit risk models in Libyan banks. 
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Finally, Chapter 7 summarises the major conclusions derived throughout the 

thesis. It presents a summary of each chapter in this thesis. This is followed by a 

discussion on the contributions and limitations. Suggestions for further study are 

provided at the end of the chapter. 
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Chapter 2. The Theory and Practice of Credit Risk 

Modelling 

2.1 Introduction 

Banks and other financial institutions have attempted to develop advanced 

methods to measure credit risk across different types of loans. The benefit of 

credit risk models comes from the need to develop more precise quantitative 

models to help lenders reduce credit risk. In addition, the outputs of credit risk 

models plays a role in managing the credit risk of financial institutions. The 

purpose of this chapter is to review the models which quantify credit risk. The 

first set of models are standalone credit risk models that attempt to assess credit 

risk at the firm or individual borrower level. These models include expert and 

credit rating systems. The second set of models are portfolio credit risk models 

which measure credit risk at the portfolio level. Three modern credit portfolios are 

examined: structural models, explicit factor models, and reduced form models. 

Each model has its own strengths and weaknesses and it is therefore useful to be 

aware of these in their chosen context.   

The chapter itself is divided into seven sections. Section 2.2 explains the 

framework for the credit and lending decision. Section 2.3 examines the concept 

of credit risk. Section 2.4 reviews some methods used in analysing credit risk. 

Credit risk models themselves are reviewed in Section 2.5 along with credit rating 

systems and credit portfolio models. Section 2.6 provides a comparison of the 

portfolio models and some brief conclusions are drawn in Section 2.7. 

2.2 A structure for credit and lending decisions 

Credit and lending decisions may not be easy for the bank because it must 

consider a number of factors that have an impact on these decisions. Credit 

decisions, however, do not only mean the analysis of financial ability of 

borrowers, but it extends to include other factors (Bierman and Hausman, 1970). 

Therefore, it is necessary to discuss the framework within which such decisions 

are made. Figure 2.1 presents a sample framework for credit and lending 

decisions. 
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Figure 2.1 A framework for credit and lending decisions 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Source: Sathye et al. (2003, p. 19). 

Figure 2.1 shows three frames of factors which have a significant influence on 

credit decisions. All of these frames are related to each other. The following is a 

brief explanation of this framework. 

2.2.1 External factors 

There are several external factors affecting credit decisions (Sathye et al., 2003). 

Firstly, the general law of the land; credit decisions should be made under the 

laws of country and compliance with laws. For example, banks cannot grant loans 

for illegal activities such as drug smuggling. Secondly, economic factors; lending 

decisions should take into consideration the state of the economy of country, such 

as the rate of interest and its relation with economic cycle. The economic cycle is 

very important to a bank in credit and lending decisions. For example, during a 

recession, banks should take more attention to the companies which sell durable 

goods rather than nondurable goods companies because the first usually perform 

badly in a time of recession (Saunders and Cornett, 2003, p. 277). Furthermore, 

the interest rates are considerably affected by the economic cycle whether the 

state of economy is in boom or downturn. According to Viney (2007, p. 522), 

there are three impacts on interest rates. First, liquidity refers to the implantation 

of monetary policy by a central bank in order to influence the money supply and 
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the level of liquidity in the financial system. Second, income has an impact on 

interest rates.  For example, when the central bank desires to reduce the level of 

expenditure in the economy, it may raise interest rates by introducing government 

securities. This can lead to reduce liquidity and lower incomes in the all sectors 

and then slow the rate of economic activity and the demand for loans decreases. 

Finally, inflation can affect interest rates when the state of economy slows. There 

is a positive relationship between inflation and interest rates. Thirdly, industry-

specific factors; some industries may not be in a good shape, therefore the bank 

must think carefully before making decision to grant loans to the firms in those 

industries. Fourthly, central bank Act; the main responsibility of the central bank 

is to the monetary policy of its country so as to ensure a stable economy, including 

provision of a stable currency. Central banks can also issue currency, function as 

bank to the government, regulate the credit system, oversee the behaviour of 

commercial banks, manage exchange reserves and issue directions about interest 

rates and other charges. Therefore, banks must be aware of central bank 

legislation when they decide to grant a loan. Finally, the uniform consumer credit 

code; lending decisions must ensure compliance with the uniform consumer credit 

code. This code is designed to provide protection to consumers who buy goods 

and services on credit (Sathye et al., 2003). 

Moreover, Porter (2004) identified the five forces (introduced in 1979) which lead 

to competition on a business. Figure 2.2 shows these five forces. Porter's 5 Forces 

analysis deals with factors outside an industry that influence the nature of 

competition within it and the forces inside the industry (microenvironment) that 

influence the way in which firms compete. And so the industry‘s likely 

profitability is conducted in Porter‘s five forces model. In addition, banks must 

realize the behaviour of its industries and markets in order to compete 

successfully in the bank sector.  
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Figure2.2  Porter‘s five forces 

 

 
Source: Porter (2004, p. 4). 

First, the industry jockeying for position among current competitors force, which 

is located at the centre of Figure 2.2 idntifies industry attractiveness and it is the 

highest force in the industries. Second, the threat of new entrants often relies on 

the market entry difficulties. The most common types of entry difficulties are 

economies of scale, cost of entry, distribution channels, and cost advantages not 

associated with the size of the institution, government legislations, and 

differentiation of product. Third, threat of substitute products of services relies on 

the relative price-to-performance ratios of the different kinds of products or 

services to which customers can turn to satisfy the same essential need. It also 

requires product-for-product substitution and generic substitution. Fourth, 

bargaining power of customers is represented in the size and the concentration of 

customers. Finally, bargaining power of suppliers depends on the relative size and 

concentration of suppliers relative to industry participants and on the degree of 

differentiation in the inputs supplied. Therefore, banks should clearly understand 

the nature of their competitive environment if they are to be successful in 

accomplishing their aims and in building right strategies. Fully understanding the 

nature of the Porter‘s five forces can lead to a stronger position to protect a bank 

against any threats. 

2.2.2 Internal factors 

Internal factors also impact upon lending decisions. The following factors should 

be taken into consideration in credit decisions: (a) lending policy; granting loans 
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have to comply with the lending policy of the bank. Credit policy is the actions 

taken by a bank to grant, control and collect the cash from the outstanding 

accounts receivables; (b) the loan budget; the ability of bank to grant a loan is 

limited as it is determined by the difference between the total numbers of deposits 

and the part kept by the bank in a liquid form funds to meet the demands of 

clients. Lending decisions must always comply with the loan budget. Banks also 

obtain funding from a variety of sources, but it is often useful to differentiate 

between retail funding, borrowed or wholesale funding, and equity funding. Retail 

funding generally consists of deposit accounts such as transactions accounts, 

money market demand retained earnings accounts, savings accounts and small 

time deposits. Borrowed funding consists of federal funds purchased, repurchase 

agreements, Federal Home Loan bank borrowings, and other borrowings. 

Wholesale funding includes borrowed funds as well as large institutional deposits 

such as large certificate deposits. Equity funding consists of common and 

preferred stock, retained earnings, and other equities (Kock and MacDonald, 

2006, p. 254). In addition, securitization is another tool for raising new funds and 

reducing a bank‘s risk exposure (Rose, 2002). Banks can decrease their capital 

requirements and reduce credit risk by selling assets and servicing the payments 

between borrower and lender, rather than holding the same assets to earn interest 

(Kock and MacDonald, 2006). The main forms of securitization are the pass- 

through security, the collateralized mortgage obligation, and the mortgage-backed 

bond (Saunders and Cornett, 2003). The pass-through security requires 

accumulating debts in the pool in order to generate cash flow and are sold first to 

an intermediary who passes them on to the investors as securities. The 

collateralized mortgage obligation requires accumulating home mortgage loans in 

the pool and then the government agency guaranteed pass-through securities are 

issued against the mortgage pool and may be purchased by a bank or other 

investors. Finally, the mortgage-backed bonds are issued to reduce credit risk to 

the investors and these bonds separate the mortgage loans held on balance sheets 

from other assets and pledge those loans as collateral to support the mortgage-

backed bonds (Saunders and Cornett, 2003). Furthermore, credit derivatives are 

other sources of bank funds (Hogan et al., 2004). They are financial contracts 

offering protection to the beneficiary in case of loan default. One example of 
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credit derivatives is the credit swap, where two lenders agree to exchange a 

portion of their customer‘s loan repayments (Rose, 2002, p. 295). The second type 

of credit derivatives is the total return swap, where the protection seller pays the 

protection buyer any losses in market value on the reference loan. And finally, 

credit options operate as normal options where the strike price is based on credit 

spreads widening (Sathye et al., 2003, p. 355); (c) staff availability; this factor 

also can impact on credit and lending decision. A shortage of skilled staff that 

evaluate and control loans for lending institutions may lead to reduction of 

granting loans. Thus, lending institutions should take into its considerations these 

and other such internal factors which could have an impact on lending decisions 

(Sathye et al., 2003). 

2.2.3 Borrower-specific factors 

In addition to the external and internal factors which are considered during the 

lending decision process, borrower-specific factors must also be studied. These 

factors are often referred as the five Cs of lending. These factors can be explained 

as follows (Sathye et al., 2003): (1) character; this is the sum total of human 

qualities of honesty, integrity, morality and so on. Lenders need to review the 

character of borrowers to realise whether they have such qualities. Character 

assessment requires collecting information about the potential applicant, such as 

credit history, income, occupation, spending habits, reports from credit agencies 

and so on. This information can help the lender in deciding the character of the 

expected borrower; (2) capacity; capacity is the ability to repay the loan and 

interest on time. Therefore, lenders investigate the ability of applicants to repay by 

reviewing borrowers‘ assets and liabilities and the details of income and expenses; 

(3) capital; capital refers to the capital that is owned by a borrower when he or she 

applies for a loan. For example, banks often require a set percentage from the 

applicant as a contribution to total prospective investment; (4) collateral; 

collateral is also known as the secondary source of repayment. The lender should 

review some qualities in a security, such as the price of the security, and realise 

that the price is stable. The security can be sold quickly so that the bank can repay 

the loan, and the collateral should not deteriorate over time; and (5) conditions; 

according to this factor, lenders take into consideration the conditions covering the 
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external and internal factors discussed earlier. Before making credit decision, bank 

officers also take into consideration credit risk and try to study and analyse all 

methods which reduce credit default when a credit decision is made and the loan 

is granted. Therefore, the study of credit risk becomes an importation issue. The 

next section will address credit risk. 

2.3 Overview of credit risk 

Banks face numerous risks affecting profitability throughout their business lines. 

The management of these risks has always been a major component of bank 

management (De Lucia, 2003). The major sources of banking risk can be 

classified into six main categories (Santomero, 1997): (i) market risk, (ii) 

operational risk, (iii) liquidity risk, (iv) yield risk, (v) management risk and (vi) 

credit risk. First, market risk is the risk of losses resulting from adverse changes in 

market asset values due to changes in economic factors such as interest and 

exchange rates. Second, according to the Basel committee, operational risk is the 

risk of loss resulting from inadequate or failed internal processes, people and 

systems or from external events (Golin, 2001). Third, liquidity risk is the risk that 

an organization may itself fail to meet its obligations when they fall due or 

encounters difficulty in selling some asset when needed. Fourth, yield risk is the 

risk that the bank‘s assets may produce less income than the expense produced by 

its liabilities. Fifth, management risk is the risk that investors and managers may 

be unsuitable for their respective responsibility. Finally, and despite of the 

importance of these other sources of risks in banks, the biggest risk facing most 

banks and financial institutions is credit risk. 

Credit risk has been an important issue for many lenders (Brian and Colleen, 

1997). In fact, it is the primary reason for the bankruptcy of most financial 

institutions in the last century. There has been an explosion of analysis in the past 

two decades with the development of credit risk techniques. Credit risk is also one 

of the oldest risks faced by banks as financial institutions and dates back at least 

as far as 1800B.C (Golin, 2001). The risk of borrower default – on interest and/or 

principal – may result in capital losses for banks leading to bankruptcy. Managing 

this type of risk by choosing and screening borrowers and by creating a diversified 

loan portfolio has always been one of the main challenges in running a bank 
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(Broll et al., 2002). Credit risk is generally found in all fields where success relies 

on counterparty, issuer, or borrower performance. It arises any time when a bank 

extends, commits, invests or otherwise exposes it funds through actual or implied 

contractual agreements, whether on or off the balance sheet (Comptroller of the 

Currency Administrator of National Banks, 1999).  

According to the Basel Committee (2000, p. 1), credit risk can be defined as ―… 

the potential that a bank borrower or counterparty will fail to meet its obligations 

in accordance with agreed terms‖. The objective of credit risk management is to 

increase the bank‘s rate of return by maintaining credit risk exposure within 

adequate limits. Credit risk management is also needed to deal with whole 

portfolios. The relationship between credit risk and other risks should be taken 

into consideration. The effective management of credit risk is a critical part of a 

comprehensive approach to risk management and important to the long-term 

success of any bank. 

For most banks, and regardless of whether existing sources of credit risk in many 

activities at a bank are on or off balance sheet, loans are considered the main 

source of credit risk although other sources of credit risk exist. Credit risk is 

increasingly found in a variety of financial instruments other than loans including 

foreign exchange transactions, financial futures, swaps, bonds, equities, options, 

and in the extension of commitments and guarantees, and the settlement of 

transactions (Basel, 2000). 

 Most researchers refer to credit risk and default risk in similar terms but there is a 

slight variation in definition. Here, credit risk is ―the risk of loss through the 

default on financial obligations‖ (Golin, 2001, p. 672) while default risk is ―… the 

risk that the issuer will not fulfil its financial obligations to the investor/creditor in 

accordance with the terms of the obligation…‖ (Golin, 2001, p. 675). In these 

terms, credit risk usually refers to a borrower who may be able to repay a loan 

with a degree of potential loss, while default risk usually concerns a lender who 

may miss payments. Thus, it could be said that since there is no major difference 

between the two types of risks, they could be defined together as the following: 
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credit/default risk is the risk that financial obligations of a borrower within an 

agreement will not be performed satisfactorily (Sathye et al., 2003, p. 109).  

The main components of credit risk can be divided into two main categories (Ong, 

2000, p. 63): individual risk and portfolio risk. First, individual risk includes three 

elements: (i) default probability which is the likelihood that the borrowers will not 

meet the agreed commitment to repay their loan; (ii) recovery rates which are the 

extent to which the percentage of the par value of an obligation can be received 

once in case of default; and (iii) credit migration which is the extent to which the 

credit risk can change through the life of a loan. The credit migration is usually 

shown in credit rating tables. Second, portfolio risk includes two main elements: 

(i) default and credit quality correlation which means the degree to which default 

or credit quality of borrowers is correlated to other credit quality borrowers; and 

(ii) the risk contribution and credit concentration which is the extent to which a 

single asset of a borrower in the portfolio contributes to the total of risk in the 

whole portfolio (Ong, 2000).  

2.4 Credit risk analysis 

This section reviews credit risk analysis. Many financial institutions use some 

tools to determine the credit risk of their products. These tools can be divided into 

four main groups: (i) expert systems; (ii) risk premium analysis; (iii) 

econometrics; (iv) hybrid systems (Sathye et al., 2003, p. 110). 

2.4.1 Expert systems 

Expert systems (or traditional methods) are a classic form of credit analysis that 

depends on the subjective judgment of lenders. In these systems, the experience of 

the senior lender is important for a number of reasons: (i) the senior lender 

follows the limits of bank‘s rules; (ii) the senior lender is a source of rules of 

thumb; (iii) banks rely on their senior lending officers to perform most of the 

important issues such as interpreting industry trends, assessing a borrower‘s 

creditworthiness, or designing the credit structure under which the bank will make 

the loan (Caouette et al., 1998, p. 83).  

A lender receives an application form from the potential borrower and a checklist 

is provided by bank. After that, the application form is analysed and assessed by 
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the lender and, if the loan is approved, documentation is completed and the loan is 

funded. The most common technique of this type is five Cs analysis as discussed 

in section 2.2.3 (Sathye et al., 2003).  

However, expert systems have obvious weaknesses (Caouette et al., 1998). First, 

they are subjective; decision-making depends on the lending officer who may be 

subject to external influences such as social relationships and personality. Second, 

the implement of these systems is uneven, so their success and failure depend on 

the experience and performance of the lender. For example, some lenders have the 

talents to analyse credit risk effectively and others do not. In addition, expert 

systems are quite expensive. For instance, the preparation and implementation of 

these systems require qualified and experienced staff and these incur high costs. 

Furthermore, expert systems are related to bureaucratic system of performing 

business and this cause waste of time in decision-making. Thus, to overcome 

these disadvantages, it is generally argued it is best to apply objective systems that 

do not depend on the subjective judgment of lenders. 

2.4.2 Risk premium analysis  

The risk premium in credit analysis is defined as the difference between the 

interest yield on company debt and government debt. This approach may work 

well for companies that are rated by a credit rating agency. The calculation of the 

premium as probability of repayment can be achieved by comparison between the 

interest rate of the company and the interest rate of government ‗risk-free‘ as 

follows: 

1

1

i
P

r





                                                                                               (2. 1)             

where; P  is the probability of repayment, i  is the interest rate on company debt, 

and r  = the risk-free rate. 

2.4.3 Econometrics 

Econometrics is the branch of economics that studies the mathematical 

relationship between financial or economic variables so as to forecast the 

behaviour of economic variables. Econometrics has given credit analysis a 

scientific base, despite suffering from lack of a creditable theoretical basis. The 
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most important tool of econometrics is regression analysis and discriminant 

analysis. Principal econometrics techniques involve the modelling of probability 

of default. This probability is used as a dependent variable whose variance is 

explained by a set of independent variables. Other econometric techniques include 

linear and multiple discriminant analysis, multiple regression, logit analysis and 

probit analysis. These techniques are examined in Chapter 3 as they are the main 

tools used in this thesis. 

2.4.4 Hybrid systems 

As mentioned previously, econometrics suffers from an unsound theoretical basis 

for analysis of credit risk because the solutions of econometrics provide only a 

statistical relationship between the dependent variable (default) and a number of 

explanatory variables. This relationship results in models that do not include 

known financial theories such as insurance and option theories (Sathye et al., 

2003). Therefore, hybrid systems overcome this deficiency by combining 

financial theory and economic statistics. In addition, there is a criticism of 

multivariate models that use historical data from financial reports to calculate the 

default probability, while hybrid systems use stock prices and credit ratings to 

forecast default (Caouette et al., 1998, p. 348). Examples of these systems are 

expected default frequency and mortality models.  

I. Expected default frequency 

This model was created by KMV Corporation in 1995 and applies option theory to 

grant a loan. To determine an expected default frequency for a company, three 

stages should be followed. The first stage requires that the market value and 

volatility of the firm are estimated from the market value of its stock, the volatility 

of its stock, and the book value of liabilities. The second stage is that the firm‘s 

default point is calculated from the firm‘s liabilities. An expected firm value is 

also determined from the current firm value. Using these two values, plus the 

firm‘s volatility, a measure is constructed that is the number of standard deviations 

from the expected firm value to the default point (the distance to default). Finally, 

the mapping is determined between the distances to default rate, based on the 

historical default experience of companies with different distance-to-default 

values (Caouette et al., 1998, p. 143).  
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Distance of default = 
 atility)(asset vol assets of uemarket val

point default  - assets of uemarket val
           (2. 2)  

The KMV Corporation proportion of firms is known as expected default 

probability: 

Expected default probability =
sample of firms All  

firmsdefault  ofNumber 
                     (2. 3) 

II. Mortality models 

These models attempt to derive actuarial-type probabilities of default from 

historical data on bond defaults, by credit grade and years to maturity. Altman 

(1989) extended the insurance concept to estimating how many loans default in a 

year. Altman considers mortalities with respect to survival population and then 

inputs the defaults to calculate mortality rates. Bonds exit from the original 

population because of at least four different types of events: default, calls, sinking 

funds, and maturities. The individual mortality rate for each year (marginal 

mortality rate, or MMR) is calculated using the equation (Altman, 1989, p. 5). 

MMR= 
Total value of defaulting debt in the ye ar 

Total value of bonds at the begining yea r 
                             (2. 4) 

The subsequent issues require consideration in these models: the MMR is 

calculated for each credit rating and each year, so we would expect the MMR to 

increase for each year. The MMR can also be converted into a value by which the 

loan depreciates each year. 

2.5 Credit risk modelling 

Credit risk modelling can be used as a significant tool for understanding a 

phenomenon and to aid in decision-making. It also provides several solutions for 

banks including, for example, identifying the amount of a loan that will be 

granted, whether the loan will be good or bad, and the accurate degree of the 

constructed models.  

Credit risk model refers to the process of quantifying credit exposure of a 

financial institution. Some advantages of credit risk models include the following: 

(Sathye et al., 2003, p. 337): adding objectivity to credit measurement, adding a 
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scientific basis to the credit assessment process, rating loans that have no credit 

ratings or giving a system of grading and providing a mechanism for controlling 

loans to ensure they are not potential problem loans.  

Models are often built on theories such as financial theories and economic 

theories. In addition to these theories, models need to the variables in order to 

produce a more accurate model. Caouette et al. (1998) presented a table which 

contains a range of possible application of quantitative credit risk models. Seven 

types of borrowers are shown in Table 2.1 as follows:  

Table 2.1 A range of possible application of quantitative credit risk models 

Large corporate borrowers Middle market 

Borrowers 

Middle market and 

private borrowers 

Publicly traded. Publicly traded. Stock not publicly traded. 

Extensive disclosure. Moderate disclosure. No public debt. 

Many institutional investors Little or no publicly 

traded debt. 

More information 

problems. 

with research capabilities. Low use of credit 

scoring models. 

Reliance on financial 

statements. 

Low monitoring, (annual cycle). Greater emphasis on 

management. 

Close monitoring. 

Potential for higher use of credit  Reliance on collateral and 

covenants. 

scoring models because of better data.  Limited use of credit 

scoring models. 

Small Business Commercial real 

estate 

Residential and real 

estate 

No stock. No publicly traded 

stock. 

Reliance on collateral 

value. 

Even financial statements are unaudited. Approval based on 

cash flow, 

Greater use of financial 

data. 

Information problems. projections and 

collateral value. 

Increasing use of credit 

scoring 

Reliance on individuals. Moderate monitoring. models. 

Close monitoring. More reliance on 

collateral and 

 

Collateral. covenants.  

Moderate use of credit scoring models.   

Consumers   

No financial statements.   

Fewer information problems because of   

credit bureaus.   

Reliance on demographic variables.   

Collateral only for consumer durables.   

No covenants.   

Heavy use of use of credit scoring models.   

Source: Caouette et al. (1998, p. 107). 

Currently, credit risk models are important because they provide the decision 

maker with insight or knowledge. Credit risk models help bank management to 

assess the credit risk of individual loans as well as the entire loan portfolio. They 
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also permit a bank to estimate potential credit losses in the future, to determine the 

risk-based capital requirements, to assess credit concentration limits, and to 

measure risk-adjusted profitability (Lopez and Saidenberg, 2000). 

This section reviews credit risk models literature. However, the discussion 

includes only two models; credit rating and credit portfolio. The models such as 

expert systems are discussed in a previous section in this chapter, while credit 

scoring models are reviewed in more detail in Chapter 3.      

2.5.1 Credit rating  

Credit ratings were first introduced by Henry Vernum Poor in 1860 (see www. 

standardandpoors.com) with the issuance of some financial statistics of railroad 

companies in the United States to attract investors (Kumar and Bhattacharya, 

2006). They were subsequently developed by J. Moody in 1909 (see 

www.moodys.com) by using alphabetical symbols to rate railroad bonds. 

Currently, there are a large number of credit rating agencies instituted in many 

countries to provide services to the investors, borrowers and other financial 

institutions. (Kumar and Haynes, 2003).  

Credit ratings have a number of advantages. To start with, they help the investors 

obtain information at low cost, take a computed risk, and encourage them to invest 

in securities to obtain high returns. In addition, they can be used as a tool to 

improve the brand of a company and motivate public investment in the corporate 

sector. Moreover, internal credit ratings are becoming popular in the assessment of 

a variety of risks because of the ability in using more data especially for the small 

to medium–sized business (BIS, 2000).  

Credit ratings are a summary indicator of risk for banks‘ individual credit 

exposures (Treacy and Carey, 2000; BIS, 2000). The risk components include 

measures of the borrower‘s probability of default, the facility‘s loss given default, 

the level of exposure at the time of default, the credit‘s expected loss, effective 

maturity and unexpected loss associated with these, and possibly other concepts 

and characteristics relating to borrowers and exposure. Credit ratings rely on a 

number of variables; quantitative financial ratios and qualitative variables.  
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The rating methodology covers the assessment of business risks (industry risk, 

market position of the issuing entity within in industry, operating efficiency of the 

borrowing entity, legal position) and financial risk (accounting quality, earnings 

protection, adequacy of cash flows, financial flexibility, interest and tax 

sensitivity) associated with the issuer/borrowing entity. Treacy and Carey (2000) 

find that qualitative variables play a major role in identifying the ratings of credit 

to small and medium-sized firms, with the credit officers essentially responsible 

for the ratings while, for loans to large firms, the credit officers mainly set the 

ratings using quantitative methods such as credit scoring models. (Bessis, 2002) 

shows that credit ratings are a qualitative ordering rather than a quantitative 

measure of risk. Treacy and Carey (2000) conducted a survey of 50 large US 

banking organisations and BIS
2
 (2000, p. 2) and in its survey of 30 financial 

institutions across the G-10
3
 countries they found significant variety in internal 

ratings models. While all used similar financial risk variables, there were 

variations across financial institutions in relation to the relative significance of 

each of the variables (Allen, 2002). 

Credit ratings have different types; each of type depends on the requirements of 

the rater and the rated. The following are the more common types of credit rating 

(Kumar and Haynes, 2003): (i) bond rating: issued by a company and government. 

This concerns the most important industry of credit rating agencies; (ii) short term 

instruments rating (securities with an initial maturity of up to one year); (iii) 

commercial paper rating (It is compulsory on the part of a corporate body to 

obtain the rating of an approved credit rating agency to issue commercial paper); 

(iv) rating the borrowers (This includes rating a borrower to whom a loan/credit 

facility may be sanctioned); (v) sovereign/country rating (This shows the risk 

level of the investing surroundings of a country and is used by investors looking 

to invest aboard).   

Credit ratings may be divided into internal ratings and external ratings. Internal 

ratings are those constructed for banks for their own use. Internal rating systems 

                                                 
2
 The Bank for International Settlement (BIS) was established in Switzerland to act as a bank for 

the central banks of the major industrial countries.   
3
 The group of ten is made up of eleven industrial countries (Belgium, Canada, France, Germany, 

Italy, Japan, the Netherlands, Sweden, Switzerland, the United Kingdom, and the United States) 

which consult and co-operate on economic, monetary and financial matters. 
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were introduced primarily to help credit decision making and control, portfolio 

monitoring, management reporting, analysis of the adequacy of loan loss reserves 

or capital and profitability analysis and product pricing models (Treacy and Carey, 

2000). Many banks have established internal ratings systems in preparation for the 

BIS (Bank for International Settlements) New Capital Accord scheduled for 

implementation in 2006. Basel II (The New Basel Capital Accord) has noted the 

advantages and disadvantage of using internal rating systems. Internal rating 

systems should be applied by banks when computing their capital requirements. 

Basel II also provides the details of regulations for design of an internal rating 

system such as rating dimension, system structure, rating criteria, assessment 

horizon, use of models, and documentation of rating system design (Kim, 2005).  

In the architecture of an internal rating system, the bank may depend on a one-

dimensional model, in which overall rating is assigned only to facility grade and 

each loan based on the probability of default, or a two-dimensional model, in 

which the rating system includes both an obligor and facility grade and each 

borrower‘s probability of default is assessed independently from loss severity of 

individual loans. Treacy and Carey (2000) estimated that 60 % of the banks in 

their survey have a one-dimensional rating system, although they recommend 

two-dimensional systems for banks and regulators. Moreover, the BIS (2000) 

found that banks have a better ability in assessing their borrower‘s probability of 

default than loss given default. 

A schematic of the risk rating process is depicted in Figure 2.3. The left-hand side 

of the diagram represents the assignment of rating. In this side, the banks start by 

considering risk factors as shown in Figure 2.3. The financial analysis often 

includes a formal comparison of the borrower‘s financial ratios to prevailing 

industry norms. Raters also appraise the quality of financial statements provided 

by the borrower. When statement quality is poor or uncertain, financial analysis 

may produce a distorted view of the borrower‘s condition, adding substantially to 

risk. Many banks use external ratings in calibrating their rating systems and in 

identifying likely mistakes in grade assignments. 
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A number of banks also use statistical models as an element of the rating process. 

Statistical models of borrower default probability can be helpful in maintaining 

the integrity of internal ratings. Most banks formally consider both firm size (sales 

revenue or total assets) and the book or market dollar value of a firm‘s equity in 

assigning ratings. According to the factors considered in rating, rating criteria are 

identified. Because rating criteria have changed over time at most large 

institutions, information about borrower and loan characteristics is also required 

so that the risk implications of different rating criteria can be assessed. Large 

banks‘ written definitions of ratings specify risk factors to be used in assigning 

ratings, but usually the discussion is brief and broadly worded, and gives virtually 

no guidance regarding the weight to place on each factor. Important informal 

elements of the rating process, such as negotiation among various organisational 

units, may lead to a consensus rating or understanding. The human judgment 

exercised by experienced bank staff is central to the assignment of a rating. 

Ratings are initially assigned either by relationship managers or credit staff. 

Relationship managers are lending officers (line staff) responsible for marketing 

of banking services and then they achieve approval process regarding to ratings.  

The bottom boxes of the diagram represent the review processes. As shown in 

Figure 2.3, the review processes are divided into three processes; line/credit 

review, watch processes and loan review. Line/credit review means monitoring by 

those who assign the primary rating of a transaction; watch processes means 

regularly scheduled reviews of ratings for groups of exposures; and loan review 

means occasional reviews of a business unit‘s rating assignments by a loan review 

unit (Treacy and Carey, 1998, p. 907). Each process includes a number of 

procedures. The review process aims to identify and discipline relationship 

managers who produce inaccurate ratings. Risk ratings are identified by 

assignment of rating and review processes. The right-hand side of the diagram 

represents the uses of rating. At most banks, however, the primary demands for 

quantitative information about the probability of default (PD), loss in the event of 

default (LIED), and expected loss (EL) (quantitative loss characteristics) have 

come from those involved in the loan loss reserve process and from credit 

modelling groups (portfolio risk, capital allocation, profitability, and pricing).   



Chapter 2. The Theory and Practice of Credit Risk Modelling 

 

 

 

 

–26– 

Figure 2.3 Credit rating process 

Source: Treacy and Carey (1998, p. 910).
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On the other hand, external ratings denote the rating system independently made 

outside the bank or creditor such as credit rating agencies, which include, for 

instance, Standard & Poor‘s (www2.standardandpoors.com), Moody‘s 

(www.moodys.com) and Fitch (www.fitchratings.com). Table 2.2 summarises the 

rating criteria of these agencies 

Table 2.2 Credit rating criteria 

S &P  Moody‘s  Fitch  Description 

AAA Aaa AAA The highest credit quality 

AA Aa AA The credit quality is very high 

A A A The credit quality is high 

BBB Baa BBB The credit quality is satisfactory 

BB Ba BB No urgent problem in the credit quality 

B B B The credit quality has some problems 

CCC Caa CCC The probability of default is high 

CC Ca CC The probability of default is extremely high 

C C C The bankruptcy petition has been taken 

D   A default has occurred 

                          Source: Tracy and Carey (1998). 

Table 2.2 provides definitions of the ratings categories of the largest agencies for 

long-term credit. The categories are defined in terms of default risk and the 

probability of payment for the issuer. The ratings categories used by the three 

agencies are quite similar, although differences of opinion can lead, in some cases, 

to dissimilar ratings of specific debt obligations (English and Nelson, 1998). The 

ratings from AAA to BBB (the first level) represent the safest ratings to investors 

and issuers, while the risk is increasing from the ratings BB to the last rating 

(second level) in the table which means the level of bankruptcy and inability to 

repay debts may increase. Some rules in a number of countries prohibit investors 

from investing in the second level because of the high risk.   

The long-term default rates can be calculated by assuming the Markov process for 

the ratings migration which is explained by a transition matrix. The transition 

matrix describes the probability of moving to one rating conditional on the rating 

from one state to another. Calculated transition matrices are obtainable from both 

Standard & Poor‘s and Moody‘s. There are different probabilities in the transition 

http://www.moodys.com/
http://www.fitchratings.com/
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matrices for each state because they use their credit history database with their 

ratings to calculate the transition matrix. There are differences in default 

probabilities, which are known as rating transition rate volatilities, because the 

transition matrices are computed every year. Most of this may be because of the 

changes in the state of the economy (Haag, 2003). Regardless, .the Markov model 

is the first and most common way to model the credit rating, Skora (2000) shows 

that the credit rating process is not a Markov process because it is clearly not 

accurate.   

A large number of studies have considered credit ratings. Udell (1987 & 1989) 

examined the internal rating systems of a sample of US banks regarding loan 

review and loan department policies. Brady et al. (1998) provide some summary 

information about the use of loan risk rating scales of a sample of US banks of all 

sizes and also report both distributions of loans across grades and loan pricing for 

a stratified random sample of US banks. Robert Morris Associates (1997) 

surveyed internal rating systems as a part of large study of banks‘ credit risk 

management practices. Machauer and Weber (1998) examined the relationship of 

bank loan terms to borrower risk defined by the banks‘ internal credit rating using 

data from five lending German banks from 1992–1996. Elsas and Krahnen (1998) 

use bank internal borrower rating data from a sample of borrowers drawn from the 

credit portfolio of five lending German banks to evaluate borrower quality. Treacy 

and Carey (2000) provided a detailed analysis of internal credit risk rating 

systems. Other papers examining credit rating agencies include Cantor and Packer 

(1994), Ederington and Yawitz (1987), Altman and Saunders (1997). 

A number of the criticisms of credit rating agencies result from their mistakes. For 

example, credit rating agencies have limited abilities in obtaining full information 

on the rating organisations. They depend on the available information in financial 

markets which is sometimes not sufficient to calculate a sound rating. 

Furthermore, the failure of credit agencies in achieving accuracy ratings has been 

since the great depression. Sylla (2001, p. 20) shows that Hempel‘s study showed 

that the 78 % of the defaulted issues were rated Aa or better in 1929. Karacadag 

and Taylor (2000) show that the credit ratings are poor predictors of default and 

the rating agencies missed the Asian currency crises before they occurred in 1997-



Credit Risk Modelling in Libya 

 

  

–29– 

1998. It could be said that the credit rating should be taken into consideration as 

one of the factors which help in making decision by investors. 

2.5.2 Portfolio models 

Portfolio theory was pioneered in 1952 by Harry Markowitz in his paper 

published in the Journal of Finance under the title ―Portfolio Selection‖. The 

principle idea of portfolio theory is that market risk should be managed at the 

portfolio level by spreading investments. James Tobin (1958) developed the 

Markowitz‘s idea by adding a risk-free asset to the analysis and this resulted in the 

idea of a super-efficient portfolio and the capital market line. Another important 

contribution in portfolio theory was by William Sharpe (1964) who formalised the 

capital assets pricing model (CAPM) which simplifies the Markowitz framework 

by creating a criterion index of the market value weighted portfolio of all potential 

risk investments. Portfolio theory studies the selection of different mixtures of 

securities based on their risk-return characteristics as reflected in the portfolio‘s 

expected return and the variability of that return under the theory of the efficient 

market hypothesis (Harrington, 1987, p. 26).  

The main aim of portfolio theory, in addition to measuring risk, is to illustrate a 

method for improving the return and risk characteristics by changing the 

composition of portfolios (Caouette et al., 1998). Portfolio theory focuses on the 

expected return per unit of risk. The ratio of return to risk for a portfolio is called 

the Sharpe ratio (Sharpe, 1994), and efficient portfolios are those with the highest 

achievable Sharpe ratios. Portfolio optimization refers to different types of 

quantitative techniques for ascertaining efficient portfolios (Geng, 2002). 

However, portfolio theory faces some problems in its implementation to credit 

portfolios and these include determination of the return, risk and the correlation 

measures that are needed as inputs (Caouette et al., 1998). 

(Caouette et al., 1998) illustrated that there are three key points that emerge from 

portfolio analysis: (i) the correlation between default risks within a portfolio is an 

important factor in achieving the diversification in a portfolio; (ii) the amount of 

risk added by any asset to the portfolio‘s net diversification  relies considerably on 

how much of the asset is held in the portfolio; (iii) including large numbers of 

assets, and changing asset holdings, to bring each asset‘s contribution to the 
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portfolio risk in line with its contribution to the portfolio return, are aimed at 

comprised of improving portfolio performance.  

In a credit context, portfolio has several models which assess credit risk. Portfolio 

credit risk is a methodology that estimates the probability of default and credit 

loss for a loan portfolio over a particular time horizon. It usually combines the 

probabilities of default for individual loans and estimates the probability level by 

aggregation (Lopez, 2001).  

Portfolio credit risk models are financial models that assess portfolio credit risk. 

Portfolio credit risk modelling is a process to find specific solutions to the two 

main problems: (1) the modelling of the probability of default for individual 

loans, and (2) the building of the joint distribution of default by taking into 

consideration the correlation between defaults in the portfolio (Dietsch and Petey, 

2002). Therefore, the main inputs to a portfolio credit risk model are: (1) stand-

alone credit risk measure for each loan, (2) its weight in the loan portfolio and (3) 

the correlation of default between each pair of loans. 

Smithson (2003) mentions that there are three types of credit portfolio models in 

use currently: (i) structural models; there are two vendor-supplied credit portfolio 

models of this type: Moody‘s-KMV Portfolio Manager and RiskMetrics Group‘s 

Credit Manager; (ii) macro factor models; McKinsey and company introduced 

Credit Portfolio View in 1998 and (iii`) actuarial (reduced form) models; Credit 

Suisse First Boston first introduced Credit Risk+ in 1997. 

I. Structural models 

Structural models are also referred to as ‗asset volatility models‘ or ‗firm value 

models‘ or Merton models. They were first proposed by Black and Scholes (1973) 

for option pricing and subsequently developed by Merton (1974).  

The idea of structural models depends on the Merton insight that ―… debt behaves 

like a put option on the value of the firm‘s assets” (Smithson, 2003, p. 110). In the 

Merton model, default occurs when the value of the firm‘s assets drops below 

some trigger level (Smithson, 2003). When this occurs, bond holders obtain the 

residual value of the firm and stockholders are given nothing. On the other hand, 



Credit Risk Modelling in Libya 

 

  

–31– 

if the firm survives, bond holders receive the interest and the stockholders obtain 

the remaining value of the assets (Houweling et al., 2003, p .11). Therefore, 

default is determined by the structure of the individual firm and its asset volatility, 

and option pricing theory can be applied to calculate theoretical credit and stock 

value. They follow that default correlation must be a function of asset correlation. 

An estimation of the market value of the firm‘s assets and the volatility of that 

value is required to apply structural model. The reason for that is because the asset 

value and their volatilities are not visible for most firms (Smithson, 2003). 

Describing how default in reality happens and determines that recovery internally 

is one of advantages of structural models (Gordy, 2000). Moreover, structural 

models may be more suitable for corporate than for sovereign issuers because for 

countries the ‗asset value‘ concept is not applicable (Houweling et al., 2003). 

However, it is difficult to estimate the parameters of the structural models because 

the assets‘ market value and volatility are hard to observe.  

The classic structural model has been developed by in number of studies, 

including Black and Cox (1976), Geske (1977), Geske and Johnson (1984), 

Shimko, Tejinma and Van Deventer (1993), Longstaff and Schwartz (1995), 

Leland (1994), Leland and Toft (1996), Mella-Barral and Perraudin (1997), 

Collin-Dufresne and Goldstien (2001), Zhou (2001), Gordy and Heitfiled (2001), 

Cathcart and El-Jahel, (2004), and Bedendo et al., (2004). 

Moody’s-KMV portfolio Manager 

Moody‘s-KMV Portfolio Manager was released in 1993.  These models are based 

on Merton‘s insights as shown in Figure 2.4 (Lando, 2004). 

KMV
4
 derive the estimated default frequency (EDF) or default probability (the 

EDF) for each obligor based on the Merton‘s (1974) option-theoretic, zero-

coupon, corporate bond valuation approach (Crouhy et al., 2000). Moody‘s-KMV 

Portfolio Manager was the first portfolio credit risk model developed by KMV in 

1993. KMV uses a different approach because it does not determine the default 

probability directly. It determines a distance to default (DD) measure which gives 

                                                 
4
 KVM was established by S. Kealhofer, J. McQuown, and O Vasicek to provide credit risk 

services. It started as a private firm based in San Francisco in 1989 and was purchased by Moody‘s 

in 2002. 
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how far away the firm is from default. This is accomplished by using both equity 

market information and from the financial statements. Whitelaw (1997) showed 

that the model is designed to achieve three objectives: (i) describe the risk and 

return of credit portfolio; (ii) determine what the optimal trading plan should be 

for a defined set of trading or origination opportunities; and (iii) optimise 

portfolios by shifting the view of the existing set of debt assets.  

Figure 2.4 Merton‘s insight 

 

The stochastic variable in KMV Portfolio Manager is the value of the firm‘s 

assets. Portfolio Manager is designed to use EDFs obtained from Moody‘s-KMV 

Credit Monitor or Private Firm Model (Smithson, 2003). To identify EDF, inputs 

to the model proceed in four stages (Caouette et al, 1998; Hubal and Meisser, 

2000; Crouhy et al., 2000; Altman, 2002a; and Haag, 2003): (i) the market value 

and volatility of the firm are estimated from the market value of its stock, the 

volatility of its stock and the book value of its liabilities. The market value and 

volatility of the firm can be estimated by using the Black and Schole option 

pricing theory which assumes that the returns are normally distributed (Sundaram, 

2001). The market value of equity may be expressed as the value of call options, 

as follows: Market value of equity = f (book value of liabilities, market value of 

assets, volatility of assets, time horizon); (ii) the firm‘s default point is calculated 

from the firm‘s liabilities. Moreover, the current firm value is used to determine 

the expected firm value. By using these two values and the firm‘s volatility, a 
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measure is built that represents the number of standard deviations between the 

mean of the distribution of the asset value and the default point (the distance to 

default). The distance to default can be calculated as (Crosbie and Bohn, 2003): 

Distance from default
Expected market value of assets - Default point

Expected market value of assets Volatility of assets



(2.5) 

(iii) the distance of default measure is used to compare different firms with each 

other to indicate how many firms are in a similar defaulted situation; and (iv) 

mapping the distances to default rate to the actual probabilities of default, based 

on the historical default experience of large sample companies with different 

distance to default values. The result of mapping is EDF. The starting point of the 

KMV model is when the market value of the firm‘s assets drops below a certain 

point, the firm will default on its obligations (Caouette et al., 1998, p. 144).  

To estimate credit risk at portfolio level, Portfolio Manager uses asset return 

correlations between all couples of obligors as a proxy of asset correlation while 

taking the effect of portfolio diversification into consideration. This is achieved by 

deriving a multi-factor structural model to avoid computational problems expected 

from an enormous correlation matrix in a large loan portfolio. According to the 

multi-factor model, systematic factors and individual factors generate asset returns 

and the common systematic factors to all firms explain their correlations between 

two borrowers. Finally, a default distribution for the loan portfolio is provided by 

Monte Carlo simulation, and portfolio credit risk is measured by using VaR. (Kim, 

2005). 

In Moody‘s KMV model, default correlation is calculated in the Global 

Correlation Model. This applies the assets-correlation approach by using a factor 

model that produces correlated asset returns. This requires determination of the 

return on a unique custom index for a firm in a period. 

The generation of the simulated portfolio value distributions (custom index) may 

be summarized in four steps, as follows (Smithson, 2003): (i) simulate the asset 

value of firm; (ii) valuation of each facility at horizon as a function of the 

simulated value of the obligor‘s assets at the horizon; (iii) sum the values of 

facilities to obtain the value of the portfolio; and (iv) repeating steps 1-3 some 

number of times (e.g., 1,000,000 times) to obtain a distribution.  
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The KMV model has a number of advantages. KMV can be applied to any 

publicly-traded company and is based on stock market data which is timely and 

contains a forward looking view. On the other hand, the KMV model is difficult 

for diagnosing a theoretical EDF and the results sensitive to stock market 

movements.  

Risk Metrics Group’s Credit Manager 

CreditMetrics, a tool of RiskMetrics, is a market to market model to measure 

credit risk portfolio and its value. It was introduced by JP Morgan in April 1997 as 

a methodology for calculating portfolio value at risk due to changes in obligor 

credit quality. A data set and software apply its methodology. The idea of this 

model is that the portfolio value should be viewed not just in regard to the 

probability of default but also according to the changes in credit quality over time 

(Caouette et al., 1998). The assumption of this model is that all borrowers can be 

classified in terms of a rating system, and all borrowers within a similar rating 

class are credit homogeneous with the same probability of default and the same 

transition probability (Kim, 2005). CreditMetrics looks for to estimate the full 

value at risk (VaR) of a loan in portfolio by considering rating credit quality and 

associated effects of spread changes in the discount rate as a part of the VaR 

exposure of a credit (Papanyan, 2003). 

The important aims of CreditMetrics are to provide a process for estimating the 

value distribution of any portfolio of assets subject to migrations in credit quality 

(Caouette et al., 1998) and generate a standard for credit risk measurement to 

facilitate comparison of different sources and measures of risk (Greg, 1997). 

CreditMetrics vary slightly from KMV‘s method; it relies upon the average 

historical transition frequencies created by the rating agencies instead of upon the 

EDF for each issuer. Both models depend on the asset value model introduced by 

Merton (1974), but the process of the simplifying assumptions that they require to 

facilitate its application are considerably different (Crouhy et al., 2000). 

The CreditMetrics methodology consists of three major building blocks as shown 

in Figure 2.5. 
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Figure 2.5 CreditMetrics schematic 

Source: Gupton et al., (1997, p. 41). 
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(Caouette et al., 1998). 
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There are three steps to calculating the value volatility in a stand-alone exposure 

(Masters, 1997; and Gupton et al., 1997): (i) the senior unsecured credit rating of 

the issuer determines the chance of either defaulting or migrating to any possible 

credit quality at the risk horizon. In this step, the rating system is specified with 

rating categories and the probabilities of migrating to any possible credit quality 

over the risk horizon. This is because the risk occurs from changes in value due to 

up or down grades not only from default. The transition matrix is derived from 

rating migration published by credit rating agencies; (ii) revaluation at the risk 

horizon can take two forms: (a) the seniority of the exposure determines its 

recovery rate in the case of default, and (b) the forward zero curve for each credit 

rating category determines the revaluation upon up (down) grade. The mean and 

standard deviation recovery rates based on the seniority classification of the credit 

are estimated. The present value of credit is then calculated by obtaining the 

forward zero curves for each rating and revaluation of the credit‘s remaining cash 

flows at risk horizon for each rating category; and (iii) the likelihoods from step 1 

and the values from step 2 are then combined to determine volatility of value due 

to credit quality changes by calculating the standard deviation and the percentile 

level as the measures of credit risk. 

To measure the effect of portfolio diversification we need to estimate the 

correlations in credit quality changes for all pairs of obligors. Correlations among 

defaults are concluded from correlations between asset prices. Equity prices for 

publicly traded firms are used as a proxy to calculate asset correlations because 

asset values cannot be directly observed from historical data. CreditMetrics then 

uses simulations of the joint asset values, assuming a multivariate normal 

distribution. These simulations can be also used to compute a correlation among 

default events. Because defaults are much less frequent than rating changes, the 

correlation is typically much less than the correlation between asset values 

(Jorion, 2003). 

CreditMetrics has several advantages. It allows credit risk analysts to identify the 

nature of the contribution of each asset portfolio risk, the distribution of credit 

exposures among the rating and overall performance of the portfolio. It also 

provides the opportunity to restructure the distribution of credit exposures among 
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different ratings in portfolio in order to adjust its risk (Kalapodas and Thomson, 

2005). Moreover, CreditMetrics is more suitable for a fixed –income portfolio 

because considers the probability of changes in credit rating and default events 

across a portfolio (Papanyan, 2003). 

On the other hand, CreditMetrics has several disadvantages. It requires many 

inputs and complex mathematics techniques. It is difficult to implement to 

consumer credit because equity cannot measure the obligors (Kalapodas and 

Thomson, 2006). It also ignores other factors such as the management of a firm. 

There is no explanation provided by CreditMetrics about using the equity price as 

a proxy for the asset values of the firm that is not directly observable. This may 

affect the accuracy of this model (Crouhy et al., 2000).  

Finally, it relies on a transition matrix in which financial institutions use the 

traditional methods of evaluating credit risk to conduct these transition matrices 

(Treacy and Carey, 1998).    

II. Marco factor models 

According to Marco factor models, defaults rely on the level of economic activity, 

so the probability of default changes as the state of the economy changes. 

Smithson (2003, p. 134) shows the steps by which the factor models works: (i) 

simulate the future state of the economy; (ii) adjust the default rate to the 

simulated state of the economy; (iii) assign probability of default for each obligor, 

based on the simulated state of the economy; (iv) value individual transactions 

(facilities) depending on the possibility of default assigned to the obligor in the 

previous step; (v) compute portfolio loss by totalling results for all transactions; 

and (vi) repeat steps 1-6 some number of times to map the loss distribution. 

In factor models, the coefficients on the various factors derive the correlation in 

default rates. All default rates and transition probabilities are caused by the state 

of the economy changing together. A high default probability is produced by a low 

state of economic activity drawn from the simulation of macro variables and this 

causes correlation in migration risk.   
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McKinsey’s Credit Portfolio View 

The Credit Portfolio View is a multi-factor model which is used to simulate the 

joint conditional distribution of default and migration probabilities for various 

rating groups in different industries conditional on the value of macroeconomic 

factors (Crouhy et al., 2000). The Credit Portfolio View, as the first multi-factor 

econometric model, was developed by Wilson (1997a, 1997b) who introduced an 

attempt to evaluate portfolio credit risk through econometrics and Monte Carlo 

simulation and then it was presented by McKinsey in 1998. Credit Portfolio View 

is based on the assumption that the default probabilities and migration 

probabilities are connected to the economy. When the economy improves both 

upgrades and defaults decrease. The contrary holds when the economy becomes 

depressed. This means that the credit cycles follow business cycles closely but 

their behaviour is different from that of industries. Since the state of the economy 

is, to a large extent, driven by macroeconomic variables, the Credit Portfolio View 

suggests a methodology to connect those macroeconomic variables to the 

probability of default and migration probabilities (Crouhy et al., 2000). 

Credit Portfolio View consists of two model blocks: the default block and the time 

series block. In the probability of default, default rate for portfolio is formulated 

as a logit function: 

1

1 it
it Z

Y
e





                                                                                         (2. 6)  

where itY  is the conditional probability of default in period t  for obligors in 

country or industry i , and itY  is the index derived from the multifactor model as 

follows: 
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                                                                            (2. 7)  

where   are unknown parameters, itX  are period t  values of the 

macroeconomics variables and te  is the error term. The macroeconomics 

variables are specified for each country. Each macroeconomic variable is 

supposed to follow a univariate autoregressive process of order 2 (Crouhy et al., 

2000; Derviz and Kadlcakova, 2001; Hubner et al., 2005 and Kim, 2005). 
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where each X  is normally distributed and independent, 
0i  are coefficients to be 

estimated, and tv  is the error term.  

When the Equations 2.7 and 2.8 are calibrated, a Monte Carlo method is applied 

to determine the distribution of the default probabilities conditional on the state of 

the economy. Credit Portfolio View proposes the use of the following two ratios to 

adjust the migration probabilities in order to produce a transition matrix 

conditional on the state of the economy (Crouhy et al., 2000): 

1tSDP

SDP
  (Recession)    1tSDP

SDP
  (Expansion)                                (2. 9) 

where tSDP  is the simulated default probability for a speculative grade obligor, 

SDP  is unconditional (historical average) probability of default for a speculative 

grade obligor. If this ratio is greater than one, the unconditional transition matrix 

is adjusted to give increased probabilities of migration into downgrades and 

default and decreased probabilities of migration into upgrades, and vice versa 

(Derviz and Kadlcakova, 2001). This approach can generate multi-period 

transition matrices:  
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The transition matrix produces the distribution of the cumulative conditional 

default probability for any rating over any time period (Crouhy et al., 2000; 

Kalapodas and Thomson, 2006).   

The Credit Portfolio View has some advantages. It takes into account the 

dependence between the default events and the state of the economy, especially 

when the portfolio is internationally diversified. It can also be applied to any 

credit exposure since the creditworthiness of counterparties is described by a 

number of macroeconomic variables (Kalapodas and Thomson, 2006). 

Furthermore, the original migration matrix is adjusted according to the widespread 

macroeconomic condition, resulting in non-constant ratings. On the other hand, 

Credit Portfolio View has some limitations. It is a complex method to implement 
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in practice because of the advanced mathematical requirements. Kern and 

Rudolph (2001) show that the high dependence between the state of economy and 

default does not affect counterparties. Derviz and Kadlcakova (2001) reported that 

the most important macroeconomic variables are not referred to the model. 

III. Actuarial models 

The actuarial models were firstly introduced by Jarrow and Turnbull (1992) and 

subsequently studied by Jarrow and Turnbull (1995), Jarrow et al., (1997) and 

Duffie and Singleton (1999) and (Jarrow and Protter, 2004). It uses a statistical 

technique common in loss distribution modelling developed in the insurance 

industry. Actuarial models obtain a closed form expression for joint distribution of 

loss event. 

The best known of the actuarial models is CreditRisk+, introduced and developed 

by the investment bank Credit Suisse Financial Products (1997). 

Credit Risk+   

CreditRisk+ is a model of default risk, not migration risk such as CreditMetrics 

and Credit Portfolio View. It does not examine the potential reasons for default 

and ignores the changes in prices and spreads. It means no assumptions are made 

about the causes of default. CreditRisk+ is a default mode model instead of a 

market-to-market model. It assumes that each obligor can be in one of the two 

states, default or non- default, at the end of the risk period. CreditRisk+ is a purely 

actuarial model which means that the probabilities of default are based on 

historical statistical data of default experience by credit class (Crouhy, 2001). 

CreditRisk+ uses the default as a continuous random variable with a probability 

distribution. It integrates the volatility of default rates to capture the uncertainty in 

the level of default rates (Caouette et al., 1998). CreditRisk+ estimates the 

portfolio‘s loss variable and assesses the need of economic capital within the 

Value at Risk framework. It supposes that the probability distribution for the 

number of defaults over any period of time follows a Poisson distribution. Under 

this assumption, CreditRisk+ generates the loss distribution of a loan portfolio 

which depends on the individual default variables of each security and their pair-

wise default correlations (Crouhy, 2001).   
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The inputs of CreditRisk+ are the individual credit exposures, mean default for 

the obligor, default rate volatilities for the obligor and an estimate of recovery 

rates (Servigny and Renault, 2004; Smithson, 2003; Derviz and Kadlcakova, 

2001; and Kim, 2005). 

CreditRisk+ firstly assumes that the default rates of individual obligors are fixed 

over time and for each loan. Default rates are usually estimated by mapping of 

default rate to its credit rating. Secondly, exposure to a large number of obligors is 

assumed to be such that each of them has a small probability of default and each 

loan‘s probability of default is independent of the default of other loans  (Allen et 

al., 2004; Derviz and Kadlcakova, 2001). This assumption means the probability 

distribution for the number of defaults during a given period of time can be 

presented by a Poisson distribution: 

  
!
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                        0,1,2,....n                                             (2. 11) 

where n  is average number of defaults per year and   stands for the expected 

number of defaults in the portfolio. Finally, the model captures the concentration 

effect by permitting for differences between sectors. A diversified portfolio means 

that each exposure is allocated to a different sector whilst a concentrated portfolio 

means that all exposures are part of a single sector. A sector is a collection of 

consistent obligors under the influence of a single underlying factor (Derviz and 

Kadlcakova, 2001).  

The second stage of measureming the risk in CreditRisk+ can be divided into two 

steps (or called the two degrees of uncertainty (Allen et al., 2004)). The first step 

requires identification of frequency of default events, estimated by a standard 

Poisson distribution, and the second step requires identification of the severity of 

the losses; derived from the exposure for each obligor adjusted with the 

anticipated recovery rate (Credit Suisse, 1997) and (Hubner et al., 2005).  

The last stage is to derive the loss distribution of a portfolio (Kadlcakova and 

Keplinger, 2004). The losses (exposures, net of recovery) are divided into bands, 

with the level of exposure in each band being approximated by a single number. In 

CreditRisk+ each band is viewed as an independent portfolio of loans. The 

derivation of losses for the entire portfolio follows three steps: a probability 
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generating function for each band, a probability generating function for the entire 

portfolio, and the loss distribution for the entire portfolio (Hubner et al., 2005;  

Crouhy, 2001).  

CreditRisk+ has the advantage that it is rather easy to apply. The method provides 

a rapid analytical solution to the distribution of credit losses with few data inputs 

(the probability of default and the individual exposure (Jorion, 2003)) and the 

computation of the loan loss is easier to perform and is attractive. Conversely, 

CreditRisk+ has shortcomings. It ignores the relationship with the level of market 

risk in credit risk assessment. In addition, it does not integrate successfully the 

correlations between the state of economy and defaults. Furthermore, CreditRisk+ 

does not estimate the defaults for different time horizons (Kalapodas and 

Thomson, 2006). 

2.6 Comparison of portfolio models 

.Table 2.3 summarises the key characteristics of the portfolio models in terms of 

definition of risk, credit events, risk drivers, transition probabilities, correlation of 

credit events, recovery rates, and numerical approach. 

Portfolio credit risk models have developed under different assumptions; credit 

risk assessment, data requirements and mathematical pattern. KMV portfolio 

manager and CreditMetrics estimate stand-alone credit risk by implementing asset 

value, but Credit Portfolio View applies an econometric model and CreditRisk+ 

applies expected default rates. CreditMetrics and Credit Portfolio View are 

migration and default risk models, while KMV portfolio manager and CreditRisk+ 

are only default risk models (Kim, 2005). CreditMetrics and CreditPortfolio View 

are market-to-market, while CreditRisk+ and KMV portfolio manager are the 

default mode models. In relation to probability distribution for default, Credit 

Portfolio View estimates the parameters of the default distribution via logistic 

distribution, while CreditRisk+ applies Poisson distribution for arrival rate and 

gamma distribution for mean default rate. The default rate distribution in KMV 

portfolio manager and CreditMetrics derived from lognormal model of asset value 

(Smithson, 2003). In relation to methodology, CreditRisk+ is an analytical model, 

which means the calculation of credit loss distribution can be performed faster. 
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However, CreditMetrics is a simulation model which means that it saves time and 

the input variables are needed to change (Papanyan, 2003). In spite of these 

differences Koyluoglu and Hickman (1998), and Gordy (2000) argue that the 

underlying mathematical structures are similar. 

Table 2.3 Comparison of portfolio models 

Model KMV portfolio 

manger 

CreditMetrics CreditPortofolioView CreditRisk+ 

Definition of 

risk 

Market to 

market or 

Default losses 

Market to market Market to market Default losses 

Credit events Continuous 

default 

probabilities 

Downgrade/default Downgrade/default default 

Risk drivers Asset values Asset values Macro factors Expected default 

rates 

Transition 

probabilities 

Driven by: 

individual term 

structure of EDF 

– asset value 

process 

Constant Driven by macro factor Not applicable 

Correlation  

of credit 

events 

Multivariate 

normal 

distribution or 

equity factor 

model 

Multivariate normal 

distribution or equity 

factor model 

Conditional default 

probabilities function of 

macro factors 

Conditional 

default 

probabilities 

function of 

common risk 

factors 

Recovery 

rates 

Random( beta 

distribution) 

Random( beta 

distribution) 

Random( empirical 

distribution) 

Loss given 

default 

deterministic 

Numerical 

approach 

Analytic/ 

simulation 

Analytic/ simulation Simulation Analytic 

Some articles deal with the models of credit portfolio. These articles generally 

recognise the mathematical relation between the different types of models and 

provide some results. 

Lopez and Saidenberg (2000) discuss the differences between market risk models 

and credit risk models that make the validation of credit risk models more difficult 

due to their underlying time horizons. They suggest a ―cross-sectional simulation‖ 

method to assess credit risk models. Hickman and Koyluoglu (1998) studied three 

different portfolio models; KMV Credit Manager, CreditRisk+ and Credit 

Portfolio View. They found similarity of inputs yield outputs. They reported that 

the actual difference in outputs comes from parameter variance, not the model 

variance. Grody (2000) shows that KMV Credit Manager and Credit Risk+ both 
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have a similar underlying probabilistic structure in spite of the surface differences. 

He demonstrates that KMV Credit Manager and CreditRisk+ can be 

mathematically measured. 

The question will be; which model is best? In general, there is no overall best 

model. What is best will depend on the details of problems such as the data 

requirements and the characteristics used. Some articles tried to answer it but the 

argument still continues without general agreement. Application of models differs 

between financial institutions and many factors play an important role in 

identifying the best one; such as the structure and characteristic of its loan 

portfolio and the size of the financial institution. However, Kim (2005) showed 

that the final selection criteria rest upon: (1) forecasting accuracy and (2) 

applicability. 

There are a few articles in relation to forecasting accuracy of portfolio credit risk 

models. Crouhy et al., (2000) and Gordy (2000) show the results of these models 

are similar. However, Catarianeu-Rabell et al., (2005) and Rosch (2005) reveal 

that CreditMetrics performs better than KMV Portfolio Manager. On the other 

hand, Sobhart et al., (2000) shows that CreditMetrics and CreditRisk+ are 

superior to KMV Portfolio manager by developing forecasting accuracy indicators 

to estimate credit risk portfolio models. However, Jarrow and Protter (2004) 

propose CreditRisk+ if the financial institutions need to reduce credit pricing risk.    

Applicability means the ability to apply these models in practice. Kim (2005) 

explained the applicability of models in three aspects: data availability, 

manageability and cost efficiency. Data requirement differs from one model to 

another; therefore the financial institutions should have all required data to use the 

model. CreditMetrics requires a large amount data set such as rating system, 

historical transition matrix, spread and yield curves, stock price data, loss given 

default data, correlation and exposures. KMV also requires historical capital and 

debt structure data which means it is difficult to gather from small business or 

retail loan portfolio. On the other hand, CreditRisk+ requires comparatively small 

data. It could be said that the CreditPortfolio View is better than other models in 
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respect of data requirements, although it requires time series modelling for the 

macroeconomic variables. 

From the above discussion, it can be concluded that the comparison did not show 

the best model. There are a number of factors that should be taken into 

consideration in order to determine the best model, including the structure, loan 

portfolio, and the size of the financial institution as well as data requirements.  

2.7 Concluding remarks 

This chapter provides an extensive review of literature on approaches to credit 

risk modelling. It attempts to outline a suitable base and background for the 

subsequent chapters. Section 2.2 examined the framework for credit and lending 

decisions. In this section, the factors, which affect credit decisions, were 

reviewed. Internal factors, external factors and the borrower-specific factors were 

necessary to know the circumstances of credit decision making in financial 

institutions and as a foundation for understanding the importance of these factors 

when credit risk is considered. Moreover, this section provided an overview of the 

traditional models which contribute to assessing credit risk. These factors of the 

traditional model (the five C‘s) are consider as an input to most of other credit risk 

models.  

Section 2.3 discussed credit risk. First, the types of risks which face banks and 

other financial institutions were explained and this showed the significance of 

credit risk to banks as well as the objective of managing and controlling credit 

risk. It can be said that the management of credit risk has been a main challenge 

for banks and other financial institutions. Furthermore, the differences between 

credit risk and default risk were clarified. Finally, the components of credit risk 

were briefly reviewed to facilitate which part of component of credit risk would 

be considered.      

Section 2.4 examined the methods of credit risk analysis according to banking 

theory. These contained four methods; expert systems, risk premium analysis, 

econometrics and hybrid systems. This section provided a short review of these 

methods to give an idea about them and select the method used in the research. 
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Chapter 3 will provide the details of econometric methods and considers the main 

method that will be applied in this research.   

Section 2.5 extensively reviewed the credit risk models. The discussion was 

divided into credit rating systems and credit risk portfolio. In the first subsection, 

credit rating, as one popular method to modelling credit risk, was reviewed from 

many sides; definition, types, advantages and criticism, internal and external 

rating, the process of credit rating and the credit rating criteria. Many lenders take 

into consideration the credit ratings as one of the factors which help to build other 

credit models such as credit risk portfolio and credit risk scoring. In the second 

subsection, portfolio credit models were studied. Structural models, explicit factor 

models and reduced form models were included in the literature. These models 

were initially developed for commercial use. The aim of these models is to extend 

knowledge in the credit risk model field. However, these models still have a limit 

use in the research.  

Finally, Section 2.6 provides a comparison of portfolio models. However, the 

comparison did not identify the best model. There are a number of factors that 

should be taken into consideration in order to determine the best model; structure, 

loan portfolio, and the size of the financial institution as well as data requirements. 
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Chapter 3. An Empirical Review of Credit Scoring 

Models 

3.1 Introduction 

The purpose of this chapter is to review credit scoring models as a quantitative 

tool used to evaluate credit risk. These models provide a scientific basis for 

assessing an applicant to help in making the decision about whether to grant 

credit. Credit scoring is generally regarded as one of the more successful practical 

applications of statistical and operations research modelling in finance and 

banking. Lenders use credit scoring to estimate the possible risk that is the result 

of lending money to consumers and to reduce losses from bad loans. The initial 

steps in credit scoring is to identify the predictor‘s variables extracted from 

application forms and other credit information and then to apply statistical and 

non statistical techniques to produce a score which contributes to estimating credit 

risk. 

Chapter 3 is divided into five main areas. Section 3.2 provides a brief overview of 

credit scoring. Section 3.3 examines and evaluates the various parametric, non 

parametric and new methods of credit scoring. A comparison between the variety 

of credit scoring approaches is provided in Section 3.4, while recent studies 

concerning the application of credit scoring models are reviewed in Section 3.5. 

Section 3.6 provides a discussion of the common explanatory variables used in 

credit scoring models while Section 3.7 shows the sample size considerations used 

to apply credit scoring techniques. Some brief conclusions are drawn in Section 

3.8.  

3.2 An overview of credit scoring 

3.2.1 Definition  

Credit scoring is one of several of the credit measurement methods (DeVaney and 

Lytton1995). According to The New Basel Capital Accord Glossary of Terms 

(BIS, 2000, p. 6), credit scoring can be defined as ―…a method of evaluating the 

credit risk of loan applicant using historical data and statistical techniques. It is the 

process of assigning a single quantitative measure, the score, to represent the 
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borrower‘s probable the future loan performance‖. While credit scoring models 

are statistical techniques and mathematical systems are used to assist credit 

decisions, the objective of these models is to maximize measurable risk 

(Papanyan, 2003). Thomas et al., (2002) argue that credit scoring models do not 

actually assess the creditworthiness of applicants because this is not an attribute of 

the applicant, rather an assessment by the lender, and therefore reflects the 

circumstances of the borrower and the lender‘s view of expected future economic 

situations.  

There are two main kinds of credit scoring techniques. The first is ‗application 

credit scoring‘ and is used to evaluate new applicants. The second is ‗behavioural 

scoring‘ which is used to assess existing applicants (Banasik and Crook, 2005). 

Regardless of the form used, a large sample of historical data is usually collected 

to identify those characteristics which discriminate between ‗good‘ and ‗bad‘ 

credit risks.    

3.2.2 Development of credit scoring  

Credit scoring is a statistical method based on the idea of discriminating among 

groups in a population (Caire and Kossmann, 2003). Originally it was introduced 

by Fisher (1936) in an attempt to discriminate between two iris populations by 

measurements of the physical size of the plants to distinguish the origins of skulls 

using their physical measurements. Durand (1941) was the first study published 

that recognised that these statistical techniques could be used for identifying good 

loans and bad loans (Thomas, 2000). Credit scoring originated during World War 

II with Henry Wells, an executive of Spiegel Inc. During that time, credit 

management was experiencing many difficulties associated with finance houses 

and mail-order companies. Credit decisions were usually made judgementally by 

credit analysts and rules of thumb were either used (as a result of a shortage of 

expert people) by non-experienced workers to help making credit decisions.    

