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Preface 

Credit risk evaluation is one of the most important topics in the field of fi-
nancial risk management. Due to recent financial crises and regulatory 
concern of Basel II, credit risk analysis and assessment have been a major 
focus of financial and banking industry. Especially for many credit-
granting institutions such as commercial banks and credit companies, the 
ability to discriminate good customers from bad ones is crucial to success 
of their business. The need for reliable quantitative models that predict de-
faults accurately is imperative so that the interested parties can take either 
preventive or corrective actions. Hence, credit risk modeling and analysis 
become very important for sustainability and profit of enterprises. Fur-
thermore, an accurate prediction of credit risk could be transformed into a 
more efficient use of economic capital in business. Therefore, credit risk 
modeling and analysis have become an important issue in both academic 
and industrial communities. 

In this monograph, the authors try to integrate recent emerging support 
vector machines (SVM) and other computational intelligence techniques 
that replicate the principles of bio-inspired information processing for 
credit risk modeling and analysis. Selecting SVM for credit risk modeling 
analysis is due to its unique features and powerful pattern recognition ca-
pability of SVM. Unlike most of the traditional statistical models, SVM is 
a class of data-driven, self-adaptive, and nonlinear methods that do not re-
quire specific assumptions (e.g., normal distribution in statistics) on the 
underlying data generating process. This feature is particularly appealing 
for practical business situations where data are abundant or easily avail-
able, even though the theoretical model or the underlying relationship is 
unknown. Secondly, SVM performs a nonlinear mapping from an original 
input space into a high dimensional feature space, in which it can construct 
a linear discriminant function to replace the nonlinear function in the 
original low dimensional input space. This characteristic also solves the 
dimension disaster problem because its computational complexity is not 
dependent on the sample dimension. Thirdly, SVM implements structural 
risk minimization strategy instead of empirical risk minimization strategy 
in artificial neural networks (ANN) to separate hyperplanes by using mar-
gin maximization principle, therefore possessing good generalization abil-
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ity. This feature directly helps SVM escape local minima, which are often 
occurred in the training of ANNs. Furthermore, SVM has been success-
fully applied to a wide range of practical problems in almost all areas of 
business, industry and science. In some sense, SVM has some distinct ad-
vantages in comparison with the traditional statistical techniques and ANN 
models when analyzing credit risk. 

The main purpose of this monograph is to develop some new models 
and techniques to evaluate credit risk and meantime to report some recent 
progress in credit risk modeling via SVM and other computational intelli-
gence techniques, as well as to present a comprehensive survey of the past 
researches in the area of credit risk modeling for academic researchers and 
business practitioners. Therefore, some most important advancements in 
the field of credit risk modeling with SVM are presented. The book con-
tains 4 parts with a total of 11 chapters which are briefly described below. 

Part I presents an analytical survey on computational intelligence in 
credit risk modeling and analysis. Particularly, this survey discusses the 
factors of affecting credit risk classification capability with SVM. Through 
a literature review and analysis, some important implications and future re-
search directions are pointed out. According to the results and implications 
of this survey, the sequel chapters will discuss these new research direc-
tions and provide the corresponding solutions. 

In terms of non-optimal parameter selection problem in SVM learning 
algorithm shown in the existing studies, Part II mainly develops two uni-
tary SVM models with optimal parameter selection to evaluate credit risk. 
In the first unitary SVM model presented in Chapter 2, a design of experi-
ment (DOE) method is used to determine the optimal parameters of the 
SVM model and simultaneously a nearest point algorithm (NPA) is used to 
obtain quickly the solutions of the SVM model with optimal parameters. In 
the second unitary SVM model given in Chapter 3, its parameters are de-
termined by a direct search (DS) algorithm. Meantime, some other pa-
rameter selection methods, such as genetic algorithm (GA), grid search 
(GS) algorithm, and design of experiment (DOE), are also conducted to 
compare the performance of different parameter selection methods when 
the proposed unitary SVM models with optimal parameter are applied to 
credit risk evaluation and analysis. 

In accordance with the previous analysis in the survey, the hybrid and 
ensemble models usually achieve better classification performance than 
the unitary SVM models. For this purpose, Part III and Part IV present four 
hybrid models and four ensemble models, respectively. 

In the first hybrid model of Part III, rough set theory (RST) and SVM 
are hybridized into a synergetic model for credit risk classification and 
analysis. Different from the existing hybrid approach integrating RST and 
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SVM, SVM is used for feature selection and then RST is used to generate 
classification rules for credit risk evaluation in the proposed hybrid model. 
In terms of computational complexity problem of SVM, the second hybrid 
model incorporates fuzzy set theory (FST) and least squares SVM 
(LSSVM) to create a least squares fuzzy SVM (LS-FSVM) for credit risk 
assessment. Subsequently, a bilateral-weighted fuzzy SVM (FSVM) model 
hybridizing SVM and FST is proposed for credit risk assessment in the 
third hybrid model. In the new fuzzy SVM model, we treat every sample 
as both positive and negative classes, but with different memberships, 
which is generated by fuzzy set theory. This model is applied to three typi-
cal credit datasets and obtains good classification performance. Finally, an 
evolving LSSVM model based on genetic algorithm (GA) is proposed for 
credit risk analysis and evaluation. This model consists of two main evolu-
tions: input feature evolution and parameter evolution. On one hand, a 
standard GA is first used to search the possible combination of input fea-
tures. The input features selected with GA are used to train LSSVM. On 
the other hand, another GA is used to optimize parameter of LSSVM using 
the feature evolved LSSVM. For the purpose of verification, three differ-
ent credit datasets are used and accordingly satisfied classification results 
are reported. 

In the four ensemble models of Part IV, the first model presents a multi-
stage ensemble framework to formulate an SVM ensemble learning ap-
proach for credit risk evaluation. The second ensemble model introduces a 
metalearning strategy to construct a SVM-based metamodeling ensemble 
method. In a sense, the proposed SVM ensemble model is actually an 
SVM metamodel. In the third ensemble model, an evolutionary program-
ming (EP) based knowledge ensemble model is proposed for credit risk 
evaluation and analysis. In the last chapter of Part IV, a novel intelligent-
agent-based multicriteria fuzzy GDM model is proposed as a multicriteria 
decision-making (MCDM) tool to support credit risk assessment. Different 
from the commonly used “one-member-one-vote” or the “majority-voting-
rule” ensemble models, the novel fuzzy GDM model first uses several in-
telligent agents to evaluate the customers over a number of criteria, then 
the evaluation results are fuzzified into some fuzzy judgments, and finally 
these fuzzy judgments are aggregated and defuzzified into a group consen-
sus as a final group decision measurement. 

We would like to thank many colleagues and friends for their help and 
support in preparing this monograph. First, we thank Professor Y. Na-
kamori of Japan Advanced Institute of Science and Technology, Professor 
Yongqiao Wang of Zhejiang University of Commerce and Professor Wei 
Huang of Huazhong University of Science and Technology for their con-
tributions to the studies in this monograph. Three chapters are based on the 
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Finally, we would like to thank the National Natural Science Foundation 
of China (NSFC), the Knowledge Innovation Program of Chinese Acad-
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1 Credit Risk Analysis with Computational 
Intelligence: A Review 

1.1 Introduction 

Credit risk analysis has attracted much attention from financial institutions 
due to the recent financial crises and regulatory concerns of Basel II (Yu et 
al., 2008). Furthermore, business competition for obtaining more market 
share and profit become more and more aggressive in recent years, some 
institutions take more risks to achieve competitive advantage in the mar-
ket. Consequently, many financial institutions suffered a great loss from a 
steady increase of defaults and bad loans from their counterparties. In 
USA, the general credit cards issuers charged off 27.19 billion in debt as a 
loss in 1997 and this figure had reached $31.91 billion in 2006 (HSN Con-
sultants Inc., 2007). However, more and more adult population use credit 
products, such as mortgages, car loan, and credit card, etc., from banks or 
other financial institutions. For the financial institutions, they can not re-
fuse such a large credit market to averse the credit risk. Therefore, an ef-
fective credit risk analysis model has been a crucial factor because an ef-
fective credit risk analysis technique would be transformed into significant 
future savings. 

Generally, the procedures for customer credit risk analysis can be sim-
ply viewed as two stages. First, when applicants apply for credit, the lend-
ers must make a decision whether or not to grant the credit and how much 
to grant. The traditional method of making such decisions is based on ex-
perience of previous decision. However, with the increase of the number of 
applicants and the intense competition in credit industry, this traditional 
method can not meet the demands of both economic and efficiency aspect 
for financial institutions. At present, credit scoring is a widely used tech-
nique that helps the lenders to make such credit granting decisions. Its 
main idea is to evaluate the probability that how likely the applicant will 
default according to the characters recorded in the application form with a 
quantitative model based on information of the past applicants, and the ac-
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cept and reject decision is taken by comparing the estimated default prob-
ability with a proper threshold. In the second stage, the lenders need make 
the decisions how to deal with the existing customers. When and how to 
increase and reduce the customers’ credit? If the customer starts to fall be-
hind in his repayments, when and what actions should be taken? How the 
customer should be treated with regard to promotional/market decisions? 
Techniques that help with these decisions are called as behavior scoring. 
The principle of this approach is exactly the same as credit scoring but us-
ing more information which describes the customer’s performance during 
some previous observation periods. 

The information collection for building credit scoring model can be ob-
tained through questions in application form, e.g. the length of time at cur-
rent address or with current employer, present salary, number of depend-
ents, other loan commitments, and occupation, etc. While the behavior 
scoring typically utilizes information that is stored in the history data set 
about the customers’ historical performance. Such as account activity, ac-
count balance, frequency about past due, age of account, etc. However, in 
this book, we only focus on some topics of credit scoring or credit risk 
evaluation. 

Compared with the traditional subjective judgmental methods, credit 
risk management using scoring models has the following several advan-
tages. First, it greatly improves efficiencies and time-saving in the credit 
approval process, and thus helping the lender increase profit and decrease 
loss by only giving credit to the more creditworthy applicants and denying 
the application from the delinquent applicants. Second, it can reduce sub-
jectivity in the credit approval process and thus eliminating human biases 
or prejudices. Third, score models approving the credit decision take into 
account more factors than the human subjective judgmental methods 
(Mays, 2004). Fourth, few people are needed to interfere credit granting 
and the more experienced people can concentrate on difficult cases. More-
over, credit management is easy to be controlled over the system because 
changes in policy can easily be incorporated into the software system. In 
addition, the efficiency of the scoring system can be monitored, tracked, 
and adjusted at any time. 

Due to the importance and practical significance of credit risk evalua-
tion, a great number of quantitative techniques have been used for credit 
risk evaluation and analysis. The main purpose of this chapter is to investi-
gate the application of computational intelligence techniques in credit risk 
modeling and the main factors affecting the performance of credit risk 
modeling. Therefore this chapter will collect some existing studies and 
make a deep investigation in order to find some important research direc-
tions on credit risk modeling and analysis. 
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The remainder of this chapter is organized as follows. In next section, 
we explain how literatures were selected. Section 1.3 examines and ana-
lyzes 32 articles in detail and investigates their quantitative methods and 
classification accuracy. In addition, the performance of 12 articles using 
support vector machines will be reported in detail. The main factors that 
affect the performance of the SVM will be explored in this section. Subse-
quently, some implications and future research directions are pointed out 
in Section 1.4. Finally, Section 1.5 concludes the chapter. 

1.2 Literature Collection 

Since we are interested in application of computational intelligence tech-
niques in credit risk analysis and investigating the main factors that affect 
the performance of SVMs in credit risk analysis, the criteria of literature 
selection for this survey is that they should have detail descriptions of the 
models and experiments on real credit datasets. The literature collection 
process was carried out in two steps. First, eleven databases (Science Di-
rect, JSTOR, ProQuest Database, Business Source Complete Research  
Databases, IngentaConnect, SpringerLink, Blackwell Synergy, IEEE 
Xplore,  Science Citation Index, Social Science Citation Index, Wiley In-
terScience) are searched with the keywords “credit scoring  OR credit risk 
evaluation (assessment/analysis)”  in title or abstract for the academic jour-
nals or proceeding paper collections within the period 1970-2007.  All the 
retrieved records will be organized together and the duplicates are re-
moved. Finally we get about 600 records that answer to the keywords for 
the selected period.  Among these 600 records, there are 35 records re-
trieved by quadratic searching with keywords “support vector machines or 
SVM” in title or abstract. 

Second, some books about credit risk modeling were conducted on two 
largest online book websites: Amazon (http://www.amazon.com) and 
Google book search (http://books.google.com). Although credit scoring 
techniques has been developed and widely adopted since the early 1960s, 
the books or monographs about this topic are relatively few. From the re-
trieved records with the keywords “credit scoring”, only the books with 
high relevance to this topic are selected. Typically, there are nine books or 
monographs with high relevancy to credit risk modeling, which are listed 
in Table 1.1. 
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Table 1.1. Books about credit risk modeling and analysis 

Year Descriptions of Book 
1992 (1) Thomas, L. C. ed. “Credit Scoring and Credit Control”. It is based on 

papers from proceedings of a conference on credit scoring and credit con-
trol held at the University of Edinburg in August 1989. It mainly discussed 
the application of statistical techniques in credit scoring and problems 
about credit scoring system development. 
(2) Lewis, E. “An Introduction to Credit Scoring”. It provides a good gen-
eral introduction to the issues about building credit scoring models. 

1998 (3) Mays, E. ed. “Credit Risk Modeling: Design and Application”. It is col-
lection of articles from experts in credit risk management. It includes dif-
ferent topics, such as implementing an application scoring system, how to 
evaluate and monitor your credit model, etc.  

2001 (4) Mays, E. ed. “Handbook of Credit Scoring”. It’s the updated version of 
her book published in 1998. It provides a comprehensive guidance to 
model design, validation, implementation and monitoring process. 

2002 (5) Thomas, L. C., Edelman, D. B. and Crook J. N. “Credit Scoring and its 
Applications”. It comprehensively discusses the theoretical and practical 
issues of the development of credit-scoring system. 

2003 (6) Thomas, L. C., Edelman, D. B. and Crook, J. N., ed. “Readings in 
Credit Scoring”. It is a collection of papers from different topics about 
credit scoring, such as objectives and measures, alternative approaches to 
scoring system, etc.  

2004 (7) Mays, E. ed. “Credit Scoring for Risk Managers: The Handbook for 
Lenders”. It is collection of articles from experts in risk management divi-
sion of financial institutions such as Citigroup, Equifax. The topics include 
model development and validation, etc. 

2005 (8) Siddiqi, N. “Credit Risk Scorecards Developing and Implementing In-
telligent Credit Scoring”.  It mainly discusses the process of in-house 
scorecards development by financial institutions.  

2007 (9) Anderson, R. “The Credit Scoring Toolkit: Theory and Practice for Re-
tail Credit Risk Management and Decision Automation”. It provides a very 
comprehensive review of credit scoring and automation of credit decision 
process. It discusses almost all possible aspects related to credit scoring 
from modeling development to model application and environment.  

 
In the above books, the credit risk modeling mainly focuses on statisti-

cal-based methods. Although some of them have discussed some data min-
ing techniques, none of them cover the support vector machines methods. 
In addition, almost all mentioned methods for credit risk models appeared 
in above books can be found more detail in journal articles. For this rea-
son, these books are excluded from our investigation. Interested readers 
can refer to this book for some details. 
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Thus, this chapter only investigates the journal or conference articles. 
By retrieval and preprocessing, 233 articles which are related to credit risk 
modeling are selected. The distribution of the articles by year is shown in 
Fig. 1.1. The number of articles published on this topic per year before 
2000 is less than 5.  Since year 2000, the published papers are steadily in-
creasing. The possible reason leading to the increasing attention is the 
rapid development of some new data mining techniques especially for 
computational intelligence techniques and the availability of more open 
credit datasets. In addition, more and more credit products and credit mar-
kets also contributed to the increase of related papers 

Fig. 1.1. Distribution of articles by year 

Using these collected papers, we can make a deep literature investiga-
tion and analysis to find some valuable information on credit risk modeling 
and analysis for future research. 

1.3 Literature Investigation and Analysis 

In this section, we first define what credit risk evaluation problem is and 
then present the short introduction for some typical credit risk models and 
techniques. 
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1.3.1 What is Credit Risk Evaluation Problem? 

Let X ( )Tmxxx ,,, 21 L=  be a set of m random variables that describe the in-
formation from a customer’s application form and credit reference bureau. 
The actual value of the variables for a particular applicant k is denoted 
by ( )Tmkkkk xxxX ,,, 21 L= . All samples denoted by S ={(Xk, yk)}, k = 1, 
2, …, N, where N is the number of samples, Xk is the attribute vector of the 
kth customer, and ky  is its corresponding observed result of timely re-

payment. If the customer is good, 1=ky , else 1−=ky . The credit risk 
evaluation problem is to make a classification of good or bad for a certain 
customer using the attribute characteristics of a certain customer. That is, 
using attribute vector Xk, one can judge the credit status of a specified cus-
tomer. In order to attempt to make a more accurate judgment, a lot of 
quantitative techniques have been used to develop credit risk evaluation 
models. In the next subsection, some typical credit risk modeling tech-
niques are briefly described. 

1.3.2 Typical Techniques for Credit Risk Analysis 

In the above collected papers, a great number of models and techniques are 
utilized. After analysis, these techniques can be roughly categorized into 
the following five groups. 

(1) Statistical models: linear discriminant analysis, logistic regression, 
probit regression, k-nearest neighbour, classification tree, etc. 

(2) Mathematical programming methods: linear programming, quadratic 
programming, integer programming, etc. 

(3) Artificial intelligence techniques: artificial neural networks, support 
vector machines, genetic algorithm and genetic programming, rough set, 
etc. 

(4) Hybrid approaches: artificial neural network and fuzzy system, 
rough set and artificial neural network, fuzzy system and support vector 
machines etc. 

(5) Ensemble or combined methods: neural network ensemble, support 
vector machine ensemble, hybrid ensemble etc. 

For the above methodologies, we will present a brief introduction to 
some typical models and techniques and simultaneously make a short 
analysis. Based on the analysis, some valuable research directions on 
credit risk evaluation are pointed out in the next section. 
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1.3.2.1 Regression Techniques 

The most commonly used regression techniques include linear regression, 
logistic regression and probit regression. The simple linear regression (LR) 
model for estimating the probability of non-default which is related to the 
applicants’ characteristics can be defined as follows: 

XWxwxwxwp T
mm =+++= L2211  (1.1)

The obvious flaw of this model is that the right side of the equation 
could take any value from ∞−  to ∞+  but the left side can only take val-
ues between 0 and 1. Substituting the left side with a function ( )pp −1log  
can remove such a flaw, but this leads to another regression model, i.e., the 
logistic regression (LOG) model, which is described as follows: 

( ) XWxwxwxwpp T
mm =+++=− L22111log  (1.2)

From (1.2), the estimated probability of nondefault is as follows: 

XW

XW

T

T

e

e
p

+
=

1
 (1.3) 

Wiginton (1980) was one of the first to report credit scoring results with 
logistic regression model. Although the result was not very impressive, the 
model is simple and has become the main approach in the practical credit 
scoring application. 

Another commonly used regression model is probit regression model. If 

∫ −=
x t dtexN

0
22

2
1

)(
π

is the cumulative normal distribution function, then 

the probit regression (PR) model can be defined by: 

XWxwxwxwpN T
mm =+++= L2211)(  (1.4)

For the above three methods, we can say someone is good if its prob-
ability is beyond a certain threshold level. 

1.3.2.2 Discriminant Analysis 

Suppose set A is the population which has a set of all possible values of the 

applicants’ characteristics variables X ( )Tmxxx ,,, 21 L= . In credit risk 
evaluation problem, set A can be divided into two subsets AG and AB. The 
members in AG are “good” customers who will not default during the ob-
servation period, while those in AB are “bad” customers who will default. 
Let PG be the proportion of applicants who are good in the population. Let 
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PB be the proportion of applicants who are bad in the population. Let x be 
the characteristics vector of a particular applicant to be decide whether he 
or she is in AG or AB. When making such a decision, one may classify 
someone who is good as a bad and hence reject the person. In that case 
some potential profit from that applicant is lost. Let CG be the cost of mis-
classifying such a good member. On the other hand, a bad applicant may 
be classified as a good. In this case a debt will be incurred when the cus-
tomer defaults on the loan finally. Let CB be the cost of misclassifying a 
member of AB. Assume the conditional density functions of the good ap-
plicants and bad applicants that have attributes X are )(XfG  and )(Xfb , 

both functions follow multivariate normal distribution with mean Gµ  and 

Bµ  respectively and have the same mm×  covariance matrix Σ. So, the 
corresponding density function in this case is as 1.5. (Rosenberg and Gleit, 
1994; Thomas et al., 2002) 

( ) ( ) ( ) ( )
⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛ ⋅Σ⋅−
Σ=

−
−−

2
expdet2)(

1

2

1

2
G

T
G

m

G

XX
Xf

µµ
π  (1.5)

In practice, the mean Gµ  and Bµ  and covariance of the distribution are 

unknown. However, we can estimate the Gµ  by GX  which is the mean of 

a sample known to belong to AG and Bµ  by BX  and Σ by sample covari-
ance matrix. Then the sample-based decision rule can be represented by 
(Rosenberg and Gleit, 1994) 

( ) ⎟⎟
⎠
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pC

pC
XXS

XX
X ln

2
1  (1.6)

If X satisfies the above condition, then one can assign X to AG, otherwise 
assign X to AB. 

Since the above rule is linear, the approach is called as linear discrimi-
nant analysis (LDA). Rosenberg and Gleit (1994) provided a good survey 
about the discriminant analysis (DA) for credit risk evaluation problem 
and discussed the problems in applying discriminant analysis to credit risk 
evaluation, such as group definition, population priors and measuring the 
effectiveness of discriminant analysis, and so on.  

1.3.2.3 K-Nearest Neighbor 

The k-nearest-neighbor (KNN) method is a standard nonparametric ap-
proach which classifies a data instance by considering only the k-most 
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similar data instances in the training set. There are three parameters needed 
to be chosen for running the approach. They are the metric which is crucial 
to define the distance between two points in higher dimension space, how 
many applicants k constitute the set of nearest neighbors, and what propor-
tion of these should be good for applicant to be classified as good (Baesen 
et al., 2003; Thomas et al., 2002). 

The nearest-neighbor was firstly applied to credit risk evaluation by 
Chatterjee and Barcun (1970) who classified an observation to that group 
with which it has most in common. Henley and Hand (1997) discussed the 
construction of a credit scoring system using k-nearest-neighbor methods 
and also made an experimental comparison with some other discriminant 
techniques. They proposed using an adjusted version of Euclidean distance 
metrics that were the mixture of Euclidean distance and the distance in the 
direction that best separated the goods and the bads. The metric they sug-
gested is denoted as 

( ) ( )( ){ }2

1

212121 ),( XXWDWEXXXXd TT −⋅+−=  (1.7)

where E is the identity matrix, W is the m-dimensional vector defining that 
direction which can be obtained from Fisher’s linear discriminant function, 
D is a constant. 

1.3.2.4 Decision Trees 

A decision tree (DT) consists of nodes and edge. All nodes can be catego-
rized into three types: root node that has no ingoing edge, internal nodes 
which have outgoing edges, and leaf nodes that have no outgoing edges. 
Root node defines the first split rule for the whole training samples set. 
Each internal node split the instance spaces into two or more sub-spaces 
according to a discrete function of the input attributes variables. Each dis-
crete function defines a split rule for each internal node. Each leaf node is 
assigned to the class that has the most appropriate target value. The deci-
sion tree is constructed automatically by a certain training algorithm ap-
plied on a given training dataset. Varieties of algorithms, such as ID3 
(Quinlan, 1986), C4.5 (Quinlan, 1993), and Cart (Breiman et al., 1984), 
have been suggested for making such a decision and developing more 
powerful classification tree.  

Some new developed methods, such as recent hybrid methods proposed 
by Huang et al. (2006, 2007), always take decision tree as a standard 
method for benchmarking of credit risk evaluation models. In addition, de-
cision tree can be used as a rule extraction tool for interpreting some com-
plex black-box models, such as artificial neural networks (ANN). For ex-
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ample, Baesens et al. (2003) and Mues et al. (2006) used decision tree to 
visualize the credit evaluation knowledge mined by neural network from 
credit dataset. 

1.3.2.5 Mathematical Programming 

In credit risk modeling, linear programming, quadratic programming, and 
integer programming are widely used. Mangasarian (1965) was the first to 
recognize that linear programming could be used in classification problems 
where there are two groups that can be linearly separated. In 1981, Freed 
and Glover (1981) found that linear programming could also be used to the 
cases that the two groups can not be linearly separated. Grinold (1972) ex-
amined eight mathematical programming models of pattern classification 
and also discussed the range of applicability and computational merits of 
each model. For credit scoring problem, we would like to choose weights 

( )mwwwW ,,, 21 L=  so that the weighted sum of the answers 

mm xwxwxw +++ L2211  is above a pre-specified cutoff value C for the 
good applicants and below the cutoff value for the bad ones. For example, 
one simple linear programming model for credit risk evaluation problem 
(Baesen et al., 2003; Thomas et al., 2002) can be formulated as 
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 (1.8) 

where the nonnegative slack variable iξ  denotes the possible deviations 

from the threshold C for classifying the sample iX  into the good or the 
bad. Hardy Jr and Adrian Jr (1985) presented an example to show how lin-
ear programming can be used to construct a credit scoring model. In 2002, 
Vladimir et al. (2002) constructed a quadratic programming model which 
incorporates experts’ judgments for credit risk evaluation. 

Mathematical programming techniques have good flexibility because it 
can easily formulate different objectives and constraints. For example, in-
stead of using the objective minimizing the sum of absolute errors as 
shown in (1.8), a mathematical programming model can use a more practi-
cal objective, such as minimizing the number of misclassification, or 
minimizing the total cost of misclassification.  
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1.3.2.6 Neural Networks 

Neural networks (NN) approach is an interconnected assembly of simple 
processing elements, i.e. nodes, whose functionality is loosely based on the 
animal neuron. The processing ability of the neural network is stored in the 
inter-unit connection strength, or weights, obtained by a process of adapta-
tion to, or learning from, a set of training patterns (Gurney 1997). Neural 
networks are a class of powerful data modeling tools and have been widely 
used in practical problems such as classification, evaluation, and forecast-
ing problems. Some studies have applied neural networks to solve credit 
risk evaluation problems. One popular neural network for classification is 
the multilayer perceptron (MLP), which is typically composed of an input 
layer, one or more hidden layers and an output layer, each consisting of 
several neurons. An illustrative structure of MLP with one hidden layer is 
shown in Fig. 1.2. 

Fig. 1.2. Structure of one typical multilayer perceptron 

In credit risk evaluation problem, Jensen (1992) applies a standard back-
propagation neural network (BPNN) for credit scoring. Desai et al. (1996) 
compared the classification accuracy of two neural networks model, multi-
layer perceptrons (MLP) and modular neural networks (MNN) with some 
traditional techniques, such as linear discriminant analysis and logistic re-
gression for credit risk assessments in the credit union environment. The 
results indicated that customized neural network offered a very promising 
avenue if the measure of performance is percentage of bad loans correctly 
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classified. However, if the measure of performance is the overall classifi-
cation accuracy, the linear discriminant analysis and logistic regression 
models are almost as good as the neural networks approach. West (2000) 
investigates the credit evaluation accuracy of five neural networks models: 
multilayer perceptron (MLP), mixture of experts (MOE), radial basis func-
tion (RBF), learning vector quantization (LVQ), and fuzzy adaptive reso-
nance (FAR). These five models are tested on two real world data sets par-
titioned into training and independent testing sets using 10-fold cross 
validation. In terms of the results, the difference of performance among 
these five neural networks model is marginal. However, the author sug-
gested that although the multilayer perceptron is the most commonly used 
neural network model, the mixture of experts and radial basis function 
neural networks should be considered for credit evaluation applications. 

However, other studies reported different conclusions. For example, 
Yobas et al. (2000) made a comparison of the predictive ability of linear 
discriminant analysis, neural networks, genetic algorithms and decision 
trees in the classification of credit card applicants. The outcome from neu-
ral network was found to be marginally less successful than LDA in classi-
fying the bads and considerably less successful at predicting the goods. 

Although neural network are increasingly found to be powerful in many 
classification application, the performance is actually dependent on net-
work model itself, especially on initial condition, network topologies and 
training algorithms, which may be one reason why the results of neural 
network for credit risk evaluation varies when compared some traditional 
methods. To find the optimal neural net model is still a challenging issue. 

1.3.2.7 Support Vector Machines 

The support vector machines (SVM) approach is first proposed by Vapnik 
(1995). Its main idea is to minimize the upper bound of the generalization 
error. Usually it maps the input vectors into a high-dimensional feature 
space through some nonlinear mapping. In this space, an optimal separat-
ing hyperplane which is one that separates the data with the maximal mar-
gin is constructed by solving a constrained quadratic optimization problem 
whose solution has an expansion in terms of a subset of training patterns 
that lie closest to the boundary. Fig. 1.3 shows such a hyperplane that 
separate two classes with the maximal margin. Note that the support vec-
tors are circled in the figure. Many experiments has demonstrated that 
SVM is a powerful method for classification since it has outperformed 
most other methods in a wide variety of applications, such as text categori-
zation and face or fingerprint identification.  
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Fig. 1.3. Separating hyperplane for two separable classes with maximal margin 

Recently, some researchers have introduced SVM to credit risk evalua-
tion problem. Van Gestel et al. (2003) used least squares SVM (LS-SVM) 
for credit rating of banks and reported the experimental results compared 
with ordinary least squares (OLS), ordinary logistic regression (OLR) and 
the multilayer perceptron (MLP). The result shows the LS-SVM classifier 
accuracy is better than other three methods. Schebesch and Stecking 
(2005a) used an standard SVM proposed by Vapnik (1995) with linear and 
RBF kernel for applicant credit scoring and used linear-kernel-based SVM 
to divide a set of labeled credit applicants into subsets of ‘typical’ and 
‘critical’ patterns which can be used for rejected applicants. Baesens et al. 
(2003) discussed the benchmarking study of 17 different classification 
techniques on eight different real-life credit data sets. They used SVM and 
LS-SVM with linear and RBF kernels and adopt a grid search mechanism 
to tune the hyperparameters in their study. The experimental results indi-
cated that six different methods are the best in terms of classification accu-
racy among the eight data sets − linear regression, logistic regression, lin-
ear programming, classification tree, neural networks and support vector 
machines. In addition, the experiments showed that the SVM classifiers 
can yield the overall best performance. 

1.3.2.8 Evolutionary Algorithms 

The evolutionary algorithms (EA) used for credit risk evaluation include 
genetic algorithm (GA) and genetic programming (GP). GA inspired by 
the Darwin’s principle of evolutionary nature selection was first proposed 
by Holland in 1975. It is a procedure for systematically searching through 
a population of potential solutions to a problem so that candidate solutions 
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that come closer to solving the problem have a greater chance of being re-
tained in the candidate solution than others (Thomas et al. 2002). GP was 
proposed by Koza in 1992 to automatically extract intelligible relationship 
in a system. The GP procedure initialized as a tree-based structure, and 
then followed the similar process as GA including defining fitness func-
tion, genetic operators such as crossover, mutation and reproduction and 
the termination criteria. 