At the time, credit scoring systems were constructed without the sophisticated 

technology we know today. However, credit scoring was first implemented for a 

finance company (the American Investment Company) by Fair Isaac in 1959. Fair 

Isaac Corporation (FICO) was established in 1956 by Bill Fair, an engineer, and 
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Earl Isaac, a mathematician as a provider of decision management solutions using 

credit scoring. Their system spread rapidly through financial institutions in the US 

because it was cheaper, faster, more objective and more predictive than traditional 

approaches (Komorad, 2002). At that time, Fair and Isaac identified a small 

sample of bad and good loans in the American Investment Company and applied 

the discriminant analysis approach to identify variables that helped differentiate 

the ‗good‘ sample from the ‗bad‘ sample. 

By 1960, credit cards as a form of consumer of credit were introduced and used 

for making purchases on borrowed money (see for example, Kaynak et al., (1995) 

Dunn and Kim (1999), and Lucas (2001)). At the same time, financial institutions 

recognised the advantages of credit scoring. In addition, logistic regression and 

linear programming were introduced as statistical tools in credit scoring. It was 

estimated that default rates would drop by fifty percent following the introduction 

of the scoring systems (Thomas, 2000). As a result of the success of statistical 

scoring techniques for credit cards, the development of computer technology and 

an increasing rate of credit applications, banks started implementing credit scoring 

for other loans such as personal, home and small business loans. By the 1990s 

scorecards were used to improve the rate of advertising campaigns because of the 

growth in direct marketing. 

In addition, credit scoring models provide valuable contributions in microfinance 

area. A number of studies show that scoring models does reduce arrears and so 

reduces time spent on collections, and this greater efficiency improves both 

outreach and sustainability.  See for example, Kimenyi et al., (1998), Schreiner, 

(2000; 2003b), Caprio (2004), and Dellien and Schreiner (2005) 

However, the widespread use of credit scoring was not easy because some 

practitioners and researchers opposed the using of statistical techniques in scoring. 

Capon (1982, p. 90) argues that ―the brute force empiricism of credit scoring 

offends against the traditions of our society‖. He felt that there should be more 

dependence on credit history and it should be possible to explain why certain 

variables are needed in a scoring system and others are not (Sathye et al., 2003, p. 

90). Despite these critiques, credit scoring systems are currently used for all loans 
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products including individual, small business and corporate loans, and they have 

become a standard tool in loan pricing for the purpose of maximising profits.   

3.2.3 Credit scoring and judgemental systems 

The judgemental system is a traditional method based on the human assessment of 

credit risk. This was widely employed before credit scoring methods emerged 

during the 1950s. Currently, the introduction of many statistical and mathematical 

techniques provides better validity and results, especially in relation to 

classification accuracy. It is important, however, to compare credit scoring and 

judgemental system to ensure that the credit scoring models provide a proper 

scientific basis and measurable advantage to financial institutions. 

Chandler and Coffman (1979) provided a good comparison between the two 

systems in respect of their respective strengths and weaknesses. First, in credit 

scoring a large sample of good and bad loans is selected to develop the scoring 

model. In contrast, judgemental systems based on the credit officer‘s own 

experience ignore sample selection or trend to focus too deeply on bad loans. 

Second, credit scoring models require less information which may include a 

mixture of continuous and categorical variables, and they are better able to 

remove redundant information. Third, credit scoring models are based on 

multivariate statistical analysis which assigns the appropriate weights given the 

impact of other characteristics to compensate for weakness in other models. With 

judgemental credit, however, it is impossible for the credit analyst to consider all 

relevant information that may be related to creditworthiness at the same time. 

Fourth, credit scoring models are generally argued to be time and cost effective 

(Ely and Robinson, 200; Fishelson-Holstine, 2004 and Huang et al., 2006). Mester 

(1997), for example, refers to a study by the Washington Business Banking Board 

that found that the judgemental credit systems in small business take more than 

twelve hours to approve a loan, while credit scoring can reduce the time to taken 

to about one hour. Finally, credit scoring models are considered as an objective 

approach to the loan granting decision. For instance, two banks with the same 

characteristics and the same applicant should obtain a similar score, whereas in 

judgemental credit systems, the decision may differ from lender to lender. 
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Sathye et al., (2003) have identified two categories of scoring based on a 

comparison between credit scoring and judgemental systems. First in accounting-

based systems, the credit analyst compares various key accounting ratios of the 

applicant with industry standards and the credit analyst then determines whether a 

particular ratio for an applicant varies markedly from the industry standard. 

Second, quantitative credit screening models depend on statistical analysis and 

can be divided into one of types: credit scoring applications are used for granting 

credit to a new borrower, and behavioural scoring deal with existing borrowers 

and the decision to extend credit or improve profitability.  

3.2.4 Consumer and small business credit scoring  

Consumer credit (also called personal loans) can be defined as the short or 

intermediate credit that individuals require to finance personal needs for non-

business purposes (Hand, 2001). Auto loans, home loans, secured and unsecured 

revolving loans, and credit cards are the most common forms of consumer credit.   

The growth of consumer credit over the last sixty years has seen spectacular. For 

example, according to the Federal Reserve Statistical Release, total consumer 

credit in the United States grew from US$5.7 billion in 1943 to US$2,100 billion 

in 2005. On the negative side, and according to the American Bankruptcy 

Institute, the number of consumer bankruptcy filings per year in the United States 

increased from 331,264 filings in 1980 to more than 2,000,000 filings in 2005 

(Thomas et al., 2005). Therefore, credit scoring models are developed to use 

statistical and mathematical techniques to produce a score for each applicant and 

compare it with a predetermined cut-off to measure credit risk. The process of 

these models requires the use of personal, economic and financial variables 

including age, the number of dependents, occupation and the loan amount.   

Small business credit, on the other hand, is defined as the amount of money 

granted to small business to finance its business activities. In small business, 

financial ratios and even some personal variables, are used to evaluate credit risk 

(Immergluck and Smith, 2003) but Fair and Isaac Corporation originally argued 

that they found that the same variables determining the owner‘s probability of 

loan repayment also determined a large part of credit scoring.     
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Over the last decade, however, banks have increasingly changed to credit scoring 

systems. This is one of the more dramatic changes in small business lending. The 

reason is that these loans are less homogeneous than credit card loans and other 

types of personal loans, and also because the amount of this kind of lending is 

smaller, so the scoring models generally require less information (Longenecker et 

al., 1997). Mester (1997) and Agarwal et al., (2007), for instance, found that 

information on the business owner is a more important indicator of small business 

loan evaluation than the business itself. Alternatively, Thomas et al., (2002) 

showed that information about the owner may not be an important indicator 

because the business may be run by other persons, therefore extraneous 

information about the business and the business environment should also be 

considered.  

To the credit process; several credit scoring studies in small business have 

illustrated significant advantages. According to Feldman (1997), credit scoring 

may change small business lending regarding the interaction between applicants 

and underwriters, loan pricing, and credit availability. For example: (i) credit 

scoring can allow lenders to extend loans without any contact; (ii) credit scoring 

can reduce cost of borrowing, documentation requirements and loan losses 

especially when it provides an accurate credit assessment; (iii) credit scoring can 

allow a lender to increase the size of loans and this leads to profitability. 

Moreover, Frame et al., (2001) and Padhi et al., (2001) found that when banks 

changed to small business credit scoring of loans, they were able to increase small 

business lending by US$4 billion. Finally, Frame et al., (2001) showed that the 

use of credit scoring has a positive impact on the level of small business loans 

made by large banks in low and moderate-income census tracts, as well as 

increasing profitability.  

Caouette et al. (1998) explained the reasons for the effectiveness of scoring 

models in consumer lending over business lending as follows. First, at an 

institutional level, business lenders believe that the process of business lending is 

complex and requires judgemental systems rather than quantitative methods. 

Consumer lenders, on the other hand, accept quantitative methods because they 



Credit Risk Modelling in Libya 

 

  

–53– 

may focus on commercial terms instead of lending terms. Second, at an analytic 

level, building consumer models is easier because of the availability of applicant 

information and quantitative methods to test and improve credit models. Finally, 

at the economic level, losses in consumer lending tend to be relatively large in 

number, but small in size. Losses from business lending, however, are relatively 

uncommon, but of greater magnitude. 

3.2.5 Credit scoring and credit ratings 

Credit rating is the assessment of the credit risk of companies and individuals 

(Coyle, 2000). It also measures the ability of borrower to repay a loan by 

classifying credit risk into rates. The process of rating is generally achieved by 

agencies including the four major U.S rating agencies; Moody‘s, Standard Poor‘s, 

Fitch and Duff Phelps. The result of this process is a gradation of groups represent 

their evaluation of companies starting with the highest rating and terminating with 

the lowest rating (AAA, AA, A, BBB, etc.). 

Table 3.1 summarizes the essentially differences between credit scoring and credit 

rating in terms of producers, objects of evaluation, results, users, main purpose, 

methods, and approach. 

Table 3.1 Differences between credit scoring and credit ratings 

 Credit scoring Credit rating 

Producers Internally by banks and financial intuitions 

or externally by vendors of scoring systems 

Internally by banks and financial 

intuitions or externally by rating 

agency 

 

Objects of 

evaluation 

Consumer credit and small business credit  Corporate loans and loans within 

institutions & international companies 

 

Results Scores  Grades  

 

Users Institution itself Banks and financial intuitions lenders, 

investor, regulator 

 

Main purposes Routine credit decision Credit risk management and control 

General reference for various 

purposes in business, industry and 

finance 

 

Methods Statistical and mathematical techniques Expert systems and credit risk models 

 

Approach Objective Subjective 

Source: Liu (2001, p. 6).  
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First, credit scoring models can be built by the lender or external institutions for 

evaluating consumer and small business loans. Credit scoring models usually 

produce a score which is used by lenders for identifying the credit risk of 

borrowers. The main purpose of credit scoring models is to help make routine 

decisions relating to grant loans. Credit scoring models use statistical and 

mathematical techniques which produce a score used in evaluating the 

creditworthiness of borrowers, so objectivity is a main feature. 

On the other hand, credit rating systems are similar to credit scoring models in 

terms of the producers, but generally produce ratings only for business loans, not 

for consumer loans. Credit rating systems produce grades which are used in 

making credit decisions but not on routine base. The ratings are usually issued by 

credit agencies and they can be used as an independent variable in credit scoring 

models. Credit rating systems use both statistical techniques and expert system to 

produce grades so the approach is divided into two branches: objective and 

subjective.  

3.3 Credit scoring methods 

When implementing a credit scoring system, a financial institution must clearly 

define and understand the outcome. In this section, the methods of scoring models 

used in practice are reviewed. Figure 3.1 provides a summary of the important 

approaches and models of credit scoring. 

3.3.1 Parametric statistical approaches 

I. Overview 

In a credit scoring context, parametric statistical approaches require the use of 

regression analysis to discriminate between good loans and bad loans using a 

sample of applicants (Bramma, 1999). These approaches were the first used in 

building credit scoring systems and are still considered to be one of the more 

successful approaches.  These approaches can also recognize and eliminate trivial 

variables and ensure that all the important variables remain in the scoring system 

(Thomas et al., 2002). In turn, parametric statistical approaches can be divided 

into four models frequently employed: the linear probability model; probit 

models; logit models and discriminant models. These models all attempt to 
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estimate the probability of default based on the past data (i.e. good and bad credit 

risk) of the applicants and classify them into two different groups. Each of these 

models is reviewed in the following subsections.  

Figure 3.1 Approaches to credit scoring 

 

II. Linear probability model 

By far the most common empirical model form used is the linear regression 

model; mainly because it is generally easy to use and understand. The linear 

probability model is an econometric model in which the dependent variable takes 

a value of zero or one. It assumes a linear relationship between the probability of 

default and the independent variables and employs historical data as inputs to 

explain the repayment experience on past loans. Ordinary least squares or 

weighted least squares is employed to regress   (the dependent variable) on n  

(the independent variables) to find the parameter(s) j which gives the estimated 

importance of the j th variable in explaining past repayment experiences (Turvey, 

1991). The structural model takes the form: 

Credit scoring approaches 

Parametric Non parametric New Approaches 

Linear Probability 

Model 

Probit Model 

Logit Model 

Discriminant Analysis 

Model 

Classification Tree 

Nearest Neighbours 

Goal Programming 

 

Integer Programming 

 

Neural Networks 

 

Genetic Algorithms 

 

Expert Systems 

Graphical Model 

Bayesian Networks 

Survival Analysis 
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1

N

j n

n

Z u 


                                                                                 (3.1) 

where   is the dependent variable or the probability of default ( =1 if the event 

is default; = 0 otherwise),   are parameters to be estimated,   are independent 

variables of the value for i th the observation, 1,....n N and u  is the unobserved 

error term assumed to be a random variable. 

The major disadvantage of the linear probability model is the chance that some 

estimated values may lie outside the zero-one interval (known as the linearity 

problem). This is problematic in several respects (Altman et al., 1981, p. 8). First, 

there is no economic meaning if the probability is a negative or takes a value of 

one. Second, a value  greater than one or less than zero means the violation of the 

assumption of zero-expectation errors necessary for least squares estimation. 

Another problem caused by estimated probabilities outside the zero-one interval is 

the possibility of inadmissible weights for the adjustment of heteroskedasticity.  

III. Probit model 

A probit model is an econometric model where the dependent variable   can only 

be zero or one, and the continuous independent variables ij  are estimated:  

( 1)prob Z     ij ijF                                                                        (3.2) 

where   is a parameter to be estimated, and F  is the normal cumulative 

distribution function (CDF). The probit models are generalized linear models with 

a probit link: 

 1Z  .                                                                                         (3.3) 

where 1  is the inverse of the standard normal cumulative distribution function, 

and  

   
1


n

j ij

j

                                                                                         (3.4) 

This may be expressed as a probit model in probability, 

( 1) 1   prob  F  
1 1 1  

     
          
     
  

n n n

j ij j ij j ij

j j j

F        (3.5) 
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where the more general form of cumulative distribution function, F , is 

substituted by the standard normal cumulative distribution,  . The probit model 

takes only one naturally significant form because a probit model expressed in   is 

a linear regression of the Z-score of the event probability. The equation for the 

probability of non-event is then: 

1

( 0) 1
n

j ij

j

prob 


 
     

 
                                                             (3.6)   

This equation can be derived from equation (3.5), because the response is a binary 

outcome (Liao, 1994, p. 21). Probit models are a major alternative to the linear 

probability model and overcome its major deficiency by finding the appropriate 

transformation that such probability estimates fall within the[0,1] interval. 

Grablowsky and Talley (1981) suggested this analysis by comparing the 

assumptions and results of this method and multi discriminant analysis in 

predicting retail credit applications and found that probit analysis performs better, 

as well as having better predictive power. Bovenzi et al., (1983) also used a probit 

model to predict bank default but similar results to multiple discriminant analysis 

were found. Gessner et al., (1988) compared the probit model with OLS, logit, 

linear discriminant and quadratic discriminant analysis and they found that the 

probit and logit models were superior. Later, Boyes et al., (1989) used probit 

models to estimate the failure probability of credit card loans. They found that the 

probit model occurs in a way that is not consistent with the minimization of 

default risk. Greene (1992) and Jacobson and Roszbach‘s results (2003) were 

similar to the results reached by Boyes et al., (1989). Feelders (2000; 2003) and 

Chen and Asterbro (2003) also used the model for reject inference in credit 

scoring and found that probit model performs significantly better than the other 

two comparative models, while Banasik et al., (2003) found a small improvement 

when using the probit model to examine the predictive accuracy. 

IV. Logit model 

The logit model is a natural complement of the regression model where the 

dependent variable is a qualitative variable (Cramer, 1991). The dependent 

variable in the logit model (also known as the logistic model) also takes a value 

only of 0 and 1 but differs from the probit model by assuming that the probability 
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of default has a logistic distribution instead of a normal distribution (Bierens, 

2004). The equation form of the logistic model is (DeMaris, 1992): 

1
( )

1 


 Z
F Z                                                                                      (3.7) 

where:  is the exponential and ( )F Z is the cumulative probability of default. 

In brief, there could be transferred into a logit model by replacing the general 

CDF, F , with a specific CDF, L , representing the logistic distribution: 

  
1 1

1 1
n n

j ij j ij

j j

prob L L 
 

   
           

   
                                (3.8)    

The previous equation represents the probability of an event occurring. For a non-

event, the probability is equal to zero as follows:  
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                      (3.9)  

Both probit and logit parameters are estimated using Maximum Likelihood 

Estimation (MLE) unlike the linear probability models estimated using Least 

Squares (LS) Estimation (Liu and Schumann, 2005). The difference between LS 

and MLE is that LS identifies  decrease  in the parameter estimates that yield the 

smallest sum of squared errors in the fit between model and data, while MLE is 

considered by selecting  parameter estimates that imply the highest probability or 

probability of having obtained the observed sample Z  (Aldrich and Nelson, 1984, 

p. 51).   

In a credit scoring context, Wiginton (1980) was the first study applied logistic 

regression by comparing it with discriminant analysis on consumer credit scoring 

but he found only a small advantage in logistic regression in relation to 

classification accuracy. Srinivasan and Kim (1987), Davis et al., (1992) and 

Martin (1997) found similar result, though Desai et al., (1997) and Chiang-Hua 

and Ansell (2007) concluded that the logistic regression was superior to other 

methods. On the other hand, Henley (1995) found that the performance of logistic 

regression was less than for the other method. The same conclusions arise from 

Salchnberger et al., (1992). Andreeva (2006) compared logistic regression with 
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survival analysis and found that it is competitive with survival analysis. Gana and 

Rossi (1997, p. 8) found that ridge regression estimated probit model may 

compete successfully with logit model in terlation to spilting the distributions of 

dependtent variable.  

V. Discriminant analysis model 

Discriminant analysis is the most common statistical technique used for credit 

scoring. The purpose of discriminant analysis is to classify firm into one of two 

possible groups (financially non-distressed and financially distressed) based on 

one or more variables. In generally, it is used mainly to classify or make forecasts 

in problems where the dependent variable is qualitative in choice (Seber, 1984). 

Hence, the first step is to create clear group classifications and then collect data 

for the objects in the groups. This technique attempts to derive a linear 

combination of a number of independent variables that discriminate clearly 

between the groups. The technique originated in psychology and biology and first 

was suggested by Fisher (1936) who used it in taxonomic problems and was used 

by Durand (1941) to discriminate between good and bad loans. The outcome of 

this technique is the discriminant score that take the following form:       

j1 1 2 2 j...                                                                          (3.10) 

where   is the discriminant score (=1 if the event is default; =0 otherwise), 

j  are the coefficients to be estimated  and j  are the independent variables. 

The most common forms of discriminant modelling in credit scoring are the Z-

score and the ZETA model. The Z-score was developed by Altman (1968) as a 

multivariate approach built on a set of five financial ratios. The work of Altman 

produced the following equation: 

1 2 3 4 51.2 1.4 3.3 0.6 0.99    Z X X X X X                                        (3.11) 

where Z  is the discriminant score, 
1X  is working capital/total assets, 2X  is 

retained earning/total assets, 3X  is EBIT/total assets, 4X  is market value of 

equity/book value of liabilities, and 5X  is sales/total assets. 

Discriminant analysis has a number of advantages as a credit scoring model: (i) it 

can identify complex models for the set of predictor characteristics and considers 
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the interaction of these characteristics; (ii) it does not involve complicated 

mathematics; (iii) it is based on a specific normal distribution and it is more 

powerful in interpreting between group-differences; (iv) it achieves a reduction in 

error rates; and (v) it is a good technique for classification accuracy (Kalapodas 

and Thomson, 2006). 

On the other hand, discriminant analysis is also suspected of a number of 

concerns: (i) discriminant analysis assumes normally distributed variables of the 

members of the groups and this violates the classic linear regression assumptions; 

(ii) it employs linear discriminant rather than quadratic functions, which may be 

problematic especially when the group dispersion is unequal; (iii) it is dependent 

on a relatively equal distribution of group membership. If one group of the 

population is lager than the other, discriminant analysis will ordinarily classify all 

observations in this group [see, for more details, Eisenbeis, (1977)]. 

Discriminant analysis was the first technique used in a credit scoring context. 

Many analysts applied this method to classify loans or to predict bankruptcy in 

corporate loans, including Altman (1968), Orgler (1970), Apilado et al., (1974), 

Altman et al., (1977), Altman and Narayanan (1997), Altman (1980), Galitz 

(1983), Altman and Izan (1984), Pantalone and Platt (1987), Betts and Belhoul 

(1987), Turvey (1991), Crook et al., (1992b), Eisenbeis (1996), Altman (2000; 

2002b),  Crook et al., (2002), Chang (2005), and Anonymous (2005). In addition, 

several comparative studies of discriminant analysis techniques with other credit 

scoring models, both parametric and non parametric, were applied by studies such 

Myers and Forgy (1963), Srinivasan and Kim (1987), Coffman (1986), Bardos 

(1998), Ariyo et al., (1992)Crook et al., (1992a), King et al., (1994), Altman et 

al., (1994), Avery et al., (1996; 2000),  Henley and Hand (1996), Desai et al. 

(1996, 1997), Bardos and Zhu (1998), Yobas et al., (2000), Hamilton and Khan 

(2001), Zhu et al., (2002), Baesens et al., (2003), and Yang (2005).  

In spite of these comparisons with discriminant methods, the conclusions of these 

studies are often in conflict. For instance; King et al., (1994) and Desia et al., 

(1997), in studies to investigate the predictive power of new techniques in 

comparison to traditional techniques, found that discriminant analysis did not 
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perform as well as other methods in terms of accuracy. To the contrary, Boyle et 

al., (1992), Yobas et al., (2000) discussed and compared various statistical 

methods on credit scoring models and found that discriminant analysis was 

superior to the other methods.  

Although successesfull in credit scoring field, it has some criticisms. Eisenbeis 

(1977) discussed the problems of application of discriminant analysis techniques 

such as the distribution and the interpretation of the significance of individual 

variables and showed that discriminant analysis suffers from statistical 

deficiencies as mentioned earlier. Capon (1982) provided a critical analysis of 

credit scoring models and showed that the bias of sample, the size of sample, 

overriding and multicollinearity could change the score by several points. 

However, Hand et al., (1998) compared the error rate of linear discriminant 

analysis with that of the optimal classification rule under certain conditions and 

showed that discriminant analysis leads to a similar decision to the decision of the 

optimal rule and that two rules can lead to very different error rates. 

3.3.2 Non-parametric approaches 

I. Overview 

The aforementioned parametric approaches assume the distributions of the 

variables being assessed belong to known parameterised families of probability 

distributions. Non-parametric approaches, however, do not rely on the stringent 

assumption of the shape of the population distribution. These approaches are also 

called distribution-free approaches. The non-parametric approaches can deal with 

missing values and multicollinearity among variables compared with parametric 

approaches. Non-parametric approach can be classified into two categories for 

building credit scoring methods; simultaneous and sequential methods. 

Simultaneous classification methods are usually used goal programming and 

integer programming. Sequential methods commonly partition borrower data with 

the purpose of achieving separation of data into good and bad loans. These 

methods include the recursive partitioning algorithm, the nearest-neighbours 

method, neural networks, genetic algorithms and expert systems [see for example, 

Quinlan, (1983); Srinivasan and Kim, (1985); Thomas et al., (2003); Kiss, 

(2003)].  
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II. Recursive partitioning algorithm approach 

The recursive partitioning algorithm (RPA) or classification tree is a non-

parametric, complex and computerized intensive sorting algorithm. The basic idea 

is to split the sample responses into the two new sub-samples that are as 

homogeneous as possible and as different from each other, and then to repeatedly 

split the sub-sample into subgroups until it generates the possibility for decision-

making. The entire sample is the root node, while the sub-samples are called 

nodes. Each terminal node is classified as either of ‗Good‘ or ‗Bad‘. Figure 3.2 

illustrates a typical RPA. 

In this Figure, terminal subsets are represented by rectangular text boxes while 

non-terminal subsets are represented by circle text boxes. The tree classifier 

predicts a class for the measurement vector Z, which goes into Z2, Z3. If Z goes to 

Z3, then from the definition of split 3, it determines whether Z goes into Z6 or Z7. 

The process stops when the subsets meet the requirements to be a terminal node of 

the tree. 

 

Figure 3.2 Example of a classification tree 

 

Z 

Z3 

Z7 

Z13 

Z2 

Z4 
Z5 

Z9 Z8 

Z6 

Z16 

Z16 Z17 

Z11 Z10 

Z15 Z14 



Credit Risk Modelling in Libya 

 

  

–63– 

The objective of RPA in respect to credit scoring is to develop a sequence of 

questions or rules which either approve or disapprove to classify loans data into 

good loans and bad loans. The RPA itself looks for defining cut-off values for 

default risk. The best splitting rule is defined as one that allows the decrease in the 

total impurities of the resulting sub samples compared with the impurity of the 

root node (Frydman et al., 1985). The RPA is completed when terminal nodes are 

assigned to all possible default risks and all loans data is finally classified. The 

outcome of the RPA is a set of terminal nodes representing the minimisation of the 

observed expected cost of misclassification of each assignment.  

There are many methods of splitting used in RPA, including the Kolmogorov-

Sminov statistic, the basic impurity index, the Gini index, the entropy index, and 

the maximize half-sum of squares. Breiman et al., (1984) were the first to develop 

the idea of this technique, later providing one of the most important books on its 

statistical application in 1984 (Breiman 1984; Breiman et al., 1984). Safavian and 

Landgrebe (1991) presented a survey of decision tree classifier methodology. In 

the credit scoring context, applications of this technique suggested by Makowski 

(1985), Frydman, Altman and Kao (1985) applied in corporate distress. Coffman 

(1986), Carter and Catlett (1987) compared sophisticated decision tree methods 

with discriminant analysis for assessing credit applications. Srinivasan and Kim 

(1987) applied it to a sample of corporate credit data as did Boyle et al., (1992) 

and Hu and Ansell (2006). All these studies have generally shown that the RPA 

provides better classification precision than many of the other techniques 

examined.  

II. Nearest-neighbours approach 

The nearest-neighbours method (also called pattern recognition) is a 

nonparametric approach for classifying and was first proposed by Fix and Hodges 

(1952). ―The idea of this method is to select a metric on the space of application 

data to measure how far apart any two applicants are‖ (Thomas et al., 2002, p. 

60). In the nearest methods, credit risk is assessed for an applicant from a sample 

of past applicants as a representative standard and then classified by the 

proportions of ‗goods‘ and ‗bads‘ among the κ nearest applicant 'most similar' 

points in a training sample. The similarity of points is assessed using an 
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appropriate distance metric. The selection of a suitable distance measure is an 

important part of the κ nearest neighbour method (Jiangsheng, 2002). The purpose 

of selecting a metric is to improve classification accuracy by comparing with 

some specific criterion. Therefore, an applicant is classified as good, if a majority 

of its neighbours are good; if not, the applicant is classified as bad.   

Henley and Hand (1996) suggested a metric of the form:  

      
1

2d , { Dww }
                                               (3.12) 

Where   and  are points in the feature space,  is the identity matrix, D  is a 

distance parameter, and w is a particular direction in the measurement space. 

The nearest neighbour method has some advantages in credit scoring (Henley and 

Hand, 1996): (i) this method can build a model of irregularities in the risk 

function over the feature space because of the nonparametric nature; (ii) the 

performance of this method is superior to other nonparametric techniques, such as 

Kernel methods, when the data are multidimensional; (iii) it is straightforward to 

update dynamically by adding applicants to the design set when their true class 

becomes known and by dropping older cases. 

A simple nearest-neighbour was applied to credit scoring data by Chatterjee and 

Barcun (1970) on personal loan applications. Chatterjee and Barcun (1970) found 

that the method was quicker and far less subjective than many numerical credit 

scoring methods. Hand (1986) also compared a variety of credit scoring models, 

including nearest-neighbour for home loans. Forgarty and Ireson (1993) compared 

the performance of some credit scoring models, including nearest-neighbour 

method and the result showed a good performance for the nearest-neighbour 

method.  Henley and Hand (1996) used nearest-neighbour method for loan 

applications compared with scoring methods and found that the performance of  

the nearest-neighbours method achieved the lowest expected bad risk rate but it 

had the advantage over the other methods in relation to classification. However, 

Baesens et al., (2003) found the nearest-neighbour method was worse than other 

methods such as neural networks, discriminant analysis and logistic regression 

when they applied it to loan data from different countries. 
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III. Goal programming  

Goal programming is a branch of mathematical programming that is concerned 

with the optimal allocation of limited resources to achieve a desired goal by 

maximizing and minimizing values as well as an efficient part of operations 

research to solve many practical problems (Feiring, 1986). Mangasarian (1965) 

was the first to study suggested goal programming in classifying problems where 

there are two groups and there is a separating hyperplane, which can separate the 

two groups accurately. Freed and Glover (1981) proposed that goal programming 

can be applied for discriminant problem when the two groups are not necessarily 

separable by using objectives such as minimization of the sum of absolute errors 

or minimizing the maximum error (Thomas et al., 2002).  

In a credit scoring context, goal programming aims to determine a relationship 

between weights or scores associated with explanatory variables and a scalar that 

defines a cut-off point between good and bad loans. To solve the problem by 

linear programming, a popular formulation is as follows: 

Minimize    1 2 ...
G Bn na a a                                                              

 Subject to: 1 1 2 2i i p i p iw x w x ... w x c a ,              1 Gi n             (3.13)         

                   1 1 2 2i i p i p iw x w x ... w x c a ,       Gn +1 G Bi n n ,     

                                                            0ia  ,         1 ,G Bi n n    

where 1 2 ...
G Bn na a a     is the objective function that includes the possible errors 

(all are positive or zero), 1 2, ,..., pw w w the weights that minimise the sum of the 

absolute values of errors, 1 2, ,...,i i ipx x x  the predictive variables of a borrower  i , 

and c  the cut-off.  

 If an applicant in the sample is good, we would 

require 1 1 2 2 ...    i i p i p iw x w x w x c a . However, if an applicant in the sample is 

bad, we require 1 1 2 2 ...    i i p i p iw x w x w x c a    

Hardy and Adrian (1985) showed that while mathematical programming could be 

used in loan classification, it performs the same as the conventional models based 

on discriminant analysis. Chhikara (1989) showed that the linear programming 

method may be further developed to consider more complex problems, including 
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multi-group classifications. On the other hand, Joachimsthaler and Stam (1990) 

undertook comparative studies of the mathematical programming technique with 

statistical techniques to estimate expected rates of their misclassification. They 

found the later classified marginally better. Nath et al., (1992) also found that 

statistical methods were superior to goal programming. Baesens et al., (2003) also 

concluded that linear programming performed worse than most scoring methods. 

However, goal programming has some advantages over statistical methods. To 

start with, it can easily include the bias into the scorecard development by 

including additional constraints (Thomas et al., 2002, p. 65) and it can often deal 

with large numbers. 

IV. Integer programming 

Any decision problem (with an objective to be maximized or minimized) in which 

the (quantifiable) decision variables must assume non-fractional or discrete values 

may be classified as an integer optimization problem (Ignizio, 1985). If only some 

of unknown variables are required to be integers, then the problem is called mixed 

integer programming which prevents a trivial solution. This method overcomes 

the limitations of linear programming resulting from minimization and 

maximization of deviation.   

In this technique, at least some of the variables will have to be integer (0, 1, 2, 

etc.). Koehler and Erenguc (1990) provided the following model: 

Minimize    
11 G G G Bn n nL d ... d D d ... d
 

                                       (3.14)       

Subject to: ,...11 iippi Mdcxwxw          1 Gi n ,                

                  ,...11 iippi Mdcxwxw              0 1id ,    id integer. 

where L  is the cost of misclassifying a good as a bad, D  the cost of 

misclassifying a bad as a good, M  is a positive number, and id is a variable that is 

1 if a customer in the sample is misclassifying a good and 0 otherwise. 

Joachimsthaler and Stam (1988 and1990) and Koehler and Erenguc (1990) found 

that the integer model is a better classification model than the goal programming 

model. Glen (1997) suggested a mixed integer programming for classification and 
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showed that it can be expanded to allow variables to be chosen in a stepwise way. 

However, it has two major disadvantages (Thomas et al., 2002). First, it takes 

much longer than goal programming to solve and hence can deal with only very 

small sample sets with the number of cases in the hundreds. Second, there are 

often a number of optimal solutions with the same number of misclassifications 

on the training set but with quite different performances on the holdout sample.   

V. Neural networks 

Neural networks, which can be considered as a form of non linear regression 

(Thomas, 2000), consist of layers of interconnected nodes, each node producing a 

non-linear function of its inputs. These nodes may come from other nodes or 

directly from the data (Nakhaeizadeh and Taylor, 1997). This method is based on 

computer systems that develop artificial intelligence and try to imitate the 

functioning of the human brain (Goonatilake and Treleaven, 1995). This method 

involves a number of similar units consisting of a large number of interconnected 

processing elements which are called neurons (Atiya, 2001). The process of this 

method include three layers; the input, hidden and output layers. More 

specifically, each neuron in these layers has its own activation or transfer function 

to the output layer (Ignizio and Soltys, 1996). The input and hidden layers send 

signals to the output layer (Kalapodas and Thomson, 2004). Figure 3.3 represents 

the general scheme of a neural unit. 

Figure 3.3 represents the single-layer neural networks. It can be represented in the 

following equations 

 0 0 1 1i i in nY f w x w x ... w x                                                               (3.15) 

0

n

ip p

p

Y w x


                                                                                          (3.16)  

where w is the weight connecting input n  and neuron I (=1 because there is only 

one neuron), p indicates the integer input, and x is a variable represented in a 

characteristic of a borrower.  
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Figure 3.3 Example of a single-layer neural network 

 

However, multilayer perceptrons are more commonly used than the single-layer. 

Multilayer consist of three layers of neuron: input, hidden, and output of 

interconnected neurons and each neuron has a set of weights. A three layer 

network is shown in Figure (3.4). From Figure (3.3), the equation of multilayer 

perceptron will be as follows 
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k kq q

q

y F w x


 
  

 
                                                                                 (3.17) 

where the subscript 1 on 1F  indicates it is the first layer after the input layer. 

The ky , 1,...,k r , are the outputs from the first hidden layer.  

From the Figure 3.4 below, the equation of multilayer perceptron will be as 

follows 
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where the subscript 1 on 1F  indicates it is the first layer after the input layer. 

The ky , 1,...,k r , are the outputs from the first hidden layer.  
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The computation of the vector of weights is known as training (Liu, 2002). There 

are several such methods but the most commonly used method is the back-

propagation algorithm. Training pairs, comprising a value for each of the input 

variables for a case and the known classification of the case, are frequently 

introduced to the network and the weights are adjusted to minimise some error 

function (Thomas et al., 2002). 

Figure 3.4 Example of a multilayer perceptron 

 

where q, k and v are neurons for the input layer, hidden layer and output layer 

respectively. 

The earliest work in neural networks goes back to the 1940s when McCulloch and 

Pitts introduced the first neural computing model. In the 1950s Rosenbaltt's work 

resulted in a two layer network, the perceptron, which was capable of learning 

certain classifications by adjusting connection weights (Koynove, 1999). 

In the credit scoring context, the kind of neural network that is generally 

implemented to credit fields can be seen as a statistical model requiring linear 

combinations of nested sequences of non-linear transformations of linear 

combinations of variables (Hand and Henley, 1997, p. 534). The input layers are 

represented by the application characteristics such as financial ratios or applicant 
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characteristics and the output is the credit performance of borrower then the 

procedures at network repeated with various weights until the weighting system 

with the least error appears and the weights are adjusted to minimise some error 

function (Thomas et al., 2002). 

There are many studies that used the neural networks in the credit arena. One of 

the first studies to apply neural networks was published by Odom and Sharda 

(1990) who used the variables of the Altman model (Z-score) as inputs to the 

neural networks for predicting the bankruptcy problem. Carter and Catlet (1987) 

used them in accepting consumers of credit cards. Vellido et al., (1999) reviewed 

the use of neural network in business applications in relation to bankruptcy 

prediction. Wong et al., (1997) also conducted a survey of this method to examine 

the historical trends in business applications including some references on the 

bankruptcy prediction problem to investigate the potential neural network research 

fields in the future.  

Kim and Scott (1991) found good accuracy and performance for this method. 

They used an artificial neural network for a sample of a 190 Compustat firms to 

predict bankruptcy. Tam and Kiang (1992), Mcleod et al., (1993), and Min and 

Lee (2004) applied neural networks to identify banking bankruptcy cases and 

compared several methods including multiple discriminant analysis, logistic 

regression, k-nearest neighbours and decision tree. They found that the multilayer 

network was the best. Salchenberger et al., (1992) compared neural networks with 

logit regression for predicting thrift failures and found it outperformed the logit 

regression. Moreover, Coats and Fant (1993), Jost (1993), Khoylou and Stirling 

(1993), Kerling and Poddig (1994), Wilson and Sharda (1994), Fernandez and 

Olmeda (1995), Alici (1999), Back et al., (1996), Desai et al. (1996), Bardos and 

Zhu (1997), Spanger (1999), Lee and Jung (2000), West (2000), Galindo and 

Tamayo (2000) and Limosbunchai et al., (2005) all found the same result in 

applying neural networks. However, Altman et al., (1994) analysed the 

comparison between discriminant models and neural networks to identify 

corporate bankruptcy in Italy and found that neural networks performed had 

similar accuracy to other scoring models but they suggested using both types of 
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methods in certain applications, especially in complex ones in which the 

flexibility of neural networks would be particularly valuable. 

On the other hand, Desai et al., (1997) investigated the predictive power of 

feedforward neural networks, which are an artificial network where connections 

between the units do not form directed cycles, and genetic algorithms in 

comparison to traditional techniques using the good and bad loans data and they 

found neural networks were inferior to logistic regression. Yobas et al., (2000) and 

Yang et al., (1999) also ensured the same result when compared with discriminant 

analysis. 

In other kinds of applications, neural networks were used in hybrid approaches 

with other scoring techniques. Mangasarian (1993) used linear programming and 

training neural networks. Lee et al., (1996) also applied hybrid models, which 

included multiple discriminant analysis, classification tree, self-organizing maps 

and neural networks. Iginzio and Soltys (1996) used genetic algorithms to train 

and design neural networks. 

Neural networks have many advantages when applied in the credit field. 

Kalapodas and Thomson (2006) showed that neural networks can built a complex 

model with non-linear relationships, they can represent any function, and they can 

deal with many characteristics. Allen et al., (2004) also showed that they are more 

flexible than other methods since there are no assumptions about the probability 

distribution of the predictor variables. Limosbunchai et al., (2005) added that 

neural networks can detect Type I errors better than other methods because the 

costs of classifying loans into bad and good (Type I) are greater than the costs of 

misclassifying loans into bad and good (Type II). They used artificial neural 

network to construct the credit scoring models and to predict credit risk for the 

agricultural loans in Thailand. On the other hand, Allen et al., (2004) reported that 

neural networks are costly to apply and maintain. 

VI. Genetic algorithms 

Genetic (or evolutionary) algorithms are one of the artificial intelligence methods 

used in credit scoring. Genetic algorithms were pioneered by Holland (1975) who 

took the same ideas of the general principles of evolutionary natural selection 

suggested by Charles Darwin and used them on unconstrained optimization 
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problems. The idea of this method is to attempt to simulate the survival of the 

fitness rule of genetic mutation to develop optimisation algorithms (Thomas et al., 

2004). A basic genetic algorithm represents selecting a population of candidate 

solutions (called individuals) to a problem. Solutions are represented as strings of 

genes (called chromosomes). Genetic algorithms basically assess the performance 

(called fitness) of each possible solution in each generation and then calculate the 

fitness of each string to achieve a given objective. From the initial population of 

chromosomes, a new population (children replaced their parents within the 

population) is generated using three genetic operators: reproduction, crossover 

and mutation. 

The next stages are then repeated a chosen numbers of times. The algorithm ends 

when either a fixed number of generations have occurred, or when the 

improvement from one generation to the next satisfies a minimum predetermined 

threshold value (Finaly, 2006). According to Walker et al., (1995), generic 

algorithms operate in four steps: (i) establishment of a set of initial individuals, 

(ii) assessment of individual, (iii) selection of good individuals, and (iv) 

manipulation to produce a new set of individuals 

In the credit scoring context, the solutions are potential scorecards. There are two 

methods to represent a scorecard. The first one suggested by Albright (1994) is to 

estimate the coefficients and parameters of a polynomial scoring equation where 

each chromosome consisted of estimated parameters. The classification is 

identified according to whether or not the value of a function exceeded a 

predetermined value. According to the second approach, the ranges of values are 

estimated for each characteristic and an exchanging value that indicates whether a 

characteristic is to enter the classification or not (Yobas et al., 2000).  

Fogarty and Ireson (1993) found that the genetic algorithms performed better 

compared to many methods but did not perform better than a simple decision rule 

to classify all cases as good. The result of Albright‘s research (1994) showed a 

good classification of the sample. On the other hand, Desai et al., (1997) reported 

that genetic algorithms did not perform better than other methods, especially in 

classifying bad loans. Yobas et al., (2000) found the genetic algorithms were 
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inferior to linear discriminant analysis but superior to neural networks and the 

decision tree. Finlay (2006) showed that genetic algorithms can perform as well as 

other methods which included OLS regression stepwise and non-stepwise, logistic 

regression stepwise and non-stepwise, and neural networks. 

Desai et al., (1997) showed the advantages of this method; the evaluation function 

does not require being linear, differentiable, or even continuous and genetic 

algorithms are less susceptible to optimal solution than traditional optimisation 

methods. On the contrary, Walker et al., (1995) also found some disadvantages of 

this method: (i) compared to statistical methods, genetic algorithms do not have a 

theoretical framework for the evolutionary process, and (ii) it is very hard to 

predict the time for the solution of serious problems. 

VII. Expert systems  

Expert systems (called artificial intelligence) are processes of decision making 

that are performed by a computer program that contains stored knowledge and 

solves problems in a specific field of human expertise (Hubal and Meisser, 2000). 

Expert systems consist of three main parts: (i) a knowledge base which consists of 

stored rules, (ii) an inference engine that applies the knowledge to the problem, 

and (iii) a user interface that presents information and questions to the operator 

and supplies the operator‘s response to the inference engine.  

In a credit scoring context, however, expert systems have few examples. Thomas 

et al., (2002) showed that the reason for this is because the details of such systems 

are not usually generic. None has been published to give exact details. However, 

Pearson (1994) applied it to small business loans and Zocco (1985), Davies 

(1987), Tamai and Fujita (1989), Leonard (1993a) and Shaffer (1998) applied it to 

commercial loans.  

3.3.3 New methods in credit scoring 

I. Overview 

In Sections 3.2.1 and 3.2.2, the parametric and non-parametric, approaches to 

credit scoring were discussed. Traditional methods such as discriminant analysis 

and linear programming were reviewed as well as the recent methods such as 



Chapter 3. An Empirical Review of Credit Scoring Models 

 

 

 

 

–74– 

neural networks and nearest neighbour methods which have been used in credit 

scoring in the last decade.  

In this section, new methods under research in credit scoring are discussed. These 

approaches attempt to improve the accuracy of credit scoring and include 

graphical models, Bayesian networks and survival analysis. 

I. Graphical models 

Graphical models are statistical models to study the relationship among variables 

of multivariate data by graphs containing nodes and edges. In the graph, the nodes 

represent continuous or discrete variables and these nodes are connected by edges, 

which show dependence relationships between the variables (Stanghellini, 1999). 

In a credit scoring context, graphical models can be applied three ways (Thomas 

et al., 2002, p. 197): (i) they illuminate the relationship between the factors that 

affect the behaviour of borrowers, so subpopulations can be identified with certain 

behaviour characteristics, (ii) they can be used to forecast risk or profit for each 

individual in the same way as statistical credit scoring models, and (iii) they 

ensure that the credit granting process is well designed. 

Graphical models have grown in the credit scoring field during the last decade. 

Whittaker (1990) describes the main features of these models. Wermuth (1992) 

and Edwards (1995) showed the relationship between graphical models and 

statistical models. Hand et al., (1997) and Chang et al., (2000) reported that 

graphical models are useful for building models in the credit scoring arena. Sewart 

and Whittaker (1998) summarised the advantages if these models; they give a 

description of the credit scoring selection process in term of influence diagrams 

and assess the effect of selection bias and stratification on interdependency of 

variables.  

II. Bayesian networks 

Bayesian networks are a form of directed graphical model. A Bayesian network is 

a directed acyclic graph of nodes representing variables and arcs representing 

dependence relationships among these variables. If there is an arc from node A to 

another node B, then we say that A is a parent of B. If a node has a known value, it 
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is said to be an evidence node. A node can represent any kind of variable be it an 

observed measurement, a parameter, a latent variable, or a hypothesis. Nodes are 

not restricted to representing random variables; this is the ‗Bayesian‘ part of 

Bayesian networks (Ben-Gal, 2007). 

Chang et al., (2000) used the notion of this model in a credit scoring context, 

showing that the objective of Bayesian networks is to determine the independent 

relationships that exist between variables in data sets and precisely embody these 

conditional independent relationships in a directed graph. They reported that 

Bayesian networks may be able to construct credit scoring models to classify the 

subsets of variables in a database. They suggested that much investigative work 

needs to be done in developing this method. Baesens et al., (2002) used a Markov 

Chain Monte Carlo search to learn unrestricted Bayesian network classifiers and 

Markov-Blanket They found powerful models for credit scoring resulted. 

III. Survival analysis 

Survival analysis is a class of statistical methods for studying the occurrence and 

timing of events (Cox and Oakes, 1984). These methods are most often applied to 

the study of deaths. Survival analysis is called different things in different fields 

such as history analysis, reliability analysis, failure time analysis, duration 

analysis and transition analysis. For the application of survival analysis we need 

to know the time of event. This time is termed survival times or lifetimes (Klein, 

2003). 

The aim of survival analysis is to estimate predictive models in which the risk of 

an event depends on the independent variables of retrospective data (Halling and 

Hayden, 2006).  

There are many methods in survival analysis such as life table, Kaplan-Meier 

estimators, exponential regression, log-normal regression, proportional hazards 

regression, competing risk models, and discrete-time methods (Morrison, 2004). 

There are also three different ways to describe the probability distributions in 

survival analysis: (i) cumulative distribution function: 

( ) { } 1 ( )S t prob T t F t     where S  is survival function, t  is time, T  is the 

time of default and ( )F t  represents the cumulative distribution function, (ii) 
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probability density function: ( )
dF dS

f t
dt dt

   , and (iii) Hazard function: 

0

Pr{ | }
( ) lim

t

t T t t T t
h t

t 

   



. 

In a credit scoring context, survival analysis has several advantages (Thomas et 

al., 2001): (i) survival analysis handles censored data easily, (ii) when choosing a 

fixed term to measure the performance of loans,  survival analysis avoids the 

instability that results from this selection (iii) estimating when there is a default is 

a main factor toward calculating the profitability of an applicant, and (iv) this 

approach facilitates the incorporation of the effect of changes in the economic 

environment over the life of the loan into the scoring system. 

Narain (1992) was the first to use survival analysis for credit scoring. Narain 

applied the Kaplan-Meier method by fitting exponential regression models to data 

sets of loans and the results showed that survival analysis gives a reasonable 

estimation of the time until default. A scorecard was then built using multiple 

regression and it showed that it can significantly improve the credit granting 

decisions by likely survival times. Kelly and Hand (1999) describe the use of 

survival analysis for a rather different application to credit data. They used 

survival analysis to compare the distribution of the probability of default of 3861 

unsecured personal loans with a loan term of 24 months for different independent 

variables. Banasik et al., (1999) developed the idea of survival analysis by 

comparison with logistic regression and other approaches of survival analysis 

including Cox non-parametric, proportional hazards exponential and proportional 

hazards Weibull baseline. They showed that survival analysis methods are 

competitive with logistic regression and may be superior for looking at the 

customers who pay-off early in the first year. Stepanova and Thomas (2001) tried 

to develop survival analysis approaches to behavioural scoring by using Cox‘s 

proportional hazards model and found that the scores resulting from the model are 

competitive with logistic regression, especially after two years into the loan. They 

also found that survival analysis can estimate the profit from the loan. Hand and 

Kelly (2001, p. 990) showed that none of the previous papers describe survival 

models over time. They only focused on the survival model with fixed time. 
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Therefore, they provided a new model called lookahead which assumes that all 

customers‘ loans will go bad at some time during the product‘s term and they 

concluded that the new model of survival analysis performs better than logistic 

regression. Stepanova and Thomas (2002) also used survival analysis to build 

credit scoring models that estimate the default of loan as well as profits by using a 

new approach of coarse-classify suggested by authors but the findings were the 

same as reported by the former article. Baesens et al., (2005) suggested neural 

network methods for survival analysis methods. They were compared with 

traditional logistic regression and the authors found that the neural network 

methods did not significantly outperform the survival analysis method. Andreeva 

(2006) found that survival analysis is suitable for building generic models and is 

competitive with logistic regression using data from retail cards from three 

European countries.  

3.4 Comparison of methods 

In previous sections, the many techniques for credit scoring were reviewed. The 

question remains; which is the better technique? There are studies that have 

searched this question but the answer has not yet been determined. Hand and 

Henley (1997), for example, showed that there is no overall best method and the 

best one depends on the data, the variables, and the objective of the classification. 

Yobas et al., (2000) concluded that there are a number of different things which 

cause the different results; such as differences in type and size of sample, 

difference in the ranges of controllable parameters and differences in the 

transformation applied to the data. Thomas et al., (2005) showed that when the 

comparison applies, the sophistication and subtlety of the version of each 

technique used should be taken into consideration. 

Thomas et al., (2002) made a summary of the important results of the articles that 

compared credit scoring. This is shown in Table 3.2. This Table depicts the 

relative performance of five techniques used in credit scoring. It should be noted 

that there are significant differences among the techniques in relation to 

classification accuracy and these studies show different results in respect of the 

best method. For example, Srinivisan et al., (1987) suggested the classification 

tree is best, Boyle et al. (1992) and Yobas et al., (2000) found that linear 
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regression classified better while Henley and Hand (1996) reported that neural 

networks have an advantage over other methods considering bad risk and Desai et 

al., (1997) suggested logistic regression is best. 

Table 3.2 Comparison of credit scoring approaches for classification accuracy 

Authors Linear 

regression 

Logistic 

regression 

Classification 

tree 

Linear 

programming 

Neural 

networks 

Genetic 

algorithms 

Srinivisan et 

al.,(1987) 

87.5 89.3 93.2 86.1 _ _ 

Boyle et 

al.,(1992) 

77.5 _ 75.0 74.7 _ _ 

Henley and 

Hand (1996) 

43.4 43.3 43.8 _ 43.1 _ 

Yobas et al., 

(1997) 

68.4 _ 62.3 _ 62.0 64.5 

Desai et al., 

(1997) 

66.5 67.3 _ _ 66.4 _ 

Source: Thomas et al., (2002).  

Over more than a decade plenty of papers have been published about combining 

the result of different techniques in relation to classification. Zhu et al., (2001, p. 

974) presented strategies which combine these techniques into three categories; 

static-parallel, multistage, or dynamic. The static-parallel considers the 

classification in parallel with the combination rule built only once and then 

applied to each technique. Multistage assumes that the classification techniques 

have different stages that can be applied to reduce the set of possible classes. 

Dynamic evaluates the efficiency of each classification techniques over the 

attribute space and uses accuracy estimates to choose the best techniques.  

Table 3.3 summarises the main advantages and disadvantages of the credit scoring 

methods. 

3.5 Review of credit scoring models 

Credit scoring models have been applied to three categories; consumer loans, 

small business loans and corporate loans. In consumer loans, models of scoring 

are applied to several products such as mortgage, home loans, car loans, farm 

loans and credit cards.  
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Table 3.3 Advantages and disadvantages of credit scoring methods 

Technique Advantages Disadvantage 

Linear probability  -Understandable and easy to use 

-Deals with large sample 

-Estimated probabilities lie            

outside the 0,1 interval 

Logistic -Restrict the probability to the 0,1 

interval 

-Does not require restrictive hypotheses     

of variables 

-Interpreting parameters is not  

 easy 

- Does not consider the     

 correlation between 

independent  

 variables 

Probit -Restrict the probability to the 0,1 

interval 

-Overcome sample selection bias 

-Interpreting parameters is not 

 easy 

Discriminant -Does not involve complicated  

 mathematics 

-Has  good performance 

-It is dependent on a relatively  

 equal distribution of group 

  membership 

-It includes restrictive  

  statistical requirements 

Classification tree -Considers more complex problems 

-Deals with many variables 

-Difficult to understand 

Nearest neighbours  -The residues are assigned a value in 

each  class rather than binary decision 

-Good performance 

-Very sensitive to the 

 presence of irrelevant  

 parameters 

-Slow performance 

Linear programming -Easy to score problems with large  

 variables  

-Easy to include bias 

 

-Low prediction accuracy 

- Difficult to understand 

Neural networks - Deals with problem containing many  

 parameters 

- Detects Type I error better than    

 other methods 

-Slow performance 

-Difficult to determine how this 

method is making its decision 

Genetic algorithms - Less susceptible to optimal solution  

- Evaluation function does not require 

 linearity 

- Does not have theoretical  

framework for the  

evolutionary process 

- It is very hard to use for                                            

predictors 

Survival - Deals easily with censored data 

- It allows the probability at a point in       

time to differ from the probability at 

different point in time. 

-The relative ranking among     

applicants of the risk does not 

vary over time. 

 

When the sample is selected in credit scoring models it is categorised into groups; 

loans defined as good or bad. Asch (1995) defines a good loan as one had not been 

30 days delinquent more than twice during the first four years while a bad loan as 

one had been delinquent at least once during 60 days or more. However, the 

definition of bad can be related to other events such as bankruptcy. In addition, the 

definition of bad and good loan differs according to the type of loan. For example 

overdraft accounts with no fixed expected monthly repayment cannot be in 
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arrears. Therefore, it is important to identify a sound definition of good and bad 

loans because the different definitions may create different results when the credit 

scoring model is built.  

Once the definition of loans has been identified, statistical and mathematical 

techniques such as those in Table 3.4 are usually proposed to distinguish etween 

the groups. Most of the techniques used in this survey have meaningful results, 

good performance in classifying loans and an ability to build credit scoring. 

Furthermore, some of these studies compared the results of these techniques and 

show that there are only small differences in the classifying accuracy and others 

show that discriminant analysis was superior to the other techniques in predictive 

performance. On the other hand, some studies show that survival analysis offers a 

number of benefits that make it more attractive if compared to logistic regression. 

3.6 Independent variables in credit scoring  

Independent variables play an important role in building credit scoring models.  

Independent variables can be extracted from the application forms and credit 

bureaus. They may differ from country to country. For example, in Germany the 

applicant is asked if he has yet completed his military obligation. In Italy, lenders 

ask for province of birth and the marital contract. In France and Belgium, lenders 

ask for country of origin, language and the duration of time the applicant has been 

in the country (Lewis, 1992). Some of variables are prohibited for legal reasons. 

The USA and UK, for example, made legislations that prohibits the discrimination 

in the granting of credit on the basis of race, colour, national origin, sex, marital 

status, religion, age, or receipt of public assistance. Andreeva et al., (2004b) 

showed that the previous empirical research suggested that forbiddance of 

variables may not only have an effect on the ability to discriminate between good 

and bad loans, but may also have a negative impact on the groups the legislation is 

supposed to protect. However, Johnson (1998) argues that all of the prohibited 

variables should be included for statistical purposes.  
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Table 3.4 Credit scoring survey 

Author(s) Sample Explanatory variables Analytical 

techniques 

Main findings 

Herbert (1992) 

 

125 loan 

applications, 

United States.  

 

Residence status, years with employer, whether a credit card held, whether a  

store account held,  type of bank account, occupation, previous account 

status, credit bureau report. 

 

Neural 

networks. 

Building s neural network 

has ability to analyse the 

credit risk of loan 

applications; quite 

practical and can be 

performed quite easily. 

 

Lawrence and 

Smith (1992) 

 

 

 

 

 

42,000 loans  

1980s 

United States. 

Payment history of borrower, loan amount, initial loan to value ratio, initial 

annual percentage rate, original maturity, current loan characteristics,  

residence status, monthly income, occupation, number of dependents, current 

age of borrower, unemployment rate in state , retail sales per household in 

state, effective buying income per household in state, average mobile home 

price by state in year, average number of months to complete foreclosure, 

number of months borrower has to redeem property after foreclosure.  

 

Logit models. Loans which are several 

years old, the borrower 

payment history is 

paramount in estimating 

default risk.  

 

Crook, Hamilton 

and Thomas 

(1992a)  

1,001 credit card 

applicants 

1986-1987 

United Kingdom.. 

Postcode, age of  applicant,  number of children, number of dependents, 

whether an applicant has a home phone, spouse‘s income, applicant‘s 

employment status, applicant‘s employment category, years at present 

employment, applicant‘s income, residential status, years at present address, 

estimated value of home, mortgage balance outstanding, years at bank, 

whether a current account is held, whether a deposit account is held, whether 

a loan account is held, whether a cheque guarantee card is held, wether a 

major credit card is held, whether a charge card is held, whether a store card 

is held, whether a building society card is held, value of outgoings. 

Discriminant 

analysis. 

Using discriminant 

analysis can discriminate 

between those who miss 

one or more payments and 

those who do not, and 

between those who miss 

three consecutive 

payments and those who 

do not.  

 

Narain (1992) 1242 loan 

applicants 1986 – 

1988. 

Marital status, % deposit, whether an applicant has a home phone, residential 

status, time at address, time with bank, time with employer. 

 

Multiple 

regression- 

Survival 

analysis. 

 Survival analysis adds an 

additional dimension to 

that provided by standard 

scorecard.  
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Author(s) Sample Explanatory variables Analytical 

techniques 

Main findings 

Boyle, Crook, 

Hamilton and 

Thomas (1992) 

1,001 credit card 

applicants 

1986-1987 

United Kingdom. 

 

Postcode, age, number of children, number of dependents, whether an 

applicant has a home phone, spouse‘s income, applicant‘s employment 

status, applicant‘s employment category, years at present employment, 

applicant‘s income, residential status, years at present address, estimated 

value of home, mortgage balance outstanding, years at bank, whether a 

current account is held, whether a deposit account is held, whether a loan 

account is held, whether a cheque guarantee card is held, wether a major 

credit card is held, whether a charge card is held, whether a store card is 

held, whether a building society card is held, value of outgoings. 

 

Linear 

discriminant 

analysis- 

Recursive 

Partitioning 

Algorithm. 

Linear discriminant 

analysis seems marginally 

more satisfactorily and 

uses all the data in all 

scoring weightings. 

Ziari, Leatham 

and Turvey 

(1995) 

 

1,199 loans 

Province  

1981-1983 

Canada. 

Liquidity ratio, rate of return on assets, debt-to-asset ratio, loan-to-security 

ratio, contribution, margin, repayment ratio, refinancing status. 

Discriminant 

analysis, logit 

analysis, 

mathematical 

programming. 

There are only small 

differences in the 

classifying accuracy of 

statistical and 

mathematical 

programming. 

 

Dionne, Artfs and 

Guilldn (1996) 

 

4,691 loans 

 1989 

Spain. 

 

Date of birth, marital status, number of non payments, number of months 

from the beginning of the contract  at the sampling date, level of education, if 

the client receives the salary through the bank, net monthly income, amount 

of income, housing ownership, geographical location, monthly instalment, 

availability of credit card, requested amount, interest rate, date of loan 

contract. 

 

Logit model. The methodology 

increases the degree of 

flexibility in comparison 

with standard count 

models. 

Novak and 

LaDue (1994) 

70 New York 

State dairy farms 

1985-1993 

United States. 

Solvency ratios, liquidity ratios, debt/assets ratio, coverage ratios, credit 

evaluation model. 

Logistic 

regression- 

OLS. 

The average models‘ 

creditworthiness 

prediction rates are more 

accurate than the annual 

models‘ creditworthiness 

prediction rates. 
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Glen (1997)      21 firms before 

bankruptcy and 25 

firms not 

bankrupt. 

Cash flow to total debt, net income to total assets, current assets to current 

liabilities, current assets to net sales. 

Mixed integer 

programming. 

The result of mixed 

integer programming 

overcomes the limitations 

of standard linear 

programming and it can be 

extended to allow 

variables to be selected in 

a stepwise manner. 

 

Desai, Conway, 

Jonathan, Crook 

and Overstreet 

(1996) 

 

 

Three samples 962 

– 918 - 856  

loan files credit 

unions  

1988- 1991 

United States. 

Number of major credit cards, residential status, salary plus other income, 

rating of credit bureau reports, number of years on current job, number of 

dependents, number of inquiries in past 7 months, number of months since 

trade lines ( different loan accounts )opened, monthly payments as a 

proportion of income, age of borrower, number of year at the current 

address, number of open accounts on credit bureau reports, number of active 

accounts on credit bureau reports, number of previous loans with credit 

union, information based upon 01-09 ratings on credit bureau reports. 

 

Linear 

discriminant 

analysis-

Logistic 

regression, 

Genetic 

algorithm- 

Neural 

networks.  

 

Neural networks 

performed somewhat 

better than the other 

methods for classifying 

the most difficult group 

(bad loans).  

Sewart and 

Whittaker (1998) 

7,702 credit card 

applicants 1992 

United Kingdom. 

 

Bank account type, own cheque guarantee card, number of children, 

employment status,  whether an applicant has a home phone, income band, 

marital status, residential status, time at address, time at employment, age of  

applicant. 

Graphical 

models. 

Display and interpretation 

of multivariate interactions 

between variables.  

Useful in building models 

in credit scoring. 

 

Schreiner and 

Nagagajan (1998) 

7,16 loans  

1993 

Gambia. 

 

Number in family, gender, age of applicant, education of applicant, 

household size, informal borrowing, loan size, the size of instalments, the 

number of instalments.  

Bivariate probit 

model.  

Some publicly observable 

characteristics help predict 

creditworthiness. 

 

Banasik, Crook 

and Thomas 

(1999) 

50,000 loans 1994 

- 1997 

United Kingdom. 

  

Age of applicant, marital status, employment status, residency type, the 

purpose of loan, terms of loan whether an applicant has a home phone, 

monthly income. 

Logistic 

regression - 

Survival 

analysis. 

Using survival analysis in 

credit scoring has 

meaningful results.   
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Kelly and Hand 

(1999) 

 

 

3,861 unsecured 

loans  

United Kingdom. 

 

Average balance for the month, credit turnover during the month, balance at 

the end of the month, minimum balance attained during the month, 

maximum balance attained during the month, current overdraft excess. 

 

Global models. Global models perform at 

least as well as purpose –

built scorecards by 

constructing separate 

scorecards for each new 

definition of ‗good‘. 

 

Yobas, Crook 

and Ross (2000) 

1,001 credit card 

applicants 

1986-1987 

United Kingdom. 

 

Applicant‘s employment status, years at bank home, mortgage value, number 

of children, years at present employment, residential status, types of account, 

other cards held, outgoings, estimated value of home, home phone, applicant 

income, major credit cards held, spouse‘s income. 

Linear 

discriminant 

analysis- neural 

networks, 

decision trees, 

genetic 

algorithms. 

 

Linear discriminant 

analysis was superior to 

those other three 

techniques in predictive 

performance. 

Chen and Astebro 

(2001) 

 

 

 

4,589 observations 

in 1993 and 2,805 

observations 

in1998  

United States.  

Delinquency, trade type, owned other assets, has any account payable, ratio 

of sales/total expense, ratio of sales/total liability, ratio of profit/total 

liability, age of principal owner, years at work experience, age of firm, 

location of main office and sales area, sales national or international, line of 

credit, capital lease from financial insinuations, other loans, if the firm 

owned any other assets. 

 

 

Reject inference 

model- logit 

model- 

Heckman‘s 

bivariate two 

stage probit 

model- 

augmentation 

model, logit 

model with the 

proposed 

maximum 

likelihood reject 

inference 

technique. 

 

Reject inference technique 

would improve the 

classification power for 

credit scoring when 

samples suffer from a 

selection bias caused by 

credit applicants being 

rejected. It is an efficient 

reject inference technique 

when logit regression is 

used for credit scoring.  
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Frame, 

Srinivasan and 

Woosley (2001) 

99 banks  

1993-1997 

United States. 

Total equity capital/ total domestic banking assets, net commercial loan 

charge-offs/ total commercial and industrial loans, total loans/ total domestic 

banking assets, number of subsidiary banks, number of branches, total 

domestic banking assets acquired in previous two years/ total domestic 

banking assets, the natural logarithm of total domestic banking assets, 

scoring (dummy variables), small business ratios. 

OLS and probit 

model. 

Credit scoring increased 

the portfolio share of 

small business loans by 

8.4% for sample 

organization. 

Credit scoring models 

lowers information cost 

between borrowers and 

lenders. 

 

Collins, Harvey 

and Nigro (2002) 

2,266 unsecured 

home loan 

applications 

United States. 

Applicant income, credit bureau score, customer address, number of bank 

trade lines, number of finance company inquiries, number of overall 

inquires, numberer of times 30-60 days late, revolving credit limit, number 

of satisfactory trade lines, age of trade file in months. 

Logistic 

regression. 

Low-to-moderate income 

applicants‘ fare 

significantly worse in a 

customized scoring 

environment when 

compared to machine- 

replicated judgemental 

regression model.  

Financial regulators 

should focus more 

resources on the 

evaluation and study of 

customized scoring 

models. 

 

Stepanova and 

Thomas (2002) 

50,000 loans 

1994-1997 

United Kingdom. 

 

Customer age, amount of loan, account closing date, years at current address, 

years with current employer, customer gender, number of dependent 

children, frequency paid, home phone, insurance premium, loan type, martial 

status, account opening date, term of loan, home ownership, purpose of loan.  

Survival 

analysis. 

Using survival analysis 

from reliability and 

maintenance modelling 

allows one to build credit 

scoring models that assess 

aspects of profit as well as 

default. 
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Bugera, Konno 

and Uryasev 

(2002) 

150 credit card 

applications 

1995-1996 

Greece. 

Family status, profession, business telephone number, residence, bank 

account for credit card payments, age, years at business. 

Mathematical 

programming 

algorithms. 

The approach used leads 

to quite robust 

classification techniques. 

The including constraints 

based on expert judgments 

and improve the 

performance of the 

algorithm.  

 

Jacobson and 

Rozbach (2003) 

13,338 loan  

applications  

1994 -1995 

Sweden. 

Age of applicant, gender, marital status, house (own or rent), big city, 

number of requests for information on the applicant that the credit agency 

received during the last 36 months, taxable income, change in annual 

income, taxable income from capital, ratio of total collateral, free credit 

facilities actually utilized and income, collateral, free loans outstanding, 

amount of credit granted, applicant has a guarantor. 

 

Bivariate probit 

model. 

 

Value-at-risk calculations 

indicate that an efficient 

selection of loan 

applicants can reduce 

credit risk by up to 80%. 

Schall (2003) 7,50 loans  

1990- 1999 

United States. 

Loan decision variables (32 variables) (management capacity, business 

financial condition personal financial condition, personal credit history, 

collateral/co-borrower factors), loan performance factors (5 variable) ( loan 

delinquency data, loan loss data), loan descriptors ( 6 variables)( loan 

number, original and outstanding loan amount, data of loan origination), 

(demography variables) (5 variables) race and gender of primary borrowers, 

household income of primary borrowers, year business started.  

 

Regression 

analysis. 

Credit scoring will never 

entirely replace 

judgemental-based 

underwriting at CDFIs, 

but it can be used to select 

the best and worst loan 

applications.  

Roszbach (2004) 

 

13,338 loan  

applications  

1994 -1995 

Sweden.  