In the credit scoring problem, when the goal of the procedure is to mini-
mize the number of misclassification of the observed data, the problem can 
then be transformed into an integer programming problem. Desai et al. 
(1997) incorporated GA technology into the branch-and-bound procedure 
to solve the integer programming problem. The testing results on some 
datasets showed that the GA techniques did not significantly outperform 
the conventional techniques. The possible reason the authors pointed out is 
that the most appropriate variants of GA were not used. Yobas et al. (2000) 
used GA for credit scoring problem in another way. Each chromosome 
consisted of a string of adjacent blocks of adjacent digits (genes). Each 
block related to a particular applicant’s characteristics which can be coded 
with two or three digits. Using a coding strategy, the chromosome thus 
represents a solution in the form of a number of predictions. The mutation 
occurred by changing any of the genes representing a characteristic. The 
reported experiments on some datasets show LDA was superior to GA. 

However, other studies obtained contrary results. For example, Ong et 
al. (2005) used the GP method for credit risk evaluation and made a com-
parison with MLP, CART, C4.5, rough sets, and logistic regression with 
two real-life datasets. The results obtained showed that GP obtained better 
performance in classification accuracy than the other mentioned methods. 
In addition, Huang et al. (2006) proposed a two-stage genetic program-
ming to deal with the credit scoring problem by incorporating the advan-
tage of the IF-THEN rules and the discriminant function. On basis of the 
testing results on two data sets, the proposed method outperformed the 
other models including GP, MLP, CART, C4.5, KNN and LR. When com-
pared with neural networks, the distinguished advantages of GP are that it 
can determine the adequate discriminant function automatically rather than 
assigned the transfer function by decision-makers. Furthermore, it can also 
select the important variable automatically, while neural network need de-
cision-makers’ help in both the pre-processing and post-processing. 

1.3.2.9 Rough Sets 

Rough sets (RS) theory was originally proposed by Pawlak (1982). It is a 
mathematical tool to deal with vagueness or uncertainty as an extension of 
the classical set theory. Rough sets can be considered as sets with fuzzy 
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boundaries – sets that can not be precisely characterized using the avail-
able set of attributes. The main advantage of rough set theory in data 
analysis is that it does not need any preliminary or additional information 
about data – like probability in statistics, or basic probability assignment in 
Dempster-Shafer theory, grade of membership or the value of possibility in 
fuzzy set theory (Pawlak, 2004). One main problem of this method is the 
ability of forecasting. If a newly entered object does not match any rule in 
the model, it cannot be determined which class it belongs to. Recently, 
Daubie et al. (2002) made a comparison between two inductive learning 
methods: rough set and decision tree.  The experimental results showed 
that the decision tree can get higher accuracy than rough set in Type II er-
ror, while rough sets model has less Type I error than decision tree. 

1.3.2.10 Hybrid Methods and Ensemble Methods 

Although almost all single models are used for credit risk evaluation prob-
lems, but a lot of experiments demonstrated that hybridization and ensem-
ble of two or more single models can generated more accurate results. The 
basic idea of hybrid and ensemble methods is “two or more heads are 
smarter than one head”. In addition, hybridization and ensemble of multi-
ple single methods can overcome some limitations of a single method and 
thus generating a more powerful classification/forecasting system. Gener-
ally, fuzzy system and artificial neural network (Malhotra and Malhotra, 
2002; Piramuthu, 1999), rough set and artificial neural network (Ahn et al., 
2000), fuzzy system and support vector machines (Wang et al., 2005), arti-
ficial neural networks and multivariate adaptive regression splines (Lee 
and Chen, 2005) are several typical hybrid methods. Neural network en-
semble (Lai et al., 2006b, 2006d) is a typical ensemble model. In some 
cases, although these hybrid or ensemble methods can improve the per-
formance than the single methods, why their combination achieves good 
performance is also a black-box. Moreover, these hybrid or ensemble 
methods always focused on improvement of classification accuracy, and 
they are always lack of resilience in term of dealing with some new objec-
tives from credit industries. 

1.3.3 Comparisons of Models 

In general, each method has its advantages and disadvantages to build 
credit risk evaluation model. But numerous experiments found that artifi-
cial intelligent (AI) technologies can automatically extract knowledge 
from the dataset and build the model without the users’ deep grasp of the 
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problem, while the statistics and mathematical programming methods need 
to construct the model on the basis of some assumptions and estimate the 
parameters to fit the data. Relative to AI techniques, the statistical models 
and mathematical programming models are relatively simple and easy to 
help the decision maker give an explanation to the rejected applicant. In 
addition, mathematical programming can easily implement different objec-
tives in dealing with practical business problems, so it has good resilience 
in model construction. In many circumstances, AI technologies can per-
form better than traditional methods from the viewpoint of classification 
accuracy, but the complex structure or configuration of the model hold-
backs to achieve optimal results. So it is difficult for someone to determine 
an overall ‘best’ model for all situations. For the convenience of readers’ 
understanding, we roughly compare these methods in terms of four differ-
ent criteria: accuracy, interpretability, simplicity, and flexibility, as shown 
in Table 1.2. Note that neural network, support vector machine and hy-
brid/ensemble models usually obtained the best performance. 

Table 1.2. Comparisons of different credit risk models based on different criteria 

Methods Accuracy Interpretability Simplicity Flexibility 
LDA,LOG, PR 
DT 
KNN 
LP 
NN  
EA 
RS 
SVM 
Hybrid/ensemble 

As can be seen from Table 1.2, it is not difficult to find that each model 
has its own superiority in different aspects on the above four criteria. Al-
though classification accuracy is not the unique criterion for measuring 
performance of model, the growth of the number of customers and the 
large loan portfolios under management is increasing steadily in credit in-
dustries today, so even a fraction of a percent increase in credit evaluation 
accuracy is still significant. In a sense, to develop approaches with higher 
accuracy is the most important for credit risk evaluation models.  

For further explanation, we summarized almost all 32 papers which 
cover almost all above mentioned methods and list their performance in 
Table 1.3. If one model is tested on several different datasets, we will list 
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its minimum accuracy and maximum accuracy. If the same type of model 
has different parameters setting, the one with best performance will be 
chosen to be listed. 

Since all the quantitative models mentioned above are data-driven, the 
performance of the models is very sensitive to the data sets. From all the 
papers that have been investigated in Table 1.3, it can be observed that the 
degree of difficulty of mining the data set is almost similar to all models, 
i.e. a data set is difficult for one model, so is it for other models, at the 
same time, a data set is easy for one model, so is it for other models. For 
example, we choose eight models that have been tested on eight datasets 
from Baesens’ paper (Baesens et al., 2003) to demonstrate the observation, 
as shown in Fig 1.4. 

Fig. 1.4. Performance comparison of different models on different credit datasets 

Although the performance of all the quantitative models is dependent on 
the quality of data set, their capabilities to mine the inherent relationship in 
data set are different. From the investigation on 32 papers in Table 1.3, 
support vector machines always have the best accuracy among the top 
methods. However, except the quality of data set, there are some other fac-
tors that affect the performance of support vector machines, such as model 
type of support vector machines, kernel function, parameters selection, 
classifier function or criteria, etc. For this purpose, we investigated 12 
journal articles that have discussed SVM for building credit scoring mod-
els. The results are shown in Table 1.4. 
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1.4 Implications on Valuable Research Topics 

In the previous section, some commonly used models and techniques are 
briefly reviewed. Particularly, as a classifier with good performance, SVM 
often generates good classification results in credit risk evaluation and 
analysis. But in the process of our investigations and analyses, some im-
plicit information also indicates some interesting research topics.  

First of all, in all studies listed in this survey, authors seldom mention 
parameter optimization problems in SVM learning. However, parameter 
selection in SVM learning has a strong impact on the success of SVM 
modeling in credit risk evaluation. In most of the existing studies, the grid 
search and trial and error methods are often used for parameters selection 
in credit risk evaluation problems. But to our knowledge the grid search is 
a time-consuming approach and thus affecting the computational effi-
ciency of SVM. It is necessary to explore some new parameter optimiza-
tion methods for SVM in order to guarantee the robustness of SVM.  

Second, as earlier noted, hybrid and ensemble approaches usually 
achieve better classification performance than individual models, implying 
that the hybrid and the ensemble methods will also be promising research 
topics for credit risk evaluation with SVM. Wang et al. (2005), Lai et al. 
(2006b, 2006c, 2006d) and Yu et al. (2007a, 2008) have done some inno-
vative work in these research topics. Readers interested in this topic can be 
referred to Wang et al. (2005), Lai et al. (2006b, 2006c, 2006d) and Yu et 
al. (2007a, 2008) for more details. 

Relying on the above implications, this book will extend the credit risk 
research from following three aspects: 

(1) In view of the importance of parameter selection in SVM learning, 
several parameter selection approaches for SVM learning in credit risk 
modeling and analysis are introduced. Based on these parameter selection 
approaches, several unitary SVM models with the best parameters are pro-
posed for credit risk evaluation. 

(2)  In view of the superiority of hybrid models, several innovative hy-
brid methods, such as the hybridization of rough set and support vector 
machines, the hybridization of fuzzy system and support vector machines, 
the hybridization of genetic algorithm and support vector machines, are 
proposed for credit risk evaluation and analysis. 

(3) In view of the advantages of ensemble models, several novel SVM 
ensemble models are proposed for credit risk evaluation problem by com-
bining different unitary SVM models into the ensemble/combined models 
or using some advanced metalearning strategy and evolutionary program-
ming based ensemble strategy.  



24      1 Credit Risk Analysis with Computational Intelligence: A Review 

1.5 Conclusions 

This chapter provides a brief literature review on credit risk analysis with 
computational intelligence. In this chapter, we first described the literature 
collection process, examined 32 articles with details about credit risk mod-
eling and analysis with computational intelligence techniques, and reported 
the analytical results. Particularly, SVM, as one of the robust computa-
tional techniques, is also analyzed in many aspects such as model type of 
support vector machines, kernel function, parameters selection, classifier 
function or criteria. In terms of factor investigation and analysis, some im-
plications of credit risk modeling with SVM are summarized by literature 
analysis and inference. Meanwhile, we also pointed out several future re-
search topics based on the implications for credit risk modeling. 

To summarize, we can have the following conclusions. First of all, un-
der the constraints, SVM can effectively evaluate and analyze credit risk, 
although there are some negative or mixed results reported in some litera-
ture. Second, from the analysis of SVM in credit risk evaluation, we can 
confirm that the performance of credit risk evaluation can be improved by 
optimizing the parameters of SVM. As advancements are made in AI tech-
nology and computer-based systems, there should have new opportunities 
to apply SVM technology for credit risk evaluation. This would encourage 
or motivate academics and practitioners to collaborate in further explora-
tion of the SVM applications. 

It is necessary to be cautious in explaining the results of this survey 
since the main findings are based on literature collected only from journal 
articles and conference papers. The results therefore do not include all ac-
tual business applications. Although some practical credit risk evaluation 
systems may be in use, the sponsoring companies may not wish to divulge 
information on successful applications. Furthermore, we have examined 
only academic journal articles and conference proceedings, books and doc-
toral dissertations are excluded, as we assume that high-quality research is 
eventually published in journals. Also, some related journals might not 
have been included in this survey since they may not have been within the 
scope of our computer searches. 



2 Credit Risk Assessment Using a Nearest-Point-
Algorithm-based SVM with Design of 
Experiment for Parameter Selection 

2.1 Introduction 

Credit risk assessment has become an increasingly important area for fi-
nancial institutions, especially for banks and credit card companies. In the 
history of financial institutions, some biggest failures were related to credit 
risk, such as the 1974 failure of Herstatt Bank (Philippe, 2003). In recent 
years, many financial institutions suffered a great loss from a steady in-
crease of defaults and bad loans from their counterparties. So, for the 
credit-granting institution, the ability to accurately discriminate the good 
counterparties and the bad ones has become crucial. In the credit indus-
tries, the quantitative credit scoring model has been developed for this task 
in many years, whose main idea is to classify the credit applicants to be 
good or bad according to their characters (age, income, job status, etc.) by 
the model built on the massive information on previous applicants’ charac-
ters and their subsequent performance. 

With the expansion of financial institutions’ loan portfolios, the poten-
tial benefits from any improvement of accuracy of credit evaluation prac-
tice are huge. Even a fraction of a percent increase in credit scoring accu-
racy is a significant accomplishment (David, 2000). So far, a great number 
of classification techniques have been used to develop credit risk evalua-
tion models. They are reviewed in the first chapter. Although so many 
techniques were listed above, it is just a part of all for the credit risk as-
sessment model. Some surveys on credit risk modeling gave more details 
about some of these techniques, such as Hand and Henley (1997), Thomas 
(2002), Rosenneberg and Gleit (1994), and Thomas et al. (2005). 

Among the different evaluation methods, the SVM approach first pro-
posed by Vapnik (1995, 1998) achieved much good performance relative 
to other classification techniques. The main idea of SVM is to minimize 
the upper bound of the generalization error rather than empirical error. 
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Usually, SVM maps the input vectors into a high-dimensional feature 
space through some nonlinear mapping function. In the high-dimensional 
space, an optimal separating hyperplane which is one that separates the 
data with a maximal margin is constructed. SVM is a powerful method for 
classification since it has outperformed most other methods in a wide vari-
ety of applications, such as text categorization and face or fingerprint iden-
tification. 

After the invention of SVM, some researchers have introduced SVM to 
credit risk evaluation problems (Van Gestel et al., 2003; Baesens et al., 
2003; Schebesch and Stecking, 2005; Wang et al., 2005; Lai et al., 2006a, 
2006c). Typically, Van Gestel et al. (2003) used least squares SVM (LS-
SVM) (Suykens et al., 2002) for credit rating of banks and report the re-
sults contrasted with some classical techniques. Schebesch and Stecking 
(2005) used the standard SVM proposed by Vapnik with linear and RBF 
kernel for consumer credit scoring and at the same time, they used linear 
SVM to divide a set of labeled credit applicants into subsets of ‘typical’ 
and ‘critical’ patterns which can be used for rejected applicants. Basens et 
al. (2003) mainly discussed the benchmarking study of various classifica-
tion techniques based on eight real-life credit datasets Similary, they also 
used SVM and LS-SVM with linear and RBF kernels and adopt a grid 
search method to tune the hyperparameters. The experiments show that 
RBF-LSSVM and NN classifiers yield a good performance in terms of 
classification accuracy. In the work of Wang et al. (2005), a new fuzzy 
SVM are proposed. The new fuzzy support vector machine could treat 
every sample as both positive and negative classes with different member-
ships. The total error term in the objective function in SVM is weighted by 
the membership of the data for its class. Recently Lai et al. (2006a, 2006c) 
adopt SVM and LSSVM to evaluate and analyze credit risk using meta-
modeling strategy. 

From a viewpoint of computation, almost the training of all kinds of 
SVM originally requires the solution of a quadratic programming (QP). 
However, when solving a large scale QP problem, the computation would 
be very complex. For this purpose, some algorithms have been brought 
forward to reduce the complexity. In practice, the performance of the SVM 
is related to its used algorithm. The sequential minimal optimization 
(SMO) algorithm (Platt, 1998) is an important one whose main ideas is to 
break the large QP problem into a series of smallest possible QP problem 
that can be solved analytically. There are other algorithms for this task 
such as some fast algorithms (Friess et al., 1998; Joachims, 1998). Particu-
larly, one fast iterative algorithm for SVM proposed by Keerthi et al. 
(2000) is very competitive. The main idea of this algorithm is to transform 
a particular SVM classification problem into a problem of computing the 
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nearest point between two convex polytopes in the hidden feature space 
Based on this transformation, a fast iterative nearest point algorithm (NPA) 
is designed and proposed. As far as we know, none of above mentioned 
works using SVM for solving credit scoring problem discussed this issue. 
The purpose of this chapter is to introduce the NPA-based support vector 
machine (SVM) method for credit risk evaluation to increase the classifi-
cation accuracy. Particularly, the design of experiments (DOE) (Staelin, 
2002) is used for parameter selection of NPA-based SVM to obtain the 
best parameters. 

The rest of this chapter is organized as follows. Section 2.2 briefly in-
troduces the SVM with the NPA algorithm. In Section 2.3, the parameter 
selection technology based on DOE is briefly discussed and the hybrid al-
gorithm of NPA and the parameter selection is described. The results of 
the algorithm’s testing on a real-life dataset and comparisons with other 
methods are discussed in Section 2.4. Section 2.5 gives a short conclusion 
about the chapter. 

2.2 SVM with Nearest Point Algorithm 

Given a set of training samples mkyxS kk ,...,1},,{ == , where kx is the 

thk  input vectors and ky  is its corresponding observed result. Specially, in 

credit scoring models kx  denotes the attributes of the applicants or evalua-

tion criteria and ky  is the observed result of timely repayment. If the cus-

tomer defaults, 1=ky , else 1−=ky . Let ),(,,1|{ iii yxNiyiI ∈==  

}S∈ , }),(,,1|{ SyxNiyiJ iii ∈∈−== , we assume that the samples set 

contains both two kind of cases ( 11 −== kk yandy , ), It mean: 

},...,1{,, mJIJI =≠≠ Uφφ  and φ=JI I . 

Suppose )( ii xz ϕ= ��where )(⋅ϕ is a nonlinear function that can maps 
the input space into a higher dimensional feature space (z-space). If the 
training set is linear separable in the feature space, the classifier should be 
constructed as follows: 

⎩
⎨
⎧

∈∀−≤+⋅
∈∀≥+⋅

Jibzw

Iibzw

i

i

1

1
 (2.1) 

If there exist a (w, b) pair for which the constraint in formula (2.1) are 
satisfied, let }1:{ =+⋅=+ bzwzH and }1:{ −=+⋅=− bzwzH  be the 
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bounding hyperplanes separating the two classes. The distance between the 
two boundary hyperplanes is ||||2 w . One of the main steps in SVM is to 
construct the optimal hyperplane which can separate the samples in this z-
space without errors and the distance between the closest vector to the hy-
perplane is maximal. It can be found by solving the following quadratic 
programming problem: 

⎪
⎪
⎩

⎪⎪
⎨

⎧

∈∀−≤+⋅
∈∀≥+⋅

=

Jibzw

Iibzw

wbwJ

i

i

,1          

,1      s.t.

2),(min
2

 (2.2) 

In many practical situation, the training samples can not be linear sepa-
rable in the z-space. There is a need to introduce the soft margin for which 
classification violations are allowed. The ideal objective is that the training 
can maximize the classification margin and minimize the sum of violations 
at the same time. These two objectives are difficult to achieve at the same 
time and thus a trade-off between the two objectives is needed. One popu-
lar approach for the trade off is to use the following optimization problem: 
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1
),,(min 2

ξ
ξ
ξ

ξξ

 (2.3)

where C is a positive constant denoting a trade-off between the two goals. 
When C is large, the error term will be emphasized. A small C means that 
the large classification margin is encouraged. The solution to this optimi-
zation problem can be given by the saddle point of the Lagrange function 
with Lagrange multipliers iα , and then the problem can be transformed 
into its dual form: 

⎪
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⎪
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 (2.4) 

In this problem, since we still do not know the mapping function, that is, 
zk is still unknown. One common method for the function is to use the ker-
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nel function, ),( lk xxK , which is the inner product in the feature space, to 

perform the mapping. One main merit of SVM is that by a kernel function 
it can make the training data linearly separable in the z-space as possible as 
it can do. Usually, the commonly used kernel functions are linear, poly-
nomial and Gaussian or radial basis function (RBF), which are listed as 
follows. 

(1) Linear kernel function:  xxxxK T
kk =),(  

(2) Polynomial function: ( )dT
kk xxxxK 1),( +=  

(3) Gaussian function: ( )22
exp),( σxxxxK kk −−=  

Another approach for taking into account the violations is to use the sum 
of squared violations in the objective function, which is proposed by Friess 
(1998). 
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(2.5)

As pointed out by Friess (1998), using a simple transformation, i.e., 
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(2.5) can be converted into (2.2).  
Using ji zorzbw ~~,

~
,~  to substitute izbw ,,  in (2.5), we can get an in-

stance of (2.1). So, K
~

, the kernel function for the transformed SVM, can 
be given as follows: 
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One idea to solve the (2.2) is to transform it into a problem of comput-
ing the nearest point between two convex polytopes (U, V) and then use a 
carefully chosen nearest point to solve it. 

Let coS is the set of all convex combinations of elements of S, it can be 
denoted as follows: 

}1,0,:{
1
∑ ∑
=

=≥∈=
l

k

l

k
kkkkk SsscoS βββ  (2.8)

Let }:{ IizcoSU i ∈=  and }:{ JizcoSV i ∈= , then the SVM problem 
shown in (2.2) is equivalent to the following problem of computing the 
minimum distance between U and V, that is, nearest point minimization 
problem. 
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Let ),( ** bw  denote the solution of (2.2) and ),( ** vu  be a solution of 
(2.9), we know that maximum margin of the boundary hyperplanes 

= ||||
||||

2 **
*

vu
w

−=  and )( *** vuw −= δ  for the specified δ . Substituting 

*w into (2.1), it is easy to derive 
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2

vu −
=δ  and then the following 

relationship between ),( ** bw and ),( ** vu  can be achieved: 
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Similarly, (2.4) can also be transformed to an equivalent problem simi-
lar to near point problem shown in (2.9). 

A number of algorithms have been given for solving the (2.9), such as 
Gilbert’s algorithm (Gilbert et al., 1988) and Mitchell-Dem’yanov-
Malozemov algorithm (Mitchel et al., 1974). Recently, another fast and 
competitive algorithm, Iterative Nearest Point Algorithm (NPA), was pro-
posed by Keerthi et al. (2000). The NPA consists of the following three 
steps: 
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1. Set vuz −= from VvUu ∈∈ , ; 

2. Find an index k satisfying following condition: 
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where ε  is the precision control parameter and satisfies 10 << ε . If such 
an index can not be found, stop with the conclusion that an approximate 
optimality criterion is satisfied; else go to step 3 with the k  found; 

3. Choose two convex polytopes, UU ⊂
~

and VV ⊂
~

such that 

VvUu
~

,
~

∈∈ , Uzk
~

∈ if Ik ∈ , and Vzk
~

∈  if Jk ∈ . Compute )~,~( vu  to 

be a pair of closest points minimizing the distance between U
~

and V
~

. Set 

vvuu ~,~ == and go back to step 2.  

After solving (2.9), the kα  in (2.4) can be achieved easily by computa-

tion, and then we obtain the following classifiers: 

)),(())(()( bxxKysignbxwsignxy kkk k +=+⋅= ∑ αϕ  (2.12)

2.3 DOE-based Parameter Selection for SVM with NPA 

Although SVM is a powerful learning method for classification problem, 
its performance is not only sensitive to the algorithm that solves the quad-
ratic programming problem, but also to the parameters settings in the SVM 
formulation. In the process of using SVM, the first issue is to evaluate its 
parameter’s effectiveness. A obvious method is to train and test the SVM 
multiple times with keeping the number of training and testing samples at 
each iteration and then to take the average result of tests as the final index 
of performance for a single parameter setting. The second issue of using 
SVM is how to search the best parameter of SVM for a specified problem. 
An easy and reliable approach is to determine a parameter range, and then 
to make an exhaustive grid search over the parameter space to find the best 
setting. Since the evaluation of the performance for one parameter setting 
is time-consuming, even a moderately high resolution search may result in 
a large number of evaluations and the computational time will be unac-
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ceptable. Relative to grid search method, an alterative method, design of 
experiment (DOE), proposed by Staelin (2002) can reduce the complexity 
sharply. This approach is based on principles from design of experiment 
(DOE) and its main idea is as follows. First of all, a very coarse grid cover-
ing the whole search space is defined. Then both the grid resolution and 
search boundaries are iteratively refined until the stop criteria are satisfied. 
After each iteration, the search space is reset to be centered on the point 
with the best performance. If such a procedure causes the search to go be-
yond the user-given bounds, the center will be adjusted so that the whole 
space is contained within the user-given bounds (Staelin, 2002). An illus-
trative figure for DOE parameter search with two iterations is shown in 
Fig. 2.1. 

Fig. 2.1. An illustration for DOE parameter search with two iterations 

Fig. 2.1 shows the points for evaluation within two iterations searching 
in method DOE in one possible case, circle denotes points in the first itera-
tion, square denotes points in the second iteration. Roughly speaking, in 
this pattern (thirteen points per iteration), to achieve the 1×1 precision, the 
total number of points for evaluation is no more than 39. It can be ob-
served that with the same precision, the grid search method can almost find 
the overall optimal solution in the searching space, while what the DOE 
method can find is a local optimal one. However, some experiments show 
the performance of final results from DOE methods is almost as good as 
the grid search (Staelin, 2002). 

In this chapter, we use the DOE-based parameter search method to find 
optimal parameters of SVM with nearest point algorithm. For the SVM 
with NPA and Gaussian kernel function, there are two parameters that 
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need to be tuned. One is C
~

 shown in (2.6) and σ in Gaussian kernel func-
tion. The main steps of DOE approach to find the parameters for SVM 
with NPA and Gaussian kernel function are shown as follows 

1. Set initial range for C and σ as [C_min, C_max], [Sigma_min, 
Sigma_max], iter = 1; 

2. While iter ≤ MAXITER do 
2.1 According to the pattern as shown in Fig. 2.1, one can find the 

13 points in the space with [C_min, Sigma_min] as left bottom 
corner and [C_max, Sigma_max] as the right upper corner, de-
noted by [(C_min, Sigma_min), (C_max, Sigma_max)], set 
C_Space = C_max – C_min, Sigma_Space = Sigma_max - 
Sigma_min; 

2.2 For each of the 13 points, evaluate its objective function f, 
choose the point P0(C0, Sigma0) with lowest objective func-
tion value to be the center, set new range of the searching 
space. C_Space = C_Space/2, Sigma_Space = Sigma_Space/2. 
If the rectangle area with (C0, Sigma0) as the center and 
C_Space, Sigma_Space as width and height exceeds the initial 
range, adjust the center point until the new search space is 
contained within the [(C_min, Sigma_min), (C_max, 
Sigma_max)]. 

2.3 Set new searching space, C_min = C0 - C_Space/2, C_max = 
C0 + C_Space/2, Sigma_min = Sigma0 - Sigma_Space/2, 
Sigma_max = Sigma0 + Sigma_Space/2, iter = iter +1; 

3. Return the point with best performance, select these best parame-
ters to create a model for classification. 

2.4 Experimental Analysis 

In this section, we use a real-world credit dataset to test the effectiveness 
of the proposed SVM model with NPA algorithm and meantime make a 
comparison with other more than 20 methods. 

The credit dataset used in this chapter is German credit dataset, which is 
provided by Professor Dr. Hans Hofmann of the University of Hamburg 
and is obtained from UCI Machine Learning Repository (http://www.ics. 
uci.edu/~mlearn/databases/statlog/german/). The total number of instance 
is 1000 including 700 creditworthy cases and 300 default cases. For each 
applicant, 20 kinds of attribute is available, such as account balance, credit 
history, loan purpose, credit amount, employment status, personal status 
and sex, age, housing, telephone status and job. To test the proposed algo-
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rithm, some categorical attributes need numerical attributes. A typical 
method for this requirement is to be coded as integers. This numerical 
form of dataset is used in our experiments. 

In the experiment, the original range for C
~

log2  is [-5, 9], and that for 

σ2log is [-9, 5]. We set the MAXITER = 4, N = 10, the precision control 
parameter in the NPA ε = 0.01. The training samples are randomly chosen 
2/3 total cases; the remaining is the testing samples. 

Let the number of creditworthy cases classified as good be GG and clas-
sified as bad with GB, denote the number of default cases classified as 
good with BG and as bad with BB. Three commonly used evaluation crite-
ria measure the efficiency of the classification, which is defined as fol-
lows: 

Good credit accuracy (GCA) = %100×
+GBGG

GG
 (2.13) 

Bad credit accuracy (BCA) = %100×
+ BBBG

BB
 (2.14) 

Overall accuracy (OA) = %100×
+++

+
BBBGGBGG

BBGG
 (2.15) 

In addition, to compare the performance with some classification tech-
niques, linear discriminant analysis (LDA), quadratic discriminant analysis 
(QDA), logistic regression (LOG), linear programming (LP), RBF kernel 
function LS-SVM (RBF LS-SVM), linear kernel function SVM (Lin LS-
SVM), RBF kernel function SVM (RBF SVM), linear kernel function 
SVM (Lin SVM), (all SVM methods adopted a grid search mechanism to 
tune the parameter), neural networks (NN), naive Bayes classifier (NB), 
tree augmented naive Bayes classifiers (TAN), decision tree algorithm 
C4.5, C4.5rules, C4.5dis, C4.5rules dis, k-Nearest-neighbour classifiers 
KNN10 and KNN100; results of another 5 neural network models are se-
lected from the work of West (2000), including the traditional multilayer 
perceptron (MLP), mixture of experts (MOE), radial basis function (RBF), 
learning vector quantization (LVQ) and fuzzy adaptive resonance (FAR), 
are conducted to the experiments. Accordingly, with the above setting and 
evaluation criteria, the experimental results are presented in Table 2.1. 

Note that the final optimal parameters in the proposed SVM with NPA, C
~

 
and σ , are 45.25 and 32 respectively. In Table 2.1, the partial reported 
computational results are directly taken from some previous studies, such 
as West (2000) and Baesens et al. (2003) for comparison purpose because 
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we have the same size of training and testing sample for German credit 
dataset. Particularly, Baesens et al. (2003) reported the results of 17 classi-
fication methods and West (2000) provided results of 5 classification ap-
proaches on German credit dataset with different settings.   

Table 2.1. Performance comparison of different methods on German credit dataset 

Methods  Setting 1   Setting 2  
 OA GCA BCA OA GCA BCA 

LDAa 74.6 90.0 41.0 58.7 42.8 93.3 
QDAa 71.0 79.5 52.4 71.0 79.5 52.4 

LOGa 74.6 89.5 41.9 65.0 55.9 84.8 

LPa 71.9 92.6 26.7 64.7 56.3 82.9 

RBF-LS-SVMa 74.3 96.5 25.7 75.1 87.3 48.6 

Lin LS-SVMa 73.7 91.3 35.2 58.7 42.8 93.3 

RBF SVMa 74.0 92.6 33.3 63.5 54.6 82.9 

Lin SVMa 71.0 95.6 17.1 66.8 58.5 84.8 

NNa 73.7 85.2 48.6 70.4 68.6 74.3 

NBa 72.2 87.8 38.1 62.6 52.4 84.8 

TANa 72.5 87.3 40.0 63.2 51.5 88.6 

C4.5a 72.2 88.2 37.1 68.9 68.1 70.5 

C4.5rulesa 71.0 91.3 26.7 45.5 27.5 84.8 

C4.5disa 74.6 87.3 46.7 64.1 57.6 78.1 

C4.5rules disa 74.3 89.5 41.0 74.3 89.5 41.0 

KNN10a 70.7 94.8 18.1 41.3 17.0 94.3 

KNN100a 68.6 100 0.00 62.0 52.0 83.8 

MOEb 75.64 85.72 52.25 77.57 86.99 55.43 

RBFb 74.60 86.53 47.01 75.63 85.76 51.79 

MLPb 73.28 86.48 52.47 75.04 87.09 46.92 

LVQb 68.37 75.07 51.84 71.20 79.15 55.20 

FARb 57.23 59.61 51.17 62.29 70.92 41.86 

SVM+NPA+DOEc 77.46 89.49 49.30 79.64 90.46 54.33 
a  Results from Baesens et al. (2003), setting 1 assumes a cutoff of 0.5, setting 2 

assumes a marginal good-bad rate around 5:1 
b Results from West (2000), setting 1 results are an average of 10 repetitions, 

setting 2 are an average of three best from the 10 repetitions. 
c Results of SVM+NPA+DOE in setting 1 are an average of 10 repetitions 

with the optimal parameters, results in setting 2 are an average of three best 
from the 10 repetitions. 
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As can be seen from Table 2.1, we can find the following several con-

clusions: 

(1) The overall credit accuracy of the proposed SVM method with NPA 
and DOE for parameter optimization is the best of all the list approaches 
under all settings, followed by MOE neural network model, indicating that 
the proposed method is an effective credit risk assessment method. The 
main reason leading to performance improvement is that the design of ex-
periment (DOE) method finds optimal parameters of SVM. 

(2) The good credit accuracy and bad credit accuracy of proposed SVM 
with NPA and DOE is not the best of all the list approaches, but it is still 
on the top level, implying that the proposed SVM with NPA and DOE has 
good classification capability in credit risk evaluation problem. 

(3) The reported results of the proposed SVM with NPA and DOE in 
setting 2 obviously better than the results from the proposed SVM with 
NPA and DOE in setting 1, indicating that the combination of best several 
results has good generalization than that of all results. This implies the ne-
cessity of result selection. 

(4) One possible reason resulting in good performance for the proposed 
SVM with NPA and DOE may be that the proposed SVM with NPA and 
DOE reduces the computational complexity for the instances. First of all, 
the fast iterative NPA is used for solving the original quadratic program-
ming problem and thus improving computational efficiency. Second, the 
search space is constructed with the principles of DOE instead of grid 
search and thus reducing the computational time. Especially for the appli-
cation of more complex kernel function with more parameters, the DOE 
can reduce more computational time with relative to grid search.  

2.5 Conclusions 

In this chapter, the parameter optimization-based SVM method with radial 
basis function is used to evaluate the credit risk. In this SVM method, a re-
cently fast iterative nearest points algorithm (NPA) is adopted for solving 
the original quadratic programming indirectly and a parameter selection 
technology based on design of experiment principles is used. For illustra-
tion and verification, a real-world credit dataset are used and some ex-
periments are performed. The results obtained show that the proposed 
SVM with NPA and DOE outperforms all the other 22 methods listed in 
this chapter based on the measure of overall classification accuracy. This 
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indicates SVM with NPA and DOE can provide a promising solution to 
credit risk assessment. 

Though the experiments show that the proposed SVM with NPA and 
DOE is rather promising, the results reported here are still far from suffi-
cient to generate a determinate statement about the performance of SVM 
with NPA and DOE. Since the performance is also dependent on the char-
acteristic of the datasets, future research are encouraged to identify the per-
formance of proposed SVM with NPA and DOE and explore the other ef-
fective kernel function in this framework. 



3 Credit Risk Evaluation Using SVM with Direct 
Search for Parameter Selection 

3.1 Introduction 

With the rapid growth and increased competition in credit industry, credit 
risk evaluation is becoming more important for credit-granting institutions. 
A good credit risk evaluation tool can help them to grant credit to more 
creditworthy applicants thus increasing profits. Moreover, it can deny 
credit for the noncreditworthy applicants and thus decreasing losses. Cur-
rently the credit-granting institutions are paying much more attention to 
develop efficient and sophisticated tools to evaluate and control credit 
risks, which can help them to win more market shares without taking too 
much risk. In recent two decades, credit scoring is becoming one of the 
primary methods to develop a credit risk assessment tool. 

Credit scoring is a method to evaluate the credit risk of loan applicants 
with their corresponding credit score which is obtained from a credit scor-
ing model. A credit score is a number that can represent the creditworthi-
ness of an applicant and it is based on the analysis of an applicant’s char-
acteristics from the application file using the credit score model. The 
credit-granting institutions can use the scores to categorize credit appli-
cants as either a “good credit” group whose credit scores are beyond a 
threshold value and so should be granted credit or a “bad credit” group 
whose credit scores are below a threshold value, therefore, should be de-
nied credit. The credit scoring model is developed on the basis of historical 
data about the performance of previously made loans with some quantita-
tive techniques, such as statistics, mathematical programming, data min-
ing. A well-designed model should have higher classification accuracy to 
classify the new applicants or existing customers as good or bad. 

In order to obtain a satisfactory credit scoring model to minimize the 
credit losses, a variety of credit scoring techniques have been developed. 
First of all, most statistical and optimization techniques has been widely 
applied to build the credit scoring model such as linear discriminant analy-
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sis (Myers and Forgy, 1963), logistic regression (Wiginton, 1980), k-
nearest neighbor (KNN) (Henley and Hand, 1997), decision tree (Ma-
kowski, 1985), linear programming (Hardy and Adrian, 1985; Glover, 
1990), integer programming (Gehrlei and Wagner, 1997). Although these 
methods are relatively simple and explainable, the ability to discriminate 
good customers from bad ones is still an argumentative problem. Second, 
some new emerging artificial intelligence methods have also been used for 
developing the credit scoring models, such as artificial neural networks 
(ANN) (West, 2000; Jensen, 1992), genetic algorithm (GA) (Yobas et 
al.,2000; Desai et al., 1997) and support vector machines (Van Gestel et 
al., 2003; Schebesch and Stecking, 2005; Lai et al., 2006c). Some compre-
hensive introductions about the methods in credit scoring can be referred 
to the three recent surveys (Baesens et al., 2003; Rosenberg and Gleit, 
1994; Thomas, 2000). 

The support vector machines (SVM) proposed by Vapnik (1995), has 
been applied in several financial applications and has yielded excellent 
generalization performance. In the area of credit scoring, Van Gestel et al. 
(2003) and Baesens, et al. (2003) mainly discussed the benchmarking 
study of various classification techniques on eight real-life credit scoring 
data set and also use SVM and least squares SVM (LSSVM) with linear 
and RBF kernels and adopt a grid search method to tune the hyperparame-
ters. The experiments show that RBF-LSSVM and NN classifiers yield a 
good performance in terms of classification accuracy. Huang, Chen et al. 
(2006) demonstrate that the SVM-based model is very competitive to 
back-propagation neural network (BPN), Genetic programming (GP) and 
decision tree in terms of classification accuracy. However, for the SVM-
based model, its classification performance is sensitive to the parameters 
of the model, thus, parameters selection is very important. Most of the pre-
vious researches focus on the grid search (GS), pattern search based on 
principles from design of experiments (DOE) and genetic algorithm (GA) 
to choose the parameters. Grid search is simple and easily implemented, 
but it is very time-consuming. DOE is like GS but it reduces the searching 
grid density and thus reducing the computational time greatly. Both GS 
and DOE need users themselves to define the right initial grid search space 
area which limits the solution space. In practice, it is always difficult for 
the users to do this. Although GA does not require setting an initial search 
range, it introduces some new parameters to control the GA searching 
process, such as the population size, generations, and mutation rate. Com-
pared with the above mentioned methods, direct search is not dependent so 
much on the initial search range and has few parameters to control the 
searching process. It searches a set of points around the current point, 
looking for one where the value of the objective function is lower than the 
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value at the current point. It expands and shrinks search space automati-
cally and does not consume too much time as GS or GA. As far as we 
know, this may be the first attempt to introduce direct search to optimize 
the parameters of support vector machines. 

The main purpose of this chapter is to propose the LSSVM-based credit 
scoring models with direct search method for parameters selection. The 
rest of this chapter is organized as follows. In Section 3.2, the LSSVM and 
DS methodology are described briefly. Section 3.3 presents a computa-
tional experiment to demonstrate the effectiveness and efficiency of the 
model and simultaneously we compared the performance between the DS 
and DOE, GA, and GS methods. Section 3.4 gives concluding remarks. 

3.2 Methodology Description 

In this section, a brief introduction of least squares SVM (LSSVM) is first 
provided and then the direct search method for parameter selection of 
LSSVM is proposed. 

3.2.1 Brief Review of LSSVM 

Given a training dataset { }N
kkk yx 1, =  where input data n

k Rx ∈  and its corre-

sponding output Ryk ∈  and }1,1{ −∈ky , If the set is linearly separable, 
the classifier should be constructed as follows. 
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The separating hyperplane is 

0)( =+= bxwxH T  (3.2) 

And the linear classier is: 

)()( bxwsignxy T +=  (3.3) 

SVM finds an optimal separating hyperplane that can separate all the 
training data points without errors and the distance between the closest 
points to the hyperplane by solving the following optimization problem: 
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For most of the real-life problems, they may be non-separable, which 
means that we can not find a perfect separating hyperplane. For this case, 
in LSSVM, an error variable kx  for each sample is introduced such that 
misclassification can be tolerated. Consequently, the training objective is 
not only to maximize the classification margin but also to minimize the 
sum of squared error of each sample simultaneously. Since it is almost im-
possible to get the optimal solution for each objective at the same time, 
there should be a trade-off between these two objectives, as shown below 
(Suykens, 1999; Suykens et al., 2002). Note that the objective function of 
LSSVM is different from the standard SVM proposed by Vapnik (1995). 
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where C is the upper bound parameters on the training error. The Lagran-
gian function for this problem can be represented by 
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where kα  are the Lagrange multipliers. We can get condition for optimal-

ity by differentiating (3.6) with kkbw αξ ,,,  for Nk ,,1L= as follows: 
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From the solutions of equations (3.7), we can get the following classi-
fier: 

( )[ ]∑ = +⋅=+= N
k

T
kkk

T bxxysignbxwsignxy 1)()( α  (3.8)

The linear SVM has been extended to a nonlinear SVM. Its main idea is 
to map the input data into a high dimensional feature space which can be 
infinite dimensional and then to construct the linear separating hyperplane 
in this high dimensional feature space. Let the mapping function denoted 
by )(xϕ , we can formally replace x by )(xϕ in (3.6), and let ),( xxK k  be 
the inner product kernel performing the nonlinear mapping into higher di-
mensional feature space, so 

)()(),( xxxxK k
T

k ϕϕ ⋅=  (3.9) 

Finally, no explicit construction of the mapping function )(xϕ  is re-
quired, only a kernel function is needed instead, and then the LSSVM clas-
sifier takes the following form 

( )[ ]∑ = +⋅= N
k kkk bxxKysignxy 1)( α  (3.10) 

Some typical kernel functions include linear function, polynomial func-
tion and Gaussian function etc., which are listed in Chapter 2. 

In this chapter, we use the LSSVM with Gaussian function to implement 
the credit risk evaluation tasks. In the Gaussian-kernel-based LSSVM, two 
main parameters, upper bound parameter C and kernel parameter σ, are not 
optimal in many practical applications. To obtain better performance, they 
should be optimized. In the next subsection, we adopt the direct search 
method to optimize the parameters of LSSVM.  

3.2.2 Direct Search for Parameter Selection 

Direct search (DS) methods are a class of simple and straightforward pa-
rameter optimal search method and it can almost immediately be applied to 
many nonlinear optimization problems, especially for the problems with 
lower dimension searching space (Hooke and Jeeves, 1961; Mathworks, 
2006). Since the dimension of parameters space for LSSVM is 2, direct 
search is a good choice for the parameters selection. 

Let the search space dimension is n, a point p in this space can be de-
noted by (z1, z2,…, zn), the objective function f, pattern v which is a collec-
tion of vectors that  is used to determine which points to search in terms of 
a current point, v = [v1, v2, …, v2n], v1 = [1, 0, …, 0], v2 = [0, 1, 0, …, 
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0], …, vn = [0, 0, …, 1], vn+1 = [-1, 0, …, 0], vn+2 = [0, -1, …, 0], v2n = [0, 
0, …, -1],  n

i Rv ∈ , i =1, 2, …, 2n. The point set around current point p to 
be searched is defined by the mesh which multiple the patter vectors v by a 
scalar r, called the mesh size and add the resulting vectors to the current 
point. The mesh can be denoted by the points set M = {m1, m2, …, m2n}. 
For example, if there are two independent parameters in the optimization 
problem, the patter v is defined as following: 

v = [v1, v2, v3, v4], v1 = [1, 0], v2 = [0, 1], v3 = [-1, 0], v4 = [0, -1] 
Let current point p be [1.2, 3.4], and mesh size r = 2, then the mesh con-

tain the following points: 
[1.2, 3.4] + 2 × [1, 0] = [3.2, 3.4] 
[1.2, 3.4] + 2 × [0, 1] = [1.2, 5.4] 
[1.2, 3.4] + 2 × [-1, 0] = [-0.8, 3.4] 
[1.2, 3.4] + 2 × [0, -1] = [1.2, 1.4] 
If there is at least one point in the mesh whose objective function value 

is less than that of the current point, we call the poll is successful. The 
status of the poll is denoted by Flag. 

The main steps of direct search algorithm are presented as follows: 

(1) Set the initial current point p, pbest
= p, ybest = f(p), r =1; 

(2) Form the mesh M = {m1, m2, …, m2n} of current point p, Flag = 
FALSE,  j=1,  

While (j<=2n) do 
y =f(mj); 
if (y < ybest) then 
  ybest = y;  pbest = mj; p=mj; Flag = TRUE; break; 
end 
j=j+1 

End while 
(3) If Flag = TRUE, r = 2×r; else r = 1/2×r; if stop criteria is met, stop; 

else go to (2). 

The algorithm stops when any of the following conditions occurs : (1) 
The mesh size is less than Mesh tolerance Mesh_tol; (2) The number of it-
erations performed by the algorithm reaches the value of Max iteration 
Max_iter; (3) The total number of objective function evaluations per-
formed by the algorithm reaches the value of Max function evaluations 
Max_fun; (4) The distance between the point found at one successful poll 
and the point found at the next successful poll is less than X tolerance 
X_tol; (5) The change in the objective function from one successful poll to 
the next successful poll is less than Function tolerance Fun_tol. Using the 
above direct research algorithm, we can obtain optimal LSSVM model pa-
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rameters. With optimal parameters, the LSSVM-based credit evaluation 
model can be used for credit risk analysis. 

For the LSSVM-based credit scoring model, we adopt the following 
procedure to define the objective function f. 

(1) Randomly split the samples data into Straining and Svalidation using 5-
fold cross validation; 

(2) Use Straining to train the LSSVM model with the input parameters p 
and obtain a predictor/classifier; use this predictor/classifier to predict 
samples in Svalidation; 

(3) Calculate the average predicting accuracy of the 5-fold cross valida-
tion a ; 

(4) The value of the objective function f is f(p) = 1- a , it is the average 
error classification rate. 

3.3 Experimental Study 

In this section, we first describe research data and experimental design and 
then the experimental results and analysis are presented. 

3.3.1 Research Data 

In this chapter, two real world data sets including German and Australian 
credit dataset, which are obtained from UCI Machine Learning Repository 
(http://www.ics.uci.edu/~mlearn/MLRepository.html), are used to test the 
performance of the LSSVM with different parameter selection methods.  

In German credit dataset, there are 700 instances of creditworthy appli-
cants and 300 instances whose credit is not creditworthy. For each in-
stances, 24 input variables described 19 attributes with 4 attributes 
changed to dummy variables. The attributes of the applicants are shown as 
Table 3.1. The dependent variable is the credit status of the customer with 
good or bad credit. 

In the Australian credit dataset, there are 307 instances of creditworthy 
applicants and 383 instances where credit is not creditworthy. Each in-
stance contains 14 attributes and one class attribute (good or bad). To pro-
tect the confidentiality of data, the attributes names and values have been 
transferred to meaningless symbolic data. In our experiments, all the sym-
bolic data are changed to numerical data for the demand of computing. 
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Table 3.1. Independent variables in credit evaluation model for German dataset 

No. Variable Type Description  
01  X1 Qualitative Status of existing checking account 
02  X2 Numerical Duration in month 
03  X3 Qualitative Credit history 
04  X4-X5 Dummy Loan purpose (X4-car (new) X5-car (used) X6-others) 
05  X6 Numerical Credit amount 
06  X7 Qualitative Saving account/bonds 
07  X8 Qualitative Present employment since 
08  X9 Qualitative Person status and sex 
09  X10-X11 Dummy debtors/grantors 
10  X12 Numerical Present residence since 
11  X13 Qualitative Property 
12  X14 Numerical Age in years 
13  X15 Qualitative Other installment plans 
14  X16-X17 Dummy Housing 
15  X18 Numerical Number of existing credits at this bank 
16  X19-X21 Qualitative Job 
17  X22 Numerical Number of people being liable to provide maintenance 
18  X23 Qualitative Telephone 
19  X24 Qualitative Foreign worker 

In order to compare the performance of different parameter selection 
methods, other three popular parameter selection methods: genetic algo-
rithm (GA), grid search (GS), and DOE presented in Chapter 2, are used. 

3.3.2 Parameter Selection with Genetic Algorithm 

The genetic algorithm (GA) is a method for solving optimization prob-
lems. Its main idea is to repeatedly modify a population of individual solu-
tions and then selects individuals at random from the current population to 
be parents and uses them produce the children for the next generation at 
each step, so the population “evolves” toward an optimal solution step by 
step until the stop criteria met. The GA for LSSVM credit scoring model 
runs the following steps (Mathworks, 2006): 

(1) Generate the initial population randomly within the initial range; 
(2) For each population, use function f to calculate its fitness value; 
(3) Perform genetic operations: Select parents based on their fitness, 

produce children from the parents by mutation and crossover. Replace the 
current population with the children to form the new population; 

(4) If stop criteria are met, stop; else go to (2); 
(5) The one with the best fitness value in the final population corre-

sponds to the optimal parameters by GA process. Return the parameters. 
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Usually, the GA has the following five stop conditions: 

(1) When the number of generations reaches the value v_Generation; 
(2) After running for an amount of time in seconds equal to v_Time; 
(3) When the value of the fitness function for the best point in the cur-

rent population is less than or equal to fitness limit v_FitLimit. 
(4) If there is no improvement in the objective function for a sequence 

of consecutive generations of length v_StallGen. 
(5) If there is no improvement in the objective function during an inter-

val of time in seconds equal to v_StallTime. 

3.3.3 Parameters Selection with Grid Search 

Grid search (GS) is a commonly used parameter selection method (Kim, 
1997). In the grid search method, each point in the grid defined by the grid 
range [(C_min, Sigma_min), (C_max, Sigma_max)] and a unit grid size 
(Delta_C, Delta_Sigma) are evaluated by the objective function f. The 
point with the smallest f value corresponds to the optimal parameters. The 
search space can be shown as Fig.3.1. For example, we take a two-
parameter search example. Assume that each parameter range is [-5, 5], the 
total number of points for evaluation is 100 if we use the 1×1 precision. 
For grid search, we must test 100 points for each iteration. For a new 
search space, same testing points should be tested. In this sense, grid 
search can find a global optimal solution, but the efficiency is not good to 
other search methods such as DOE. 

Fig. 3.1. An illustrative example for grid search 
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The grid search may offer some protection against local minima but it is 
not very efficient. The optimal results depending on the initial grid range 
and large grid range can provide more chance to get the optimal solution 
but need more computational time. Interested readers can refer to Kim 
(1997) for more details about grid search. 

3.3.4 Experimental Results 

In our test, the main setting for each method is as Table 3.2. The program 
are run under the environment of matlab 7.1 with LS-SVM toolbox pro-
vided by Suykens et al. (2002) on an IBM compatible PC with Pentium IV 
CPU running at 2.5 GHz with 1GB RAM. 

Table 3.2. Parameter settings for DS, GA, GS and DOE 

Method Parameters Setting 

DS Initial point: randomly select from (1:10, 1:10); Mesh_tol: 0.001; 
Fun_tol: 0.001; Max_Iter: 200; Max_fun: 4000; X_tol: 1e-6; Fun_tol: 
1e-6 

GA Population Size: 50;  Crossover Fraction: 0.8; v_Generation = 50; 
v_Time: Inf; v_FitLimit: Inf;  v_StallGen: 50;  StallTimeLimit: 20 

GS C_min: -2, C_max: 10, Sigma_min: -10, Sigma_max: 2, Delta_C: 0.5 
Delta_Sigma: 0.5 

DOE C_min = -10, C_max = 2, Sigma_mi =  Sigma_max =  Max_iter = 6 

Let the number of creditworthy cases classified as good be GG and clas-
sified as bad with GB, denote the number of default cases classified as 
good with BG and as bad with BB. Three common used evaluation criteria 
measure the efficiency of the classification has the following three criteria: 

Sensitivity (Se) = %100×
+ GBGG

GG
 (3.11) 

Specificity (Sp) = %100×
+ BBBG

BB
 (3.12) 

Overall accuracy (OA) = %100×
+++

+
BBBGGBGG

BBGG
 (3.13) 

In the experiments, four parameter selection methods (DS, GA, GS and 
DOE) used identical training and testing sets with 5-fold cross validation. 
The average classification accuracy for one run of 5-fold cross validation 
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of the four methods and computational time for German and Australian 
dataset are shown in Table 3.3 and Table 3.4 respectively. 

Table 3.3. Evaluation results of four methods for LSSVM on German dataset 

Method OA (%) Se (%) Sp(%) CPU time (s) 

GSlssvm 77.3 91.0 45.3 2978.7 
DOElssvm 77.0 92.1 41.6 613.6 

GAlssvm 76.9 90.0 46.3 683.9 

DSlssvm 77.6 90.3 47.9 1070.4 

Table 3.4. Evaluation results of four methods for LSSVM on Australian dataset 

Method OA (%) Se (%) Sp(%) CPU time (s) 

GSlssvm 87.2 88.5 86.3 1460.1 
DOElssvm 87.0 87.2 86.8 259.7 

GAlssvm 87.1 89.1 85.5 289.8 
DSlssvm 87.2 89.7 85.3 302.3 

 
From the above results appeared in Tables 3.3-3.4, we can find that for 

the average classification accuracy, DSlssvm obtained the best performance 
of all these four methods with the setting shown in Table 3.2. The compu-
tational performance of these four methods is relative to their parameters 
setting and we choose the parameters for stop criteria by trial and error for 
GAlssvm and DSlssvm. DSlssvm and GSlssvm are the easiest methods to be im-
plemented, while DSlssvm has better efficiency. Actually, the DOElssvm 
methods can be viewed as a special case of DSlssvm if we set a proper pat-
tern and stop criteria. Fig. 3.2 shows the average classification accuracy 
with 5-fold cross validation from grid search for LSSVM credit scoring 
model in the initial search area. The final result of DSlssvm or GSlssvm is re-
stricted by the predetermined value range of the parameters. If we happen 
to set the initial range for C and σ  to be [2-2, 20], [2-10, 2-6], the best overall 
accuracy from these two methods will not exceed 71.0%. Figs. 3.3-3.5 
show the results of these four methods under different initial space setting 
on Australia data set. The size of each space is the same for all the 10 
groups of space setting, only the position is different. We can see that 
DSlssvm has better overall accuracy and better robustness when compared 
with other three methods. Figs. 3.4 and 3.5 indicate that the reason why 
Dslssvm has good OA may be that it has good sensitivity. 
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Fig. 3.2. Performance of each parameter pair in initial range 

Fig. 3.3. Sensitivity analysis of OA on initial space setting 
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Fig. 3.4. Sensitivity analysis of Se on initial space setting 

 

Fig. 3.5. Sensitivity analysis of Sp on initial space setting 

For further illustration, the performance of classification of direct search 
for LS-SVM credit evaluation model is also compared with other six com-
monly used classifiers with 5-fold cross validation: Linear Discriminant 
Analysis (LDA), Quadratic Discriminant Analysis (QDA), Logistic regres-
sion (LogR), Linear Programming (LP), Decision tree (DT) and k-Nearest 
neighbour Classifier (k-NN). The compared results of different classifiers 
are reported in Table 3.5 for the two datasets. 
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Table 3.5. Performance comparisons of different classifiers 

German Dataset Australian Dataset Methods 
OA (%) Se(%) Sp(%) OA(%) Se(%) Sp(%) 

LDA 72.00 72.43 71.00 85.80 92.50 80.42 
QDA 68.00 67.71 68.67 80.59 66.48 91.91 
LogR 76.40 88.14 49.00 86.53 88.28 85.12 
DT 71.80 79.57 53.67 82.18 80.41 83.56 
k-NN 69.90 89.85 23.33 69.13 54.39 80.94 
DSlssvm 77.10 88.86 49.67 86.96 89.25 85.12 
 

As can be seen from Table 3.5, we can find the following several con-
clusions: 

(1) For overall accuracy, the DSlssvm performs the best of all listed ap-
proaches, followed by LogR and LDA, QDA is the worst.  The perform-
ance of other three methods is not stable on these two data sets.  Classifica-
tion performance of all these methods is also relative to the samples, so it 
may be difficult to choose a model which always performs the best. How-
ever, the test of the models based on the same training samples and testing 
samples can demonstrate their performance to some extent. 

(2) Although Dslssvm has the best overall accuracy when compared with 
other five methods, the sensitivity or specificity has not obviously superi-
ority over other methods. However, we can control the specificity through 
modifying the objective function in (3.5) into the following form: 
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where N1 and N2 are the number of cases in class 1 and class 2. It shows 
that this model has good flexibility and it is worth exploring further. 

(3) From the general view, DSlssvm dominates the other six classifiers, 
revealing that it is an effective tool for credit risk evaluation. 

3.4 Conclusions 

In this chapter, a direct search method to select LSSVM parameters for 
credit risk evaluation model is presented. The experiments show that this 
method has good classification accuracy and robustness. Moreover, the 
method is simple and easy to control when compared with genetic algo-
rithm. These advantages imply that this parameter selection method is an 
efficient approach to tune the parameters of LSSVM for credit risk as-
sessment. However, since the black-box property of the SVM model, it is 
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difficult to give a reasonable explanation for the decision provided by this 
model. Exploring some possible reasonable explanations for this model 
may be one of future research topics. 



4 Hybridizing Rough Sets and SVM for Credit 
Risk Evaluation 

4.1 Introduction 

Today one of the most significant threats to many businesses, regardless of 
their size and the nature of their operations, is their counterparts’ credit. 
Therefore credit evaluation becomes very important for sustainability and 
profit of enterprises. Due to its importance, many models have been widely 
applied to credit risk evaluation tasks. Of the models, support vector ma-
chines and rough sets are two common techniques frequently applied to 
credit risk evaluation (Ziarko, 1995; Bengio et al., 2000; Herbrich and 
Graepel, 2003). The common advantage of the two approaches is that they 
do not need any additional information about data like probability in statis-
tics or membership in fuzzy set theory (Yahia et al., 2000; Phuong et al., 
2001). 

Rough sets theory first proposed by Pawlak (1982) is a powerful 
mathematical tool that handles vagueness and uncertainty and it is widely 
applied in many areas such as data mining and knowledge discovery in da-
tabases (Yahia). But the deterministic mechanism for the error description 
is rather simple in rough set theory (Bazan et al., 1994). Therefore, the 
rules generated by rough sets are often unstable and have low classification 
accuracy (Li and Wang, 2004). 

Support vector machines (SVM) (Vapnik, 1998; Cortes And Vapnik, 
1995) are a class of state-of-the-art classification algorithm that is known 
to be successful in a wide variety of applications because of their strong 
robustness, high generation ability and low classification error. However, 
SVM also has two obvious drawbacks when applied to classification prob-
lems. One is that SVM requires a long time to train the huge amount of 
data from large databases. Another is that SVM lacks explanation capabil-
ity for their results. That is, the results obtained from SVM classifiers are 
not intuitive to humans and are hard to understand (Fung et al., 1997). For 
instance, when an unlabeled example is classified by the SVM classifier as 
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positive or negative, the only explanation that can be provided is that the 
outputs of the variables are lower/higher than some threshold; such an ex-
planation is completely non-intuitive to human experts (Fung et al., 1997). 
Therefore, it is often difficult to extract rule from a trained SVM classifier. 

In such situations, it is natural to hybridize rough sets and support vector 
machines due to their complementarities. One typical approach is to use 
rough set approach as a preprocessing tool for the support vector machines 
and accelerating or simplifying the process of using support vector ma-
chines for mining valuable knowledge from databases (Li and Fang, 2003). 
By eliminating the redundant data from databases, rough sets can greatly 
speedup the training time of support vector machines and improve its pre-
diction accuracy. Although these hybrid approaches can get high predic-
tion accuracy, some knowledge contained in support vector machines may 
still be not comprehensible for user due to its low explanation capability. 

Different from the previous studies, a novel hybrid intelligent mining 
system is designed by hybridizing rough sets and support vector machines 
from a new perspective. In the proposed system, original information table 
is firstly reduced by rough sets from two-dimensional (attribute dimension 
and object dimension) reduction (2D-Reduction) view, and then support 
vector machines are used to extract typical features and to filter its noise 
and thus reduce the information table further. The goal of first step (i.e., 
2D-Reduction) is to reduce the training burden and accelerate the learning 
process for support vector machines. Finally, the mined knowledge or 
classification rule sets are generated from the reduced information table by 
rough sets, rather than from the trained support vector machines. There-
fore, the advantage of our proposed hybrid intelligent system is that it can 
overcome difficulty of extracting rules from a training support vector ma-
chine and possess the robustness which is lacking for rough set based ap-
proaches. To illustrate the effectiveness of the proposed system, two pub-
licly credit datasets including both consumer and corporation credits are 
used. 

The rest of the chapter is organized as follows. Section 4.2 describes 
some preliminaries about rough sets and support vector machine. In Sec-
tion 4.3, the proposed hybrid intelligent mining system incorporating SVM 
into rough set is described and the algorithms to generate classification 
rules from information table are proposed. In Section 4.4, we compare and 
analyze some empirical results about two real-world credit datasets. Fi-
nally, some conclusions are drawn in Section 4.5. 
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4.2 Preliminaries of Rough Sets and SVM 

4.2.1   Basic Concepts of Rough Sets 

Rough set theory, first introduced by Pawlak (1982, 1984), is a useful 
mathematical tool to deal with vagueness and uncertainty. The philosophy 
of the method is based on the assumption that with every object some in-
formation (data, knowledge) can be associated. Objects characterized by 
the same information are indiscernible (similar) in view of the available in-
formation. The indiscernibility relation generated in this way is the 
mathematical basis fro the rough set theory. The most important problems 
that can be solved by rough sets theory are: finding description of sets of 
objects in terms of attribute values; checking dependencies (full or partial) 
between attributes; reducing attributes; analyzing the significance of at-
tributes; and generating decision rules (Pawlak, 1991, 1997). 

In rough set theory, an approximation space P is an ordered pair P = (U, 
R) where U is a set called a universe and R is a binary equivalence relation 
on U. The relation R is called an indiscernibility relation. Each member of 
U is termed an object and each equivalence class of R is called an elemen-
tary set. If two objects of universe belong to the same elementary set of R, 
then the two objects are indistinguishable. A finite union of elementary 
sets is called a definable set in P. 

Let UA⊆  and let *E  be a family of equivalence classes of R. The set 

A is definable in P if for some *EG∈ , set A is equal to the union of all the 
sets in G; otherwise, A is a non-definable or a rough set. The rough set A is 
represented by its upper and lower approximations. 

The upper approximation of A in P is defined by =AR  
{ }Φ≠∈ AaUa R I][  , where Ra][ is the equivalence class of R containing a. 

The lower approximation of A in P is defined by =AR  { }AaUa R ⊆∈ ][ . 

The set ARARAM p −=)(  is called a boundary of A in P. 

The representation of knowledge as an information system (i.e., decision 
table) is a main attraction of the rough sets and it is defined as follows. 