Gender, age of  applicant, marital status, months since migration, months 

since change in marital status, nationality, zip code, owns company, pieces 

of real estate that are owned, assessed value of real estate, information 

requests credit agency received in past 3 years, annual income before taxes, 

business income, capital income, capital costs, general, deductions, 

individual‘s share of the family‘s assets, family total assets, prepaid income 

tax, number of loans registered, collateral, product type, status of an account, 

amount of credit granted, amount of credit utilized, applicant has guarantor.  

Bivariate and 

univariate Tobit 

Bivariate and 

univariate Logit. 

 

Tobit model is shown to 

be a useful tool to predict 

the expected survival time 

on a loan for any kind of 

applicant and increases the 

portfolio‘s average 

survival time. 
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Till and Hand 

(2003) 

 

 

 

 

 

 

88,577 

delinquency 

accounts 

1995- 1996 

United Kingdom. 

 

whether an applicant has a home phone, time in job, number of dependents, 

time at address, time at bank, income, values of balance, number of cash 

advances, value of cash advances, value of sales vouchers. 

Markov chain 

models – the 

logistic 

discriminant. 

 

These models can be used 

to predict likely future 

behaviour, and can also 

serve as the basis of 

predictions of what one 

might expect when 

economic circumstances 

change. 

Baesens, Van 

Gestel, Viaene, 

Stepanova, 

Suykens and 

Vanthienen 

(2003) 

 

 

39,003 loan data 

Belgium- The 

Netherlands- 

Luxembourg, UK- 

Germany- 

Australia. 

N/A Logistic 

regression- 

Linear and 

quadratic 

discriminant 

analysis- Linear 

programming- 

Least squares 

support vector 

machines- 

Neural 

networks-  

Naïve Bayes -

Nearest-

neighbour. 

 

The RBF least squares 

support vector machines 

and nearest-neighbour 

classifiers yield a good 

performance in terms of 

both PCC and AUC. 

Linear classifiers also 

gave very good 

performances. 

Astebro and 

Bernhadt (2003) 

 

 

 

738 loan 

applicants 

1982-  1992 

United States. 

Education level of applicant, occupation, former owner, if any owner in the 

firm had a start-up commercial bank loan, if any owner financed the start-up 

with a loan from either friends, family, spouse, former owner, or home 

mortgage, experience of owner, number of owners, firm capital, time as 

owner. 

Probit 

regression 

model. 

There is a negative 

correlation between 

having a bank loan and 

business survival and 

positive correlation 

between having a non-

bank loan and survival. 
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Jung, Thomas 

and Thomas 

(2003) 

 

 

 

331 loan 

applicants  

United Kingdom. 

 

whether an applicant has a home phone, gender, marital status, number of 

children, number of credit card, some income from loan, some income from 

wage, some income parental contribution, interest in travel, interest in music, 

interest in cars, interest in cinema, interest in sport, interest in clubbing, 

interest in beer, interest in gardening, overdraft limit, credit card including 

with account, no fees in ordering foreign currency for travel, discounts on 

insurance, interest paid when account in surplus, introductory, free gift.  

 

Logistic 

regression 

model- linear 

programming- 

accelerated life 

model. 

 

It is possible to build 

acceptance probability 

models using such data 

and makes a preliminary 

investigation of three 

different approaches. 

All three approaches can 

result in real time 

decisions in order to 

maximize profit. 

 

Chen and Astebro 

(2003) 

 

7,394 loans 1993 -

1998  

United States. 

Delinquency of loan, trade type, owned other assets, has any account 

payable, ratio of sales/total expense, ratio of sales/total liability, ratio of 

profit/total liability, age of principal owner, years at work experience, age of 

firm, location of main office and sales area, sales national or international, 

line of credit, capital lease from financial insinuations, other loans, if the 

firm owned any other assets. 

 

Two stage 

probit model- 

reject inference 

model. 

The model will improve 

classification power when 

there is sample selection 

bias caused by data 

missing not at random. 

Under missing at random 

or models may not be 

superior to simply 

dropping missing data. 

 

Schreiner (2003a) 39,956 loans 

1988-1996 

10555 loans 

1997 

Bolivia. 

Previous loans, months since first loans, longest spell in days, number of 

spells, gender, sector, amount disbursed, guarantee branch experience of loan 

officer in months. 

Logit 

Regression. 

A scoring model for 

arrears suggested that it 

can help microfinance. 

Microloan scorecard will 

give an accurate estimate 

of the risk of the poor. 

Scoring will not replace 

loan officer, but it can flag 

high-risk cases and act to 

cross-check on loan 

officer‘s judgment.  
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Verstraeten and 

Van Den Poel 

(2003a) 

41,510 loans 

2000- 2000 

Belgian. 

Home status, occupation, bank account type, debt amount, delinquency, 

black list, credit history. 

Logistic 

regression. 

The sample bias does not 

appear to have a negative 

influence on credit scoring 

performance and 

profitability.  

 

Chye, Chin and 

Peng (2004) 

 

4,117 credit card 

 one year. 

Age of applicant, annual income, gender, marital status, number of children, 

number of other credit card cards held, whether the applicant has an 

outstanding mortgage loan. 

 

 

Data mining 

techniques, 

logistic 

regression, 

neural network, 

decision tree. 

 

The decision tree model is 

the best prediction model 

and it is easy to interpret. 

Credit scoring will 

continue to be a major tool 

in predicting credit risk in 

consumer lending. 

 

Crook, Thomas 

and Hamilton 

(2004) 

26,043 credit card 

applicants 

1989-1990 

United Kingdom. 

 

Age of applicant in 1990,  number of children, number of dependents, 

whether an applicant has a home phone, spouse‘s income, spouse‘s 

employment category, applicant‘s employment status, applicant‘s 

employment category, years at present employment, applicant‘s income, 

residential status, years at present address, estimated value of home, 

mortgage balance outstanding, years at same bank, whether a current account 

is held, whether a deposit account is held, whether a loan account is held, 

whether a cheque guarantee card is held, wether a major credit card is held, 

whether a charge card is held, whether a store card is held, whether a 

building society card is held, value of outgoings. 

 

Linear 

discriminant 

analysis. 

Changing the cut-off 

scores to maintain the 

same reject rate will not 

restore the decision for 

each applicant.  
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Crook and 

Banasik (2004) 

8,139 loan 

applicants 

1997 

United Kingdom. 

 

Time at present address, weeks since last county court judgement, television 

area code, age of applicant, number of children under 16,  whether an 

applicant has a home phone, type of bank/building society accounts, 

occupation code, current electoral role category, years on electoral role at 

current address, number of searches in last 6 months, and other bureau 

variables.  

Logistic 

regression. 

Measures of predictive 

performance of accepted 

applicants are liable to be 

misleadingly optimistic.  

Useful implementation of 

reject inference depends 

on accurate estimation of 

the potential good-bad 

ratio for the population of 

all applicants. 

 

Schreiner (2004) 

 

 

37,982 loans 1996 

Bolivia. 

 

Loan size, gender, sector, experience of the borrower, arrears, loan officer, 

experience of the loan officer, branch. 

 

The logit model. 

 

Credit scoring may help 

microfinance lenders to 

detect segments of their 

clients who are at risk of 

drop-out. 

Credit scoring may 

become common among 

the largest microlenders in 

low-income countries. 

 

Avery, Calem 

and Canner 

(2004) 

90,357 Credit 

accounts  

 1997 – 1999 

United States. 

Average unemployment rate, married (new, recent, other), divorced (new, 

other), never married, period of deliquesces (one month, half year, one year, 

disappeared), kind of loans (revolving, instalment, mortgages, line-of –credit 

accounts), account age, age of individual. 

OLS. Generic credit history 

scoring models of 

consumer credit do not 

factor in local economic 

circumstances.   

 

Andreeva, Ansell 

and Crook 

(2004b) 

 

 

75,848 store card   

1998- 1999 

Germany. 

whether an applicant has a home phone, residential status, marital status, 

occupation, applicant‘s age, time at address, time in employment, type of 

business, employer‘s phone, number of dependents, spouse‘s age, card 

insurance, credit insurance, product, type, product price, payment date, 

contract type. 

Survival 

analysis. 

Using survival probability 

of default and the survival 

probability of second 

purchase rather than a 

logistic regression 

improves profit. 
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Frame, Padhi and 

Woosley (2004) 

  

99 banks  

1993-1997 

United States. 

The banking organisation use of  credit scoring, the natural logarithm of total 

domestic banking assets, ratio of small business loans to total domestic 

banking assets, leverage ratios (total equity to total assets), rural(dummy 

variable), median household income, total small business revenues, the 

percent of individuals identified as Asian, the percent of individuals 

identified as Black, whether the banking organisation has a bank branch 

located in the census tract, whether the banking organisation has a bank 

branch located in the relevant geographic banking market.   

 

Regression 

analysis, Tobit 

procedure. 

Credit scoring increases 

small business lending in 

LMI census tracts by $ 

16.4 million. 

 

Cramer (2004) 20,862 loans 

The Netherlands. 

 

The ratio of own capital to the balance-sheet total, the ratio of gross returns 

to the balance-sheet total, the ratio of working capital to the balance-sheet 

total, the ratio of cash flow to the interest and repayments due, dummy 

variable for the presence of material stocks. 

 

Plain logit, logit 

- Nearest-

neighbour 

analysis. 

The performance of these 

methods is nearly same. 

Andreeva, Ansell 

and Crook (2005) 

(44,256- 

13,1190- 

137,136card 

applicants) 

Belgium, 

 The Netherlands  

and Germany 

1998-2000. 

whether an applicant has a home phone, residential status, marital status, 

occupation, age of applicant, time at address since 18 years old, time in 

employment, type of business, employer‘s phone, card insurance, credit 

insurance, number of dependents, spouse age, goods code, goods price, 

payment data. 

Logistic 

regression 

generic model. 

The generic model showed 

an adequate predictive 

performance comparable 

to that of its national 

counterparts. 

Generic models are less 

costly in terms of 

development and 

maintenance. 

 

Akhavein, Frame 

and White (2005) 

99 banks  

1993-1997 

United States. 

the natural logarithm of total domestic banking assets, the ratio of small 

loans to businesses to total domestic banking assets, number of subsidiary 

banks, number of branches, net income as percent of total equity capital 

(profitability), the ratio of non interest income to net operation revenue, the 

length of time that an executive has been with an organisation. 

Hazard model 

and Tobit 

model. 

The likelihood of adopting 

small business credit 

scoring was positive.  

Various chief executive 

officer characteristics did 

not have significant 

explanatory power in 

statistical tests. 
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Berger, Frame 

and miller (2005) 

99 banks  

1995-1997 

United States. 

Whether a bank had adopted small business credit scoring, number of years 

since the bank opened, whether the bank purchased credit scores from a 

vendor, whether the bank used small business scoring to set loan terms, 

whether the bank used small business scoring to automatically approve or 

reject loan application, the natural logarithm of gross total assets, ratio of 

nonperforming loans to total loans, the ratio of net income to equity, the ratio 

of equity to gross total assets, weighted average of Herhinahl indices of local 

markets in which the bank has deposits, weighted average of local market 

nonperforming loans, weighted average of local market ROE, weighted 

average of local market equity ratio, proportion of bank loans that are 

collateralized, proportion of bank loans drawn under commitment, the 

weighted average scheduled time until the principal and interest on the 

bank‘s average loan is repaid , proportion of bank loans with a floating rate 

of interest, average size of loans measured by the maximum of the loan 

amount and the amount commitment if any, small business loans/ total 

assets, the loan rate premium, risk-rating.   

 

OLS- Logit Small business credit 

scoring is associated with 

expanding quantities of 

small business credit at 

rising average prices and 

increasing credit risk.  

Small business credit 

scoring is associated with 

no significant change in 

credit availability, lower 

prices and diminished loan 

credit risk for slightly 

larger credit. 

Finlay (2006) 

 

 

88,792 credit 

applications  

2002 

United Kingdom. 

 

 

 

Age of applicant, accommodation status, council tax banding, employment 

type, employment status, gross annual income, home phone indicator, 

marital status, mortgage indicator, number of credit cards, number of 

dependents, time at address, time with bank, time in current employment, in 

addition to 37 variable from UK credit bureaus.  

 

OLS regression 

(stepwise & 

non-stepwise), 

logistic 

regression 

(stepwise & 

non-stepwise), 

neural network, 

Genetic 

Algorithm. 

Genetic Algorithm derived 

models can perform as 

well as other approaches 

to model development 

when measured in terms 

of GINI and 

misclassification rates for 

a range of cut-off 

scenarios, but in other 

cases the performance can 

be marginally worse.  
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Andreeva (2006) (26,290- 

82,237-75,848 ) 

credit card 

applicants  

1998-2000 

Belgium,   The 

Netherlands and 

Germany. 

whether an applicant has a home phone , residential status, marital status, 

occupation, age, time at address since 18 years old, time in employment, 

type of business, employer‘s phone, card insurance, credit insurance, number 

of dependents, spouse age, goods code, goods price, payment data. 

Survival 

analysis, logistic 

regression, non-

parametric Cox 

PH model. 

The predictive accuracy is 

not affected by using the 

approaches.  

The survival analysis 

 offers a number of  

benefits that make it more 

 attractive if compared to  

Logistic regression. 

 

Baesens, Van 

Gestel, Sepanova 

and Van de Poel 

(2005) 

 

50,000 loans 

1994-1997 

United Kingdom. 

 

Customer age, amount of loan years at current address, years with current 

employer, customer gender, number of dependent children, frequency paid, 

home phone number given, insurance premium, loan type, marital status, 

term of loan, home ownership, purpose of loan. 

The statistical 

and neural 

network 

survival 

analysis 

techniques, 

logistic 

regression 

model.  

 

These models suffer from 

a number of drawbacks. 

The neural network 

approach did not 

significantly outperform 

survival analysis. 

 De Waal, Toit 

and Rey (2005) 

59,60 home equity 

loans 

South Africa. 

Reason of loan, job type, loan amount, amount due to existing mortgage, 

value of current property, debt to income ratio, years at present job, number 

of derogatory reports, number of trade lines, number of delinquent trade 

lines, age of the oldest trade line in months, number of credit inquires.  

Logistic 

regression, 

Generalized 

additive neural 

networks  

model. 

 

The pre-processing step 

exploits generalized 

additive models to achieve 

significant reductions in 

marginal and cumulative 

bad rates. 
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Sarlija, Bensic 

and Bohacek 

(2005) 

44,089 customer 

accounts  

2004 

Croatia. 

Client‘s age, client‘s gender, working status, living in town or city, has a 

second job, has a credit card, age of the client‘s account, has saving account, 

contracted overdraft, cash payments to the account, payments to the account 

from other accounts, irregular, payments to the account, regular 

payments(salaries), interests paid to the client, withdrawals with standing 

order, withdrawals with cheques, withdrawals with credit and debit card, 

cash withdrawals from the account, interests paid from the client, total 

payment to the account, total payment to the account/ contracted overdraft, 

balance, balance plus contracted overdraft, total payments to the account/ 

total withdrawals from the account, percentage of usage of contracted 

overdraft, how many times client‘s overdraft exceeded contracted overdraft. 

 

Logistic 

regression- 

Cox‘s 

regression. 

Logistic regression and 

Cox‘s regression identify a 

group of the same 

variables being important 

in consumer behaviour 

with the difference that in 

logistic regression scoring 

model some additional 

variables were extracted. 

Holmes, Isham, 

Petersen and 

Sommers (2005) 

 

609 car loan 

applications 

1998- 2002 

United States. 

Age of applicant, resident in bank‘s town, years at present address, 

relationship, monthly income, missing monthly income, declared 

bankruptcy, co-applicant, credit score, missing credit score, car value, loan-

to-value ratio, mark up, missing mark up. 

 

Probit 

regression.  

Financial information, 

particularly credit score, is 

the primary determinant of 

loan approval at the 

community bank. 

 

Glennon and 

Nigro (2005) 

 

 

29,577 small 

businesses  loans 

1984- 2001. 

 

Percentage of outstanding loan balance guaranteed by SBA, straight-line 

distance in miles between borrower and lending office of the lending 

institution, natural log of distance, whether lender used credit scoring models 

to evaluate at least some of its small business loans, loan interest rate/ prime 

rate at the time of the loan, loan period, loan age, number of full-time 

employees at borrowing firm, deposit-based Herfindahl index in local market 

of the borrower, if borrower is located in a Metropolitan Statistical Area, 

lender assets, ratio of lender‘s loan charge-offs to assets, ratio of lender‘s 

loan reserves to assets. 

 

Discrete –time 

hazard model- 

staced-logit 

model. 

 

Borrower lender distance 

is positively associated 

with loan default, and that 

adoption of credit scoring 

dampens this relationship. 

Credit scoring lenders 

experience higher default 

rates on average. 
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Author(s) Sample Explanatory variables Analytical 

techniques 

Main findings 

Andreeva, Ansell 

and Crook (2005) 

 

18,040 retail cards 

Belgium. 

 

whether an applicant has a home phone, residential status, marital status, 

occupation age, time at address since 18 years old, time in employment, type 

of business, employer‘s phone, spouse age, number of dependants, product 

code, product price, payment date, card insurance, credit insurance, 

agreement type, difference between the outstanding balance and credit limit 

at period, delinquency status at period, percent of outstanding balance repaid 

at period. 

 

Survival 

analysis. 

The results obtained are 

similar in a large part to 

those seen when using 

survival techniques for 

credit scoring. 

There are differences that 

reflect the need for certain 

customers to use the card 

to enhance their spending 

power. 

 

Ziemba 

(2005) 

 

9,787 customers 

Poland.  

Customer‘s age when filling application form, customer‘s gender, level of 

bad payers in the region of customer‘s residence, concentration of 

entrepreneurs in the region of customer‘s residence, population in the region 

of customer‘s residence, information gathered during a verification process, 

information about customer‘s choice concerning the offer and product.  

 

 

 

Linear and 

Logistic 

regression 

models, 

classification 

trees. 

 

It is computationally 

possible to update scoring 

models in the form of 

logistic regression by 

finding posterior 

distribution of its 

parameters based on 

Markov chains simulation 

for real data problems 

encountered in credit 

scoring area. 
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Author(s) Sample Explanatory variables Analytical 

techniques 

Main findings 

Andreeva, Ansell 

and Crook 

(2007) 

 

 

 

25,792 credit card 

applicants  

1990s 

Belgium. 

 

whether an applicant has a home phone, residential status, occupation, 

spouse age, applicant age, time at address since 18 years old, product code, 

product price, payment date, difference between the outstanding balance and 

credit limit at period, percent of outstanding balance repaid at period, 

delinquency status at period, time in employment, type of business, 

employer‘s phone, number of dependents, credit insurance, contract type, 

card insurance. 

 

 

Hazard models. 

 

It is important that a 

lender builds subsequent 

models after the 

application model because 

the incorporation of 

subsequent data would 

enhance the predictive 

performance of the model. 

There seems to be 

differentiation between 

models for the good and 

for the bad. 
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Independent variables types rely on the loan types. In case of a loan grant to a 

company, a number of financial ratios of an applicant are recorded including 

profitability, solvency, leverage and liquidity. Most of these financial ratios take 

from the financial statements prepared by the borrower. However, decisions about 

consumer loans are made by evaluating the applicant‘s creditworthiness including 

home ownership, income, occupation, number of dependents and so on. Vojtek 

and Kocenda (2006) divided independent variables into four categories: 

demographic indicators, financial indicators, employment indictators and 

behavioural indicators. Demographic indicators contain characteristics such as 

age, marital status, gender, number of children and residential status. Crook et al., 

(1992b) showed that demographic indicators may be expected to enter both the 

utility function and scoring functions of lenders. For instance, Coval et al., (2000) 

found that women default less frequently on loans possibly because they are more 

risk averse. Thanh and Kleimeier (2006) showed that older borrowers are more 

risk averse and will therefore be less likely to default. Vojtek and Kocenda (2006) 

showed that home owners are less risky because they can provide their houses as 

collateral.  

Financial indicators contain characteristics such as income and expenditures of an 

applicant. The importance of these indicators is evident (Vojtek and Kocenda, 

2006). The third set of indictors is employment status which includes 

characteristics such as type of occupation and time with employer. Vojtek and 

Kocenda (2006) shows that self-employed frequently receives a lower score in the 

evaluation of loan applications than employed persons because of lack of stability 

of employment. In addition, Thanh and Kleimeier (2006) mentioned that Crook et 

al., (1992) found more stable employment means higher ability to repay loans. 

The last set of characteristics is the behavioural indicators which relate to the type 

of an applicant‘s account, the average balance of account, loans outstanding, 

number of payment per year and the collateral. In the view of lenders, collateral is 

considered one of the most important variables used in determining a bank‘s 

lending decision because it is the source of repayment the debt.   

The most important independent variables that have been used in evaluating 

consumer credit risk ranked according to number of usages in studies (Table 3.4) 
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are: age, months at current job, residential status, occupation, marital status, 

number of dependents, whether an applicant has a home phone, months at current 

address, monthly income, loan amount, gender, credit card, delinquency, mortgage 

value, number of children, time with bank, types of bank account, other loans, 

original maturity, spouse‘s income, spouse‘s age, estimated value of home, 

purpose of loan, credit bureau reports, educational level, rating of credit bureau 

reports and postcode. 

3.7 Sample size considerations 

Credit scoring models involve a sample of the history of previous borrowers. This 

sample should be representative of the entire population and it could be applied to 

credit granting in the future. It should also include the good and bad loans to 

identify which characteristics reflect this behaviour (Greene, 1998).  

The size of samples is a questionable issue (Parnitzke, 2005). However, there is no 

certain number of samples to be used in credit scoring models but some studies 

give opinions related to sample size. Lewis (1992) suggested that there is no 

certain number of samples but the scoring will perform effectively if the sample 

consists of 1,500 good, 1,500 bad and 1,000 rejected applications in building 

credit scoring models. Nevertheless, it could be said that Lewis‘ suggestion would 

be applied when scoring models are established for implemenation in real life 

rather than for research purposes. Lucas and Powell (1997, p. 21) showed that it 

can use very small samples to construct scoring models. Makuch (1999) showed 

that a large number of both good and bad applications should be involved to 

maximise the power of credit scoring models. Nevertheless, in Table 3.4, it could 

be noted that there is no certain number of samples; the size of sample differs 

from one research to another. Table 3.4 shows many studies that use credit scoring 

models with different sample sizes, which differ from one study to another. The 

biggest sample is 254,630 loans and the smallest one is 125 loans. 

When the sample is identified, then it is randomly split into two samples. One is 

used for estimating credit scoring model and the other is used as a holdout sample 

to test it (Thomas et al., 2002). Hair et al., (1995) show that there are no 

guidelines for determining the relative sizes of the analysis sample and holdout 

sub-samples but the most popular approach is to divide the total sample into equal 
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sub-samples. Thomas et al., (2002) argue that there are two reasons for splitting 

samples into subpopulations. First, policy reasons which are considered by the 

lender when building scoring models such as distinguishing between new 

customers and long existing customers because some variables are available for 

the new customers but not for the existing customers. Second, the statistical 

reason which considers the interactions between one variable and the others 

means that it is rational to build a separate scoring model for the different 

attributes of that variable. 

Another consideration of sampling is the ratio of sample size to the number of 

independent variables. Hair et al., (2006) show that the minimum size 

recommended is five observations per independent variable. In addition, the 

smallest group size of a category must exceed the number of independent 

variables, at minimum.                   

3.8 Concluding remarks 

Section 3.2 introduced an overview of credit scoring. It provided an explicit 

definition of credit scoring and the difference between application scoring and 

behaviour scoring. The history of credit scoring development that occurred over 

the past century was reviewed. To state the importance of credit scoring, 

comparisons with judgemental systems, consumer versus business scoring and 

credit scoring versus credit rating were explained.   

Section 3.3 presented credit scoring approaches used in empirical research. The 

linear probability model, probit model, logit model and discriminant analysis were 

reviewed as parametric approaches while recursive partitioning algorithm, 

nearest-neighbours, linear programming, integer programming, neural networks, 

genetic algorithms and expert systems were provided as non parametric 

approaches. In addition, survival analysis, Bayesian networks and graphical model 

were introduced as new approaches.  

Section 3.4 provided a comparison of scorings methods. The main findings of this 

section are that it could be said that there is no best method in credit scoring to 

evaluate loan applications. Each method has advantages and disadvantages. 

Section 3.5 reviewed credit scoring models used in empirical studies. It gave a 
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summary of the important variables, techniques and main findings of studies 

surveyed from the last decade until 2006. The main findings of this section are to 

examine the extent of applying credit scoring approaches application in financial 

institutions. This can help in building the methodology for this research. Section 

3.6 examines explanatory variables used in credit scoring models. It shows the 

nature of these variables and focuses on a discussion of demographic and financial 

independent variables. Finally, Section 3.7 discusses sample considerations for 

credit scoring models. It examines the sample size and the reasons for splitting 

samples into holdout samples and analysis samples. 

The main finding of the current chapter is to facilitate selecting variables and 

techniques that are used in building credit scoring models in this thesis, especially 

given that the survey includes many countries applying scoring models. In 

addition, the results of some the research was disparate. For example, the 

performance of techniques differs from country to country; this could be used to 

encourage and support the performance of credit scoring models in other countries 

that have not applied these models yet. In spite of the limitations of scoring 

models, credit scoring will continue to be a major tool in predicting credit risk in 

consumer lending. 
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Chapter 4. The Libyan Banking and Credit System 

4.1 Introduction 

This chapter provides a summary of the characteristics of the Libyan economy, 

concentrating on the banking and credit system. This summary is essential as 

credit risk modelling cannot be studied in isolation from the surrounding 

environment which consists, inter alia, of the legal environment, credit systems 

and policy, and other characteristics of the economy and its components.  

The chapter is divided into seven sections. Section 4.2 provides a brief 

background of Libya in terms of its geographic location and history. Section 4.3 

explains the main characteristics of the Libyan economy while Section 4.4 deals 

with the finance sector components in Libya explaining in detail the commercial 

banks, banking structure, the Central Bank of Libya, specialised banks, and other 

finance sectors. Credit policy considerations in terms of its objective and 

requirements are illustrated in Section 4.5. Some brief information on the Al-

Wahada Bank, representing a case study of this research, is provided in Section 

4.6. The chapter ends with some concluding remarks. 

4.2 A brief history of Libya 

Libya is located in North Africa and is bordered to the north by the Mediterranean 

Sea, to the east by Egypt, to the west by Tunisia and Algeria, and to the south by 

Sudan, Chad and Niger. Libya is a large country with an area of 1,759,540 sq.km. 

It is the fourth largest in size of the African countries and fifteenth in the world. 

More than 90% is desert or semi-desert and the coastline totals 1,770 km. Arable 

land comprises only approximately 1.03% with 0.17% planted to permanent crops 

and about 4% of land area is suitable for grazing stock; the remainder is desert. 

Libya is rich in terms of some natural resources, especially petroleum and natural 

gas as well as gypsum, but has very limited natural fresh water resources. Because 

of the latter, Libya established the Great Manmade River Project, considered to be 

the largest water development scheme in the world, to bring water from large 

aquifers under the Sahara to the coastal cities. Notwithstanding Libya‘s large 

geographic size, the present population is only about 5,321,320, (Libyan Census, 
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2006) with the most of the population heavily concentrated near the 

Mediterranean coast. The Islamic religion and Arabic language are two key 

elements that characterise Libyan culture (Salah, 2001).  

Libya was initially settled by the Berbers, but Arabs invaded the territory in 642, 

spreading Islam to the county. The Arabs ruled Libya until 1551 when it was 

occupied and controlled by the Ottoman Empire (now Turkey) for some four 

hundred years. The Ottomans arrived and chased out the Crusaders who had 

occupied Libya since 1510 (Salah, 2001). 

In 1911 Libya was established as an Italian colony supplanting the Ottoman 

Turks. The Italians generally improved the infrastructure of the country, creating 

roads, railroads, port facilities and irrigation projects, but did little to educate and 

train the inhabitants in administrative, technical or agricultural skills. During 

World War II, the Libyan Arab Force (or Sansui) fought bravely under the British 

army until 1943 when the last Italian force left Libya. Accordingly, Libya stayed 

under the administration of the British and French (1943–1951). Thereafter, Libya 

gained independence through the United Nations on 24 December 1951. King 

Idris of the Sansui family declared the United Kingdom of Libya (1951–1969) as 

an independent State in 1951 (World Bank Report, 1960). 

During this time the United States and Britain were primary supporters of 

development programmes in the agricultural and educational sectors to help 

improve Libya‘s poor economy. Consequently, Libya allowed both the UK and the 

US to maintain military bases in Libya (Salah, 2001). This situation changed after 

1959 when oil was discovered in Libya. Foreign investors developed the oil 

industry and about 50% of all profits were transferred to the Libyan government 

as taxes (Bhairi, 1981). On September 1, 1969, the political system of the country 

changed militarily and civilian officers seized power in a coup. As a result, the 

Revolutionary Command Council under the leadership of Muammar Al-Gaddafi 

who renamed the state as the Libyan Arab Republic (CIA World Fact book, 2006). 
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Al-Gadhafi, referred to as ‗The Leader,‘ wrote a book of three parts known as The 

Green Book
5,

 setting forth his political, economic and social programmes. The 

Green Book came as a result of his theory called The Third Universal Theory 

which offered an alternative to capitalism and communism with solutions for the 

political, military, and socio-economical problems facing human communities. 

One result of the issue of The Green Book was the announcement of the 

Declaration of the Establishment of People‘s Authority on 2 March 1977 and 

another change in the official name of the country to ‗The Socialist People's 

Libyan Arab Jamahiriya
6
‘. Consequently, most legislation was adjusted to be 

compatible with the concepts of the Green Book. One key feature of the Green 

Book was to the conversion of most private activity to the public sector (Salah, 

2001). 

From 1981, as a result of deteriorating relations between Libya and the United 

States, the United States adopted several economic sanctions against Libya as it 

was widely suspected of financing international terrorist activates and subversion 

around the world. The US Air Force attacked Libya on 15 April 1986. Thereafter, 

the United Nations imposed economic sanction on Libya in 1992 because of 

Libya‘s role in the bombing of the PanAm flight over Lockerbie, Scotland in 1988 

and the bombing of an Air France flight over Niger in 1989. By the late 1990s, 

Libya began to change its foreign policies in support of tourists and to develop a 

closer relationship with the Western countries. One result was that in 2003 the 

United Nations removed most of the embargos. These sanctions are generally 

regarded as having a negative impact on the Libyan economy (Salah, 2001).         

4.3 The Libyan economy 

Prior to 1951, Libya was one of the poorest countries in the world. The Libyan 

economy suffered from budget deficits and the economy was mainly based on 

agriculture employing more than 70% of the labour force and contributing about 

30% to GDP. The Italian colonial period had left Libya a valuable legacy of 

                                                 
5
 The Green Book published in 1975, consists of three parts: (i) the solution of the problem of 

democracy (the authority of the people); (ii) the solution of the economic problem (socialism); and 

(iii) the social foundation.  
6
 Jamahiriya as translated by American scholar Lisa Anderson is taken to mean ―power to the 

masses‖ or ―peopledom‖ (People‘s Bureau of the Socialist People‘s Libyan Arab Jamahiriya, 

Canberra, 1982).  



Chapter 4. The Libyan Banking and Credit System 

 

  

–104– 

buildings, roads, ports and other public installations. At the same time, large 

Italian investments in agriculture and industry contributed to the growth of the 

Libyan economy as a whole and provided a useful base for future growth. (World 

Bank Report, 2006). 

Benjamin Higgins (1968, p.819), an economist specialising in economic 

development who worked as an economic adviser to Libya in early 1950s, 

described the country's economic conditions as follows: 

We need not to construct abstract models of an economy where the 

bulk of people live on a subsistence level, where per capita income is 

well below $50 per year, where there are no sources of power and no 

mineral resources, where agricultural expansion is severely limited by 

climatic conditions, where capital formation is zero or less, where 

there is no skilled labour supply and no indigenous 

entrepreneurship…  

The beginning of new a phase of economic development began with the discovery 

of oil in 1955 and the oil sector started to play a vital role in shaping the structure 

and characteristics of economy as well as social life of Libya. By 1961, substantial 

quantities of oil had been discovered and this greatly supported the country‘s 

socioeconomic development. 

4.3.1 Economic development planning in Libya 

As a result of increasing oil revenue in the early 1960s, Libya established the first 

five-year development plan (1963–1968) (See Table A.1 Appendix – Five-Year 

Plan 1963–1968 and Additional Year 1969, p. 274). The purpose of this plan was 

to develop the Libyan economy and to correct the budget deficit. An emphasis 

was placed on agriculture, forestry, education, health and communication 

development (Abusneina, 1993). The total estimated expenditure of the plan was 

LYD169.1 million. Of this total, 26.6% was allocated for public works, 17.3 % for 

agriculture, 16.2% for communications and 13.1% for education. By 1968, the 

contribution of oil and natural gas production to the GDP had risen from 42.3% to 

60.5%, while the most other sectors‘ contribution to GDP decreased in relative 

terms between 1962 and 1968; agriculture fell from 9.6% to 3.1% of GDP and 

manufactures from 5.8% to 1.9%. In respect of a strong emphasis on agriculture, 

the plan also indicated that the State's most important social priority, taking 

precedence over health and housing, was education (Salah, 2001). 
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Notwithstanding of that the second five-year plan 1969–1974 was assigned about 

LYD1322 million, this stage of the plan was not implemented because of the 

explosion of the September Revolution in 1969. The three-year economic 

development plan for 1973–1975 is regarded a successful plan in that the actual 

growth rate in non-oil production reached 19.5% as compared with the planned 

growth rate of 17.5%. GDP increased from about LYD1.75 billion in 1972 to 

about LYD3.67 billion with an annual growth rate of 28% though growth was 

negative in 1974.  The Libyan standard of living improved as a result this plan. 

This can be shown by the fact the final consumption of both the private and public 

sectors increased at an annual rate of 35.4% during period (See Table A.2 

Appendix – Socio-Economic Development Plan 1973–1975, p. 274). 

However, the plan also faced a number of problems including the inadequacy of 

the construction capacity of the country to meet the demands placed on it, a lack 

of pre-feasibility studies for development projects, a shortage of skilled manpower 

and the improper use of insufficient port facilities (Bhairi, 1981). 

The five-year economic development plan 1976–1980 was created to maintain the 

economic and social policies underlying the previous three year economic 

development plan 1973–1975. The objective of this plan was to reduce the 

dependence of the oil sector, make Libya self-sufficient in food, to encourage 

agriculture by helping the rural population to stay on the land through the 

provision of funds, loans and facilities, the establishment of several new 

industries, and an increase in efficiency of the human factor and its role in the 

development process (Bhairi, 1981).  

This five-year plan is also generally regarded as a success. The GDP increased 

from LYD3.7 billion to LYD5.1 and the annual economic growth rate was about 

6.6% from 1975 to 1980. In addition, total investment in fixed assets during this 

plan amounted to LYD6.4 billion. It could be said that the agricultural and 

manufacturing sectors had a high share of total fixed investments but the 

contribution to the GDP of these two sectors continued to be very low (See Table 

A.3 in Appendix – Socio-Economic Development Plan 1976–1980, and Table A.4 

Appendix – Revised Socio-Economic Development Plan 1976–1980, p. 275). 
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In 1981, the 1981–1985 Economic and Social Transformation Plan was launched 

(see Table A.5 Appendix – Socio-Economic Development Plan 1981–1985, p. 

276). The aim of this plan was to build an efficient and diversified economy 

through the development of the all sectors of the economy while providing 

priority to the agricultural and manufacturing sectors. It also placed emphasis on 

training and educational programs for manpower in order to improve and increase 

productivity (Bhairi, 1981). In addition, as a result of the increase in oil prices, 

Libya expanded the public sector and development investment programmes. 

However, because the expenditures underlying the development budget were 

highly dependent on oil revenues, actual expenditures often failed to reach 

planned levels when oil prices decreased. However, because of enormous 

investment in the agriculture and manufacturing sectors the percentage of Libya‘s 

gross domestic product derived from oil has remained fairly constant since the 

early 1970s, fluctuating between 50% and 60% until 1982, when oil revenue 

deteriorated causing the contribution to fall below 50%. This fall in oil revenues is 

associated with a sharp contraction to Libyan GDP (Salah, 1997). 

4.3.2 Gross domestic product (GDP) 

One of the most important steps in analysing the Libyan economy is to review the 

GDP. Table A.7 in the Appendix, (p. 278) shows that Libyan GDP growth 

performance over the period 1970–2004 was highly variable. Table A.7 in the 

Appendix shows clear breaks in the trend of the Libyan GDP growth rate that 

coincided with the effects of the 1974 oil shock and the start of the US sanctions 

in 1981. In other word, the most notable feature of this table is that the clear 

upward and/or downward movement is evident and these coincide with the oil 

boom in 1974–1975, the sanctions imposed by the US in 1981, the embargo 

imposed by the UN in 1992, the sanctions starting from 1999, then lifted from 

2003, as well as the increase in oil production and prices. 

The rate of GDP growth in the 1970s is some of the highest in Libyan‘s economic 

history. Table A.7 in the Appendix also shows that the growth of GDP reached 

about 74% in 1974 compared with about 5% in 1970. On the other hand, the 

growth rate of GDP reached its lowest level in the 1980s with a negative rate of 

about 17% in 1981. Fayad (2000) argues that the decline in the GDP was due to 
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several political factors, including, amongst other things, OPEC (Organization of 

Petroleum Exporting Countries) operations relating to the control of prices, and 

limited oil in production and oil export quantities.  

Figure 4.1 Average contribution of economic sectors to Libyan GDP, 1994–2004 
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Figure 4.1 shows a clear picture of the average of the economic sectors to the 

average GDP from 1994 to 2004. Figure 4.1 shows that oil and natural gas 

represents about a half of GDP, general services (education, health and public 

services) about 14%, while other sectors have a relatively low contribution during 

the period. Despite the massive expenditures on agriculture and manufacturing, 

the percentage share of GDP is very low (see Table A.8 in Appendix, p. 279). 

Figure 4.2 shows the development of GDP from 1970 to 2004 and its relationship 

to the oil sector and other sectors in the Libyan economy. As shown, GDP has a 

positive correlation with oil activities, while the increase in total non-oil activities 

does not have a significance impact on GDP (see Table A.9 in Appendix, p. 280). 
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Figure 4.2 Gross Domestic Product and oil and non-oil activity 1970–2004           
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Figure 4.3 shows GDP per capita during 1970 until 2004. As shown, the GDP per 

capita increased from 1970 until 1980, and then decreased until 1989. It increases 

again slightly but after 1999 it can be seen to quickly increase to reach about 

LYD8000 per capita. This may be attributable to the suspension of the UN 

sanctions against Libya in 1999 (see Table A.10 in Appendix, p.281). 

Figure 4.3 GDP per capita 1970–2004 
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4.3.3 Libyan exports, imports and balance of payments 

Foreign trade was an enormous impact on the overall performance of the Libyan 

economy and make the entire economy more vulnerable and sensitive to external 

shocks. It provides opportunities to local economies through opening channels of 

exchange and also increases overall economic welfare through the expedition of 

an array of options in consumption, investment and resource allocation. However, 

Libyan exports are dominated by oil and natural gas. Libya is regarded as one of 

the least diversified oil-producing economy in the world (World Bank Report, 

2006). Figure 4.4 shows the percentage of exports of the oil and non oil sectors 

from 1970 to 2004.  

Figure 4.4 Oil exports and other exports 1970–2004 
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As shown, oil exports comprise the greater percentage of the Libyan exports. 

Non-oil exports reached a peak in 1994 of about 27% of total exports but after this 

there was a gradual decline to just 4.1% in 2004. This does not mean that there 

was an improvement in the non-oil sectors but rather a decline in oil exports. It 

could be said that the contribution of non-oil sectors exports to total exports is 

quite semi fixed, therefore any decline in oil exports will show an increasing in 

non-oil exports (see Table A.11 in Appendix, p. 282). Abusneina (1993) argues 

that some reason for the increase in non-oil exports was the government‘s policy 

to diversify production activities, the decline in oil prices in the late 1980s and 

1990s, and OPEC (Organization of the Petroleum Exporting Countries) decisions 

to reduce oil supply, while Shamia (1991) described Libyan non-oil exports as 
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negligible in value and quantities, and characterised by both discontinuity and 

high costs of production. 

Libya relies on imports to satisfy many of its consumptions and investment needs. 

For example, Libya imports about 80% of its food (Library of Congress, April 

2005). Other main goods imported by Libya include machinery, food, transport 

equipment and manufactured goods. The most important sources of imports are 

Mediterranean countries, Germany, UK, South Korea (Library of Congress, April 

2005).    

 The Libyan balance of payments is characterised by fluctuations. Since the fiscal 

year of 1963/1964, the external balance of payments has recorded surpluses with 

the exception of just a few years. Balance of payments reflects developments in 

crude oil exports and prices in the international markets on the one hand, and 

levels of expenditure of foreign currency locally on the other hand (Central Bank 

of Libya, 1989).  

4.4 The finance sector in Libya 

The finance sector is usually divided into a currency market and a capital market. 

The finance sector in Libya consists of the banking sector, the specialised banks, 

the stock exchange market, insurance companies and social security fund, the 

National Investment Company, foreign exchange and the Financial Services 

Company, the Libyan Arab foreign Investment Company and the Libyan Arab 

African Investment Company. 

4.4.1 Bank sector  

Commercial banks play an important role in social and economic development in 

a country. They are considered as a tool to accumulate money and then to use it in 

the creation of loans to business and consumers. Commercial banks are financial 

institutions which deal with a number of different credit types in lending area, 

therefore they are a type of financial intermediary between the depositors and the 

investors who prefer to borrow these available recourses in the form of credit 

facilities. Thus, it could be said that the commercial banks are financial 

institutions but they have some features which differ from other commercial and 

financial institutions as follows (Habara, 1997): (i) most of a bank‘s assets 
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represent the rights of other people and organisations and also most of a bank‘s 

sources represent right of other people and organisations in the form of several 

deposits and capital. In addition, the banks have the ability to create deposit 

liabilities which are transferable from one organisation to another one; (ii) banks 

have the ability to create financial recources and to grant loans. Thus, they have 

an affect on credit size and distribute credit it among several economic sectors; 

and (iii) the ability to create money.  

Commercial banks are the most important financial institutions in the Libyan 

economy. Banking activities in Libya started during the Ottoman era through the 

establishment the first Agricultural Bank in 1868 in Benghazi and in 1901 in 

Tripoli. After the Ottoman Bank opened two branches in 1906 in Tripoli and in 

1911 in Benghazi, The Banca di Roma opened two branches in Tripoli and 

Benghazi in 1907. During the Italian occupation, Italian banks opened three 

branches; Banco di Sicilia, Banca d‘ Italia and Banco di Napoli. The main purpose 

of these banks was to grant short term loans for the agricultural and commercial 

sectors to assist the Italian settlers to settle in Libya (Habara, 1997). In 1951, the 

UK Barclays Bank opened two branches in Tripoli and Benghazi and this acted as 

the representative of the English Treasure Ministry with the authority to issue 

currency.  

I. Banking sector 1955–1963  

Until the Libyan National Bank (LNB) was established in 1955 under Law (30) of 

1955, no Libyan banks existed. The main objective in establishing the LNB was to 

regulate the issue of currency, to keep reserves and maintain monetary stability as 

well as the external value of the Libyan pound, to influence the credit situation to 

the Libya‘s advantage, and to act as the central bank to the Government Provincial 

Administrations (Article 6) (Libya State 1955). The Banking Law of 1955 was 

given permission to issue a different kind relating to the control of commercial 

bank (World Bank Report, 1960). Despite issue the Banking Law of 1955 and the 

establishment of the Libyan National Bank, the objectives of the Libyan National 

Bank were not achieved because the of the difficulty in controlling foreign bank 

branches in Libya. This meant there was no improvement in the economic policy 

of the State. Moreover, the law only permitted the Libyan National Bank to 
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manage only small operations of commercial banking transactions. Furthermore, 

the Libyan National Bank could not use the tools and techniques which affect 

credit size granted by foreign banks and could not gather banking data and 

statistics which help in preparing efficient monetary policy. As a result, foreign 

banks were working according to their policies and their activities were focused 

on financing of commercial activities and ignored the productive activities such as 

agriculture and manufacturing (Central Bank of Libya, 2006a).   

II. Banking sector 1963–1970 

In an effort to correct this situation in the Libyan banking sector, the Banking Law 

(4) of 1963 was issued to organise the banking sector. The Law required the 

‗Libyanization‘ of 51% of foreign branches and gave the Libyan National Bank 

(later the National Bank of Libya) authority as the central bank. The commercial 

banks were required to maintain liquidity ratios and reserves in the National Bank 

of Libya as a proportion against deposits as prescribed by the National Bank of 

Libya. As a result of the policy of the ‗Libyanization‘, a number of changes were 

made in the Libyan banking structure as follows (Habara, 1997): (i) in 1964, the 

Sahara Bank was established instead of Banco di Sicilia with 51% Libyan, 29% 

Bank of America and 20% Banco di Sicilia; (ii) in 1964, the African Bank was 

established instead of the Real Estate Bank of Tunisia and Algeria; (iii) in 1964, 

the Commercial Bank was established with 51% Libyan and 49% of Eastern 

Bank; and (iv) in 1967, Al-Nahda Al-Arabia was established instead of Bank Misr. 

After September Revaluation, commercial banks were Libyanised according to 

the decision of the Revaluation Leadership Board on 13 November 1969, and re-

restabilised commercial banks. Accordingly, the Banco di Roma became the 

Umma Bank, Barclays Bank eventually became the Gumhouria Bank, the Arabic 

Bank became the Al-Uroba Bank and the Banco di Napoli became the Al-Estiklal 

Bank. However, by 1970 all foreign bank shares of the banks was nationalised 

according to the Law No. 153 (Buzakuk, 1988). As a result, the number of 

commercial banks was reduced to five major banks totally owned by the Libyan 

public and private sectors. 
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III. Banking sector 1970–1993 

In 1971, Law No. 63 was issued to correct some articles related to the Law No. 4 

of 1963. The banking sector has witnessed some significant developments after 

Libyanization and the nationalisation of commercial banks. The main objective 

was to give the commercial banks a key role in achieving and implementing the 

country‘s economic and social development plans. For instance, the law gave the 

Central Bank of Libya additional responsibilities for the supervision and the 

control of commercial banks and for directing the monetary policy towards 

reaching the government‘s economic goals (Central Bank of Libya, 2006a).  

To achieve the economic and social development plans, the commercial banks 

opened several branches throughout Libya to facilitate the provision of their 

services and reach all citizens. The commercial and housing loans began to be 

granted to people as well as for all of the government sectors (Central Bank of 

Libya, 2006b).  

In addition to providing loans, the commercial banks extend their services to face 

the requirements of economic development. The system of transfer for the wages 

and salaries of employees through to their bank accounts and the encouragement 

of people to keep their money in different accounts in banks helps banks to 

develop and improve their services.  

During the eighties, and as a result of the transfer the most of private sectors to 

public sector, the decline of oil price and the bad relationship with the developed 

counties, the Central Bank of Libya applied a policy of guidance for consumption 

and expenditure and placed limitation on foreign exchange within the limits of the 

available monetary recources. This policy had a negative impact on the banking 

sector as evidenced by the fall in net foreign assets and currency supplies 

(Alqadhfi, 2002). 

This situation continued until the early nineties and the Central Bank of Libya 

used several techniques to reduce the effect of the international economic crisis on 

the Libyan economy but most of these policies also had a negative impact on the 

Libyan economy. 
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IV. Banking sector since 1993 

This period witnessed some important developments. The State issued several 

legislations and regulations which permitted people to act in business activities. 

Law No. 1 of 1993 was issued concerning banks and money credit. The Law 

permitted the opening of private banks and also for foreign banks to open 

branches or representative offices in Libya in accordance with the conditions 

imposed by the Central Bank of Libya. It also specified that commercial banks 

should be established as joint-stock companies with paid–in capital of no less than 

LYD10 million. 

In addition, the Law adopted a new policy by granting credit facilities to 

productive and professional activities via reducion in the maximum rate of interest 

on manufacturing and agricultural loans to 6% and the establishment of the 

investment fund called the Production Movement Fund which contributed to 

increasing monetary expansion, liquidity and money supply (Central Bank of 

Libya, 2006b).    

The law also prohibited trading in foreign currency and its transfer from and into 

the country save by certain conditions specified by the Central Bank of Libya 

through authorised banks and institutions (Article 77) (Libya State 1993). The 

impact of this prohibition created several economic problems for the State. The 

main problem was a black market in foreign exchange. The rate of exchange of 

the Libyan Dinar was about $US3.36 in 1992 but the Libyan Dinar descended to 

about $US0.278 in the middle of 1990s in the black market, and this rate 

continued until the end of 2001, where the Central Bank of Libya started trying to 

control the black market by gradually decreasing the Libyan Dinar against other 

currencies to reach eventually to $US0.77 in 2003 (Central Bank of Libya, special 

report, 2002 and 2006b).       

The period at the end of the nineties witnessed significant development all the 

over economic sectors, especially the monetary sectors, because of monetary and 

economic policies that were applied by using new tools to remedy several 

problems suffered by the Libyan economy. These policies targeted the 

restructuring of the Libyan economy, including the banking system, through 

legislation and regulation (Alqadhfi, 2002). 
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In 2005, Law No. 1 was issued to ensure the independent of the Central Bank of 

Libya and its role in controlling all banks to apply the monetary policy. The 

important aspects which appear in this Law are as follows: (i) the Central Bank of 

Libya comes under the auspices of the secretariat of the General People‘s 

Congress instead of under the Secretary of Treasury; (ii) the Central Bank of 

Libya may not grant credit facilities to any party directly or indirectly except for 

temporary loans to the Ministry of Treasury to cover any temporary deficit in 

Public Budget; (iii) the Law gives the natural person and independent entities the 

right of acquiring shares in the capital of state-owned banks and the retention of 

any foreign exchange; and (iv) the law stipulated that a bank must establish an 

administrative unit called a ―compliance unit‖. In addition to monitoring of 

supervisory instructions issued by the Central Bank of Libya, this unit monitored 

bank adherence to criteria governing daily banking activity, the most important 

being: capital adequacy, maintenance of the legally stipulated liquidity, 

maintenance of the required reserves and international banking supervision 

criteria. 

4.4.2 Banking structure in Libya 

The banking sector is considered the most important sector in the Libyan financial 

system. The Banking sector attracts local saving and contributes to financing 

different activities in the economy. The total assets of commercial banks was, for 

instance, about LYD18.5 billion in the end of 2005 (Central Bank of Libya, 

2006a).    

4.4.3 Central Bank of Libya 

The Central Bank of Libya is the monetary institution which undertakes the 

issuance of Libyan currency, applies the monetary policies need to maintain the 

stability of currency and prices, and acts as the government bank undertaking 

banking operation for  the public administrative units and other public bodies and 

institutions. The Figure 4.5 at the next page summarised the structure of the 

Libyan banking system. 

Law No. 1 of 2005 assigns the Central Bank of Libya the following roles: (i) issue 

the Libyan currency and maintain its stability; (ii) manage the State‘s reserve of 

gold and foreign currency; (iii) organise the monetary policy and supervise the 
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currency transferring transactions within Libya and abroad; (iv) achieve the 

objectives of economic policy in terms of stabilising the general level of prices 

and the soundness of the banking system; (v) manage the liquidity in the national 

economy; (vi) organise the credit and banking policy and supervise its 

implementation under the framework of the State‘s policy; (vii) organise and 

supervise foreign exchange market; (viii) provide advice to the State in terms of 

the economic policy; and (ix) influence the direction of credit in terms of its 

amount, type, and the period to ensure that the actual requirements of production 

and services in the economic activities are met. 

Figure 4.5 Banking structure in Libya 

 

In addition to these objectives, the Central Bank of Libya can be involved in other 

activities such as to purchase, sell, and import and export gold bars and coins, 

purchase and sell foreign currencies, rediscount commercial notes and promissory 

notes and purchase and sell treasury bonds.  

4.4.4 Commercial banks 

The Law No.1 of 2005 defines commercial bank as ―any company that ordinarily 

accepts deposits in current demand accounts or time deposits, grants loans and 

    Banking Structure in Libya 

Specialised Banks 

-The Agricultural Bank 

-The Saving and Real 

Estate Investment Bank 

-The Development Bank 

-  The Rural Bank 

Commercial Banks 

Public Banks 

- National Commercial Bank 

-Al-Wahada Bank 

-Umma Bank 

-Sahara Bank 

-Gumhouria Bank 

Private Banks 

-Commerce and Development 

Bank 

-Al-Amaan Bank 

-Al-Ijmaa Alarabi Bank 

-Al-Wafa Bank 

The National Banks 

 

Libyan Arab 

Foreign Bank 

The Central Bank of Libya 



Credit Risk Modelling in Libya 

 

  

–117– 

credit facilities, and engages in other such banking activities stipulated in this law, 

Article 65, p. 15‖. The Law also stipulates some activities considered as 

commercial bank activities: (i) provide the services related to collecting cheques 

drawn or deposited by costumers; (ii) provide services related to document 

credits, documents for collection, and letters of credit; (iii) issue and manage the 

instruments of payment such as monetary drawings, financial transfers, payment 

and credit cards, and traveller‘s cheques; (iv) sale and purchase transactions 

involving monetary market instruments and capital market instruments to the 

credit of the bank or its customers; (v) purchase and sale of debt with or without 

the right of recourse; (vi) lease financing operations; (vii) foreign exchange 

transactions in spot and forward exchange markets; (viii) management of issuing 

securities in terms of covering, distributing and dealing with them; (ix) provide 

consultative services for investment portfolios; and (x)  any other banking 

activities approved by the Central Bank of Libya. 

On the other hand, the Law prohibited some activities by commercial banks such 

as (Article 77) (Libya State 2005): (i) wholesale and retail commerce, including 

importation and exportation and brokerage or commercial agency activities; (ii) 

the acquisition of a joint stock company‘s shares in the capital of the bank; and 

(iii) the issue of bearer notes payable on demand. 

It also stipulated that each bank must obtain a licence to engage in banking 

activities before commencing such activities (Article 66) (Libya State 2005) and 

the form of commercial banks must be as a Libyan joint-stock company with 

capital-in-paid at least LYD10 million while the capital of a foreign bank or its 

branches must be at least $US50 million (Article 67) (Libya State 2005). The 

Central Bank of Libya subjects the commercials banks to its control and 

supervision in terms of regulating, coordinating their actions, monitoring their 

activities under the framework of the State‘s policy (Article 71) (Libyan State 

2005). It is also stipulated that the commercial banks must always keep (in Libya) 

funds that at least equal its obligations payable in Libya in addition to a sum 

equalling the bank‘s paid capital.  

Table 4.1 shows the commercial banks in Libya in terms of the data of 

establishment, number of branches, capital and property of a bank. 
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4.4.5 Deposits development in commercial banks 

Collecting deposits from people, companies and other institutions whether public 

or private in the form of different deposits and then investing them in economic 

activities is considered one of the most important activities of commercial banks. 

The deposits in of different types are considered the main source of commercial 

bank resources which can be used to grant loans and credit facilities. In Libya, the 

deposits can be divided into three types as follow (Habara, 1997; Central Bank of 

Libya, 2005c): 

Table 4.1 Commercial banks in Libya  

Banks Date of 

Establishment 

Number of 

 branches 

Capital in  

LYD Millions 

Ownership 

The National Commercial 

Bank 

1970 60 100 Public 

Gumhouria 1969 81 100 Public 

Umma 1970 50 100 Public 

Al-Wahada 1970 71 108 Public 87% 

Private 13% 

Sahara 

 

 40 126 Public 70.5%  

Private 29.5%  

Commerce and Development 1996 36 28.2 Private 

Al-Amaan 2003 5 3 Private 

Al-Ijmaa Alarabi 2003 2 3 Private 

Al-Wafa 2004 0 5 Private 

National Banks 1996 48 N/P N/P 

I. Demand deposits  

Demand deposits are current accounts held at a bank for the purpose of 

withdrawal of money at any time using cheques or cash cards. Law no. 1 of 2005 

(Article 57) stipulated that all commercial banks must maintain reserves with the 

Central Bank of Libya without interest against its deposit liabilities. The Law 

leaves the determination of the ratio of the required monetary reserve to the board 

of directors of the Central Bank of Libya which determines it to be 15%. Demand 

deposits represent the largest percentage of the deposits. Table 4.2 shows that the 

demand deposits represent an average of 69% of total deposits. Table 4.2 also 

shows that there has been a substantial increase in demand deposits from 1970 to 

2004. 
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II. Time deposits 

Time deposits are accounts held at bank that cannot be withdrawn for a certain 

period of time which is usually determined in advance between bank and 

costumer. Time deposits are considered an important source of funds for Libyan 

banks because they can be used in granting loans and then recognise profit. The 

Central Bank of Libya determines a ratio of 7.5% of time deposits of commercial 

banks to be maintained as a reserve in the Central Bank of Libya. Libyan 

commercial banks usually pay interest on these accounts from 1.5% to 4.5% 

depending on the time of deposit (Central Bank of Libya, Letter no. 14/94, 1994). 

Table 4.2 shows that the time deposits represent an average of 29% of total 

deposits. The increase or decrease in the percentage of time deposits has a 

significant impact on the ability of commercial banks in expanding or decreasing 

the credit facilities. 

III. Saving deposits 

Saving deposits are similar to time deposits but differ in terms of relating to 

individuals. Saving deposits include an interest at 4 to 6%. Table 4.2 shows that 

the saving deposits represent the least percentage of the deposits with an average 

of 4% of total deposits and the increase from 1970 to 2004 is not high compared 

to the increase of other deposits. The reason for this, according to the the research, 

is to religion because people do not prefer to invest their money in these accounts 

as the interest is prohibited by Islamic rules.   

In addition, Figure 4.6 shows the development of deposits in Libya from 1970 to 

2004. The Figure depicts the trend of demand, time and saving deposits. It can be 

noted that the demand deposits represent the most among deposits while the 

saving deposits represent the least. It is also noted that there is a gradual increase 

in demand deposits from 1970 to 1979, while in 1980 the increase doubled 

because all currency notes over one Dinar were withdrawn from circulation 

(Altunisik, 1996).   
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Table 4.2 Deposit types 1970–2004 (LYD million) 

year Demand 

Deposits 

% Time 

Deposits 

% Saving 

Deposits 

% Total of  

Deposits 

1970 80.7 62 33.6 26 15.4 12 129.7 

1973 210.7 57 140.0. 38 16.4 4 367.1 

1976 531.2 64 266.2 32 29.1 4 826.5 

1979 805.2 57 584.8 41 33.2 2 1423.2 

1982 1905.7 76 565.9 22 45.4 2 2517 

1985 2291.6 71 891.5 27 64.6 2 3247.7 

1988 2191.3 66 1041.4 31 77.3 2 3310 

1991 2578.2 72 892.2 25 95.5 3 3565.9 

1994 3623.5 72 1221.8 24 190.6 4 5035.9 

1997 3976.7 66 1799.6 30 263.3 4 6039.6 

2000 4774.3 64 2272.7 30 416.0 6 7463.0 

2003 6127.8 64 2823.7 30 615.7 6 9567.2 

2004 7683.6 68 2909.2 26 685.9 6 11278.7 

                             Source: Central Bank of Libya, (2006a).  

The Figure also shows that the demand deposits had gradually increased from 

1970 to 1979. After that there was a dramatic increase; it reached more than 

LYD2000 million in 1981, dropped slightly until 1985 and then climbed back 

tarting in 1994. In addition, there was a gradual increase in time deposits but it did 

not reach LYD3000 million until 2004. Saving deposits had poor development 

where the increase does not seem remarkable compared with other deposits.  

Figure 4.6 Development of deposits in Libya 1970–2004        
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4.4.6 Credit facilities in commercial banks 

Credit facilities granted in Libya can be divided into three types; loans and 

overdrafts, bill discounted and negotiated, and other loans (Habara, 1997).    

I. Loans and overdrafts 

This type of credit facility can be divided into loans and overdrafts. Loans are 

considered one of the most important investments for deposits. Loans are usually 

granted for short or long-terms and are not used to finance the capital structure.  

Libyan banks usually require repayment of a part of the loan before extending it to 

make sure of the client‘s solvency. As opposed to a loan, an overdraft represents a 

running account with debit balance. Libyan banks usually grant this type of credit 

because of the high revenues calculated on the withdrawn balance.  

Loans and overdrafts represent the most important types of credit facilities granted 

by Libyan banks. Table 4.3 shows that the loans and overdrafts represent about 

95% of credit facilities. It could be also noted that the loans and overdrafts 

reached 99%of credit facilities from 2000 to 2004. In addition, the trend of loans 

and overdrafts can be noted as continuously increasing from 1970 to 2004.  

II. Bill discounted and negotiated 

This type represents a low perecentage of credit facilities, where the hghest 

percentage was 9.25% in 1970. It can also be noted there is a significant decrease 

from 1970 to 2004. This decrease is attributed to the absence of a stock market 

and the banks usually do not desire to expand in this area because it has high risk 

and low revenue; the unique revenue for this type results from the differences 

between interest rates which are usually tiny (Shamia, 1989). 

III. Other credit facilities 

This type often includes the loans granted for special purposes and the Central 

Bank of Libya does not clearly state this type of credit. Table 4.3 shows the 

amount and the percentage of other credit facilities from 1970 to 2004. It can be 

noted that the other credit was 2% of total credit and reached to a highest 

percentage of 4% in 1986 with LYD84 million. 

 



Chapter 4. The Libyan Banking and Credit System 

 

  

–122– 

Table 4.3 Credit facilities 1970–2004 (LYD million) 

Year Loans and 

Overdrafts 

% Bill Discounted 

and Negotiated 

% 0ther % Total 

1970 85.3 88.67 8.9 9.25 2.0 2.08 96.2 

1973 216.8 90.00 16.6 6.89 7.5 3.11 240.9 

1976 705.0 95.33 20.5 2.77 14.0 1.89 739.5 

1979 1005.6 96.66 16.7 1.61 18.1 1.74 1040.4 

1982 2084.9 96.43 12.7 0.59 64.4 2.98 2162.0 

1985 1942.7 95.56 5.9 0.29 84.4 4.15 2033 

1988 2252.3 97.23 41.5 1.79 22.7 0.98 2316.5 

1991 3082.9 97.80 36.4 1.15 33.0 1.05 3152.3 

1994 3872.7 97.16 67.1 1.68 46.3 1.16 3986.1 

1997 3931.5 94.37 75.4 1.81 159 3.82 4165.9 

2000 5571.3 99.77 11.9 0.21 0.8 0.01 5584.0 

2003 6769.7 99.92 4.7 0.07 0.7 0.01 6775.1 

2004 6508.2 99.97 1.5 0.02 0.6 0.01 6510.3 

                  Source: Central Bank of Libya (2006a).   

It can be said that the ability of Libyan commercial banks to expand to grant credit 

facilities depends basically on its sources which are capital, reserves and deposits 

but the limit of reserves and capital (which represent a small proportion) cannot be 

relied on for expanding loans; therefore, banks rely on deposits. Table 4.4 shows 

the comparison between deposits and credit facilities of Libyan commercial banks 

from 1970 to 2004. It can be noted that the credit facilities to deposits ratio is 74% 

as an average of the 1970–2004 period, which means that more than 25% of 

deposits are available for liquidity while the Central Bank of Libya requires 

maintenance of a percentage of deposits of Libyan commercial banks. 

                   Table 4.4 Comparison between deposits and credit facilities 1970–2004 

(LYD million) 

year Total of 

Deposits 

Total of 

Credit facilities 

Ratio of Credit 

Facilities/Deposits % 

1970 129.7 96.2 74.17 

1973 367.1 240.9 65.62 

1976 826.5 739.5 89.47 

1979 1423.2 1040.4 73.10 

1982 2517 2162.0 85.90 

1985 3247.7 2033.0 62.60 

1988 3310.0 2316.5 69.98 

1991 3565.9 3152.3 88.40 

1994 5035.9 3986.1 79.15 

1997 6039.6 4165.9 68.98 

2000 746.3 5584.0 74.82 

2003 9567.2 6775.1 70.82 

2004 11278.7 6510.3 57.72 
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Figure 4.7 also depicts the trend of liquidity of commercial banks from 1970-

2004. The liquidity ratio
7
 reached a peak in 1971 of 59% and after that it started 

dropping until it reached 22% in 1979 and then dropped again. The liquidity ratio 

continued between 30% and 40% between 1989 and 2000 but witnessed a 

dramatic increase in 2004 to reach of 56% (see also Table A-12 in Appendix, p. 

283).   

In general, commercial banks face problems related to expansionof credit facilities 

because of the rules which restrict the ability of the Libyan commercial banks to 

grant credit. The examples of these restrictions are rules issued by the Central 

Bank of Libya related to legal reserve ratios, credit and discounting policy, and the 

particular conditions of collateral. In addition, there are economic restrictions 

which contribute lending according to social and economic plans and the changes 

to banking management which control the credit size. Therefore, credit size 

should reflect the ability of economy to absorb the deposits to avoid inflationary 

pressure (Shamia, 1999). 

 Figure 4.7 Liquidity ratio of Libyan commercial banks1970 –2004 
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7
 Liquidity ratio = liquid assets / deposits. Liquid assets include cash and banks‘ demand and time 

deposits with the Central Bank of Libya and other banks while deposits include demand, time and 

saving deposits. 
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4.4.7 Distribution of credit facilities by commercial banks 

Commercial banks grant loans to several economic activities which can be divided 

into four sectors
8
; loans to economic and services

9
, housing loans, Great Man-

Made River (GMR) loans and social loans
10

. Table 4.5 shows the various loans 

granted by Libyan commercial banks from 1990 to 2004 and their percentage 

compared to total loans. The Table shows that the commercial loans represent the 

greatest total of loans with an average of more than 50% of total loans. Housing 

loans come in the second with an average 30% of total loans.   

Figure 4.8 shows the development of commercial banks credit to various sectors. 

Loans to economic and services activities represent the greatest amount compared 

to other sectors.  

Figure 4.8 Commercial banks credit to various sectors 
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In 1990, commercial loans were about LYD1800 million. After that, there was a 

gradual increase until 1995 when they dropped dramatically in 1996 from about 

2400 million to about LYD1700 million and then climbed back in 1997 to reach a 

peak in 2003. Housing loans take the second rank in terms of the amount of total 

loans but the Figure shows the trend of housing loans seems to stabilise between 

about LYD1200 and LYD1400 million. 

 

                                                 
8
 This classification is used by the Central Bank of Libya 

9
 These loans include loans granted to all other commercial public and private sectors. 

10
 Social loans are advances granted to people for consumer purposes. 
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Table 4.5 Types of loans granted by Libyan commercial banks 1970–2004 (LYD 

million) 

Year Commercial 

 Loans 

% Housing 

Loans 

% GMR 

Loans 

% Social 

Loans 

% Total 

1990 1784.3 58 1125.5 37 81 3 62.5 2 3053.3 

1991 1784.1 57 1202 38 81 3 85.2 3 3152.3 

1992 1917.0 57 1259.1 37 112 3 104.2 3 3392.3 

1993 2133.4 58 1279.5 34 170 5 127.3 3 3710.2 

1994 2296.1 58 1310.1 33 230 6 149.9 4 3986.1 

1995 2462.7 58 1343.5 31 373 9 102.3 2 4281.5 

1996 1877.9 48 1389.7 35 373 10 274.4 7 3915.0 

1997 2072.0 50 1326.0 32 373 9 394.9 9 4165.9 

1998 2290.8 51 1360.4 30 373 8 506.0 11 4530.2 

1999 2647.9 51 1459.7 28 373 7 723.0 14 5203.6 

2000 2802.9 50 1468.9 26 373 7 939.2 17 5584.0 

2001 3156.0 52 1436.9 24 373 6 1091.7 18 6057.6 

2002 3269.8 51 1398.1 22 373 6 1316.9 21 6357.8 

2003 3549.0 52 1472.1 22 373 6 1381.0 20 6775.1 

2004 3194.2 49 1456.2 22 373 6 1486.9 23 6150.3 

                   Source: Central Bank of Libya, (2006a).   