An information system is a quadruple (U, Q, V, δ) in which U is a non-
empty finite set of objects, o. Q is a finite set of attributes. qQq VV ∈= U and 

Vq is the domain of attribute q. δ is a mapping function such that 

qVqo ∈),(δ  for every Qq∈  and Uo∈ . 

Let S = (U, Q, V, δ) be an information system, QF ⊆ , and Uoo ji ∈, . 

The objects oi and oj are indiscernible by set of attributes F in S, denoted 
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by ji oFo
~

, iff for each f in F, δ(oi, f)= δ(oj, f). F
~

is an equivalence relation 

on U for every F in Q. The set of all equivalence classes of F
~

is called a 
classification generated by F in S. An ordered pair (U, F

~
) is an approxi-

mate space P. For any A⊆ U, the lower and upper approximations of A in 
P will be called F-lower and F-upper approximations of A in S and shown 
by AF  and AF . 

The set of Q attributes may be viewed as a set of condition attributes (C) 
and a set of decision attributes (D). Let ),,,( 21 kYYY L=ψ  and 

),,,( 21 kYYY ′′′=′ Lψ be the classifications generated by D and C in S, respec-

tively. Yi is an equivalence class of D
~

 and iY ′  is an equivalence class of 

C
~

. Let L(C, D) be defined as: L(C, D) = i
k
i YC1=U . The degree of depend-

ency between the condition attributes C and the decision attribute D is de-

fined as: 
U

DCL
DC

),(
),( =γ . Let F⊆C and FF ⊂′ . The set of attributes F 

is a reduct of attribute C if: ),(),( DCDF γγ = and ),(),( DCLDFL ≠′ for 

every F ′  in F. 

4.2.2   Basic Ideas of Support Vector Machines 

Support vector machines (SVM), a class of typical machine learning algo-
rithm, were developed by Vapnik (1995). Support vector machine is a very 
specific type of learning algorithms characterized by the capacity control 
of the decision function, the use of kernel functions and the sparsity of the 
solution (Vapnik, 1995, 1999; Cristianini and Taylor, 2000). Established 
on the unique theory of the structural risk minimization principle to esti-
mate a function by minimizing an upper bound of the generalization error, 
SVM is resistant to the over-fitting problem and can model nonlinear rela-
tions in an efficient and stable way and thus makes it very popular. The ba-
sic idea of support vector machine is to maximize the margin between 
classes, which can be formulated as the following convex quadratic pro-
gramming (QP) problem: 
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where { }mxxx ,,, 21 L  is a training set in dR space, { } { }1,1,,, 21 −∈myyy L  

is class label data, and iα  are Lagrange multipliers, C is a parameter that 
assigns penalty cost to misclassification of samples. By solving the above 
optimization problem, the form of decision function can be derived as 

bxf T += xw)(  (4.2) 

where ∑ == m
i iii y1 xw α and b is a bias term. Only vectors corresponding to 

nonzero contribute to decision function, and are called support vectors. 

4.3 Proposed Hybrid Intelligent Mining System 

4.3.1 General Framework of Hybrid Intelligent Mining System 

Integrating the advantages of SVM and rough sets, a new hybrid intelligent 
mining system is proposed to extract some efficient classification rules for 
decision support. The general framework of the proposed hybrid intelligent 
mining system is illustrated in Fig. 4.1. 

Fig. 4.1. General framework of the hybrid intelligent mining system 

As can be seen from Fig. 4.1, the proposed hybrid intelligent mining 
system consists of four main procedures: object reduction by rough sets, 
attribute reduction by rough sets, feature selection by support vector ma-
chines and rule generation by rough sets. Because object reduction is verti-
cal reduction for original decision table and attribute reduction is horizon-
tal reduction for original decision table, the combination of the two 
reductions are called as two-dimensional reduction (2D-Reduction) intro-
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duced by Hashemi et al. (1993). The detailed contents of every process are 
described below. 

4.3.2 2D-Reductions by Rough Sets 

In an original information table, some irrelevant, redundant and noisy fea-
ture may affect the mining process and the final mining performance. 
Thus, the original decision table is required to be reduced. In rough sets, an 
information system may not only be vertically reduced by removing some 
duplicate records (i.e., objects), but also horizontally reduced by removing 
its redundant condition attributes. In a horizontally reduced information 
table, the condition attributes are independent and no attribute can be 
eliminated further without losing some information from the information 
table. 

In the decision table, attributes deleted in attribute reduction can be di-
vided into two categories. One category contains irrelevant and redundant 
attributes that have no any classification ability. An irrelevant attribute 
does not affect classification and a redundant feature does not add anything 
new to classification (Dash and Liu, 1997). The other category is noisy at-
tributes. These attributes represent some classification ability, but this abil-
ity will disturb the mining of true classification relation due to the effect of 
noise. 

Many researchers have put forward their attribute reduction algorithms, 
a comprehensive overview can be found in (Dash and Liu, 1997; Swiniar-
ski and Skowron, 2003). Recently, many methods based on rough sets 
(Zhong et al., 1997; Beynon, 2001; Slowinski et al., 1997) have been pro-
posed for feature selection. However, in our chapter, two-dimensional re-
duction (2D-Reduction) approach introduced by Hashemi et al. (1993) is 
employed. In this approach, the information system is reduced both hori-
zontally and vertically. The outcome of this reduction is called a 2D-
Reduct. To define a 2D-reduced information system, vertical and horizon-
tal reductions are defined. 

The vertical reduction of an information system S is V=VERT(S) where 
V has all the properties of S, but it is free of duplicate records (i.e., ob-
jects). 

The horizontal reduction of an information system S is H=HORIZON(S) 
where: (1) H has all the objects of S; and (2) the set of condition attributes 
in H is the reduct of attributes in S  (Last et al., 2001). 

The 2D-Reduction of an information system S is D2=2D-RED(S) where 
D2=HORIZON (VERT(S)). A 2D-Reduct is generated using the 2D-
Reduction algorithm, which is presented below. 
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2D-Reduction Algorithm 

Input: an information system, S. The set of condition attributes in S is C 
and the decision attribute is D. The condition attributes’ value for object oi 

in S is a set ki and its decision is di. 
Output: A minimal 2D-Reduct of S. 

Step 1: Vertical reduction, i.e., removal of the reduction objects from S. 
For two objects, oi and oj in S: (ki = kj)(di = dj)→(oi = oj). Thus oj is a re-
dundant object and it will be removed from S. 

Step 2: Horizontal reduction, i.e., removal of redundant condition at-
tributes. Let V be the vertically reduced S, V=VERT(S). Furthermore, let 
the number of objects in V be Vn = , S and V have the same set of condi-

tion attributes. Let },,{)( )()1( mCCCP L= be the power set of C. Let Si be an 

information system in which the conditions’ set is C(i), ( CC i ≠)( and 
φ≠)(iC ) and the objects are the same as objects in V. Let Vi = VERT(Si), 

if VVi = then )(iC  is a reduct of C. C may have several reducts 

),,( )()1( nCC L . If ),,min( )()1()( ni CCC L= , then )( iC  is the minimal re-
duct of C and Vi is called a horizontal reduction of S. Also, Vi is called a 
minimal 2D reduct of S or simply a 2D-Reduct of S. Since C may have 
several minimal reducts, S may have several 2D-Reducts. 

 
In general, rough set theory provides useful techniques to reduce irrele-

vant and redundant attributes from a large database with a lot of attributes 
(Zhong et al., 1997; Beynon, 2001; Slowinski et al., 1997). But it is not so 
satisfactory for the reduction of noisy attributes because the classification 
region defined by rough set theory is relatively simple and rough set based 
attribute reduction criteria lack effective validation method (Bazan et al., 
1994). Therefore, some new methods, such as neural networks, have intro-
duced to handle these noisy attributes (Li and Wang, 2004) Because neural 
networks have the characteristics of slow convergence and local minima, 
support vector machines are used in this chapter. 

4.3.3 Feature selection by SVM 

Feature selection, or called attributes reduction, is a process of finding an 
optimal subset of all features according to some criteria so that the features 
subset are good enough to represent the classification relation of data. A 
good choice of features subset provided to a classifier can increase its ac-
curacy, save computational time, and simplify its results (Last et al., 2001). 
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As earlier noted, SVM (Vapnik, 1995, 1998) as a class of typical classi-
fication algorithm has the ability to deal with some complex classifications 
and possess good robustness to noise, which gives us more chance to de-
lete noisy attributes and reserve useful attributes. However, support vector 
machines are very inefficient for attribute reduction for their long learning 
time when facing with a large number of attributes. This is a main reason 
why we do 2D-Reduction of original information using rough sets before 
using SVM. 

The basic idea of SVM is to maximize the margin between classes, 
which can be formulated as a convex quadratic programming problem pre-
sented in Equation (4.1). From Equation (4.1), we can easily obtain its in-
verse-square of margin, which can be represented by 

∑ == m
ji j

T
ijiji yyw 1,

2
xxαα  (4.3) 

Feature selection methods that use the above quantity as a criterion have 
been proposed by several authors (Guyon et al., 2002; Brank et al., 2002). 
For attribute reduction with support vector machines, it is possible to de-
compose the above quantity into sum of terms corresponding to original at-
tributes or features: 

∑ ∑= == d
k

m
ji kjkijiji xxyyw 1 1,

2 αα  (4.4) 

where xki is the kth component of xi. Therefore, contribution of kth feature 
to the inverse-square-margin can be given by 

∑ == m
ji kjkijijik xxyyw 1,

2 αα  (4.5) 

Importance of every feature was evaluated according to their values of 
2
kw , and features having 2

kw  close to zero can be discarded without dete-
riorating classification performance. Guyon et al. (2002) employed itera-
tive procedure: starting with all features, a feature having smallest 2

kw  was 

repeatedly set aside and 2
kw  was evaluated using parameter values of a 

classifier trained at each iteration. In this chapter, the iterative procedure is 
also used here due to simplicity. 

4.3.4 Rule Generation by Rough Sets 

The reduced decision table obtained from the previous several processes is 
free of noise and redundant information. By applying rough sets theory, 
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the final knowledge, or rule sets are generated from the reduced decision 
table. 

Actually, a reduced decision table can be seen as a rule set where each 
rule corresponds to one object of the table. The rule set can be generalized 
further by applying rough set value reduction method (Li and Wang, 
2004). Its main idea is to drop those redundant condition values of rules 
and unite those rules in the same class. 

Unlike most value reduction methods, which neglect the difference 
among the classification capabilities of condition attributes, we first re-
move values of those attributes that have less discernibility degree. Thus 
more redundant values can be reduced from decision table and more con-
cise rules can be generated. The steps of the rough-set-based rule genera-
tion algorithm are presented as follows. 

 
Rough-Set-based Rule Generation Algorithm 

Input: a reduced information table S. The set of conditions in S is C and 
the decision attribute is D. The conditions for object oi in S are the set ki 
and its decision is di. 

Output: a rule set. 

Step 1: Construct a discernibility relation matrix (Felix and Ushio, 
1999) and establish an initial rule set. 

Step 2: Calculate the discernibility degree of condition attributes, sort 
the condition attributes by discernibility degree in an ascend way. 

Step 3: Compare every rule in an initial rule set each other, and remove 
some redundant condition attribute values. 

Step 4: Merge the same rules into one rule, transform the rules into 
more generalized rules for each class in D. 

 
By applying rough set method, a rule set is generated and can be used 

for data mining and knowledge discovery purposes. 

4.3.5 General Procedure of the Hybrid Intelligent Mining 
System 

Through the previous general framework and detailed process descriptions, 
we can conclude the general procedure for the proposed data mining sys-
tem to generate rules from a decision table below. 
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Hybrid Intelligent Mining Algorithm 

Step 1: Applying the 2D-Reduction algorithm, a 2D-Reduct can be ob-
tained from an original decision table by vertical reduction and horizontal 
reduction. 

Step 2: Comparing original decision table with 2D-Reduct, some attrib-
utes that are not in 2D-Reduct are removed from the original decision table 
and a reduced decision table can be obtained. 

Step 3: Applying the feature selection approach of support vector ma-
chines, an important attributes subset can be obtained from 2D-Reduct. 

Step 4: Comparing the reduced decision table with important attribute 
subset, some attributes that are not in important attributes are removed. At 
the same time, remove some objects with noise and merge some identical 
objects into one object. 

Step 5: Applying the rough set rule generation algorithm, the rule set or 
knowledge can be extracted from the reduced decision table. 

4.4 Experiment Study 

In this section, we explore the effectiveness of the proposed hybrid intelli-
gent mining system with two published real world credit datasets. For 
comparison, Logistic regression (LogR), artificial neural net-work (ANN), 
the individual rough set (RS) and individual support vector machines 
(SVM) are also conducted the same experiments.  

In addition, three evaluation criteria: true positive (TP) rate, false posi-
tive (FP) rate and catch rate or total rate, are used to measure the accuracy 
of classification, which are defined by 

  
good  observed  ofnumber  

good  as classified  and  good  observedboth  ofnumber 
rate TP =  (4.6)

  
badobservedofnumber 

bad as classified and bad observedboth  ofnumber 
rate FP =  (4.7)

sample  evaluation  ofnumber     the

classified   corrected  ofnumber  
rate  totalrateCatch  ==  (4.8)
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4.4.1 Corporation Credit Dataset 

The corporation credit data is about UK corporate from the Financial 
Analysis Made Easy (FAME) CD-ROM database which can be found in 
the Appendix of Beynon and Peel (2001). It contains 30 failed and 30 non-
failed firms. 12 variables are used as the firms’ characteristics description: 

(01) Sales;  
(02) ROCE: profit before tax/capital employed (%);  
(03) FFTL: funds flow (earnings before tax & depreciation)/total liabili-

ties;  
(04) GEAR: (current liabilities + long-term debt)/ total assets;  
(05) CLTA: current liabilities/total assets;  
(06) CACL: current assets/current liabilities;  
(07) QACL: (current assets–stock)/current liabilities;  
(08) WCTA: (current assets – current liabilities)/ total assets;  
(09) LAG: number of days between account year end and the date the 

annual report and accounts were failed at company registry;  
(10) AGE: number of years the company has been operating since in-

corporation date;  
(11) CHAUD: coded 1 if changed auditor in previous three years, 0 oth-

erwise;  
(12) BIG6: coded 1 if company auditor is a Big6 auditor, 0 otherwise. 

In this experiment, 40 firms are randomly drawn as the training sample. 
Due to the scarcity of inputs, we make the number of good firms equal to 
the number of bad firms in both the training and testing samples, so as to 
avoid the embarrassing situations that just two or three good (or bad, 
equally likely) inputs in the test sample. Thus the training sample includes 
20 data of each class. This way of composing the sample of firms was also 
used by several researchers in the past, e.g., (Altman, 1968; Zavgren, 
1985; Dimitras et al., 1999), among others. Its aim is to minimize the ef-
fect of such factors as industry or size that in some cases can be very im-
portant. Except from the above training sample, the testing sample was 
collected using a similar approach. The testing sample consists of 10 failed 
and 10 non-failed firms. 

In the above 12 variables, the continuous variables or attributes are dis-
cretized using the equal width binding method. In the ANN model, a three-
layer back-propagation neural network with 10 TANSIG neurons in the 
hidden layer and one PURELIN neuron in the output layer is used. The 
network training function is the TRAINLM. Besides, the learning rate and 
momentum rate is set to 0.1 and 0.15. The accepted average squared error 
is 0.05 and the training epochs are 1000. In the SVM model, the regulari-



70      4 Hybridizing Rough Sets and SVM for Credit Risk Evaluation 

zation parameter is 10, and the kernel function is radial basis function with 
σ2 = 5. The above parameters are obtained from trial and error. Such test is 
repeated 30 times and the final TP rate, FP rate and total accuracy are the 
average of the results of the 30 individual tests. According to the general 
procedure of the proposed hybrid data mining system, the computational 
results are shown in Table 4.1. Note that the value in brackets is standard 
deviations. 

Table 4.1. Comparisons of different methods on corporation credit dataset 

Method LogR ANN SVM Rough set Hybrid 

TP rate (%) 66.32 [3.86] 75.36 [3.93] 85.67 [2.89] 84.49 [2.90] 91.33 [2.94] 
FP rate (%) 54.65 [3.36] 64.68 [3.14] 71.66 [2.73] 72.25 [2.74] 83.67 [2.78] 
Total (%) 60.55 [3.45] 70.89 [3.08] 78.58 [2.81] 78.63 [2.82] 87.58 [2.85] 

As can be seen from Table 4.1, we can observe the following two main 
conclusions.  

(1) Of the five methods, the proposed hybrid intelligent mining ap-
proach achieves the best per-formance while the logit regression (LogR) 
performs the worst. The main reason is that the proposed hybrid intelligent 
mining system integrated main advantages of rough sets and SVM and 
thus generating a synergetic effect. While the logit regression is only a in-
dividual statistical approach 

(2) In the former four individual methods, the SVM and rough set per-
form much better than the LogR and ANN. By two-tail paired t-test, the 
difference between the latter two individual methods (i.e., SVM and rough 
set) and the former two individual methods (i.e., LogR and ANN) is sig-
nificant at 5% significance level, but the difference between SVM and 
rough set is insignificant at 5% significance level. Besides the reason that 
the SVM can overcome the local minima problem of ANN, other main 
reasons are worth exploring further. 

4.4.2 Consumer Credit Dataset 

The consumer credit data is about Australian credit card applications ob-
tained from UCI Machine Learning Repository (http://www.ics.uci.edu/ 
~mlearn/databases/statlog/australian/). It consists of 307 good creditors 
and 383 bad creditors. Each sample is characterized by 14 attributes in-
cluding 6 numerical and 8 categorical attributes. All attribute names and 
values have been changed to meaningless symbols to protect confidential-
ity of the data. 37 samples (5 percent) had one or more missing values. 
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These are replaced by the mode of the attribute if it is a categorical and 
mean of the attribute if it is continuous. 

Similarly, some continuous variables or attributes are discretized using 
the equal width binding method. In the ANN model, a three-layer back-
propagation neural network with 14 input nodes, 16 TANSIG neurons in 
the hidden layer and one PURELIN neuron in the output layer is used. The 
network training function is the TRAINLM. In the SVM model, the regu-
larization parameter is 50, and the kernel is radial basis function with σ2 = 
15. The above parameters are obtained from trial and error. Such test is re-
peated 30 times and the final TP rate, FP rate and total accuracy are the 
average of the results of the 30 individual tests. Accordingly, the results 
are reported in Table 4.2. Note that the value in brackets is standard devia-
tions. 

Table 4.2. Comparisons of different methods on consumer credit dataset 

Method LogR ANN SVM Rough set Hybrid 

TP rate (%) 67.76 [3.11] 78.69 [3.93] 88.44 [1.42] 89.03 [1.19] 96.41 [1.23] 
FP rate (%) 58.75 [3.38] 68.81 [3.42] 74.59 [1.73] 71.96 [1.49] 85.96 [1.61] 
Total (%) 62.78 [3.25] 73.75 [3.66] 81.51 [1.68] 80.44 [1.35] 90.15 [1.47] 

From Table 4.2, it is easy to find that the conclusions from Table 4.2 are 
similar to those of Table 4.1. That is, the proposed hybrid intelligent min-
ing approach consistently outperforms the comparable four individual 
methods listed in this chapter. Different from the results presented in Table 
4.1, the total performance of rough set is slightly worse than that of SVM. 
Furthermore, the classification accuracy of the consumer credit is gener-
ally better than that of the corporation credit. The reasons leading to these 
phenomena are worth exploring in the future. 

To summarize, it is obvious that the performance of the hybrid approach 
is better than those of the four individual approaches listed in the experi-
ments. It correctly classifies 83.67% of bad instances and 91.33% of good 
firms and the total accuracy arrives at 87.58% in the corporation credit 
dataset. In the consumer credit dataset, it correctly classifies 96.41% of 
good instances and 85.96% of bad firms. The main reason leading to this 
advantage reflects the following two-fold. 

(1) The proposed hybrid intelligent mining system achieves the syn-
ergy effect of the combination of SVM and rough set. 

(2) The proposed hybrid intelligent mining system can filter effec-
tively the noise in the data, which make generated rules more ac-
curate. 
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4.5 Concluding Remarks 

In this chapter, a hybrid intelligent mining system integrating rough sets 
and support vector machines is designed to evaluate credit risks from a 
new perspective. Through rough set approach a decision table is first re-
duced by removing redundant attributes and duplicate objects with 2D-
reduction algorithm. Then a support vector machine is trained to delete 
noisy attributes in the decision table. Finally, the classification rules are 
generated from the reduced decision table by rough sets. 

To demonstrate the effectiveness of the proposed hybrid intelligent min-
ing system, two publicly credit dataset are used. The experimental results 
obtained reveal that the proposed hybrid intelligent mining system can 
generate more accurate classification results than individual rough set, 
SVM, ANN and logit regression, indicating that the proposed hybrid intel-
ligent mining system can be used as an alternative tool for credit risk 
evaluation and analysis problems. Of course, this hybrid intelligent mining 
system can also be extended to other mining applications. 

 



5 A Least Squares Fuzzy SVM Approach to Credit 
Risk Assessment 

5.1 Introduction 

Credit risk assessment has been the major focus of financial and banking 
industry due to recent financial crises and regulatory concern of Basel II. 
Since 1960s, many different techniques, such as discriminant analysis 
(Altman, 1968), logit analysis (Wiginto, 1980), probit analysis 
(Grablowsky and Talley, 1981), linear programming (Glover, 1990), inte-
ger programming (Mangasarian, 1965), k-nearest neighbor (KNN) (Henley 
and Hand, 1996) and classification tree (Makowski, 1985) have widely 
been applied to credit risk assessment tasks. Recently, tools taken from ar-
tificial intelligent (AI) area such as artificial neural networks (ANN) (Lai 
et al., 2006b, 2006d; Chen and Huang, 2003), genetic algorithm (GA) 
(Chen and Huang, 2003; Varetto, 1998) and support vector machine 
(SVM) (Huang et al., 2004; Van Gestel et al., 2003; Lai et al., 2006a, 
2006c) have also been employed. The empirical results revealed that the 
AI techniques are advantageous to traditional statistical models and opti-
mization techniques for credit risk evaluation in terms of prediction accu-
racy. 

Almost all classification methods can be used to assess credit risk, some 
hybrid and combined (or ensemble) classifiers, which integrate two or 
more single classification methods, have shown higher correctness of pre-
dictability than any individual methods. Combined or ensemble classifier 
research is currently flourishing in credit scoring. Recent examples are 
neural discriminant technique (Lee et al., 2002), neuro-fuzzy (Piramuthu, 
1999; Malhotra and Malhotra, 2002), fuzzy SVM (Wang et al., 2005), 
evolving neural network (Smalz and Conrad, 1994), and neural network 
ensemble (Lai et al., 2006b). Some comprehensive literature about credit 
risk assessment or credit scoring can be referred to two recent surveys 
(Thomas, 2002; Thomas et al., 2005) for more details. 
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In this chapter, we introduce a new credit risk classification technique, 
least squares fuzzy SVM (LS-FSVM), to discriminate good creditors from 
bad ones. The fuzzy SVM (FSVM) was first proposed by Lin and Wang 
(2002) and it has more suitability in credit risk assessment. The main rea-
son is that in credit risk assessment areas we usually cannot label one cus-
tomer as absolutely good who is sure to repay in time, or absolutely bad 
who will default certainly, the FSVM treats every sample as both positive 
and negative classes with the fuzzy membership. By this way the FSVM 
will have more generalization ability, while preserving the merit of insen-
sitive to outliers. Although the FSVM has good generalization capability, 
the computational complexity of the existing FSVM is rather difficult be-
cause the final solution is derived from a quadratic programming (QP) 
problem. For reducing the complexity, this chapter proposes a least 
squares solution to FSVM. In the proposed model, we consider equality 
constraints instead of inequalities for the classification problem with a 
formulation in least squares sense. As a result the solutions follow directly 
from solving a set of linear equations, instead of QP from the classical 
FSVM approach (Lin and Wang, 2002), thus reducing the computational 
complexity relative to the classical FSVM. The main motivation of this 
chapter is to formulate a least squares version of FSVM for binary classifi-
cation problems and to apply it to the credit risk evaluation field and mean-
time, to compare its performance with several typical credit risk assess-
ment techniques. 

The rest of this chapter is organized as follows. Section 5.2 illustrates 
the methodology formulation of LS-FSVM. In Section 5.3, we use a real-
world credit dataset to test the classification potential of the LS-FSVM. 
Section 5.4 concludes the chapter. 

5.2 Least Squares Fuzzy SVM 

In this section, we first present a brief introduction on SVM in classifica-
tion problems (Vapnik, 1995). Then a Fuzzy SVM model (Lin and Wang, 
2002) is also reviewed. Motivated by Lai et al. (2006c) and Suykens and 
Vandewalle (1999), a least squares FSVM model is presented. 

5.2.1 SVM (By Vapnik (1995)) 

Given a training dataset ),,1}(,{ Niyx ii K=  where N
i Rx ∈ is the ith input 

pattern and yi is its corresponding observed result, and it is a binary vari-
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able. In credit risk evaluation models, xi denotes the attributes of applicants 
or creditors; yi is the observed result of timely repayment. If the customer 
defaults, yi =1, else yi = –1. SVM first maps the input data into a high-
dimensional feature space through a mapping function )(⋅φ  and finds the 
optimal separating hyperplane with the minimal classification errors. The 
separating hyperplane can be represented as follows: 

0)()( =+= bxwxz Tφ  (5.1) 

where w is the normal vector of the hyperplane and b is the bias that is a 
scalar. 

Suppose that  )(⋅φ  is a nonlinear function that maps the input space into 
a higher dimensional feature space. If the set is linearly separable in this 
feature space, the classifier should be constructed as follows: 
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which is equivalent to 

Niforbxwy i
T
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In order to deal with data that are not linearly separable, the previous 
analysis can be generalized by introducing some nonnegative variables 

0≥iξ  such that (5.3) is modified to 
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The nonzero iξ  in (5.4) are those for which the data point xi does not 
satisfy (5.3). Thus the term ∑ =

N
i i1ξ can be thought of as some measures of 

the amount of misclassifications. 
According to the structural risk minimization principle, the risk bound is 

minimized by formulating the following optimization problem 
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where C is a free regularization parameter controlling the trade-off be-
tween margin maximization and tolerable classification error. 

Searching the optimal hyperplane in (5.5) is a QP problem. By introduc-
ing a set of Lagrangian multipliers iα  and iβ  for constraints in (5.5), the 
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primal problem in (5.5) becomes the task of finding the saddle point of the 
Lagrangian function, i.e., 
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Differentiate (5.6) with w, b, and  
iξ , we can obtain 
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To obtain a solution of iα , the dual problem of the primal problem (5.5) 

becomes 
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The function )(xφ  is used to map the input vector into a higher dimen-
sion space such that the two groups are linearly separable. But now we still 
don’t know the explicit form of )(xφ  in solving the quadratic program-
ming problem. The merit of support vector machine is that, by a kernel 
function, K(xi, xj), which is the inner product in the feature space, i.e., 

),()()( jii
T

i xxKxx =φφ  (5.9) 

which is motivated by Mercer’s Theorem (Vapnik, 1995), K(xi, xj) is the 
kernel function in the input space that computes the inner product of two 
data points in the feature space. The kernel function tries to make the train-
ing data linear-separability in the high dimension feature space, thus 
achieve nonlinear-separability in the input space. By this way we can find 
the optimal map function, even without specifying the explicit form of 
map function )(xφ . The choice of kernel includes linear: K(xi, xj) = xi

Txj, 
polynomial: K(xi, xj) = (xi

Txj+1)d, radial-basis function network: K(xi, xj) = 

{ }22

2
exp σji xx −−  and two layer neural network perception: K(xi, xj) = 

( )θβ +j
T
i xxtanh  where d, σ, θ and β are constants. All kernel function 

should satisfy Mercer’s conditions. 
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According to the Kuhn-Tucker (KT) theorem (Fletcher, 1987), the KT 
conditions for (5.8) are defined as 

Nibxwy i
T

ii ,,2,1,0]1))(([ L==+−+ ξφα  (5.10) 

NiC ii ,,2,1,0)( L==− ξα  (5.11) 

From this equality it comes that the only nonzero values iα  in (5.10) 

are those for which the constraints (5.4) are satisfied with the equality sign. 
The data points xi (i=1,2,…, s) corresponding with iα >0 are called support 

vectors (SVs). But there are two types of SVs in a nonseparable case. In 
the case 0< iα <C, the corresponding support vector xi satisfies the equali-

ties 1])([ =+ bxwy k
T

k φ  and 
iξ =0. In the case iα =C, the corresponding 

iξ is not zero and the corresponding support vector xi does not satisfy 

(5.2). We refer to such SVs as errors. The data points xi (i=1, 2,…, s) cor-
responding with iα =0 are classified correctly. 

From (5.7), the optimal solution for the weight vector is given by 
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i iii xyw
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)(φα  (5.12) 

where Ns is the number of SVs. Moreover, in the case of 0< iα <C, we 

have 
iξ =0 in terms of KT condition in (5.11), thus one may determine the 

optimal bias b by taking any data point in the dataset. However, from the 
numerical perspective it is better to take the mean value of b resulting from 
such data points in the data set. Once the optimal pair (w, b) is determined, 
the decision function of the SVM is obtained as 

)),(()( 1∑ = += sN
i jiii bxxKysignxz α  (5.13) 

In this chapter we will use x ’s decision value ∑ =
sN

i jiii xxKy1 ),(α  as its 

credit score, instead of the classifier (5.13) directly. A credit analyst can 
specify a cutoff to change the percent of accepted. Only the instance’s 
credit score is larger than the cutoff, his application will be accepted. 

5.2.2 FSVM (By Lin and Wang (2002)) 

SVM is a powerful tool for solving classification problems (Vapnik, 
1995), but there are still some limitations of this theory. From the training 
dataset and formulation discussed above, each training point belongs to ei-
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ther one class or the other. But in many real-world applications, each train-
ing data points no more exactly belongs to one of the two classes, it may 
80% belong to one class and 20% be meaningless. That is to say, there is a 
fuzzy membership ]1,0[}{ 1 ∈=

N
iiµ  associated with each training data point 

xi. In this sense, FSVM is an extension of SVM that takes into considera-
tion the different significance of the training samples. For FSVM, each 
training sample is associated with a fuzzy membership value 

]1,0[}{ 1 ∈=
N
iiµ . The membership value 

iµ  reflects the confidence degree 

of the data points. The higher its value, the more confident we are about its 
class label. Similar to SVM, the optimization problem of the FSVM is 
formulated as follows (Lin and Wang, 2002): 
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Note that the error term iξ  is scaled by the membership value iµ . The 
fuzzy membership values are used to weigh the soft penalty term reflects 
the relative confidence degree of the training samples during training. Im-
portant samples with larger membership values will have more impact in 
the FSVM training than those with smaller values. 

Similar to the Vapnik’s SVM, the optimization problem of FSVM can 
be transformed into the following dual problem: 
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In the same way, the KT conditions are defined as 

Nibxwy i
T

ii ,,2,1,0]1))(([ L==+−+ ξφα  (5.16) 

NiC iii ,,2,1,0)( L==− ξαµ  (5.17) 

The data point xi corresponding with iα >0 is called a support vector. 

There are also two types of SVs. The one corresponding with 
Cii µα <<0  lies on the margin of the hyperplane. The one correspond-

ing with Cii µα =  is misclassified. 

Solving (5.15) will lead to a decision function similar to (5.13), but with 
different support vectors and corresponding weights iα . An important dif-

ference between SVM and FSVM is that the data points with the same 
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value of iα  may indicated a different type of SVs in FSVM due to the 

membership factor iµ  (Lin and Wang, 2002). In the previous studies, Lin 

and Wang (2002) set the membership as a function of the distance between 
the point and its class centre, while Huang and Liu (2002) proposed an in-
telligent outlier detection method, based on several techniques including 
Kohonen’s self-organizing map, index of fuzziness and fuzzy c-means al-
gorithms. Interested readers can be referred to Lin and Wang (2002) and 
Huang and Liu (2002) for more details. 

5.2.3 Least Squares FSVM 

In both SVM and FSVM, the solution can be obtained by solving some QP 
problem. The deadly problem of the method is that it is difficult to find the 
solution by QP when we face some large-scale real-world problems. Moti-
vated by Lai et al. (2006c) and Suykens and Vandewalle (1999), a least 
squares FSVM (LS-FSVM) model is introduced by formulating the classi-
fication problem as 
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One can defines the Lagrangian function 
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where iα  are Lagrangian multipliers, which can be either positive or nega-

tive now due to the equality constraints as follows from the KT conditions 
(Fletcher, 1987). 

The optimal conditions are obtained by differentiating (5.19) 
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From (5.20) we can obtain the following representation 
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In a matrix form, these optimal conditions in (5.21) can be expressed by 
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where Ω, Y, and 1 are, respectively, 
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From (5.23), Ω is positive definite, thus the α  can be obtained from 
(5.22), i.e., 

)(1 Y1Ωα b−= −  (5.26) 

Substituting (5.26) into the second matrix equation in (5.22), we can ob-
tain 

YΩY
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= T

T
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Here, since Ω is positive definite, Ω-1 is also positive definite. In addi-
tion, since Y is a non zero vector, YTΩ-1Y>0. Thus, b is always obtained. 
Substituting (5.27) into (5.26), α  can be obtained. 

The main advantages of the LS-FSVM can be summarized as follows. 
First of all, they require less prior assumptions about the input data, such 
as normal distribution and continuousness, similar to the SVM. Second, 
they can perform a nonlinear mapping from an original input space into a 
high dimensional feature space, in which it constructs a linear discriminant 
function to replace the nonlinear function in the original input space. This 
character also solves the dimension disaster problem because its computa-
tional complexity is not dependent on the sample dimension. Third, they 
attempt to learn the separating hyperplane to maximize the margin, there-
fore implementing structural risk minimization and realizing good gener-
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alization ability. Fourth, a distinct trait of LS-FSVM can further lower 
computational complexity by transforming a quadratic programming prob-
lem into a linear equation problem. Finally, an important advantage of LS-
FSVM is that the support values iα  in LS-FSVM are proportional to the 

membership degree and errors simultaneously at the data points thus mak-
ing LS-FSVM more suitable for real-world problems. These important 
characteristics will also make LS-FSVM popular in many practical appli-
cations. 

5.3 Experiment Analysis 

In this section, a real-world credit dataset is used to test the performance of 
LS-FSVM. For comparison purposes, linear regression (LinR), logistic re-
gression (LogR), artificial neural network (ANN), Vapnik’s SVM, Lin & 
Wang’s FSVM and LSSVM are also conducted the experiments. 

The dataset in this chapter is from the financial service company of Eng-
land, obtaining from accessory CDROM of Thomas et al. (2002). Every 
applicant includes 14 variables, listed by Table 5.1. The dataset includes 
detailed information of 1225 applicants, in which including 323 observed 
bad applicants. 

Table 5.1. Variables of the experimental dataset 

No. Variables 
1 Year of birth 
2 Number of children 
3 Number of other dependents 
4 Is there a home phone 
5 Applicant’s income 
6 Applicant’s employment status 
7 Spouse’s income 
8 Residential status 
9 Value of home 

10 Mortgage balance outstanding 
11 Outgoings on mortgage or rent 
12 Outgoings on loans 
13 Outgoings on hire purchase 
14 Outgoings on credit cards 

In this experiment, LS-FSVM, FSVM, LSSVM and SVM models use 
RBF kernel to perform classification task. In the ANN model, a three-layer 
back-propagation neural network with 10 TANSIG neurons in the hidden 
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layer and one PURELIN neuron in the output layer is used. The network 
training function is the TRAINLM. Besides, the learning rate and momen-
tum rate is set to 0.1 and 0.15. The accepted average squared error is 0.05 
and the training epochs are 1600. The above parameters are obtained by 
trial and error. The experiment runs by Matlab 6.1 with statistical toolbox, 
NNET toolbox and LS-SVM toolbox provided by Suyken and Vandewalle 
(1999). In addition, three evaluation criteria measure the efficiency of clas-
sification. 

  
badobservedofnumber 

bad as classified and bad observedboth  ofnumber 
accuracy  I  Type =  (5.28)

  
good observed ofnumber 

good as classified and good observedboth  ofnumber 
accuracy  II  Type =  (5.29)

sample evaluation ofnumber  the

tionclassificacorrect  ofnumber 
accuracy  Total =  (5.30)

To show its ability of LS-FSVM in discriminating potentially insolvent 
creditors from good creditors, we perform the testing with LS-FSVM at 
the beginning. This testing process includes five steps. First of all, we tri-
ple every observed bad creditor to make the number of observed bad 
nearly equal the number of observed good. Second we preprocess the data-
set so that the mean is 0 and the standard deviation is 1. Third the dataset is 
randomly separated two parts, training samples and evaluation samples, 
1500 and 371 samples respectively. Fourth, fuzzy membership is generated 
by linear transformation function proposed by Wang et al. (2005) in terms 
of initial score by expert’s experience. Finally we train the FSVM classi-
fier and evaluate the results. The above four steps are repeated 20 times to 
evaluate its robustness. The efficiency and robustness of credit risk evalua-
tion by LS-FSVM are shown in Table 5.2. 

From Table 5.2, we can find the LS-FSVM has a strong classification 
capability. In the 20 experiments, Type I accuracy, Type II accuracy and 
total accuracy are 81.34%, 93.27% and 88.16%, respectively, in the mean 
sense. Furthermore, the standard devation is rather small, revealing that the 
robustness of the LS-FSVM is good. These results imply that the LS-
FSVM is a feasible credit risk evaluation technique. 

For further illustration, LS-FSVM’s power of classification is also com-
pared with other six commonly used classifiers: liner regression (LinR), 
logistics regression (LogR), artificial neural network (ANN), Vapnik’s 
SVM, FSVM and LSSVM. The results of comparison are reported in Ta-
ble 5.3. 

 



5.3 Experiment Analysis      83 

Table 5.2. Credit risk evaluation results by LS-FSVM 

Experiment No. Type I (%) Type II (%) Total (%) 
1 81.56 93.81 88.54 
2 86.98 95.14 92.53 
3 82.02 91.84 88.49 
4 79.81 98.36 93.53 
5 87.77 94.03 92.24 
6 81.56 96.85 92.38 
7 79.19 93.05 87.41 
8 85.69 92.11 88.86 
9 79.27 89.33 87.63 

10 82.45 96.58 90.45 
11 77.96 93.08 85.06 
12 80.61 89.57 85.89 
13 81.16 93.41 88.34 
14 78.96 89.88 87.56 
15 85.56 97.35 94.53 
16 70.36 98.13 84.11 
17 80.14 92.01 88.68 
18 75.22 89.54 86.25 
19 86.72 89.61 88.04 
20 83.85 94.70 92.64 

Mean 81.34 93.41 89.21 
Stdev 4.20 2.98 3.02 

Table 5.3. Performance comparisons of different classifiers 

Method Type I (%) Type II (%) Overall (%) 
LinR 52.87 43.48 50.22 
LogR 60.08 62.29 60.66 
ANN 56.57 78.36 72.24 
SVM 70.13 83.49 77.02 

LSSVM 79.37 93.27 89.16 
FSVM 80.08 92.86 88.38 

LS-FSVM 81.34 93.41 89.21 

As can be seen from Table 5.3, we can find the following several con-
clusions: 

(1) For type I accuracy, the LS-FSVM is the best of all the listed ap-
proaches, followed by the FSVM, LSSVM, Vapnik’s SVM, logistics re-
gression, artificial neural network model, and linear regression model, im-
plying that the LS-FSVM is a very promising technique in credit risk 
assessment. Particularly, the performance of two fuzzy SVM techniques 
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(Lin & Wang’s FSVM and LS-FSVM) is better than that of other listed 
classifiers, implying that the fuzzy SVM classifier may be more suitable 
for credit risk assessment tasks than other deterministic classifiers, such as 
LogR. 

(2) For Type II accuracy and total accuracy, the LS-FSVM and LSSVM 
outperforms the other five models, implying the strong capability of least 
squares version of SVM model in credit risk evaluation.  Meantime, the 
proposed LS-FSVM model seems to be slightly better LSSVM, revealing 
that the LS-FSVM is a feasible solution to improve the accuracy of credit 
risk evaluation. Interestedly, the performance of the FSVM is slightly 
worse than that of the LSSVM, the main reasons leading to this phenome-
non are worth exploring further. 

(3) From the general view, the LS-FSVM dominates the other six classi-
fiers, revealing that the proposed LS-FSVM is an effective tool for credit 
risk evaluation. 

5.4 Conclusions 

In this chapter, a powerful classification method, a least squares fuzzy sup-
port vector machine (LS-FSVM), is proposed to assess the credit risk prob-
lem. Through the least squares method, a quadratic programming problem 
of FSVM is transformed into a linear equation group problem successfully 
and thus reducing the computational complexity greatly. Using the practi-
cal data experiment, we have obtained good classification results and 
meantime demonstrated that the LS-FSVM model can provide a feasible 
alternative solution to credit risk assessment. Besides credit risk evaluation 
problem, the proposed LS-FSVM model can also be extended to other ap-
plications, such as consumer credit rating and corporate failure prediction. 

 



6 Evaluating Credit Risk with a Bilateral-Weighted 
Fuzzy SVM Model 

6.1 Introduction 

Extant evidence shows that in the past two decades bankruptcies and de-
faults have occurred at higher rates than at any time. Due to recent finan-
cial crises and regulatory concerns, credit risk assessment is an area that 
has seen a resurgence of interest from both the academic world and the 
business community. Especially for credit-granting institutions, such as 
commercial banks and some credit card companies, the ability to discrimi-
nate faithful customers from bad ones is crucial. In order to enable the in-
terested parties to take either preventive or corrective action, the need for 
efficient and reliable models that predict defaults accurately is imperative. 

The general approach of credit risk analysis is to apply a classification 
technique on similar data of previous customers – both faithful and delin-
quent customers – in order to find a relation between the characteristics 
and potential failure. Accurate classifiers should be found in order to cate-
gorize new applicants or existing customers as good or bad. 

In the seminal paper, Fisher (1936) attempted to find a linear classifier 
that best differentiates between the two groups of satisfactory and unsatis-
factory customers based on statistical discriminant analysis. Nonlinear re-
gression models, logistic regression (Wiginton, 1980) and probit regres-
sion (Grablowsky and Talley, 1981), also have been applied in credit risk 
analysis. 

Linear programming and integer programming also has found successful 
application in credit risk assessment arena. The idea is to apply program-
ming techniques to choose weight vector, w, so that the weighted sum of 
the answers xw'  is above some cutoff value for the good applicants and 
below the cutoff value for the bad ones. The classical work of classifica-
tion by programming can be found in Mangasarian (1965) and Glover 
(1990). 
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The nearest-neighbor approach is a standard nonparametric approach to 
the classification problem. It was applied in credit risk analysis first by 
Chatterjee and Barcun (1970) and later by Henley and Hand (1996). The 
idea is to choose a metric on the space of applicant data to measure how 
far apart any two applicants are. Then, with a sample of past applicants as 
a representative standard, a new applicant is classified as good or bad de-
pending on the proportions of “goods” and “bads” among the k-nearest ap-
plicants from the representative sample – the new applicant’s nearest 
neighbors. 

The classification tree, also known as recursive partitioning algorithms 
(RPA), is a completely different statistical approach to classification. The 
idea is to split the set of application answers into different sets and then 
identify each of these sets as good or bad depending on what the majority 
is in that set. Makowski (1985) and Coffman (1986) firstly applied the 
method in credit risk analysis. 

Neural networks, which were originally developed from attempts to 
model the communication and processing information in the human brain, 
are the most promising credit risk analysis models, and have been adopted 
by many credit risk analysis systems. Neural networks could be developed 
to classify nonlinearly separable cases using multiple-layer networks with 
nonlinear transfer functions. But neural networks induce new problems 
such as overfitting and an opaque mechanism. There is a vast literature of 
neural network’s application in credit risk analysis. Recent publications on 
its application in credit risk analysis include Smalz and Conrad (1994), Pi-
ramuthu (1999), Malhotra and Malhotra (2002, 2003) and Lai et al. 
(2006d). 

The genetic algorithm is a procedure of systematically searching 
through a population of potential solutions to a problem so that candidate 
solutions that come closer to solving the problem have a greater chance of 
being retained in the candidate solution than others. Its application in the 
credit risk analysis field can be found in Varetto (1998) and Chen and 
Huang (2003). 

Rough set theory was introduced by Pawlak (1982). Its philosophy is 
founded on the assumption that with every object of the universe of dis-
course we associate some information (data, knowledge). It can be ap-
proached as an extension of the classical set theory, for use when repre-
senting incomplete knowledge. Rough sets can be considered as sets with 
fuzzy boundaries – sets that cannot be precisely characterized using the 
available set of attributes. Rough set theory can complement other theories 
that deal with data uncertainty, such as probability theory and fuzzy set 
theory. Rough set theory is used to discriminate between healthy and fail-
ing firms in order to predict business failure in Dimitras et al. (1999). 
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The above is just a partial list of commonly used credit risk analysis 
methods. Some combined or ensemble classifiers, which integrate two or 
more single classification methods, have shown higher correctness of pre-
dictability than individual methods. For example, Lai et al. (2006b) used a 
neural network ensemble model for credit risk evaluation. Research into 
combined classifiers in credit risk analysis is currently flourishing. A good 
recent survey on credit risk assessment is Thomas (2002). 

Support vector machine (SVM) is first proposed by Vapnik (1995, 
1998a, 1998b). Unlike classical methods that merely minimize the empiri-
cal training error, SVM aims at minimizing an upper bound of the gener-
alization error by maximizing the margin between the separating hyper-
plane and the data. It is a powerful and promising data classification and 
function estimation tool. In this method the input vectors are mapped into a 
higher dimensional feature space and an optimal separating hyperplane in 
this space is constructed. SVMs have been successfully applied to a num-
ber of applications ranging from bioinformatics to text categorization and 
face or fingerprint identification. 

Applications of SVM in credit analysis include Van Gestel et al. (2003a, 
2003b), Stecking and Schebesch (2003), Huang et al. (2004), and Lai et al. 
(2006a, 2006c). Huang et al. used two datasets from Taiwanese financial 
institutions and United States’ commercial banks as an experimental test 
bed to compare the performance of SVM with back propagation neural 
networks. Their results showed that SVMs achieved accuracy comparable 
with that of back propagation neural networks. Van Gestel et al. (2003a) 
and Van Gestel et al. (2003b) compare classical linear rating methods with 
state-of-the-art SVM techniques. The test results clearly indicate the SVM 
methodology yielded significantly better results on an out-of-sample test 
set. And other studies also revealed that SVM is useful for credit risk 
analysis and evaluation. 

One of the main drawbacks in the application of standard SVM is their 
sensitive to outliers or noises in the training sample due to overfitting as 
shown in Guyon (1996) and Zhang (1999). In the work of Huang and Liu 
(2002) and Lin and Wang (2002), fuzzy SVM is proposed to deal with the 
problem. Each instance will be assigned a membership that is according to 
its distance from its own class. In fuzzy SVM each instance’s contribution 
to the total error term in the objective function is weighted by its member-
ship, instead of equally 1. Experimental results show that the proposed 
fuzzy SVM can actually reduce the effect of outliers and yield higher clas-
sification rate than traditional SVMs do. 

Motivated by Huang and Liu (2002) and Lin and Wang (2002), this 
chapter presents a new fuzzy SVM, which is called as “bilateral-weighted 
fuzzy SVM”, to evaluate the credit risk. Unlike the fuzzy SVM described 
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in Huang and Liu (2002) and Lin and Wang (2002), this chapter treats 
each instance as both of positive and negative classes, but assigned with 
different memberships. This can also be regarded as constructing two in-
stances from the original instance and assigning its memberships of posi-
tive and negative classes respectively. If one instance is detected as an out-
lier, which means that it is very likely to fall in this class, but actually it 
falls in the contrary class actually, we treat it as a member of this class 
with large membership, at the same time treat it as a member of the con-
trary class with small membership. The intuition is that we can make more 
efficient use of the training sample and achieve better generalization abil-
ity in such way. 

The economic meaning of the bilateral-weighted fuzzy SVM is that the 
most reliable customer also may default his or her debt and vice verse. 
Kwok (1998), Suykens and Vandewalle (1999) and Van Gestel et al. 
(2002) provided a probability framework for understanding SVM or least 
square SVM. Their work mainly focused on automatic adjustment of regu-
larization parameter and the kernel parameter to the near optimal. 

The bilateral-weighted fuzzy SVM is also different from least squares 
fuzzy SVM presented in the previous chapter and fuzzy least squares SVM 
proposed by Tsujinishi and Abe (2003) which is resolved for multi-
classification. In their paper, Tsujinishi and Abe defined a membership 
function in the direction perpendicular to the optimal separating hyper-
plane that separates a pair of classes, and then determined the member-
ships of each data for each class based on minimum or average operation. 
In their each two-class classification computation, the objective function is 
the same as the basic LS-SVM, while in bilateral-weighted fuzzy SVM, 
the total error term is weighted by the memberships of the data for its 
class. In other words Tsujinishi and Abe (2003) used memberships gener-
ated the results of pair wise classification by standard LSSVM to deter-
mine one instance’s memberships of a class by minimum or average opera-
tor, while the bilateral-weighted fuzzy SVM used memberships generated 
by some credit risk analysis methods to weight the error term in the objec-
tive function in SVM. 

The rest of the chapter is organized as follows. Section 6.2 describes the 
formulation of the bilateral-weighted fuzzy SVM in detail. The empirical 
results of the proposed bilateral-weighted fuzzy SVM model are described 
in Section 6.3. Section 6.4 concludes the chapter. 
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6.2 Formulation of the Bilateral-Weighted Fuzzy SVM 
Model 

In this section we introduce the new bilateral-weighted fuzzy SVM in de-
tail. The main idea of fuzzy SVM (Huang and Liu, 2002; Lin and Wang, 
2002) is that if the input is detected as an outlier, one input’s membership 
will decrease, thus its contribution to total error term also decreases. Our 
new bilateral-weighted fuzzy SVM follows in the same idea that one input 
is assigned a low membership of the class if it is detected as an outlier. 
But, different from fuzzy SVM in Huang and Liu (2002) and Lin and 
Wang (2002), the new bilateral-weighted fuzzy SVM also treat each input 
as an input of the opposite class with higher membership. In such way the 
new bilateral-weighted fuzzy SVM can make full use of the data and 
achieve better generalization ability. 

Because in the new fuzzy SVM one instance contributes two errors to 
the total error term in the objective function, while in previous proposed 
SVM presented by Huang and Liu (2002) and Lin and Wang (2002), one 
instance contribute just one error, we call the fuzzy SVM in Huang and 
Liu (2002) and Lin and Wang (2002) as Unilateral-weighted fuzzy SVM 
(abbreviated as “U-FSVM”), the proposed new fuzzy SVM as Bilateral-
weighted fuzzy SVM (abbreviated as “B-FSVM”) in this chapter. 

In this section we first explain why we apply fuzzy theory to bilaterally 
weight fitting error in the model. Then we show how to solve the training 
problem by transforming it into a quadratic programming problem. How to 
generate memberships will be analyzed in the end. 

6.2.1 Bilateral-Weighting Errors 

In many applications, especially in business, clear classifications are usu-
ally impossible. In credit risk analysis, we cannot say one customer is ab-
solutely good and he will not default his debt at any event, or vice versa. 
Applicants who are considered least likely to default may become insol-
vent. Based on this idea, we treat every data point in the training dataset as 
both positive and negative class but with different memberships. Member-
ships are assigned to both classes for every data point. The underlying 
economic meaning of credit risk analysis is that we treat each training 
sample as being both a possible good and bad customer to increase the 
training algorithm’s generalization ability. This means that we increase the 
number of training data points from the original N to 2×N, i.e. from the 
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training dataset },{ kk yx  for Nk ,,1K= to }1,1,{},,1,{ kkkk mxmx −−  for 
Nk ,,1K= . 

In the notations },,{ kkk myx , kx  is the kth input vector, ky  is the ob-

served result and km  is the membership for the kth applicants to the class 

ky . So the classification problem can be formulated as: 
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It is the bilateral-weighting error measure that makes the new fuzzy 
SVM distinct from other SVMs existing in the previous studies. In the bi-
lateral-weighted FSVM the error term of an input originally labeled as 
positive 
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While in the standard SVM and Unilateral-weighted fuzzy SVM, the er-
ror term of an input originally labeled as positive is (6.3) and (6.4), respec-
tively. 
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The error term in objective function for an input originally labeled as 
negative can also be written similarly and it is neglected here. 
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6.2.2 Formulation Process of the Bilateral-weighted fuzzy SVM 

Letting the corresponding Lagrange multipliers to the conditions be 

kkkk vu ,,,βα , we construct the Lagrangian function of the above model 

∑∑∑

∑

∑∑

===

=

==

−−−+++

+−+−

−++=

N

k
kk

N

k
kk

N

k
kkk

N

k
kkk

k

N

k
k

N

k
kk

T

kkkkkk
bw

vubxw

bxw

mcmCww

bwJ
kkkkkk

111

1

11

,,,,,,

)1)(*(

)1)([

)1(
2
1

),,,;,,,(minmax

ξξηφβ

ξφα

ηξ

νµβαηξ
ηξνµβα

 (6.5)

Differentiating this with w, b, kξ  and kη , 
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From the Kuhn-Tucker Theorem the following conditions are also satis-
fied: 

0)1)(*( =+−+ kk
T

k bxw ξφα  for k = 1,…,N (6.10) 

0)1)(*( =−++ kk
T

k bxw ηφβ  for k = 1,…,N (6.11) 

Nkforu kk ,,10 K==ξ  (6.12) 

Nkforv kk ,,10 K==ξ  (6.13) 
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0≥kα ; 0≥kβ ; 0≥kµ ; 0≥kν ; 0≥kξ ; 0≥kη  for k = 1,…,N (6.14) 

According to condition (6.6), we obtain 

∑ = −= N
K kkk xw 1 )()( φβα  (6.15) 

From (6.8), (6.9) and (6.14), we get 

kk Cm≤≤α0  for k = 1,…,N (6.16) 

)1(0 kk mC −≤≤ β  for k = 1,…,N (6.17) 

From (6.8), (6.12) and (6.14), we know kkCm α−  and kξ  can not be 
larger than zero simultaneously, or one of the constraints can not be satis-
fied. Therefore we have 

0)( =− kkk Cm αξ  for k = 1,…,N (6.18) 

Same as with kξ , kη  satisfies 

0])1([ =−− kkk mC βη  for k = 1,…,N (6.19) 

Taking the difference between the sum of (6.10) and (6.11) from k = 1 
to N, we obtain 
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Incorporating (6.7), (6.18) and (6.19), we have 
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Note the left of equation (6.21) is the second term of the model’s objec-
tive function. Substituting (6.15) and (6.21) into the objective function, we 
can deduce the reformulation of the above model. 
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Let 

)()(),( j
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In order to transform this into a quadratic programming problem, we let 

kkk βαγ −= . The above optimization becomes 
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After solving this and substituting ∑ = −= N
k kkk xw 1 )()( φβα  into the 

original classification problem, we obtain the following classifier: 

)),()(())(()( 1∑ = +−=+= N
k kkk

T bxxKsignbxwsignxy βαφ  (6.25)

In this chapter we will use the decision value ∑ = −N
k kkk xxK1 ),()( βα  as 

final credit score obtained from the new bilateral-weighted fuzzy SVM. 
The main drawback of the new bilateral-weighted fuzzy SVM lies in its 

computation complexity, as it involves high dimensional quadratic pro-
gram. The dimensions of quadratic programming are increased from N in 
standard SVM or unilateral-weighed fuzzy SVM to 2*N. Note the quad-
ratic problem is still convex because the Hessian matrix related to (6.25) is 
negative semi-definite. It is interesting that the quadratic programming in-
volved in solving the model is very special. If we arrange the decision 
variables as the vector T

NN ),,,,,,,( 2121 βββγγγ LL , the elements in up-
per-right, low-left and low-right quarter of its corresponding Hessian are 
all zero and only the upper-left quarter is a negative definite matrix. 

6.2.3 Generating Membership 

A key step before solving the quadratic programming is membership’s 
generation. Membership generating method itself is required to have good 
discriminatory power, which means an applicant that is least likely to de-
fault should be assigned a high score by this method. Though the method 
itself can be used to evaluate credit risk, as shown in the empirical tests, 
we may improve its classification performance by the new fuzzy SVM. 
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Many previous credit scoring methods, such as linear regression, discrimi-
nant analysis linear programming, neural networks and SVM itself, can be 
used to generate the memberships. In the next section we will show the 
training results of three membership generating functions: linear regres-
sion, logistic regression and BP-network. 

Here is a problem of how to generate the memberships from scores ob-
tained by other methods, i.e. how to map the initial scores obtained from 
other credit scoring method into a membership which falls in the unit in-
terval [0,1] of memberships. Assume the primary credit score for each cus-
tomer obtained by a basic credit scoring method in known, Sk, the follow-
ing functions can be used to define the instance’s membership of the 
positive class, mk: 
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Logistic: 
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Probit: ⎟
⎠
⎞

⎜
⎝
⎛ −

Φ=
σ
µk

k

S
m  (6.29) 

where S , S , a, b, µ and σ are constants and Φ  is the cumulative normal 
distribution function. 

One of the main drawbacks of linear map function is that sometimes 
small k

Nk
S

,,1
min
L=

 and large k
Nk

S
,,1

max
L=

 will make the map very improper. An 

example is that all ks  is large than zero and k
Nk

S
,,1

max
L=

 is larger 100 times 

than any other instances. In this example all other instances’ memberships 
of the positive class will be less than 0.01 by (6.26). 

In conclusion the training of the new fuzzy SVM consists of the follow-
ing steps: 
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(1) Use a basic credit scoring method to evaluate each training data. 
We get each instance’s primary credit score Sk. 

(2) Use either of (6.26)-(6.29) to compute each instance’s member-
ship of positive class, mk. The instance’s membership of negative 
class is 1- mk. 

(3) Solving the quadratic programming problem (6.24) to obtain the 
final classifier (6.25). 

6.3 Empirical Analysis 

In this section we discuss comparisons of the prediction results obtained by 
standard SVM, U-FSVM and B-FSVM on three public datasets. Three ba-
sic credit scoring models are used to generate the memberships for U-
FSVM and B-FSVM: linear regression (LinR), logistic regression (LogR) 
and artificial neural network (ANN). For SVMs three kinds of kernel are 
compared: linear, polynomial and RBF. So in total 24 models are com-
pared: linear regression, logistic regression, ANN, SVM with linear, poly-
nomial and RBF kernel, U-FSVM with three membership-generating 
methods and the three kinds of kernels respectively, B-FSVM with three 
membership-generating methods and three kinds of kernels respectively. In 
linear regression and logistic regression the labels for good and bad cases 
are 1 and 0 respectively. In ANN and all SVMs the labels for good and bad 
cases are 1 and –1 respectively. 

We use logistic function (6.28) to map the primary score obtained from 
a basic credit scoring Sk to the case’s membership of positive class mk. As-

sume the training dataset include +N  positive instances and +− NN  
negative instances. In all the following three tests we set a=1 and b the av-
erage of the +N th highest primary score and the )1( ++N th highest pri-
mary score. 

After training the machines (or parameter estimation in linear and logis-
tic regression), we input each test data into the machines and obtain its de-
cision value. For SVMs, instead of using the classification result directly 
from (5.13) (standard SVM and Unilateral fuzzy SVM proposed in Chap-
ter 5) or (6.25) (Bilateral fuzzy SVM), we use its decision value as its 
credit score. 

A key question in performance measurement is the determination of the 
cutoff. The higher the cutoff, the more instances will be rejected. In reality 
one should choose the optimal cutoff to tradeoff loses from default be-
tween profits from servicing a good customer. Here, for simplicity, we set 
the cutoff to make the percent of accepted same as the percent of good in 
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the population. Because we don’t know the percent of good in the popula-
tion, we substitute it with the percent of good in the training dataset, which 

means the cutoff will be adjusted such that the top ( ) %100×+ NN  percent 
of instances are accepted and others are refused. Assume the test dataset 
have T instances. We sort the decision values of all instances in ascending 
order and label the highest ( )NNTRound +×  instances as good customers 
and others as bad customers, where Round(·) is the function that rounds 
the element to the nearest integer. 

The classification performance is measured by its Type1 accuracy, 
Type2 accuracy and overall accuracy, which are the percent of correctly 
classified of good customers, percent of correctly classified of bad custom-
ers and the percent of correctly classified in total respectively. 

To decrease the bias due to the choice of split between training sample 
and test sample, we randomly divide each dataset into a test and training 
set, train the machine or estimate the parameters and obtain the 24 models’ 
test results based on this split. The above steps are done k times independ-
ently. The final performance evaluation is based on the average results of 
the ten tests. 

Here we use one-tailed paired t-test to compare the average total accu-
racy. Note t-test is just a heuristic method for comparison in here due to 
the fact that the twenty rates (ten pairs) are not independent. 

6.3.1 Dataset 1: UK Case 

The first dataset is about UK corporations from the Financial Analysis 
Made Easy (FAME) CD-ROM database which can be found in the Appen-
dix of Beynon and Peel (2002). It contains 30 failed and 30 non-failed 
firms. 12 variables are used as the firms’ characteristics, which are de-
scribed in Section 4.4.1 of Chapter 4. 

In each individual test 40 firms are randomly drawn as the training sam-
ple. Due to the scarcity of inputs, we make the number of good firms equal 
to the number of bad firms in both the training and testing samples, so as 
to avoid the embarrassing situations that just two or three good (or bad, 
equally likely) inputs in the test sample. For example the Type1 accuracy 
can only be 0, 50% or 100% if the test dataset include only 2 good in-
stances. Thus the test dataset has 10 data of each class. In ANN a two-
layer feed-forward network with 3 TANSIG neurons in the first layer and 
one PURELIN neuron is used. The network training function is the 
TRAINLM. In all SVMs the regularization parameter C=10, d=4 for poly-
nomial kernel and  12 =σ  for the RBF kernel. The above parameters are 
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obtained by trail and error. Such test is repeated ten times and the final 
Type1 and Type2 accuracy is the average of the results of the ten individ-
ual tests. The computational results are shown in the Table 6.1. 