Over the same period, the amount of social loans was about LDY60 million in 

1990 after that there was slightly increase until 1995 when there was remarkable 

increase to reach more than LDY1400 million and overtake the housing loans. In 

relation to GMR loans, it can be seen that there was a slight increase until 1994 

and then it remained stable at LYD373 million until 2004. 

4.4.8 Specialised banks 

The are four specialised banks in Libya namely: the Agricultural Bank, the 

Development Bank, the Saving and the Real Estate Investment Bank, and the 

Rural Bank. These play an important role in the economic and social development 

process through granting loans for special purposes. They are all owned by the 

State and do not accept deposits from the public, except in some specific 

situations as stated by the law. The specialised banks which operate in the Libyan 

economy are as follows:   

I. The Agricultural Bank 

The Agricultural Bank, considered the oldest specialised bank, was established in 

1955 and works under the supervision of the General People‘s Committee. The 

essential aim of the bank is to grant loans to farmers, agricultural syndications and 

public companies for animal and agricultural activities. In addition, Law 133 of 
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1970 permits it to accept deposits from framers, agricultural syndications and 

public companies related to animal and agricultural activities, to sell animal and 

agricultural products, to sell and purchase agricultural machines, and to establish 

companies related to agricultural activities in the framework of the general policy 

of the State. However, agricultural loans are considered the main activity for the 

Agricultural Bank which offers three types of loans: (a) short-term loans (seasonal 

loans) to enable farmers to purchase seeds and fertilizer; (b) medium-term loans to 

purchase machines and equipments for agricultural purposes; and (c) long-term 

loans to finance land reclamation and drilling wells. The total loans and credit 

granted by the bank in 2004 was about LYD346.2 million. By analysing the 

significance of loans granted by the Agricultural Bank, according to the 

maturities, it appears that long-term loans are the greatest portion of total loans 

and represent 42% of loans, compared to about 40% for medium-term loans and 

18% for short-term loans (Central Bank of Libya, Report 49, 2005c). 

II. The Saving and Real Estate Investment Bank 

The Saving and Real Estate Investment Bank was established in 1981 with 

purposes determined by Law 2 of 1981; encourage and support housing and 

constructions projects by promoting the saving money in the bank for loan 

purpose, granting of real-estate loans, to issue bonds and investment certificates, 

and to establish real estate. The bank works under the supervision of the General 

People‘s Committee. 

The bank grants long-term interest-free home loans to citizens. The total loans and 

credit granted by the bank in 2004 was about LYD969.3 million; 91% with real 

estate loans and 9% construction projects (Central Bank of Libya, 2006b). 

III. The Development Bank 

The Development Bank was established in 1981 according to Law 8 of 1981 for 

the purpose of granting loans to finance agricultural, industrial and tourism 

investment projects, issuing bonds and investment certificates guaranteed by the 

Treasure Ministry, and for establishing companies. The bank works under the 

supervision of the General People‘s Committee.  The bank largely grants short and 

medium-term loans to industrial projects. The total loans and credit granted by the 

bank in 2004 was about LYD36 million (Central Bank of Libya, 2006b). 
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IV. The Rural Bank 

The Rural Bank was established in 2002 under Law 12 of 2002 and works under 

the supervision of the General People‘s Committee. The aim of the bank is to 

achieve a number of social and economic goals including: (a) the improvement of 

the standard of living for citizens, especially those with low income or those who 

are seeking employment by encouraging them to start in different projects. (b) to 

provide assistances and consultations for borrowers and (c) to provide banking 

services for all borrowers.  

The bank grants two types of loans: (a) short-term loans grants for individuals and 

small business for one year and (b) medium-term loans grants for small business 

and family activities in form of monetary and non monetary with an interest rate 

of only 2%. Until 2005, the bank has granted loans of LYD134.4 million: 

LYD80.1million for individuals, LYD45.7 million for families and small business 

activities, and LYD8.6 million for individuals seeking employment (Central Bank 

of Libya, 2006b). 

4.4.9 The Libyan Arab Bank  

The Libyan Arab Bank was established in 1972 as the first offshore bank licensed 

to operate internationally. The bank is entirely owned by the Central Bank of 

Libya with capital of some LYD1024 million and works under its supervision. The 

bank operates all banking activities including: (i) accepting demand and time 

deposits, opening current accounts and granting of credit facilities, (ii) collection 

and payment of warrants and other commercial papers, (iii) issuing of  bonds and 

other commercial notes, (iv)  discount, rediscount and circulation of commercial 

notes, and (v) issuing letters of credit and documentary credit and finance for 

foreign trade operations via provision of facilities to exporters and importers as 

well as issuing bonds and financing the developmental projects (Central Bank of 

Libya, 2006b). 

In addition, the bank performs some other activities locally such as opening 

accounts and accepting deposits in foreign currencies belonging to non locals 

which are transferred from overseas, opening accounts and accepting deposits of 

public institutions which are determined by the Central Bank of Libya and 

operating the banking operations with Libyan commercial banks in the framework 
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of the bank‘s purposes. Furthermore, the bank has several financial contributions 

in many banks including twenty-three banks in Arabic countries and Africa and 

five banks in Europe.  

4.4.10 The Libyan Stock Exchange  

The Libyan stock exchange was established according to a resolution of the 

General People‘s Committee 134 for 3 June 2006. The Establishment of this 

market came as a result of the move by the Libyan economy towards a market 

economy. Many studies (such as the conference which held in Libya on 11 

December 2005 under supervision of Commerce Ministry) highlighted the 

importance of establishing a stock market and most of papers presented argued 

that the stock market would support the privatization of Libyan public companies, 

expand the property base, encourage people to save, have a positive impact on 

banking investments and help the State to join the World Trade Organization. 

Furthermore, Alqadhafi (2002) stresses the importance of the establishment of a 

stock market as it would promote and assist privatisation programmes and attract 

foreign investors to trade shares in Libya.   

Resolution no. 134 of 2006 determines the aims of the stock market in Libya were 

as follows: (i) creation of a suitable environment of securities investment, that 

works to achieve the benefit of the national economy, (ii) to encourage saving and 

raise investment awareness in ways capable of directing saving towards economic 

sectors of greater return, (iii) to supervise organisation and control the oversight of 

securities dealing and ownership transfer operations, (iv) to serve economic and 

social development aims via the investment of private savings by permitting to 

sell and purchase shares and operating investment transactions, (v) to contribute to 

achieving the programme of privatization of economic public units and publicly 

owned establishments and companies to the general public in ways leading to the 

broadening of the ownership franchise, (vi) to conduct studies, collect data and 

compare statistics on companies quoted on the market, the publishing of reports 

regarding their activities and determining their ethical behaviour in the market, 

(vii) to lay the necessary ground-rules for the protection and guarantee of good 

conduct on the market floor capable of achieving proper dealing on the exchange 

based on merit in economic performance, (viii) to establish links and develop co-
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operation between the markets (Arab, regional and international markets) in ways 

that lead to raising the level of investor trust in the national economy, and (ix) to 

operate underwriting of shares in new joint stock companies.  

4.4.11 Insurance companies 

The first law issued relating to supervision and control of insurance companies 

was in 1959 when there were only agencies and branches of foreign companies 

undergoing insurance activities in Libya. In 1964, Libya Insurance Company was 

established as the first Libyan insurance company with 60% owned by Libya and 

40% owned by Iraq. Fayad (2000) shows that before 1969, there were 24 foreign 

insurance agencies and four domestic insurance companies working in Libya, and 

after the revolution of 1969, all 24 foreign insurance agencies were stopped and 

the four domestic insurance companies were merged into two companies (which 

were the Libya Insurance Company and Al-Mukhtar for Insurance) and then the 

two companied were merged in one company  under the name of the Libya 

Insurance Company which became the unique company working in insurance 

activities in Libyan market until 1996 when a private insurance company was 

established called the United Company for Insurance.  This was followed by the 

African Company for Insurance and the Sahara Insurance Company established in 

2004. All these companies perform all the activities related to insurance and 

reinsurance activities in Libya and abroad.  

4.4.12 Social Security Fund 

The Social Security Fund was established according to Law 13 of 1980 with the 

main concept being a comprehensive insurance system which include a number of 

benefits aimed to protect its members from some risks which might happen to by 

granting a salary in cases where members lose the ability to work as a result of 

retirment, disability or death. 

The Social Security Fund invests the contributions deducted from members in 

economic projects to achieve returns to finance its liabilities. The investments of 

the Social Security Fund were about LYD906 million divided as follows: LYD350 

million in real estate, LYD293 million in hotels and its services, LYD204 million 

in banking deposits, and LYD59 million in other investments (Central Bank of 

Libya, Report 47, 2005b).  
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4.4.13 Social Joint Fund  

The Social Joint Fund was established according to Law 10 of 2000 to mange and 

organise the social care for its members by providing monetary and non monetary 

benefits.  

4.4.14 National Investment Company 

The National Investment Company was established according to Law no 1 of 

1986 to organise the contribution of citizens in public companies. The law 

determines the objectives of this company: (a) subscription in the shares of 

companies, (b) investment and dealing in the local capital market, (c) purchase of 

assets of several economic units, (d) trading in commodities, (e) to establish and 

mange portfolios, and (f) to establish different types of companies. 

4.4.15 Foreign Exchange and Financial Services Company  

Foreign Exchange and Financial Services Company is a joint stock Libyan 

company and was established in accordance with the decision of the General 

People‘s Committee No. 611 of 1994 with the purpose of undertaking financial 

services and foreign exchange work inside the country. To achieve this aim, the 

company can perform the following: (a) purchasing and selling foreign currencies, 

(b) issuing and marketing of traveller‘s cheques, (c) issuing of credit cards and 

other payment instruments, (d) purchasing and selling securities, and (e) 

transferring money international and locally.  

4.4.16 Libyan Arab Foreign Investment Company  

The Libyan Arab Foreign Investment Company was established in accordance 

with the Law No. 6 of 1981 which identifies the purpose of the company is to 

invest Libyan money overseas in different sectors in order to contribute to 

development and diversification of the national economy. Currently, the company 

has avariety of investment in more than 45 countries in several sectors and it owns 

shares companies in other countries. 

4.4.17 Libyan Arab African Investment Company  

The Libyan Arab African Investment Company was established in accordance 

with the General People‘s Committee No. 660 of 1990 to invest Libyan money in 

African countries except Arabic countries in different sectors. To achieve its aim, 

the company can perform the following: (a) establish new projects (partially or 
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wholly owned) in different sectors (b) lend loans (c) promot inter-African trade 

(d) provide professional consultancy in the investment field. Currently, the 

company has a variety of investments in more than 27 countries in several sectors.  

4.5 Credit policy considerations 

When a bank decides to grant credit to its customers, it must establish procedures 

for extending credit and collecting. There are three major components of credit 

policy: terms of loans (credit period, interest rate credit type, collateral), credit 

analysis (is the process of determining the probability of non-payment) and 

payment policy. 

Banking credit policy is the basis, standards and conditions which should be 

considered under the framework of general credit policy determined by the central 

bank to mange banking credit portfolios with the aim of achieving the required 

economic development and revenues with minimum cost and risk (Central Bank 

of Libya, 2006a). 

4.5.1 The objectives of credit policy 

Credit policy can achieve the following objectives (Central Bank of Libya, 

2006a): (i) contributing to achieve the general economic policy objectives which 

are represented in diversifying income sources, increasing production and 

consumption, allocating the financial resourses to different economic activities, 

and facilitating and developing of exchange trading operations, (ii) achieving 

suitable revenues by investing available money of commercial banks subject to 

the applied policies, and (iii) maintaining the liquidity ratio of commercial banks 

in the framework of legal and safe liquidity limits. 

Law No. 1 of 2005 authorises the Central Bank of Libya to organise the credit 

policy in Libya. Article No 56 of the law stipulates the standards and rules which 

apply to credit in commercial bank: (i) the method of estimating different types of 

bank assets, (ii) the determination of the types of liquid assets and the ratio of 

liquidity to deposit liabilities that must be maintained, (iii) areas in which banks 

are prohibited to invest funds, (iv) the provisions that must be available to cover 

assets when its value is subject to extreme fluctuation, (v) the ratios that must be 

observed  between the value of credit and the value of credit guarantees and the 
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specification of credit types, (vi) the ceiling on the rate of interest on all debit and 

credit accounts and late interest, (vii) the permitted difference between interest 

rates and the rediscount rate set by the Central Bank of Libya on the one hand, and 

the discount rates set by the banks for their customers on the other hand, if credit 

instruments are suited to being rediscounted or if they are suited to a loan being 

obtained against them, (viii) the percentage of each types of credit relative to total 

credit, and the setting of ceilings on the value and term of credit of all or some 

credit transactions for all banks or any bank, (ix) the minimum monetary cover 

needed to grant documentary credit and to issue letters of credit in general or with 

respect to a specify type of credit, (x) the maximum limits on bank investments in 

securities, real estate financing, and credit for consumption purposes, and (xi) the 

terms and conditions under which irregular loans must be repaid, and the setting 

aside of, and exemption from, interest calculated thereon. 

4.5.2 Credit policy requirements 

The credit policy of commercial banks includes a number of principles which 

determine the credit granting process for people and different economic activities. 

The credit policy in Libya requires the commercial banks to consider the 

following (Central Bank of Libya, 2006a): (i) credit policy must comply with the 

general law of the land and the general economic policy of the State as well as 

objectives of the bank, (ii) credit should not be granted to finance unlawful 

activities such as speculation in real estate or securities or foreign currencies or to 

finance money laundering operations, (iii) all credit operations in terms of 

homogeneous bases especially in respect of forms and the required 

denominations, (iv) comparing the size of borrower‘s activity with market size, 

(v) board and bank directors must identify clearly the type and percentage of 

collateral which may be accepted against credit facilities, (vi) the bank must have 

a good knowledge of the character and trading history of borrowers, (vii) 

investigate the reputation and credibility of borrowers and their ability to repay 

liabilities against a bank and other creditors, (viii) perform credit analysis of 

borrowers, (ix) identify the credit ceiling to be granted to a borrower and his/her 

relatives and the loan must be granted for purposes stipulated in the constitution 

of borrower activity, (x) granting the amount of loans should be in a form of 

payment consistent with the stages of project implemention financed by a bank.    
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Regardless of the such a credit policy in Libya, there are some difficulties of the 

policy that can be considered as follows (Central Bank of Libya, 2006a): (i) 

finiteness of performance standards; performance standards in the Libyan banking 

sector are represented in only three standards - legal reserve, legal liquidity and 

Basel Committee Accord. However, there are other national and international 

standards that consider credit structure and its relationship with its revenue and 

provisions. Such standards can motivate banks to adopt a good credit policy, (ii) 

market risks: this reflects the risks that may result from irrelevant investment 

climate and the narrowness of the local banking sector. The Libyan banks face the 

inability of converting its debts to securities which can easily deal in the monetary 

and financial market, (iii) third party risks: this means the parties that are 

considered by banks to collect information such as underestimating of different 

collaterals from evaluation offices, the inability of banks to evaluate economically 

the projects for loan granting purposes, and bad documentation of real-estate, (iv) 

social factors: the social relationships and customs play a significant role in 

Libyan society. These customs may cause inability of banks to sell collaterals via 

the administrative attachment and this results in inability of banks to receive their 

funds, and (v) multiple control authorities: these cause confusion about banking 

credit policy and results from interference of these authorities in banking affairs in 

terms of its management of funds and collection policy.     

4.5.3 Procedures for granting loans in Libya 

Credit decision making takes many essential and correlated stages. Therefore, 

certain procedures should be followed to result in a sound decision. It requires 

certain procedures to be followed for evaluating each stage of decision making. 

The stages of granting loans in Libya can be divided into eight stages as follows 

(Habara, 1997): (i) The relationship between bank and applicant; in this stage, 

identifying whether an applicant is a client of the bank or not and the bank studies 

the information in the loan application (such as the amount of loan, the purpose of 

loan, the term of loan, the method of payment and the collateral that can be 

offered), (ii) Study of laws and rules; in this stage, a bank reviews laws and rules 

to ensure that the loan complies with these laws, polices and rules, (iii) Deep 

study for a loan; the aim of this stage is to estimate the credit risk which may be 

included in the credit granting process and the range of its relevance to credit 
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policy. In this thesis, a bank is interesting in the following: (a) the purpose of loan; 

the details of the purpose of loan can lead to a reasonable amount comparing with 

future usage, (b) the soundness of loan; the loan can be sound if the borrower 

deserves it which means, the financial capacity of borrower is compliant with the 

amount of loan. The banks can investigate that by analysing the financial 

statements of company or salary certificates of people,  (c) the ability of 

collection; the bank usually states the time line of repayment of the loan and this 

depends on the type of loan granted, and (d) gathering data about an applicant; 

banks usually establish office related to gathering data about clients from many 

sources such as bank records, other commercial banks, official publications and 

the other entities which deal with the applicant, and (iv) granting and monitoring; 

if an applicant satisfies all the requirements the bank can grant a loan and sign a 

contract which includes conditions such as the amount of loan, terms of loan, the 

type of collateral and the methods of repayment. After that, the bank begins to 

issue monthly reports showing the state of each loan and the procedures required 

against the loans.   

4.6 Al-Wahada Bank 

Al-Wahada Bank was established in 1970 as a result of the merger of five banks 

(the North Africa Bank, the Commercial Bank, the Al Nahada Alarabia Bank, the 

Al Gafila Bank and the African Banking Company) with initial capital of LYD3.6 

million but currently LYD108 million. It is owned by the Central Bank of Libya 

(87%) and the private sector (13%). The bank offers all its banking applications 

concerning its activities through its headquarters and 72 branches and agencies.  

The objective of the bank is to exercise all banking operations such as acceptance 

of deposits in form of current accounts or time deposits, and granting loans and 

other credit facilities, particularly it: provides services of withdrawal and 

collection of cheques from the customers; provides services related to 

documentary credits, documentary bills for collection and letters of credit; issues 

and manages payment orders such as monetary withdrawals, financial transferring 

and traveller cheques; deals with monetary and capital instruments; purchases and 

sells debts, leases operations and deals in foreign currencies in exchange markets; 

issues and deals with securities and commitment in coverage and provides 
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consultative services for the investment portfolios and other operations  related to 

banking activities.  

Al-Wahada Bank was selected among other commercial Libyan banks to apply 

credit scoring models. The reasons for this selection can be attributed to several 

factors. First, the largest commercial bank in Libya is owned by Central Bank of 

Libya and the private banks started establishing in the middle of the 1990s. 

Therefore, these private banks were eliminated because the sample size of loans is 

not sufficient for applying credit scoring models. Second, Law No.1 of 2005 

assigns the Central Bank of Libya to organise the credit and banking policy and 

supervise its implementation under the framework of the State policy. 

Furthermore, the Central Bank of Libya has an influence on the direction of credit 

in terms of its amount, type, and the period to ensure that the actual requirements 

of production and services in the economy are met. Thus, selecting one bank for 

applying credit scoring models can achieve the objective of this thesis. Third, in 

reference to the procedures for granting loans in Libyan banks previously 

discussed, it can be noted that the procedures for granting loans among the 

commercial banks are similar in terms of the relationship between bank and 

applicant, the application of the same rules and documentations, and granting and 

monitoring loans. Hence, selecting a sample from a bank can reach the same 

conclusion about scoring models. Finally, because this thesis requires collecting 

data from the past files saved by banks, Al-Wahada Bank was the only bank to 

offer access to its loans files. Consequently, Al-Wahada Bank was selected to 

achieve one objective of this thesis by constructing credit scoring models.  

4.6.1 Credit facilities in the Al-Wahada Bank 

Granting credit is considered the main operation of the bank. Credit facilities 

represent about 30% of total assets of Al-Wahada Bank. Table 4.6 shows the types 

and the amounts of credit facilities granted by the bank from 1996 to 2004. It can 

be seen that the total of different types of credit facilities had a gradual increase 

over the period. In addition, Figure 4.9 shows the development of loans of Al-

Wahada Bank for the same period. It can be seen clearly that the long-term loans 

and social advances are more developed than other types of credit facilities but it 

could be said that the social advances had the most development. It can also be 
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noted that the social advances were less than one million and then increased 

gradually to overtake all the other credit facilities in 1999 and reached to more 

than 400 million in 2004. Therefore, this thesis will focus on study of the social 

advances in relation to credit risk modelling. 

Table 4.6 Credit facilities of Al-Wahada Bank 1996–2004 (LYD thousand)  

Type of 

loan 

1996 1997 1998 1999 2000 2001 2002 2003 2004 

Real estate 212,811 207,393 214,714 227,166 229,915 235,828 250,881 247,072 239,856 

Long term 259,525 244,822 243,903 245,609 267,140 278,829 290,318 338,118 437,371 

Overdrafts 177,752 209,957 214,990 274,899 275,817 281,665 296,954 253,963 267,635 

Social 

advances 

97,490 137,896 186,445 304,760 409,794 414,030 461,124 470,800 478,241 

Officer's 

bank 

6,434 6,545 7,179 19,256 19,331 20,362 20,095 20,577 21,807 

Promissory 

notes 

0 0 0 0 11,671 12,744 10,230 0.957 0.316 

Total 754,012 806,613 867,231 1,071,690 1,213,668 1,243,458 1,329,602 1,330,531 1,444,910 

Source: Al-Wahada Bank, Annual Report (2006).   

Social advances are granted by the bank with the following considerations: (i) the 

total loan is granted in terms of net salary of an applicant for the past two years 

with a limit of LYD10000, (ii)  the period of loans must not exceed 72 months, 

(iii) the instalment should not exceed a third of salary, (iv) the bank cannot extend 

the loan unless the loan was granted at least two years ago, (v) the applicant must 

provide two guarantors who have accounts in the same bank and their salaries 

must transfer to these accounts, (vi) the applicant must have a current account in 

the bank, (vii) bring a official document from other banks showing the applicant 

has not a loan or other obligations, and (viii) the social loans must not be exceed 

20% of deposit liabilities of the bank. 
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Figure 4.9 Al-Wahada loans 1996–2004 
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4.7 Concluding remarks 

This chapter has examined the Libyan banking and credit system as well as the 

main characteristics of the Libyan economy. This has been necessary to 

understand the environment around this thesis. Some aspects related to the Libyan 

economy, banking and credit policy have been reviewed.  

Section 4.2 provided a background about Libya. The geography, brief history, 

political system, social and culture attributes, and the impact of UN sanctions on 

Libya were reviewed. The main features of the Libyan economy are analysed in 

Section 4.3. The section started with a study of the Libyan economy before 1951 

and then showed the impact of economic development planning on Libya. The 

GDP, Libyan exports and imports and balance of payments were examined over 

the period 1970–2004. The main findings of this section indicated that oil and 

natural gas represents about half of the GDP and more than 90% of the Libyan 

exports and all the economic sectors in Libya are affected by the revenues of oil.    

Section 4.4 examines the finance sector in Libya. The examination was essential, 

especially in relation to commercial banks, as credit risk cannot be studied in 

isolation of the surrounding environment. The importance of banking sectors and 

the development of Libyan banking over the period 1955–2004 were reviewed. 

The review focused on laws and regulations to show those developments. It also 
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provided the structure of Libyan banks and examined all types of banks in Libya. 

In addition, deposits development over the period 1970–2004, the credit facility 

types in the same period and the distribution of credit facilities by commercial 

banks in different economic sectors in Libya in the same period were analysed. 

Furthermore, specialised banks and other finance sectors such as investment and 

insurance companies as well as the stock market were reviewed. 

Section 4.5 discussed the credit policy considerations in Libya in terms of its 

objectives, requirements and the procedures for granting loans. Reports of the 

Central Bank of Libya and Law no. 1 of 2005 were used to extract the credit 

policy in Libya. Finally, section 4.6 examined the credit facilities in the Al-

Wahada Bank which is the case study of this researcher. The types of loans 

granted by Al-Wahada Bank and its development over the period 1996–2004 were 

reviewed. The consideration of granted social advances, which are the most 

developed over the mentioned period, was provided.  

The main findings of this chapter may be summarised as follows. Firstly, the brief 

history of Libya was introduced to provide an overview of its unknown history, 

political system, and social attributes of the public. Secondly, the Libyan economy 

does not have a sufficiently diversified economy due to the domination of oil on 

all exports and GDP. In addition, the Libyan economy is characterised as a 

transition economy as noted over the different periods. Furthermore, many reform 

procedures have been made to move to a market economy - such as the 

establishment of private companies and the stock market, and encouragement of 

foreign investments. Finally, the banking sector represents the biggest sector in 

Libyan finance but it is dominated by the public sectors represented by the Central 

Bank of Libya and Treasure Ministry. In addition, most of the credit policy in 

Libya is determined by the Central Bank of Libya.     
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Chapter 5. Research Methodology 

5.1 Introduction  

The purpose of this chapter is to explain the methodology adopted in this research. 

This includes a discussion of the empirical methodology, methods of data 

collection, sampling strategy and an outline of the analytical procedures.  

In this thesis, discriminant, logistic and survival techniques are used in order to 

evaluate credit risk in Libyan Banks. All of these techniques are parametric. 

Parametric statistical approaches require the use of regression analysis to 

discriminate between good loans and bad loans using a sample of applicants. 

These approaches were the first used in building credit scoring systems and are 

still considered the most successful approaches. These approaches can also 

recognize and eliminate trivial variables and ensure that all the important variables 

remain in the scoring system (Thomas et al., 2002). These models all attempt to 

estimate the probability of default based on the past data of the applicant‘s credit 

and classify them into two different groups (i.e. good and bad credit risk). In 

addition, survival analysis focuses on identifying the time of default. The 

methodology applied to each model is examined in the following subsections.  

This chapter consists of nine sections. Section 5.2 discusses the research context. 

It shows the justification for selection of the Al-Wahada Bank and personal loans 

for applying credit scoring models. Section 5.3 is concerned with data collection 

and sample selection. Section 5.4 examines variables used in this thesis. Section 

5.5 shows the justification for selection parametric models instead of non-

parametric model. Section 5.6 provides discriminant analysis. It explains in detail 

the variables used, the methods of selecting the sample, the assumptions of this 

technique, and the methodology of estimation and assessment of discriminant 

models. Section 5.7 provides the logistic regression. It also reviews the methods 

of selecting sample, the assumptions of this technique, and the methodology of 

estimation and assessment of logistic regression models. Section 5.8 provides the 

survival analysis. It explains the assumptions of this technique, sample and 

variables considerations, and estimation and assessment of the survival model. 
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Section 5.9 examines the methods of comparing credit scoring models. Section 

5.10 is the conclusing remarks of this chapter. 

5.2 Research context 

In this research, the Al-Wahada Bank is selected for applying credit scoring 

models. The reason for this selection can be concluded from the discussion of 

Libyan banks in Chapter 4. Most of the Libyan banks are owned by the Central 

Bank of Libya, which controls and identifies the credit policy. Therefore, selecting 

one bank can achieve the research objectives.  

The objective of Al-Wahada Bank is to exercise all banking operations, such as 

acceptance of deposits in form of current accounts or time deposits and granting 

loans and other credit facilities, but particularly it: provides services of withdrawn 

and collection of cheques from the customers; provides services related to 

documentary credits, documentary bills for collection and letters of credit; issues 

and manages payment orders such as monetary withdrawals, financial transfers 

and traveller cheques; deals with monetary and capital instruments, purchasing 

and selling of debts, and leasing operations; deals in foreign currencies in 

exchange markets, issues and deals with securities and commitment in coverage; 

provides the consultative services for the investment portfolios, and other 

operations related to banking activities. The bank achieves these objectives 

through its head-quarters and 72 branches and agencies. 

Granting credit is considered the main operation of the bank. Credit facilities 

represent about 30% of total assets of Al-Wahada Bank. As discussed in Chapter 

4, Al-Wahada Bank grants different types of credit facilities which have gradually 

increased over the years. In addition, it is clear that the long-term loans and social 

advances are more developed than other types of credit facilities but it could be 

said that the social advances are the most developed. It can be also noted that the 

social advances were less than one million and then increased gradually to 

overtake all the other credit facilities in 1999, and reached to more than 400 

million in 2004. Therefore, this research focuses on a study of the social advances 

in relation to credit risks modelling. 
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Social advances are granted by the bank with the following considerations: (i) the 

total of a loan is granted in terms of net salary of an applicant over the past two 

years with a limit of LYD10000, (ii)  the period of loans must not exceed 72 

months, (iii) the instalment should not exceed a third of salary, (iv) the bank 

cannot extend the loan unless the loan was granted at least two years ago, (v) the 

applicant must provide two guarantors who have accounts in the same bank and 

their salaries must transfer to these accounts, (vi) the applicant must have a 

current account in the bank, (vii) bring an official document from other banks 

showing the applicant does not have a loan or other obligations, and (viii) the 

social loans must not be exceed 20 % of deposit liabilities of the bank. 

5.3 Data collection and sampling 

According to Neuman (2006), sampling is a process of systematically selecting 

cases for inclusion in a research project. The common objective of sampling 

methods is to obtain a sample that is representative of the target population. A 

researcher obtains a set of cases (elements) or sample, which is more convenient 

and provides considerable savings in time and work than the pool of all cases. 

Sampling cuts costs, reduces labour requirements, and collects crucial information 

rapidly as well as providing the sufficiently accurate and reliable results in most 

cases (Zikmund, 2003). 

In this research, the sampling unit is an applicant who is an element of personal 

loans. The large pool is the population, which is any complete group of people, 

companies, college students or the like that share some set of characteristics 

(Zikmund, 2003). In this research, the population consists of all the personal 

loans. Once the decision to sample has been made, the first question relating to 

sampling concerns identifying the target population, that is, the complete group of 

the specific population elements relevant to the research project (Zikmund, 2003). 

In this research, the target population is the personal loans granted in 1997. The 

size of a sample is less important than whether or not it accurately represents the 

population. Scientifically drawn samples from a research panel, or samples 

randomly generated in other ways can also be representative.  

The sample must be selected according to accurate procedures, and statements 

made about it are subject to limitations. If the samples are properly selected they 
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will be sufficiently accurate in most cases, and generally a good approximation of 

the population. Therefore, the researcher must take care in the selection of a 

sample in order to minimise the chance that the estimates obtained from a sample 

may differ from those that would be obtained if all units in the population had 

been included.  

The purpose of sampling is to enable researchers to estimate some unknown 

characteristic of the population (Zikmund, 2003). One methods used to make 

inferences from the sample to the population is to apply a confidence interval 

method. The confidence interval focuses on the reliability of the sample mean in 

estimating the population mean. Because of the error and sampling variability, the 

mean value of the sample is not exactly the same as the mean value of the whole 

population. Statisticians calculate an interval around the sample mean with a high 

confidence factor for tackling the unknown population mean. The confidence 

interval reflects two important things related to the estimation of the mean: the 

size of the sample and the level of confidence required (Fowler, 1988; Shadish et 

al., 2002; Trochim, 2003a & b). 

Cochran (1977) uses two factors to express the error estimation in the research: (i) 

the margin error, or the risk the researcher is willing to accept; and, (ii) the alpha 

level, which represents the willingness of the researcher to report a mistake made 

accidentally to accept that the true margin of error exceeds the acceptable margin 

of error (Bartlett et al., 2001). Therefore, Cochran‘s formula will be used in this 

research to determine the size of the sample. Based on Cochran (1977), the 

determination of sample size considers the following three factors: (i) whether 

categorical or continuous variables play a key role in the data analysis; (ii) the 

alpha level to be used in the formula; and (iii) the acceptable margin of error in 

the formula. In this research, the categorical variables play a primary role. Indeed, 

all of the research is built on categorical variables. Based on these details, the 

formula to be used is as follows: 

2

0 2

*( )( )t p q
n

d
                                                                                       (5. 1) 

where 0n  is a satisfactory approximation of  the sample size ignoring the finite 

nature of the population involved, 2t  is the value for the selected level of 
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significance, d  is the acceptable margin of error for the proportion being 

estimated, p  is the estimated proportion of an attribute that is present in the 

population, q is (1 )p , and ( )( )p q  is the estimate of variance.  

The significance level used in determining a sample size can be either 0.05, or 

0.10 (Thompson, 1992; Ary et al., 1996) but the majority of studies use level of 

significance of 0.05 (Lee and Choi, 2003). In Cochran‘s approach (1977), the 

alpha level selected was incorporated by utilising the t-value (Bartlett et al., 

2001). Therefore, the z-value for the level of significance 0.05 (level of 0.025 in 

each tail) is 1.96 for an infinite sample size. 

According to Bartlett et al., (2001), Krejcie and Morgan (1970) showed that the 

acceptable margin of error for categorical data is 5%. 

When estimating the variance of dichotomous (proportional) variables such as 

gender, Krejcie and Morgan (1970) recommend that researchers should use 0.50 

as an estimate of the population proportion. This proportion will result in the 

maximisation of variance which also produces the maximum sample size. This 

proportion can be used to estimate variance in the population. Therefore, referring 

back to Equation 5.1, the sample size will be as follows: 

2

0 2

(1.96) *(.5)(.5)
385

(.05)
n                                                                     (5. 2) 

Population size  

The data was collected from a single bank, called the Libyan Al-Wahada Bank 

which contains of 62 branches and 8 agencies across the Libyan cities. The first 

thing selected was the year. The year 1997 was selected because the loans were 

offered for four years, so the state of a loan can be identified during the research 

period. The number of loans (sample frame) granted in 1997 was 17,800 personal 

loans. The second stage was to select the sample from this population. This 

required applying a scientific method to achieve this. 

The population surveyed thus contains 17,800 applications. The Cochran (1977) 

correction formula should be used to calculate the size of the final sample needed 

to ensure the generalisability of the research findings (Bartlett et al., 2001). 
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                                                                               (5. 3 ) 

385
377

385
1

17800

n  



 

The sample size required, therefore, is 557 applications from Al-Wahda Bank. 

Following the recommendation of De Vaus, (2002) for selecting random samples 

from a population, 400 applications were randomly selected from the bank‘s 

branches as the research sample but most of the sample was chosen from Tripoli 

and Benghazi as they represent the biggest cities in Libya and most branches are 

located in these cities. In addition, the selection covers most months of the 

selected year to take into consideration any seasonal changes that may exist and 

affect the result of the research. The process of collecting data was continued for 

some three months from February to April 2006. Most of the data is included in 

the application form but the bank asks applicants to provide other documents 

which were considered as evidence of the accuracy of information provided in the 

applications (such as salary certificate, a copy of the identification card, a copy of 

family record and so on). Therefore, collecting data took a long time because of 

data gathered from the attached documents. In spite of building credit scoring 

models requiring taking into consideration the rejected applications in sample 

selection (Hsia, 1978 and Kiefer andLarson, 2006), these applications could not 

be obtained because the Libyan banks do not keep any information related to 

rejected applications. Thus, the sample included only the accepted applications. 

Furthermore, all data used in this research come from Al-Wahada Bank since there 

is no credit bureau in Libya.        

5.4 Variable definitions 

The data for this research was collected from various branches of the Al-Wahada 

Bank. The data is composed of types of information. The first type of information 

comprises the dependent variable of this thesis and is presented at the top portion 

of Table 5.1. The dependent variable is represented in the form of yes/no response 

to whether the borrower has a good loan or a bad loan. This variable includes 400 

personal loans divided equally into 200 good loans and 200 bad loans.  
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The next type of information is specified as independent variables in the credit 

scoring models used in this research. The total variables collected were 26 

variables but only 21 variables were used in the analysis. Table 5.1 contains these 

variables and their definitions. 

Table 5.1 Variable definitions 

The most independent variables relate to demographic and socioeconomic 

characteristics, and the second to financial characteristics. Demographic indicators 

contain characteristics such as age, marital status, gender, number of children and 

residential status. Crook (1996) showed that demographic variables may be 

expected to enter both the utility function and scoring functions of lenders. For 

instance, Coval and Shumway (2000) found that women default less frequently on 

loans possibly because they are more risk averse. Thanh and Kleimeier (2006) 

showed that older borrowers are more risk averse and will therefore be less likely 

Variable Definition 

Borrower 

status 

1 if  borrower has a good loan; 0 otherwise 

LOAN Amount of loan (Libyan Dinar) 

PUR Purpose of loan (1 house maintenance, 2 Treatment, 3 buy a car, 4 buy furniture). 

PROP The type of property (1unit, 2 house …) 

ACC The status of accommodation (1 Rent, 2 own, 3 family) 

OCC_A Occupation of an applicant (1 soldier, policeman, security, 2 professional, 3 retired,  

4 private sector, 5 public sector) 

AGE_A Age of an applicant (1 ―18–26‖, 2 ―27–35‖, 3 ―36–44‖, 4 ―45–53‖, 5 ―54-61‖, 6 ―62–

71‖) 

GND_A Gender of an applicant ( 1 male, 2 female) 

MART_A Marital status of an applicant (1 married, 2 single, 3 divorced, 4 widow) 

CHIL Number of children of an applicant 

OPN The opinion of Credit Department (1 good, 2 not applicable)  

SAL_A Monthly salary of an applicant 

ONG_A Whether an applicant's salary is ongoing (1 good, 2 not applicable)    

GUR_A Whether an applicant guaranteed another borrower (1 Yes, 2 No) 

EXT_A Whether an applicant has another loan(1 Yes, 2 No) 

SAL _B Monthly salary of a guarantor 

OCC _B Occupation of a guarantor(1 soldier, policeman, security, 2 professional, 3 retired, 

 4 private sector, 5 public sector) 

ONG _B Whether the guarantor's salary is ongoing (1 good, 2 not applicable)    

GUR_B Whether a guarantor granted another person(1 Yes, 2 No) 

AGE_B Age of a guarantor (1 ―18–26‖, 2 ―27–35‖, 3 ―36–44‖, 4 ―45–53‖, 5 ―54–61‖, 6 ―62–

71‖) 

GND_B Gender of a guarantor( 1 male, 2 female) 

EXT_B Whether a guarantor has another loan(1 Yes, 2 No) 
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to default. Vojtek and Kocenda, (2006) showed that home owners are less risky 

because a house as collateral. The employment variable status includes 

characteristics of type of occupation. Vojtek and Kocenda (2006) show that the 

self-employed frequently receive a lower score in the evaluation of loan 

applications than do employed persons because of lack of stability of 

employment. In addition, Thanh and Kleimeier (2006) mentioned that Crook et 

al., (1992) found the more stable employment the higher the ability to repay a 

loan. Furthermore, a study by Crook et al., (1992) used 24 predictor variables in 

order to compare the ranking of these variables in terms of their ability to 

discriminate between good and bad loan. This study, for example, concluded that 

more children increase the chance that a borrower is likely to default. Financial 

variables contain characteristics such as salary and loan amount of an applicant. In 

addition, the financial variables represent the most important source of repayment 

for the loan. Sarlija et al., (2005) show that borrowers with higher salaries should 

have lower probability of default. The importance of these variables is evident 

(Vojtek and Kocenda, 2006).  

Furthermore, there are independent variables which do not apply in other studies. 

These variables are derived from loan files of Al-Wahada Bank. As discussed in 

Chapter 4, Al-Wahada Bank requires providing a guarantor who has a permanent 

salary. Thus, the variables related to grantor including age, occupation, salary, 

gender, whether has ongoing salary, whether guarantees another borrower, and 

whether has another loan, are all considered as independent variables and play an 

important role in identifying credit risk. 

5.5 Justification for using parametric models 

Parametric models, which were presented in Chapter 3, have a number of 

advantages: (i) they do not involve complicated mathematics, (ii) they have good 

performance compared to the non-parametric, (iii) A method such as survival 

analysis can deal with censored data and it allows the probability at a point in time 

to differ from probability at a different point in time, (iv) they always focus on 

making assumption about the population. However, non parametric models have a 

number of disadvantages: (i) they are very sensitive to the presence of irrelevant 

parameters, (ii) they have slow performance, (iii) they have low prediction 



Credit Risk Modelling in Libya 

 

  

–147– 

compared with the parametric models, (iv) a method such as genetic algorithms 

does not have a theoretical framework for the evolutionary process, (v) they do 

not include some analyses such as analysis of covariance which increase 

prediction and correct for imbalances (Kay, 2007), (vi) they are not as powerful as 

the equivalent parametric procedures provided the underlying assumptions are 

satisfied. 

In addition to the advantages of parametric models and disadvantages of non-

parametric models, the researcher believes that the non parametric models need 

time to understand the details and software of these models. Furthermore, because 

this is the first time the parametric models have been applied in Libyan context, 

the researcher considers applying these models can add a new contribution in this 

field because the objective is to apply these models in the new environment even 

if only one model is used. The next three sections provide more details in relation 

to the selected parametric methods; discriminant analysis, logistic regression and 

survival analysis.  

5.6 Discriminant analysis 

As discussed in Chapter 3, discriminant analysis is the most common statistical 

technique used for credit scoring. In this thesis, the purpose of discriminant 

analysis is to classify personal loans into two possible groups (good loans and bad 

loans) based on a group of variables. Therefore, the dependent variable is 

qualitative  

5.6.1 The dependent variable 

Discriminant analysis is the appropriate technique because the dependent variable 

is a two group categorical variable. The dependent variable selected in this 

research to be discriminated by the independent variables then represents the state 

of the loans of the Al-Wahda Bank, default and non-default (default loans have 

arrears of more than five months). Therefore, the dependent variable in this 

research is dichotomous, mutually exclusive and exhaustive.  

5.6.2 The Independent variables 

Independent variables are usually selected in one of two ways. The first method 

involves identifying variables either from previous research or from the 
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theoretical model underlying the research question. The second approach is 

intuition–utilizing the researcher‘s knowledge and intuitively selecting variables 

for which no previous research or theory exists but that logically might be related 

to predicting the groups for the dependent variables. In this research, independent 

variables are selected from Al-Wahada Bank loan applications while taking into 

consideration the independent variables used in previous studies (see the survey in 

chapter three).  

Independent variables selected include the following: the amount of loan which 

represents the total money granted to a borrower; the purpose of the loan is 

divided into four categories including house maintenance, health treatment, to buy 

a car, and to buy furniture. It can be expected that all these categories have a 

similar degree of risk. The type of property shows whether a borrower live in a 

house or unit.  It is difficult to determine which one is more risky. The status of 

accommodation shows whether a borrower pays a rent or owns a property or lives 

with his/her parents. The research expects a borrower who pays rent is more risky 

than others are. The borrower‘s occupation is grouped into five categories 

including security work (such as soldier and policeman), professional work (such 

as accountant and engineer), retired, private sector (the borrowers who are self-

employed), and borrowers who work in the public sector. It is expected that 

borrowers who are self-employed are more risky than other categories. The 

borrower‘s age is divided into six categories varying from 18 years old to more 

than 71 years old. The gender of borrower is male or female. The marital status of 

borrowers is divided into four categories; married, signal, divorced and widow. 

The researcher believes the divorced borrowers are of more risk than the others 

are. The number of children of borrower is taken into account. It is expected the 

more children, the more risky is the loan. The opinion of credit departments of 

banks about the borrower. Borrowers who have not opinion on their credit status 

are more risky. The monthly salary of a borrower - borrowers with a high salary 

are less risky than borrowers with a low salary. Whether a borrower has a regular 

salary- borrowers who work a temporary job are more risky. Whether the 

borrower guarantees for another borrower - this may be more risky because the 

borrower has to pay the loan instalments in case of the insolvency of another 

borrower. Whether a borrower has another loan - the loan is more risky if the 
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borrower has another loan. The monthly salary of a guarantor - Libyan banks 

always consider the guarantor salary as collateral. The guarantor‘s occupation is 

grouped into four categories including security work such as soldier and 

policeman, professional work such as accountant and engineer, retired, and 

borrowers work at public sector. Whether a guarantor has regular salary. Whether 

a guarantor guarantee another borrower. Whether the guarantor has another loan. 

The guarantor‘s age is divided into six categories varied from 18 years old to 

more than 71 years old. The gender of guarantor is male or female. Whether a 

guarantor has another loan. 

5.6.3 Sample considerations 

In discriminant analysis, the researcher must consider the impact of sample sizes 

on the overall level and on a group by group basis. As a result, many studies 

suggest a ratio of 20 observations for each predictor variable, but the minimum 

size recommended is five observations per independent variable (Hair et al., 

2006). 

In addition to the size of the sample, the preferred means of validating a 

discriminant analysis is to divide the sample into sub-samples; one used (the 

analysis sample) for estimation of the discriminant function and another (the 

holdout sample) for validation purposes. This method of validating the function is 

referred to as split-sample validation or cross-validation.    

In terms of sample size consideration, it is essential that each sub-sample be of 

adequate size to support conclusions from the results. The most common approach 

is to divide the total sample so that one-half of the respondents are placed in the 

analysis sample and the other half are placed in the holdout sample, but the size 

difference with a 60:40 or 75:25 split between the analysis and the holdout groups 

can be considerable, depending on the overall sample size (Hair et al., 2006). In 

this thesis, the sample is divided with 75% as analysis sample and 25% as the 

holdout sample. 

5.6.4 Assumptions of discriminant analysis 

I. Normality 

Normality refers to the tendency for the sample data distribution for each 

independent variable to be a normal distribution. In discriminant analysis, the 
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assumption of normality is that scores on independent variables are randomly 

selected and the sampling distribution of any linear combinations is normally 

distributed (Barbara et al., 2007, p. 382). Examination of the normality can be 

tested by histograms of frequency distributions, normal probability plots, and 

skewness and kurtosis. In addition, it can use the script for normality by 

substituting the logarithm, square root and inverse transformation when they make 

normality in a variable that is unsuccessful in satisfying the assumption for 

normality (Johnson and Wichern, 2007). However, Barbara et al., (2007, p. 382) 

suggest that there are no possible tests for the normality of all combinations of 

sampling distributions of means of independent variables. Moreover, Lachenbruch 

(1975) indicates that discriminant analysis is relatively robust even when there is 

violation of this assumption. Klecka (1980) also shows that dichotomous 

variables, which often violate normality, are not expected to affect conclusions 

based on discriminant analysis. Furthermore, because the sample for this research 

is large with 400 loans equally divided in size of each group, the assessment of 

normality is not a matter of judgment. Thus, this test is not performed in this 

research.  

II. Homogeneity of variances or covariances 

The assumption of homogeneity is that the variance within each of the populations 

is equal. In discriminant analysis, the assumption of equal dispersion for groups 

defined by the dependent variable only effects the classification stage of 

discriminant analysis and therefore is not evaluated until we are determining the 

final accuracy rate of the model (Hair et al., 2006). Sharma (1996) showed that 

the research studies by Holloway and Dunn (1967), Gilbert (1969), and Marks and 

Dunn (1974) have shown that the degree to which they are affected rely on the 

number of independent variables and the sample size of each group. To test this 

assumption, Box‘s M test is used to evaluate homogeneity of variance or 

covariances of independent variables among groups. The null hypothesis for the 

homogeneity test is as follows: 

0 :H The covariance matrices do not differ between groups of loans formed by the     

dependent. 
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This test does not involve rejecting the null hypothesis. In other words, the value 

of F distribution in Box‘s M should not be significant. Thus, the probability value 

of F should be greater than 0.05 to demonstrate that the assumption of 

homogeneity is supported. However, if the assumption is violated (heterogeneity), 

it can use separate group dispersion matrices at the stage of the classification. Log 

determinant can be used to test the assumption of homogeneity of covariance 

matrices between groups. This measure should be relatively equal to meet this 

assumption. In addition, it can be used for quadratic discriminant analysis, which 

avoids over-classification into groups with greater dispersion, logistic regression 

or non-parametric classification (Hair et al., 2006; Barbara et al., 2007). 

III. Multicollinearity 

Multicollinearity refers to the high correlation among the independent variables. 

In discriminant analysis, multicollinearity is measured by tolerance and the 

variance inflationary factor (VIF) becomes especially critical when stepwise 

procedures are used (Hair et al., 2006). Tolerance refers to the proportion of the 

variation in the independent variables not explained by other independent 

variables already in the model (Hair et al., 2006, p. 273). If the tolerance value of 

an independent variable is less than 0.10, there is no correlation between a 

variable and the other independent variables. VIF is statics computed using the 

coefficient of determination ( 2R ) value of a regression model developed by 

predicting one independent variable of a model by other independent variables. 

The following formula can be used to compute VIF (Belsley et al., 1979): 

2

1

1
VIF

R



                                                                                         (5. 4) 

If the VIF value of an independent variable is not greater than 10, there is no 

correlation between a variable and the other independent variables. Sharma (1996) 

argues that discriminant analysis is inappropriate when the pattern of correlation 

among the independent variables varies across samples.  

IV. Linearity 

In discriminant analysis, the assumption of linearity supposes that there are 

relationships among all pairs of independent variables within each group. 

According to Barbara et al., (2007), linearity is less serious than other 
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assumptions and the violation of this assumption leads to reduced power to 

identify relationships instead of increased Type I error. Thus, this test is not 

performed in this research. 

V. Outliers 

Discriminant analysis is highly sensitive to inclusion of outliers. Outliers can be 

determined by Mahalanabis 2D  distance. First, the critical value for Mahalanabis 

2D  should be determined by using the chi-square table. The number of 

independent variables entered in the discriminant function is used as the degree of 

freedom and level of significance of 0.01. The degrees of freedom can be 

determining by the number of independent variables in the discriminant model. 

Second, outlier cases can be identified by comparing the critical value for 

Mahalanabis 2D  with each Mahalanabis 2D  distance for all 400 cases. Cases with 

Mahalanabis 2D distance greater than the critical value for Mahalanabis 2D  are 

considered as outliers. The outlier cases must be removed from the sample, and 

then a new discriminant analysis is done to see if there are new independent 

variables that have entered or been removed from the original discriminant 

function. However, if the classification accuracy rate of the new model after 

removing outlier cases is less than the classification accuracy rate of the original 

model by 2%, the original discriminant model with outliers is interpreted. 

5.6.5 Estimation of the discriminant model 

Estimation of the discriminant model means the process of deriving the 

discriminant function. This process depends on two estimation methods. First, 

direct (simultaneous) estimation involves calculating the discriminant function by 

entering all of the predictors considered simultaneously with ignoring the 

discriminating power of each independent variable (Hair et al., 2006). This 

method is used when the researcher is interested to identify a relationship without 

taking into consideration the best predictors of independent variables. Second, the 

stepwise estimation method differs from the previous method in that it involves 

entering the predictors into the discriminant function sequentially on the basis of 

their discriminating power between the groups (Metwally, 2000). The stepwise 

method is useful when the researcher is interested in including a large number of 

independent variables in the function. For this reason, and to determine the 
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discriminant power of independent variables, the stepwise method is used as an 

estimation method in this research.  

5.6.6  Assessment of discriminant model 

Assessment of the level of significance for the discriminant function provides the 

information necessary to decide whether to continue on to the interpretation of the 

analysis or if respecification is necessary. Assessment of the level of significance 

depends on different statistical criteria applied to each method of the discriminant 

function. 

This research uses the stepwise method for assessing the discriminant model. 

Therefore, the Mahalanobis 2D , Rao‘s V measures, Wilks‘ lambda and F value 

are most appropriate in applying the stepwise method. 

Mahalanobis 2D  is a measure of distance between the means of groups defined by 

two or more correlated variables. At each step of the stepwise method, the variable 

that maximizes the Mahalanobis between the two closest groups is selected for 

entry. The distance between two groups can be defined as 
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                                              (5. 5) 

where n  is the sample size, g  is the number of groups, p  is the number of 

variables in the model, ijw  is the inverse covariance matrix, iax  is the mean for ith 

variable in group a, and jax  is the mean for jth variable in group a. 

Rao‘s V measures the separation between the group means. The larger differences 

between group means, the lager the Rao‘s V . Rao‘s V  is defined as 
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                                             (5. 6) 

where n  is the sample size, g  is the number of group, p  is the number of 

variables in the model, ijw  is the inverse covariance matrix, ikx  is the mean for ith 

variable for the kth group, and ix  is the mean for all groups combined.  

However, Rao‘s V  does not take into consideration group homogeneity (Sharma, 

1996, p. 266). Thus, this measure is not used in this research because it may 
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produce a discriminant function that does not have maximum within-group 

homogeneity. 

Wilks‘ lambda is the ratio of the within-groups sum of squares to the total sum of 

squares. This measure can be used for testing the null hypothesis that the average 

scores are equal for all groups in the population: 

0 :H  The two groups of loans have the same mean discriminant function scores 

Based on this measure, the null hypothesis can be rejected at the 0.05 level of 

significance if the good loans and bad loans have different average discriminant 

function scores in the population. Wilks‘ lambda value varies from zero to one. 

Zero means that the group means differ and one means all groups are the same. 

Thus, the smaller the Wilks‘ lambda, the larger differences. Moreover, F value can 

perform a similar function as Wilks‘ lambda for entry and for removal of the 

independent variables. The criterion is that the variable maximises the smallest F 

value for pairs of groups entered in the discriminant function. The F value for two 

groups is defined as 
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where p  is the number of variables in the model, n  is the sample size and 2D  is 

the Mahalanobis distance. However, the chi-square test at 0.05 level of 

significance can be used rather than Wilks' lambda for assessing the overall model 

fit. 

In addition to the above measures, there are two statistics that can be used to 

measure the relationship between the discriminant function scores and both group 

of loans. The first is called an eigenvalue which is the ratio of between-groups 

sum of squares to the within group sum of squares. Because the dependent 

variable in this research has two groups there is only one discriminant function 

and one only eigenvalue, which accounts for 100% of the explained variance. The 

criterion of this measure is the lager eigenvalue, the stronger discriminant 

function. The second measure is called canonical correlation which measures the 

degree of association between the discriminant scores and the good loans and bad 

loans. It is also the ratio of the between-group sum of squares to the total sum of 
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squares. A high canonical correlation means that the function discriminates well. 

Moreover, by squaring this canonical correlation, the coefficient of determination 

can be obtained. This measure shows how much the total variation in the 

dependent variable (status of loan) can be explained by the discriminant function. 

After assessment of the level of significant of the discriminant function, the 

overall fit of the discriminant function will be assessed. The evaluation of the 

overall fit involves three steps; computing discriminant Z  scores for each 

observation, evaluating group differences on the discriminant Z  scores, and 

assessing group membership prediction accuracy. 

I. Computing discriminant Z  scores  

Computing discriminant Z  scores for each observation can be done by applying 

the discriminant function equation. The discriminant function can be stated in the 

form of either standardised or unstandardised weights and values. According to 

Hair et al., (2006) the standardised function is more useful for interpretation 

purposes while the unstandardised is more useful for computing the discriminant 

Z  score.  The Z  score formula is defined as: 

1 1 2 2 ...jk k k n nkZ x x x                                                                  (5. 8) 

Where Z  discriminant Z  score of discriminant function j  for object k ,   is the 

intercept,   is the discriminant coefficient for independent variable, and x  is the 

independent variable. 

II. Evaluating group differences 

After computing the discriminant Z  scores, the overall model fit assessment 

should firstly be identified by the great scale of differences between the members 

of each group regarding the discriminant Z  scores. This evaluation can be 

performed by comparing the average (centroids) discriminant Z  scores for all 

group members. The methods used to evaluate the differences between groups 

(including the Mahalanobis 2D , Rao‘s V measures, Wilks‘ lambda and F value) 

have been discussed.   
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 III. Assessing group membership prediction accuracy 

 Assessing predictive accuracy involves taking into consideration four elements 

that must be addressed; (i) the cutting score determination, (ii) development and 

construction of the classification matrices, (iii) establishing standards for 

assessing classification accuracy, and (iv) casewise diagnostics  

The cutting score determination 

The cutting score (also called the critical Z  value) is the measure against which 

each object‘s discriminant score is compared to determine into which group the 

object should be classified. The cutting score selected is the one that minimizes 

the number of incorrect classifications (Sharma, 1996). The computation of a 

cutting score between any two groups is based on the two group centroids and the 

relative size of the two groups. To compute the optimum cutting score correctly, it 

should define the prior probabilities which affect the group sizes used in the 

computation. 

The basic formula for calculating the cutting score between any two unequal 

group sizes is: 
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                                                                            (5. 9) 

where CSZ  is the optimal cutting score between groups A and B, AN  is the 

number of observations in group A, BN  is the number of observations in group B, 

A  is the centroid for group A, B  is the centroid for group B. For equal group 

sizes, the optimum cutting score is:  
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                                                                                      (5. 10)  

where CEZ is the optimal cutting score value for group of equal size. The 

classification rule refers is that if an observation‘s discriminant score is less than 

or equal to the optimal cutting score, then assign it to group A; otherwise, assign it 

to group B (Metwally, 2000).  

Development and constructing classification matrices 

Constructing classification matrices determines the predictive ability of a 

discriminant function. The result of this matrix is the percentage correctly 
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classified (also called hit ratio), which measures the predictive accuracy of the 

discriminant function, of the estimation sample, and cross-validated and holdout 

sample.  

In addition to the percentage correctly classified, the t  test determines the level of 

significance for the classification accuracy by applying the following equation: 

0.5
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                                                                              (5. 11) 

where P is the proportion correctly classified and N is the sample size for  either 

the analysis sample or the holdout sample.  

Establishing standards for assessing classification accuracy 

The first standard that must be established for assessing classification accuracy is 

the percentage of chance criterion which assumes that the costs of 

misclassification are equal. Where the group sizes in this research are unequal (the 

sample size unequally divided into analysis sample and holdout sample), the 

following formula of the proportional chance criterion can be used: 

 
22 1  PROC P P                                                                              (5. 12) 

where P is the proportion of individuals in the good loans group and 1P  is the 

proportion of individuals in the bad loans group. If the classification accuracy 

levels are higher than the proportional chance criterion, it can be said that the level 

of classification accuracy is acceptable.  

The second standard used for assessing classification accuracy is the maximum 

chance criterion which is used to maximise the percentage correctly classified.  

The maximum chance criterion represents the percentage of the largest group, and 

this percentage represents performance of the model.. 

Another criterion suggested is that the classification accuracy should be at least 

one-forth greater than that achieved by chance.  

The last standard of classification accuracy is Press‘s Q statistic. This measure 

compares the number of correct classification with the total sample size and the 

number of groups. The Q statistic is computed by the following formula:   
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Press‘s Q
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                                                                      (5. 13) 

where N is the total sample size, n  is the number of observations correctly 

classified, and K  is the number of groups. The formula applies for both samples; 

analysis sample and holdout sample. The value that results from the application of 

this formula should be compared with a critical value obtained from the chi-

square value for 1 degree of freedom at the significance level of 5%. If the Press‘s 

Q value is higher than the critical value, the classification accuracy is significant 

and vice versa.  

Cases diagnostics 

The final step of assessing model fit is to examine the predictive results on a case 

by case basis. The objective of this assessment is to understand and analyse which 

observations have been misclassified and are not representative of the remaining 

group members. The first procedure for identifying the misclassification cases is 

to use discriminant Z score obtained by using the Formula (5. 8). Each case in the 

sample classifies as a good loan if its discriminant score is less than the 

discriminant Z score, otherwise, the case misclassifies as a bad loan. Each case in 

the sample classifies as a bad loan if its discriminant score is greater than the 

discriminant Z score, otherwise, the case misclassifies as a good loan. 

Once the misclassified cases are determined, the second procedure is to perform 

further analysis to understand the reasons for their misclassification. This analysis 

involves determining particular differences on the independent variables that may 

identify new variables to be added. To achieve this analysis, the cases correctly 

classified and cases misclassified are determined for the all independent variables 

per good loan and bad loan. After that, the t test is used to test the differences in 

the mean values of the cases correctly classified and cases misclassified. A level 

of significance of 5% is used to determine the classification accuracy. 

5.7 Logistic regression 

In this section, the logistic regression model is presented. As mentioned in chapter 

three related to the literature review, the logistic regression model is also one of 

the more common statistical techniques used for credit scoring. In this research, 
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the purpose of the logistic regression model is to predict a qualitative variable 

(good loans and bad loans) from a linear combination of independent variables 

that maximize the likelihood of obtaining the observed probability of the sample 

outcome. Therefore, the dependent variable, independent variables and the sample 

consideration are similar to those mentioned in discriminant analysis. 

5.7.1 Assumptions of logistic regression 

Logistic regression does not require assumptions about the distribution of the 

independent variables as does discriminant analysis and OLS regression (Barbara 

et al., 2007). The reason for is that the logistic regression does not assume a linear 

relationship between the dependent variables and the independent variables. In 

addition, the dependent variable in logistic regression does not assume to be 

normally distributed or have equal variance-covariance matrices across groups for 

each level of the independent variables. Logistic analysis also does not assume to 

be normally distributed for error term. However, logistic regression requires some 

assumptions as follows. 

I. Multicollinearity 

Logistic regression, similar to all varieties of multiple regression, is sensitive to 

extremely high relationships among independent variables. The SPSS software 

package does not verify for multicollinearity in the logistic regression. Thus, the 

linear regression routine can be used with the same dependent and independent 

variables as used in the logistic regression (Menard, 1995). Multicollinearity is 

identified by examining the tolerance and variance inflation factors (VIF). 

Tolerance is the amount of variability in one independent variable that is not 

explained by the other independent variables; a high tolerance value refers to little 

collinearity (Hair et al., 2006). A commonly used rule of thumb is that any 

tolerance values of less than 0.10 indicate a serious collinearity problem (Cohen 

and Cohen 1983). However, the VIF is a statistic computed using the coefficient 

of determinant value of a regression model developed by predicting one 

independent variable of a regression analysis by the other independent variables 

(Black et al., 2007). VIF values of 10 or more indicate a serious collinearity 

problem (Cohen et al., 1983). Discovering multicollinearity leads to rejection of 

the interpretation of the relationship of a regression coefficient Weisberg (1985). 
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This problem can be resolved by combining the extremely correlated variables or 

removing a variable from the analysis (Menard, 1995). 

II. Outliers 

Outliers can be determined by two methods in logistic regression. First, the outlier 

cases can be located by analysing residuals. The residual can be standardized by 

dividing it by an estimate of its standard deviation; this is called Pearson residual 

and can be calculated as follows: 
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where iZ  is the standardized residual for i case and (1 )i iP P  is the estimate of 

its standard deviation. The criterion to identify the outliers according to the 

standardized residual is that the cases should have values between -2 and +2 with 

95% as the confidence level with normal distribution. The standard deviation for 

proportions can be used because the dependent variable of logistic regression is 

binary. In addition to the standardized residual, there are other kinds of residual 

used in identifying the outlier cases in logistic regression including logit residuals, 

deviance residuals, studentized residuals and unstandardized residuals. Each of 

these kinds has criteria to determine the poor cases. However, the standardized 

residual will be used in this research for detecting the outlier cases. The second 

method of detecting the outlier cases is to use influential cases. There are three 

common kinds of influential that can be used to determine the outlier cases; 

Cook‘s distance, leverage and dfbeta. However, the Cook‘s distance will be used 

in this research to determine the outlier cases. Cook‘s distance is a measure of the 

influence of a case. It shows how much removing a case affects the residual for 

that case and the residuals of the remaining cases (Norusis, 2005 and 2006). The 

following formula can be used for computing Cook‘s distance: 
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Where iD  is the Cook‘s distance for i case, 2

iZ  is the standardized residual and ih  

is the leverage. Cook‘s method considers the case as an outlier if its Cook‘s 

distance is larger than 1.0.  
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Whatever the method of detecting outliers is used, the outlier cases must be 

removed from the sample, and then new logistic analysis is done to see if there are 

new independent variables that have entered or been removed from the original 

logistic function. However, if the classification accuracy rate of the new model 

after removing outlier cases is less than the classification accuracy rate of the 

original model by 2%, the original logistic model with outliers is interpreted. 

Despite the importance of detecting the outlier cases, Menard (1995, p.79) shows 

that the outliers may not indicate that the model has problems 

...In sample of 200-250, random sampling variation alone will 

produce 10-12 cases with values greater than 2 or less -2 on 

standardized, normally distributed variables such as the deviance 

residual. Even cases with very large residuals do not necessarily 

indicate problems in the model...  

III. Linearity 

Logistic regression does not assume a linear relationship between the independent 

variables and dependent variable, but it assumes linearity between the independent 

variables and log odds of the dependent.  

There are several possible techniques for investigating linearity between the 

independent variables and log odds of the dependent. The first one is called the 

orthogonal polynomial contrasts which deals with the independent variables as a 

categorical variable (Menard, 1995, p. 70). Nevertheless, the disadvantage of this 

method is that when the independent variable has a large number of categories, 

the standard error will be large as well (Menard, 1995). The second method is the 

Box-Tidwell transformation. This method requires adding a term of the form [x 

ln(x)] to the logistic model. Nonlinearity can be ensured when the coefficient for 

this variable is statistically significant (Hosmer and Lemeshow, 1989). The final 

method suggested by Hosmer and Lemeshow is to calculate the mean of the 

dependent variable for the group; after that the logit of the mean of the dependent 

variable is taken for each group and plotted against the value of the independent 

variable (Menard, 1995). The Box-Tidwell transformation method will be used in 

this research to test linearity. 
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5.7.2 Sample and variables considerations  

Logistic regression requires a number of observations per independent variable. 

According to Hosmer and Lemeshow (1989), each independent variable is 

recommended as a rule of thumb to have at least ten observations to satisfy 

minimum requirement for logistic regression. Small samples may produce high 

standard errors and extremely high parameter estimates may refer to insufficient 

sample size (Barbara et al., 2007).  

5.7.3 Estimating the logistic model 

The specific formula of the logistic model is: 
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where 0 , 1  and n  are coefficients estimated from the data; x is the independent 

variable; e  is the base of the exponential function; and P is the predicted 

probability that an event occurs. 

The linear regression equation creates the logit transformation which is defined as 

follows: 
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where L  is the log of the odds ratio or logit. 

To estimate the logistic model, two methods can be applied; the direct method and 

the stepwise method. Direct (simultaneous) estimation involves calculating the 

logistic model by entering all of the predictors are considered simultaneously with 

ignoring of the discriminating power of each independent variable (Hair et al., 

2006). Barbara et al., (2007) criticise this method because of the difficulties with 

interpretation when the independent variables are correlated. Secondly, the 

stepwise methods involves entering the independent variables into the logistic 

model sequentially on the basis of their statistically significant score statistics 

(Cramer, 2003). The stepwise method can be performed by using forward or 

backward methods. First, the forward method includes three types; (i) forward 

conditional which is based on the probability of a likelihood-ratio statistic and 

conditional parameter estimates, (ii) forward likelihood which is based on the 

probability of a likelihood-ratio statistic and the maximum partial likelihood 
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estimates, and (iii) forward Wald which is based on the probability of the Wald 

statistic (Norusis, 2005). Secondly, the backward method also includes the same 

types as the forward stepwise method. However, the difference between these 

methods is that forward selection adds variables in order by selecting the variable 

with the highest score until other variables not selected show non significant value 

(more than level of significance 5%). Although Menard (1995) mentioned that 

both the forward and backward stepwise methods usually produce identical 

results, the stepwise likelihood ratio forward will be used in estimating the logistic 

model in this research. 

In addition, to estimate the coefficients, the maximum likelihood is used. This 

method requires maximizing the likelihood that an event will occur (Hair et al., 

2006). Applying this method requires building a function called the likelihood 

function which measures the probability of the observed data as a function of the 

unknown parameters. The maximum likelihood estimators of these parameters are 

selected to be those values which maximize this function (Hosmer and Lemeshow, 

1989). 

5.7.4 Assessing the goodness of fit of the estimated model 

There are three approaches can be used for assessing the goodness of fit for the 

logistic regression model. The first one is pseudo 2R  values, the second one is the 

predictive accuracy and the last one is the Hosmer and Lemeshow test. 

The basic criterion for selecting parameters in the logistic regression model is the 

log likelihood value. In the SPSS software package the log likelihood appears as -

2 log likelihood because this value has approximately a chi-square distribution 

and the negative sign converts this value into a positive (Menard, 1995). The rule 

of this value is that the lower values of the -2 log likelihood indicate a better 

fitting model. The log likelihood value also is also used in comparing the logistic 

models to measure the variation in predictive fit from one model to another. It can 

be used in three steps to measure this variation (Hair et al., 2006). The first step is 

to estimate the null model which appears at the beginning of logistic regression 

output and includes only the intercept before the independent variables are entered 

into the model. The purpose of the null model is to be to compare with other 

models which include the independent variables. The second step is to estimate 
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the proposed model which includes the independent variables in the logistic 

model. The last step is to assess the log likelihood difference. If the difference is 

statistically significant, the independent variables are significant in improving 

model estimation fit. Thus, the following null hypothesis can be formed to test the 

overall logistic model:  

0 :H  All population logistic regression coefficients except the constant are zero. 