Table 6.1. Empirical results on the dataset 1 

Model Kernel Membership Type1 Type2 Overall Std Rank 

LinR   69.00% 69.00% 69.00% 6.88%  

LogR   71.00% 71.00% 71.00% 6.58%  

ANN   73.00% 73.00% 73.00% 7.97%  

SVM Lin  73.00% 73.00% 73.00% 4.87%  

 Poly  71.00% 71.00% 71.00% 4.83%  

�� RBF  77.00% 77.00% 77.00% 6.78% 2 

U-FSVM Lin Linear regression 69.00% 69.00% 69.00% 4.51%  

 Lin Logit regression 70.00% 70.00% 70.00% 5.87%  

 Lin Neural network 71.00% 71.00% 71.00% 6.34%  

 Poly Linear regression 71.00% 71.00% 71.00% 6.61%  

 Poly Logit regression 71.00% 71.00% 71.00% 5.79%  

 Poly Neural network 71.00% 71.00% 71.00% 6.00%  

 RBF Linear regression 75.00% 75.00% 75.00% 3.53%  

 RBF Logit regression 76.00% 76.00% 76.00% 5.89%  

 RBF Neural network 75.00% 75.00% 75.00% 3.03%  

B-FSVM Lin Linear regression 69.00% 69.00% 69.00% 5.81%  

 Lin Logit regression 73.00% 73.00% 73.00% 4.59%  

 Lin Neural network 73.00% 73.00% 73.00% 4.97%  

 Poly Linear regression 74.00% 74.00% 74.00% 5.07%  

 Poly Logit regression 71.00% 71.00% 71.00% 6.03%  

 Poly Neural network 72.00% 72.00% 72.00% 5.85%  

 RBF Linear regression 75.00% 75.00% 75.00% 5.91%  

 RBF Logit regression 79.00% 79.00% 79.00% 5.65% 1 

 RBF Neural network 77.00% 77.00% 77.00% 6.21% 2 

    Max 79.00%   

    Min 69.00%   

    Average 72.75%   
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In Table 6.1, note that the column titled Std is the sample standard de-
viations of 10 overall rates from the 10 independent tests by the methods 
specified by the first three columns. The best average test performance is 
underlined and denoted in bold face. Bold face script is used to tabulate 
performances that are not significantly lower at the 10% level than the top 
performance using a two-tailed paired t-test. Other performances are tabu-
lated using normal script. The top 3 performances are ranked in the last 
column. The following two empirical tests are also present in the same 
format. 

Note Type1 rate, Type2 rate and overall rate are identical in each pair in 
Table 6.1. The outcome is due to the fact that the test dataset has 10 posi-
tive instances and 10 negative instances. The cutoff is selected such that 
the top 50% instances are labeled as positive and others negative (the 50% 
is determined by the population of training dataset.). If the top 10 instances 
labeled as positive include j positive instances, the other 10 instances la-
beled as negative include 10-j positive instances and 10-(10-j) negative in-
stances, so both Type1 rate and Type2 rate are j/10. 

As shown in the Table 6.1, the new bilateral-weighted FSVM with RBF 
kernel and logit regression membership generation achieves the best per-
formance. It correctly classifies 79% of goods instances and 79% of bad 
firms. The standard SVM with RBF kernel and B-FSVM with RBF kernel 
and neural network membership achieve the second best performance. 
Among the 24 methods, 19 methods’ average total classification rates are 
found lower than the best performance at 10% level by one-tail paired t-
test. It is obvious that the B-FSVM is better than U-FSVM in most of the 
combinations of kernels and membership generating methods. 

6.3.2 Dataset 2: Japanese Case 

The second dataset is about Japanese credit card application approval ob-
tained UCI Machine Learning Repository. For confidentiality all attribute 
names and values have been changed to meaningless symbols. After delet-
ing the data with missing attribute values, we obtain 653 data, with 357 
cases granted and 296 cases refused. 

In the 15 attributes A4-A7 and A13 are multi-value attributes. If Ai is a 
k-value attribute, we encode it with k-1 0-1 dummy variables in linear re-
gression and logit regression and k-value (from 1 to k) variables in ANN 
and SVMs. 

In this empirical test we randomly draw 400 data from the 653 data as 
the training sample and the else as the test sample. In ANN a two-layer 
feed-forward network with 4 TANSIG neurons in the first layer and one 
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PURELIN neuron is used. The network training function is the 
TRAINLM. In all SVMs, the kernel parameters C=50, d = 4 for polyno-

mial kernel and 52 =σ  for the RBF kernel. The above parameters are ob-
tained by trial and error. Table 6.2 summaries the results of comparisons. 

Table 6.2. Empirical results on the dataset 2 

Model Kernel Membership Type1 Type2 Overall Std Rank 

LinR   81.21%  

LogR   82.27% 82.85% 82.53% 3.38% 3 

ANN   80.32% 82.82% 81.45% 6.31%  

SVM Lin  78.82% 82.91% 80.68% 3.41 %  

 Poly  79.05% 76.50% 4.37 %  

  RBF  76.85% 81.15% 78.80% 5.11 %  

U-FSVM Lin Linear regression 78.90% 82.90% 80.71% 5. 33%  

 Lin Logit regression 78.30% 82.25% 80.09% 6. 69%  

 Lin Neural network 67.48% 73.63% 70.27% 4.28 %  

 Poly Linear regression 74.58% 78.99% 76.58% 4.94 %  

 Poly Logit regression 73.37% 78.28% 75.60% 5.36 %  

 Poly Neural network 74.28% 79.03% 76.43% 3.58 %  

 RBF Linear regression 77.04% 81.18% 78.91% 3.63 %  

 RBF Logit regression 79.88% 82.71% 81.16% 3.99%   

 RBF Neural network 75.58% 80.06% 77.61% 3.63 %  

B-FSVM Lin Linear regression 76.18% 79.39% 77.63% 5.85 %  

 Lin Logit regression 73.08% 78.21% 75.41% 4.42 %  

 Lin Neural network 78.43% 82.48% 80.27% 6.11%  

 Poly Linear regression 80.16% 83.88% 81.84% 6.56%  

 Poly Logit regression 82.70% 85.43% 83.94% 4.75% 1 

 Poly Neural network 77.85% 82.82% 80.10% 3.97 % 

 RBF Linear regression 81.06% 83.04% 81.96% 5.85%  

 RBF Logit regression 82.37% 85.05% 83.58% 4.82% 2 

 RBF Neural network 80.86% 82.21% 81.47% 5.34%  

   Max 83.94%  
Min 70.27%  

79.39%  

74.38%

4%82.3 81.72% 6.58% 

Average
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Similarly, from Table 6.2, it is easy to find that the B-FSVM with poly-
nomial kernel and logistic regression membership generation achieves the 
best performance. B-FSVM with RBF kernel and logistic regression mem-
bership generation and logit regression and achieves the second and third 
best performance respectively. The average performances of half of the 24 
models are found below the best performance at 10% level by one-tailed 
paired t-test. The results also show that the new fuzzy SVM is better than 
standard SVM and U-FSVM when they use the same kernel in most case. 

6.3.3 Dataset 3: England Case 

The third dataset is from the CD ROM accessory of Thomas et al. (2002). 
The data set contains 1225 applicants, of which 323 are observed bad 
creditors. In our experiments, only 12 variables are chosen, which is dif-
ferent from Section 5.3 in Chapter 5. 

(01). Year of birth 
(02). Number of children 
(03). Number of other dependents 
(04). Is there a home phone (binary) 
(05). Spouse's income 
(06). Applicant's income 
(07). Value of home 
(08). Mortgage balance outstanding 
(09). Outgoings on mortgage or rent 
(10). Outgoings on loans 
(11). Outgoings on hire purchase 
(12). Outgoings on credit cards 

In the dataset the numbers of healthy cases (902) are nearly three times 
of delinquent cases (323). To make the numbers of the two classes nearly 
equal, we triple delinquent data, i.e., means we add two copy of each de-
linquent case. Thus the total dataset includes 1871 data. Then we randomly 
draw 800 data from the 1871 data as the training sample and else as the 
test sample. In ANN a two-layer feed-forward network with 4 TANSIG 
neurons in the first layer and one PURELIN neuron is used. The network 
training function is the TRAINLM. In all support vector machines the 
regularization parameter is 50. In all SVM, the kernel parameters are same, 

d=5 for polynomial kernel and 32 =σ  for the RBF kernel. Such trial is re-
peated ten times. The experimental results are presented in Table 6.3. 
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Table 6.3. Empirical results on the dataset 3 

Model Kernel Membership Type1 Type2 Overall Std Rank 

LinR  

LogR 65.79% 62.68% 64.18% 3.08% 

ANN  63.82% 60.56% 62.13% 3.18 % 

SVM Lin 67.06% 63.79% 65.37% 2.13% 

 Poly 67.01% 63.75% 65.32% 3.83% 

  RBF  66.26% 62.94% 64.54% 2.11% 

U-FSVM Lin Linear regression 63.80% 60.29% 61.98% 2.07 % 

 Lin Logit regression 64.54% 61.11% 62.76% 2.63 % 

 Lin Neural network 63.32% 59.77% 61.48% 4.39 % 

 Poly Linear regression 66.88% 63.61% 65.19% 3.32% 

 Poly Logit regression 67.06% 63.81% 65.38% 4.09% 

 Poly Neural network 66.92% 63.66% 65.23% 3.96% 

 RBF Linear regression 66.81% 63.53% 65.11% 4.26%  

 RBF Logit regression 67.10% 63.84% 65.41% 4.74% 3 

 RBF Neural network 66.43% 63.11% 64.71% 3. 60% 

B-FSVM Lin Linear regression 65.80% 62.45% 64.06% 3. 37% 

 Lin Logit regression 66.03% 62.70% 64.30% 2. 34% 

 Lin Neural network 64.33% 60.87% 62.54% 3.04 % 

 Poly Linear regression 63.00% 59.35% 61.11% 2.84 % 

 Poly Logit regression 63.52% 60.13% 61.76% 3.91 % 

 Poly Neural network 63.41% 59.89% 61.59% 2.19 % 

 RBF Linear regression 67.41% 64.19% 65.74% 2.25% 2 

 RBF Logit regression 67.83% 64.63% 66.17% 3.13% 1 

 RBF Neural network 66.76% 63.48% 65.06% 3.43%  

Max 66.17%

Min 61.11%

Average 63.97%

As can be seen from Table 6.3, it is obvious that the separability of the 
dataset is clearly lower than the above two datasets. All models’ average 
overall classification accuracy is less than 70%. The best performance is 
achieved by the B-FSVM with RBF kernel and logistic regression mem-

65.74% 62.62% 64.12% 2.94% 
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bership generation. B-FSVM with RBF kernel and linear regression mem-
bership generation and U-FSVM with RBF and logit regression member-
ship generation achieves the second and third best performances respec-
tively. The lower separability also be can be seem that only 8 models in 24 
models are found lower average performance than the best performance at 
10% level by one-tail paired t-test. 

It seems that the average performances of standard SVM, U-FSVM and 
B-FSVM are quite close in this test. It may be due to the undesirable 
membership generation. The linear regression, logit regression and ANN 
themselves only achieves the average overall performances 64.12%, 
64.18% and 62.13%. We believe that bad memberships may provide 
wrong signals and disturb the training of the SVM, instead of deceasing its 
vulnerability to outliers in most the combinations of kernels and member-
ship generation methods. 

6.4 Conclusions 

This chapter presents a bilateral weighted fuzzy SVM in which every ap-
plicant in the training dataset is regarded as both good and bad class with 
different memberships that is generated by some basic credit scoring meth-
ods. By this way we expect the new fuzzy SVM to achieve better generali-
zation ability while keeping the merit of insensitive to outliers as the Uni-
lateral-weighted fuzzy SVM in Huang and Liu (2002) and Lin and Wang 
(2002). We reformulate the training problem into a quadratic programming 
problem. 

To evaluate its applicability and performance in real credit world, three 
real world credit datasets are used to compare its classification rate with 
standard SVM and U-FSVM. The empirical results show that the new bi-
lateral weighted fuzzy SVM can find promising applications in credit risk 
analysis. It can achieve better generalizing result than standard SVM and 
the fuzzy SVM propose in Huang and Liu (2002) and Lin and Wang 
(2002) in many cases (the combinations of kernel and membership genera-
tion methods). The results also show that the new fuzzy SVM can consis-
tently achieve comparable performance than traditional credit scoring 
methods if it uses RBF kernel and the memberships generated by logistic 
regression. It achieves the best average performance in dataset 1 and data-
set 3 and second best in dataset 2. Moreover in empirical test 1 and 2, the 
performance of B-FSVM is better than standard SVM and U-FSVM for 
many combinations of kernels and membership generation methods. 
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Though the empirical tests on three datasets show that the new fuzzy 
SVM is promising, the chapter reported here is far from sufficient to gen-
erate any conclusive statements about the performance of our new fuzzy 
SVM in general. Since the positive performances depends on the charac-
teristics of the datasets, further research are encouraged to apply the new 
fuzzy SVM to credit analysis to determine whether our new fuzzy support 
vector machine can indeed have superior results as shown in our compari-
sons in this chapter. 

Comparing overall classification rates in the three datasets, we can 
clearly see that their performances vary one dataset from another. Espe-
cially the average performance of B-FSVM with polynomial kernel and 
logit regression membership generation achieves the best performance in 
empirical test 2, while the second worst in empirical test. So the kernel and 
membership generation method must be chosen appropriately when apply 
the new fuzzy SVM method to credit risk analysis. 

Furthermore there are several limitations that may restrict the use of the 
new fuzzy SVM model for its applications. Typically, membership genera-
tion and computational complexity are commonly limitations shown in the 
experiments. 

(1) Membership generation 

The performance of fuzzy SVM highly depends on the discriminatory 
power of the membership generation method. Undesirable memberships 
will send the wrong messages to the training process and disturb the train-
ing instead. Such “Rubbish-In-Rubbish-Out” suggests that in application 
we should check the efficiency of membership generation methods before 
solving the quadratic programming (6.24). In some unfavorable cases we 
may have to discard the new SVM and resort to the standard SVM. 

(2) Computational complexity 

Another major issue of our new fuzzy SVM method is the computa-
tional complexity. For a training dataset with N data, our new model needs 
to solve a 2*N quadratic programming problem, compared with an N-
dimension quadratic programming problem in standard SVM and U-
FSVM. It takes half a minute on average to complete training of SVM and 
U-FSVM and 2.5 minutes on average to complete the B-FSVM in empiri-
cal test 2, in which the training dataset include 400 instances. It takes 3 
minutes on average to complete training of SVM and U-FSVM and 45 
minutes to complete the B-FSVM in empirical test 3, in which the training 
dataset includes 800 instances. Compared with the SVMs, linear regression 
and logit regression takes less than 10 second and ANN takes less than half 
minute in all tests. All the above training runs on a computer with CPU 
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1.8G. Because sometimes the training is based on a massive dataset, 
maybe 50,000-100,000 cases, the computational complexity involved in 
solving such high-dimensional quadratic programming seems to be a major 
issue in its application. We must tradeoff the discriminatory power and 
computational effort. 



7 Evolving Least Squares SVM for Credit Risk 
Analysis 

7.1 Introduction 

A credit risk decision problem often faced by banks and other financial in-
stitutions is to decide whether to grant credit to an individual for his per-
sonal financial needs. Credit risk analysis, through the use of credit scoring 
models, is becoming more automated with the use of computers and the ut-
ilization of the Internet to obtain and compile financial data. In recent 
years, an increasing number of credit scoring models have been developed 
as a scientific aid to the traditionally heuristic process of credit risk evalua-
tion. Typically, linear discriminant analysis (Fisher, 1936), logit analysis 
(Wiginton, 1980), probit analysis (Grablowsky and Talley, 1981), linear 
programming (Glover, 1990), integer programming (Mangasarian, 1965), 
k-nearest neighbor (KNN) (Henley and Hand, 1996), classification tree 
(Makowski, 1985), artificial neural networks (ANN) (Malhotra and Mal-
hotra, 2003; Smalz and Conrad, 1994), genetic algorithm (GA) (Chen and 
Huang, 2003; Varetto, 1998) and support vector machine (SVM) (Van 
Gestel et al., 20003; Huang et al., 2004), and some hybrid models, such as 
neuro-fuzzy system (Piramuthu, 1999; Malhotra and Malhotra, 2002), 
were widely applied to credit risk analysis tasks. Two recent surveys on 
credit scoring and credit modeling can refer to Thomas (2002) and Thomas 
et al.  (2005). 

Although almost all classification techniques can be used to evaluate 
credit risk, there are still some drawbacks in the existing approaches. For 
example, the credit risk assessment model based upon statistics and opti-
mization techniques usually require strong assumptions about the data, 
such as normal distribution and continuousness. Moreover, they generally 
cannot deal efficiently with the implicit nonlinear relations between the 
characters and results. In the artificial intelligent techniques, ANN model 
often suffers local minima and overfitting problems, while SVM model 
first proposed by Vapnik (1995) often suffers from much difficulty in im-
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proving computational efficiency, optimizing model parameters and select-
ing relevant input features. First of all, the Vapnik’s SVM model requires 
solving a quadratic programming (QP) problem and thus it is very slow 
when a large-scale practical problem is given. Second, in the SVM model-
ing, some important parameters such as upper bound parameter and kernel 
parameters are not optimized, which may affect the generalization per-
formance of SVM. Third, a predictive SVM model also encounters much 
difficulty in selecting some important features. Furthermore, the problem 
may become more intractable when the model interpretability is important. 
For example, in credit risk analysis, it is critical for decision-makers to un-
derstand the key drivers of affecting credit evaluation performance. How-
ever, a predictive SVM model that is essentially a “black box” is not help-
ful for developing comprehensive predictive models (Kim and Street, 
2004). 

In order to provide a good solution to the above problems, this chapter 
proposes an evolving least squares support vector machine (LSSVM) 
learning paradigm with the best feature subset, optimal model parameters 
and a mixed kernel for credit risk modeling and analysis. The main reason 
of selecting the LSSVM to replace the standard SVM (Vapnik, 1995) is 
that the LSSVM has much lower computational complexity and memory 
requirements (Zheng et al., 2004) due to the fact that the solution of 
LSSVM can be obtained by solving a system of linear equations. Since the 
computational complexity of a QP problem is generally much larger than 
that of a system of linear equations, the LSSVM may reduce the computa-
tional complexity and hence improve computational efficiency (Ou and 
Hou, 2005). Furthermore, some empirical experiments (Suykens et al., 
2002) also confirmed the efficiency of LSSVM. Concretely speaking, the 
proposed evolving LSSVM learning paradigm consists of the following 
two main components: (1) GA-based feature selection, i.e., feature evolu-
tion component and (2) GA-based parameter optimization, i.e., parameter 
evolution component. 

In the feature evolution component, a standard genetic algorithm (GA) 
(Goldberg, 1989), the most popular type of evolutionary algorithm (EA), is 
used to select important input features for LSSVM learning. In this com-
ponent, two key goals, classification performance (or predictive accuracy) 
and model complexity (or model interpretability) constitute the evaluation 
fitness function of the GA. Note that these two goals are often in conflict. 
In this chapter, we try to arrive at a trade-off between performance and 
complexity from the following two aspects. 

On the one hand, we will build a simplified predictive model that inte-
grating LSSVM with GA to improve the prediction performance. In this 
component, we first utilize GA to identify some key variables of affecting 
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credit evaluation performance and then use the selected variables to train 
LSSVM. This can be done by learning linear or possibly nonlinear rela-
tionships between the given input variables and the dependent variable. 
Because the original input variables may contain some redundant informa-
tion, reducing some redundant variables may improve the prediction per-
formance. 

On the other hand, we enhance the interpretability of the predictive 
model by reducing the data dimensionality using GA. In this component, 
GA is used to select a subset of original features thus simplifying the 
LSSVM model and increasing the model interpretability. Usually, data di-
mensionality reduction can be done via feature selection. Generally, fea-
ture selection algorithms such as principal component analysis (PCA) have 
been often used for this purpose. However, in this chapter, the PCA is not 
appropriate because our goal is not only to reduce the data dimensionality, 
but also to obtain highly accurate predictive models. But the PCA does not 
consider the relationship between the response variable and other input 
variables in the process of data reduction and thus it is difficult to produce 
a highly accurate model. Furthermore, the resulting principal components 
from the PCA can be difficult to be interpreted when the dimensionality of 
input variables is huge. On the contrary, the GA has been proved to have 
superior performance to other algorithms for dataset with high dimension-
ality (Kudo and Sklansky, 2000). In the feature evolution process, if we 
extract as much information as possible from a given data set while using 
the smallest number of features, we can not only save much computational 
time, but also build a simplified LSSVM model with better generalization. 
Furthermore, feature selection can also significantly improve the compre-
hensibility of the resulting models. Even a complicated model can be more 
easily understood if it is constructed from only a few variables. 

In the parameter evolution component, another GA is used to optimize 
parameters of LSSVM. Usually, the LSSVM generalization ability is con-
trolled by kernel type, kernel parameters and upper bound parameter. 
Every kernel type has its advantages and disadvantages and thus a mixed 
kernel (Smits and Jordaan, 2002; Quang et al., 2002) is introduced into the 
LSSVM learning paradigm in this chapter. In this component, kernel com-
bination coefficients, kernel parameters and upper bound parameter are 
also evolved and optimized. In this component, the classification perform-
ance or predictive accuracy is used as the evaluation fitness function of the 
GA. Note that the classification performance is the average predictive ac-
curacy via k-fold cross validation. 

In sum, the proposed evolving LSSVM learning paradigm makes full 
use of the desirable characteristics of GA and LSSVM models to achieve 
two principal goals: model interpretability and predictive accuracy. The 
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detailed process is as follows. A standard GA is used to select the possible 
combination of features. The input features selected by GA are used to 
train LSSVM. The trained LSSVM is tested on an evaluation set, and a 
proposed model is evaluated in terms of two evaluation criteria: prediction 
accuracy (which is maximized) and model complexity (which is mini-
mized). This process is repeated many times as the algorithm searches for 
a desirable trade-off between predictive accuracy and model complexity. 
The final results obtained is a highly accurate predictive model that uses 
only a subset of initial features, thus simplifying the model and providing 
some useful information on future data collection work. 

The main motivation of this chapter is to propose a new evolving 
LSSVM learning paradigm integrating LSSVM with GA for evaluating 
credit risk and to test the predictability of the proposed learning paradigm 
by comparing it with statistical models and neural network models. The 
rest of the chapter is organized as follows. The next section gives a brief 
introduction of SVM and LSSVM. The new evolving LSSVM learning 
paradigm is described in Section 7.3 in detail. In Section 7.4 the research 
data and comparable classification models are presented. The experimental 
results are reported in Section 7.5. Section 7.6 concludes the chapter. 

7.2 SVM and LSSVM 

Support vector machine (SVM) is a novel learning paradigm originally 
proposed by Vapnik in the 1990s. It is based on the structural risk minimi-
zation (SRM) principle from computational learning theory. The basic idea 
of SVM is to maximize the margin hyperplane in the feature space. Similar 
to other supervised learning methods, an underlying theme of the SVM is 
to learn from data. Suppose that there is an input space, denoted by X, 

nRX ∈ , an output space, denoted by Y, and a training dataset 
N

NNii YXyxyxyxD )()},(,),,(,),,{( 11 ×⊆= LL , N is the size of the training 
dataset. The overall assumption for learning is the existence of a hidden 
function Y = f(X), and learning task is to construct a heuristic function 
g(X), such that fg →  on the prediction of Y. The nature of the output 
space Y decides the learning type. Y = {1, -1} leads to a binary classifica-
tion problem, Y = {1, 2,…, M} leads to a multi-class classification prob-
lem, and nRY ⊆  leads to a regression problem. This chapter only dis-
cusses the binary classification problem. 
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As earlier noted, SVM belongs to the type of maximal margin classifier, 
in which the classification problem can be represented as an optimization 
problem, as shown in (7.1). 
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where w is the normal vector of the hyperplane, b is the bias that is a sca-

lar, )(xϕ  is a mapping function, iξ  is a tolerable classification error, C is 
an upper bound parameter controlling the trade-off between margin maxi-
mization and tolerable classification errors. When C is large, the error term 
will be emphasized. Small C means that the large classification margin is 
encouraged. 

Vapnik (1995, 1998) showed how training a SVM for classification 
leads to a quadratic programming (QP) problem with bound constraints 
and linear equality constraints, as shown in (7.2). 
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where iα  is the so-called Lagrange multipliers, which can be obtained in 

(7.2), ),( ji xxK  is defined as the kernel function with 

)()(),( j
T

iji xxxxK ϕϕ= . The elegance of using the kernel function is that 

one can deal with feature spaces of arbitrary dimensionality without hav-
ing to compute the map )(xϕ  explicitly. Any function that satisfies Mer-
cer’s condition [26] can be used as the kernel function. Typical examples 
of the kernel function are the polynomial kernel d

j
T
ijipoly xxxxK )1(),( += , 

radial basis function (RBF) kernel: )exp(),( 22

2
σjijirbf xxxxK −−= , and 

sigmoid kernel )tanh(),( θρ += j
T
ijisig xxxxK , where d, σ, ρ, and θ are 

kernel parameters. From the implementation point of view, training SVM 
is actually equivalent to solving the linearly constrained QP problem. For 
more details about SVM, please refer to Section 7.2.1 of Chapter 7 and 
Vapnik (1995, 1998). 
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To overcome the high computational complexity of the Vapnik’s SVM 
(1995), a new technique, least squares SVM (LSSVM) proposed by 
Suykens (1999) has been introduced. In LSSVM, the classification prob-
lem can be formulated as: 
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In order to solve the above problem, a Lagrangian function is con-
structed as follows: 
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where iα are Lagrangian multipliers. Differentiating (7.4) with w, b, iξ , 

and iα , we can obtain 
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By simple substitutions, we get the following linear equations: 
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From the (N+1) linear equations, we can obtain the solution of LSSVM. 
Compared with the standard SVM, the great merit of LSSVM is that the 
classification problem can be solved by a (N+1) linear equation set instead 
of by an N-dimension QP. As Ou and Hou (2005) shown, the computa-
tional complexity of a QP problem is generally much larger than that of a 
system of linear equations, thus the LSSVM can have less computational 
complexity than the standard SVM. More details about LSSVM can refer 
to Suykens (1999) and Suykens et al. (2002). 
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It is worth noting that the generalization ability of SVM and LSSVM is 
controlled by kernel types, kernel parameters and upper bound C (Smits 
and Jordaan, 2002; Quang et al., 2002). As previously mentioned, three 
typical kernels, polynomial, RBF and sigmoid kernel, are often used. 
However, every kernel has its advantages and disadvantages and it is 
therefore hard to say which one is the best in all problems. Recent studies 
(Smits and Jordaan, 2002; Quang et al., 2002) found that the mixture or 
hybridization of these kernel functions can improve the generalization per-
formance of SVM. In this chapter, we also use a mixed kernel to train 
LSSVM, which is different from Suykens’ LSSVM (1999, 2002). The 
mixed kernel is a convex combination of the above three kernels. The con-
vex combination kernel can be written by 
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According to the previous kernel description of SVM, kernel function 
must satisfy Mercer’s Theorem (Vapnik, 1995). In the proposed mixed 
kernel, since Kpoly and Krbf, satisfy Mercer’s Theorem, a convex combina-
tion of them also satisfy Mercer’s Theorem. Although sigmoid kernel Ksig 
does not always satisfy Mercer’s condition, it is provided since people 
have historically found it useful. Furthermore, practical applications have 
proved that it is suitable for a kernel. Thus Ksig is added into our proposed 
mixed kernel for LSSVM modeling. 

7.3 Evolving LSSVM Learning Paradigm 

In this section, the proposed evolving LSSVM learning paradigm is de-
scribed in detail. First of all, a general framework of the evolving LSSVM 
learning paradigm is presented. Then each component of the proposed 
evolving LSSVM learning paradigm is explained in detail. 

7.3.1 General Framework of Evolving LSSVM Learning Method 

A great number of empirical experiments demonstrated that LSSVM is an 
efficient learning algorithm for regression and classification problems 
(Suykens, 1999; Suykens et al., 2002). However, there are still two main 
problems for LSSVM applications. On the one hand, when the input space 
dimensions, i.e., input features, are rather large, the interpretability of the 
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LSSVM-based predictive model will be poor. It is therefore necessary for 
LSSVM to preprocess the input features. On the other hand, LSSVM gen-
eralization ability is often controlled by kernel type, kernel parameters and 
upper bound parameter. Although this chapter use a mixed kernel function 
to overcome the influence of kernel types, the choice of many parameters, 
such as convex combination coefficients (λ1, λ2, and λ3), kernel parameters 
(d, σ, ρ, and θ) and upper bound parameter C, depends in many aspects on 
the art of the researchers. For these two problems, evolutionary algorithm 
(EA) is used. Particularly, for the first problem, a standard genetic algo-
rithm (GA) is used for input feature selection to increase the model inter-
pretability and avoid “curse of dimension”. For the second problem, an-
other GA is used to optimize the parameters of LSSVM to improve the 
generalization ability. Based upon the two evolutionary procedures, the 
evolving LSSVM learning paradigm is formulated, which is illustrated in 
Fig. 7.1. 

Fig. 7.1. General framework of the evolving LSSVM learning paradigm 
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As can be seen from Fig. 7.1, it is easy to find that the evolving LSSVM 
learning paradigm consists of two main components responding to the 
above two main problems. In the first component, GA searches the expo-
nential space of feature variable subsets and passes one subset of features 
to a LSSVM model. The LSSVM extracts predictive information from 
each subset and learns the patterns. Once a LSSVM learns the data pat-
terns, the trained LSSVM is evaluated on a hold-out dataset not used for 
training, and returns the evaluation criteria as fitness function to the GA. In 
terms of the fitness values, the GA biases its search direction to optimize 
the evaluation objective. This routine continues for a fixed number of gen-
erations. Among all the evolved models over the generations, we select the 
best feature subset in terms of fitness function values. Note that in the 
training and evaluation procedures, the LSSVM only uses the selected fea-
ture variables. In the second component, GA is used to optimize the eight 
undetermined parameters, λ1, λ2, λ3, d, σ, ρ, θ, and C, as listed above. In this 
component, the eight undetermined parameters are first defined as a chro-
mosome. The fitness of each chromosome is determined by the GA fitness 
function, i.e., predictive performance of LSSVM using the chromosome as 
its parameters. The chromosomes are processed by several evolution pro-
cedures, i.e., crossover, mutation and selection, to produce the optimal so-
lution. The detailed contents of every component are described in the fol-
lowing subsections. Through the above two evolutionary procedures, an 
evolving LSSVM learning paradigm with best feature subset and optimal 
parameters are produced for generalization purpose. 

It is worth noting that the two evolution components can be combined. 
That is, the feature evolution and parameter evolution can be optimized 
simultaneously. But in this chapter two main goals, model interpretability 
and model accuracy, should be tested. Therefore, we use two individual 
evolution components for this purpose. In addition, the sequence of the 
two evolution components can be exchangeable from the theoretic view-
point. That is, in the evolving LSSVM learning paradigm, the parameter 
optimization procedure can be performed before the feature selection pro-
cedure. But in practice it is inappropriate for large input feature dimension 
because it will lead to too much computational workload. In this sense, 
performing feature selection before parameter evolution is more rational. 

7.3.2 GA-based Input Features Evolution 

For many practical problems, the possible input variables may be quite 
large. Among these input variables, there may be some redundancy. Fur-
thermore, too many input features may lead to “curse of dimension”. In 
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addition, a large number of input variables will increase the size of 
LSSVM and thus require more training data and longer training times in 
order to obtain a reasonable generalization ability (Yao, 1999). Therefore 
input feature reduction should be done with feature selection procedure. 
Generally, feature selection is defined as the process of selecting a subset 
of the original features by eliminating redundant features or some features 
with little information (Kim and Street, 2004). In the proposed evolving 
LSSVM learning paradigm, the first task is to select important features for 
LSSVM learning. The main aims of feature selection reflect two-fold. The 
first is to discard some unimportant features with less information and thus 
reducing the input feature dimensions and improving the model prediction 
performance. The second is to identify some key features of affecting 
model performance and therefore reducing the modeling complexity. In 
this chapter, we use standard GA to extract input feature subset for 
LSSVM modeling, as illustrated in Fig. 7.2. 