The chi-square test will be used to test this hypothesis at the 0.05 level of 

significance. To conclude, for the overall logistic model to fit the data well, the 

null hypothesis must be rejected and the probability of chi-square should be less 

than 0.05. 

I. Pseudo 2R measures 

The other measure of overall fit model are 2R  measures which include three 

different measures; Pseudo 2R , Cox and Snell 2R , and the Nagelkerke 2R . These 

measures are recommended for use as measures of the strength of the association 

between the observed and predicted valued of the dependent variable and not for 

goodness of fit testing (Hosmer and Lemeshow, 1989).  

A pseudo 2R  value is the proportional reduction in chi square and can be 

calculated as follows: 
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where 2 nullLL  is  -2 times the log likelihood for a model without any 

independent variables and mod2 elLL  -2 times the log likelihood for a  proposed 

model.  

Pseudo 2R , range from zero to one and the best fit should have a -2LL value of 

zero and a 2R  of one.  

The second measure is the Cox and Snell 2R and can be calculated as follows: 
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The problem with this measure is that it cannot reach the maximum value of one. 
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The final measure is the Nagelkerke 2R , which modifies the Cox and Snell 2R  to 

reach to one and can be calculated as follows: 
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II. Assessing group membership prediction accuracy 

Assessing predictive accuracy involves taking into consideration three points; (i) 

the cutting score determination, (ii) development and construction of the 

classification matrices, and (iii) establishing standards for assessing classification 

accuracy. These points and the methods of calculation are identical to that used 

with discriminant analysis discussed in 5.5.6.  

III. Hosmer and Lemeshow test 

The last measure of goodness of fit test is the Hosmer and Lemeshow test. 

According to this test, the cases are first divided into deciles (approxmetaly10 

classes) and then calculate the chi square from observed and expected values with 

eight degrees of freedom.  In this test, the null hypothesis can be established as 

follows: 

0 :H  There is no difference between the observed and predicted values. 

Thus, the null hypothesis should not be rejected to conclude that the logistic 

model adequately fits the data. In addition, the probability of chi-square should be 

greater than 0.05 as a level of significance. However, researchers conclude that 

the assessment of the fit of the model is not powerful for samples less than 400 

observations (Norusis, 2005).  

5.7.5 Testing for significance of the coefficients as group 

The statistical test for coefficients in logistic regression is to test whether the 

logistic coefficients are significantly different from zero. There are three such tests 

that can be used for evaluation of the contribution of an individual independent 

variables to a logistic model; Wald statistics, the likelihood ratio test, and the 

score statistics (Norusis, 2005).  
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The Wald statistic is the ratio of the coefficient to its standard error. The null 

hypothesis for the Wald statistic can be established as follows: 

0 :H  The coefficients of logit model are equal to zero 

The criteria for rejecting the null hypothesis that the coefficient is equal to zero is 

the probability of the Wald statistic for an independent variable should be less 

than or equal to level of significance of 0.05. Nonetheless, Menard (1995) showed 

that the disadvantage of Wald statistics is that when the value of the coefficient is 

large, the estimated standard error tends to become too large and this leads to a 

failure to reject the null hypothesis that the coefficient is zero. 

The second test that can be used to evaluate the independent variable is the 

likelihood ratio test. The test is considered the best test for the null hypothesis that 

the coefficient for an independent variable is zero and can perform better than the 

Wald test (Barbara et al., 2007). In the SPSS software package, this test is shown 

in the Omnibus test of model coefficients. According to this test, the comparison 

of models with and without independent variables can be done. Thus, the model 

chi-square is a test of the null hypothesis that for the current model all variables 

have coefficients of zero and is the criteria to reject the null hypothesis (Norusis, 

2005). Nevertheless, the only disadvantage of this test is that it needs more time 

for calculation (Menard, 1995). In addition, this test does not show which 

independent variables are more important than others. 

The final test that can be used to evaluate the independent variables is the score 

statistics (Rao‘s efficient score). This test requires using a score to select 

independent variables for the logistic model and the overall test of the null 

hypothesis that all coefficients are zero. 

5.8 Survival analysis 

In this section, survival analysis is presented. Survival analysis is the most 

common statistical techniques used for credit scoring. In this thesis, the purpose of 

survival analysis is to describe the proportion of cases surviving at various times 

for different groups and to assess the relationship between survival time and a set 

of independent variables to determine whether treatment differences are present 

after statistically controlling for the other independent variables (Barbara et al., 
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2007). Therefore, the dependent variable, independent variables and the sample 

considerations are quite similar to those mentioned in discriminant analysis and 

logistic regression. 

5.8.1 Assumptions of survival analysis 

Survival analysis does not require assumptions about the distribution of the 

independent variables and survival times such as normality, linearity and 

homoscadasticity (Barbara et al., 2007). Nevertheless, these assumptions can 

improve the model of survival analysis. Therefore, survival analysis requires some 

assumptions as follows (Barbara et al., 2007). First, normality, linearity and 

homoscadasticity assumptions are practical issue to assess the distribution of each 

independent variable. This can be done by applying similar procedures of linear 

regression. Second, multicollinearity should be absent among the independent 

variables. The issues regarding multicollinearity are discussed in the logistic 

regression section. However, squared multiple correlation extracting from Factor 

analysis by using SPSS software package can be used for this assumption. This 

extraction is referred in the SPSS software package as communality which is the 

proportion of variance explained by the common factors. Communalities can 

range from zero to one, with zero indicating that the common factors do not 

explain any of the variance, and one indicating that all of the variance is explained 

by the common factors (Nourusis, 2005, p. 402). Multicollinearity of the 

independent variables can be present if the squared multiple correlation is more 

than 0.90 (Barbara et al., 2007, p. 551). Thirdly, outlier cases can affect the 

survival model, therefore similar ways as those used in logistic regression can be 

applied to detect the outlier cases. However, the Dfbeta statics and martingale 

residual will be used for outlier test in this research. The Debeta shows how much 

a coefficient would change if a case is removed from data. It is suggested that 

absolute values of Debeta exceeding 2 / n  (where n is the sample size). 

However, since a value for Dfbeta is computed for each case and for each 

independent variable, there are n(m + 1) such statistics, and it would be an 

impossible task to look for large values among the huge array of numbers. In this 

thesis, a graph will be used to facilitate the identification of the outlier cases for 

each independent variable in the survival model. The other measure of outliers is 



Chapter 5. Research Methodology 

 

  

–168– 

the martingale residual (also called the Cox-Snell residual). This residual can be 

identified by plotting the martingale residual for continuous variables in the 

survival model, and then checking for the outlier cases. Finally, it is assumed that 

the proportional hazard ratio is constant over time. For instance, if there are two 

borrowers with the same age and salary but different occupations, the ratio of their 

estimated hazard rates across all time points is Be , where B is the regression 

coefficient for occupation. It can be used with a number of methods to examine 

this assumption and this depends on the variable type. Because the variables in 

this research are mixed, categorical and continuous, an interaction term between 

time and independent variables can be created to test whether the coefficients 

significantly different from zero. An interaction term is a new variable that is the 

product of two other variables in the model. The affect of adding an interaction 

term should be assessed using the partial likelihood ration test. When the 

proportional hazards assumption is not met with respect to a categorical 

independent variable, it can be used as a stratification variable instead of an 

independent variable to correct the problem. Two separate baseline hazards 

functions are estimated for each level of the stratification variable, while the 

regression coefficients for the remaining covariates are equal across strata. In 

addition to the stratification variable, the log-minus-log can be used for assessing 

whether the baseline hazards functions are proportional. 

5.8.2 Sample and variables considerations 

Survival analysis requires a number of observations per independent variable. 

According to Elias (1989, cited in Barbara et al., 2007), each independent variable 

requires twelve observations to satisfy the minimum requirement. Therefore, the 

size of sample in this research is suitable to perform survival analysis.  

Independent variables of survival analysis are the same variables used in 

discriminant analysis and logistic regression. However, the dependent variable in 

survival analysis is divided into two elements; status is the binary indicator which 

is the same dependent variable used in discriminant analysis and logistic 

regression, and time is the number of months that has elapsed from the time of 

granting the loan until the time of loan failure. Thus, the loans paid during the 

lifetime are called censored loans which are defined in this thesis as good loans. 
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Furthermore, the date of the end of data collection (25/04/06) is considered the 

observation time and therefore all the loans that were not paid by this date are 

considered as bad loans with different failure times.     

5.8.3 Estimation of the survival model 

There are several methods to analyse survival data including Kaplan-Meier 

estimation, log-rank tests, accelerated failure time models, piecewise exponential 

models, Cox regression models, and complementary log-log models. According to 

Allison (1995) estimating Cox regression is considered the best method for 

survival analysis because: the Cox regression is more robust than the accelerated 

failure time methods; it has good performances for time dependent covariates; it 

deals with both continuous and discrete time data; and it is a method which is 

accepted and commonly used. Therefore, Cox regression will be used in this 

research to test the impact of independent variables on loan survival.  

Applying Cox regression requires the use of two procedures; time-constant 

covariates (where the independent variables do not change as function of time), 

and time dependent covariate (where the values change over the time) (Norusis, 

2005). This thesis assumes that time-constant covariates because the values of 

independent variables are constant over the time.  

The basic model suggested by the Cox regression procedure is the proportional 

hazard model, which can be extended through the specifications of a strata 

variable. The proportional hazards model assumes that the time to event and the 

covariates are related through the following equation.  

1 1 2 2

0

( ... )
( ) ( )n n

i

x x x
h t e h t

    
                                                           (5. 21)  

where ( )h t
i

is the hazard rate for the ith case at time t,   is the unknown 

coefficient, and 0 ( )h t  is the baseline hazard function at time t. The hazard 

function is a measure of the likelihood for the event to occur at a particular time t, 

given that the event did not yet occur. Larger values of the hazard function 

indicate greater probability for the event to occur. However, the baseline hazard 

function measures this likelihood independently of the covariates. The shape of 

the hazard function over time is defined by the baseline hazard for all cases. The 

covariates simply help to determine the overall magnitude of the function. The 
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value of the hazard is equal to the product of the baseline hazard and a covariate 

effect. While the baseline hazard is dependent upon time, the covariate effect is 

the same for all time points. Consequently, the ratio of the hazards for any two 

cases at any time period is the ratio of their covariate effects. This is the 

proportional hazards assumption (Hosmer and Lemeshow, 1999).  
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Where ( )L is the partial likelihood function and ( )iR t  is the set of borrowers at 

risk. 

In addition, maximum likelihood estimates can be used for the coefficients of the 

Cox model. Also, methods can be applied to estimate the Cox proportional 

regression model; direct method and the stepwise method (which were discussed 

and applied in the logistic regression section. In this research, the stepwise 

likelihood ratio forward will be used in estimating the Cox proportional regression 

model. 

5.8.4 Assessing the goodness of fit of the estimated model 

As soon as the Cox proportional regression model is built, the overall test of the 

hypothesis that all coefficients equal to zero. Thus the null hypothesis for test 

overall can be established as follows: 

0 :H The coefficients for all stages are equal to zero. 

As the Cox proportional regression model uses the maximum likelihood to 

estimate the coefficients of independent variables, the likelihood-ratio test 

mentioned in the logistic regression section will be used for assessing the 

goodness of fit of the Cox proportional regression model. This test can be 

obtained by using the SPSS software package under Omnibus test of model 

coefficients. The significance of this test can be determined when the null 

hypothesis that the all of the coefficients are zero is rejected at the 0.05 level of 

significance. Furthermore, score statistics can be used for assessing the goodness 

of fit of the Cox proportional regression model. This test is also called the global 
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chi-squire and it is the same to the likelihood-ratio test regarding the conclusion of 

hypothesis testing (Norusis, 2005). 

5.8.5 Testing for significance of the coefficients 

The statistical test for coefficients in survival analysis is to test whether the Cox 

proportional regression model coefficients are significantly different from zero. In 

addition to the stepwise procedure in selection of the independent variables that 

should be in the model, there are three tests can be used for evaluation of the 

contribution of an individual independent variable to the Cox proportional 

regression model; Wald statistics, the likelihood ratio test, and the score statistics 

(Norusis, 2005).  

The Wald statistics is the squared ratio of the coefficient to its standard error of an 

independent variable. The criteria for rejecting the null hypothesis that the 

coefficient is equal to zero is the probability of the Wald statistics for an 

independent variable should be less than or equal to the level of significance of 

0.05. However, Hosmer and Lemeshow (1999) show that this statistic has good 

coverage properties in cases of large samples.  

The second test that can be used to evaluate the independent variable is the 

likelihood ratio test. The test is considers the best test for the null hypothesis that 

the coefficient for an independent variable is zero and can perform better  that the 

Wald test (Barbara et al., 2007). In the SPSS software package, this test is shown 

in the Omnibus test of model coefficients. This test needs to calculate the 

difference between the log likelihood of the baseline model which does not 

include the independent variables, and the log likelihood statistic of the full model 

including the independent variables (Kleinbaum and Klein, 2005). Thus, the 

model chi square is a test of the null hypothesis that for the Cox proportional 

regression model, all variables have coefficients of zero and the criteria is to reject 

the null hypothesis (Norusis, 2005). Nevertheless, the only disadvantage of this 

test is that it needs more time for calculation (Menard, 1995). In addition, this test 

does not show which of the independent variables are more important than others. 

The final test that can be used to evaluate the independent variables is score 

statistics. The test statistic is the ratio of the derivative of the log partial likelihood 

to the square root of the observed information (Hosmer and Lemeshow, 1999). 
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This test also requires using a larger score to select variable in the Cox 

proportional regression model and the overall test of the null hypothesis that all 

coefficients are zero. Hosmer and Lemeshow (1999) argue that the score test can 

perform better than other statistics because it can be calculated without evaluating 

the maximum partial likelihood estimator of the coefficients. However, Norusis 

(2005) argues that if the results of these statistics are different, the likelihood 

ratios test is more reliable. 

5.9 Comparison models 

One objective of this thesis is to identify the best credit scoring model to be used 

in a Libyan context. Thus, two methods will be used to achieve this objective; the 

receiving operating characteristic (ROC) curve and percentages correctly 

classified. 

The ROC curve is a graphical plot of the sensitivity against (1- specificity) for a 

binary classifier system as its discrimination threshold is varied (Hoogenberg and 

Brinke, 2004). Figure 5.1 illustrates the ROC curve diagram. From this Figure, it 

can be noted that the ROC curve diagram has two axes, the horizontal axis 

represents (1- specificity) and the vertical axis represents sensitivity. (1- 

specificity) is defined as the false positive rate which identifies how many 

incorrect positive results happen among all negative samples available during the 

test. On the other hand, sensitivity is defined as the true positive rate which 

determines a diagnostic test‘s performance on classifying positive instances 

correctly among all positive samples available during the test (Rajkondawar et al., 

2006). The reference line divides the ROC space into two areas; good and bad 

classification. The area above the reference line indicates good classification 

results, while the area below the reference line indicates bad classification results. 

The best possible prediction method should fall at the area in the upper left corner 

(0, 1) of the ROC space, representing 100% sensitivity (no false negatives) and 

100% specificity (no false positives). The (0, 1) point is also called a perfect 

classification. 

Furthermore, the area under the curve for each model can be tested by the 

asymptotic significance (Pepe and Dodd, 2003) which represents the probability 

of observing on ROC curve greater than estimated area when the true area is 0.5. 

http://en.wikipedia.org/wiki/Sensitivity_(tests)
http://en.wikipedia.org/wiki/Specificity_(tests)
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Figure 5.1 ROC curve of credit models comparison 

 

Thus, the null hypothesis can be established as follows:  

0 :H  The area under the curve equals 0.5. 

The decision is to reject the null hypothesis and to support that the area under the 

curve does not equal 0.5 of significance 0.05. 

The second method for comparison models is correctly classified. The 

performance of credit scoring models can be examined by the percentage of 

correctly classified cases for each model used in this research. These percentages 

can be obtained from the output of each model. Comparison of these percentages 

can determine the best performance among the models. The model performs better 

if it has a high percentage correctly classified.    

5.10 Concluding remarks 

This chapter has sought to provide a methodology of credit risk modelling which 

will be applied to the Al-Wahada Bank in order to build credit models that can 

help Libyan banks make decision about loans and reduce the risks associated with 

such decisions.  

Section 5.2 showed the research context. Social advances of the Al-Wahada Bank 

were selected for applying credit scoring models. This type of personal loan was 
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selected as a result of its development and a large demand on it compared with 

other type of loans over the recent year.   

Section 5.3 examined data collection and sampling. This section shows that data 

was collected from personal loans granted in 1997 from the Al-Wahda Bank in 

Libya. It also explained the method of sample selection. The Cochran formula was 

used to determine the optimal sample size. In addition, this section illustrated the 

importance of random selection of the research sample which has a positive 

impact on the research results. 

Section 5.4 explained variables used in this research. This section defined 21 

independent variables used in applying credit scoring models to the Al-Wahada 

Bank. These variables included demographic, socioeconomic and financial 

characteristics of both borrowers and guarantors. The new variables used in 

research (in comparison with variables in literature) are those variables related to 

guarantors. 

Section 5.5, 5.6 and 5.7 discussed the research techniques which are suggested to 

apply in this research.  The first technique that was examined is discriminant 

analysis. In this section, the dependent variable is the state of the loans (default 

and non-default) while twenty independent variables were selected to contribute 

to building the model. The assumptions which should be taken in consideration in 

the analysis process were also discussed.  These assumptions were normality, 

homogeneity of variances, multicollinearity and linearity. Furthermore, estimation 

and assessment of the discriminant model were examined by providing more 

details about the construction and evaluation of discriminant models. The second 

technique examined was logistic regression. The dependent variable, independent 

variables and the sample consideration are similar to those mentioned in 

discriminant analysis. Although the logistic regression does not require 

assumptions about the distribution of the independent variables as for discriminant 

analysis, some assumptions including multicollnearity, absence of outliers and 

linearity were reviewed. In addition, the estimation of the logistic regression 

model was reviewed where the different procedures, including direct and 

stepwise, were explained. Furthermore, three approaches used for assessing the 

goodness of fit for the logistic regression model were examined and included 
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pseudo 2R  values, the predictive accuracy and the Hosmer and Lemeshow test. 

Moreover, three methods used for testing for significance of the coefficients were 

discussed. These methods are; Wald statistics, the likelihood ratio test, and the 

score statistics. Finally, the survival analysis technique was reviewed. In this 

technique, the dependent variable is divided into two variables; status is the binary 

indicator which is the same dependent variable used in discriminant analysis, and 

logistic regression and time is the number of months that has elapsed from the 

time of granting loan until the time of loan failure. Moreover, the assumptions of 

survival analysis were discussed. In this technique, the Cox proportional 

regression model was examined as an approach to estimate the survival model. In 

addition, the same methods used in logistic regression techniques were explained 

in respect of assessing the goodness of fit of the estimated model and testing for 

significance of the coefficients. 

Section 8 suggested two methods for comparison of the performance of the three 

statistical techniques discussed in pervious sections. First, the ROC curve was 

discussed in order to provide a technique used for assessing the best performance 

among credit scoring models. Secondly, the percentages of correctly classified 

cases for each model showed that the percentages calculated for each technique 

would be used in selecting the best performance model.      
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Chapter 6. Empirical Results 

6.1 Introduction 

This chapter presents the results of the data analysis of credit risk modelling in the 

Al-Wahada Bank. The main purpose of this chapter is to analyse the data collected 

and discuss the results obtained by applying the techniques corresponding to the 

models presented in the previous chapter (discriminant analysis, logistic 

regression and survival analysis). A comparison of these techniques will then be 

able to identify credit risk in Libyan banks.   

The chapter consists of seven sections. Section 6.2 examines the data of the Al-

Wahada Bank and describes it in terms of the descriptive measures for variables 

used in this thesis. Section 6.3 explains the results of discriminant analysis 

through the estimation of discriminant model and some tests about the overall fit 

model and coefficients as well as the interpretation of the results. Section 6.4 

provides the analysis of the logistic regression model and describes in detail the 

process of estimation of the logistic model and testing of overall fit and 

coefficients as well as interpretation of the results. Section 6.5 shows the analysis 

of survival technique represented in the Cox Proportional Hazard method and 

explains the estimation, testing and interpretation of the survival model by taking 

into consideration the time to event. Section 6.6 provides a comparison between 

of the models to identify the optimal performance of each of them in terms of the 

Al-Wahada Bank data and discusses the ROC curve and percentage correctly 

classified to determine performance of each model. The chapter ends with some 

brief concluding remarks in Section 6.7. 

6.2 Data and descriptive statistics 

SPSS Version 15 was used for the statistical analysis of the descriptive statistics of 

the Al-Wahda bank data. The sample consists of 400 personal loans granted in 

1997 and is equally divided into good and bad loans. Twenty-six variables were 

collected, but only 21 variables are used in the actual analysis. Tables 6.1, 6.2 and 

6.3 contain these variables and some of the descriptive statistics. 
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Table 6.1 shows the results obtained from analysing categorical demographic 

variables for borrowers. The frequencies and percentages for each variable of 

good loans and bad loans are illustrated. 

Table 6.1 Descriptive statistics for categorical borrower variables of the  

Al-Wahada Bank 

Variable   Good  Percent Bad Percent 

Loans % Loans % 

PUR House Maintenance 140 70 81 40 

 Treatment 10 5 21 10 

 Buy a car 43 21 89 45 

 Buy furniture 4 2 0 0 

 Not applicable 3 2 9 5 

PROP Unit 76 38 120 60 

 House 124 62 80 40 

ACC Rent 72 36 120 60 

 Own 74 37 50 25 

 Family 54 27 30 15 

OCC_A Soldier, policeman,  

security 

32 16 30 15 

 Professional 30 15 22 11 

 Retired 20 10 10 5 

 Private sector 22 11 60 30 

 Public sector 96 48 78 39 

AGE_A 18–26 32 16 40 20 

 27–35 82 40 64 32 

 36–44 48 24 54 27 

 45–53 19 10 22 11 

 54–61 9 5 12 6 

 62–71 10 5 8 4 

GND_A Male 160 80 170 85 

 Female 40 20 30 15 

MART_A married 123 61 118 58 

 Single 70 35 46 23 

 divorced 1 1 31 16 

 Widow 6 3 5 3 

OPN Good 158 79 120 60 

 N/A 42 21 80 40 

ONG_A Yes 172 86 130 65 

 No 28 14 70 35 

GUR_A Yes 20 10 16 8 

 No 180 90 184 92 

EXT_A Yes 40 20 26 13 

  No 160 80 174 87 

In regard to the purpose of loan (PUR), the result shows that the percentage of 

loans for house maintenance represents the highest at 70% for good loans while 
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buying a car represents the highest of 89% for bad loans. In relation to the type of 

borrower‘s property (PROP), of good loans the result shows that 62% of 

borrowers are living in houses and 38% are living in units. In contrast, of bad 

loans 60% of borrowers are living in units and 40% are living in houses. In 

relation to the status of borrower accommodation, Table 6.1 also shows that 36% 

of good loan borrowers are renting and 37% own their home; both are higher than 

borrowers who live with their parents 27%. On the other hand, the highest 

percentage of borrowers classified as bad loans are renters (60%). With respect to 

the borrower‘s occupation (OCC_A), the result shows that the highest percentage 

are working in the public sector for both good and bad loans of 48% and 39% 

respectively and the lowest percentage is retired borrowers for both good and bad 

loans of 10% and 5% respectively. In addition, borrowers who work in the private 

sector have a high percentage of bad loans (30%). Regarding the borrower‘s age 

(AGE_A), the results show that the majority of borrowers are in the second and 

third categories of age (64% and 69%) in terms of good loans and bad loans 

respectively. Concerning the borrowers‘ gender (GND_A), 80% of borrowers who 

are classified as good loans are male and 20% are female. Moreover, 85% of 

borrowers who are classified as bad loans are male and 15% are female. The 

parentage of males for both classifications of borrowers is higher than the 

percentage of female. With regard to borrowers‘ marital status (MART_A), the 

majority of borrowers with both good and bad loans, 61% and 58% respectively, 

are married, while singles represent 35% and 23% of both good loans and bad 

loans. In relation to bank opinion (OPN) about a borrower, the bank provides 

higher percentage agreement in both classifications of loans of 79% and 60% 

respectively. However, the percentage not providing opinion about a borrower for 

good loans is 21% which is lower than bad loans (40%). Concerning whether the 

borrower has an ongoing salary (ONG_A), the majority of borrowers in both 

classifications have an ongoing salary; 86% for good loans against 60% for bad 

loans. In respect to whether borrower guaranteed another person (GUR_A), the 

minority of borrowers in both classifications guaranteed another person; 10% for 

good loans against 8% for bad loans. Regarding whether the borrower has another 

loan (EXT_A), the minority of borrowers in both classifications have another 

loan; 20% and 13% respectively. 
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Table 6.2 shows the results obtained from analysing categorical demographic 

variables for guarantors. The frequencies and percentages for each variable of 

good loans and bad loans are illustrated. 

Table 6.2 Descriptive statistics for categorical guarantor variables of the Al-

Wahada Bank 

Variable  Good 

Loans 

Percent 

% 

Bad 

Loans 

Percent 

% 

OCC_B Soldier, Policeman, Security 28 14 34 17 

  Professional 31 16 12 6 

  Retired 26 13 0 0 

  Public Sector 115 57 154 77 

ONG_B Yes 196 98 110 55 

  No 4 2 90 45 

GUR_B Yes 28 14 99 49 

  No 172 86 101 51 

AGE_B 18-26 25 12 30 15 

  27-35 73 37 96 48 

  36-44 38 19 50 25 

  45-53 23 12 24 12 

  54-61 26 13 0 0 

  62-71 15 7 0 0 

GND_B Male 158 79 156 78 

  Female 42 21 44 22 

EXT_B Yes 31 15 103 52 

  No 169 85 97 48 

In relation to the guarantor‘s occupation (OCC_B), the results show that the 

highest percentage are working in the public sector with good and bad loans of 

57% and 77% respectively and the lowest percentage is for retired guarantors; 

good and bad loans of 13% and 0% respectively. With respect to whether the 

guarantor has an ongoing salary (ONG_B), the majority of guarantors in both 

classifications have an ongoing salary; 98% for good loans against 55% for bad 

loans. In relation to whether the guarantor guaranteed another person (GUR_B), 

the minority of guarantors guaranteed another person; 14% for good loans. 

However, about half of the guarantors guaranteed another person for bad loans. 

Concerning the guarantor‘s age (AGE_B), the results show that the majority of 

guarantors are in the second and third categories of age; 56% and 73% in terms of 

good loans and bad loans respectively. With regard to the guarantor‘s gender 

(GND_B), 79% of guarantors classified as good loans are male and 21% are 

female. Moreover, 78% of guarantors classified as bad loans are male and 22% 

are female. The parentage of males for both classifications of guarantors is higher 
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than the percentage for females. Regarding whether the guarantor has another loan 

(EXT_B), the minority of guarantors in the good loans category have another loan 

(20%) however, the majority of guarantors in the bad loans category have another 

loan (52%).  

Finally, Table 6.3 shows the results obtained from analysing quantitative 

demographic variables for borrowers guarantors. The minimum and maximum, 

mean, standard deviation and coefficient of variance (CV) for each variable of 

good loans and bad loans are illustrated. 

Table 6.3 Descriptive statistics for quantitative variables of the Al-Wahada Bank 

Variable Min. Max. Mean Std. Deviation CV % 

  Good Bad Good Bad Good Bad Good Bad Good Bad 

LOAN 1008.000 3210.000 8820.000 5765.000 4143.120 4980.240 1296.981 821.047 31.300 16.490 

CHIL 0.000 0.000 9.000 8.000 2.125 2.675 2.340 2.199 110.130 82.190 

SAL_A 109.081 139.658 775.491 372.977 259.568 268.051 102.087 50.726 39.330 18.920 

SAL_B 101.039 148.825 680.513 389.564 252.668 265.781 85.612 54.773 33.880 20.610 

Table 6.3 includes descriptive statistics for quantitative variables of the Al-

Wahada Bank. These variables consist of loan amount (LOAN), number of 

children for borrower (CHIL), salary for borrower (SAL_A) and salary for 

guarantor (SAL_B). As shown, the mean loan for good loans is LYD4,143.120 

against LYD4,980.240 for bad loans which is considerably higher. In terms of 

number of children, Table 6.3 shows that borrowers classified as bad loan have on 

average more children than those classified as good loans. In relation to salary for 

both borrowers and guarantors, the result shows that the average salary for good 

loans is LYD259.568 and LYD252.668 (for borrowers and guarantors 

respectively) and is lower than the average salary for bad loans (LYD268.051, 

LYD265.781 respectively). With regard to volatility, Table 6.3 depicts the 

coefficients of variation (CV) for each variable. It shows that the good loans 

variables are more volatile than bad loans variables. Number of children shows 

the highest volatility; 110.13% for good loans against 82.19% for bad loans. 

However, the loan amount is the least variable; 31.30% for good loans against 

16.49% for bad loans. 
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6.3 Discriminant analysis  

SPSS Version 15 is used for the discriminant analysis. In this research, the sample 

comprises 400 personal loans of the Al-Wahada Bank granted in 1997. This 

sample was divided into an analysis sample of 300 loans and a holdout sample of 

100 loans for validation purposes. The two group sizes of 157 and 143 loans in the 

analysis sample exceed the minimum size of 20 loans per group. In this section, 

estimation of the discriminant model and assessment of overall fit as well as the 

interpretation of the results are discussed. Furthermore, the assumptions of 

discriminant analysis are taken into consideration. 

6.3.1 Estimation of the discriminant model and testing overall fit 

The main purpose of using discriminant analysis in this research is to identify the 

independent variables that efficiently differentiate between good loans and bad 

loans in the Al-Wahada Bank. Therefore, the assessment can be started by 

examining the group means for each independent variable (21 variables) and by 

using the stepwise method for the analysis sample which contains 300 loans.  

Table 6.4 provides the group means for each of the independent variables in the 

Al-Wahada loans, based on the three hundred observations constituting the 

analysis sample. 

In profiling the two groups, twelve variables provide the largest differences in the 

group means (the amount of loan LOAN), the purpose of loan (PUR), the type of 

property (PROP), the status of accommodation (ACC), number of children of an 

applicant (CHIL), the opinion of the Credit Department at the Al-Wahada Bank 

(OPN), the occupation of the guarantor (OCC_B), whether the borrower‘s salary 

is ongoing (ONG_A), whether the guarantor‘s salary is ongoing (ONG_B), 

whether the guarantor guarantees another borrower (GUR_B), the age of 

guarantor AGE_B), and whether the guarantor has another loan (EXT_B)). Table 

6.4 also details the Wilks‘ Lambda and univariate ANOVA used to assess the 

significance between means of the independent variables for the good loans and 

bad loans. These tests indicate that the twelve variables are also the only variables 

with significant univariate differences between two groups. Finally, the minimum 

Mahalanobis 2D  values are also given. This value is important because it is the 

measure used for selecting variables for entry in the stepwise estimation process. 
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Because only two groups are involved, the largest 2D  value also has the most 

significant difference between groups. 

Table 6.4 Group descriptive statistics and tests of equality for the estimation 

sample in the two group discriminant analysis 

Independent  

variable 

Dependent Variable 

 

Test of equality of Group Means Minimum 

Mahalanobis 

               

2D  

 

Group Means 

Good loans Bad loans Wilks‘Lambda F value Significance 

LOAN 4129.350 5000.049 .865 46.360 .000 .619 

PUR 1.63694 2.11888 .951 15.449 .000 .206 

PORP 1.62420 1.42657 .961 12.130 .001 .162 

ACC 1.93631 1.55944 .943 18.140 .000 .242 

OCC_A 3.61783 3.62937 1.000 .004 .948 .000 

AGE_A 2.55414 2.74825 .995 1.642 .201 .022 

GND_A 1.20382 1.12587 .989 3.288 .071 .044 

MART_A 1.49045 1.63636 .991 2.755 .098 .037 

CHIL 2.00000 2.71329 .975 7.691 .006 .103 

OPN 1.23567 1.39161 .972 8.698 .003 .116 

SAL_A 259.127 269.925 .995 1.416 .235 .019 

ONG_A 1.16561 1.34266 .958 12.969 .000 .173 

GUR_A 1.90446 1.90210 1.000 .005 .945 .000 

EXT_A 1.80892 1.86713 .994 1.855 .174 .025 

SAL_B 252.586 265.520 .992 2.344 .127 .031 

OCC_B 3.69427 4.06993 .987 4.011 .046 .054 

ONG_B 1.03822 1.48951 .749 99.814 .000 1.334 

GUR_B 1.86624 1.52448 .860 48.368 .000 .646 

AGE_B 2.96815 2.29371 .932 21.653 .000 .289 

GND_B 1.40764 1.32168 .997 .920 .338 .012 

EXT_B 1.84076 1.53147 .888 37.675 .000 .503 

To identify which of these twelve variables, in addition to the other variables, best 

discriminates between the groups, the discriminant function must be estimated. By 

using the stepwise method, the variable with non significant differences across the 

groups (more than .05) and the lowest Mahalanobis distance 2D  between groups 

will be excluded; and vice versa. This process continues to exclude variables in 

the discriminant function as long as they do not provide statistically significant 

additional discrimination between the groups. 

Table 6.5 shows the steps required to select the variables which have the best 

discriminately power. The variable (whether the guarantor‘s salary is ongoing 

(ONG_B)) is entered as the first variable in the stepwise procedure because it has 

the largest significant difference between groups and the largest Mahalanobis 2D . 
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Table 6.5 Variables in the analysis after each step 

Variable entered 

 

Tolerance Minimum 
2D  F Value 

Value Significant 

Step 1   ONG_B 1.000 1.334 99.814 0.000 

Step 2  GUR_B 1.000 1.983 73.968 0.000 

Step 3   LOAN 0.991 2.439 60.440 0.000 

Step4   SAL_A 0.506 2.717 50.316 0.000 

Step 5  CHIL 0.952 2.928 43.234 0.000 

Step 6  GUR_A 0.873 3.177 38.966 0.000 

Step 7  AGE_B 0.889 3.448 36.123 0.000 

Step 8  MART_A 0.831 3.559 32.512 0.000 

Step 9  PUR 0.957 3.672 29.710 0.000 

At each step, the variable that maximizes the Mahalanobis distance 

between the two closest groups is entered. 

 a  Maximum number of steps is 42. 

b  Maximum significance of F to enter is .05. 

c  Minimum significance of F to remove is .10. 

 As shown in Table 6.5, nine steps are required to select discriminately variables. 

These variables are whether the guarantor‘s salary is ongoing (ONG_B), whether 

a guarantor guaranteed another borrower (GUR_B), the amount of loan (LOAN), 

monthly salary of a borrower (SAL_A), number of children of a borrower (CHIL), 

whether an applicant guaranteed another borrower (GUR_A), the age of guarantor 

(AGE_B), marital status of a borrower (MART_A), and the purpose of loan 

(PUR), respectively. However, it can be noted that some variables entered into the 

analysis in spite of being not significant in the test of equality of the group means 

stage as shown in Table 6.4. These include variables of  marital status of  a 

borrower (MART_A), monthly salary of a borrower (SAL_A), and whether an 

applicant guaranteed another borrower (GUR_A). In contrast, the variables that 

were significant in the test of equality at the group means stage including the type 

of property (PROP), the status of accommodation (ACC), the opinion of Credit 

Department (OPN), whether the borrower‘s salary is ongoing (SAL_A), and 

whether the guarantor has another loan (EXT_A) do not enter in the stepwise 

analysis. Thus, the estimation process stops with nine variables constituting the 

discriminant function.  

In addition to the selection of discriminately variables in stepwise methods, the 

overall model fit is explained in each step in Table 6.6. In this Table, the overall 

results of each step are statistically significant and continue to improve in 
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discrimination, as evidenced by the decrease in the Wilks‘ lambda value from 

0.749 in step one to 0.520 in the last step.   

                 Table 6.6 Overall model fit after each step 

 Wilks‘Lambda value F value Degree of Freedom Significance 

Step 1 0.749 99.814 1,298 0.000 

Step 2 0.668 73.968 1,297 0.000 

Step 3 0.620 60.440 1,296 0.000 

Step 4 0.594 50.316 1,295 0.000 

Step 5 0.576 43.234 1,294 0.000 

Step 6 0.556 38.966 1,293 0.000 

Step 7 0.536 36.123 1,292 0.000 

Step 8 0.528 32.512 1,291 0.000 

Step 9 0.520 29.701 1,290 0.000 

Furthermore, Table 6.7 provides the overall stepwise discriminant analysis results 

after all the significant variables are included in the estimation of the discriminant 

function. 

Table 6.7 consists of four parts. The first part represents the overall fit of 

canonical discriminant analysis. It can be noted that the discriminant function is 

highly significant and shows a canonical correlation of 0.693. By squaring this 

number, 0.48 can be obtained. Therefore, 48% of the variance in the dependent 

variable (status of loan) can be explained by this model which includes only nine 

independent variables. Furthermore, the percent of variance is indicated by the 

eigenvalue. The Table shows a large eigenvalue of 0.992 which indicates a strong 

discriminant function. Moreover, Wilks‘ lambda tests the null hypothesis that the 

average discriminant scores are equal for both good loans and bad loans. The 

Table shows that the Wilks‘ lambda of 0.693 has a significant value. Thus, the null 

hypothesis can be rejected and it can be concluded that the group means of the 

discriminant functions appear to differ. The second part of Table 6.7 represents the 

discriminant function and classification function coefficients. The unstandardized 

discriminant coefficients are used to compute the discriminant Z score that can be 

used in classification. Thus, the following discriminant model can be used to 

predict whether an applicant has a good loan or has a bad loan for the Al-Wahada 

Bank: 

Discriminant score = - 3.781 + 1.430(ONG_B) - 0.992(GUR_B) + 0.001(LOAN)

                                  - 0.006(SAL_A) + 0.209(CHIL) + 0.907(GUR_A) - 0.246(AGE_B)  

                                 + 0.257(MART_A) + 0.169(PUR).
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Table 6.7 Overall model fit 

Part 1: Canonical discriminant function 

 Percent of variance Canonical Correlation Wilks‘ 

 Lambada 

Chi-Square df Significance 

Eigenvalue Function Cumulative 

0.922 100 100 0.693 0.520 191.770 9 0.000 

Part 2: Discriminant Function and classification function Coefficients 

Independent 

variables 

Discriminant function Classification functions 

Unstandardized Standardized Good loans Default loans 

ONG_B 1.430 0.559 8.812 11.552 

GUR_B -0.992 -.422 8.500 6.559 

LOAN 0.001 0.715 0.004 0.006 

SAL_A -0.006 -.457 0.005 -0.006 

CHIL 0.209 0.464 1.242 1.642 

GUR_A 0.907 0.269 23.802 25.540 

AGE_B -0.246 -0.309 2.042 1.570 

MART_A 0.257 0.195 3.107 3.600 

PUR 0.169 0.179 1.328 1.652 

Constant -3.781  -53.240 -60.570 

Part3: Structure Matrix 

Independent variables Function 1 

ONG_B .603 

GUR_B -.420 

LOAN .411 

AGE_B -.281 

PUR .237 

CHIL .167 

MART_A .100 

SAL_A .072 

GUR_A -.004 

Pooled within-groups correlations between 

discriminating variables and standardized 

canonical discriminant functions.  

Variables ordered by absolute size of 

correlation within function. 

Part 4: Group means (centroids) of discriminant analysis functions 

Group of loans Function1 

Good -0.913 

Default 1.003 

Unstandardized canonical 

discriminant functions evaluated at 

group means 

The standardized discriminant coefficients depicted in the third column in part 

two are the coefficients obtained when all predictor variables are standardized to a 

mean of zero and a within-group standard deviation of 1. The standardized 

coefficients compare the importance of the coefficient for independent variables in 

terms of their impact on the discriminant function. For example, Table 6.7 shows 
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that the LOAN variable of 0.715 has the greatest impact on the discriminant 

function. In relation to the classification function, the discriminant score can be 

individually calculated for good loans and bad loans. The third part in Table 6.7 

represents the structure matrix which shows the discriminant loadings in 

descending order by size of the loading. It can be noted that guarantor‘s ongoing 

salary has the highest correlation with discriminant function and borrower‘s 

marital status has the smallest correlation coefficient. Part four in Table 6.7 

represents the group means of the discriminant functions. The group mean for 

good loans is – 0.913, while the group mean for bad loans is 1.003. Consequently, 

the overall results of the model are acceptable based on statistical and practical 

significance.  

Assessing classification accuracy 

Assessing classification accuracy requires achieving three steps; calculating the 

cutting score, constructing classification matrices and evaluating the achieved 

classification accuracy.  

Firstly, calculating the cutting scoring requires identifying the number of 

observations for good and bad loans in the sample. In this research, the analysis 

sample includes 300 observations divided into 157 observations representing good 

loans, and 143 observations representing bad loans. Because the sample for this 

research is randomly selected this sample does not reflect the population 

proportions. Therefore, this discriminant analysis uses the sample proportions to 

identify the prior probabilities for classification purposes. Table 6.8 shows the 

prior probabilities for groups. 

Table 6.8 Prior probabilities for groups 

Group 

  

Prior Cases Used in Analysis 

Unweighted Weighted Unweighted 

Good .500 157 157.000 

Default .500 143 143.000 

Total 1.000 300 300.000 

From Table 6.8 and part four of Table 6.7 relating to group means of discriminant 

functions, the optimum cutting score can be computed by applying the Formula 

5.9 in Chapter 5 and substitution of the values as follows: 
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(157)(1.003) (143)( 0.913)
0.0897

157 143
CSZ

 
 

  

Thus, the procedure for classifying loans with an optimal cutting score is as 

follows: (i) if CSZ  of an observation is less than 0.0897, the loan classifies as a 

good loan; (ii) if  CSZ  of an observation is greater than 0.0897, the loan classifies 

as a bad loan. Secondly, Table 6.9 shows the classification results for two group 

discriminant analysis. The analysis sample, with 86% prediction accuracy, is 

higher than the 77% accuracy of the holdout sample. Furthermore, the cross-

validated sample achieved a prediction accuracy of 85.7%. 

Finally, since all of the measures of classification accuracy are quite high the 

evaluation process requires a comparison of the classification accuracy in a series 

of chance-based measures. These measures reflect the improvement of the 

discriminant model when compared to classification of individuals without using 

a discriminant function. 

The first measure is the proportional chance criterion, which assumes 

misclassifications are equal and the group sizes are unequal. By applying Formula 

5.12 in Chapter 5 and substituting the values as follows: 

2 2157 143
( ) ( ) 0.5
300 300analysis samplePROC     

2 243 57
( ) ( ) 0.5
100 100holdout samplePROC     

The proportional chance value should be equal to 50% for both the analysis 

sample and the holdout sample as calculated above. When this value is compare to 

all classification accuracies (hit ratios) shown in the footnote of Table 6.9, it can 

be noted that all classification accuracies are higher than the proportional chance 

value. This means that the levels of classification accuracy are acceptable. 

The second measure to test the acceptance of the levels of classification accuracy 

is that the classification accuracy should be at least one-fourth greater than that 

achieved by chance. Thus, the suggested threshold of these values is (50%×1.25=) 

62.5% which represents the maximum chance and smaller than the levels of 

classification accuracy. This also means that the levels of classification accuracy 

are acceptable. 
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Table 6.9 Classification results (b,c,d) 

      Group Predicted Group 

Membership 

Total 

        Good Default 

Estimation sample Original Count Good 139 18 157 

      Default 24 119 143 

    % Good 88.5 11.5 100 

      Default 16.8 83.2 100 

  Cross-validated(a) Count Good 138 19 157 

      Default 24 119 143 

    % Good 87.9 12.1 100 

      Default 16.8 83.2 100 

Holdout sample Original Count Good 38 5 43 

      Default 18 39 57 

    % Good 88.4 11.6 100 

      Default 31.6 68.4 100 

a. Cross validation is done only for those cases in the analysis. In cross validation, each case is 

classified by the functions derived from all cases other than that case. 

b. 86.0% of selected original grouped cases correctly classified. 

c. 77.0% of unselected original grouped cases correctly classified. 

d. 85.7% of selected cross-validated grouped cases correctly classified. 

The final measure of classification accuracy is Press‘s Q which can be computed 

for both the analysis sample and the holdout sample. By applying Formula 5.13 in 

Chapter 5 and substituting the values the following is obtained: 

 

 

2

2

300 (258 2)
Pr ' 155.52

300(2 1)

100 (77 2)
Pr ' 29.16

100(2 1)

analysis sample

holdout sample

ess s Q

ess s Q

 
 



 
 



 

Because the values of both of Press‘s Q exceed the critical value of Chi-square of 

3.8415, therefore the classification accuracy for the analysis sample and the 

holdout sample is statistically significant and better than chance. Thus, it can be 

concluded that the levels of classification accuracy are acceptable.  

Casewise diagnostics 

In addition to examining the overall results, the individual observations can be 

examined for their predictive accuracy and identification of the specific 

misclassified cases. Table A.16 in Appendix, p. 295 shows the group predictions 

for cases in the two group discriminant analysis for analysis and holdout samples. 

This Table shows that 65 cases of 400 observations are misclassified dividing into 
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23 cases in good loans (18 cases for the analysis sample and 5 cases for the 

holdout sample) and 42 cases in bad loans (25 cases for the analysis sample and 

17 cases for the holdout sample). The optimal cutting score 
CSZ  is used to 

determine the misclassified cases. Cases of good loans that have CSZ  greater than 

0.0897 are misclassified as bad loans. Cases of bad loans that have 
CSZ  less than 

0.0897 are misclassified as good loans.   

Once the misclassified cases are identified, further analysis can be performed to 

understand the reasons for their misclassification. Table 6.10 shows the correctly 

and misclassified observations in two groups (good and bad loans) from the 

analysis and holdout samples. The purpose of this analysis is to identify specific 

differences on the independent variables that might identify either new variables 

to be added or common characteristics that should be considered. In this analysis, 

the independent variables were removed from the discriminant function are 

included again in order to know if they are possible inclusion in discriminant 

function. 

The 23 cases in the analysis and holdout samples misclassified among the good 

loans show significant differences on seven of the nine independent variables in 

the discriminant function and entered six variables not in the discriminant 

function. 

Similarly, the 42 cases misclassified among the bad loans show significant 

differences on five of the nine independent variables in the discriminant function 

and entered seven variables not in the discriminant function.  
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Table 6.10 Profiling correctly classified and misclassified cases in the two groups 

Dependent 

variable 

Group/profile 

variables 

Mean scores t test 

classified misclassified Difference Significance 

Good loans N= 177 N=23   

 LOAN 3972.215 5458.348 -1486.13 .000 

 PUR 1.57627 2.04348 -0.46721 .046 

 PROP 1.59322 1.82609 -0.23287 .013* 

 ACC 1.90960 1.91304 -0.00344 .974* 

 OCC_A 3.55367 3.95652 -0.40285 .142* 

 AGE_A 2.50282 3.39130 -0.88848 .002 

 GND_A 1.19774 1.21739 -0.01965 .826 

 MART_A 1.45198 1.43478 0.0172 .939* 

 CHIL 1.84181 4.30435 -2.46254 .000 

 OPN 1.21469 1.17391 0.04078 .653 

 SAL_A 252.348 315.128 -62.7798 .005 

 ONG_A 1.14689 1.08696 0.05993 .438 

 GUR_A 1.92090 1.73913 0.18177 .070* 

 EXT_A 1.82486 1.60870 0.21616 .056* 

 SAL_B 245.239 309.835 -64.5955 .025* 

 OCC_B 3.76836 3.30435 0.46401 .188 

 ONG_B 1.00565 1.21739 -0.21174 .105* 

 GUR_B 1.92655 1.34783 0.57872 .000* 

 AGE_B 2.98870 2.95652 0.03218 .922 

 GND_B 1.41808 1.43478 -0.0167 .927 

 EXT_B 1.90395 1.39130 0.51265 .000* 

Default loans  N=158 N=42   

 LOAN 4985.494 4960.476 25.01748 .990* 

  PUR 2.32278 1.61905 0.70373 .000 

  PROP 1.34177 1.61905 -0.27728 .004 

  ACC 1.44937 1.92857 -0.4792 .001 

  OCC_A 3.58228 4.00000 -0.41772 .077 

  AGE_A 2.64557 2.57143 0.07414 .847 

  GND_A 1.15823 1.11905 0.03918 .885 

  MART_A 1.66456 1.42857 0.23599 .043* 

  CHIL 2.77848 2.28571 0.49277 .258 

  OPN 1.44937 1.21429 0.23508 .003* 

  SAL_A 265.906 276.117 -10.2103 .261 

  ONG_A 1.41139 1.11905 0.29234 .000* 

  GUR_A 1.92405 1.90476 0.01929 .684 

  EXT_A 1.89241 1.78571 0.1067 .059* 

  SAL_B 261.754 280.934 -19.1806 .027 

  OCC_B 4.08861 4.33333 -0.24472 .155* 

  ONG_B 1.56962 1.00000 0.56962 .000* 

  GUR_B 1.41139 1.85714 -0.44575 .000* 

  AGE_B 2.20886 2.83333 -0.62447 .000 

  GND_B 1.37975 1.66667 -0.28692 .036* 

  EXT_B 1.42405 1.71429 -0.29024 .001* 

* t test performed with separate variance estimates rather than a pooled estimate because the Levene 

test detected significant difference in the variation between two groups. 
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6.3.2 Interpretation of the results 

This stage involves examining the function to determine the relative importance of 

each independent variable in discriminating between the groups, interpreting the 

discriminant function based on the discriminant loadings, and then profiling each 

group on the pattern of mean values for variables identified as important 

discriminate variables. 

Identifying important discriminate variables 

Discriminant loadings are considered the more appropriate measure of 

discriminatory power along with the discriminant weights.  

Table 6.11 Summary of interpretive measures for two-group discriminant analysis 

Independent 

variables 

Discriminant Loading Discriminant 

loadings 

Wilks‘s 

Lambda 

Univariate F Ratio 

unstandardized standardize Loading Rank Value F 

value 

Sig. Rank 

LOAN 0.001 0.715 0.411 3 0.865 46.360 0.000 3 

PUR 0.169 0.179 0.237 7 0.951 15.449 0.000 7 

PROP NI NI -0.180 8 0.961 12.130 0.001 7 

ACC NI NI -0.257 6 0.943 18.140 0.000 6 

OCC_A NI NI -0.003 21 1.000 0.004 0.948 21 

AGE_A NI NI 0.029 18 0.995 1.642 0.201 17 

GND_A NI NI -0.069 15 0.989 3.288 0.071 13 

MART_A 0.257 0.195 0.100 11 0.991 2.755 0.098 14 

CHIL 0.209 0.464 0.167 10 0.975 7.691 0.006 11 

OPN NI NI 0.076 13 0.972 8.698 0.003 10 

SAL_A -0.006 -0.457 0.072 14 0.995 1.416 0.235 18 

ONG_A NI NI 0.169 9 0.958 12.969 0.000 6 

GUR_A 0.907 0.269 -0.004 20 1.000 0.005 0.945 20 

EXT_A NI NI 0.055 17 0.994 1.855 0.174 16 

SAL_B NI NI 0.010 19 0.992 2.344 0.127 15 

OCC_B NI NI 0.062 16 0.987 4.011 0.046 12 

ONG_B 1.430 0.559 0.603 1 0.749 99.814 0.000 1 

GUR_B -0.992 -0.422 -0.420 2 0.860 48.368 0.000 2 

AGE_B -0.246 -0.309 -0.281 5 0.932 21.653 0.000 5 

GND_B NI NI -0.094 12 0.997 0.920 0.338 19 

EXT_B NI NI -0.286 4 0.888 37.675 0.000 4 
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Because the interpretation of discriminant weights can be impacted by 

multicollinearity among the independent variables, the discriminant loadings more 

accurately represent each variable along with the discriminant score.   

Table 6.11 contains the entire set of interpretive measures, including 

unstandardized and standardised discriminant loadings, weights for discriminant 

function, Wilks‘ lambda, and the univiarte F ratio. For interpretation purposes, it 

can rank the independent variables in terms of their loadings and univiarte F 

values. Signs of weights or loading represent a positive or negative relationship 

with the dependent variable; therefore they do not affect the ranking. 

Table 6.11 also shows that the nine variables of the discriminant function with the 

highest F values and lowest Walks‘ lambda values.       

6.3.3 Test of multicollinearity 

Multicollinearity can be identified by several means including, tolerance values, 

variance inflation factor (VIF), condition index, and pooled within-group 

matrices.  

Table 6.12 Assessing tolerance and VIF values 

variable 2R  Tolerance(
21 R ) VIF(

21/1 R ) 

LOAN 0.561 0.439 2.27791 

PUR 0.159 0.841 1.189345 

PROP 0.815 0.185 5.417382 

ACC 0.817 0.183 5.470938 

OCC_A 0.399 0.601 1.665068 

AGE_A 0.634 0.366 2.729377 

GND_A 0.315 0.685 1.45926 

MART_A 0.257 0.743 1.345984 

CHIL 0.575 0.425 2.35053 

OPN 0.561 0.439 2.27791 

SAL_A 0.539 0.461 2.16805 

ONG_A 0.640 0.360 2.777778 

GUR_A 0.444 0.556 1.797126 

EXT_A 0.449 0.551 1.814553 

SAL_B 0.398 0.602 1.661574 

OCC_B 0.406 0.594 1.682847 

ONG_B 0.411 0.589 1.69745 

GUR_B 0.444 0.556 1.797126 

AGE_B 0.403 0.597 1.675673 

GND_B 0.176 0.824 1.214182 

EXT_B 0.419 0.581 1.720013 
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Table 6.12 shows that only the lowest tolerance values are represented by the type 

of property and the possession of property of 0.185, 0.183 respectively but both 

are more than 0.10
11

 (as a rule of thumb). Furthermore, Table 6.12 shows the 

tolerance in each step is more than 0.90. The same result will be obtained when 

applying the VIF. Table 6.12 shows that only the highest VIF values are 5.42 and 

5.47 for the type of property and the possession of property  respectively but both 

are still less than 10 (as a rule of thumb). On the other hand, condition index 

results in multicollinearity. The condition indices are about 42 which exceeds the 

criteria (between 10 and 30 - see Table A.15 in Appendix, p. 294). Therefore, the 

solution is to remove the variables causing multicollinearity representing in the 

type of property and the status of accommodation and whether an applicant has 

another loan and whether an applicant guaranteed another person. Because 

whether an applicant guaranteed another person is the only variable included in 

discriminant function, whether an applicant has another loan and the status of 

accommodation variables will be removed. Table A.14 attached in the Appendix, 

p. 293 shows that there is no multicollinearity between independent variables, but 

this does not affect the result of discriminant analysis.   

6.3.4 Test of outliers 

The classification output for individual cases can be used to identify outliers. To 

identify outliers the critical value for Mahalanobis 2D , which is the value that 

attains a specific level of statistical significance, should be established. It can be 

assumed that a case is an outlier if the calculated Mahalanobis 2D exceeds the 

critical value for Mahalanobis 2D . The critical value for Mahalanobis 2D can be 

identified by assuming the cumulative probability, 0.99, and the degrees of 

freedom of nine which represents the independent variables entered in the 

discriminant function. The critical value calculated by the SPSS software package 

was 21.67. By comparing the value for Mahalanobis 2D  to the calculated 

Mahalanobis 2D  values in Table A.16 in Appendix, p. 295 of casewise statistics, it 

can noted that the case 125 of 27.794 and the case 185 of 29.421 are larger than 

the critical value for Mahalanobis 2D of 21.67, therefore these cases are outliers 

                                                 
11

 If 
2

R exceed 0.90, the tolerance value will be more than 0.10 and the VIF value will be more 

than 10. In this case, it can be said to be highly collinear.  
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and they must be omitted from the analysis. After removing the outlier cases, the 

original cases correctly classified changed from 86% to 86.6% and the cross-

validated classification accuracy rate changed from 85.7% to 85.2%. Moreover, 

the mrital status variable is removed from the discriminant function and therefore 

there are only eight variables entered. 

6.3.5 Test of homogeneity   

The most common test of homogeneity is Box‘s M. Table 6.13 shows that the 

Box‘s M statistics have an F value of 358.619 with a probability of 0.000 which 

means the null hypothesis that the covariance matrices do not differ between 

groups of loans formed by the dependent is rejected and the assumption of 

homogeneity is violated. 

Table 6.13 Test results of homogeneity 

Box's M 358.619 

F Approx. 7.716 

df1 45 

df2 286573.424 

Sig. .000 

Tests null hypothesis of equal 

population covariance matrices. 

However, the Box‘s M usually shows a significant result when the sample size is 

large and so it can be interpreted in conjunction with an investigation of the log 

determination. Therefore log determinants of the group covariance matrices, as a 

measure of the variability of the groups, can be considered to check for 

homogeneity. Table 6.14 shows the logs of determinations of the variance 

matrices. 

Table 6.14 Log Determinants of variance 

Group Rank Log 

Determinant 

Good 9 16.052 

Default 9 15.774 

Pooled within-groups 9 17.123 

The ranks and natural logarithms of determinants 

printed are those of the group covariance matrices. 

It can be noted in Table 6.14 that the logs of determinations are relatively equal in 

value (16.05 and 15.77) which indicate the homogeneity of covariance matrices 

between groups.  
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In addition, regardless of substituting separate covariance matrices for 

classification in the SPSS software package, the accuracy rate was not affected.   

6.3.6 Summary of discriminant result  

The main purpose of using discriminant analysis in this research is to identify the 

independent variables that efficiently differentiate between good loans and bad 

loans in the Al-Wahada Bank. The stepwise method is used for estimating the 

discriminant function. The discriminant model of the Al-Wahada Bank includes 

nine independent variables. These variables are whether the guarantor‘s salary is 

ongoing (ONG_B), whether a guarantor guaranteed another borrower (GUR_B), 

the amount of loan (LOAN), monthly salary of a borrower (SAL_A), number of 

children of a borrower (CHIL), whether an applicant guaranteed another borrower 

(GUR_A), the age of guarantor (AGE_B), marital status of a borrower 

(MART_A), and the purpose of loan (PUR). Moreover, three different methods 

were used for assessing classification accuracy for the discriminant model. All of 

these methods show a high degree of classification accuracy. Finally, 

multicollinearity, outliers, and homogeneity tests were used for discriminant 

analysis of the Al-Wahada Bank data. The results of these assumption tests show 

that the classification accuracy of discriminant model was not affected. 

6.4 Logistic regression results 

The SPSS software package (version 15) was used for statistical analysis of the 

Logistic regression. The sample includes 400 personal loans of the Al-Wahada 

Bank granted in 1997. This sample was divided into an analysis sample of 300 

loans and a holdout sample of 100 loans sufficient for validation purposes. The 

two group sizes of 157 and 143 loans in the analysis sample exceed the minimum 

size of 20 loans per group. In this section, estimation of the logistic model and 

assessing overall fit as well as the interpretation of the results will be discussed. 

Furthermore, the assumptions of logistic regression will be taken into 

consideration. 

6.4.1 Estimation of logistic model and testing overall fit 

The main purpose of using logistic regression in this research is to identify the 

independent variables that efficiently contribute to differentiation between the 

good loans and bad loans. Therefore, assessment can be started by examining the 
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group scores for each independent variables (21 variables) and using the stepwise 

method on the analysis sample which contains of 300 loans.  

Table 4.33 shows the score statistics for each of the independent variables, based 

on the three hundred observations constituting the analysis sample. 

Table 6.15 Base model results 

Overall model fit goodness-of-fit measures 

 Value 

-2 Log likelihood (-2LL) 415.235 

  

Variables not in the Equation (a) 

  Score df Sig. 

Step 0 Variables LOAN 40.388 1 .000 

PUR 30.487 4 .000 

PUR (1) 25.243 1 .000 

PUR (2) 4.789 1 .029 

PUR (3) 17.078 1 .000 

PUR (4) 2.760 1 .097 

PROP(1) 11.734 1 .001 

ACC 17.240 2 .000 

ACC(1) 14.153 1 .000 

ACC(2) 1.096 1 .295 

OCC_A 14.612 4 .006 

OCC _A(1) .045 1 .832 

OCC _A(2) 1.899 1 .168 

OCC _A(3) .967 1 .325 

OCC _A(4) 13.075 1 .000 

AGE_A 3.056 5 .691 

AGE _A(1) .009 1 .924 

AGE _A(2) 2.280 1 .131 

AGE _A(3) .526 1 .468 

AGE _A(4) .216 1 .642 

AGE _A(5) .899 1 .343 

GND_A(1) 3.274 1 .070 

MART_A 30.957 3 .000 

MART _A(1) .000 1 .989 

MART _A(2) 8.830 1 .003 

MART _A(3) 26.829 1 .000 

CHIL 7.548 1 .006 

OPN(1) 8.508 1 .004 

SAL_A 1.419 1 .234 

ONG_A(1) 12.512 1 .000 

GUR_A(1) .005 1 .945 

EXT_A(1) 1.856 1 .173 

SAL_B 2.341 1 .126 

OCC_B 31.556 3 .000 

OCC _B(1) .963 1 .326 

OCC _B(2) 6.361 1 .012 
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  Score df Sig. 

OCC _B(3) 22.688 1 .000 

ONG_B(1) 86.719 1 .000 

GUR_B(1) 41.893 1 .000 

AGE_B 34.066 5 .000 

AGE _B(1) .681 1 .409 

AGE _B(2) 4.931 1 .026 

AGE _B(3) .298 1 .585 

AGE _B(4) .428 1 .513 

AGE _B(5) 19.518 1 .000 

GND_B(1) .923 1 .337 

EXT_B(1) 33.671 1 .000 

a  Residual Chi-Squares are not computed because of redundancies. 

Table 4.33 shows the base model results for the logistic regression analysis. The 

score statistics are used as a measure for selecting variables in the stepwise 

procedure. In reviewing the score statistics of variables not in the equation at the 

base model, it can be noted that most variables have statistically significance but 

the stepwise method selects the highest score statistics, ONG_B (1) (whether the 

guarantor‘s salary is ongoing), to be added in the first step. 

From Table 4.34, it can be seen that variable, ONG_B (1), was selected for entry 

in the first step of the estimation process. The entry of ONG_B (1), into the 

logistic regression model obtained a reasonable model fit with pseudo 2R values 

ranging from 0.240 to 0.377 and the overall correct classification of 74.3% and 

63% for the analysis and hold out samples respectively. In addition, it can be 

noted that the -2 log likelihood value reduced from 415.235 to 315.483. 

Estimation of the logistic regression model 

To identify which of the variables best discriminate between the groups, the 

logistic regression model must be estimated. By using the stepwise method, the 

variable with non significant differences across the groups (more than .05) and the 

lowest score statistics will be excluded; and vice versa. This process continues to 

exclude variables in the logistic regression model as long as they do not provide 

statistical significance. 
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Table 6.16 Stepwise estimation: Step one results 

Overall model fit: Goodness-of-fit measures 

 Change in -2LL 

 From base model From Prior step 

 value Change Significance  Change Significance  

-2 Log Likelihood 315.483 99.752 .000 .000 .000 

Cox & Snell R Square .283  

Nagelkerke R Square .377  

Pseudo R Square .240  

 value significance 

Hosmer and Lemeshow
2   

.000 . 

 
Variables in the equation 

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

Step 1(a) ONG_B(1) 3.602 .533 45.606 1 .000 36.678 

  Constant -2.862 .514 30.997 1 .000 .057 

 

Classification Table(c) 

  Observed Predicted Group membership 

    Analysis sample (a) Holdout sample (b) 

    Group Percentage 

Correct 

Group Percentage Correct 

    Default Good Default Good Default Good 

Step 1 Group Default 70 73 49.0 20 37 35.1 

    Good 4 153 97.5 0 43 100.0 

  Overall 

Percentage 

    74.3     63.0 

As shown in Table 6.17, eight steps were required to select discriminate variables. 

These variables are whether the guarantor‘s salary is ongoing (ONG_B), whether 

a guarantor guaranteed another borrower (GUR_B), the amount of loan (LOAN), 

monthly salary of a borrower (SAL_A), the occupation of borrower (OCC_B), 

number of children of a borrower (CHIL), whether an applicant guaranteed 

another borrower (GUR_A), and the marital status of a borrower (MART_A) 

respectively. 
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Table 6.17 Variables in the analysis after each step 

  Variables Score df Sig. 

Step 1 ONG_B(1) 86.719 1 .000 

Step 2 GUR_B(1) 36.411 1 .000 

Step 3 LOAN 17.444 1 .000 

Step 4 SAL_A 14.666 1 .000 

Step 5 OCC_B 15.342 3 .002 

 OCC _B(1) .904 1 .342 

 OCC _B(2) 1.826 1 .177 

 OCC _B(3) 12.285 1 .000 

Step 6 CHIL 8.614 1 .003 

Step 7 GUR_A(1) 10.177 1 .001 

Step 8 MART_A 9.881 3 .020 

 MART_A(1) 6.923 1 .009 

 MART_A(2) 2.281 1 .131 

 MART_A(3) 6.042 1 .014 

Testing overall model fit 

The logistic regression model of Al-Wahada Bank included eight variables, as 

shown in Table 6.17. To assess this model, three methods can be used; statistical 

measures of overall model fit, pseudo 2R  and the classification accuracy. 

Firstly, in relation to statistical measures of overall model fit, the first statistical 

measure is the likelihood ratio for the change in the -2 likelihood value from the 

baseline model. Table 6.18 presents the chi-square test for the eight steps in which 

a predictor provided a significant improvement in the fit of the model. 

Table 6.18 Overall model fit (chi-square)  

 Change in -2LL 

 From base model From Prior step 

 -2 Log Likelihood value Change 
2  

Significance  Change 
2  

Significance  

Step0 415.235     

Step1 315.483 99.752 .000 99.752 .000 

Step2 280.075 135.159 .000 35.407 .000 

Step3 261.898 153.337 .000 18.178 .000 

Step4 245.680 169.555 .000 16.217 .000 

Step5 223.887 191.347 .000 21.793 .000 

Step6 215.242 199.992 .000 8.645 .000 

Step7 204.753 210.481 .000 10.489 .000 

Step8 193.103 222.132 .000 11.625 .000 

Table 6.18 also shows that there is a negative relationship between the -2 Log 

Likelihood value and chi-square. This relationship is normal and results in the 
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goodness of fit of model. In addition, the significance of chi-square refers to the 

null hypothesis; the coefficients for stages are equal to zero is rejected and the 

existence of a relationship between the independent variables and dependent 

variable is supported.  

The second measure is the Hosmer and Lemeshow measure of overall fit model. 

Table 6.19 presents the Hosmer and Lemeshow for the eight steps. 

The Hosmer and Lemeshow test shows significance for all steps, which means 

that there is significant differences between actual and predicted values. However, 

the significant differences indicate that the model does not fit data well. The 

reason for this may be because the analysis sample is less than 400 observations. 

Table 6.19 Hosmer and Lemeshow 2  Test 

Step Chi-square df Sig. 

1 .000 0 . 

2 6.368 2 .041 

3 14.117 7 .049 

4 18.502 8 .018 

5 17.489 8 .025 

6 19.928 8 .011 

7 21.794 8 .005 

8 60.100 8 .000 

Secondly, Pseudo 2R  measures are used for testing the overall model. Table 6.20 

presents the three different 2R  which were used in the logistic regression model. 

Table 6.20 Measures of 2R  

Step Cox & Snell 

R Square 

Nagelkerke R 

Square 

Pseudo R 

Square 

1 .283 .377 .240 

2 .363 .484 .325 

3 .400 .534 .369 

4 .432 .576 .408 

5 .472 .629 .461 

6 .487 .649 .482 

7 .504 .673 .507 

8 .523 .698 .535 

In the first step, the values of Cox & Snell 2R , Nagelkerke 2R and Pseudo 2R are 

0.283, .377, and .240 respectively. It can be said that these values of variation in 

the dependent variable is explained by the ongoing guarantor‘s salary variable. 

These values are improved to reach .523, .698, and .535 respectively in the last 
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step with eight independent variables contributed to variation of the dependent 

variable.  

Finally, the classification accuracy measure is used to test the overall fit model as 

shown in the Table 6.21 which presents the classification accuracy for the eight 

steps.  

Table 6.21 Classification accuracy 

  Observed Predicted Group membership 

    Analysis sample (a) Holdout sample (b) 

    Group Percentage 

Correct 

Group Percentage Correct 

    Default Good Good Default 

Step 1 Group Default 70 73 49.0 20 37 35.1 

    Good 4 153 97.5 0 43 100.0 

  Overall 

Percentage 

    74.3     63.0 

Step 2 Group Default 108 35 75.5 40 17 70.2 

    Good 23 134 85.4 7 36 83.7 

  Overall 

Percentage 

    80.7     76.0 

Step 3 Group Default 107 36 74.8 39 18 68.4 

    Good 23 134 85.4 5 38 88.4 

  Overall 

Percentage 

    80.3     77.0 

Step 4 Group Default 108 35 75.5 40 17 70.2 

    Good 16 141 89.8 5 38 88.4 

  Overall 

Percentage 

    83.0     78.0 

Step 5 Group Default 117 26 81.8 43 14 75.4 

    Good 16 141 89.8 2 41 95.3 

  Overall 

Percentage 

    86.0     84.0 

Step 6 Group Default 119 24 83.2 43 14 75.4 

    Good 15 142 90.4 5 38 88.4 

  Overall 

Percentage 

    87.0     81.0 

Step 7 Group Default 124 19 86.7 45 12 78.9 

    Good 16 141 89.8 5 38 88.4 

  Overall 

Percentage 

    88.3     83.0 

Step 8 Group Default 123 20 86.0 48 9 84.2 

    Good 17 140 89.2 5 38 88.4 

  Overall 

Percentage 

    87.7     86.0 

a  Selected cases split EQ 1 

b  Unselected cases split NE 1 

c  The cut value is .500 
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Table 6.21 shows the overall percentages for the step one of the logistic regression 

model are 74.3% and 63% for the analysis sample and holdout sample 

respectively. In addition, it can be seen in Table 6.20 that the improvement in 

classification from step to step indicates how well the model performs and with 

these improvements the logistic regression model with eight independent 

variables is considered acceptable in terms of classification accuracy. Thus, the 

model shows the highest correctly classified in step eight is 87.7% and 86% for 

the analysis sample and the holdout sample respectively. 

Since all of the measures of classification accuracy are quite high, the evaluation 

process requires a comparison to the classification accuracy in a series of chance-

based measures. These measures reflect the improvement of the logistic regression 

model when compared to classifying individuals without using the logistic 

equation. 

The first measure is the proportional chance criterion, which assumes 

misclassifications are equal and the group sizes are unequal. By applying the 

Equation 5.12 in chapter five and substituting values the following is obtained: 

2 2157 143
( ) ( ) 0.5
300 300analysis samplePROC     

2 243 57
( ) ( ) 0.5
100 100holdout samplePROC     

Because the two groups are equal, the proportional chance value should be equal 

to 50% as calculated above. When this value is compared with all classification 

accuracy (hit ratios) shown in the overall percentage of Table 6.21, it can be noted 

that all classification accuracies are higher than the proportional chance value. 

This means that the levels of classification accuracy are acceptable.    

The second measure to test the acceptance of the levels of classification accuracy 

is that the classification accuracy should be at least one-fourth greater than that 

achieved by chance. Thus, the suggested threshold of these values are 

(50%*1.25= 62.5%) which represents the maximum chance and smaller than the 

levels of classification accuracy. This also means that the levels of classification 

accuracy are acceptable. 
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The final measure of classification accuracy is Press‘s Q which can be computed 

for both the analysis sample and the holdout sample. By applying the formula 

5.13 in chapter 5 and substituting the values, the following is obtained: 

Table 6.22 Classification according to Press‘s Q 

Step Cases 

correctly 

classified 

analysis samplePr ess 's Q  Cases 

correctly 

classified 

holdout samplePr ess 's Q  

1 223 71.05 63 6.76 

2 242 112.85 76 27.04 

3 241 110.41 77 29.16 

4 249 130.68 78 31.36 

5 258 155.52 84 46.24 

6 261 164.28 81 38.40 

7 265 176.33 83 43.56 

8 263 170.25 86 51.84 

Table 6.22 shows the number of the cases classified correctly which were used in 

calculating the Press‘s Q measure for both analysis and holdout samples. 

Furthermore, it can be noted that the number of the cases classified correctly 

improved to reach 263 cases and 86 cases for the analysis and the holdout samples 

respectively. This results in improving the Press‘s Q measure as well. Because the 

values of Press‘s Q for both the analysis and the holdout samples exceed the 

critical value of Chi-square of 3.8415 the classification accuracy for the analysis 

sample and the holdout sample is statistically significant and better than chance. 

Thus, it can be concluded that the levels of classification accuracy are acceptable.  

6.4.2 Logistic coefficients test 

The logistic regression model estimated coefficients for eight independent 

variables and the intercept. Table 6.23 shows the eight independent variables in 

the final step. 

The mathematical model constructed from the analysis is the predicted logit of  

(Loan Group) = 1.636 - 0.002(LOAN) + 0.179(MART_A(1)) - 0.910(MART_A(2)) 

                        - 3.074(MART_A(3)) - 0.421(CHIL) + 0.0.14(SAL_A) + 2.057(GUR_A(1)) 

                       - 0.095(OCC_B(1)) + 1.215(OCC_B(2)) + 2.010(OCC_B(3)) 

                       + 3.685(ONG_B(1))  - 1.910(GUR_B(1)).

 

 

 

 



Chapter 6. Empirical Results 

 

  

–204– 

Table 6.23 Variables in the model 

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

Step 8(h) Loan -.002 .000 26.307 1 .000 .998 

  MART_A     8.018 3 .046   

  MART_A(1) .179 1.055 .029 1 .865 1.196 

  MART_A(2) -.910 1.170 .605 1 .437 .403 

  MART_A(3) -3.074 1.712 3.225 1 .073 .046 

  CHIL -.421 .113 13.943 1 .000 .657 

  SAL_A .014 .004 14.291 1 .000 1.014 

  GUR_A(1) 2.057 .688 8.952 1 .003 7.823 

  OCC_B     3.806 3 .283   

  OCC_B(1) -.095 .512 .035 1 .852 .909 

  OCC_B(2) 1.215 .650 3.497 1 .061 3.370 

  OCC_B(3) 2.010 .690 .8.486 1 .004 7.463 

  ONG_B(1) 3.685 .642 32.933 1 .000 39.858 

  GUR_B(1) -1.910 .426 20.069 1 .000 .148 

  Constant 1.636 1.449 1.275 1 .259 5.134 

The Wald statistics is used to assess significance of the independent variables; it 

can be noted that the six out of eight variables show significance levels of Wald 

statistics at the 0.05 level of significance. The effect of guarantor‘s occupation 

(OCC_B) and marital status of the borrower (MART_A) on the group loans do not 

appear to be statistically significant, and neither does the intercept. On the other 

hand, the likelihood ratio test of individual parameters can be used as an 

alternative to Wald statistics. In SPSS, this test available under ‗model if term 

removed‘ output as appearing in Table 6.24. The eight variables selected by the 

forward stepwise method should all have significant changes in the -2 log-

likelihood as shown in Table 6.24. This test shows that how the regression would 

put variables into the logistic function and then test whether they met a removal 

criterion. Table 6.24 depicts the effects of removal. The important thing that can 

be noted is the significant values of the log-likelihood ratio which means that 

removing the independent variable from the model would have a significant effect 

on the predictive ability of the model. Therefore, removing the independent 

variables from the model would be a bad idea.  
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Table 6.24 Model if term removed  

Variable Model Log 

Likelihood 

Change in -2 

Log 

Likelihood 

df Sig. of the 

Change 

Step 8 LOAN -114.517 35.932 1 .000 

MART_A -102.377 11.651 3 .009 

CHIL -104.592 16.082 1 .000 

SAL_A -105.183 17.263 1 .000 

GUR_A -101.517 9.931 1 .002 

OCC_B -107.363 21.623 3 .000 

ONG_B -125.110 57.117 1 .000 

GUR_B -107.896 22.689 1 .000 

Thus, these significant independent variables can be interpreted as determining the 

relationships affecting the predicted probabilities and, subsequently, group 

membership. 

Casewise diagnostics 

In addition to examining the overall results, casewise diagnostics can examine the 

individual observations for their predictive accuracy and identify specifically the 

misclassified cases. Table A.13 in Appendix, p. 284 shows the group predictions 

for cases in the two group discriminant analysis for the analysis and holdout 

samples. This Table shows that 50 cases of 400 observations are misclassified 

dividing into 22 cases in good loans (16 cases for the analysis sample and 6 cases 

for the holdout sample) and 28 cases in bad loans (19 cases for the analysis 

sample and 9 cases for the holdout sample). 

Once the misclassified cases are identified, it can be further analysis can be 

undertaken to understand the reasons for their misclassification. Table 6.25 shows 

the correctly classified and misclassified observations in two groups; logistic 

regression from the analysis and holdout samples. The purpose of this analysis is 

to identify specific differences on the independent variables that might identify 

either new variables to be added or common characteristics that should be 

considered.  
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Table 6.25 Profiling correctly classified and misclassified cases in the two groups 

  Mean scores t test 

Dependent  Group Variables Classified misclassified Difference Significance 

Good loans  N= 178 N=22     

 LOAN 4002.949 5277.227 -1274.278 0.000 

 PUR 1.596 1.636 -0.041 0.855 

 PROP 1.618 1.636 -0.018 0.868 

 ACC 1.916 1.864 0.052 0.729* 

 OCC_A 3.522 4.227 -0.705 0.012* 

 AGE_A 2.562 2.955 -0.393 0.174 

 GND_A 1.213 1.091 0.123 0.089* 

 MART_A 1.489 1.136 0.352 0.000* 

 CHIL 1.921 3.773 -1.851 0.000 

 OPN 1.197 1.318 -0.122 0.262* 

 SAL_A 254.904 297.304 -42.400 0.066 

 ONG_A 1.129 1.227 -0.098 0.311* 

 GUR_A 1.910 1.818 0.092 0.301* 

 EXT_A 1.815 1.682 0.133 0.221* 

 SAL_B 246.413 303.274 -56.861 0.068* 

 OCC_B 3.725 3.636 0.088 0.833* 

 ONG_B 1.000 1.182 -0.182 0.042* 

 GUR_B 1.916 1.409 0.507 0.000* 

 AGE_B 2.983 3.000 -0.017 0.960 

 GND_B 1.225 1.091 0.134 0.065* 

 EXT_B 1.893 1.455 0.439 0.001* 

Default  loans  N= 172 N=28     

 LOAN 5001.326 4850.714 150.611 0.369 

 PUR 2.209 1.964 0.245 0.280 

 PROP 1.395 1.429 -0.033 0.741 

 ACC 1.529 1.679 -0.150 0.391* 

 OCC_A 3.721 3.357 0.364 0.292* 

 AGE_A 2.669 2.393 0.276 0.301 

 GND_A 1.151 1.143 0.008 0.910 

 MART_A 1.669 1.286 0.383 0.001* 

 CHIL 2.738 2.286 0.453 0.314 

 OPN 1.419 1.286 0.133 0.169* 

 SAL_A 266.167 279.621 -13.454 0.194 

 ONG_A 1.372 1.214 0.158 0.078* 

 GUR_A 1.930 1.857 0.073 0.305* 

 EXT_A 1.895 1.714 0.181 0.053* 

 SAL_B 263.983 276.832 -12.849 0.251 

 OCC_B 4.180 3.893 0.287 0.377 

 ONG_B 1.523 1.000 0.523 0.000* 

 GUR_B 1.453 1.821 -0.368 0.000* 

 AGE_B 2.297 2.607 -0.311 0.082 

 GND_B 1.192 1.393 -0.201 0.050* 

  EXT_B 1.448 1.714 -0.267 0.008* 

* t test performed with separate variance estimates rather than pooled estimate because the Levene test 

detected  significant differences in the variation between two groups. 
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The 22 cases in the analysis and holdout samples misclassified among the good 

loans show significant differences on seven of the eight independent variables in 

the logistic model and entered two variables not in the logistic model. Similarly, 

the 28 cases misclassified among the bad loans show significant differences on 

five of the eight independent variables in the discriminant function and entered 

two variables not in the logistic model. 

6.4.3 Interpretation of the results 

In this stage, the coefficients of the logistic model are examined to assess the 

direction and the impact each independent variable has on predicted probability 

and group membership. 

The direction of the relationship can be interpreted directly from the sign of 

original logistic coefficients. Table 6.23 shows that the independent variables; 

LOAN, MART_A(2), MART_A(3), CHIL, and GUR_B(1) have negative signs, 

which indicates a negative relationship with the predicted probability of loan 

therefore increasing the likelihood that the borrower will be classified as a bad 

loan; and vice versa. On the other hand, the independent variables; MART_A(1), 

SAL_A, GUR_A(1), OCC_B(2), (OCC_B(3), and ONG_B(1) have positive sings, 

which indicates a positive relationship with predicted probability of loan therefore 

increasing the likelihood that the borrower will be classified as a good loan; and 

vice versa. Furthermore, the exponentiated coefficients can be used to identify the 

directions. It can be noted from Table 6.23 that the variables with values above 1.0 

refer to a positive relationship and below 1.0 refer to a negative relationship. 

In addition to using the direction of the relationship of each independent variable 

in interpretation of the logistic coefficients, the logistic coefficients can be 

interpreted by assessing the magnitude of the change in probability for each 

independent variable in the logistic model of the Al-Wahada Bank shown in Table 

6.23. For the loan amount (LOAN), the value of Exp(B) is 0.998 which implies 

that a one LYD increase in the loan amount decreases the odds by 0.2 % [(1-

0.998)*100] controlling for the other variables in the logistic model. Thus, loan 

amount (LOAN) is 0.2 % less likely to be in the group of good loans rather than in 

the group of bad loans. In relation to the marital status of a borrower (MART_A), 

the odds for a married borrower (MART_A (1)) of being in the good loans are 
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1.20 times the odds that a widow borrower is in the good loans. The odds for a 

single borrower (MART_A (2)) of being in the good loans are 0.40 times 

compared to a widow borrower. The odds for a married borrower (MART_A (3)) 

of being in the good loans are 0.05 times the odds of a widow borrower. With 

regard to the number of children for a borrower (CHIL), the value of Exp (B) is 

0.657 which means that an increase of one child decreases the odds by 34.3% [(1-

0.657)*100] controlling for the other variables in the logistic model. Thus, the 

number of children for a borrower (CHIL) is 34.3% less likely to be in the group 

of good loans rather than in the group of bad loans. Concerning the monthly 

salary of a borrower (SAL_A), the value of Exp(B) is 1.022 which implies that a 

one LYD increase in loan monthly salary increases the odds by 1.4 % [(1-

1.014)*100] controlling for the other variables in the logistic model. Thus, 

monthly salary (SAL_A) is 2.2 % more likely to be in the group of good loans 

rather than in the group of bad loans. For whether a borrower guarantees another 

borrower (GUR_A), the odds of being in the good loans are 7.823 times higher for 

a borrower who guarantees another borrower than for a borrower who does not. In 

relation to occupation of a guarantor (OCC_B), the odds for a guarantor who 

works as a police or soldier (OCC_B (1)) of being in the good loans are 0.91 

times the odds for a guarantor who works in the public sector. The odds for a 

guarantor who works as a professional (OCC_B (2)) of being in the good loans 

are 3.37 times the odds for a guarantor who work in the public sector. The odds 

for a retired guarantor (OCC_B (3)) of being in the good loans are 7.463 times 

compared that for a guarantor who works in the public sector. With regard to 

whether the guarantor‘s salary is ongoing (ONG_B), the odds of being in the good 

loans are 39.68 times higher for if the guarantor‘s salary is ongoing than if the 

guarantor‘s salary is not ongoing. Finally, for whether a guarantor guarantees 

another borrower (GUR_A), the odds of being in the good loans are 0.15 times 

higher for a guarantor who guarantees another borrower than for a guarantor who 

does not.  

Validation of the results 

By examining the percentages of classification for both the analysis sample and 

the holdout sample in Table 6.21 for the final step, it can be noted that the 
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percentages of classification for both samples exceed the entire comparison 

criterion. Thus, the logistic model reveals satisfactory external validity for 

comprehensive acceptance of the results.  

6.4.4 Test of outliers 

The classification output for individual cases can be used to identify outliers. To 

identify outliers, standardised residual and Cook‘s distance can be used. The 

standardised residual method considers the case as an outlier,if a standardised 

residual is larger than 2.0 or smaller than -2.0, while the Cook‘s distance method 

considers the case as an outlier, if its Cook‘s distance is larger than 1.0. 

By applying both methods to determine the outlier cases for the Al-Wahada Bank 

data, only seven cases are identified as outliers, as shown in the Table 6.26. 

Table 6.26 Outlier cases 

cases Cook's distance Standardised residual 

125 0.80675 22.48191 

139 0.51548 3.05722 

182 1.18185 3.31015 

185 0.89919 27.12913 

222 0.48948 -5.40647 

264 0.45845 -4.16425 

269 0.54869 -5.65724 

Table 6.26 shows case 125 with a residual of 22.48, and case 185 with a residual 

of 27.13 are extremely large compared with the standardised residual range of 

outlier cases. In addition, both these cases were the same cases determined as 

outliers in the discriminant results section. However, the Cook‘s distance method 

determines only case 182 as an outlier which (it is larger than 1.0). Thus, these 

seven outlier cases must be omitted from the analysis. 

After removing the outlier cases, the original cases correctly classified changed 

from 87.7% to 91.5% and the holdout classification accuracy rate changed from 

86% to 91.9%. Moreover, the guarantor‘s gender (GND_B) variable is entered 

into the logistic model as show in the Table 6.27. 

Since the logistic regression omitting outliers and influential cases is greater than 

two percent more accurate in classifying cases than the logistic regression with all 

cases, the logistic regression model without outlier cases, as shown in the Table 
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6.27, will be considered. Therefore, the new mathematical model constructed 

from the analysis is the predicted logit of  

(Loan Group) = 0.703 - 0.003(LOAN) + 0.322(MART_A(1)) - 1.339(MART_A(2)) 

                        - 4.166(MART_A(3)) - 0.592(CHIL) + 0.033(SAL_A) + 4.575(GUR_A(1))

                        - 0.022(OCC_B(1)) + 2.867(OCC_B(2)) + 2.659(OCC_B(3)) + 

                        7.669(ONG_B(1)) - 3.299(GUR_B(1)) + 1.310(GND_B(1)).

 

Table 6.27 Variables in the equation after outlier cases omitted 

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

Step 9(i) LOAN -.003 .001 32.634 1 .000 .997 

MART_A     7.279 3 .064   

MART_A(1) .322 1.252 .066 1 .797 1.380 

MART_A(2) -1.339 1.404 .908 1 .341 .262 

MART_A(3) -4.166 2.798 2.217 1 .137 .016 

CHIL -.592 .157 14.236 1 .000 .553 

SAL_A .033 .007 23.547 1 .000 1.034 

GUR_A(1) 4.575 1.129 16.425 1 .000 96.986 

OCC_B     8.737 3 .033   

OCC_B(1) .022 .685 .001 1 .975 1.022 

OCC_B(2) 2.867 .981 8.544 1 .003 17.590 

OCC_B(3) 2.659 .506 27.614 1 .004 14.282 

ONG_B(1) 7.669 1.417 29.300 1 .000 2140.318 

GUR_B(1) -3.299 .634 27.091 1 .000 .037 

GND_B(1) 1.310 .672 3.800 1 .051 3.705 

Constant .703 1.968 .127 1 .721 2.019 

In addition, the new results should be reinterpreted. The coefficients of the logistic 

model are examined to assess the direction and the impact each independent 

variable has on predicted probability and group membership. 

The direction of the relationship can be interpreted directly from the sign of 

original logistic coefficients. Table 6.27 shows that the independent variables 

LOAN, MART_A(2), MART_A(3), CHIL, and GUR_B(1) have negative signs. 

This indicates a negative relationship with the predicted probability of the loan 

therefore increasing the likelihood that the borrower will be classified as a bad 

loan and vice versa. On the other hand, the independent variables MART_A(1), 

SAL_A, GUR_A(1), OCC_B(1), OCC_B(2), (OCC_B(3), ONG_B(1), and 

GND_B(1) have positive signs. This indicates a positive relationship with the 

predicted probability of the loan therefore increasing the likelihood that the 

borrower will be classified as a good loan and vice versa. Furthermore, the 

exponentiated coefficients can be used to identify the directions. It can be noted 
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from Table 6.27 that the variables with values above 1.0 refer to a positive 

relationship and below 1.0 refer a negative relationship. 

In addition to using the direction of the relationship of each independent variable 

in interpretation of the logistic coefficients, the logistic coefficients can be 

interpreted by assessing the magnitude of the change in probability for each 

independent variable in the logistic model of the Al-Wahada Bank shown in Table 

6.27. For the loan amount (LOAN), the value of Exp(B) is 0.997 which implies 

that a one LYD increase in loan amount decreases the odds by 0.3% [(1-

0.997)*100] controlling for the other variables in the logistic model. Thus the loan 

amount (LOAN) is 0.3% less likely to be in the group of good loans than in the 

group of bad loans. In relation to the marital status of a borrower (MART_A), the 

odds for a married borrower (MART_A (1)) of being in the good loans are 1.38 

times the odds of that of a widow borrower. The odds for a single borrower 

(MART_A (2)) of being in the good loans are 0.26 times better compared to a 

widow borrower. The odds for a married borrower (MART_A (3)) of being in the 

good loans are 0.016 times the odds of a widow borrower. With regard to the 

number of children for a borrower (CHIL), the value of Exp (B) is 0.553 which 

means that an increase by one child decreases the odds by 44.7% [(1-0.553)*100] 

controlling for the other variables in the logistic model. Thus, the number of 

children for a borrower (CHIL) is 44.7% less likely to be in the group of good 

loans rather than in the group of bad loans. Concerning the monthly salary of a 

borrower (SAL_A), the value of Exp(B) is 1.034 which implies that a one LYD 

increase in loan monthly salary increases the odds by 3.4% [(1-1.034)*100] 

controlling for the other variables in the logistic model. Thus, monthly salary 

(SAL_A) is 3.4% more likely to be in the group of good loans rather than in the 

group of bad loans. For whether a borrower guarantees another borrower 

(GUR_A), the odds of being in the good loans are 96.986 times higher for a 

borrower who guarantees another borrower than a borrower who does not. In 

relation to occupation of a guarantor (OCC_B), the odds for a guarantor who 

works as a police officer or soldier (OCC_B (1)) of being in good loans are 1.022 

times the odds of a guarantor who work in the public sector. The odds for a 

guarantor who works as a professional (OCC_B (2)) of being in the good loans 

are 17.59 times the odds of a guarantor who work in the public sector. The odds 



Chapter 6. Empirical Results 

 

  

–212– 

for a retired guarantor (OCC_B (3)) of being in the good loans are 14.282 times 

higher compared to a guarantor who works in the public sector. With regard to 

whether the guarantor‘s salary is ongoing (ONG_B) the odds of being in the good 

loans are 2140.318 times higher if the guarantor‘s salary is ongoing rather than if 

the guarantor‘s salary is not ongoing. Regarding whether a guarantor guarantees 

another borrower (GUR_A), the odds of being in the good loans are 0.037 times 

higher for a guarantor who guarantees another borrower than for a guarantor who 

does not. Finally, for guarantor‘s gender (GND_B), the odds of being in the good 

loans are 3.705 times higher for a guarantor who is male than for a female 

guarantor. 

6.4.5 Test of multicollinearity 

The test of multicollinearity in logistic regression is the same test in linear 

regression. This test is not available directly in the SPSS logistic regression 

process, but it can be obtained by using the linear regression process.  

Table 6.28 Coefficient diagnostics  

Independent 

variables 

Collinearity Statistics 

Tolerance VIF 

(Constant)     

LOAN .443 2.256 

 PUR .835 1.197 

 PROP .184 5.431 

 ACC .182 5.501 

 OCC_A .598 1.673 

 AGE_A .367 2.721 

 GND_A .682 1.466 

 MART_A .742 1.348 

 CHIL .426 2.347 

 OPN .442 2.263 

 SAL_A .463 2.158 

 ONG_A .350 2.855 

 GUR_A .555 1.802 

 EXT_A .552 1.813 

 SAL_B .605 1.653 

 OCC_B .593 1.686 

 ONG_B .574 1.743 

 GUR_B .557 1.796 

 AGE_B .598 1.672 

 GND_B .826 1.210 

 EXT_B .583 1.716 
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Multicollinearity is investigated by examining the tolerance and variance inflation 

factors (VIF) for each independent variable. Table 6.28 above presents the 

multicollinearity diagnostic produced by the linear regression routine. From Table 

6.28, it can be seen that there is multicollinearity because of high correlation 

between the type of property and the accommodation; the tolerance is .184, .182 

and the VIF is 5.431, 5.501 respectively. The solution to this problem is to omit 

one of these variables from the analysis and then run the logistic regression. 

However, the results show that omitting the variables does not affect the logistic 

model. The reason for this is that neither variable enters into the logistic equation. 

Thus, no variables included in the logistic model have any potential 

multicollinearity. 

6.4.6 Test of linearity 

Logistic regression assumes a linear relationship between continuous independent 

variables and the logit transform of the dependent variable. The Box-Tidwell 

Transformation test is used for linearity assumption as shown in Table 6.29. 

Table 6.29 Linearity test 

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

LOAN -.018 .030 .363 .547 .982 

CHILL -2.162 .863 6.282 .012 .115 

SAL_A -.292 .201 2.109 .146 .747 

LogLOAN .002 .003 .302 .583 1.002 

LogCHILL .894 .392 5.206 .023 2.446 

LogSAL_A .045 .031 2.171 .141 1.046 

The main analysis has three continuous variables in the logistic model. 

Interactions between each independent variable and its natural log are added to 

test the assumption. SPSS is used to create interactions between continuous 

variables and the natural logarithms and to add them to the set. Table 6.29 depicts 

that the LOAN and SAL_A meet the assumption of linearity because the Wald test 

values are not significant at the 0.05 level of significance. However, the CHILL 

variable shows a probability of 0.012 which means that this variable violates the 

linearity assumption.  
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6.4.7 Summary of logistic result 

The main purpose of logistic regression is to construct a model for the Al-Whada 

Bank in order to identify the independent variables that efficiently contribute to 

differentiate between the good loans and bad loans. The stepwise method is used 

for estimating the logistic function. The logistic model of the Al-Wahada Bank 

includes nine independent variables. These variables are whether the guarantor‘s 

salary is ongoing (ONG_B), whether a guarantor granted another borrower 

(GUR_B), the amount of loan (LOAN), monthly salary of a borrower (SAL_A), 

the occupation of borrower (OCC_B), number of children of a borrower (CHIL), 

whether an applicant guaranteed another borrower (GUR_A), the marital status of 

a borrower (MART_A), and the guarantor‘s gender (GND_B). Moreover, the 

different measures used in testing the overall logistic model show a high level of 

classification accuracy and a significant relationship between the independent 

variables and the dependent variable. These include 2R  measures, likelihood ratio 

Press‘s Q measure, and the Wald statistic. Finally, multicollinearity and outliers 

tests are used for logistic regression of Al-Wahada Bank data. The results of the 

multicollinearity test show that no variable included in the logistic model have 

any potential multicollinearity. However, outlier test shows that logistic regression 

has high sensitivity to outlier observations. By removing only seven outlier cases, 

the logistic model shows a higher correctly classified ratio and the guarantor‘s 

gender variable (GND_B) is added into the Al-Wahada logistic model.  

6.5 Survival analysis results 

SPSS Version 15 was used for statistical analysis of the survival analysis. The 

sample includes 400 personal loans of the Al-Wahada Bank granted in 1997. The 

Cox Regression was used to determine the probability that loans default in the 

period after five months from the due date. Moreover, it will determine the 

relationship between the independent variables and the survival time. Therefore 

there are two elements in the dependent variable in survival analysis. First, the 

time which is represented by the number of months that has elapsed from the time 

of loan granting until the time of loan default. Second, the dichotomous variable 

which shows the status of loans; 1 refers to good loan and 0 otherwise.  In this 

section, estimation of the survival model and assessing overall fit as well as the 
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interpretation of the results will be discussed. Furthermore, the assumptions of 

survival analysis will be taken into consideration. 

6.5.1 Estimation of survival model and testing the overall model fit 

It can be started by examining the group scores for each independent variable and 

by using the stepwise method on the analysis sample which contains 400 loans. 

Table 6.30 shows the score statistics for each of the independent variables, based 

on the four hundred observations constituting the sample. 

Table 6.30 Overall model fit: Goodness-of-fit measures 

 Value 

-2 Log likelihood (-2LL) 2338.701 

 

Variables not in the Equation (a) 

  Score df Sig. 

LOAN 44.510 1 .000 

PUR 30.057 4 .000 

PUR (1) 24.875 1 .000 

PUR (2) 2.859 1 .091 

PUR (3) 16.542 1 .000 

PUR (4) 3.046 1 .081 

PROP 11.663 1 .001 

ACC 14.939 2 .001 

ACC(1) 14.643 1 .000 

ACC(2) 4.334 1 .037 

OCC_A 16.988 4 .002 

OCC _A(1) .000 1 .992 

OCC _A(2) .379 1 .538 

OCC _A(3) 3.327 1 .068 

OCC _A(4) 14.756 1 .000 

AGE_A 2.154 5 .827 

AGE _A(1) .449 1 .503 

AGE _A(2) 1.492 1 .222 

AGE _A(3) .084 1 .772 

AGE _A(4) .330 1 .566 

AGE _A(5) .298 1 .585 

GND_A 2.013 1 .156 

MART_A 20.620 3 .000 

MART_A(1) .067 1 .795 

MART_A(2) 5.018 1 .025 

MART_A(3) 18.185 1 .000 

CHIL 3.935 1 .047 

OPN 12.588 1 .000 

SAL_A 1.393 1 .238 

ONG_A 15.422 1 .000 

GUR_A .252 1 .616 

EXT_A 2.112 1 .146 
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  Score df Sig. 

SAL_B 4.925 1 .026 

OCC_B 31.647 3 .000 

OCC_B(1) .973 1 .324 

OCC_B(2) 8.460 1 .004 

OCC_B(3) 20.828 1 .000 

ONG_B 64.690 1 .000 

GUR_B 37.955 1 .000 

AGE_B 32.186 5 .000 

AGE_B(1) .158 1 .691 

AGE_B(2) 3.553 1 .059 

AGE_B(3) 1.176 1 .278 

AGE_B(4) .093 1 .761 

AGE_B(5) 19.445 1 .000 

GND_B .013 1 .908 

EXT_B 39.021 1 .000 

a  Residual Chi Square = 190.384 with 40 df Sig. = .000 

Table 4.30 shows the base model results for the logistic regression analysis. The 

score statistics are used as a measure for selecting variables in the stepwise 

procedure. In reviewing the score statistics of variables not in the equation at the 

base model, it can be noted that most variables have statistically significance but 

the stepwise method selects the highest scoring statistic, ONG_B (1) (whether the 

guarantor‘s salary is ongoing) of 64.690, to be added in the first step. In addition, 

the residual chi-square, displayed below Table 6.30, is a test of the null hypothesis 

that the coefficients for all variables not in the model equal zero. It can be seen 

that the significance level is less than .05. This means that some of the variables 

not in the base model are related to survival. 

Table 6.31 shows how well the survival model performs. Omnibus tests of model 

coefficients reveal an overall test of the hypothesis that all parameters are zero. 

These tests are performed by comparing -2 log likelihood for the initial model 

with -2 log likelihood for a model that contain all of the coefficients. It can be 

noted that the footnote (g) in Table 6.31 shows that -2 log likelihood for the initial 

model is 2338.701 which was used in computing the change from the previous 

step as illustrated in the fourth column. Furthermore, it can be seen that there is a 

negative relationship between -2 log likelihood values and chi-square values. This 

relationship is normal and it can lead to the goodness of fit of survival model. In 

addition, the significance of the chi-square is that the null hypothesis that the 

coefficients for the stages are equal to zero is rejected and the existence of a 
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relationship between the independent variables and dependent variable is 

supported.  

Another test of the overall model can be based on score statistics which can be 

seen in Table 6.31 at the third column and reaches the same conclusion of the 

likelihood-ratio test. The score test shows that the significance of chi-square in 

each step means the null hypothesis that independent variables entered are zero is 

rejected.  

Table 6.31 Omnibus tests of model coefficients (g, h) 

Step -2 Log 

Likelihood 

Overall (score) Change From Previous 

Step 

Change From Previous 

Block 

   Chi-square  df. Sig  Chi-square  df. Sig  Chi-square df. Sig  

1(a) 2242.507 64.690 1 .000 96.194 1 .000 96.194 1 .000 

2(b) 2215.069 95.187 2 .000 27.438 1 .000 123.632 2 .000 

3(c) 2193.405 113.530 3 .000 21.664 1 .000 145.295 3 .000 

4(d) 2180.272 127.735 4 .000 13.133 1 .000 158.429 4 .000 

5(e) 2173.915 130.567 5 .000 6.357 1 .012 164.786 5 .000 

6(f) 2168.719 135.232 6 .000 5.195 1 .023 169.981 6 .000 

a  Variable(s) Entered at Step Number 1: ONG_B 

b  Variable(s) Entered at Step Number 2: LOAN 

c  Variable(s) Entered at Step Number 3:EXT_B 

d  Variable(s) Entered at Step Number 4: SAL_A 

e  Variable(s) Entered at Step Number 5: GUR_A 

f  Variable(s) Entered at Step Number 6: GUR_B 

g  Beginning Block Number 0, initial Log Likelihood function: -2 Log likelihood: 2338.701.h  

Beginning Block Number 1. Method = Forward Stepwise (Likelihood Ratio). 

6.5.2 Survival coefficients test 

The survival model estimated coefficients for six independent variables. Table 

6.32 shows the six independent variables in the final step. From Table 6.32, it can 

be concluded the survival model (Cox proportional hazard) is as follows:  

( , X) = ( ) exp [ -0.00046(LOAN) + 0.00373(SAL_A) + 0.81220(GUR_A)

              + 2.65984(ONG_B) - 0.55027(GUR_B) - 0.63567(EXT_B)].

h t h t
 

Table 6.32 Variables in the equation 

  

  

B SE Wald df Sig. Exp(B) 

Step 6 LOAN -.00046 .00008 31.62093 1.00000 .00000 .99954 

  SAL_A .00373 .00106 12.23978 1.00000 .00047 1.00373 

  GUR_A .81220 .25445 10.18903 1.00000 .00141 2.25285 

  ONG_B 2.65984 .50725 27.49557 1.00000 .00000 14.29406 

  GUR_B -.55027 .24855 4.90149 1.00000 .02683 .57679 

  EXT_B -.63567 .22568 7.93415 1.00000 .00485 .52958 
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The Wald statistics is used to assess significance of the independent variables. It 

can be noted that the six variables have shown significance at the 0.05 level of 

significance. In addition to Wald statistics testing the significance of coefficients, 

removal statistics can be used. Table 6.33 depicts the changes in likelihood for 

each step based on the conditional coefficients estimates. 

Table 6.33 Model if term removed 

Term Removed Loss  

Chi-square 

df Sig. 

Step 1 ONG_B 96.194 1 .000 

Step 2 LOAN 27.438 1 .000 

ONG_B 82.434 1 .000 

Step 3 LOAN 20.943 1 .000 

ONG_B 69.443 1 .000 

EXT_B 21.664 1 .000 

Step 4 LOAN 33.993 1 .000 

SAL_A 13.133 1 .000 

ONG_B 67.899 1 .000 

EXT_B 21.573 1 .000 

Step 5 LOAN 37.736 1 .000 

SAL_A 13.302 1 .000 

GUR_A 6.357 1 .012 

ONG_B 70.751 1 .000 

EXT_B 23.907 1 .000 

Step 6 LOAN 30.059 1 .000 

SAL_A 10.750 1 .001 

GUR_A 8.659 1 .003 

ONG_B 69.397 1 .000 

GUR_B 5.195 1 .023 

EXT_B 8.734 1 .003 

From Table 6.33, it can be seen that the observed significance level for the loss 

chi-square in step six is less than .005 which means these variables are not eligible 

for removal. Moreover, this test ensures the conclusion of the Wald statistics 

regarding the coefficients significance of independent variables.   

6.5.3 Interpretation of the results 

In this stage, the coefficients of the Cox proportional hazard model are examined 

to assess the direction and the impact each independent variable has on predicted 

probability and group membership. 

The direction of the relationship can be interpreted directly from the sign of the 

survival coefficients. Table 6.32 shows that the independent variables; LOAN, 



Credit Risk Modelling in Libya 

 

  

–219– 

GUR_B, and EXT_B have negative signs, which indicates a negative relationship 

with predicted probability of loan, therefore increasing the likelihood that the 

borrower will be classified as a bad loan and vice versa. On the other hand, the 

independent variables; SAL_A, GUR_A(1) and ONG_B(1) have positive signs, 

which indicates a positive relationship with predicted probability of loan, 

therefore increasing the likelihood that the borrower will be classified as good 

loan and vice versa. Furthermore, the exponentiated coefficients can be used to 

identify the directions. It can be noted from Table 6.32 that the variables with 

values above 1.0 refer to a positive relationship and below 1.0 refers to a negative 

relationship. Therefore, when the loan amount increases by one Libyan Dinar the 

default hazard rate increase by 0.046% [(1-0.99954)*100] while for each Libyan 

Dinar increase in the borrower‘s salary the default hazard rate decreases by 

0.373%. Furthermore, for dummy variables entered in the survival model, the risk 

ratio can be interpreted as the ratio of the estimated hazard for those with a value 

one to the estimated hazard for those with a value of zero. Thus, the default hazard 

for the borrowers who did not guarantee other borrowers (GUR_A) is 2.25 times 

than that for those who did. The default hazard for the guarantors who did not 

have a permanent salary (ONG_B) is 14.29 times than that for those who did. The 

probability of surviving for the guarantors who did not guarantee other borrowers 

(GUR_B) is 0.58 times than that for those who did. The probability of surviving 

for the guarantors who did not have other loans (EXT_B) is 0.53 times than that 

for those who did. 

6.5.4 Test of outliers 

A statistic that estimates the change in each coefficient with and without a case is 

called Dfbeta. Therefore, outlier cases can be examined by plotting for each 

variable in the model the Dfbetas against the number of observations. Figure 6.1 

shows identification of influential cases by plotting the estimated changes in each 

variable in the model. It can be seen from Figure 6.1 that most of the values fall 

around zero. However, for the loan variable for example, the values for cases 71, 

11, 22, 195, and 264 can be identifying as influential cases. By examining the 

influential cases of these variables, it is found that there are no errors of coding 

these observations. After removing these influential cases to determine the impact 

on the survival model, the model does not converge. The reason for this is because 
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there is an overlap in the times for two values of the independent variables in the 

model. 

Figure 6.1 Identifying influential cases 

Obs

4003002001000

D
fb

re
ta

 f
o
r 

L
O

A
N

0.00001

0.00000

0.00000

-0.00002

-0.00003

 
Obs

4003002001000
D

fb
et

a 
fo

r 
S

A
L

_
A

0.00040

0.00020

0.00000

-0.00020

 

Obs

4003002001000

D
fb

et
a 

fo
r 

G
U

R
_
A

0.07500

0.05000

0.02500

0.00000

-0.02500

   

4003002001000

D
fb

et
a 

fo
r 

G
U

R
_
B

0.04000

0.02000

0.00000

-0.02000

-0.04000

-0.06000

Obs
 

4003002001000

D
fb

et
a 

fo
r 

E
X

T
_
B

0.06000

0.04000

0.02000

0.00000

-0.02000

-0.04000

Obs
  

Obs

4003002001000

D
fb

et
a 

fo
r 

O
N

G
_
B

0.25000

0.20000

0.15000

0.10000

0.05000

0.00000

-0.05000

 

In addition to identifying influential observations, residuals can be examined to 

determine the outlier cases. The martingale residual (also called the Cox-Snell 
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residual) can be used for this. The martingale residual is the difference between 

the observed event code and the predicted cumulative hazard. The martingale 

residuals can be plotted for the values of the independent variables in the survival 

model 

Figure 6.2 shows martingale residual against the quantitative independent 

variables. It can be noted that most of the observations fall between 1 and -2. 

However, there are some outlier cases represented in observations 11, 71, 195, 

222, and 264 which resulted in -2.4, -3.13, -2.30, -2.93, and -2.86 martingale 

respectively. Thus, these cases must be omitted from the data to determine their 

impact on the model. However, removing these cases does not result in any 

significant change in the model where independent variables entered are the same 

and there is no considerable change in the coefficients. This ensures keeping the 

model with outliers cases. 

Figure 6.2 Martingale residual against covariates 
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6.5.5 Test of proportional hazard assumption 

Testing the proportional hazard assumption requires creation of an interaction 

coefficient term between time and the independent variables particularly when the 

data has both qualitative and quantitative variables. This test also requires 

determination of whether the interaction terms have coefficients significantly 

different from zero. Therefore, by using the SPSS software package, the 

interaction term can be created for each independent variable. Table 6.34 shows 

the test for proportional hazard assumption. This Table shows that the independent 

variables of survival model do not significantly interact with time. This means the 
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null hypothesis can be rejected and the coefficients of these terms are zero. 

Therefore, it can be concluded that the proportional hazard assumption is not 

violated. 

Table 6.34 Testing proportional hazards assumption 

  B SE Wald df Sig. Exp(B) 

T_COV_LOAN .000 .000 .914 1 .339 1.000 

T_COV_PUR -.092 .148 .386 1 .534 .912 

T_COV_ PROP .550 .313 3.081 1 .079 1.733 

T_COV_ACC .296 .193 2.362 1 .124 1.345 

T_COV_ OCC_A -.204 .096 4.485 1 .034 .816 

T_COV_ AGE_A .011 .122 .008 1 .928 1.011 

T_COV_ GND_A -.265 .398 .443 1 .506 .767 

T_COV_ MART_A -.243 .268 .821 1 .365 .784 

T_COV_ CHIL -.040 .067 .353 1 .552 .961 

T_COV_ OPN .091 .360 .064 1 .800 1.096 

T_COV_ SAL_A .000 .002 .001 1 .969 1.000 

T_COV_ONG_A -.134 .435 .095 1 .757 .874 

T_COV_GUR_A -.305 .507 .362 1 .547 .737 

T_COV_EXT_A -.345 .382 .818 1 .366 .708 

T_COV_SAL_B .004 .002 4.104 1 .043 1.004 

T_COV_OCC_B -.178 .097 3.367 1 .067 .837 

T_COV_ONG_B -.601 1.012 .353 1 .552 .548 

T_COV_ GUR_B .335 .434 .595 1 .440 1.398 

T_COV_AGE_B .268 .106 6.410 1 .011 1.308 

T_COV_GND_B -.600 .389 2.380 1 .123 .549 

T_COV_EXT_B .297 .401 .547 1 .460 1.345 

6.5.6 Test of multicollinearity 

Regardless that the survival analysis is protected against multicollinearity, the test 

that the independent variables are not highly correlated is preferable. Squared 

multiple correlation, extracting from Factor analysis by using the SPSS software 

package, can be used. Multicollinearity of the independent variables can be 

present if squared the multiple correlation is more than 0.90 (Barabara et al., 

2007, p. 551). This appears in SPSS under initial communalities output as shown 

in Table 6.35. This Table shows (initial column) that all squared multiple 

correlations of the independent variables are less than 0.90 with the highest 

squared multiple correlations of 0.816 and 0.818 for the type of property and the 

status of accommodation respectively. Therefore, it can be concluded that 

multicollinearity is absent. 
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Table 6.35 Test of multicollinearity 

  Initial Extraction 

LOAN .557 .756 

PUR .165 .156 

PROP .816 .858 

ACC .818 .935 

OCC_A .402 .559 

AGE_A .633 .720 

GND_A .318 .327 

MART_A .258 .223 

CHIL .574 .611 

OPN .558 .582 

SAL_A .537 .653 

ONG_A .650 .892 

GUR_A .445 .521 

EXT_A .448 .763 

SAL _B .395 .479 

OCC _B .407 .614 

ONG _B .426 .448 

GUR_B .443 .723 

AGE_B .402 .732 

GND_B .174 .079 

EXT_B .417 .521 

Extraction Method: Principal Axis Factoring 

6.5.7 Summary of Survival analysis result 

The aim of survival analysis is to estimate the predictive model for the Al-Wahada 

Bank in which the risk of an event depends on independent variables. The 

stepwise method is used for estimating the survival function. The survival model 

of the Al-Wahada Bank includes six independent variables selected by using SPSS 

Version 15. These variables are the amount of loan (LOAN), monthly salary of a 

borrower (SAL_A), whether an applicant guaranteed another borrower (GUR_A), 

whether the guarantor‘s salary is ongoing (ONG_B), whether a guarantor 

guaranteed another borrower (GUR_B) and whether a guarantor granted another 

loan (EXT_B). In addition, the overall test of the survival model shows the 

goodness of fit by applying score statistics and likelihood ratio tests. Moreover, 

the Wald statistic is used to assess significance of the independent variables. 

Finally, multicollinearity, proportional hazard and outlier tests are used for 

survival analysis of the Al-Wahada Bank data. The result of these test show that 

all these assumptions are met. 
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6.6 Model comparison 

In this section, the three models for the Al-Wahada Bank will be examined in 

order to evaluate their performance. Different methods will be applied to achieve 

this including the Receiver Operating Characteristic curve (ROC) method and 

correctly classified method. 

6.6.1 Receiver Operating Characteristic curve (ROC) 

The ROC method can be applied to assess how well the credit risk models 

perform. The ROC method is applied to discriminant analysis, logistic regression 

and survival analysis in this research. Figure 6.3 shows the ROC curve of the 

accuracy of the three models used in this thesis. It can be seen in Figure 6.3 that 

all three models are doing well because the curves are above the reference line. It 

can also be seen that the logistic regression model is the best model while the 

survival model does not appear as good as the logistic regression and discriminant 

analysis models.  However, it can be noted that the logistic regression model was 

fitted to the definition of good and bad loans while the survival analysis model 

was fitted to the time to default. This means the survival models usually perform 

better over time. 

Figure 6.3 ROC curve of credit models comparison 
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In addition to the ROC curve, it the area under the curve can be identified 

numerically. Table 6.36 shows the result of performance of the probabilities 

default of the models. From Table 6.36, it is clear that the logistic regression 

model and discriminant analysis model have the larger areas under the curve 

compared to the survival analysis model with 0.966 and .942 respectively. The 

area under the curve of each model represents the probability that a random good 

borrower has a higher value of measurement than a random bad borrower. The 

Table also shows the asymptotic significance of each model is less than 0.05 

which means all models perform better than guessing would achieve. 

Table 6.36 Area under the curve of credit models 

Test Result Variable(s) 

  

Area Std. 

Error 

Asymptotic 

Sig.(a) 

Asymptotic 95% 

Confidence Interval 

Upper 

Bound 

Lower 

Bound 

Predicted probability default of 

discriminant analysis 

.942 .012 .000 .919 .965 

Predicted probability default of 

logistic regression 

.966 .009 .000 .949 .984 

Hazard function  of survival analysis .797 .022 .000 .754 .840 

In addition to the area under the curve examination, the coordinates of the curve 

can be examined for a list of cut-offs rates for the good loans equal to one 

(sensitivity) and the error rate of the bad loans equal to zero (1-specificity). 

Different cut-off points match to different points on the curve. These cut-off 

points are shown in Table A.17 in Appendix, p. 326. However, some cut-off points 

can be extracted from Table A.17 to explain a specific measure by which loan 

samples of each model are classified and to estimate the sensitivity and specificity 

of the loans under that measure. This is shown in Table 6.37.  

Table 6.37 shows the proportion of good loans for each model with results greater 

than the cut-off (represented by Sensitivity) and  the proportion of bad loans for 

each model with results greater than the cut-off (represented by 1 - Specificity). 

Cut-offs of zero or less means that all loans are good while a Cut-off of one or 

more means all loans are bad and both of them are unacceptable. Therefore, the 

challenge is to choose a cut-off that balances the requirements of sensitivity and 

specificity. For example, a cut-off point 0.1122535 in Table 6.37 can be classified 

as positive, which means 98% of all good loans according to the discriminant 
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model would be correctly identified as good and 50% of all bad loan would be 

incorrectly identified as good. Therefore, the results of selecting cut-off points 

from coordinates of the curve can be used to maximize sensitivity and specificity. 

As a result, using ROC curve used for producing multiple curves which compare 

effectively the performance of credit scoring models is applied in this research.     

Table 6.37 Cut-off points with ROC curve 

Test Result Variable(s) Positive if 

Greater Than or 

Equal To 

Sensitivity 1 - Specificity 

Predicted probability 

default of discriminant 

analysis 

.0000000 1.000 1.000 

 .0013617 .995 .930 

 .0207350 .990 .700 

 .1122535 .980 .500 

 .9501858 .310 .010 

Predicted probability 

default of logistic 

regression 

-.9999125 1.000 1.000 

 .0012548 .990 .935 

 .0200681 .990 .655 

 . 1131578 .990 .370 

 .9507320 .495 .005 

Hazard function  of 

survival analysis 

-.9950668 1.000 1.000 

 .0231011 .990 .930 

 .1222556 .980 .600 

 .5001543 .745 .325 

 .9912413 .435 .135 

6.6.2 Correctly classified method 

According to this method, the performance of models can be examined by using 

the percentage of correctly classified cases which was discussed in the 

discriminant analysis and logistic regression sections. Unfortunately, the software 

packages do not produce the percentage correctly classified for the survival 

analysis. Therefore, the classification of the discriminant analysis and logistic 

regression sections will be discussed.  

Table 6.38 shows the percentage of correctly classified cases for both the analysis 

sample and the holdout sample for discriminant analysis and logistic regression. 

From Table 6.38, it can be seen that the logistic regression model performs better 

than does the discriminant analysis model in terms of percentage correctly 
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classified cases. This method reaches the same conclusion as the ROC curve in 

measuring performance of the models. 

Table 6.38 Modelling classifications 

Performance measure Discriminant analysis Logistic regression 

 Analysis 

sample 

Holdout 

sample 

Analysis 

sample 

Holdout 

sample 

percentage correctly classified 

cases 

86% 77% 87.7% 91.5% 

In addition to methods which were discussed in previous sections, the results of 

the three models can be compared. All three models identify five common 

variables; (i) amount of loan (LOAN) (ii) monthly borrower‘s salary (SAL_A) 

(iii) whether the guarantor‘s salary is ongoing (ONG_B) (iv) whether the 

borrower guarantees another borrower (GUR_A) (v) whether the guarantor 

guarantees another borrower (GUR_B). Therefore, these variables can be 

considered to be the most important variables affecting personal credit risk in the 

Libyan bank context. Furthermore, whether the guarantor‘s salary is ongoing 

appears to be the most important variable in all models where it is the most 

significant variable and has a positive relationship with the probability of default. 

This can be considered as a normal result because in the case of the borrower 

failing in repaying his loan, the bank will return to the guarantor who has ongoing 

salary to return its loan.   

Moreover, it can be noted that the logistic regression model is more sensitive to 

outlier cases. The logistic regression model added a new variable in the model and 

the percentage correctly classified has significantly changed while the other two 

models are not affected by the outlier cases. 

6.7 Concluding remarks 

The main purpose of this chapter is to analyse the data collected and discuss the 

results obtained by applying the credit scoring models to Libyan banks. The three 

models employed were; discriminant analysis, logistic regression, and survival 

analysis using the Al-Wahada Bank data.  

Section 6.2 describes the data collected and descriptive statistics. The data 

included 400 personal loans collected from the Al-Wahada Bank in Libya and 21 

independent variables extracted from the loan applications of 1997. In addition, 
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the minimum, maximum, mean and standard deviations were calculated for each 

variable.   

Section 6.3 provides the result of discriminant analysis. The results indicate that 

nine independent variables were selected to be the best discriminating power 

between good and bad loans. Furthermore, the percentages correctly classified 

appeared to be high for both the analysis sample and the holdout sample. The 

evaluation of these percentages resulted in acceptable levels of classification 

accuracy. The results also suggested that it can use interpretive measures for 

ranking independent variables to identify the most important discriminant 

variables by using discriminant loading. 

Section 6.4 deals with the results of logistic regression. The estimation of  the 

model showed that logistic regression produced nine independent variables. 

Moreover, the percentages correctly classified were high for samples and the 

levels of classification accuracy were acceptable according to the Press‘s Q 

measure and chi-square. However, the results demonstrated that logistic 

regression is more sensitive to outlier cases. After removing the outlier cases, the 

logistic model added a new variable to the model. 

Section 6.5 analysed data by using the survival model. The Cox Proportional 

Hazard model was used to identify the independent variables that contribute to 

loan default over time. The results showed that the survival analysis model 

estimated only six independent variables. These variables effectively contributed 

to identification of the probability of default over the time in the Al-Wahada Bank. 

This is ensured by meeting the proportion hazard assumption.  

Section 6.6 compared the models applied in this research. The comparison deals 

with two methods; the ROC curve and percentages correctly classified. The 

results indicate that the logistic regression model is superior to the other two 

models. In addition, the comparison indicates that five independent variables are 

common in to all models. The research suggests that these variables can be 

considered the most important variables affecting the probability of default of 

loans for Libyan credit. However, the survival model may not perform well 

compared to the other two models because the model does not estimate on a 
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monthly bases. This can be attributed to the data collected which does not take 

into consideration the changes of the independent variables over time.   
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Chapter 7. Conclusion 

7.1 Introduction 

The purpose of this chapter is to provide an integrated discussion of past 

approaches and results, present empirical implications and future directions for 

study. The chapter is divided into three sections. Section 7.2 provides a summary 

of the research. Section 7.3 outlines the specific contributions of the research. 

Finally, Section 7.4 provides the limitations of the research and presents some 

suggestions for further research.  

7.2 Summary  

Chapter 1 provides an introduction to the research. The background of banking 

credit and its importance to banks and the factors that play roles in reducing credit 

risk were introduced.  In addition, the research problem, objectives and the 

significance of the research was discussed. Chapter 2 detailed an extensive review 

of literature of the approaches to credit risk modelling. It began by examining the 

importance of credit and lending decisions by reviewing the factors affecting 

decision making in banks; external and internal factors as well as borrower-

specific factors. Moreover, an overview of credit risk was provided to establish a 

suitable basis for understanding the most important concepts representing the 

biggest risks facing banks. Furthermore, the methods of credit risk analysis 

according to banking theory were examined. These comprised four different 

methods; expert systems, risk premium analysis, econometrics and hybrid 

systems. 

This chapter also reviewed credit risk models. First, credit rating was explained in 

terms of its definition, types, advantages and criticisms, the process of credit 

rating and the rating criteria. This model has been widely applied to measure 

credit risk in banks and other financial institutions and to classify companies and 

bonds according to their performance. Secondly, portfolio models were examined 

through different models used to evaluate credit risk. These included structural 

models, explicit factor models, and reduced form models. The result of this 

chapter showed that there is no overall best model and applications of these 
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models differ from one financial institution to another. However, some factors can 

play an important role in identifying the best model including the structure and 

characteristics of the loan portfolio and the size of the financial institution. The 

concludsion was that the credit portfolio view is better than other models in 

relation to data requirements. 

Chapter 3 explored the empirical literature relating to credit scoring models. 

These models provide a scientific base for assessment of an applicant and helps 

decision-making by using historical data and statistical techniques. Therefore, the 

main aim of this chapter was to review credit scoring models as quantitative tools 

used to evaluate credit risk. Although Fisher (1936) was one of the first studies to 

introduce scoring modelling by applying discriminant analysis (but in the non-

financial field), Durand (1941) was the first to employ scoring models in 

evaluating credit risk. Following this, the scoring models have witnessed several 

important developments, particularly the 1960s, when the credit card was 

introduced and there was an increasing demand for various credit forms. In 

addition, credit scoring was compared with judgemental systems. Credit scoring 

models were used as an objective tool for decision-making in the credit field. The 

reason for this is that the credit scoring models are based on multivariate statistical 

analysis. 

The credit scoring models themselves are divided into three approaches; 

parametric, non-parametric and new approaches. The parametric approaches 

included four models; linear probability, probit, logit and discriminant. 

Discriminant analysis and logistic regression are more commonly used in credit 

risk evaluation. These models estimate the probability of loan default based on 

past data. The results of past research did not show the best model; the 

performances differed from one research outcome to other. The non-parametric 

approaches included seven models; recursive partitioning algorithm, nearest 

neighbours, linear programming, integer programming, neural network, genetic 

algorithms, and expert systems. These models do not need to estimate the 

parameters of the distribution of the variable on interest in the population and can 

deal with missing data and multicollinearity among variables. The use of these 

models consider less than parametric models. The final credit scoring models 
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were the new models which included graphical, Bayesian networks, and survival 

analysis.  

The important review in this chapter was of credit scoring models which have 

been applied in different fields of loans. This review included many articles 

aiming to extract some indexes including sample size, independent variables, 

techniques used, and the main finding of each article. The main findings of this 

review were used to examine application of credit scoring models in financial 

institutions and to help construct the models for this research.  

Chapter 4 examined the Libyan banking and credit system, with a brief review of 

the characteristics of the Libyan economy. As discussed, the Libyan economy is 

largely based on oil products which play an important role in forming the 

economy of most of sectors of the state. As a result of increasing oil revenue, 

Libya has established several economic development plans. These plans helped 

the state to develop all sectors, including agriculture, manufacturing, education 

and health.  

This chapter also discussed the finance sector in Libya by focusing on the banking 

sector. Commercial banks play an important role in social and economic 

development in the state. However, the commercial banks witnessed different 

events from 1955 until now regarding ownership. The public sector still 

dominates and controls most commercial banks. As a result, the competition 

among commercial banks is not considerable in order to create attractive banking 

products especially in the credit area. The Libyan commercial banks also 

encountered some restrictions in respect of the expansion credit facilities although 

of the liquidity ratio and deposits size represent large percentages compared to 

credit size. This is because the credit policy requirements were under the 

supervision of the Central Bank of Libya. Based on all of these issues, the Al-

Wahada Bank was selected as the case for this research. 

Chapter 4 provided a summary of the history, economy, financial sectors and 

commercial banks in Libya. This summary was essential because credit risk 

cannot be investigated in isolation of the surrounding environment. Furthermore, 

it can be seen that the Libyan economy is characteristic of as a transition 

economy. The economy required many reform procedures to move to a market 
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economy in the recent years. Moreover, this chapter concluded that the Libyan 

banking system lacks one of the sophisticated tools for evaluating credit risk 

models. The credit policy requirements of Libyan banking do not use models that 

help reduce credit risk.  

Chapter 5 described the research methodology applied in the research. 

Quantitative methodology represents the best method for data gathering and data 

analysis as well as for testing the relationship between variable. In this research, 

the population consisted of all personal loans (17,800) granted in 1997 for the Al-

Wahada Bank. Cochran‘s equation was used for selection of the study sample size. 

The result was 376 loans. However, 400 personal loans were randomly selected 

and used for analysis purposes. The sample was gathered during the period from 

February to April 2006. The sample used 21 independent variables, selected from 

documents, which have an impact on decision-making about credit. 

With regard to application of credit scoring models, three statistical techniques 

were reviewed in order to help build scoring models for Libyan banks. These 

models estimated the probability of default based on past data. First, discriminant 

analysis was used for evaluating credit risk. All requirements of this technique 

were met. In addition, the assumptions including normality, homogeneity of 

variances, multicollinearity and linearity were discussed. Moreover, the details for 

the estimation and assessment of the discriminant model were explained. 

Secondly, the logistic regression technique was applied to the Al-Wahada Bank 

data. The assumptions, estimation and assessment of the logistic model were 

discussed in details. Finally, survival analysis was examined. The purpose of 

using this technique was to describe the proportion of cases surviving at various 

times for different groups and assessment of the relationship between survival 

time and a set of independent variables to determine whether treatment differences 

are present after statistically controlling for the other independent variables. 

Survival analysis required knowing the time that has elapsed from the granting of 

the loans to loan failure. In relation to model estimation, the Cox Proportional 

Hazard regression model was reviewed. This model also required some 

assumption including multicollinearity, outlier diagnostics, and proportional 

hazard ratios, which were examined.  
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Chapter 6 discussed the results of the data analysis. The main purpose of this 

chapter was to analyse the data gathered and discuss the results according to the 

three statistical models examined in chapter five in order to reach conclusions 

which can be used to identify credit risk in Libyan Banks. First, discriminant 

model determined nine independent variables which have the best discriminating 

power. These variables appeared to provide the largest significant difference 

between good loans and bad loans as well as the largest Mahalanobis 2D . These 

variables were; whether the guarantor‘s salary is ongoing, whether a guarantor 

guaranteed another borrower, the amount of loan, monthly salary of a borrower, 

number of children of a borrower, whether an applicant guaranteed another 

borrower, the age of guarantor, marital status of  a borrower, and the purpose of 

the loan. In addition, the overall fit model showed high significance in each step 

with decreasing Wilk‘s lambda from 0.749 to 0.520. Moreover, the model 

identified the Z score of 0.897 which can be used for determining the good loans 

and bad loans. 

The result of discriminant analysis also showed high classification accuracy for 

both the analysis sample and the holdout sample of 86% and 77% respectively. 

Three measures used for evaluating achieved classification accuracy were 

proportional chance criterion, one-fourth of achieved classification by chance, and 

Press‘s Q. All of these measures showed that the levels of classification accuracy 

were acceptable.  

Furthermore, three important tests were conducted for discriminant assumption. 

First, multicollinearity was tested by using Tolerance values and variance inflation 

factor (VIF). Both of them showed that there was no severe multicollinearity 

among variables. Second, outlier cases were tested by establishing the critical 

value for Mahalanobis 2D . Although there were only two outlier cases which have 

values larger than the critical value for Mahalanobis 2D , neither case had any 

impact on classification accuracy and discriminant function. The final test was 

homogeneity. This test used log determinant of the group variance. The results 

indicted that log determinant had not different covariance matrices. This means 

that the homogeneity assumption is not violated. 
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Secondly, the logistic regression model determined nine independent variables 

which contributed to identifying the probability of default of Al-Wahada Bank 

personal loans. These variables were represented in whether the guarantor‘s salary 

is ongoing, whether a guarantor guaranteed another borrower, the amount of loan, 

monthly salary of a borrower, the occupation of borrower, number of children of a 

borrower,  whether an applicant guaranteed another borrower, the marital status of 

a borrower, and gender. The scores were used as a measure for selecting those 

variables. Furthermore, two measures were used for testing overall model fit. The 

first is the likelihood ratio for the change in the -2 likelihood value from the 

baseline model. The results indicated that the existence of a relationship between 

the independent variables and dependent variable is supported. The second 

measure is Hosmer and Lemeshow. This measure showed the model does not fit 

the data well because the chi-square was significant. These results can be 

neglected because the analysis sample was less than 400 observations. However, 

the measure showed that the null hypothesis was not rejected after removing the 

outlier cases. This means that the model fits the data well and the logistic model 

has a high sensitivity to outlier cases.  

Moreover, the logistic model showed high classification accuracy for both the 

analysis sample and the holdout sample of 87.7 and 91.9 respectively after 

omitting the outlier cases. Three measures used for evaluating achieved 

classification accuracy were proportional chance criterion, one-fourth of achieved 

classification by chance, and Press‘s Q. All of these measures showed that the 

levels of classification accuracy were acceptable. In addition, three measures were 

used for testing coefficients. These measures were Wald statistics, likelihood ratio, 

and change in log likelihood. All measures showed that the entered variables are 

significant.  

Furthermore, two important tests were conducted for logistic regression 

assumption. First, the multicollinearity test indicated that the logistic regression 

model has no highly potential relationships among variables. This was tested by 

using Tolerance values and the variance inflation factor (VIF). Second, outlier 

cases were tested by using standardised residual methods and Cook‘s distance 

method. The results indicated that the logistic model is highly affected by outlier 
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cases. It can be noted that the classification accuracy increased and new 

independent variable entered to the model after removing the outlier cases.  

The final model applied in this chapter was survival analysis. By using the Cox 

Proportion Hazard model, only six independent variables were determined. These 

variables contributed to identifying the probability of default of Al-Wahada Bank 

personal loans over the time. These variables were whether the guarantor‘s salary 

is ongoing, whether a guarantor guaranteed another borrower, the amount of loan, 

monthly salary of a borrower, whether an applicant guaranteed another borrower, 

and whether the guarantor has another loan. All the coefficients of these variables 

were significant according to the Wald statistic test and change in likelihood test. 

Furthermore, the score statistics test and log likelihood showed statistical 

significance of all steps in building the model. This means that the null hypothesis 

that the coefficients for all steps are equal zero is rejected and the overall survival 

model fits the data well. Moreover, three assumption of survival analysis were 

tested. First, the multicollinearity test indicated that the independent variables of 

the survival model did not appear to be highly correlated. This was tested by using 

factor analysis through the initial communalities which showed the absence of 

multicollinearity. Second, outlier cases were tested by using Dfbeta and Cox-Snell 

residual. The results indicated that the survival model is not affected by outlier 

cases. This was ensured by removing the outlier cases and demonstrating that the 

model did not show any changes. The final test conducted was the proportional 

hazard assumption. This assumption required the creation of an interaction 

coefficient term between time and independent variables. The results of this test 

showed that the interaction terms have coefficients significantly different from 

zero. This means that the proportional hazard assumption is not violated. 

The three models were examined using two methods, Receiver Operation 

Characteristic curve (ROC) and correctly classified method, in order to evaluate 

the models performance. First, the ROC curve showed that all models perform 

well where the asymptotic significance of each model was less than 0.05. 

However, in relation to comparison of models, the logistic regression model 

showed the best performance. Therefore, it can be concluded that the logistic 

regression model is fit for the definition of good and bad loans while the survival 
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model is fit for the time to default. This means the survival model usually 

performs better over time and it can be ensured that the estimation of two models 

was on monthly base. The second method used is the correctly classified method. 

Unfortunately, the software packages do not produce this method for survival 

models. Therefore, the comparison was conducted between the discriminant 

model and the logistic regression model. The logistic model was superior to the 

discriminant model in terms of the percentage correctly classified with 87.7% and 

86% respectively. 

7.3 Contribution of the study and policy implications 

This thesis makes significant contributions to the analysis of credit risk in Libyan 

banks and the credit literature. First, it is believed that this thesis is the first study 

to apply credit scoring models for personal loans in the Libyan context. 

Furthermore, because of the lack of research on credit risk modelling in Libya, 

this thesis attempts to fill this gap by discovering a neglected field in previous 

studies. Moreover, due to difficulties found by Libyan banks in identifying credit 

risk of their clients resulting in the scarcity of the implement such these models, 

this thesis helps banks and other financial institutions to more clearly define their 

credit risks by applying new credit risk models. Therefore, this thesis contributes 

to the literature of credit scoring models in general and for Libyan banks in 

particular. 

Second, at least one study, Altman et al., (1981), has surveyed the credit scoring 

models. They only reviewed the methods until 1975. This thesis is believed to be 

the first attempt to survey the credit scoring models from 1992 until 2006; this 

period includes new models that have not been surveyed before. Therefore, 

examining these models adds new knowledge and a theoretical framework to 

credit risk research. 

Finally, this thesis constructed three advanced scoring models in the credit risk 

context and these models resulted in variables which help to identify the credit 

risk in Libyan banks. Furthermore, these models were tested in terms of their 

assumptions. This ensures that variables selected in these models represent the 

best selection of this thesis and support the results of this thesis. In addition, this 

thesis provided comparison between the constructed credit scoring models for Al-
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Wahada Bank in order to select the best technique depending on their 

performance. Therefore, it can be said that this research makes a new contribution 

to credit scoring models in respect of their performance in Libyan banks  and new 

independent variables that have not been examined in the literature of credit 

scoring models. 