Fig. 7.2. Input feature selection with GA for LSSVM 

To date, GA, the most popular type of evolutionary algorithm (EA), has 
become an important stochastic optimization method as they often succeed 
in finding the best optimum in contrast to most common optimization algo-
rithms. GA imitates the natural selection process in biological evolution 
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with selection, mating reproduction (crossover) and mutation, and the se-
quence of the different operations of a genetic algorithm is shown in the 
left part of Fig. 7.2. The objects to be optimized are represented by a chro-
mosome whereby each object is encoded in a binary string called gene. 
Thus, a chromosome consists of as many genes as parameters to be opti-
mized (Yao, 1999).  Interested readers can refer to Goldberg (1989) for 
more details about GA. In the following the GA-based feature variable se-
lection is discussed in detail. 

First of all, a population, which consists of a given number of chromo-
somes, is initially created by randomly assigning “1” and “0” to all genes. 
In the case of variable selection, a gene contains only a single bit string for 
the presence and absence of a variable. The top right part of Fig. 7.2 shows 
a population of four chromosomes for a three-variable selection problem. 
In this chapter, the initial population of the GA is randomly generated ex-
cept of one chromosome, which was set to use all variables. The binary 
string of the chromosomes has the same size as variables to select from 
whereby the presence of a variable is coded as “1” and the absence of a 
variable as “0”. Consequently, the binary string of a gene consists of only 
one single bit (Yu et al., 2006c). 

The subsequent work is to evaluate the chromosomes generated by pre-
vious operation by a so-called fitness function, while the design of the fit-
ness function is a crucial point in GA, which determines what a GA should 
optimize. In order to guide a GA toward more highly fit regions of the 
search space of chromosomes, one or more fitness values must be assigned 
to each string. Usually, a standard GA is designed for optimization prob-
lems with only one objective. Each fitness value can be determined by a 
fitness function that we want to optimize. In this work, the fitness value for 
a string is determined by a LSSVM model. Because our goal is to find a 
small subset of input variables from many candidate variables, the evalua-
tion of the fitness starts with the encoding of the chromosomes into 
LSSVM model whereby “1” indicates that a specific variable is selected 
and “0” that a variable is not selected by the LSSVM model. Note that the 
LSSVM is used here for modeling the relationship between the input vari-
ables and the response variable. Then the LSSVM models are trained with 
a training data set and after that, the trained LSSVM is tested on a hold-out 
dataset, and the proposed model is evaluated both on the model generaliza-
tion performance (e.g., hit ratio, which is maximized) and the modeling 
complexity (i.e., number of selected feature variables, which is minimized) 
of the solution. Finally, these two evaluation criteria are combined into one 
so-called fitness function f and used to evaluate the quality of each string. 
For a classification problem, for example, our fitness function for the GA 
variable selection can use the following equation: 
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complexityaccuracy EEf α−=  (7.8) 

where Eaccuracy is the classification accuracy or hit ratio, representing the 
model predictive power, Ecomplexity is the model complexity, α is a parame-
ter. Parameter α is aimed at adjusting the number of variables used by the 
evolved LSSVM in terms of users’ preference. Usually, a high value of the 
fitness function results in only few variables selected for each LSSVM 
model whereas a small value of fitness function results in more variables 
being selected. We expect that lower complexity will lead to easier inter-
pretability of solutions as well as better generalization. 

From (7.8), it is not hard to find that two different goals, model accuracy 
and model complexity, are combined into one fitness value for candidate 
solutions. Usually, model accuracy of classification problems can be repre-
sented by hit ratio with the following form: 

sample evaluation all ofnumber   The
ionclassifcatcorrect  ofnumber   The

=accuracyE  (7.9)

In (7.8), the aim of the first part is to favor feature variable subsets with 
higher discriminative power to classification problems, while the second 
part is aimed at finding parsimonious solutions by minimizing the number 
of selected features as follows. 

tot

v
complexity N

n
E =  (7.10) 

where nv is the number of variables used by the LSSVM models, Ntot is the 
total number of variables. 

After evolving the fitness of the population, the best chromosomes with 
the highest fitness value are selected by means of the roulette wheel. 
Thereby, the chromosomes are allocated space on a roulette wheel propor-
tional to their fitness and thus the fittest chromosomes are more likely se-
lected. In the following mating step, offspring chromosomes are created by 
a crossover technique. A so-called one-point crossover technique is em-
ployed, which randomly selects a crossover point within the chromosome. 
Then two parent chromosomes are interchanged at this point to produce 
two new offspring. After that, the chromosomes are mutated with a prob-
ability of 0.005 per gene by randomly changing genes from “0” to “1” and 
vice versa. The mutation prevents the GA from converging too quickly in a 
small area of the search space. Finally, the final generation will be judged. 
If yes, then the optimized subsets are selected. If no, then the evaluation 
and reproduction steps are repeated until a certain number of generations, a 
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defined fitness or a convergence criterion of the population are reached. In 
the ideal case, all chromosomes of the last generation have the same genes 
representing the optimal solution (Yu et al., 2006c). 

7.3.3 GA-based Parameters Evolution 

As earlier noted, the LSSVM generalization ability is often affected by 
kernel types, kernel parameters and upper bound parameters. To reduce the 
effect of kernel types, we use a mixed kernel in the LSSVM model, as 
shown in (7.7). As a result it brings three additional coefficients, λ1, λ2, and 
λ3. These three coefficients along with kernel parameters (d, σ, ρ, θ) and 
upper bound parameter C constitute the objects of evolution because the 
choice of these parameters depends heavily on the experience of research-
ers. Therefore a general representation of parameters using in a LSSVM 
training process are described as a vector as follows: 

),,,,,,,( 321 Cd θρσλλλ=Θ  (7.11) 

To perform parameter search process using GA, the model generaliza-
tion performance is used as fitness function. In order to increase the ro-
bustness, k-fold cross validation method is used. That is, the average 
model performance is used as the fitness function. For a regression or clas-
sification problem, we define the fitness function f by the following five 
steps. 

(1) Randomly split the samples data into Dtraining and Dvalidation using k-
fold cross validation technique; 

(2) Use Dtraining to train the LSSVM model with the parameters P and 
obtain a predictor or classifier; 

(3) Use the predictor or classifier to predict or classify the samples in 
Dvalidation; 

(4) Compute the average prediction or classification performance of 
the k-fold cross validation, Ēaccuracy; 

(5) The value of the fitness function f is model generalization per-
formance, it is the average value, i.e., f(Θ) = Ēaccuracy. 

Now the goal is to maximize the fitness function f(Θ). Together with the 
previous parameter constraints, we can formulate the following optimiza-
tion problem: 
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where Θ is a vector representing the LSSVM parameters. The GA is used 
to solve the above optimization problem. 

First of all, the parameter vector ),,,,,,,( 321 Cd θρσλλλ=Θ  of LSSVM 
is defined as a chromosome. Then the fitness of each chromosome is de-
termined by the fitness function: average generalization performance of 
LSSVM using the chromosome as its parameters. The chromosomes are 
processed by evolution steps, i.e., selection, crossover and mutation, as il-
lustrated in Fig. 7.2, to produce the optimal solution. The detailed evolu-
tionary procedure can be described below: 

(1) Generate the initial chromosome randomly within the initial range; 
(2) For each chromosome, use fitness function f to calculate the fitness 

value; 
(3) Perform the basic genetic operations: select parents based on their 

fitness values, produce children from the parents by crossover and 
mutation. These basic genetic operations are similar to the previous 
description in Section 7.3.2. Replace the current chromosome with 
the children to formulate a new chromosome; 

(4) Repeat the second and third steps until the stop criteria are met. 
(5) Report the best chromosome with the largest fitness value as the op-

timal solution. This best chromosome corresponds to the optimal 
parameters by GA process. Return these parameters. 

In Steps (1) and (3), the initialized and updated chromosomes must be 
satisfied the constraints in (7.12). Note that the GA uses the following five 
stop criteria (Mathworks, 2006): 

(1) When the number of generations reaches the predefined generations; 
(2) After running for an amount of time in seconds equal to the pre-

specified time; 
(3) When the fitness value for the best point in the current chromosome 

is less than or equal to the predefined fitness limit; 
(4) If there is no improvement in the fitness function for a sequence of 

consecutive generations of length; 
(5) If there is no improvement in the fitness function during an interval 

of time in seconds equal to the pre-specified value. 



7.4 Research Data and Comparable Models      119 

Through the above evolutionary procedures, the evolving LSSVM 
learning paradigm with a mixed kernel, best input features and optimal pa-
rameters are produced. For illustration and evaluation purpose, the pro-
duced evolving LSSVM learning paradigm can be further applied to credit 
risk modeling and analysis problems in the following section. 

7.4 Research Data and Comparable Models 

In this section, the research data and their input features are first described. 
Then the comparable classification models are brief reviewed. 

7.4.1 Research Data 

In this chapter, three typical credit datasets, England corporation credit 
dataset (Dataset 1), England consumer credit dataset (Dataset 2), German 
consumer credit dataset (Dataset 3), are used to test the effectiveness of the 
proposed evolving LSSVM learning paradigm.  

In Dataset 1, 30 failed and 30 non-failed firms are contained. 12 vari-
ables presented in Section 4.4.1 of Chapter 6 are used as the firms’ feature 
description. For illustrative convenience in this chapter, 12 features are 
still presented below: 

(01) Sales;  
(02) ROCE: profit before tax/capital employed (%);  
(03) FFTL: funds flow (earnings before tax & depreciation)/total liabili-

ties;  
(04) GEAR: (current liabilities + long-term debt)/ total assets;  
(05) CLTA: current liabilities/total assets;  
(06) CACL: current assets/current liabilities;  
(07) QACL: (current assets–stock)/current liabilities;  
(08) WCTA: (current assets – current liabilities)/ total assets;  
(09) LAG: number of days between account year end and the date the 

annual report and accounts were failed at company registry;  
(10) AGE: number of years the company has been operating since in-

corporation date;  
(11) CHAUD: coded 1 if changed auditor in previous three years, 0 oth-

erwise;  
(12) BIG6: coded 1 if company auditor is a Big6 auditor, 0 otherwise. 
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Similar to Chapter 6, we randomly select 40 firms as the training sample 
with 20 failed and 20 non-failed firms. Accordingly, the remaining 20 
firms with 10 failed and 10 non-failed firms are used as the testing sample. 

In Dataset 2, every credit applicant includes 14 variables, described in 
Table 5.1 of Chapter 5. The dataset includes detailed information of 1225 
applicants, in which including 323 observed bad applicants. For illustrative 
convenience in this chapter, 14 features are still described below, similar to 
Dataset 1. 

(01) Year of birth 
(02) Number of children 
(03) Number of other dependents 
(04) Is there a home phone 
(05) Applicant’s income 
(06) Applicant’s employment status 
(07) Spouse’s income 
(08) Residential status 
(09) Value of home 
(10) Mortgage balance outstanding 
(11) Outgoings on mortgage or rent 
(12) Outgoings on loans 
(13) Outgoings on hire purchase 
(14) Outgoings on credit cards 

In the dataset the numbers of healthy cases (902) are nearly three times 
of delinquent cases (323). To make the numbers of the two classes nearly 
equal, we triple delinquent data, i.e., means we add two copy of each de-
linquent case. Thus the total dataset includes 1871 data. Then we randomly 
draw 800 data from the 1871 data as the training sample and else as the 
test sample. 

The third dataset is German credit card dataset, which is provided by 
Professor Dr. Hans Hofmann of the University of Hamburg and is avail-
able at UCI Machine Learning Repository (http://www.ics.uci.edu/ 
~mlearn/databases/statlog/german/). It contains 1000 data, with 700 cases 
granted credit card and 300 cases refused. In these instances, each case is 
characterized by 20 feature variables, 7 numerical and 13 categorical, 
which are described as follows. 

(01) Status of existing checking account (categorical) 
(02) Duration in months (numerical) 
(03) Credit history (categorical) 
(04) Purpose (categorical) 
(05) Credit account (numerical) 
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(06) Savings account/bonds (categorical) 
(07) Present employment since (categorical) 
(08) Installment rate in percentage of disposable income (numerical) 
(09) Personal status and sex (categorical) 
(10) Other debtors/guarantors (categorical) 
(11) Present residence since (numerical) 
(12) Property (categorical) 
(13) Age in years (numerical) 
(14) Other installment plans (categorical) 
(15) Housing (categorical) 
(16) Number of existing credits at this bank (numerical) 
(17) Job (categorical) 
(18) Number of people being liable to provide maintenance (numerical) 
(19) Have telephone or not (categorical) 
(20) Foreign worker (categorical) 

To make the numbers of the two classes near equal, we double bad 
cases, i.e. we add one copy of each bad case. Thus the total dataset now 
has 1300 cases. This processing is similar to the first dataset and the main 
reason of such a pre-processing step is to avoid drawing too many good 
cases or too few bad cases in the training sample. Then we randomly draw 
800 data with 400 good cases and 400 bad cases from the 1300 data as the 
training sample and the remaining 500 cases are used as the testing sample 
(i.e. 300 good applicants and 200 bad applicants).  

It is worth noting that this data split is only for final validation and test-
ing purpose, which is determined by the later experiments. For feature se-
lection and parameter optimization procedure, k-fold cross validation split 
method is used, which will be described later. 

7.4.2 Overview of Other Comparable Classification Models 

In order to evaluate the classification ability of the proposed evolving 
LSSVM learning paradigm, we compare its performance with those of 
conventional linear statistical methods, such as linear discriminant analysis 
(LDA) models, and nonlinear intelligent models, such as back-propagation 
neural network (BPNN) model, standard SVM model, individual LSSVM 
model without GA-based input feature selection, as well as individual 
LSSVM model without GA-based parameter optimization. Typically, we 
select the LDA model, individual BPNN model and standard SVM model 
with full feature variables as the benchmarks. For further comparison, in-
dividual LSSVM model with polynomial kernel (LSSVMpoly), individual 
LSSVM model with RBF kernel (LSSVMrbf), individual LSSVM model 
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with sigmoid kernel (LSSVMsig), individual LSSVM model with a mixed 
kernel (LSSVMmix), individual LSSVM model with GA-based input fea-
ture selection only (LSSVMgafs) and individual LSSVM model with GA-
based parameter optimization (LSSVMgapo) are also conducted. We do not 
compare our proposed learning paradigm to a standard logit regression 
model because a logit regression model is a special case of single BPNN 
model with one hidden node. 

In LDA [2], it can handle the case in which the within-class frequencies 
are unequal and its performance has been examined on randomly gener-
ated test data. This method maximizes the ratio of between-class variance 
to the within-class variance in any particular data set, thereby guaranteeing 
maximal separability. Usually, a LDA model with d-dimension input fea-
tures takes the following form: 

)sgn()( 10 ∑ =+= d
i ii xaaxz  (7.13) 

where a0 is the intercept, xi is the ith input feature variable, and ai are the 
coefficients of related variables. Each LDA model is estimated by in-
sample data. The model selection process is then followed by using an em-
pirical evaluation, e.g., RMSE, which is based on the out-of-sample data. 

The BPNN model is widely used and produces successful learning and 
generalization results in various research areas. Usually, a BPNN can be 
trained by the historical data. The model parameters (connection weights 
and node biases) will be adjusted iteratively by a process of minimizing 
the forecasting errors. For classification purposes, the final computational 
form of the BPNN model can be written as 
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where ja  (j = 0, 1, 2, …, q) is a bias on the jth unit, ijw  (i = 1, 2, …, p; j 

= 1, 2, …, q) is the connection weight between layers of the model, xi (i = 
1, 2,…, p) are the input feature variables, f(•) is the transfer function of the 
hidden layer, p is the number of input nodes and q is the number of hidden 
nodes. Generally, input features variables are equal to the input nodes of 
the BPNN. By trial and error, we set the number of training epochs is 500 
and heuristically determine the number of hidden nodes using the formula 
(2×nodein±1) where nodein represents the number of input nodes. The 
learning rate is 0.25 and the momentum factor is 0.30. The hidden nodes 
use sigmoid transfer function and the output node uses the linear transfer 
function. 

For standard SVM model with all input features, the radial basis func-
tion (RBF) is used as the kernel function of SVM. In standard SVM model 
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with RBF kernel, there are two parameters, i.e., upper bound C and kernel 
parameter σ, to tune. By trial and error, the kernel parameter σ is 10 and 
the upper bound C is 70. More details about standard SVM, please refer to 
Vapnik (1995). SVM and LSSVM training code are the modification of 
LIBSVM (Chang and Lin, 2007) and LS-SVMlab (Pelckmans et al., 
2002). 

7.5 Experimental Results 

In this section, we first show how to determine the key determinants that 
affect credit evaluation performance using the LSSVM guided by GA. 
Then the parameters evolutionary experiments are carried out. Finally, we 
compare the performance of the proposed evolving LSSVM learning para-
digm with some comparable classification models. 

7.5.1 Empirical Analysis of GA-based Input Features Evolution 

In order to show the robustness of the GA-based feature selection method 
and determine which features are the key driver of credit evaluation per-
formance, we use k-fold cross-validation estimation procedure to perform 
eight independent experiments for each credit. In the k-fold cross-
validation estimation procedure, the training data is divided into k non-
overlapping groups. We train a LSSVM using the first (k-1) groups of 
training data and test the trained LSSVM on the kth group. We repeat this 
procedure until each of the groups is used as a test set once. We then take 
the average of the performance measurements over the k folds. In this ex-
periment, k is set to 5. This is a reasonable compromise considering the 
computational complexity and modeling robustness. Furthermore, an esti-
mate from five-fold cross validation is likely to be more reliable than an 
estimate from a common practice only using a single testing set. Note that 
the LSSVM in the experiments uses the mixed kernels. For the dataset 1, 
the parameter vector ),,,,,,,( 3211dataset  Cd θρσλλλ=Θ = (0.1, 0.5, 0.4, 

1.82, 3.45, 44.66, 87.85, 189.93), for the dataset 2, =Θ 2dataset   

),,,,,,,( 321 Cd θρσλλλ  = (0.1, 0.5, 0.4, 2.35, 5.64, 78.22, 100.81, 95.35), 

and for the dataset 3, ),,,,,,,( 3213dataset  Cd θρσλλλ=Θ  = (0.2, 0.5, 0.3, 
2.08, 3.89, 38.74, 78.82, 164.35). 

As previously mentioned, we will perform the eight independent ex-
periments for each credit dataset. For this purpose different training data 
partitions are carried out. In this chapter, we randomly select i%(i = 20, 
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30, …, 90) training data to perform the feature selection. Here we assume 
that the LSSVM training with less than 20% training data is inadequate. 
This testing process includes three steps. First of all, we randomly select 
some input variable using GA and pass them to LSSVM. Second, the data-
set is randomly separated two parts, training samples and validation sam-
ples, in terms of i%, respectively. Third, we select i% training data to train 
LSSVM model and then test the trained LSSVM with (100–i)% validation 
data in terms of five-fold cross-validation procedure. Accordingly, the se-
lected features using GA-based feature selection procedure are shown in 
Table 7.1. 

Table 7.1. Selected key features by GA-based feature selection procedure 

Data  Selected Feature ID  
Partition (i%) Dataset 1 Dataset 2 Dataset 3 

20 1, 2, 5, 7, 8,10 1, 2, 4, 5, 6, 9, 11 2, 3, 5, 7, 10, 15, 17 
30 2, 3, 5, 7, 11 2, 4, 5, 8, 12 3, 7, 11, 12, 17, 19 
40 2, 3, 7, 11 1, 2, 5, 6, 9 1, 3, 7, 8, 11, 17 
50 1, 2, 3, 11 1,5, 6, 10, 14 2, 3, 7, 8, 13, 17 
60 1, 2, 7, 10 2, 5, 7, 10, 13 3, 7, 12, 13, 17 
70 2, 7, 8, 11 1, 2, 5, 6, 12 1, 3, 7, 14, 15, 17 
80 1, 2, 7, 11 1, 2, 5, 6, 13 3, 7, 10, 12, 15, 17 
90 2, 7, 10, 11 5, 6, 7, 9, 11 3, 7, 12, 17, 19 

As can be seen from Table 7.1, it is easy to see which features are key 
determinants of credit evaluation. For each data partition, different key 
features are clearly highlighted. We partially attribute this finding to the 
strong correlation among credit assessment related features. However, we 
find that the key determinants for different credit datasets are different.  

For the Dataset 1 (England corporation credit), ROCE (2), QACL (7) 
and CHAUD (11), can be considered to be some key drivers affecting cor-
poration credit because they appear many times in eight experiments. For 
Dataset 2, applicant’s income (5) and applicant’s employment status (6) 
can be seen as two important key drivers for England consumers’ credit. In 
addition, year of birth (1) and number of children (2) are two important 
factors. While for the third dataset, credit history (3), present employment 
(7) and job (17) are the key drivers for German consumers’ credit. The rea-
son leading to this difference is that different datasets include different 
credit type. For example, Dataset 1 is a corporation credit dataset, while 
Datasets 2 and 3 are two consumers’ credit datasets. Furthermore, in two 
consumers’ credit datasets, both applicant’s income (the fifth feature for 
Dataset 2 vs. the seventeenth feature for Dataset 3) and employment status 
(the sixth feature for Dataset 2 vs. the seventh feature for Dataset 3) are 
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key drivers to affect the credit evaluation. With these key determinants, 
two benefits can be obtained. On the one hand, this makes considerable 
sense because these key features are significantly related to credit evalua-
tion from this analysis. Therefore the decision-makers of credit-granting 
institutions will add more weight to these features for future credit evalua-
tion. On the other hand, we can reduce data collection and storage re-
quirements and thus reducing labor and data transmission costs, which are 
illustrated below. 

From Table 7.1, the GA-based feature selection procedure reduces data 
dimensions for different credit dataset. For Dataset 1, most data partitions 
choose at most four features except one that selects six features at data par-
tition i = 20% and another that selects five features at data partition i= 30% 
(The main reason may be that too less data are used). On average, the GA-
based feature selection method selects four features. This reduces the data 
dimensionality by (12-4)/12 ≈ 66.67% for Dataset 1. For Dataset 2 and 
Dataset 3, the GA-based feature selection procedure chooses five and six 
features on the average, respectively. The amount of data reduction for 
Dataset 2 is (14-5)/14 = 64.29%, while for Dataset 3, the amount of data 
reduction reaches (20-6)/20=70%. This indicates that we can reduce data 
collection, computation and storage costs considerably through the GA-
based feature selection procedure. 

Although we only select several typical features to classify the status of 
credit applicants, the classification performance of the model is still prom-
ising, as illustrated in Fig. 7.3. Note that the value in Fig. 7.3 is the average 
classification performance in terms of five-fold cross validation experi-
ments. 

Fig. 7.3. Performance of feature evolved LSSVM on three credit datasets 
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As can be seen form Fig. 7.3, several finding can be observed. First of 
all, before 70%~80% partition rate, the classification performance gener-
ally improves with the increase of data partition. The main reason is that 
too less training data (e.g., 20%~30% partition rates) is often insufficient 
for LSSVM learning. Second, when 90% partition rate is used, the predic-
tions show the slightly worse performance relative to 80% partition rate. 
The reason is unknown and it is worth exploring further with more ex-
periments. Third, in the three testing cases, the performance of the Dataset 
1 is slightly better than the other two cases. The possible reason is that 
Dataset 1 has a relatively small number of features than other two datasets 
and real reason is worth further exploring in the future. In summary, the 
evolving LSSVM learning paradigm with GA-based feature selection is 
rather robust. The hit ratios of almost all data partition are above 77.7% 
except that the data partition is set to 20% for Dataset 1 (75.67%). Fur-
thermore, the variance of five-fold cross validation experiments is small at 
1%~4%. These findings also imply that the feature evolved LSSVM model 
can effectively improve the credit evaluation performance. 

7.5.2 Empirical Analysis of GA-based Parameters Optimization 

As is known to all, different parameters selection often results in different 
model performance for different practical applications. For the LSSVM 
model, the generalization performance is often affected by kernel parame-
ters and upper bound parameter, as earlier noted. In this chapter, the utili-
zation of the mixed kernel also brings more uncertain parameters. There-
fore the LSSVM model used here has eight parameters, which can be 
represented as a vector, i.e., ),,,,,,,( 321 Cd θρσλλλ=Θ . In order to 
search their optimal combination, a series of data experiments are con-
ducted. For saving the computational cost, we only use an LSSVM model 
for each dataset. According to the previous subsection, the LSSVM with 
80% partition rate and four typical features (1, 2, 7, and 11) is used to 
model for Dataset 1. For Dataset 2, we use the LSSVM with 80% partition 
rate and five key features (1, 2, 5, 6, and 13). While for Dataset 3, the 
LSSVM with 70% partition rate and six important features (3, 7, 10, 12, 
15, and 17) is utilized. In addition, the crossover rate is 0.7, mutation rate 
is 0.005 and maximum generation is 200. 

According to the above setting, the evolutionary experiments on differ-
ent parameters selections are conducted. After about 150 generalizations of 
evolution, the optimal solutions of different parameters for LSSVM are 
brought out, as shown in Table 7.2. 
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Table 7.2. Optimal solutions of different parameters for LSSVM 

Kernel mixed coefficients Kernel parameters 
Upper 
bound 

Fitness 
value 

Data 
set 

λ1 λ2 λ3 d σ ρ θ C f(Θ) 
0.1 0.5 0.4 1.82 3.45 46.66 87.85 189.93 0.7945 1 
0.2 0.5 0.3 1.75 4.13 54.21 77.67 166.34 0.7889 

 0.4 0.4 0.2 1.95 3.08 39.97 93.17 197.15 0.7907 
 0.5 0.4 0.1 2.54 5.72 62.11 52.82 108.54 0.7872 

0.1 0.5 0.4 2.35 5.64 78.22 100.8 95.350 0.7232 2 
0.2 0.5 0.3 2.78 6.43 72.55 99.98 105.34 0.7087 
0.4 0.4 0.2 3.05 4.48 79.87 85.33 166.29 0.7236 

 
0.5 0.4 0.1 3.45 5.65 66.67 65.84 184.15 0.7129 
0.1 0.5 0.4 1.89 3.34 45.76 91.22 177.76 0.7686 3 
0.2 0.5 0.3 2.08 3.89 38.74 78.82 164.35 0.7731 
0.4 0.4 0.2 2.61 4.55 36.87 95.34 213.54 0.7689 

 
0.5 0.4 0.1 2.99 6.67 44.67 99.87 239.66 0.7604 

As can be seen from Table 7.2, some important and interesting conclu-
sions can be found. First of all, observing the kernel mixed coefficients, it 
is easy to find that for the all testing cases the proportion of the RBF kernel 
(i.e., the coefficient of λ2) is the highest. This demonstrates that a RBF 
kernel has good ability to increase the generalization capability. Second, 
when the coefficient of λ1 arrives at 0.5, the classification performance is 
the worst of all the three testing cases. This implies that the polynomial 
kernel cannot dominate the kernel for LSSVM learning when complex 
learning task is assigned. Third, Similar to RBF kernel, the sigmoid kernel 
can also increase the generalization ability of LSSVM or decrease the error 
rate of LSSVM generalization through observing the change of λ3. Fourth, 
in terms of fitness function value, we can roughly estimate the rational 
range of kernel parameters. For example, for the parameter d, the range 
[1.5, 3.5] seems to generate good generalization performance. Fifth, for the 
upper bound parameter, a value larger than 100 seems to be suitable for 
practical classification applications. Perhaps such a value may give an ap-
propriate emphasis on misclassification rate. 

In addition, an important problem in parameter evolution is computa-
tional time complexity. It is well known to all that the GA is a class of sto-
chastic search algorithm and it is a time-consuming algorithm. Although 
GA-based input feature evolution has reduce the modeling complexity to 
some extent, but the parameters search is still a time-consuming process. 
For comparison purpose, two commonly used parameter search methods, 
the grid search (GS) algorithm (Kim, 1997) and direct search (DS) algo-
rithm (Hooke and Jeeves, 1961; Mathworks, 2006) are used. 
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In grid search (GS) algorithm, each parameter in the grid is first defined 
by the grid range. Then a unit grid size is evaluated by an objective func-
tion f. The point with best f value corresponds to the optimal parameter. 
The grid search may offer some protection against local minima but it is 
not very efficient. The optimal results depend on the initial grid range. 
Usually a large grid range can provide more chance to achieve the optimal 
solution but it takes more computational time. Interested readers can refer 
to Kim (1997) for more details about grid search. 

Direct search (DS) algorithm is a simple and straightforward search 
method and can be applied to many nonlinear optimization problems. Sup-
pose the search space dimension is n, a point p in this space can be denoted 
by (z1, z2, …, zn), the objective function is f, and pattern v is a collection of 
vectors that is used to determine which points to search in terms of a cur-
rent point, i.e., v = [v1, v2, …, v2n], v1 = [1, 0, …, 0], v2 = [0, 1, …, 0], …, vn 
= [0, 0, …, 1], vn+1 = [-1, 0, …, 0], vn+2 = [0, -1, …, 0], …, v2n = [0, 0, …, -
1], n

i Rv ∈ , i =1, 2, …, 2n. The points set M = {m1, m2, …, m2n} around 

current point p to be searched are defined by the mesh which multiple the 
pattern vector v by a scalar r, called the mesh size. If there is at least one 
point in the mesh whose objective function value is better than that of the 
current point p, we replace this old point with the new point until the best 
point is found. For more details, please refer to Hooke and Jeeves (1961) 
and Mathworks (2006). 

In this chapter, the computational time of GA is compared with grid 
search algorithm and direct search algorithm. In our experiments, the ini-
tial parameter range is determined by Table 7.2. In the grid search method, 
the unit grid size is 0.5. In the direction search algorithm, the maximum it-
eration is 100. The parameter setting of GA is similar to the above experi-
ment, as shown before Table 7.2. The program is run on an IBM T60 
Notebook with Pentium IV CPU running at 1.8GHz with 2048 MB RAM. 
All the programs are implemented with Matlab language. The experiments 
of three different parameter search methods used the identical training and 
testing sets with five-fold cross validation. The average classification accu-
racy of the three methods and computational time are shown in Table 7.3. 

From Table 7.3, we can find that for different credit datasets, the pa-
rameter search efficiency and performance is similar. Furthermore, there is 
no significant difference among the three parameter search methods for the 
average prediction performance. However, the computational time of each 
parameter search algorithm is distinctly different. In the three methods, the 
CPU time of the grid search algorithm is the longest for the three testing 
credit datasets, followed by the genetic algorithm. The shortest CPU time 
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is direct search methods. Fortunately, the classification performance of the 
GA is slightly better than that of direct search except the case of Dataset 2. 

Table 7.3. Computational performance comparisons using different parameter 
search methods for three credit datasets 

Dataset Parameter search method Prediction performance (%) CPU time (s) 
1 Grid Search 79.07 10221.33 
 Direct Search 79.13 1092.65 
 Genetic Algorithm 79.48 2212.56 

2 Grid Search 71.97 11310.42 
 Direct Search 72.37 1200.51 
 Genetic Algorithm 72.25 2423.55 

3 Grid Search 77.31 11789.45 
 Direct Search 77.02 1298.26 
 Genetic Algorithm 77.18 2589.98 

In addition, to fully measure the prediction and exploration power of the 
proposed evolving LSSVM learning paradigm, it is required to further 
compare with other classification models, which is performed in the fol-
lowing subsection. 