The spread of credit scoring, particularly its growing use in consumer loans, 

should lead to increased competition among banks and increased availability of 

credit for consumers. Traditionally, banks usually lend to consumers from a 

branch in the borrower‘s area. This branch provides the lender good information 

of the area, which is thought to be useful in the credit decision. Consumers are 

likely to have current accounts at the bank, and the information the bank can 

obtain by examining the financial ability of borrowers can provide the bank an 

advantage in lending to these consumers.  However, credit scoring is changing the 

way banks make consumers loans by processing applications using automated and 

centralized systems. These banks can provide large volumes of consumer loans 

even in areas where they do not have extensive branch networks. Applications are 

accepted over several communications including the phone and mail, as credit 

card lenders do. 

Credit scoring may also support more lending because it provides banks a tool for 

more accurately pricing risk. The price can be adjusted according to the risk. 

However, the relationship may be different according the size of the bank. The 

typical bank-borrower relationship, which is built up over years of lending, allows 

for considerable flexibility in loan terms. A long-term relationship allows the bank 

to offer special prices to a borrower facing temporary credit problems, which the 

bank can later make up for when the borrower overcomes the credit problems.  

Credit scoring models can be used to improve credit practices for banks. Banks 

usually focus on corporate loans however, consumer loans are rapidly growing. 

These loans are usually represented in small amount with large borrowers. 

Therefore, banks cannot control the quality across their branches and avoid 

making mistakes. With credit scoring, the bank applies an equation in order to 

obtain a numeric quantification of the risk. This can change the required 

information and credit assessment. For example, the bank will use several 
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practices for credit scoring models resulted from the information available about 

the applicants. Some banks may use cut-off point to approve or disapprove 

7.4 Limitations and Suggestion for Further Research  

This section examines limitations of the current research and considers the impact 

they have on the research conclusion. It also provides some guidance for future 

research that could be perceived as possible extensions to the present research. 

There are a number of intrinsic limitations related to research of this nature. 

Firstly, this research selected Libya as a developing country. The research results 

are limited to Libyan banks. This also means the results may differ if the research 

is conducted in other country in another region. Therefore, the findings of this 

research are limited generalisations. Thus, by applying credit scoring models to 

different Libyan banks and comparing the results would provide better scoring 

models for personal loans in the Libyan credit context. Moreover, comparison 

studies of Libyan credit scoring models and those in other developing counties 

and models in developed countries could contribute to an improvement in Libyan 

models. 

Secondly, this research used cross-sectional data in the credit risk models. Cross-

sectional research design may be attractive for their advantages of saving time and 

cost, however the design strictly limits the researcher‘s capacity to address 

changing or developmenting issues or to recommend fundamental interpretations. 

In addition, the research used loans granted only in 1997 to build credit scoring 

models. It may include some characteristics that differ from other years 

particularly as Libya features in a transitional economy. Consequently, it can be 

suggested for further study that time series data could provide better results. For 

example, the selection of a sample across 10 or 20 years instead of one year or 

using cross-sectional-time series data could consider whether time plays an 

important role in building models. Moreover, the research would be to expand the 

model to include other variables. The variables included in this research model 

were those found in the literature and in those that resulted for collecting data. 

Thirdly, this research focused only on three credit scoring models; discriminant 

analysis, logistic analysis and survival analysis. Other credit scoring models were 

not applied because of the limitation of the research period and the requirements 
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of other models. Accordingly, it is suggested that other credit scoring models, 

including non-parametric models, could provide another contribution to the 

Libyan context.  

Fourthly, this thesis was applied to the personal loans of Al-Wahada Bank in 

Libya and used the variables extracted from its applications for building credit 

scoring models. Although the reasons for the selection of the Al-Wahada Bank as 

a case which represents the Libyan banks have been explained, other findings may 

be discovered and provided other variables by applying these models. Thus, using 

credit scoring models on other types of loans, including overdraft, corporate and 

small business loans in relation to Libyan environment, can be suggested for 

further research. 

Finally, this thesis used constant variables in the survival model and focused only 

on minimizing loan default. The new suggestion for further research is to apply 

profit scoring. This technique is appropriate because banks usually prefer to 

estimate the survival profitability of loans over the time. This may provide 

different results in relation to the performance of this technique.  
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Appendix  

Table A.1 Five-Year Plan 1963–1968 and Additional Year 1969 (LYD million) 

Sector Original 

 Allocation 

% 

 

 

Final 

 Version 

% Actual 

 Expenditure 

% 

Agriculture and Forestry 29.3 17.3 63.0 10.1 65.4 11.9 

Industry 6.9 4.1 32.6 5.2 28.5 5.2 

National Economy 2.9 1.1 5.5 0.9 4.3 0.8 

Communications 27.5 16.2 118.6 19.0 91.6 16.6 

Public Works 38.7 26.6 82.2 13.1 - - 

Education 22.4 13.1 59.9 9.6 47.6 8.6 

Health 12.5 7.4 24.3 3.9 16.5 3.0 

Labour & Social Affairs 8.7 5.1 29.7 3.0 20.2 3.7 

News & Guidance 2.6 1.5 10.4 1.7 6.6 1.2 

Public Administration 6.4 3.8 0.8 0.1 46.3 8.4 

Planning & Development 11.4 6.7 9.7 1.5 5.0 0.9 

Housing - - 109.3 17.5 192.2 29.4 

Interior - - 52.3 8.4 - - 

Electricity - - 25.3 5.0 56.8 10.3 

Other - - 1.7 0.3 10.3 - 

Total 169.1 100 625.3 100 551.0 100 

           Source: The Secretary of Planning (1997) 

 

Table A.2 Socio-Economic Development Plan 1973–1975 
Sector 1973–1975 

LYD million % 

Agriculture, Forest & Fish 327.8 16.6 

Oil & Natural Gas 48.9 2.5 

Mining & Quarrying 2.9 0.2 

Manufacturing Industry 231.6 11.8 

Electricity & Water 257.4 13.1 

Construction 6.2 0.3 

Wholesale & Retail Trade 1.0 0.1 

Transport & Communication 253.8 12.9 

Banks & Insurance 0.4 0.0 

Housing 361.3 18.4 

Public Services (Except Education & Health) 186.7 9.5 

Education Services 192.1 9.8 

Health Services 71.0 3.6 

Other Services 0.0 0.0 

Reserve 23.9 1.2 

Total 1965.0 100 

                    Source: Ministry of Planning Three-Year Socio-Economic Development Plan (1973–1975), p 90 
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Table A.3 Socio-Economic Development Plan 1976–1980 

Sector 1976–1980 

LYD million % 

Agriculture and agrarian reform 445.3 6.2 

Integrated agricultural developments 781.3 10.9 

Industry and mineral resources 1089.7 15.2 

Oil & Gas 648.2 9.0 

Electricity 543.6 7.6 

Transport & Communication 632.1 8.8 

Education 470.4 6.6 

Health 171.4 2.4 

Manpower 41.8 0.6 

Social Security 43.2 0.6 

Housing 794.2 11.1 

Economy 32.7 0.5 

Sport, Information & Culture 91.3 1.3 

Municipalities 552.7 7.7 

Planning 56.7 0.8 

Reserve 325.3 4.5 

Nutrition & Sea Wealth 41.4 0.6 

Marine Transport 373.5 5.2 

Security Services 35.0 0.5 

Total 7170.0 100 

                         Source: Bearman (1986: 193) and the 1981–1985 Economic and Social Transformation Plan. 

 

 
 

Table A.4 Revised Socio-Economic Development Plan 1976–1980 

Sector 1976–1980 

LYD million % 

Agriculture, Forest & Fish 1030.1 14.4 

Oil & Natural Gas 41.0 0.6 

Mining & Quarrying 9.0 0.1 

Manufacturing Industry 1515.4 21.1 

Electricity & Water 706.7 9.9 

Construction 7.0 0.1 

Wholesale & Retail Trade 32.9 0.4 

Transport & Communication 1197.8 16.7 

Housing 887.5 12.4 

Public Services (Except Education & Health) 760.1 10.6 

Education Services 513.0 7.2 

Health Services 145.2 2.0 

Reserve 325.3 4.5 

Total 7171.0 100 

                    Source: Ministry of Planning, Socio-Economic Transformation Plan (1973-1975), p 90 
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Table A.5 Socio-Economic Development Plan 1981-1985 
Sector 1981–1985 

LYD million % 

Agriculture & Land Reclamation 3100 18.2 

Light Industry 1200 7.0 

Heavy Industry 2730 16.1 

Oil & Gas 200 1.2 

Electricity 2000 11.8 

Education 1000 5.9 

Information & Culture 150 0.9 

Labour Force 150 0.9 

Health 560 3.3 

Social Security 130 0.8 

Sport 100 0.6 

Housing 1700 10.0 

Public Utilities 1300 7.6 

Transport & Communication 2100 12.3 

Economy 500 2.9 

Planning 80 0.5 

Sub-total 17000 100.0 

Projects Reserves 1500  

Total 18500  

                Source: The Secretary of Planning, the (1981–1985) Economic and Social Transformation Plan, p 52. 
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Table A.6 Three-year Programme 1994–1996 

Sector Allocation 

LYD 

million 

Actual 

investment 

LYD million 

Percentage of 

actual 

expenditure of 

each sector to 

total (%) 

Percentage of 

actual 

investment to 

allocation (%) 

Agriculture 158 49.130 3.4 31 

Industry 94.700 132.8 9.1 140 

Energy 332 371.5 25.6 111 

Education 289 127.900 8.8 44 

Media & Culture 12 5 0.3 41.6 

Health & Social Security 205 87.9 6.1 42.8 

Transport 194 66.050 4.6 34 

Planning 17.900 10.800 0.7 60 

Economic 6 1.975 0.1 33 

Sea Resources 25.600 15.850 1.1 62 

Justice & General Security 12.300 6.200 0.4 50.4 

Administration Centres 240 271.911 18.7 113 

Human Resource 32 32.000 2.2 100 

Housing & Public Utilities 297.450 140.400 9.7 47 

Tourist 3 2.400 0.2 80 

Animal Resources 11 8.250 0.6 75 

Man-Mad River 100 20 1.4 20 

Finance 5 0 0.0 00 

Previous Commitments 100 33 2.3 33 

Reserve & Maintenance 264.350 67.500 4.7 25 

Total 2400 1450.566 100 60.44 

Source: The Secretary of Planning, The (1981–1985) Economic and Social Transformation Plan, p 52; and 

the Secretary of Planning, Economic and Trade (1997) The Follow Up Report of Implementation of the 

Three-Year Programme (1994–1996).  
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Table A.7 Libyan GDP growth performance 1970–2004 

Year Growth rate of  

GDP from Oil  % 

Growth rate of GDP  

from total Non-oil 

% 

Growth rate 

 of GDP % 

1970 7.7 1.6 5.3 

1971 13.5 39.5 23.1 

1972 -0.2 25.4 10.5 

1973 22.9 26.2 24.5 

1974 110.8 34.3 73.9 

1975 -17.8 21.5 -3.2 

1976 40.2 17.8 29.8 

1977 19.1 15.8 17.7 

1978 -14.3 15 -2.1 

1979 61.8 13.8 38.3 

1980 43.6 31.7 38.8 

1981 -32.5 9.1 -16.6 

1982 -3.8 6.9 1.5 

1983 -9.7 -0.2 -4.7 

1984 -16.1 -2 -8.3 

1985 -9.1 -5.3 0.6 

1986 -25.8 0.3 -11.4 

1987 -27.8 -5.2 -13.6 

1988 -16.3 11.6 2.9 

1989 30.9 11.3 16.2 

1990 57.8 -2.6 14.7 

1991 -4.3 13 6.2 

1992 -5.8 11.6 5.4 

1993 -15.9 5.9 -1 

1994 17.6 1.5 5.8 

1995 16.8 7.6 10.4 

1996 17.2 14.7 15.5 

1997 13.8 11.1 12 

1998 -38.2 5.7 -8.6 

1999 43.4 2.6 11.6 

2000 77.2 6.1 26.3 

2001 3.1 5.6 4.6 

2002 82.6 5.5 35.8 

2003 48.8 4.1 26.6 

2004 43.8 11.3 31.2 

                              Source: Central Bank of Libya, Annual Report (various years).  
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Table A.8 The contribution of the economic sectors in average of GDP from 1994–2004 (LYD million) 

Economic sectors 1,994 1,995 1,996 1,997 1,998 1,999 2,000 2,001 2,002 2,003 2,004 Total Average % 

Agriculture, Forestry and fishing 828 933 1,075 1,267 1,394 1,450 1,438 1,392 1,349 1,376 1,440 13,942 1,267 7 

Oil and natural Gas 2,893 3,380 3,960 4,506 2,786 3,996 7,762 6,784 13,326 19,565 28,142 97,100 8,827 46 

Mining and Quarrying 138 133 188 197 198 223 294 307 387 360 418 2,842 258 1 

Manufacturing 604 743 703 819 779 863 890 878 813 765 761 8,618 783 4 

Electricity, gas and Water 204 217 232 244 260 270 270 285 294 303 334 2,913 265 1 

construction 493 478 672 703 713 804 1,014 1,063 1,342 1,249 1,450 9,980 907 5 

Trade, hotels and restaurants 1,149 1,267 1,488 1,620 1,714 1,693 1,686 1,882 2,090 2,205 2,418 19,213 1,747 9 

Transportation, Storage and Communications 804 905 986 1,129 1,168 1,212 1,214 1,299 1,429 1,516 1,641 13,303 1,209 6 

Financing, insurance and Ownership of 

Dwellings 

224 233 288 257 275 324 357 377 415 440 477 3,666 333 2 

ownership of houses 360 399 420 430 443 453 476 499 514 534 592 5,120 465 2 

General services 1,741 1,730 2,021 2,304 2,542 2,429 2,666 2,901 2,859 3,205 3,800 28,198 2,563 14 

other services 234 255 295 326 337 359 392 411 428 450 477 3,963 360 2 

Total 9,671 10,672 12,327 13,801 12,611 14,075 18,457 18,079 25,246 31,968 41,950 208,857 18,987 100 

Source: Central Bank of Libya, Annual Report (various years).  
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Table A.9 Libyan GDP 1970–2004 (LYD million) 

Year Oil  Activity Total Non-oil  Activity GDP 

Amount % Amount % 

1970 812.6 63.1 475.7 36.9 1288.3 

1971 922.7 58.2 663.8 41.8 1586.5 

1972 920.6 52.5 832.4 47.5 1753 

1973 1131 87.7 1050.5 81.5 1289.3 

1974 2385.3 62.8 1410.4 37.2 3795.7 

1975 1961.1 53.4 1713.2 46.6 3674.3 

1976 2750 57.7 2018.1 42.3 4768.1 

1977 3275.9 58.4 2336.8 41.6 5612.7 

1978 2808.7 51.1 2687.4 48.9 5496.1 

1979 4545.3 59.8 3057.7 40.2 7603 

1980 6525.7 61.8 4028.1 38.2 10553.8 

1981 4403.3 50.0 4395.5 50.0 8798.8 

1982 4235.8 47.4 4696.6 52.6 8932.4 

1983 3823.6 44.9 4688.1 55.1 8511.7 

1984 3209.8 41.1 4594.9 58.9 7804.7 

1985 3500.4 44.6 4351.7 55.4 7852.1 

1986 2595.8 37.3 4364.9 62.7 6960.7 

1987 1875.4 31.2 4136.2 68.8 6011.6 

1988 1570 25.4 4616 74.6 6186 

1989 2055.5 28.6 5135.5 71.4 7191 

1990 3243.8 39.3 5003.1 60.7 8246.9 

1991 3104.3 35.4 5653 64.6 8757.3 

1992 2925.7 31.7 6306.2 68.3 9231.9 

1993 2460.1 26.9 6677.6 73.1 9137.7 

1994 2892.9 29.9 6777.9 70.1 9670.8 

1995 3380 31.7 7292.3 68.3 10672.3 

1996 3960.3 32.1 8367 67.9 12327.3 

1997 4505.8 32.6 9294.7 67.4 13800.5 

1998 2786 22.1 9824.6 77.9 12610.6 

1999 3995.9 28.4 10079.3 71.6 14075.2 

2000 7761.9 42.1 10695 57.9 18456.9 

2001 6784.2 37.5 11294.7 62.5 18078.9 

2002 13326 52.8 11920 47.2 25246 

2003 19565 61.2 12403 38.8 31968 

2004 28142 67.1 13808 32.9 41950 

               Source: Central Bank of Libya, Annual Report (various years).  
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 Table A.10  Libyan GDP per capita 1970–2004 

Year Population 

(000) 

GDP 

million 

GDP  

per Capita 

1970 1.986 1288.3 649 

1971 2.097 1586.5 757 

1972 2.188 1753 801 

1973 2.242 1289.3 575 

1974 2.334 3795.7 1626 

1975 2.446 3674.3 1502 

1976 2.512 4768.1 1898 

1977 2.638 5612.7 2128 

1978 2.748 5496.1 2000 

1979 2.9 7603 2622 

1980 3.042 10553.8 3469 

1981 3.15 8798.8 2793 

1982 3.255 8932.4 2744 

1983 3.36 8511.7 2533 

1984 3.469 7804.7 2250 

1985 3.786 7852.1 2074 

1986 3.908 6960.7 1781 

1987 4.094 6011.6 1468 

1988 4.245 6186 1457 

1989 4.395 7191 1636 

1990 4.545 8246.9 1814 

1991 4.714 8757.3 1858 

1992 4.873 9231.9 1895 

1993 5.039 9137.7 1813 

1994 5.222 9670.8 1852 

1995 5.405 10672.3 1975 

1996 5.167 12327.3 2386 

1997 5.201 13800.5 2653 

1998 5.302 12610.6 2378 

1999 5.419 14075.2 2597 

2000 5.115 18456.9 3608 

2001 5.606 18078.9 3225 

2002 5.369 25246 4702 

2003 5.499 31968 5813 

2004 5.631 41950 7450 

                                            Source: Central Bank of Libya, Annual Report (various years).  
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Table A.11 Libyan oil exports and other exports 1970–2004 

Year Crude 

oil 

exports 

Other 

exports* 

1970 99.9 0.1 

1971 99.6 0.4 

1972 98.2 1.8 

1973 97.2 2.8 

1974 97.7 2.3 

1975 95.2 4.8 

1976 95.9 4.1 

1977 94.4 5.6 

1978 92.8 7.2 

1979 92.9 7.1 

1980 96.9 3.1 

1981 95.1 4.9 

1982 95.1 4.9 

1983 93.2 6.8 

1984 91.5 8.5 

1985 87.3 12.7 

1986 88.7 11.3 

1987 83.1 16.9 

1988 80.3 19.7 

1989 82.3 17.7 

1990 82.3 17.7 

1991 84.6 15.4 

1992 77.6 22.4 

1993 76.1 23.9 

1994 72.9 27.1 

1995 76.7 23.3 

1996 81.3 18.7 

1997 92.1 7.9 

1998 92.9 7.1 

1999 93.5 6.5 

2000 96.3 3.7 

2001 95.3 4.7 

2002 98.1 1.9 

2003 96.7 3.3 

2004 95.9 4.1 

Source: Economic and Social Indexes (1962–1996), 1997: 64– 90                                                                  

*Other exports include Gas and petrochemical products. 
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Table A.12 Deposits and liquidity of Libyan Banks (LYD million) 

year 

  

Cash 

  

Demand Deposits 

 

Time Deposits 

 

Total 

  

Total of   

Deposits 

Liquidity 

Ratio 

With CBL With 

Banks 

With 

CBL 

With 

Banks 

1970 4.3 17.7 2.3 5 1.9 31.2 129.7 24 

1971 4.3 66.4 0.3 53.5 0.5 125 211.5 59 

1972 4.2 53.6 0.9 77.2 1.2 137.1 263.6 52 

1973 5.4 71.6 2.4 14 46.6 140 367.1 38 

1974 10.6 132.1 5 6 4.8 158.5 602.3 26 

1975 9.2 138 4.1 10 7.8 169.1 615.9 27 

1976 11.7 156.3 3.4 18.5 2.4 192.3 826.5 23 

1977 11.8 203.7 4.6 10.5 3.2 233.8 1044.4 22 

1978 13.3 220.7 5.2 0 3.7 242.9 1043.4 23 

1979 21.4 269.2 4.8 0 20.2 315.6 1423.2 22 

1980 24.5 643.5 26.8 207.5 27.5 929.8 2416.2 38 

1981 28.9 505.9 48.9 28.3 20.1 632.1 2841.3 22 

1982 24.6 517 16.7 56 105.4 719.7 2517 29 

1983 40.9 511.1 20 43 8.3 623.3 2580.6 24 

1984 30.5 559.7 17.5 42 11.6 661.3 2858.8 23 

1985 24.7 620.2 22.2 207 11.6 885.7 3247.7 27 

1986 29.3 562.8 15.5 310.5 8.8 926.9 3437.9 27 

1987 29.2 573 26.7 422.5 273.4 1324.8 3567.4 37 

1988 32 569.9 14.3 245 9 870.2 3310 26 

1989 30.9 573.8 46 340 18.2 1008.9 3374.7 30 

1990 36.5 665.6 20.6 371 20.6 1114.3 3321.4 34 

1991 54.3 611.6 34.2 567 30.3 1297.4 3565.9 36 

1992 59.7 689.6 5.5 1037 28 1819.8 4173 44 

1993 69.6 669.5 3.1 767.5 28.6 1538.3 4301.8 36 

1994 115.9 830.7 3.8 1258 28.1 2236.5 5035.9 44 

1995 99.1 877.5 4.1 1360 29.5 2370.2 5503.1 43 

1996 86.5 952.6 5.2 1567 40.5 2651.8 5879 45 

1997 76.8 966 4.8 1663 55 2765.6 6039.6 46 

1998 89 1101.1 6.3 1611 52.7 2860.1 6577.8 43 

1999 86.5 1094.9 9.5 1247 0 2437.9 7117.8 34 

2000 115.5 1117.4 13 1224.3 44.8 2515 7463 34 

2001 113 1500 9.9 732.8 34 2389.7 8386.2 28 

2002 121 1204.9 14.9 1132.8 100 2573.6 8707.8 30 

2003 103 1207.8 21.3 1881.3 30 3243.4 9567.2 34 

2004 135.2 1710.6 45.7 4368.8 80.5 6340.8 11278.7 56 

Source: Central Bank of Libya, Annual Report (various years).  
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Table A. 13 Group predictions for cases (logistic regression) 

 Casewise List 

Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

1 S G .899 G .101 .335 

2 U G** .400 D .600 1.225 

3 S G 1.000 G .000 .000 

4 S G .871 G .129 .385 

5 S G** .335 D .665 1.408 

6 U G .688 G .312 .673 

7 S G .963 G .037 .197 

8 S G .909 G .091 .316 

9 S G .645 G .355 .742 

10 S G .759 G .241 .564 

11 S G .992 G .008 .089 

12 S G .901 G .099 .331 

13 S G .898 G .102 .337 

14 S G .929 G .071 .276 

15 S G 1.000 G .000 .000 

16 S G .917 G .083 .300 

17 U G .964 G .036 .192 

18 S G .858 G .142 .407 

19 S G 1.000 G .000 .000 

20 S G .848 G .152 .424 

21 S G .952 G .048 .225 

22 S G .706 G .294 .645 

23 S G .942 G .058 .249 

24 S G .828 G .172 .455 

25 S G .911 G .089 .313 

26 S G .649 G .351 .735 

27 S G .989 G .011 .105 

28 S G .522 G .478 .957 

29 S G .961 G .039 .201 

30 U G .955 G .045 .218 

31 S G .737 G .263 .598 

32 S G .925 G .075 .285 

33 S G .964 G .036 .193 

34 U G .925 G .075 .286 

35 S G .905 G .095 .324 

36 U G .905 G .095 .323 

37 S G 1.000 G .000 .000 

38 U G .895 G .105 .343 

39 S G** .221 D .779 1.880 

40 S G .631 G .369 .765 

41 S G .952 G .048 .224 

42 S G .534 G .466 .934 

43 U G .938 G .062 .257 

44 S G** .498 D .502 1.004 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

45 S G .936 G .064 .262 

46 S G .941 G .059 .249 

47 U G .983 G .017 .132 

48 S G .931 G .069 .272 

49 S G 1.000 G .000 .000 

50 S G .892 G .108 .347 

51 S G .992 G .008 .087 

52 U G .929 G .071 .277 

53 S G .885 G .115 .361 

54 S G 1.000 G .000 .000 

55 S G .854 G .146 .413 

56 S G** .176 D .824 2.164 

57 S G .985 G .015 .123 

58 S G .809 G .191 .487 

59 S G .907 G .093 .320 

60 S G .855 G .145 .412 

61 S G .976 G .024 .156 

62 U G .615 G .385 .791 

63 S G .700 G .300 .655 

64 S G .701 G .299 .653 

65 S G .800 G .200 .500 

66 S G .955 G .045 .218 

67 U G .987 G .013 .117 

68 S G .952 G .048 .225 

69 S G 1.000 G .000 .000 

70 S G .911 G .089 .312 

71 S G .991 G .009 .096 

72 S G .692 G .308 .667 

73 S G .871 G .129 .384 

74 S G 1.000 G .000 .000 

75 S G .910 G .090 .314 

76 S G .812 G .188 .482 

77 S G .970 G .030 .176 

78 S G .863 G .137 .398 

79 S G .786 G .214 .522 

80 U G .809 G .191 .485 

81 S G .886 G .114 .359 

82 U G .672 G .328 .699 

83 U G .952 G .048 .224 

84 S G .737 G .263 .597 

85 S G .516 G .484 .969 

86 S G .948 G .052 .234 

87 S G .989 G .011 .103 

88 S G .699 G .301 .656 

89 U G .929 G .071 .276 

90 S G .938 G .062 .257 

91 S G .843 G .157 .432 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

92 S G .943 G .057 .247 

93 U G .888 G .112 .356 

94 S G .753 G .247 .573 

95 U G .800 G .200 .501 

96 S G .823 G .177 .463 

97 S G 1.000 G .000 .000 

98 S G .883 G .117 .365 

99 S G** .422 D .578 1.170 

100 S G .555 G .445 .895 

101 S G .895 G .105 .343 

102 S G .752 G .248 .574 

103 S G .855 G .145 .411 

104 S G 1.000 G .000 .000 

105 S G** .473 D .527 1.056 

106 S G 1.000 G .000 .000 

107 S G** .412 D .588 1.194 

108 S G .976 G .024 .156 

109 U G 1.000 G .000 .000 

110 S G 1.000 G .000 .000 

111 U G .862 G .138 .400 

112 S G .589 G .411 .835 

113 S G .848 G .152 .424 

114 S G .825 G .175 .460 

115 S G 1.000 G .000 .000 

116 S G .909 G .091 .317 

117 S G .979 G .021 .146 

118 S G 1.000 G .000 .000 

119 S G .918 G .082 .298 

120 S G .992 G .008 .090 

121 S G .795 G .205 .508 

122 U G .877 G .123 .375 

123 S G .950 G .050 .229 

124 U G .636 G .364 .756 

125 S G** .002 D .998 22.482 

126 S G .773 G .227 .542 

127 S G .770 G .230 .547 

128 S G .871 G .129 .384 

129 S G .997 G .003 .050 

130 S G .758 G .242 .564 

131 S G .965 G .035 .190 

132 S G 1.000 G .000 .000 

133 S G** .473 D .527 1.056 

134 U G .631 G .369 .764 

135 S G .961 G .039 .202 

136 S G .846 G .154 .427 

137 S G .850 G .150 .420 

138 S G .954 G .046 .219 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

139 S G** .097 D .903 3.057 

140 S G .789 G .211 .517 

141 S G .988 G .012 .110 

142 S G .536 G .464 .930 

143 S G .922 G .078 .292 

144 S G 1.000 G .000 .000 

145 S G** .473 D .527 1.056 

146 U G 1.000 G .000 .000 

147 U G** .423 D .577 1.168 

148 S G .956 G .044 .215 

149 S G 1.000 G .000 .000 

150 S G 1.000 G .000 .000 

151 S G** .433 D .567 1.144 

152 S G .666 G .334 .708 

153 S G .740 G .260 .593 

154 U G .705 G .295 .647 

155 S G 1.000 G .000 .000 

156 S G .726 G .274 .614 

157 S G .974 G .026 .164 

158 S G 1.000 G .000 .000 

159 U G .893 G .107 .346 

160 U G .998 G .002 .049 

161 S G .785 G .215 .523 

162 U G** .491 D .509 1.017 

163 S G 1.000 G .000 .000 

164 U G .907 G .093 .320 

165 S G .781 G .219 .530 

166 S G .651 G .349 .733 

167 U G .976 G .024 .156 

168 U G .911 G .089 .313 

169 U G .884 G .116 .363 

170 S G** .265 D .735 1.667 

171 S G .998 G .002 .047 

172 S G .958 G .042 .210 

173 S G .889 G .111 .353 

174 S G .947 G .053 .238 

175 U G 1.000 G .000 .000 

176 U G .575 G .425 .859 

177 S G .940 G .060 .253 

178 S G .858 G .142 .407 

179 S G 1.000 G .000 .000 

180 U G .727 G .273 .613 

181 U G .878 G .122 .373 

182 U G** .084 D .916 3.310 

183 S G .917 G .083 .301 

184 S G .702 G .298 .651 

185 S G** .001 D .999 27.129 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

186 S G .724 G .276 .618 

187 S G** .455 D .545 1.094 

188 U G .767 G .233 .551 

189 S G .902 G .098 .329 

190 U G .724 G .276 .617 

191 S G .863 G .137 .398 

192 S G 1.000 G .000 .000 

193 U G** .266 D .734 1.660 

194 S G** .185 D .815 2.102 

195 S G .996 G .004 .062 

196 S G .883 G .117 .365 

197 U G .810 G .190 .484 

198 S G .950 G .050 .229 

199 S G** .180 D .820 2.134 

200 U G .861 G .139 .402 

201 S D .474 D -.474 -.950 

202 S D .378 D -.378 -.779 

203 S D .012 D -.012 -.112 

204 S D .019 D -.019 -.138 

205 S D .049 D -.049 -.228 

206 S D .132 D -.132 -.389 

207 S D** .567 G -.567 -1.143 

208 S D .431 D -.431 -.870 

209 S D .161 D -.161 -.437 

210 S D .019 D -.019 -.138 

211 U D .336 D -.336 -.711 

212 S D .256 D -.256 -.587 

213 S D** .508 G -.508 -1.016 

214 U D** .612 G -.612 -1.257 

215 S D .036 D -.036 -.194 

216 S D .167 D -.167 -.448 

217 S D .012 D -.012 -.112 

218 S D .004 D -.004 -.063 

219 S D .008 D -.008 -.088 

220 S D .103 D -.103 -.338 

221 S D .002 D -.002 -.044 

222 S D** .967 G -.967 -5.406 

223 S D .100 D -.100 -.333 

224 S D** .734 G -.734 -1.663 

225 S D .334 D -.334 -.709 

226 S D** .717 G -.717 -1.593 

227 U D** .808 G -.808 -2.049 

228 S D .001 D -.001 -.024 

229 S D** .798 G -.798 -1.986 

230 U D .478 D -.478 -.957 

231 S D .287 D -.287 -.634 

232 U D .019 D -.019 -.138 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

233 S D .006 D -.006 -.077 

234 U D .340 D -.340 -.718 

235 S D .032 D -.032 -.181 

236 S D .133 D -.133 -.392 

237 S D .253 D -.253 -.582 

238 S D .001 D -.001 -.031 

239 S D** .553 G -.553 -1.112 

240 S D** .747 G -.747 -1.718 

241 S D .406 D -.406 -.827 

242 S D .038 D -.038 -.199 

243 U D .471 D -.471 -.944 

244 S D** .528 G -.528 -1.058 

245 S D .001 D -.001 -.037 

246 S D .012 D -.012 -.110 

247 S D .017 D -.017 -.133 

248 S D .155 D -.155 -.429 

249 S D** .728 G -.728 -1.638 

250 S D .043 D -.043 -.211 

251 S D .209 D -.209 -.514 

252 S D .030 D -.030 -.175 

253 S D .185 D -.185 -.477 

254 U D** .533 G -.533 -1.068 

255 S D .241 D -.241 -.563 

256 S D** .612 G -.612 -1.257 

257 S D .472 D -.472 -.946 

258 S D .254 D -.254 -.584 

259 S D .000 D .000 -.015 

260 U D .002 D -.002 -.046 

261 S D .001 D -.001 -.030 

262 U D .115 D -.115 -.361 

263 S D .001 D -.001 -.031 

264 S D** .945 G -.945 -4.164 

265 S D .106 D -.106 -.344 

266 U D** .749 G -.749 -1.728 

267 S D .303 D -.303 -.659 

268 U D .300 D -.300 -.654 

269 S D** .970 G -.970 -5.657 

270 S D .023 D -.023 -.153 

271 U D .499 D -.499 -.999 

272 U D .324 D -.324 -.693 

273 S D .004 D -.004 -.062 

274 U D .001 D -.001 -.037 

275 S D .012 D -.012 -.111 

276 U D .137 D -.137 -.399 

277 U D .389 D -.389 -.798 

278 S D .124 D -.124 -.376 

279 S D .018 D -.018 -.136 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

280 S D .003 D -.003 -.058 

281 S D .069 D -.069 -.273 

282 U D .051 D -.051 -.231 

283 S D .113 D -.113 -.357 

284 U D .102 D -.102 -.338 

285 U D** .583 G -.583 -1.182 

286 S D .025 D -.025 -.160 

287 S D .020 D -.020 -.144 

288 U D .006 D -.006 -.078 

289 S D .004 D -.004 -.061 

290 S D .008 D -.008 -.088 

291 S D .063 D -.063 -.259 

292 U D .118 D -.118 -.367 

293 S D .074 D -.074 -.282 

294 S D .019 D -.019 -.138 

295 U D .340 D -.340 -.718 

296 S D .212 D -.212 -.518 

297 S D** .518 G -.518 -1.036 

298 U D .038 D -.038 -.199 

299 U D .310 D -.310 -.670 

300 S D .362 D -.362 -.754 

301 U D .109 D -.109 -.350 

302 S D .001 D -.001 -.032 

303 U D .001 D -.001 -.030 

304 U D .334 D -.334 -.709 

305 S D .002 D -.002 -.049 

306 S D .029 D -.029 -.172 

307 S D .061 D -.061 -.256 

308 S D .000 D .000 -.012 

309 S D .195 D -.195 -.492 

310 S D** .735 G -.735 -1.667 

311 S D .396 D -.396 -.810 

312 S D .075 D -.075 -.285 

313 S D .081 D -.081 -.296 

314 U D .447 D -.447 -.898 

315 S D .002 D -.002 -.048 

316 U D .002 D -.002 -.041 

317 S D .003 D -.003 -.054 

318 U D .066 D -.066 -.265 

319 S D .284 D -.284 -.630 

320 S D .004 D -.004 -.067 

321 S D .015 D -.015 -.123 

322 S D .000 D .000 -.022 

323 S D .121 D -.121 -.371 

324 U D .136 D -.136 -.396 

325 S D .456 D -.456 -.915 

326 U D .154 D -.154 -.426 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

327 S D** .565 G -.565 -1.140 

328 U D .029 D -.029 -.172 

329 S D .017 D -.017 -.133 

330 S D .006 D -.006 -.078 

331 U D .004 D -.004 -.061 

332 S D .010 D -.010 -.101 

333 U D .063 D -.063 -.259 

334 U D .089 D -.089 -.313 

335 S D .051 D -.051 -.232 

336 S D .016 D -.016 -.126 

337 U D .400 D -.400 -.816 

338 S D .164 D -.164 -.444 

339 U D .485 D -.485 -.971 

340 U D .038 D -.038 -.199 

341 S D .137 D -.137 -.398 

342 U D** .812 G -.812 -2.077 

343 S D .176 D -.176 -.463 

344 S D** .625 G -.625 -1.292 

345 S D .214 D -.214 -.521 

346 U D .177 D -.177 -.463 

347 S D .488 D -.488 -.976 

348 S D .028 D -.028 -.170 

349 S D .239 D -.239 -.560 

350 S D .434 D -.434 -.875 

351 S D .000 D .000 -.021 

352 S D .177 D -.177 -.463 

353 U D .089 D -.089 -.313 

354 U D .098 D -.098 -.329 

355 S D** .841 G -.841 -2.302 

356 S D .069 D -.069 -.272 

357 S D .012 D -.012 -.111 

358 S D .211 D -.211 -.517 

359 S D .168 D -.168 -.449 

360 S D .111 D -.111 -.354 

361 U D** .527 G -.527 -1.055 

362 S D** .610 G -.610 -1.250 

363 S D .038 D -.038 -.198 

364 S D .444 D -.444 -.893 

365 U D .088 D -.088 -.310 

366 U D .056 D -.056 -.244 

367 U D .018 D -.018 -.137 

368 S D .422 D -.422 -.855 

369 S D .000 D .000 -.021 

370 S D .179 D -.179 -.467 

371 S D .019 D -.019 -.141 

372 S D** .567 G -.567 -1.145 

373 S D .026 D -.026 -.164 
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Case 

  

Selected Status(a) Observed 

 

Predicted Predicted  

Group 

Temporary Variable 

Group Resid ZResid 

374 U D** .626 G -.626 -1.294 

375 S D .358 D -.358 -.747 

376 S D .200 D -.200 -.500 

377 S D .001 D -.001 -.029 

378 U D .014 D -.014 -.119 

379 U D .097 D -.097 -.327 

380 S D .013 D -.013 -.115 

381 S D .002 D -.002 -.043 

382 S D .184 D -.184 -.475 

383 U D .009 D -.009 -.095 

384 S D .182 D -.182 -.471 

385 U D** .550 G -.550 -1.106 

386 U D .011 D -.011 -.105 

387 S D .012 D -.012 -.111 

388 S D .222 D -.222 -.534 

389 S D .021 D -.021 -.147 

390 U D .225 D -.225 -.539 

391 S D .466 D -.466 -.933 

392 S D .273 D -.273 -.612 

393 S D .006 D -.006 -.076 

394 S D .451 D -.451 -.906 

395 S D .001 D -.001 -.028 

396 S D .014 D -.014 -.119 

397 S D .068 D -.068 -.270 

398 S D .013 D -.013 -.113 

399 U D .002 D -.002 -.043 

400 U D .166 D -.166 -.446 

       a  S = Selected, U = Unselected cases, and ** = Misclassified cases. 
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Table A.14 Multicollinearity test 

 Coefficients(a,b) 

Model   Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. Collinearity 

Statistics 

   B Std. 

Error 

Beta Tolerance VIF B Std. 

Error 

1 (Constant) 1.300 .075   17.414 .000     

  ONG_B -.623 .057 -.538 -11.008 .000 1.000 1.000 

2 (Constant) .687 .121   5.680 .000     

  ONG_B -.566 .054 -.488 -10.455 .000 .971 1.030 

 GUR_B .318 .051 .291 6.224 .000 .971 1.030 

3 (Constant) 1.124 .149   7.567 .000     

  ONG_B -.520 .053 -.449 -9.783 .000 .939 1.065 

  GUR _B .275 .050 .252 5.489 .000 .940 1.064 

  LOAN .000 .000 -.220 -4.760 .000 .925 1.081 

4 (Constant) 1.065 .146   7.286 .000     

  ONG_B -.500 .052 -.432 -9.577 .000 .930 1.076 

  GUR _B .253 .049 .231 5.121 .000 .926 1.079 

  LOAN .000 .000 -.379 -6.109 .000 .491 2.038 

  SAL_A .001 .000 .224 3.746 .000 .528 1.894 

5 (Constant) 1.119 .145   7.717 .000     

  ONG_B -.506 .051 -.436 -9.820 .000 .929 1.077 

  GUR _B .241 .049 .221 4.947 .000 .921 1.085 

   LOAN .000 .000 -.378 -6.189 .000 .491 2.038 

SAL_A .002 .000 .250 4.199 .000 .518 1.930 

  CHIL -.031 .010 -.139 -3.170 .002 .958 1.044 

6 (Constant) 1.626 .203   8.025 .000     

 ONG_B -.511 .051 -.441 -10.111 .000 .928 1.078 

  GUR _B .264 .048 .242 5.474 .000 .904 1.106 

  LOAN .000 .000 -.398 -6.602 .000 .487 2.055 

  SAL _A .002 .000 .259 4.431 .000 .517 1.934 

  CHIL -.039 .010 -.174 -3.940 .000 .909 1.100 

  GUR _A -.263 .075 -.155 -3.515 .001 .904 1.106 

7 (Constant) 1.444 .209   6.919 .000     

 ONG_B -.467 .052 -.403 -9.001 .000 .856 1.168 

  GUR _B .263 .048 .241 5.528 .000 .904 1.106 

  LOAN .000 .000 -.386 -6.486 .000 .485 2.064 

  AL _A .002 .000 .253 4.395 .000 .517 1.936 

  CHIL -.046 .010 -.205 -4.594 .000 .859 1.164 

  GUR _A -.266 .074 -.157 -3.607 .000 .904 1.106 

  AGE_B .053 .017 .136 3.039 .003 .856 1.168 

a  Dependent Variable: Group 

b  Selecting only cases for which split =  1.00 
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Table A.15 Collinearity Diagnostics (a,b) 

 

Model Dimension Eigenvalue Condition 

Index 

Variance Proportions 

(Constant) ONG_B GUR_B LOAN SAL_A CHIL GUR_A AGE_B   

1 1 1.945 1.000 .03 .03             

  2 .055 5.952 .97 .97             

2 1 2.873 1.000 .00 .01 .01           

  2 .103 5.273 .01 .58 .25           

  3 .023 11.073 .99 .40 .74           

3 1 3.815 1.000 .00 .01 .00 .00         

  2 .105 6.027 .00 .44 .29 .02         

  3 .063 7.752 .00 .43 .11 .56         

  4 .016 15.390 .99 .12 .59 .42         

4 1 4.760 1.000 .00 .00 .00 .00 .00       

  2 .105 6.733 .00 .44 .29 .01 .00       

  3 .096 7.055 .00 .29 .10 .06 .16       

  4 .023 14.241 .16 .20 .06 .45 .76       

  5 .016 17.468 .83 .06 .54 .47 .08       

5 1 5.337 1.000 .00 .00 .00 .00 .00 .01     

  2 .426 3.539 .00 .01 .01 .00 .00 .94     

  3 .105 7.129 .00 .45 .28 .01 .00 .00     

  4 .093 7.576 .00 .27 .10 .07 .16 .04     

  5 .023 15.079 .16 .20 .06 .45 .74 .00     

  6 .015 18.600 .83 .07 .55 .47 .09 .01     

6 1 6.288 1.000 .00 .00 .00 .00 .00 .01 .00   

  2 .442 3.770 .00 .01 .00 .00 .00 .88 .00   

  3 .111 7.519 .00 .34 .23 .02 .01 .01 .01   

  4 .095 8.153 .00 .41 .02 .06 .17 .04 .00   

  5 .035 13.398 .03 .13 .59 .00 .08 .01 .27   

  6 .021 17.169 .00 .05 .06 .78 .74 .00 .05   

  7 .008 28.345 .96 .06 .10 .13 .00 .06 .66   

7 1 7.107 1.000 .00 .00 .00 .00 .00 .00 .00 .00 
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Model Dimension Eigenvalue Condition 

Index 

Variance Proportions 

(Constant) ONG_B GUR_B LOAN SAL_A CHIL GUR_A AGE_B   

  2 .444 3.999 .00 .01 .00 .00 .00 .80 .00 .00 

  3 .204 5.898 .00 .09 .00 .01 .01 .05 .00 .56 

  4 .096 8.596 .00 .08 .15 .08 .15 .07 .01 .03 

  5 .087 9.055 .00 .51 .20 .00 .03 .02 .00 .28 

  6 .033 14.639 .03 .18 .48 .00 .08 .02 .32 .07 

  7 .021 18.256 .00 .05 .06 .77 .73 .00 .05 .00 

  8 .007 30.920 .97 .09 .09 .14 .01 .03 .61 .05 

           a  Dependent Variable: Group 

           b  Selecting only cases for which split =  1.00 

 

Table A.16 Group prediction for cases (casewise statistics) 

 

 

  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

Original 1 1 1 .876 1 .894 .024 2 .106 4.295 -1.070 

  2(u) 1 1 .427 1 .577 .632 2 .423 1.257 -.118 

  3 1 1 .970 1 .871 .001 2 .129 3.817 -.951 

  4 1 1 .984 1 .867 .000 2 .133 3.748 -.933 

  5 1 2(**) .919 1 .838 .010 1 .162 3.294 .902 

  6(u) 1 2(**) .906 1 .887 .014 1 .113 4.140 1.121 

  7 1 1 .975 1 .869 .001 2 .131 3.793 -.945 

  8 1 1 .458 1 .963 .551 2 .037 7.067 -1.656 

  9 1 2(**) .398 1 .554 .715 1 .446 1.146 .157 

  10 1 1 .745 1 .771 .106 2 .229 2.530 -.588 

  11 1 1 .263 1 .982 1.255 2 .018 9.220 -2.034 
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  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  12 1 1 .676 1 .933 .175 2 .067 5.449 -1.331 

  13 1 1 .870 1 .896 .027 2 .104 4.326 -1.077 

  14 1 1 .745 1 .921 .106 2 .079 5.024 -1.239 

  15 1 1 .569 1 .949 .324 2 .051 6.176 -1.482 

  16 1 1 .521 1 .955 .411 2 .045 6.540 -1.555 

  17(u) 1 1 .527 1 .955 .400 2 .045 6.497 -1.546 

  18 1 1 .636 1 .940 .224 2 .060 5.711 -1.387 

  19 1 1 .191 1 .987 1.709 2 .013 10.390 -2.221 

  20 1 1 .947 1 .847 .004 2 .153 3.419 -.846 

  21 1 1 .907 1 .887 .014 2 .113 4.133 -1.030 

  22 1 1 .597 1 .695 .280 2 .305 1.923 -.384 

  23 1 1 .751 1 .920 .100 2 .080 4.986 -1.230 

  24 1 1 .938 1 .879 .006 2 .121 3.976 -.991 

  25 1 1 .702 1 .929 .147 2 .071 5.287 -1.297 

  26 1 1 .952 1 .876 .004 2 .124 3.906 -.974 

  27 1 1 .161 1 .989 1.968 2 .011 11.016 -2.316 

  28 1 1 .400 1 .556 .707 2 .444 1.156 -.072 

  29 1 1 .300 1 .979 1.076 2 .021 8.724 -1.951 

  30(u) 1 1 .968 1 .853 .002 2 .147 3.521 -.874 

  31 1 2(**) .386 1 .543 .753 1 .457 1.099 .135 

  32 1 1 .845 1 .901 .038 2 .099 4.458 -1.109 

  33 1 1 .693 1 .930 .156 2 .070 5.343 -1.309 

  34(u) 1 1 .623 1 .941 .242 2 .059 5.797 -1.405 
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  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  35 1 1 .631 1 .940 .230 2 .060 5.741 -1.393 

  36(u) 1 1 .662 1 .935 .191 2 .065 5.535 -1.350 

  37 1 1 .357 1 .973 .848 2 .027 8.049 -1.834 

  38(u) 1 1 .638 1 .718 .221 2 .282 2.091 -.443 

  39 1 2(**) .501 1 .634 .452 1 .366 1.547 .330 

  40 1 1 .747 1 .771 .104 2 .229 2.537 -.590 

  41 1 1 .443 1 .965 .589 2 .035 7.200 -1.681 

  42 1 1 .382 1 .540 .765 2 .460 1.084 -.039 

  43(u) 1 1 .845 1 .812 .038 2 .188 2.961 -.718 

  44 1 1 .694 1 .747 .155 2 .253 2.319 -.520 

  45 1 1 .944 1 .878 .005 2 .122 3.946 -.984 

  46 1 1 .360 1 .973 .839 2 .027 8.022 -1.830 

  47(u) 1 1 .581 1 .948 .305 2 .052 6.095 -1.466 

  48 1 1 .729 1 .924 .120 2 .076 5.118 -1.260 

  49 1 1 .697 1 .748 .152 2 .252 2.329 -.523 

  50 1 1 .597 1 .695 .280 2 .305 1.923 -.384 

  51 1 1 .095 1 .994 2.795 2 .006 12.874 -2.585 

  52(u) 1 1 .801 1 .795 .064 2 .205 2.769 -.661 

  53 1 1 .690 1 .931 .159 2 .069 5.361 -1.313 

  54 1 1 .434 1 .584 .611 2 .416 1.287 -.132 

  55 1 1 .818 1 .907 .053 2 .093 4.607 -1.144 

  56 1 2(**) .651 1 .725 .205 1 .275 2.141 .550 

  57 1 1 .883 1 .893 .022 2 .107 4.257 -1.060 



Appendix 

–298– 

 

 

 

  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  58 1 1 .919 1 .838 .010 2 .162 3.292 -.812 

  59 1 1 .674 1 .934 .177 2 .066 5.463 -1.334 

  60 1 1 .483 1 .960 .493 2 .040 6.854 -1.615 

  61 1 1 .289 1 .979 1.123 2 .021 8.855 -1.973 

  62(u) 1 1 .437 1 .585 .605 2 .415 1.296 -.135 

  63 1 1 .590 1 .691 .290 2 .309 1.897 -.375 

  64 1 1 .975 1 .869 .001 2 .131 3.793 -.945 

  65 1 1 .707 1 .753 .142 2 .247 2.371 -.537 

  66 1 1 .305 1 .978 1.052 2 .022 8.654 -1.939 

  67(u) 1 1 .468 1 .962 .527 2 .038 6.979 -1.639 

  68 1 1 .618 1 .942 .249 2 .058 5.834 -1.413 

  69 1 1 .691 1 .745 .158 2 .255 2.306 -.516 

  70 1 1 .659 1 .729 .195 2 .271 2.173 -.471 

  71 1 1 .111 1 .993 2.544 2 .007 12.328 -2.508 

  72 1 2(**) .424 1 .576 .638 1 .424 1.248 .204 

  73 1 1 .728 1 .924 .121 2 .076 5.124 -1.261 

  74 1 1 .898 1 .889 .016 2 .111 4.180 -1.042 

  75 1 1 .651 1 .937 .205 2 .063 5.612 -1.366 

  76 1 1 .835 1 .808 .043 2 .192 2.916 -.705 

  77 1 1 .885 1 .826 .021 2 .174 3.140 -.769 

  78 1 1 .951 1 .876 .004 2 .124 3.910 -.975 

  79 1 1 .979 1 .868 .001 2 .132 3.772 -.939 

  80(u) 1 1 .622 1 .942 .243 2 .058 5.804 -1.406 



Credit Risk Modeling in Libya 

–299– 

 

 

 

  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  81 1 1 .560 1 .672 .340 2 .328 1.777 -.330 

  82(u) 1 1 .527 1 .651 .400 2 .349 1.647 -.281 

  83(u) 1 1 .874 1 .895 .025 2 .105 4.302 -1.071 

  84 1 1 .917 1 .837 .011 2 .163 3.285 -.810 

  85 1 1 .470 1 .611 .522 2 .389 1.425 -.191 

  86 1 1 .714 1 .927 .134 2 .073 5.210 -1.280 

  87 1 1 .242 1 .983 1.369 2 .017 9.525 -2.083 

  88 1 1 .647 1 .723 .210 2 .277 2.126 -.455 

  89(u) 1 1 .434 1 .966 .613 2 .034 7.286 -1.696 

  90 1 1 .619 1 .707 .247 2 .293 2.013 -.416 

  91 1 1 .643 1 .721 .215 2 .279 2.110 -.450 

  92 1 1 .887 1 .892 .020 2 .108 4.237 -1.056 

  93(u) 1 1 .977 1 .869 .001 2 .131 3.784 -.942 

  94 1 1 .822 1 .803 .051 2 .197 2.859 -.688 

  95(u) 1 1 .708 1 .928 .140 2 .072 5.247 -1.288 

  96 1 1 .945 1 .877 .005 2 .123 3.942 -.983 

  97 1 1 .226 1 .985 1.469 2 .015 9.785 -2.125 

  98 1 1 .603 1 .699 .270 2 .301 1.950 -.394 

  99 1 2(**) .375 1 .534 .786 1 .466 1.060 .116 

  100 1 1 .653 1 .726 .202 2 .274 2.150 -.464 

  101 1 1 .977 1 .869 .001 2 .131 3.781 -.942 

  102 1 1 .941 1 .845 .005 2 .155 3.395 -.840 

  103 1 1 .671 1 .735 .181 2 .265 2.223 -.488 
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  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  104 1 1 .500 1 .958 .455 2 .042 6.711 -1.588 

  105 1 2(**) .365 1 .525 .820 1 .475 1.021 .097 

  106 1 1 .080 1 .994 3.069 2 .006 13.455 -2.665 

  107 1 2(**) .547 1 .664 .364 1 .336 1.724 .400 

  108 1 1 .629 1 .941 .233 2 .059 5.754 -1.396 

  109(u) 1 1 .217 1 .985 1.523 2 .015 9.925 -2.148 

  110 1 1 .040 1 .997 4.207 2 .003 15.738 -2.964 

  111(u) 1 1 .679 1 .933 .171 2 .067 5.427 -1.327 

  112 1 1 .656 1 .727 .199 2 .273 2.161 -.467 

  113 1 1 .754 1 .920 .098 2 .080 4.971 -1.227 

  114 1 1 .894 1 .829 .018 2 .171 3.180 -.780 

  115 1 1 .759 1 .777 .094 2 .223 2.590 -.607 

  116 1 1 .858 1 .898 .032 2 .102 4.389 -1.092 

  117 1 1 .554 1 .951 .351 2 .049 6.293 -1.506 

  118 1 1 .561 1 .950 .337 2 .050 6.235 -1.494 

  119 1 1 .696 1 .930 .153 2 .070 5.322 -1.304 

  120 1 1 .735 1 .923 .115 2 .077 5.084 -1.252 

  121 1 1 .837 1 .809 .042 2 .191 2.924 -.707 

  122(u) 1 1 .947 1 .847 .004 2 .153 3.419 -.846 

  123 1 1 .886 1 .826 .021 2 .174 3.141 -.769 

  124(u) 1 2(**) .354 1 .515 .859 1 .485 .978 .076 

  125 1 2(**) .001 1 1.000 11.262 1 .000 27.794 4.359 

  126 1 1 .610 1 .702 .260 2 .298 1.977 -.403 
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  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  127 1 1 .643 1 .721 .215 2 .279 2.110 -.450 

  128 1 1 .631 1 .940 .231 2 .060 5.745 -1.394 

  129 1 1 .049 1 .996 3.880 2 .004 15.100 -2.883 

  130 1 1 .680 1 .933 .171 2 .067 5.425 -1.326 

  131 1 1 .529 1 .954 .396 2 .046 6.478 -1.542 

  132 1 2(**) .434 1 .583 .612 1 .417 1.285 .220 

  133 1 2(**) .432 1 .582 .618 1 .418 1.277 .217 

  134(u) 1 1 .568 1 .677 .326 2 .323 1.809 -.342 

  135 1 1 .572 1 .680 .320 2 .320 1.824 -.348 

  136 1 1 .718 1 .758 .130 2 .242 2.419 -.553 

  137 1 1 .719 1 .926 .129 2 .074 5.178 -1.273 

  138 1 1 .459 1 .963 .550 2 .037 7.062 -1.655 

  139 1 2(**) .379 1 .537 .775 1 .463 1.073 .123 

  140 1 1 .895 1 .830 .017 2 .170 3.184 -.782 

  141 1 1 .204 1 .986 1.611 2 .014 10.148 -2.183 

  142 1 1 .642 1 .720 .216 2 .280 2.106 -.448 

  143 1 1 .913 1 .836 .012 2 .164 3.265 -.804 

  144 1 1 .263 1 .982 1.252 2 .018 9.211 -2.032 

  145 1 1 .445 1 .592 .584 2 .408 1.326 -.149 

  146(u) 1 1 .038 1 .997 4.326 2 .003 15.968 -2.993 

  147(u) 1 2(**) .586 1 .689 .296 1 .311 1.882 .459 

  148 1 1 .824 1 .906 .050 2 .094 4.574 -1.136 

  149 1 1 .236 1 .984 1.404 2 .016 9.616 -2.098 
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  Highest Group Second Highest Group Discriminant 
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Mahalanobis 
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Centroid 

Function 1 

 p df 

  150 1 1 .032 1 .997 4.588 2 .003 16.467 -3.055 

  151 1 1 .580 1 .685 .306 2 .315 1.859 -.361 

  152 1 1 .755 1 .775 .098 2 .225 2.572 -.601 

  153 1 1 .997 1 .863 .000 2 .137 3.685 -.917 

  154(u) 1 1 .627 1 .712 .236 2 .288 2.047 -.428 

  155 1 1 .923 1 .839 .009 2 .161 3.309 -.816 

  156 1 1 .637 1 .717 .223 2 .283 2.085 -.441 

  157 1 1 .455 1 .963 .558 2 .037 7.091 -1.660 

  158 1 1 .056 1 .996 3.658 2 .004 14.658 -2.826 

  159(u) 1 1 .579 1 .948 .308 2 .052 6.105 -1.468 

  160(u) 1 1 .253 1 .982 1.306 2 .018 9.358 -2.056 

  161 1 1 .986 1 .866 .000 2 .134 3.741 -.931 

  162(u) 1 1 .544 1 .663 .367 2 .337 1.716 -.307 

  163 1 1 .644 1 .938 .214 2 .062 5.656 -1.375 

  164(u) 1 1 .989 1 .859 .000 2 .141 3.617 -.899 

  165 1 1 .516 1 .644 .421 2 .356 1.605 -.264 

  166 1 2(**) .851 1 .900 .035 1 .100 4.425 1.190 

  167(u) 1 1 .971 1 .870 .001 2 .130 3.811 -.949 

  168(u) 1 1 .453 1 .963 .562 2 .037 7.107 -1.663 

  169(u) 1 1 .650 1 .725 .205 2 .275 2.140 -.460 

  170 1 2(**) .476 1 .615 .508 1 .385 1.448 .290 

  171 1 1 .081 1 .994 3.049 2 .006 13.412 -2.659 

  172 1 1 .547 1 .952 .363 2 .048 6.343 -1.516 
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  173 1 1 .899 1 .889 .016 2 .111 4.174 -1.040 

  174 1 1 .655 1 .937 .199 2 .063 5.582 -1.360 

  175(u) 1 1 .605 1 .944 .267 2 .056 5.918 -1.430 

  176(u) 1 1 .688 1 .744 .161 2 .256 2.293 -.512 

  177 1 1 .681 1 .932 .169 2 .068 5.417 -1.325 

  178 1 1 .636 1 .940 .224 2 .060 5.711 -1.387 

  179 1 1 .247 1 .983 1.338 2 .017 9.442 -2.070 

  180(u) 1 1 .886 1 .827 .021 2 .173 3.143 -.770 

  181(u) 1 1 .791 1 .912 .070 2 .088 4.757 -1.178 

  182(u) 1 2(**) .916 1 .885 .011 1 .115 4.089 1.109 

  183 1 1 .716 1 .757 .133 2 .243 2.408 -.549 

  184 1 1 .365 1 .525 .822 2 .475 1.019 -.007 

  185 1 2(**) .000 1 1.000 12.306 1 .000 29.421 4.511 

  186 1 1 .563 1 .674 .335 2 .326 1.789 -.335 

  187 1 1 .422 1 .574 .645 2 .426 1.239 -.110 

  188(u) 1 1 .850 1 .900 .036 2 .100 4.434 -1.103 

  189 1 1 .710 1 .928 .139 2 .072 5.236 -1.286 

  190(u) 1 1 .733 1 .923 .116 2 .077 5.094 -1.254 

  191 1 1 .800 1 .911 .064 2 .089 4.707 -1.167 

  192 1 2(**) .380 1 .539 .769 1 .461 1.079 .126 

  193(u) 1 2(**) .761 1 .778 .093 1 .222 2.597 .698 

  194 1 2(**) .626 1 .711 .238 1 .289 2.040 .515 

  195 1 1 .699 1 .929 .149 2 .071 5.303 -1.300 
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  196 1 1 .845 1 .812 .038 2 .188 2.961 -.718 

  197(u) 1 1 .837 1 .903 .042 2 .097 4.502 -1.119 

  198 1 1 .505 1 .957 .445 2 .043 6.672 -1.580 

  199 1 1 .456 1 .601 .555 2 .399 1.372 -.169 

  200(u) 1 1 .913 1 .886 .012 2 .114 4.105 -1.023 

  201 2 1(**) .543 1 .662 .370 2 .338 1.711 -.305 

  202 2 2 .903 1 .888 .015 1 .112 4.155 1.125 

  203 2 2 .344 1 .975 .896 1 .025 8.194 1.949 

  204 2 2 .747 1 .921 .104 1 .079 5.012 1.325 

  205 2 2 .901 1 .888 .015 1 .112 4.162 1.127 

  206 2 2 .987 1 .859 .000 1 .141 3.608 .986 

  207 2 2 .389 1 .546 .741 1 .454 1.114 .142 

  208 2 2 .435 1 .584 .610 1 .416 1.289 .222 

  209 2 2 .607 1 .700 .265 1 .300 1.963 .488 

  210 2 2 .655 1 .937 .200 1 .063 5.584 1.450 

  211(u) 2 1(**) .438 1 .587 .600 2 .413 1.302 -.138 

  212 2 1(**) .469 1 .610 .524 2 .390 1.421 -.189 

  213 2 1(**) .654 1 .726 .201 2 .274 2.154 -.465 

  214(u) 2 1(**) .723 1 .761 .126 2 .239 2.438 -.559 

  215 2 2 .546 1 .663 .365 1 .337 1.722 .399 

  216 2 2 .907 1 .887 .014 1 .113 4.132 1.119 

  217 2 2 .484 1 .960 .490 1 .040 6.846 1.703 

  218 2 2 .202 1 .986 1.631 1 .014 10.197 2.280 
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  219 2 2 .384 1 .971 .757 1 .029 7.762 1.873 

  220 2 2 .892 1 .891 .018 1 .109 4.211 1.139 

  221 2 2 .262 1 .982 1.256 1 .018 9.223 2.124 

  222 2 1(**) .624 1 .941 .240 2 .059 5.788 -1.403 

  223 2 2 .924 1 .883 .009 1 .117 4.045 1.098 

  224 2 1(**) .660 1 .730 .194 2 .270 2.178 -.473 

  225 2 2 .432 1 .582 .617 1 .418 1.278 .217 

  226 2 1(**) .932 1 .881 .007 2 .119 4.004 -.998 

  227(u) 2 1(**) .907 1 .887 .014 2 .113 4.135 -1.031 

  228 2 2 .136 1 .991 2.221 1 .009 11.603 2.493 

  229 2 1(**) .828 1 .805 .047 2 .195 2.886 -.696 

  230(u) 2 2 .965 1 .852 .002 1 .148 3.504 .958 

  231 2 2 .433 1 .582 .615 1 .418 1.281 .219 

  232(u) 2 2 .570 1 .949 .324 1 .051 6.175 1.572 

  233 2 2 .703 1 .929 .145 1 .071 5.276 1.384 

  234(u) 2 2 .852 1 .900 .035 1 .100 4.421 1.189 

  235 2 2 .746 1 .921 .105 1 .079 5.015 1.326 

  236 2 2 .893 1 .829 .018 1 .171 3.174 .868 

  237 2 2 .455 1 .600 .557 1 .400 1.368 .256 

  238 2 2 .388 1 .970 .744 1 .030 7.722 1.866 

  239 2 1(**) .794 1 .792 .068 2 .208 2.741 -.653 

  240 2 1(**) .884 1 .892 .021 2 .108 4.251 -1.059 

  241 2 1(**) .521 1 .647 .411 2 .353 1.626 -.272 
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  242 2 2 .908 1 .887 .013 1 .113 4.126 1.118 

  243(u) 2 1(**) .342 1 .504 .903 2 .496 .933 .037 

  244 2 2 .900 1 .831 .016 1 .169 3.207 .878 

  245 2 2 .220 1 .985 1.502 1 .015 9.871 2.229 

  246 2 2 .640 1 .939 .219 1 .061 5.685 1.471 

  247 2 2 .823 1 .906 .050 1 .094 4.577 1.226 

  248 2 2 .665 1 .732 .187 1 .268 2.200 .570 

  249 2 1(**) .670 1 .735 .182 2 .265 2.218 -.487 

  250 2 2 .439 1 .588 .598 1 .412 1.306 .229 

  251 2 2 .758 1 .777 .095 1 .223 2.587 .695 

  252 2 2 .554 1 .951 .351 1 .049 6.292 1.595 

  253 2 2 .631 1 .714 .230 1 .286 2.062 .523 

  254(u) 2 1(**) .564 1 .675 .332 2 .325 1.795 -.337 

  255 2 2 .872 1 .821 .026 1 .179 3.079 .841 

  256 2 1(**) .489 1 .625 .479 2 .375 1.498 -.221 

  257 2 1(**) .405 1 .559 .695 2 .441 1.172 -.080 

  258 2 2 .892 1 .829 .018 1 .171 3.171 .867 

  259 2 2 .051 1 .996 3.800 1 .004 14.942 2.952 

  260(u) 2 2 .100 1 .993 2.701 1 .007 12.670 2.646 

  261 2 2 .260 1 .982 1.270 1 .018 9.259 2.130 

  262(u) 2 2 .934 1 .880 .007 1 .120 3.997 1.086 

  263 2 2 .158 1 .989 1.994 1 .011 11.077 2.415 

  264 2 1(**) .810 1 .909 .058 2 .091 4.649 -1.153 
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  265 2 2 .945 1 .877 .005 1 .123 3.940 1.072 

  266(u) 2 1(**) .682 1 .741 .167 2 .259 2.271 -.504 

  267 2 2 .467 1 .609 .528 1 .391 1.414 .276 

  268(u) 2 1(**) .393 1 .549 .731 2 .451 1.126 -.058 

  269 2 1(**) .258 1 .982 1.280 2 .018 9.286 -2.045 

  270 2 2 .443 1 .965 .589 1 .035 7.203 1.770 

  271(u) 2 1(**) .571 1 .679 .322 2 .321 1.819 -.346 

  272(u) 2 2 .828 1 .905 .047 1 .095 4.552 1.220 

  273 2 2 .099 1 .993 2.714 1 .007 12.699 2.650 

  274(u) 2 2 .108 1 .993 2.579 1 .007 12.405 2.609 

  275 2 2 .480 1 .960 .499 1 .040 6.876 1.709 

  276(u) 2 2 .971 1 .854 .001 1 .146 3.533 .966 

  277(u) 2 2 .569 1 .678 .325 1 .322 1.813 .433 

  278 2 2 .907 1 .887 .014 1 .113 4.134 1.120 

  279 2 2 .515 1 .956 .424 1 .044 6.592 1.654 

  280 2 2 .169 1 .989 1.890 1 .011 10.831 2.378 

  281 2 2 .883 1 .825 .022 1 .175 3.129 .855 

  282(u) 2 2 .826 1 .805 .048 1 .195 2.878 .783 

  283 2 2 .687 1 .743 .163 1 .257 2.289 .600 

  284(u) 2 2 .781 1 .786 .077 1 .214 2.683 .725 

  285(u) 2 1(**) .498 1 .631 .458 2 .369 1.535 -.236 

  286 2 2 .499 1 .958 .458 1 .042 6.723 1.679 

  287 2 2 .457 1 .963 .552 1 .037 7.072 1.746 
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  288(u) 2 2 .285 1 .980 1.142 1 .020 8.908 2.071 

  289 2 2 .098 1 .993 2.733 1 .007 12.740 2.656 

  290 2 2 .552 1 .951 .354 1 .049 6.306 1.598 

  291 2 2 .953 1 .848 .003 1 .152 3.449 .944 

  292(u) 2 2 .773 1 .783 .083 1 .217 2.650 .714 

  293 2 2 .411 1 .968 .675 1 .032 7.497 1.825 

  294 2 2 .538 1 .953 .379 1 .047 6.409 1.618 

  295(u) 2 1(**) .514 1 .642 .426 2 .358 1.596 -.260 

  296 2 2 .531 1 .654 .393 1 .346 1.662 .376 

  297 2 1(**) .573 1 .681 .317 2 .319 1.831 -.350 

  298(u) 2 2 .908 1 .887 .013 1 .113 4.126 1.118 

  299(u) 2 2 .549 1 .665 .359 1 .335 1.734 .403 

  300 2 2 .851 1 .900 .035 1 .100 4.426 1.190 

  301(u) 2 2 .934 1 .842 .007 1 .158 3.359 .919 

  302 2 2 .053 1 .996 3.742 1 .004 14.828 2.937 

  303(u) 2 2 .170 1 .989 1.885 1 .011 10.818 2.376 

  304(u) 2 2 .844 1 .901 .039 1 .099 4.464 1.200 

  305 2 2 .108 1 .993 2.581 1 .007 12.410 2.609 

  306 2 2 .454 1 .963 .561 1 .037 7.103 1.752 

  307 2 2 .890 1 .891 .019 1 .109 4.219 1.141 

  308 2 2 .061 1 .996 3.508 1 .004 14.357 2.876 

  309 2 2 .437 1 .586 .604 1 .414 1.297 .225 

  310 2 1(**) .903 1 .888 .015 2 .112 4.153 -1.035 
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  311 2 1(**) .510 1 .640 .434 2 .360 1.582 -.255 

  312 2 2 .860 1 .817 .031 1 .183 3.028 .827 

  313 2 2 .849 1 .900 .036 1 .100 4.440 1.194 

  314(u) 2 2 .964 1 .872 .002 1 .128 3.849 1.048 

  315 2 2 .063 1 .995 3.446 1 .005 14.232 2.859 

  316(u) 2 2 .128 1 .991 2.321 1 .009 11.830 2.526 

  317 2 2 .738 1 .923 .112 1 .077 5.066 1.337 

  318(u) 2 2 .974 1 .870 .001 1 .130 3.799 1.036 

  319 2 2 .619 1 .707 .247 1 .293 2.013 .505 

  320 2 2 .705 1 .928 .143 1 .072 5.265 1.381 

  321 2 2 .251 1 .983 1.319 1 .017 9.393 2.151 

  322 2 2 .104 1 .993 2.647 1 .007 12.553 2.630 

  323 2 2 .833 1 .807 .044 1 .193 2.910 .792 

  324(u) 2 1(**) .447 1 .594 .578 2 .406 1.336 -.153 

  325 2 2 .528 1 .652 .398 1 .348 1.652 .372 

  326(u) 2 1(**) .343 1 .504 .901 2 .496 .935 .036 

  327 2 1(**) .480 1 .618 .499 2 .382 1.464 -.207 

  328(u) 2 2 .536 1 .954 .382 1 .046 6.424 1.621 

  329 2 2 .419 1 .967 .652 1 .033 7.417 1.810 

  330 2 2 .285 1 .980 1.142 1 .020 8.908 2.071 

  331(u) 2 2 .098 1 .993 2.733 1 .007 12.740 2.656 

  332 2 2 .633 1 .940 .228 1 .060 5.731 1.481 

  333(u) 2 2 .913 1 .886 .012 1 .114 4.104 1.112 
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  334(u) 2 2 .873 1 .822 .025 1 .178 3.086 .843 

  335 2 2 .750 1 .920 .102 1 .080 4.996 1.322 

  336 2 2 .492 1 .959 .473 1 .041 6.780 1.691 

  337(u) 2 1(**) .583 1 .687 .301 2 .313 1.870 -.365 

  338 2 2 .617 1 .706 .251 1 .294 2.004 .502 

  339(u) 2 1(**) .538 1 .658 .379 2 .342 1.692 -.298 

  340(u) 2 2 .908 1 .887 .013 1 .113 4.126 1.118 

  341 2 2 .922 1 .883 .010 1 .117 4.058 1.101 

  342(u) 2 1(**) .364 1 .524 .823 2 .476 1.018 -.006 

  343 2 2 .641 1 .720 .218 1 .280 2.102 .536 

  344 2 1(**) .579 1 .684 .307 2 .316 1.855 -.359 

  345 2 2 .813 1 .908 .056 1 .092 4.634 1.239 

  346(u) 2 2 .677 1 .739 .173 1 .261 2.250 .587 

  347 2 2 .674 1 .737 .177 1 .263 2.237 .582 

  348 2 2 .279 1 .980 1.170 1 .020 8.988 2.085 

  349 2 2 .560 1 .672 .340 1 .328 1.777 .420 

  350 2 2 .535 1 .657 .384 1 .343 1.680 .383 

  351 2 2 .096 1 .993 2.769 1 .007 12.818 2.667 

  352 2 2 .956 1 .849 .003 1 .151 3.461 .947 

  353(u) 2 2 .952 1 .876 .004 1 .124 3.908 1.063 

  354(u) 2 2 .674 1 .934 .177 1 .066 5.463 1.424 

  355 2 1(**) .950 1 .848 .004 2 .152 3.434 -.850 

  356 2 2 .366 1 .526 .817 1 .474 1.025 .099 
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  357 2 2 .688 1 .931 .161 1 .069 5.373 1.405 

  358 2 2 .990 1 .860 .000 1 .140 3.623 .990 

  359 2 2 .736 1 .766 .114 1 .234 2.491 .665 

  360 2 2 .705 1 .752 .144 1 .248 2.363 .624 

  361(u) 2 1(**) .342 1 .503 .904 2 .497 .932 .038 

  362 2 1(**) .358 1 .519 .844 2 .481 .995 .005 

  363 2 2 .849 1 .900 .036 1 .100 4.437 1.193 

  364 2 1(**) .528 1 .652 .398 2 .348 1.652 -.282 

  365(u) 2 2 .444 1 .965 .586 1 .035 7.192 1.768 

  366(u) 2 2 .429 1 .966 .625 1 .034 7.327 1.793 

  367(u) 2 2 .416 1 .968 .662 1 .032 7.451 1.816 

  368 2 2 .548 1 .665 .361 1 .335 1.730 .402 

  369 2 2 .096 1 .993 2.769 1 .007 12.818 2.667 

  370 2 2 .951 1 .848 .004 1 .152 3.441 .942 

  371 2 2 .247 1 .983 1.339 1 .017 9.446 2.160 

  372 2 2 .758 1 .776 .095 1 .224 2.585 .695 

  373 2 2 .555 1 .951 .348 1 .049 6.282 1.593 

  374(u) 2 1(**) .580 1 .685 .306 2 .315 1.858 -.360 

  375 2 2 .956 1 .850 .003 1 .150 3.465 .948 

  376 2 2 .633 1 .715 .229 1 .285 2.068 .525 

  377 2 2 .313 1 .977 1.019 1 .023 8.558 2.012 

  378(u) 2 2 .196 1 .987 1.673 1 .013 10.300 2.296 

  379(u) 2 2 .943 1 .878 .005 1 .122 3.950 1.074 



Appendix 

–312– 

 

 

 

  Highest Group Second Highest Group Discriminant 

Scores 

 Case 

 Number 

Actual  

Group 

Predicted 

Group 

P(D>d | G=g) P(D>d | 

G=g) 

Squared 

Mahalanobis 

Distance to 

Centroid 

Group P(G=g | 

D=d) 

 

Squared 

Mahalanobis 

Distance to 

Centroid 

Function 1 

 p df 

  380 2 2 .888 1 .891 .020 1 .109 4.230 1.143 

  381 2 2 .062 1 .996 3.477 1 .004 14.294 2.867 

  382 2 2 .880 1 .824 .023 1 .176 3.114 .851 

  383(u) 2 2 .199 1 .987 1.650 1 .013 10.245 2.287 

  384 2 2 .897 1 .889 .017 1 .111 4.187 1.133 

  385(u) 2 1(**) .403 1 .558 .701 2 .442 1.164 -.076 

  386(u) 2 2 .931 1 .881 .008 1 .119 4.012 1.090 

  387 2 2 .688 1 .931 .161 1 .069 5.373 1.405 

  388 2 2 .969 1 .853 .002 1 .147 3.523 .964 

  389 2 2 .411 1 .968 .676 1 .032 7.497 1.825 

  390(u) 2 2 .426 1 .577 .634 1 .423 1.255 .207 

  391 2 2 .366 1 .526 .817 1 .474 1.024 .099 

  392 2 2 .760 1 .777 .093 1 .223 2.595 .698 

  393 2 2 .237 1 .984 1.398 1 .016 9.600 2.185 

  394 2 1(**) .536 1 .657 .383 2 .343 1.683 -.294 

  395 2 2 .304 1 .978 1.059 1 .022 8.673 2.032 

  396 2 2 .339 1 .975 .914 1 .025 8.248 1.959 

  397 2 2 .820 1 .907 .052 1 .093 4.597 1.231 

  398 2 2 .874 1 .895 .025 1 .105 4.304 1.161 

  399(u) 2 2 .062 1 .996 3.477 1 .004 14.294 2.867 

  400(u) 2 2 .920 1 .838 .010 1 .162 3.297 .902 

Cross-

validated(a) 

1 1 1 .984 9 .892 2.360 2 .108 6.591   

  3 1 1 .851 9 .867 4.801 2 .133 8.545   
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  4 1 1 .945 9 .864 3.426 2 .136 7.119   

  5 1 2(**) .012 9 .888 21.155 1 .112 25.292   

  7 1 1 .031 9 .855 18.428 2 .145 21.980   

  8 1 1 .080 9 .962 15.437 2 .038 21.889   

  9 1 2(**) .000 9 .691 43.638 1 .309 45.244   

  10 1 1 .003 9 .731 24.896 2 .269 26.893   

  11 1 1 .002 9 .982 26.499 2 .018 34.496   

  12 1 1 .978 9 .932 2.592 2 .068 7.831   

  13 1 1 .843 9 .893 4.898 2 .107 9.131   

  14 1 1 .880 9 .919 4.447 2 .081 9.312   

  15 1 1 .577 9 .948 7.583 2 .052 13.379   

  16 1 1 .968 9 .955 2.895 2 .045 8.996   

  18 1 1 .947 9 .938 3.385 2 .062 8.834   

  19 1 1 .847 9 .987 4.849 2 .013 13.542   

  20 1 1 .978 9 .843 2.617 2 .157 5.985   

  21 1 1 .993 9 .885 1.861 2 .115 5.945   

  22 1 1 .436 9 .675 9.010 2 .325 10.475   

  23 1 1 .909 9 .918 4.040 2 .082 8.876   

  24 1 1 .998 9 .878 1.417 2 .122 5.357   

  25 1 1 .267 9 .925 11.125 2 .075 16.163   

  26 1 1 .606 9 .870 7.301 2 .130 11.103   

  27 1 1 .544 9 .989 7.901 2 .011 16.985   

  28 1 1 .838 9 .542 4.956 2 .458 5.296   

  29 1 1 .789 9 .979 5.501 2 .021 13.140   
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  31 1 2(**) .053 9 .597 16.741 1 .403 17.529   

  32 1 1 .938 9 .899 3.556 2 .101 7.925   

  33 1 1 .826 9 .929 5.095 2 .071 10.227   

  35 1 1 .968 9 .939 2.904 2 .061 8.379   

  37 1 1 .301 9 .973 10.637 2 .027 17.815   

  39 1 2(**) .253 9 .672 11.345 1 .328 12.782   

  40 1 1 .964 9 .766 3.007 2 .234 5.382   

  41 1 1 .830 9 .964 5.052 2 .036 11.634   

  42 1 1 .410 9 .513 9.303 2 .487 9.409   

  44 1 1 .773 9 .737 5.664 2 .263 7.723   

  45 1 1 .179 9 .869 12.649 2 .131 16.427   

  46 1 1 .929 9 .973 3.724 2 .027 10.889   

  48 1 1 .828 9 .922 5.070 2 .078 10.011   

  49 1 1 .003 9 .703 25.132 2 .297 26.860   

  50 1 1 .031 9 .655 18.411 2 .345 19.694   

  51 1 1 .005 9 .994 23.520 2 .006 33.805   

  53 1 1 .072 9 .926 15.759 2 .074 20.825   

  54 1 1 .111 9 .544 14.332 2 .456 14.688   

  55 1 1 .979 9 .905 2.560 2 .095 7.074   

  56 1 2(**) .157 9 .768 13.135 1 .232 15.524   

  57 1 1 .710 9 .889 6.295 2 .111 10.449   

  58 1 1 .890 9 .833 4.313 2 .167 7.523   

  59 1 1 .993 9 .933 1.860 2 .067 7.116   

  60 1 1 .540 9 .959 7.944 2 .041 14.261   
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  61 1 1 .831 9 .979 5.041 2 .021 12.766   

  63 1 1 .599 9 .675 7.363 2 .325 8.825   

  64 1 1 .924 9 .866 3.798 2 .134 7.530   

  65 1 1 .746 9 .743 5.942 2 .257 8.061   

  66 1 1 .937 9 .978 3.576 2 .022 11.167   

  68 1 1 .840 9 .941 4.932 2 .059 10.471   

  69 1 1 .002 9 .699 25.934 2 .301 27.615   

  70 1 1 .034 9 .694 18.112 2 .306 19.754   

  71 1 1 .006 9 .993 23.030 2 .007 32.992   

  72 1 2(**) .691 9 .597 6.480 1 .403 7.267   

  73 1 1 .070 9 .919 15.842 2 .081 20.699   

  74 1 1 .844 9 .886 4.883 2 .114 8.978   

  75 1 1 .991 9 .936 2.029 2 .064 7.406   

  76 1 1 .986 9 .804 2.289 2 .196 5.117   

  77 1 1 .800 9 .820 5.376 2 .180 8.408   

  78 1 1 .937 9 .873 3.583 2 .127 7.433   

  79 1 1 .979 9 .866 2.571 2 .134 6.298   

  81 1 1 .703 9 .658 6.368 2 .342 7.676   

  84 1 1 .921 9 .833 3.848 2 .167 7.057   

  85 1 1 .020 9 .559 19.669 2 .441 20.145   

  86 1 1 .904 9 .925 4.109 2 .075 9.136   

  87 1 1 .373 9 .983 9.727 2 .017 17.895   

  88 1 1 .976 9 .717 2.662 2 .283 4.525   

  90 1 1 .774 9 .696 5.649 2 .304 7.305   
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  91 1 1 .159 9 .695 13.073 2 .305 14.721   

  92 1 1 .891 9 .889 4.288 2 .111 8.444   

  94 1 1 .467 9 .791 8.681 2 .209 11.344   

  96 1 1 .996 9 .876 1.679 2 .124 5.583   

  97 1 1 .220 9 .985 11.878 2 .015 20.218   

  98 1 1 .817 9 .688 5.195 2 .312 6.773   

  99 1 2(**) .424 9 .563 9.150 1 .437 9.659   

  100 1 1 .927 9 .719 3.744 2 .281 5.619   

  101 1 1 .982 9 .866 2.447 2 .134 6.185   

  102 1 1 .990 9 .842 2.115 2 .158 5.464   

  103 1 1 .742 9 .724 5.978 2 .276 7.907   

  104 1 1 .712 9 .957 6.276 2 .043 12.491   

  105 1 2(**) .326 9 .558 10.305 1 .442 10.769   

  106 1 1 .037 9 .995 17.863 2 .005 28.427   

  107 1 2(**) .716 9 .686 6.237 1 .314 7.801   

  108 1 1 .497 9 .939 8.372 2 .061 13.823   

  110 1 1 .143 9 .997 13.449 2 .003 25.178   

  112 1 1 .971 9 .722 2.828 2 .278 4.734   

  113 1 1 .776 9 .917 5.634 2 .083 10.443   

  114 1 1 .986 9 .826 2.291 2 .174 5.410   

  115 1 1 .332 9 .761 10.238 2 .239 12.557   

  116 1 1 .988 9 .897 2.198 2 .103 6.519   

  117 1 1 .978 9 .951 2.610 2 .049 8.524   

  118 1 1 .910 9 .949 4.017 2 .051 9.878   
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  119 1 1 .897 9 .928 4.214 2 .072 9.335   

  120 1 1 .020 9 .916 19.715 2 .084 24.504   

  121 1 1 .958 9 .804 3.145 2 .196 5.970   

  123 1 1 .944 9 .822 3.445 2 .178 6.505   

  125 1 2(**) .005 9 1.000 23.867 1 .000 43.427   

  126 1 1 .718 9 .689 6.219 2 .311 7.813   

  127 1 1 .571 9 .706 7.642 2 .294 9.391   

  128 1 1 .947 9 .939 3.389 2 .061 8.865   

  129 1 1 .058 9 .997 16.447 2 .003 27.885   

  130 1 1 .810 9 .931 5.270 2 .069 10.470   

  131 1 1 .094 9 .953 14.892 2 .047 20.889   

  132 1 2(**) .011 9 .653 21.276 1 .347 22.543   

  133 1 2(**) .116 9 .629 14.196 1 .371 15.249   

  135 1 1 .668 9 .665 6.702 2 .335 8.071   

  136 1 1 .673 9 .747 6.650 2 .253 8.818   

  137 1 1 .626 9 .923 7.103 2 .077 12.079   

  138 1 1 .732 9 .962 6.077 2 .038 12.555   

  139 1 2(**) .160 9 .579 13.048 1 .421 13.686   

  140 1 1 .954 9 .826 3.241 2 .174 6.351   

  141 1 1 .446 9 .986 8.910 2 .014 17.470   

  142 1 1 .848 9 .711 4.838 2 .289 6.634   

  143 1 1 .871 9 .830 4.564 2 .170 7.742   

  144 1 1 .257 9 .982 11.281 2 .018 19.248   

  145 1 1 .459 9 .568 8.772 2 .432 9.321   
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  148 1 1 .485 9 .901 8.501 2 .099 12.928   

  149 1 1 .005 9 .984 23.614 2 .016 31.875   

  150 1 1 .127 9 .998 13.869 2 .002 25.972   

  151 1 1 .777 9 .673 5.623 2 .327 7.063   

  152 1 1 .990 9 .771 2.111 2 .229 4.543   

  153 1 1 .788 9 .858 5.503 2 .142 9.106   

  155 1 1 .104 9 .824 14.566 2 .176 17.652   

  156 1 1 .810 9 .707 5.267 2 .293 7.028   

  157 1 1 .981 9 .963 2.482 2 .037 8.993   

  158 1 1 .047 9 .996 17.092 2 .004 28.304   

  161 1 1 .987 9 .864 2.220 2 .136 5.921   

  163 1 1 .832 9 .937 5.023 2 .063 10.416   

  165 1 1 .000 9 .566 31.267 2 .434 31.797   

  166 1 2(**) .065 9 .929 16.067 1 .071 21.224   

  170 1 2(**) .096 9 .665 14.830 1 .335 16.203   

  171 1 1 .000 9 .995 30.033 2 .005 40.691   

  172 1 1 .893 9 .951 4.267 2 .049 10.211   

  173 1 1 .828 9 .885 5.077 2 .115 9.165   

  174 1 1 .878 9 .935 4.462 2 .065 9.798   

  177 1 1 .783 9 .931 5.559 2 .069 10.750   

  178 1 1 .947 9 .938 3.385 2 .062 8.834   

  179 1 1 .835 9 .983 4.997 2 .017 13.101   

  183 1 1 .904 9 .750 4.117 2 .250 6.315   

  184 1 2(**) .173 9 .513 12.767 1 .487 12.872   
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  185 1 2(**) .002 9 1.000 25.787 1 .000 46.215   

  186 1 1 .910 9 .665 4.028 2 .335 5.401   

  187 1 1 .651 9 .555 6.869 2 .445 7.312   

  189 1 1 .552 9 .925 7.823 2 .075 12.843   

  191 1 1 .056 9 .903 16.590 2 .097 21.061   

  192 1 2(**) .012 9 .607 21.224 1 .393 22.093   

  194 1 2(**) .103 9 .759 14.594 1 .241 16.885   

  195 1 1 .182 9 .926 12.596 2 .074 17.637   

  196 1 1 .613 9 .802 7.235 2 .198 10.039   

  198 1 1 .593 9 .956 7.429 2 .044 13.610   

  199 1 1 .177 9 .567 12.701 2 .433 13.240   

  201 2 1(**) .852 9 .680 4.788 2 .320 6.296   

  202 2 2 .591 9 .883 7.444 1 .117 11.478   

  203 2 2 .646 9 .974 6.916 1 .026 14.189   

  204 2 2 .577 9 .918 7.580 1 .082 12.399   

  205 2 2 .653 9 .883 6.845 1 .117 10.893   

  206 2 2 .721 9 .852 6.192 1 .148 9.700   

  207 2 2 .694 9 .527 6.448 1 .473 6.668   

  208 2 2 .281 9 .553 10.925 1 .447 11.349   

  209 2 2 .062 9 .664 16.261 1 .336 17.624   

  210 2 2 .736 9 .935 6.042 1 .065 11.361   

  212 2 1(**) .347 9 .646 10.038 2 .354 11.242   

  213 2 1(**) .833 9 .746 5.014 2 .254 7.168   

  215 2 2 .448 9 .642 8.879 1 .358 10.044   

  216 2 2 .736 9 .882 6.039 1 .118 10.068   
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  217 2 2 .666 9 .959 6.725 1 .041 13.031   

  218 2 2 .285 9 .987 10.864 1 .013 19.448   

  219 2 2 .527 9 .970 8.071 1 .030 15.039   

  220 2 2 .745 9 .886 5.952 1 .114 10.058   

  221 2 2 .514 9 .982 8.203 1 .018 16.163   

  222 2 1(**) .651 9 .953 6.868 2 .047 12.899   

  223 2 2 .068 9 .871 15.944 1 .129 19.763   

  224 2 1(**) .042 9 .786 17.464 2 .214 20.071   

  225 2 2 .123 9 .541 13.976 1 .459 14.307   

  226 2 1(**) .988 9 .890 2.218 2 .110 6.403   

  228 2 2 .306 9 .991 10.576 1 .009 20.009   

  229 2 1(**) .932 9 .820 3.664 2 .180 6.694   

  231 2 2 .526 9 .559 8.084 1 .441 8.562   

  233 2 2 .416 9 .925 9.233 1 .075 14.264   

  235 2 2 .659 9 .918 6.787 1 .082 11.616   

  236 2 2 .668 9 .821 6.700 1 .179 9.741   

  237 2 2 .064 9 .554 16.132 1 .446 16.568   

  238 2 2 .463 9 .970 8.721 1 .030 15.659   

  239 2 1(**) .923 9 .807 3.822 2 .193 6.686   

  240 2 1(**) .988 9 .901 2.170 2 .099 6.597   

  241 2 1(**) .681 9 .672 6.574 2 .328 8.006   

  242 2 2 .773 9 .882 5.660 1 .118 9.689   

  244 2 2 .638 9 .823 6.993 1 .177 10.065   

  245 2 2 .433 9 .985 9.045 1 .015 17.421   
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  246 2 2 .596 9 .937 7.397 1 .063 12.788   

  247 2 2 .698 9 .902 6.412 1 .098 10.853   

  248 2 2 .674 9 .719 6.646 1 .281 8.525   

  249 2 1(**) .922 9 .750 3.833 2 .250 6.033   

  250 2 2 .028 9 .533 18.708 1 .467 18.976   

  251 2 2 .057 9 .749 16.522 1 .251 18.712   

  252 2 2 .813 9 .950 5.238 1 .050 11.131   

  253 2 2 .435 9 .695 9.021 1 .305 10.669   

  255 2 2 .006 9 .792 23.208 1 .208 25.880   

  256 2 1(**) .824 9 .644 5.112 2 .356 6.295   

  257 2 1(**) .593 9 .585 7.421 2 .415 8.108   

  258 2 2 .637 9 .820 7.002 1 .180 10.034   

  259 2 2 .481 9 .996 8.536 1 .004 19.783   

  261 2 2 .306 9 .982 10.581 1 .018 18.565   

  263 2 2 .442 9 .990 8.947 1 .010 18.061   

  264 2 1(**) .606 9 .925 7.298 2 .075 12.326   

  265 2 2 .066 9 .865 16.035 1 .135 19.747   

  267 2 2 .120 9 .570 14.072 1 .430 14.635   

  269 2 1(**) .175 9 .989 12.738 2 .011 21.744   

  270 2 2 .487 9 .964 8.472 1 .036 15.036   

  273 2 2 .723 9 .993 6.164 1 .007 16.193   

  275 2 2 .663 9 .959 6.756 1 .041 13.085   

  278 2 2 .137 9 .877 13.597 1 .123 17.535   

  279 2 2 .096 9 .954 14.804 1 .046 20.874   
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  280 2 2 .635 9 .989 7.017 1 .011 15.977   

  281 2 2 .394 9 .814 9.484 1 .186 12.431   

  283 2 2 .522 9 .728 8.118 1 .272 10.085   

  286 2 2 .297 9 .957 10.704 1 .043 16.897   

  287 2 2 .726 9 .962 6.138 1 .038 12.615   

  289 2 2 .722 9 .993 6.175 1 .007 16.228   

  290 2 2 .390 9 .950 9.528 1 .050 15.404   

  291 2 2 .676 9 .841 6.627 1 .159 9.963   

  293 2 2 .000 9 .966 38.646 1 .034 45.321   

  294 2 2 .853 9 .952 4.779 1 .048 10.766   

  296 2 2 .701 9 .638 6.379 1 .362 7.509   

  297 2 1(**) .940 9 .695 3.517 2 .305 5.164   

  300 2 2 .728 9 .896 6.121 1 .104 10.427   

  302 2 2 .424 9 .996 9.148 1 .004 20.342   

  305 2 2 .569 9 .993 7.656 1 .007 17.535   

  306 2 2 .569 9 .963 7.653 1 .037 14.147   

  307 2 2 .107 9 .881 14.470 1 .119 18.481   

  308 2 2 .320 9 .996 10.390 1 .004 21.352   

  309 2 2 .641 9 .566 6.962 1 .434 7.494   

  310 2 1(**) .988 9 .897 2.180 2 .103 6.512   

  311 2 1(**) .684 9 .664 6.553 2 .336 7.915   

  312 2 2 .732 9 .809 6.079 1 .191 8.968   

  313 2 2 .621 9 .896 7.153 1 .104 11.460   

  315 2 2 .692 9 .996 6.466 1 .004 17.323   
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  317 2 2 .519 9 .919 8.150 1 .081 13.010   

  319 2 2 .652 9 .693 6.862 1 .307 8.486   

  320 2 2 .027 9 .922 18.800 1 .078 23.735   

  321 2 2 .119 9 .983 14.104 1 .017 22.178   

  322 2 2 .499 9 .993 8.358 1 .007 18.321   

  323 2 2 .665 9 .798 6.734 1 .202 9.479   

  325 2 2 .031 9 .605 18.394 1 .395 19.244   

  327 2 1(**) .735 9 .641 6.049 2 .359 7.204   

  329 2 2 .711 9 .967 6.290 1 .033 13.018   

  330 2 2 .461 9 .980 8.744 1 .020 16.496   

  332 2 2 .447 9 .938 8.892 1 .062 14.310   

  335 2 2 .027 9 .913 18.829 1 .087 23.522   

  336 2 2 .828 9 .958 5.069 1 .042 11.335   

  338 2 2 .687 9 .692 6.515 1 .308 8.134   

  341 2 2 .531 9 .877 8.031 1 .123 11.964   

  343 2 2 .637 9 .705 7.003 1 .295 8.744   

  344 2 1(**) .930 9 .699 3.694 2 .301 5.381   

  345 2 2 .383 9 .903 9.604 1 .097 14.062   

  347 2 2 .527 9 .721 8.071 1 .279 9.970   

  348 2 2 .136 9 .980 13.623 1 .020 21.428   

  349 2 2 .818 9 .660 5.179 1 .340 6.505   

  350 2 2 .517 9 .636 8.170 1 .364 9.287   

  351 2 2 .519 9 .994 8.151 1 .006 18.260   

  352 2 2 .632 9 .842 7.054 1 .158 10.397   
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  355 2 1(**) .976 9 .859 2.682 2 .141 6.294   

  356 2 2 .590 9 .503 7.457 1 .497 7.484   

  357 2 2 .345 9 .928 10.068 1 .072 15.176   

  358 2 2 .724 9 .853 6.156 1 .147 9.680   

  359 2 2 .443 9 .751 8.940 1 .249 11.147   

  360 2 2 .020 9 .715 19.726 1 .285 21.569   

  362 2 1(**) .771 9 .537 5.686 2 .463 5.984   

  363 2 2 .312 9 .894 10.489 1 .106 14.754   

  364 2 1(**) .680 9 .676 6.584 2 .324 8.057   

  368 2 2 .523 9 .645 8.114 1 .355 9.307   

  369 2 2 .519 9 .994 8.151 1 .006 18.260   

  370 2 2 .630 9 .840 7.066 1 .160 10.387   

  371 2 2 .429 9 .983 9.094 1 .017 17.198   

  372 2 2 .088 9 .751 15.117 1 .249 17.330   

  373 2 2 .572 9 .950 7.625 1 .050 13.495   

  375 2 2 .371 9 .839 9.755 1 .161 13.063   

  376 2 2 .617 9 .700 7.190 1 .300 8.882   

  377 2 2 .275 9 .977 11.007 1 .023 18.523   

  380 2 2 .585 9 .886 7.499 1 .114 11.605   

  381 2 2 .503 9 .996 8.311 1 .004 19.219   

  382 2 2 .788 9 .817 5.509 1 .183 8.502   

  384 2 2 .113 9 .880 14.258 1 .120 18.240   

  387 2 2 .345 9 .928 10.068 1 .072 15.176   

  388 2 2 .737 9 .847 6.026 1 .153 9.449   

  389 2 2 .276 9 .967 10.992 1 .033 17.761   
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  391 2 2 .753 9 .508 5.873 1 .492 5.940   

  392 2 2 .635 9 .766 7.024 1 .234 9.393   

  393 2 2 .227 9 .984 11.766 1 .016 19.972   

  394 2 1(**) .680 9 .681 6.585 2 .319 8.106   

  395 2 2 .276 9 .978 10.998 1 .022 18.592   

  396 2 2 .281 9 .975 10.930 1 .025 18.233   

  397 2 2 .823 9 .904 5.129 1 .096 9.603   

  398 2 2 .582 9 .890 7.533 1 .110 11.709   

For the original data, squared Mahalanobis distance is based on canonical functions. 

 For the cross-validated data, squared Mahalanobis distance is based on observations. 

u  Unselected case 

**  Misclassified case 

a  Cross validation is done only for those cases in the analysis. In cross validation, each case is classified by the functions derived from all cases other than that case. 
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 Table A.17 Coordinates of the Curve 

Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

Predicted probability 

default of discriminant 

analysis 

.0000000 1.000 1.000 

  .0001727 1.000 .995 

  .0003210 1.000 .990 

  .0004477 1.000 .980 

  .0005309 1.000 .975 

  .0007012 1.000 .970 

  .0008261 1.000 .965 

  .0008639 1.000 .960 

  .0009105 1.000 .950 

  .0009397 1.000 .945 

  .0009773 1.000 .940 

  .0011845 1.000 .935 

  .0013557 1.000 .930 

  .0013617 .995 .930 

  .0015202 .995 .925 

  .0017490 .995 .920 

  .0018761 .995 .910 

  .0019513 .995 .905 

  .0020273 .990 .905 

  .0021697 .990 .900 

  .0023102 .990 .895 

  .0026274 .990 .890 

  .0030969 .990 .885 

  .0035148 .990 .880 

  .0037551 .990 .870 

  .0038735 .990 .865 

  .0041935 .990 .860 

  .0051047 .990 .855 

  .0058555 .990 .850 

  .0059755 .990 .845 

  .0068272 .990 .835 

  .0076294 .990 .830 

  .0082874 .990 .825 

  .0095557 .990 .820 

  .0105310 .990 .815 

  .0113908 .990 .810 

  .0120261 .990 .805 

  .0121740 .990 .800 

  .0122563 .990 .790 

  .0124485 .990 .780 

  .0128499 .990 .775 

  .0135593 .990 .770 

  .0143874 .990 .760 

  .0152513 .990 .755 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .0165060 .990 .750 

  .0173150 .990 .745 

  .0177172 .990 .740 

  .0182848 .990 .735 

  .0185394 .990 .730 

  .0186677 .990 .720 

  .0191055 .990 .710 

  .0198428 .990 .705 

  .0207350 .990 .700 

  .0221118 .990 .695 

  .0239957 .990 .690 

  .0256823 .990 .685 

  .0272840 .990 .680 

  .0285197 .990 .675 

  .0288376 .990 .670 

  .0293126 .990 .665 

  .0307492 .990 .660 

  .0340550 .990 .655 

  .0370902 .990 .650 

  .0379716 .990 .645 

  .0403576 .990 .630 

  .0459543 .990 .625 

  .0500585 .990 .620 

  .0510269 .990 .615 

  .0537737 .990 .610 

  .0588927 .990 .605 

  .0622768 .990 .600 

  .0644045 .990 .590 

  .0667668 .990 .585 

  .0683790 .990 .580 

  .0692131 .990 .575 

  .0716263 .990 .570 

  .0745153 .990 .565 

  .0780181 .990 .560 

  .0822179 .990 .555 

  .0855945 .985 .555 

  .0882944 .985 .550 

  .0892513 .985 .545 

  .0930602 .985 .540 

  .0966834 .980 .540 

  .0971940 .980 .535 

  .0986979 .980 .530 

  .1010310 .980 .525 

  .1024384 .980 .520 

  .1041146 .980 .515 

  .1073145 .980 .510 

  .1100865 .980 .505 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .1122535 .980 .500 

  .1142270 .980 .495 

  .1168039 .980 .490 

  .1196438 .980 .485 

  .1224356 .980 .480 

  .1277963 .980 .475 

  .1323235 .980 .470 

  .1343550 .980 .465 

  .1361349 .980 .460 

  .1369555 .980 .455 

  .1454254 .980 .450 

  .1545091 .980 .445 

  .1580456 .980 .440 

  .1625118 .980 .435 

  .1650054 .980 .430 

  .1664670 .980 .425 

  .1676581 .980 .420 

  .1720086 .980 .415 

  .1761884 .975 .415 

  .1765093 .975 .410 

  .1767386 .975 .405 

  .1778255 .975 .400 

  .1794464 .975 .395 

  .1809290 .970 .395 

  .1828268 .970 .390 

  .1842293 .970 .385 

  .1849587 .965 .385 

  .1902179 .965 .380 

  .1975782 .965 .375 

  .2044306 .965 .370 

  .2098449 .965 .365 

  .2113565 .965 .360 

  .2128178 .965 .355 

  .2171514 .965 .350 

  .2211869 .960 .350 

  .2234385 .960 .345 

  .2319926 .960 .340 

  .2398318 .960 .335 

  .2469967 .960 .330 

  .2537071 .960 .325 

  .2551211 .960 .320 

  .2603940 .960 .315 

  .2654057 .955 .315 

  .2694335 .950 .315 

  .2785478 .950 .310 

  .2855809 .950 .305 

  .2932341 .950 .300 



Credit Risk Modeling in Libya 

–329– 

 

Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .3013222 .950 .295 

  .3062467 .950 .290 

  .3169520 .950 .285 

  .3293367 .950 .280 

  .3343669 .950 .275 

  .3349132 .950 .270 

  .3357351 .945 .270 

  .3379946 .945 .265 

  .3399687 .945 .260 

  .3491192 .945 .255 

  .3602501 .945 .250 

  .3700863 .945 .245 

  .3834605 .945 .240 

  .3925080 .945 .235 

  .3979072 .945 .230 

  .3998816 .940 .230 

  .4031101 .940 .225 

  .4093109 .940 .220 

  .4171865 .935 .220 

  .4221552 .930 .220 

  .4226213 .930 .215 

  .4269968 .925 .215 

  .4320744 .925 .210 

  .4334414 .920 .210 

  .4387325 .920 .205 

  .4451153 .920 .200 

  .4487688 .920 .195 

  .4530078 .920 .190 

  .4552879 .915 .190 

  .4605550 .915 .185 

  .4684506 .915 .180 

  .4717753 .915 .175 

  .4724252 .915 .170 

  .4728406 .905 .170 

  .4736103 .900 .170 

  .4762098 .900 .165 

  .4816799 .900 .160 

  .4863885 .900 .155 

  .4895572 .900 .150 

  .4946830 .895 .150 

  .4986567 .890 .150 

  .5035911 .890 .145 

  .5117358 .890 .140 

  .5166229 .885 .140 

  .5196397 .885 .135 

  .5243150 .880 .135 

  .5275238 .880 .130 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .5305322 .880 .125 

  .5333920 .880 .120 

  .5349609 .875 .120 

  .5431387 .870 .120 

  .5514665 .870 .115 

  .5540624 .870 .110 

  .5603564 .865 .110 

  .5659051 .865 .105 

  .5669856 .865 .100 

  .5713878 .865 .095 

  .5790978 .860 .095 

  .5861070 .860 .090 

  .5994871 .855 .090 

  .6109914 .855 .085 

  .6138251 .855 .075 

  .6202682 .850 .075 

  .6256515 .850 .070 

  .6283620 .850 .065 

  .6309415 .845 .065 

  .6337946 .840 .065 

  .6406795 .835 .065 

  .6470418 .830 .065 

  .6498069 .825 .065 

  .6583745 .820 .065 

  .6689050 .815 .065 

  .6798104 .810 .065 

  .6901061 .805 .065 

  .6957269 .800 .065 

  .6994048 .795 .065 

  .7001560 .790 .065 

  .7015211 .785 .065 

  .7035880 .780 .065 

  .7054761 .775 .065 

  .7116980 .770 .065 

  .7204677 .770 .060 

  .7238766 .765 .060 

  .7252528 .760 .060 

  .7266829 .755 .060 

  .7277552 .750 .060 

  .7313944 .750 .055 

  .7348882 .750 .050 

  .7361750 .750 .045 

  .7369911 .745 .045 

  .7386015 .740 .045 

  .7434797 .735 .045 

  .7479274 .735 .040 

  .7506967 .735 .035 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .7525890 .730 .035 

  .7555823 .725 .035 

  .7585915 .720 .035 

  .7630493 .715 .035 

  .7684536 .710 .035 

  .7713535 .705 .035 

  .7768594 .700 .035 

  .7829493 .695 .035 

  .7855342 .690 .035 

  .7875462 .685 .035 

  .7922279 .680 .035 

  .7964414 .675 .035 

  .7986910 .675 .030 

  .7997181 .670 .030 

  .8036820 .665 .030 

  .8080577 .665 .025 

  .8089202 .660 .025 

  .8097951 .655 .025 

  .8109923 .650 .025 

  .8117756 .645 .025 

  .8176059 .645 .020 

  .8243195 .640 .020 

  .8268051 .635 .020 

  .8348060 .630 .020 

  .8418935 .630 .015 

  .8442396 .625 .015 

  .8467973 .620 .015 

  .8477280 .615 .015 

  .8490435 .610 .015 

  .8523709 .605 .015 

  .8546208 .600 .015 

  .8550821 .595 .015 

  .8567833 .590 .015 

  .8595330 .580 .015 

  .8615548 .575 .015 

  .8626264 .570 .015 

  .8631761 .565 .015 

  .8671216 .560 .015 

  .8710915 .555 .015 

  .8713049 .550 .015 

  .8740790 .545 .015 

  .8772852 .540 .015 

  .8801761 .535 .015 

  .8826001 .530 .015 

  .8830972 .525 .015 

  .8842776 .520 .015 

  .8853363 .515 .015 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .8866360 .510 .015 

  .8884673 .505 .015 

  .8909077 .500 .015 

  .8928605 .495 .015 

  .8939749 .490 .015 

  .8947040 .485 .015 

  .8963587 .480 .015 

  .8985029 .475 .015 

  .9001000 .470 .015 

  .9017800 .465 .015 

  .9036214 .460 .015 

  .9050865 .455 .015 

  .9060852 .450 .015 

  .9069685 .445 .015 

  .9079890 .440 .015 

  .9090088 .435 .015 

  .9097989 .430 .015 

  .9105343 .425 .015 

  .9106096 .420 .015 

  .9110631 .415 .015 

  .9141893 .410 .015 

  .9171419 .405 .015 

  .9179419 .400 .015 

  .9200089 .395 .015 

  .9230488 .390 .015 

  .9247822 .385 .015 

  .9269099 .380 .015 

  .9290031 .375 .015 

  .9292999 .370 .015 

  .9303121 .365 .015 

  .9334308 .360 .015 

  .9368562 .355 .015 

  .9380951 .350 .015 

  .9390254 .345 .015 

  .9406681 .340 .015 

  .9414646 .335 .015 

  .9420930 .330 .015 

  .9440769 .325 .015 

  .9459974 .325 .010 

  .9472037 .320 .010 

  .9489595 .315 .010 

  .9501858 .310 .010 

  .9509947 .305 .010 

  .9517334 .300 .010 

  .9519332 .295 .010 

  .9521797 .290 .010 

  .9533549 .285 .010 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .9545319 .280 .010 

  .9547399 .275 .010 

  .9552760 .270 .010 

  .9567111 .265 .010 

  .9591789 .260 .010 

  .9608675 .255 .010 

  .9617865 .250 .010 

  .9633886 .245 .010 

  .9642907 .240 .010 

  .9646566 .235 .010 

  .9659582 .230 .010 

  .9683106 .230 .005 

  .9699034 .230 .000 

  .9719904 .225 .000 

  .9749988 .220 .000 

  .9761240 .215 .000 

  .9761712 .210 .000 

  .9776408 .205 .000 

  .9810053 .200 .000 

  .9840777 .195 .000 

  .9858613 .190 .000 

  .9872431 .185 .000 

  .9885471 .180 .000 

  .9892943 .175 .000 

  .9901517 .170 .000 

  .9914349 .165 .000 

  .9920853 .160 .000 

  .9922730 .155 .000 

  .9942642 .150 .000 

  .9967996 .145 .000 

  .9975211 .140 .000 

  .9976623 .135 .000 

  .9988811 .130 .000 

  1.0000000 .125 .000 

  1.0000000 .120 .000 

  1.0000000 .115 .000 

  1.0000000 .110 .000 

  1.0000000 .105 .000 

  1.0000000 .100 .000 

  1.0000000 .095 .000 

  1.0000000 .090 .000 

  1.0000000 .085 .000 

  1.0000000 .080 .000 

  1.0000000 .075 .000 

  1.0000000 .070 .000 

  1.0000000 .065 .000 

  1.0000000 .060 .000 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  1.0000000 .055 .000 

  1.0000000 .050 .000 

  1.0000000 .045 .000 

  1.0000000 .040 .000 

  1.0000000 .035 .000 

  1.0000000 .030 .000 

  1.0000000 .025 .000 

  1.0000000 .020 .000 

  1.0000000 .015 .000 

  1.0000000 .010 .000 

  1.0000000 .005 .000 

  1.0000000 .000 .000 

Predicted probability 

default of logistic 

regression 

-.9999125 1.000 1.000 

  .0001021 1.000 .995 

  .0001210 .995 .995 

  .0001358 .995 .990 

  .0001648 .995 .985 

  .0001944 .995 .980 

  .0002096 .990 .980 

  .0002198 .990 .975 

  .0002655 .990 .970 

  .0003784 .990 .965 

  .0004938 .990 .960 

  .0005950 .990 .955 

  .0007120 .990 .950 

  .0008292 .990 .945 

  .0009061 .990 .940 

  .0012548 .990 .935 

  .0016977 .990 .925 

  .0018249 .990 .920 

  .0018534 .990 .915 

  .0019146 .990 .910 

  .0020231 .990 .905 

  .0021185 .990 .900 

  .0021556 .990 .895 

  .0027681 .990 .890 

  .0033806 .990 .885 

  .0034307 .990 .880 

  .0035106 .990 .875 

  .0036853 .990 .870 

  .0039168 .990 .865 

  .0040610 .990 .860 

  .0041587 .990 .855 

  .0042134 .990 .850 

  .0042428 .990 .845 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .0043207 .990 .840 

  .0043986 .990 .835 

  .0045508 .990 .830 

  .0050158 .990 .825 

  .0054844 .990 .820 

  .0056755 .990 .815 

  .0059991 .990 .810 

  .0062852 .990 .805 

  .0065194 .990 .800 

  .0067935 .990 .795 

  .0069166 .990 .790 

  .0072998 .990 .785 

  .0077468 .990 .780 

  .0078861 .990 .775 

  .0079898 .990 .770 

  .0081701 .990 .765 

  .0082831 .990 .760 

  .0086055 .990 .755 

  .0090204 .990 .750 

  .0092282 .990 .745 

  .0094735 .990 .740 

  .0103437 .990 .735 

  .0112096 .990 .730 

  .0113842 .990 .725 

  .0119730 .990 .720 

  .0131322 .990 .715 

  .0138306 .990 .710 

  .0146512 .990 .705 

  .0155025 .990 .700 

  .0156662 .990 .695 

  .0159169 .990 .690 

  .0170112 .990 .685 

  .0180237 .990 .680 

  .0182048 .990 .675 

  .0184833 .990 .670 

  .0190590 .990 .665 

  .0195046 .990 .660 

  .0200681 .990 .655 

  .0212180 .990 .650 

  .0223257 .990 .645 

  .0228371 .990 .640 

  .0229497 .990 .635 

  .0238753 .990 .630 

  .0250783 .990 .625 

  .0255547 .990 .620 

  .0264002 .990 .615 

  .0274543 .990 .610 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .0283459 .990 .605 

  .0288472 .990 .600 

  .0290911 .990 .595 

  .0293909 .990 .590 

  .0298626 .990 .585 

  .0305311 .990 .580 

  .0318633 .990 .575 

  .0330036 .990 .570 

  .0337887 .990 .565 

  .0353077 .990 .560 

  .0364338 .990 .555 

  .0382314 .990 .550 

  .0403246 .990 .545 

  .0413818 .990 .540 

  .0422727 .990 .535 

  .0428851 .990 .530 

  .0457014 .990 .525 

  .0499236 .990 .520 

  .0520145 .990 .515 

  .0527542 .990 .510 

  .0529976 .990 .505 

  .0555787 .990 .500 

  .0589438 .990 .495 

  .0623549 .990 .490 

  .0651679 .990 .485 

  .0657070 .990 .480 

  .0667382 .990 .475 

  .0685707 .990 .470 

  .0697047 .990 .465 

  .0701237 .990 .460 

  .0731014 .990 .455 

  .0763230 .990 .450 

  .0770548 .990 .445 

  .0780600 .990 .440 

  .0804815 .990 .435 

  .0828727 .990 .430 

  .0845589 .990 .425 

  .0855596 .990 .420 

  .0861830 .990 .415 

  .0877211 .990 .410 

  .0896647 .990 .405 

  .0914984 .990 .400 

  .0956716 .990 .395 

  .0988922 .990 .390 

  .1001099 .990 .385 

  .1059784 .990 .380 

  .1108595 .990 .375 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .1131578 .990 .370 

  .1172308 .990 .365 

  .1192334 .990 .360 

  .1203474 .990 .355 

  .1243449 .990 .350 

  .1286490 .990 .345 

  .1311378 .990 .340 

  .1324703 .990 .335 

  .1342341 .990 .330 

  .1367560 .990 .325 

  .1377233 .990 .320 

  .1407996 .990 .315 

  .1447805 .990 .310 

  .1464753 .990 .305 

  .1475739 .990 .300 

  .1508321 .990 .295 

  .1539763 .990 .290 

  .1542669 .990 .285 

  .1568173 .985 .285 

  .1602862 .985 .280 

  .1683160 .985 .275 

  .1760163 .985 .270 

  .1804732 .980 .270 

  .1890867 .980 .265 

  .1990373 .980 .260 

  .2048133 .980 .255 

  .2073407 .980 .250 

  .2093886 .975 .250 

  .2186661 .975 .245 

  .2321963 .975 .240 

  .2370648 .975 .235 

  .2379464 .970 .235 

  .2384978 .970 .230 

  .2416652 .970 .225 

  .2498083 .965 .225 

  .2575799 .965 .220 

  .2669776 .960 .220 

  .2741268 .955 .220 

  .2791037 .955 .215 

  .2924031 .955 .210 

  .3020193 .950 .210 

  .3052724 .950 .205 

  .3166302 .950 .200 

  .3271711 .950 .195 

  .3298277 .950 .190 

  .3326929 .950 .185 

  .3356896 .945 .185 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .3397759 .945 .180 

  .3468807 .945 .175 

  .3575927 .945 .170 

  .3670910 .945 .165 

  .3727624 .945 .160 

  .3800882 .940 .160 

  .3872738 .940 .155 

  .3989543 .940 .150 

  .4086006 .940 .145 

  .4119294 .940 .140 

  .4171877 .940 .135 

  .4227893 .940 .130 

  .4350641 .935 .130 

  .4574124 .930 .130 

  .4837127 .930 .125 

  .4994016 .930 .120 

  .5134194 .930 .115 

  .5263326 .930 .110 

  .5280886 .930 .105 

  .5284836 .925 .105 

  .5329996 .920 .105 

  .5375793 .920 .100 

  .5391800 .920 .095 

  .5458535 .915 .095 

  .5545496 .915 .090 

  .5590681 .915 .085 

  .5681922 .910 .085 

  .5795191 .910 .080 

  .5835509 .910 .075 

  .5849044 .910 .070 

  .5873916 .910 .065 

  .5935506 .905 .065 

  .5979063 .900 .065 

  .5981961 .895 .065 

  .6012968 .895 .060 

  .6063004 .895 .055 

  .6086978 .890 .055 

  .6119766 .885 .055 

  .6209770 .885 .050 

  .6295808 .885 .045 

  .6406795 .880 .045 

  .6505775 .875 .045 

  .6533560 .870 .045 

  .6598666 .865 .045 

  .6672087 .860 .045 

  .6695073 .860 .040 

  .6749914 .855 .040 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .6803985 .850 .040 

  .6816909 .845 .040 

  .6878918 .840 .040 

  .6934026 .835 .040 

  .7007348 .835 .035 

  .7076607 .830 .035 

  .7089914 .825 .035 

  .7129533 .820 .035 

  .7161811 .815 .035 

  .7171387 .815 .030 

  .7176891 .810 .030 

  .7247462 .805 .030 

  .7362628 .800 .030 

  .7438909 .795 .030 

  .7470359 .790 .030 

  .7501511 .785 .030 

  .7546942 .780 .030 

  .7566539 .775 .030 

  .7577398 .770 .030 

  .7598349 .765 .030 

  .7614333 .760 .030 

  .7629147 .755 .030 

  .7668961 .750 .030 

  .7702301 .745 .030 

  .7764641 .740 .030 

  .7837492 .740 .025 

  .7863171 .735 .025 

  .7875173 .730 .025 

  .7903434 .725 .025 

  .7969982 .720 .025 

  .8015307 .715 .025 

  .8023499 .710 .025 

  .8062499 .705 .025 

  .8099389 .705 .020 

  .8106077 .700 .020 

  .8118940 .695 .020 

  .8129226 .695 .015 

  .8159772 .690 .015 

  .8225674 .690 .010 

  .8307659 .685 .010 

  .8354258 .680 .010 

  .8369520 .675 .010 

  .8388639 .670 .010 

  .8406566 .665 .010 

  .8421320 .660 .010 

  .8440096 .655 .010 

  .8545895 .650 .010 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .8635174 .645 .010 

  .8667735 .640 .010 

  .8709550 .635 .010 

  .8728766 .630 .010 

  .8798918 .625 .010 

  .8919511 .625 .005 

  .8984727 .620 .005 

  .9010348 .615 .005 

  .9033054 .610 .005 

  .9053330 .605 .005 

  .9099067 .600 .005 

  .9142356 .595 .005 

  .9161001 .590 .005 

  .9166596 .585 .005 

  .9189955 .580 .005 

  .9238223 .575 .005 

  .9274257 .570 .005 

  .9286041 .565 .005 

  .9295994 .560 .005 

  .9309760 .555 .005 

  .9322441 .550 .005 

  .9329882 .545 .005 

  .9340224 .540 .005 

  .9352077 .535 .005 

  .9358518 .530 .005 

  .9365303 .525 .005 

  .9394139 .520 .005 

  .9419926 .515 .005 

  .9434677 .510 .005 

  .9466849 .505 .005 

  .9485494 .500 .005 

  .9490862 .495 .005 

  .9496265 .490 .005 

  .9507320 .485 .005 

  .9517815 .480 .005 

  .9518922 .475 .005 

  .9521357 .470 .005 

  .9524315 .465 .005 

  .9525495 .460 .005 

  .9538729 .455 .005 

  .9553011 .450 .005 

  .9555053 .445 .005 

  .9566104 .440 .005 

  .9589131 .435 .005 

  .9604083 .435 .000 

  .9606901 .430 .000 

  .9609930 .425 .000 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .9614439 .420 .000 

  .9617423 .415 .000 

  .9634692 .410 .000 

  .9652099 .405 .000 

  .9657522 .400 .000 

  .9666647 .395 .000 

  .9679048 .390 .000 

  .9687614 .385 .000 

  .9689438 .380 .000 

  .9692114 .375 .000 

  .9698115 .370 .000 

  .9702663 .365 .000 

  .9713698 .360 .000 

  .9725862 .355 .000 

  .9736458 .350 .000 

  .9748012 .345 .000 

  .9759474 .340 .000 

  .9773594 .335 .000 

  .9783618 .330 .000 

  .9798945 .325 .000 

  .9818453 .320 .000 

  .9830730 .315 .000 

  .9845739 .310 .000 

  .9862680 .305 .000 

  .9870737 .300 .000 

  .9876876 .295 .000 

  .9897711 .290 .000 

  .9918777 .285 .000 

  .9943044 .280 .000 

  .9969115 .275 .000 

  .9975030 .270 .000 

  .9977645 .265 .000 

  .9979567 .260 .000 

  .9981430 .255 .000 

  .9985661 .250 .000 

  .9988531 .245 .000 

  .9990868 .240 .000 

  .9996446 .235 .000 

  1.0000000 .230 .000 

  1.0000000 .225 .000 

  1.0000000 .220 .000 

  1.0000000 .215 .000 

  1.0000000 .210 .000 

  1.0000000 .205 .000 

  1.0000000 .200 .000 

  1.0000000 .195 .000 

  1.0000000 .190 .000 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  1.0000000 .185 .000 

  1.0000000 .180 .000 

  1.0000000 .175 .000 

  1.0000000 .170 .000 

  1.0000000 .165 .000 

  1.0000000 .160 .000 

  1.0000000 .155 .000 

  1.0000000 .150 .000 

  1.0000000 .145 .000 

  1.0000000 .140 .000 

  1.0000000 .135 .000 

  1.0000000 .130 .000 

  1.0000000 .125 .000 

  1.0000000 .120 .000 

  1.0000000 .115 .000 

  1.0000000 .110 .000 

  1.0000000 .105 .000 

  1.0000000 .100 .000 

  1.0000000 .095 .000 

  1.0000000 .090 .000 

  1.0000000 .085 .000 

  1.0000000 .080 .000 

  1.0000000 .075 .000 

  1.0000000 .070 .000 

  1.0000000 .065 .000 

  1.0000000 .060 .000 

  1.0000000 .055 .000 

  1.0000000 .050 .000 

  1.0000000 .045 .000 

  1.0000000 .040 .000 

  1.0000000 .035 .000 

  1.0000000 .035 .000 

  1.0000000 .020 .000 

  2.0000000 .000 .000 

Hazard function  of 

survival analysis 
-.9950668 1.000 1.000 

  .0051854 .995 1.000 

  .0105904 .990 1.000 

  .0161679 .990 .990 

  .0177409 .990 .985 

  .0189151 .990 .975 

  .0189539 .990 .970 

  .0193743 .990 .965 

  .0198827 .990 .960 

  .0211053 .990 .955 

  .0224921 .990 .950 

  .0227883 .990 .935 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .0231011 .990 .930 

  .0251252 .990 .925 

  .0270251 .990 .915 

  .0272385 .990 .910 

  .0284907 .990 .905 

  .0297615 .990 .900 

  .0304601 .990 .895 

  .0314037 .990 .890 

  .0322360 .990 .885 

  .0327936 .990 .880 

  .0328609 .990 .870 

  .0338517 .990 .860 

  .0352442 .990 .855 

  .0357172 .990 .845 

  .0357952 .990 .840 

  .0360151 .990 .835 

  .0362406 .990 .830 

  .0374697 .990 .825 

  .0391404 .990 .815 

  .0398862 .990 .805 

  .0415638 .990 .800 

  .0439121 .990 .790 

  .0459501 .990 .775 

  .0489279 .990 .770 

  .0511737 .990 .765 

  .0527758 .990 .755 

  .0547427 .990 .750 

  .0559066 .990 .745 

  .0564000 .990 .740 

  .0567204 .990 .735 

  .0581690 .990 .730 

  .0597584 .990 .725 

  .0610839 .990 .720 

  .0620861 .990 .715 

  .0637546 .990 .705 

  .0657650 .990 .700 

  .0671231 .990 .695 

  .0691750 .990 .690 

  .0702935 .990 .685 

  .0716540 .990 .680 

  .0737555 .985 .675 

  .0746040 .985 .665 

  .0762028 .985 .655 

  .0777305 .985 .650 

  .0828601 .985 .645 

  .0972865 .980 .640 

  .1075045 .980 .635 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .1106643 .980 .630 

  .1133075 .980 .625 

  .1145713 .980 .620 

  .1155328 .980 .615 

  .1186336 .980 .610 

  .1217711 .980 .605 

  .1222556 .980 .600 

  .1273723 .980 .595 

  .1394411 .980 .590 

  .1473074 .980 .585 

  .1544780 .975 .585 

  .1643017 .970 .585 

  .1698428 .960 .585 

  .1784608 .960 .580 

  .1850861 .955 .580 

  .1862945 .955 .575 

  .1895195 .955 .570 

  .1938930 .955 .565 

  .1976049 .950 .565 

  .1995171 .950 .560 

  .2002678 .950 .555 

  .2015853 .945 .555 

  .2044914 .945 .550 

  .2077783 .945 .545 

  .2165191 .940 .545 

  .2242610 .940 .540 

  .2267468 .940 .535 

  .2307128 .940 .530 

  .2366648 .935 .530 

  .2511961 .930 .530 

  .2629984 .930 .525 

  .2654858 .930 .520 

  .2694390 .925 .520 

  .2730408 .920 .520 

  .2799253 .915 .520 

  .2889191 .915 .515 

  .2916469 .915 .510 

  .2927366 .910 .510 

  .2969955 .910 .505 

  .3019699 .910 .500 

  .3044950 .910 .495 

  .3072432 .910 .490 

  .3102224 .910 .485 

  .3138463 .910 .480 

  .3165335 .910 .475 

  .3188505 .910 .470 

  .3216935 .910 .465 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .3223941 .910 .460 

  .3245532 .910 .455 

  .3269736 .910 .450 

  .3319231 .910 .445 

  .3392851 .910 .440 

  .3450016 .910 .435 

  .3501679 .905 .435 

  .3541301 .900 .435 

  .3575620 .900 .430 

  .3594630 .895 .430 

  .3608713 .890 .430 

  .3651219 .890 .425 

  .3686824 .890 .420 

  .3704263 .890 .415 

  .3722733 .885 .415 

  .3733470 .880 .415 

  .3786956 .880 .410 

  .3843621 .880 .405 

  .3854596 .875 .405 

  .3860229 .870 .405 

  .3864081 .870 .400 

  .3883401 .870 .395 

  .3925071 .870 .390 

  .3950979 .865 .390 

  .4007124 .865 .385 

  .4089732 .860 .385 

  .4158676 .860 .380 

  .4263173 .855 .380 

  .4344467 .850 .380 

  .4366768 .850 .375 

  .4376490 .845 .375 

  .4385388 .840 .375 

  .4395720 .840 .370 

  .4423478 .835 .370 

  .4453153 .835 .365 

  .4465568 .830 .365 

  .4473835 .825 .365 

  .4484822 .820 .365 

  .4498006 .815 .365 

  .4540248 .815 .360 

  .4590401 .810 .360 

  .4609534 .805 .360 

  .4623510 .800 .360 

  .4642890 .795 .360 

  .4661629 .790 .360 

  .4678822 .790 .355 

  .4694243 .785 .355 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .4708144 .785 .350 

  .4724203 .785 .345 

  .4738677 .780 .345 

  .4753292 .780 .340 

  .4783975 .780 .335 

  .4824697 .780 .330 

  .4847408 .780 .325 

  .4854325 .775 .325 

  .4870675 .770 .325 

  .4923056 .765 .325 

  .4968912 .760 .325 

  .4977425 .755 .325 

  .4985847 .750 .325 

  .5001545 .745 .325 

  .5044718 .745 .320 

  .5098828 .740 .320 

  .5142163 .735 .320 

  .5183249 .735 .315 

  .5214964 .730 .315 

  .5231136 .725 .315 

  .5254753 .720 .315 

  .5282634 .720 .310 

  .5300080 .715 .310 

  .5324346 .715 .305 

  .5365820 .715 .300 

  .5440360 .715 .295 

  .5491893 .715 .290 

  .5504205 .710 .290 

  .5515511 .705 .290 

  .5523382 .700 .290 

  .5556433 .700 .285 

  .5590981 .695 .285 

  .5603967 .690 .285 

  .5636813 .685 .285 

  .5662153 .680 .285 

  .5697153 .680 .280 

  .5734169 .680 .275 

  .5753569 .680 .270 

  .5799522 .680 .265 

  .5840178 .675 .265 

  .5861207 .670 .265 

  .5894907 .670 .260 

  .5924826 .665 .260 

  .5939854 .660 .260 

  .5957232 .660 .255 

  .5971181 .655 .255 

  .5978174 .650 .255 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .5986755 .645 .255 

  .6003238 .640 .255 

  .6127597 .635 .255 

  .6249466 .630 .255 

  .6272515 .630 .250 

  .6327450 .630 .245 

  .6377155 .625 .245 

  .6399745 .620 .245 

  .6416987 .620 .240 

  .6439425 .615 .240 

  .6478636 .610 .240 

  .6502396 .605 .240 

  .6527412 .605 .235 

  .6563281 .600 .235 

  .6739800 .595 .235 

  .6922012 .595 .230 

  .6944909 .590 .230 

  .7000979 .585 .230 

  .7054126 .585 .225 

  .7056749 .585 .220 

  .7057907 .585 .215 

  .7084417 .580 .215 

  .7144228 .575 .215 

  .7194403 .575 .210 

  .7273737 .575 .205 

  .7355568 .575 .200 

  .7383297 .575 .195 

  .7413274 .570 .195 

  .7443621 .565 .195 

  .7497323 .565 .190 

  .7550888 .560 .190 

  .7587209 .555 .190 

  .7629398 .550 .190 

  .7743470 .545 .190 

  .7842977 .540 .190 

  .7912814 .535 .190 

  .8009653 .530 .190 

  .8060464 .525 .190 

  .8089134 .520 .190 

  .8100714 .515 .190 

  .8113394 .510 .190 

  .8139661 .505 .190 

  .8226055 .500 .190 

  .8309206 .495 .190 

  .8361626 .490 .190 

  .8449874 .485 .190 

  .8532836 .485 .185 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  .8564008 .485 .180 

  .8577097 .485 .175 

  .8629865 .485 .170 

  .8697106 .480 .170 

  .8777789 .475 .170 

  .8835347 .470 .170 

  .8897225 .470 .165 

  .8976911 .465 .165 

  .9036019 .460 .165 

  .9090213 .455 .165 

  .9274011 .455 .160 

  .9441854 .450 .160 

  .9443268 .445 .160 

  .9515510 .445 .155 

  .9602592 .445 .150 

  .9619612 .445 .145 

  .9678284 .445 .140 

  .9739566 .445 .135 

  .9782244 .440 .135 

  .9912413 .435 .135 

  1.0049658 .435 .130 

  1.0136163 .430 .130 

  1.0198242 .430 .125 

  1.0231472 .430 .120 

  1.0326425 .430 .115 

  1.0422557 .425 .115 

  1.0477780 .425 .105 

  1.0533639 .420 .105 

  1.0565391 .420 .100 

  1.0605478 .420 .095 

  1.0638181 .415 .095 

  1.0648715 .410 .095 

  1.0649138 .405 .095 

  1.0685186 .405 .090 

  1.0787738 .405 .085 

  1.1024591 .400 .085 

  1.1304636 .400 .080 

  1.1416943 .395 .080 

  1.1446184 .395 .075 

  1.1513419 .395 .070 

  1.1577486 .390 .070 

  1.1701833 .390 .065 

  1.1817112 .385 .065 

  1.1890048 .385 .060 

  1.2028965 .380 .060 

  1.2111759 .375 .060 

  1.2124173 .375 .055 



Credit Risk Modeling in Libya 

–349– 

 

Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  1.2149044 .370 .055 

  1.2227925 .365 .055 

  1.2296930 .360 .055 

  1.2329598 .360 .050 

  1.2438218 .355 .050 

  1.2522000 .350 .050 

  1.2537420 .345 .050 

  1.2560919 .340 .050 

  1.2572479 .340 .045 

  1.2599555 .330 .045 

  1.2631153 .325 .045 

  1.2666731 .320 .045 

  1.2827282 .315 .045 

  1.3017668 .310 .045 

  1.3104650 .305 .045 

  1.3228434 .300 .045 

  1.3358417 .295 .045 

  1.3408303 .290 .045 

  1.3482494 .285 .045 

  1.3545892 .280 .045 

  1.3554546 .280 .040 

  1.3661369 .280 .035 

  1.3817142 .275 .035 

  1.3878978 .270 .035 

  1.3932278 .265 .035 

  1.3992714 .260 .035 

  1.4050151 .255 .035 

  1.4093479 .250 .035 

  1.4201643 .245 .035 

  1.4351752 .240 .035 

  1.4423701 .235 .035 

  1.4519207 .230 .035 

  1.4765610 .225 .035 

  1.5010113 .220 .035 

  1.5078119 .215 .035 

  1.5113049 .210 .035 

  1.5147323 .205 .035 

  1.5310357 .185 .035 

  1.5543560 .180 .035 

  1.5649941 .175 .035 

  1.5826051 .170 .035 

  1.6068295 .165 .035 

  1.6187319 .165 .030 

  1.6434779 .160 .030 

  1.6675401 .160 .025 

  1.6830623 .155 .025 

  1.6978440 .150 .025 
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Test Result Variable(s) Positive if 

Greater Than 

or Equal To(a) 

Sensitivity 1 - 

Specificity 

  1.6997066 .150 .020 

  1.7035112 .145 .020 

  1.7154078 .140 .020 

  1.7336301 .135 .020 

  1.7673609 .135 .015 

  1.7960668 .130 .015 

  1.8182373 .125 .015 

  1.8428122 .120 .015 

  1.8507784 .115 .015 

  1.8599295 .110 .015 

  1.8676571 .110 .010 

  1.8743945 .105 .010 

  1.9090549 .100 .010 

  1.9486470 .095 .010 

  2.0058467 .090 .010 

  2.0533284 .085 .010 

  2.0664396 .080 .010 

  2.0897768 .075 .010 

  2.1560102 .070 .010 

  2.2149797 .065 .010 

  2.2221074 .055 .010 

  2.2509015 .050 .010 

  2.2827963 .045 .010 

  2.3036506 .040 .010 

  2.3315974 .035 .010 

  2.3973553 .030 .010 

  2.4985565 .025 .010 

  2.5815666 .020 .010 

  2.7356795 .015 .010 

  2.8932600 .015 .005 

  3.1140740 .015 .000 

  3.3462670 .010 .000 

  3.7604273 .005 .000 

  5.1252238 .000 .000 

The test result variable(s): HAZ_1 has at least one tie between the positive actual state group and the negative 

actual state group. 

a  The smallest cutoff value is the minimum observed test value minus 1, and the largest cutoff value is the 

maximum observed test value plus 1. All the other cutoff values are the averages of two consecutive ordered 

observed test values. 

 

 

 

 