7.5.3 Comparisons with Other Classification Models 

According to the previous experiment design presented in Section 7.4, 
each of the comparable classification models described in the previous sec-
tion is estimated by in-sample data. The model estimation selection proc-
ess is then followed by an empirical evaluation based on the out-of-sample 
data. At this stage, the classification performance of the models is meas-
ured by hit ratio. Similar to the prior experiments, five-fold cross valida-
tion experiments are conducted and the corresponding results are reported 
in Table 7.4. Note that the value in bracket is the standard deviation of 
five-fold cross validation experiments. 

As can be see from Table 7.4, the following several findings are ob-
served. First of all, the differences between the different models are very 
significant. For example, for the testing case of Dataset 1, the hit ratio for 
the LDA model is only 63.65%, for the BPNN and standard SVM model 
the hit ratios are 68.78% and 72.69%, respectively, while for the proposed 
evolving LSSVM classification model, the hit ratio reaches 79.49%, which 
is significantly higher than the individual SVM, BPNN and other statistical 
models, implying that the proposed evolving LSSVM learning has a sig-
nificant improvement about credit risk evaluation relative to the LDA and 
BPNN.  
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Table 7.4. Performance comparisons of different models 

  Hit ratio (%)  
Model Dataset 1 Dataset 2 Dataset 3 
LDA 63.65 [5.54] 60.12 [6.45] 62.34 [7.43] 
BPNN 68.78 [8.87] 65.23 [7.98] 67.17 [8.56] 
Standard SVM 72.69 [5.45] 70.02 [6.56] 70.88 [6.09] 
LSSVMpoly 72.48 [4.38] 68.87 [6.01] 69.43 [6.59] 
LSSVMrbf 72.27 [4.61] 71.23 [4.65] 76.06 [5.21] 
LSSVMsig 73.56 [5.23] 70.19 [4.23] 74.65 [4.98] 
LSSVMmix 77.93 [5.04] 71.69 [4.52] 76.87 [5.78] 
LSSVMgafs 78.96 [3.88] 72.21 [5.08] 76.94 [5.45] 
LSSVMgapo 79.17 [4.07] 72.45 [4.76] 77.07 [4.76] 
Evolving LSSVM 79.49 [3.54] 72.89 [4.12] 77.32 [4.33] 
* LSSVMpoly: individual LSSVM model with polynomial kernel; LSSVMrbf: individual 
LSSVM model with RBF kernel; LSSVMsig: individual LSSVM model with sigmoid 
kernel; LSSVMmix: individual LSSVM model with a mixed kernel; LSSVMgafs: indi-
vidual LSSVM model with GA-based input feature selection only; LSSVMgapo: indi-
vidual LSSVM model with GA-based parameter optimization only. 

Second, by comparing the conventional statistical models (i.e., LDA) 
with the latter nine intelligent models (i.e., BPNN, SVM and seven 
LSSVM variants), it is clear that the intelligent models consistently outper-
form the conventional statistical models. The main reasons reflect two as-
pects. On the one hand, the intelligent credit evaluation models can easily 
capture the nonlinear patterns in the credit market because they adopt 
nonlinear mapping functions, while the two conventional statistical models 
are all linear models. On the other hand, in the intelligent mining models, 
more factors may be included.  

Third, in the BPNN and standard SVM models, the SVM is better than 
the BPNN. The main reason is that the SVM model can overcome some 
shortcomings of BPNN, such as overfitting and local minima and thus in-
creasing the generalization performance. 

Fourth, among the four LSSVM with different kernel functions, the 
LSSVM with mixed kernel function shows its predictive capability relative 
to the other three single kernel functions. The main reason is that the 
mixed kernel absorbs the advantages and overcome some disadvantages of 
each single kernel function because each single kernel function has their 
own advantages and disadvantages. 

Fifth, in the last three evolved LSSVM models, the difference among 
them is insignificant. The main reason is that the input features are evolved 
and model parameters are optimized. However, these evolving LSSVM 
models consistently perform better than LSSVM models without evolu-
tion. Particularly, GA-based input feature selection procedure greatly re-
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duces the model input variable and thus increasing model interpretability 
and effectiveness. This is also the main reason why the evolved LSSVM 
models outperform the LSSVM without evolution. 

Finally, the proposed evolving LSSVM learning paradigm has some 
comparative advantages relative to individual SVM and BPNN. First of 
all, the evolving LSSVM can overcome some shortcomings of BPNN, 
such as overfitting and local minima. Second, the evolving LSSVM used 
the mixed kernel and thus the LSSVM has stronger generalization ability. 
Third, the parameter optimization procedure via GA can also increase the 
generalization performance of the evolving LSSVM. Fourth, the feature 
evolution in the evolving LSSVM can easily find some key drivers of af-
fecting model performance, and thus increasing the interpretability of 
LSSVM model. Furthermore, the evolving LSSVM model with important 
input features has better generalization performance than individual SVM 
model. 

7.6 Conclusions 

In this chapter, an evolving LSSVM model integrating LSSVM and evolu-
tionary algorithms (EAs) is proposed for credit risk evaluation and analy-
sis. In the proposed evolving LSSVM learning paradigm, a standard ge-
netic algorithm is first used to select possible input feature combination 
and optimize parameters of LSSVM and then the evolved LSSVM is used 
to evaluate credit risk. There are two distinct strengths for the evolving 
LSSVM model: one is its ability to build an interpretable classification 
model because smaller numbers of features are used. The other is its ability 
to build an optimal classification model because all model parameters are 
optimized. Particularly, through a series of simulation experiments, we 
show that the proposed evolving LSSVM model not only maximizes the 
generalization performance but also selects a most parsimonious model. 
These indicate that the proposed evolving LSSVM model can be used as a 
viable alternative solution to credit risk evaluation and analysis. 

It is worth noting, however, that the proposed evolving LSSVM learning 
paradigm could be further improved in the future, such as in areas of en-
semble learning and ensemble evolution with LSSVM. Furthermore, this 
proposed method can not only work in the credit risk evaluation filed but 
also work in general classification/regression problems. Future studies will 
look into these important issues. 

 



8 Credit Risk Evaluation Using a Multistage SVM 
Ensemble Learning Approach 

8.1 Introduction 

At the beginning of 2005, the total outstanding consumer credit reached 
$2.127 trillion in U.S. Among them $0.801 trillion is revolving and $1.326 
trillion is non-revolving. According to data released by the Administrative 
Office of the U.S. Courts, in the year that ended on December 31, 2003, 
U.S. bankruptcy filings set a record level, totaling 1,660,245, which in-
cluded 1,625,208 non-business and 35,037 business bankruptcy filings. 
Also 2,062,000 people filed bankruptcy in the year that ended on Decem-
ber 31, 2004. Similarly, lack of a robust credit rating model has been an 
important issue that slowed down the development of complicated prod-
ucts, such as, credit derivatives, in some Asia countries, which made it dif-
ficult for investors and firms to find suitable instruments to transfer the 
credit risks they faced. 

Given such phenomenal loss exposure, the evaluation of applications for 
credit lines, the credit monitoring after granting credit lines and loans, all 
received intense attention from the risk management community. Despite 
the differences among various consumer credit products, such attention or 
focus has resulted in many researches on the development of new credit 
scoring models and systems. Although the timing and duration of credit 
analysis has been vastly different for that of the credit card, mortgage, 
auto, commercial lending industries, etc., the need is still the same: an ap-
proach to support faster, more accurate, more robust and more unbiased 
credit scoring. 

Recently, a relatively new approach - support vector machine (SVM) 
has been developed and it has proved to be useful in supporting credit 
scoring and other tasks that need “classification”. Vapnik and his col-
leagues at AT&T Bell Laboratories first proposed the SVM in 1995 (Vap-
nik, 1995; Cortes and Vapnik, 1995; Vapnik, 1998). The SVM algorithm 
operates by mapping the input space into a possibly higher-dimensional 
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feature space and locating a plane that separates the positive examples 
from the negative ones as “far” as possible. Having found such a plane, 
SVM can then predict the classification of an unlabeled example by map-
ping it into the feature space and determines which side of the separating 
plane the example should lie. Majority of the SVM’s predictive power 
comes from its criterion or criteria for selecting a separating plane when 
many candidate planes exist: the SVM chooses the plane that maintains a 
maximum margin from any point in the training set. Since then SVM has 
been proved to be useful in supporting complicated tasks, such as, cancer 
diagnosis, gene expression, image classification, image clustering, hand-
written character recognition, intrusion detection, time series prediction, 
text mining and marketing, etc. 

However, limitations did exist that a single SVM might not provide the 
performance that meets the expectations of the users. Instead of choosing a 
“single best” performing classifier, ensemble, or committee, based ap-
proaches believe that diverse perspectives from different aspects of a prob-
lem can be integrated to create better classification performance (Breiman, 
1996; Breiman, 1999, Yu et al., 2007b). In ensemble, a committee (final 
classifier) is composed of several base classifiers (member classifiers), 
each independently makes its own classification, to create a single classifi-
cation that represents the results of the whole committee. 

The chapter proposes a multistage SVM ensemble learning method that 
aggregates the SVM classifiers of individual members by their degrees of 
“reliability” or “confidence” - which is determined by the decision value of 
SVM classifier, which makes it different from “one-member-one-vote” 
that commonly used in SVM ensembles. The modification comes form the 
intuition that “one-member-one-vote” ensembles don’t make full use of the 
information of the reliability from each member SVM classifiers. For ex-
ample a SVM ensemble has three member classifiers. For a feature vector 
x, two ensemble members are neutral to its prediction but slightly for the 
negative class, while the third is strongly for the positive class. Then what 
should the reasonable classification results of the ensemble?  In other 
words the decisions values of x obtained from two member SVM classifi-
ers are negative but very close to neutral, while the decision value from the 
third is positive, but very far from the neutral position - multiples of the 
margin. The classification result based on the “one-member-one-vote” en-
semble is negative class, because two members are for the negative class. 
Clearly the optimal or more appropriate choice is positive class. 

To achieve high classification performance, there are some essential re-
quirements to the ensemble members and the ensemble strategy. First of 
all, a basic condition is that the individual member classifiers must have 
enough training data. Secondly, the ensemble members are diverse or 
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complementary, i.e., classifiers must show different classification proper-
ties. Thirdly, a wise ensemble strategy is also required on a set of comple-
mentary classifiers in order to obtain high classification performance. 

For the first requirement, some sampling approaches, such as bagging 
(Breiman, 1996), have been used for creating different training samples by 
varying the data subsets selected or perturbing training sets (Yang and 
Browne, 2004).  In credit risk assessment, the available data samples are 
often limited (Lai et al., 2006d). Due to the features of its random sam-
pling with replacement, the bagging approach can rightly remedy the 
shortcoming. 

For the second requirement, diverse ensemble members can be obtained 
by varying the initial conditions or using different training data. In SVM, 
we can vary the value of upper bound and regularized parameter to get dif-
ferent ensemble members. In addition, using different training dataset can 
also generate different SVM members. Thus, constructing different SVM 
ensemble members is rather easy. 

In the ensemble model, the most important point is to select an appro-
priate ensemble strategy, which mentioned in the third requirement. Gen-
erally, the variety of ensemble methods can be grouped into three catego-
ries according to the level of classifier outputs: abstract level (crisp class), 
rank level (rank order) and measurement level (class score) (Xu et al., 
1992; Suen and Lam, 2000). In the existing studies, many ensemble sys-
tems still use empirical heuristics and ad hoc ensemble schemes at the ab-
stract level. Typically, majority voting (Xu et al., 1992; Yang and Browne, 
2000) uses the abstract level of output of ensemble members. An important 
drawback of this ensemble strategy is that it does not take confidence de-
gree of SVM output into account. Actually, ensemble at the measurement 
level is advantageous in that the output measurements contain richer in-
formation of class measures. In a sense, an appropriate ensemble strategy 
is more crucial, especially for integrating the classifiers that output diverse 
measurements. Furthermore, the intensive investigation of SVM ensemble 
for credit risk evaluation has not formulated a convincing theoretical foun-
dation and overall process model yet. 

In such situations, we propose a novel multistage reliability-based SVM 
ensemble learning approach that differs in that the final ensemble strategy 
is determined the reliability of SVM output at the measurement level. In 
this chapter, the proposed SVM ensemble learning model consists of six 
stages. In the first stage, a bagging sampling approach is used to generate 
different training data subsets especially for data shortage. In the second 
stage, the different SVM models are created with different training subsets 
obtained from the previous stage. In the third stage, the generated SVM 
models are trained with different training datasets and accordingly the 
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classification score and reliability value of SVM classifier can be obtained. 
In the fourth stage, a decorrelation maximization algorithm is used to se-
lect the appropriate ensemble members. In the fifth stage, the reliability 
values of the selected SVM models (i.e., ensemble members) are scaled 
into a unit interval by logistic transformation. In the final stage, the se-
lected SVM ensemble members are fused to obtain final classification re-
sult by means of reliability measurement. For testing and illustration pur-
poses, two publicly available credit datasets are used to verify the 
effectiveness of the proposed SVM ensemble model. 

The motivation of this chapter is to formulate a multistage reliability-
based SVM ensemble learning paradigm for credit risk evaluation and 
compare its performance with other existing credit risk assessment tech-
niques. The rest of the chapter organized as follows. The next section pre-
sents a literature review about credit risk evaluation models and tech-
niques. In Section 8.3, an overall formulation process of the multistage 
SVM ensemble learning model is provided in detail. To verify the effec-
tiveness of the proposed method, two real examples are performed and ac-
cordingly the experiment results are reported in Section 8.4. And Section 
8.5 concludes the chapter. 

8.2 Previous Studies 

In the field of credit risk management, many models and methodologies 
have been applied to support credit scoring, including statistical, such as, 
discriminant analysis (Fisher, 1936), logit regression (Wiginton, 1980), 
probit regression (Grablowsky and Talley, 1981), optimization, such as, 
linear programming (Glover, 1990) and integer programming (Mangasar-
ian, 1965), nearest-neighbor approach (Chatterjee and Barcun, 1970; 
Henley, 1996), classification tree method, or recursive partitioning algo-
rithms (Makowski, 1985; Coffman, 1986), genetic algorithm (Varetto, 
1998; Chen and. Huang, 2003), neural networks (Tam and Kiang, 1992; 
Coats and Fant, 1993; Smalz and Conrad, 1994; Piramuthu, 1999; West 
2000; Atiya, 2001; Malhotra and Malhotra, 2002; Malhotra and Malhotra, 
2003; Lai et al., 2006b, 2006d), rough set (Dimitras et al., 1999; Beynon 
and Peel, 2001), and financial derivative pricing method (Black and Scho-
les, 1973; Merton, 1974). Several good recent surveys on credit scoring 
and behavioral scoring can be found at Thomas (2002) and Thomas et al. 
(2002, 2005). 

Applications of SVM in credit analysis include Van Gestel et al. 
(2003a), Van Gestel et al. (2003b), Stecking and Schebesch (2003) and 
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Huang et al. (2004), Li et al. (2004) and Wang et al. (2005) etc. Huang et 
al. (2004) uses two datasets from Taiwanese financial institutions and 
United States’ commercial banks as an experimental test bed to compare 
the performance of SVM with back propagation neural networks. Their re-
sults showed that SVMs achieved accuracy comparable with that of back 
propagation neural networks. Van Gestel et al. (2003a) and Van Gestel et 
al. (2003b) compare classical linear rating methods with state-of-the-art 
SVM techniques. The test results clearly indicate the SVM methodology 
yields significantly better results on an out-of-sample test set. Stecking and 
Schebesch (2003) and Li et al. (2004) also show that SVM is useful for 
credit scoring. Wang et al. (2005) proposes a new fuzzy support vector 
machine to evaluate credit risk which treats every training sample as both 
good and bad creditor, but with different memberships. Experimental tests 
on three publicly available datasets show that the new fuzzy SVM can 
achieve superior results than traditional SVMs. 

Different from the idea of choosing the single best classifier, ensemble 
learning approach tries to combine the classification results of several clas-
sifiers to achieve better performances. The common ways to create classi-
fier ensemble are bagging and boosting. Bagging (bootstrap aggregating) 
(Breiman, 1996) constructs training sets for each committee member’s 
classifiers by sampling with replacement over a uniform probability distri-
bution on the total training dataset. So some samples may appear in several 
training sets, while some samples appear in none of training sets. Boosting 
strategy construct training sets by sampling with replacement over a prob-
ability distribution that iteratively adapts according to the performance of 
previous classifiers. The most common boosting algorithm is Adaboost 
(Adaptive boosting) (Freund and Schapire, 1995) which iteratively in-
crease likenesses of samples which are wrongly classified and decrease the 
likeness of samples which are correctly classified by the previous trained 
classifiers. Currently research on ensemble technology is flourishing, such 
as Kittler et al. (1998), Kuncheva and Jain (2000), Liu and Yuan (2001), 
Ruta and Gabrys (2002), Tumer and Ghosh (2002), Shipp and Kuncheva 
(2002), Kuncheva (2002a, 2002b), Kuncheva et al. (2003), Webb and 
Zheng (2004), Zhou and Yu (2005), Ruta and Gabrys (2005) , and Lai et 
al. (2006b). 

Combinations of SVM classifiers have also been extensively researched. 
Kim et al. (2003) proposes a SVM ensemble with bagging or boosting and 
finds it greatly outperforms a single SVM in terms of classification accu-
racy. In Sun and Huang (2004) a least square SVM ensemble is con-
structed and found to be of more robust to noisy data. The other analysis of 
SVM ensemble include Hoi and Lyu (2004), Yu et al. (2004), Coelho et al. 
(2003) , and Ma et al. (2004).  
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However, an intensive investigation of SVM ensemble learning finds 
that a convincing theoretical foundation and overall process model for 
credit risk evaluation has not been formulated yet. For this purpose, we try 
to formulate an overall process model for SVM ensemble learning para-
digm. 

8.3 Formulation of SVM Ensemble Learning Paradigm 

In this section, a six-stage reliability-based SVM ensemble learning model 
is proposed for credit risk classification purpose. The basic idea of SVM 
ensemble originated from using all the valuable information hidden in 
SVM classifiers, where each can contribute to the improvement of gener-
alization. In our proposed multistage SVM ensemble learning model, a 
bagging sampling approach is first used to generate different training sets 
for guaranteeing enough training data. In terms of different training data-
sets, multiple individual neural classifiers are trained. Accordingly some 
classification results and reliability values of each SVM classifier are also 
obtained. Then a decorrelation maximization algorithm is used to select the 
appropriate ensemble members from the multiple trained SVM classifiers. 
Subsequently the reliability values are transformed into a unit interval for 
avoiding the situation that member classifier with large absolute value of-
ten dominates the final decisions of the ensemble. Finally the ensemble 
members are aggregated in terms of some criteria, and their generated re-
sults are output based upon reliability measure. The final result is called 
the ensemble output. The general architecture of the multistage reliability-
based SVM ensemble learning model is illustrated in Fig. 8.1. 

8.3.1 Partitioning Original Data Set 

Due to data shortage in some data analysis problems, some approaches, 
such as bagging (Breiman, 1996) have been used for creating samples by 
varying the data subsets selected or perturbing training sets (Yang and 
Browne, 2004). Bagging is a widely used data sampling method in the ma-
chine learning field. Given that the size of the original data set DS is P, the 
size of new training data is N, and the number of new training data items is 
m, the bagging sampling algorithm can be shown in Fig. 8.2. 
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Fig. 8.1. General process of multistage SVM ensemble learning model 
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Fig. 8.2. Bagging sampling algorithm 

The bagging algorithm (Breiman, 1996) is very efficient in constructing 
a reasonable size of training set due to the feature of its random sampling 
with replacement. Therefore, bagging is a useful data preparation method 
for machine learning. In this chapter, we use the bagging algorithm to gen-
erate different training data subsets especially for that the original data is 
scarcity. 

8.3.2 Creating Diverse Neural Network Classifiers 

According to the definition of effective ensemble classifiers by Hansen 
and Salamon (1990), ‘a necessary and sufficient condition for an ensemble 
of classifiers to be more accurate than any of its individual members is if 
the classifiers are accurate and diverse.’ Generally, an effective ensemble 
classifier consisting of diverse models with much disagreement is more 
likely to have a good generalization performance in terms of the principle 
of bias-variance trade-off (Yu et al., 2006b). Therefore, how to generate 
the diverse models is a crucial factor. For SVM model, several methods 
have been investigated for the generation of ensemble members making 
different errors. Such methods basically rely on varying the parameters re-
lated to the design and to the training of neural networks. In particular, the 
main methods include the following three aspects: 
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(1) Using different kernel functions in SVM model. For example, 
polynomial function and Gaussian function are typical kernel 
functions. 

(2) Changing the SVM model parameters. Typically, upper bound 
parameter C and kernel parameters d for polynomial kernel, σ for 
RBF kernel, and ρ and θ for sigmoid kernel, as described in Chap-
ter 9, are usually considered. 

(3) Varying training data sets. Because different datasets contains dif-
ferent information, different datasets can generate diverse model 
with different model parameters. There are six techniques that can 
be used to obtain diverse training data sets (Yang and Browne, 
2004): bagging (Breiman, 1996), noise injection (Raviv and Intra-
tor, 1996), cross-validation (Krogh and Vedelsby, 1995), stacking 
(Wolpert, 1992), boosting (Schapire, 1990) and input decimation 
(Tumer and Ghosh, 1996). 

In our chapter, the third way is selected because the previous phase has 
created many different training data subsets. With these different training 
datasets, diverse SVM classifiers with disagreement as ensemble members 
can be generated.  

8.3.3 SVM Learning and Confidence Value Generation 

After creating diverse SVM classifiers, the next step is to train the svm 
with different training datasets. In this chapter, the selected SVM is a stan-
dard SVM model proposed by Vapnik (1995) with Gaussian kernel func-
tion. By training SVM, model parameters, such as upper bound and kernel 
parameters, of SVM can be determined and accordingly the SVM classifier 
can be constructed in the following form, as presented in Chapters 7 and 8. 
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and its decision value function: 
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In this chapter, we mainly use mainly use x ’s decision value f(x) as its 
classification score at the measurement level, instead of the classification 
results F(x) directly. For credit risk classification problem, a credit analyst 
can adjust the parameter b to modify the cutoff to change the percent of 
accepted. Only when the applicant’s credit score is larger than the cutoff, 
his application will be accepted. 
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In addition, the decision value f(x) is a good indicator for the reliability 
degree of ensemble classifiers. The larger the f(x), the higher the SVM 
classifier for positive class is. Therefore the decision value f(x) as a reli-
ability measure is used to integrate the ensemble members. By means of 
this treatment, we can realize the decision fusion at the measurement level. 

8.3.4 Selecting Appropriate Ensemble Members 

After training, each individual SVM classifier has generated its own result. 
However, if there are a great number of individual members, we need to 
select a subset of representatives in order to improve ensemble efficiency. 
Furthermore, in the ensemble learning model, it does not follow the rule of 
“the more, the better”, as mentioned by Yu et al. (2005). In addition, this is 
the necessary requirement of diverse SVM classifier for ensemble learn-
ing. In this chapter, a decorrelation maximization method (Lai et al., 
2006b) is adopted to select the appropriate number of SVM classifiers for 
SVM ensemble learning 

As earlier noted, the basic starting point of the decorrelation maximiza-
tion algorithm is the principle of ensemble model diversity. That is, the 
correlations between the selected classifiers should be as small as possible, 
i.e., decorrelation maximization. Supposed that there are p SVM classifiers 
(f1, f2, …, fp) with n decision values. Then the error matrix (e1, e2, …, ep) of 
p predictors can be represented by 
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From the matrix, the mean, variance and covariance of E can be calcu-
lated as 
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Considering (8.5) and (8.6), we can obtain a variance-covariance matrix: 

)( ijpp VV =×  (8.7) 

Based upon the variance-covariance matrix, correlation matrix R can be 
calculated using the following equations: 
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where rij is correlation coefficient, representing the degree of correlation 
classifier fi and classifier fj. 

Subsequently, the plural-correlation coefficient ρfi׀(f1,f2,…,fi-1,fi+1,…, fp) be-
tween classifier fi and other p-1 classifiers can be computed based on the 
results of (8.8) and (8.9). For convenience, ρfi׀(f1,f2,…,fi-1,fi+1,…, fp) is abbrevi-
ated as ρi, representing the degree of correlation between fi and (f1, f2, …, fi-

1, fi+1, …, fp). In order to calculate the plural-correlation coefficient, the 
correlation matrix R can be represented with block matrix, i.e., 
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where R-i denotes the deleted correlation matrix. It should be noted that rii 
= 1 (i = 1, 2, …, p). Then the plural-correlation coefficient can be calcu-
lated by 
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For a pre-specified threshold θ, if ρi
2>θ, then the classifier fi should be 

taken out from the p classifiers. On the contrary, the classifier fi should be 
retained. Generally, the decorrelation maximization algorithm can be 
summarized into the following steps: 

(1) Computing the variance-covariance matrix Vij and correlation ma-
trix R with (8.7) and (8.8); 

(2) For the ith classifier (i =1, 2, …, p), the plural-correlation coeffi-
cient ρi can be calculated with (8.11); 

(3) For a pre-specified threshold θ, if ρi < θ, then the ith classifier 
should be deleted from the p classifiers. Conversely, if ρi > θ, then 
the ith classifier should be retained. 

(4) For the retained classifiers, we can also perform the procedure 
(1)-(3) iteratively until satisfactory results are obtained. 
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8.3.5 Reliability Value Transformation 

In the previous stage, the decision value of the SVM classifiers can be 
used as reliability measure in this stage. It is worth noting that the reliabil-
ity value falls into the interval (-∞, +∞). The main drawback of such a con-
fidence value is that ensemble classifier with large absolute value often 
dominate the final decision of the ensemble model. 

In order to overcome this weakness, one simple strategy is to re-scale 
the output values into zero mean and unit standard deviation, i.e., 

σ
µ−

=+ )(
)(

xf
xg i

i  (8.12)

where µ and σ are the mean and standard deviation of the pooled classifier 
outputs, respectively. However, for classifiers that output dissimilarity 
measures, the sign of the original outputs should be reversed before this 
transformation. 

For convenience, transforming the confidence value into the unit inter-
val [0, 1] is a good solution (Yu et al., 2006b; Yu et al., 2008). In this 
chapter, we use the logistic function as a scaling function for reliability 
transformation, i.e., 
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In a binary classification problem, if the reliability degree for positive 
class is )(xgi

+ , the reliability degree for negative class can be represented as 

)(1)( xgxg ii
+− −=  (8.14)

According to the transformed reliability values, multiple classifiers can 
also be fused into an ensemble output, as illustrated in the following sub-
section. 

8.3.6 Integrating Multiple Classifiers into an Ensemble Output 

Depended upon the work done in previous several stages, a set of appro-
priate number of ensemble members can be collected. The subsequent task 
is to combine these selected members into an aggregated classifier in an 
appropriate ensemble strategy. Generally, there are some ensemble strate-
gies in the literature at the abstract level and the rank level. Typically, ma-
jority voting, ranking and weighted averaging are three popular ensemble 
approaches. Majority voting is the most widely used ensemble strategy for 
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classification problems due to its easy implementation. Ensemble mem-
bers’ voting determines the final decision. Usually, it takes over half the 
ensemble to agree a result for it to be accepted as the final output of the 
ensemble regardless of the diversity and accuracy of each classifier’s gen-
eralization. Majority voting ignores the fact some SVM classifiers that lie 
in a minority sometimes do produce the correct results. At the ensemble 
stage, it ignores the existence of diversity that is the motivation for ensem-
bles (Yang and Browne, 2004). In addition, majority voting is only a class 
of ensemble strategy at the abstract level. 

Ranking is where the members of an ensemble are called low level clas-
sifiers and they produce not only a single result but a list of choices ranked 
in terms of their likelihood. Then the high level classifier chooses from this 
set of classes using additional information that is not usually available to 
or well represented in a single low level classifier (Yang and Browne, 
2004). However, ranking strategy is only a class of fusion strategy at the 
rank level, as earlier mentioned. 

Weighted averaging is where the final ensemble decision is calculated in 
terms of individual ensemble members’ performances and a weight at-
tached to each member’s output. The gross weight is one and each ensem-
ble member is entitled to a portion of this gross weight based on their per-
formances or diversity (Yang and Browne, 2004). Although this approach 
is a class of ensemble strategy at the measurement level, but it is difficult 
for classification problem to obtain the appropriate weights for each en-
semble member (Yu et al., 2008). 

In such situations, this chapter proposes a reliability-based ensemble 
strategy to make the final decision of the ensemble at the measurement 
level. The following five strategies can be used to integrate the individual 
ensemble members (Yu et al., 2006b; Yu et al., 2008): 

(1) Maximum strategy: 
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(2) Minimum strategy: 
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(3) Median strategy: 
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(4) Mean strategy: 
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(5) Product strategy: 
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To summarize, the multistage reliability-based SVM ensemble learning 
model can be concluded in the following steps: 

(1) Partitioning original dataset into n training datasets, TR1, TR2, …, 
TRn. 

(2) Training n individual SVM models with the different training 
dataset TR1, TR2, …, TRn and obtaining n individual SVM classi-
fiers, i.e., ensemble members. 

(3) Selecting m decorrelated SVM classifiers from n neural classifiers 
using decorrelation maximization algorithm. 

(4) Using (8.2) to obtain the m SVM classifiers’ decision values of 
new unlabeled sample x, f1(x), f2(x), …, fm(x), as Fig. 8.1 illus-
trated. 

(5) Using (8.13) and (8.14) to transform decision value to reliability 
degrees for positive class )(,),(1 xgxg m

++ L  and for negative class 

)(,),(1 xgxg m
−− L . 

(6) Fusing the multiple SVM classifiers into an aggregated output in 
terms of reliability value using (8.15)-(8.19). 

8.4 Empirical Analysis 

In this section, two published credit datasets from real world are used to 
test the performance of the proposed approach. For comparison purposes, 
three individual classification models: logit regression (LogR), artificial 
neural network (ANN) and support vector machine (SVM), two hybrid 
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classification models: neuro-fuzzy system (Piramuthu, 1999) and fuzzy 
SVM (Wang et al., 2005), and one neural network ensemble learning 
model (Yu et al., 2008), are also conducted the experiments. In addition, 
the classification accuracy in testing set is used as performance evaluation 
criterion. Typically, three evaluation criteria, Type I, Type II and total ac-
curacy are used to measure the classification results, which are defined in 
the previous chapters. 

8.4.1 Consumer Credit Risk Assessment 

This experimental dataset in this subsection is about Japanese consumer 
credit card application approval obtained from UCI Machine Learning Re-
pository (http://www.ics.uci.edu/~mlearn/databases/credit-screening). For 
confidentiality all attribute names and values have been changed to mean-
ingless symbols. After deleting the data with missing attribute values, we 
obtain 653 data, with 357 cases were granted credit and 296 cases were re-
fused. To delete the burden of resolving multi-category, we use the 13 at-
tributes A1-A5, A8-A15. Because we generally should substitute k-class 
attribute with k-1 binary attribute, which will greatly increase the dimen-
sions of input space, we don’t use two attributes: A6 and A7. 

In this empirical analysis, we randomly draw 400 data from the 653 data 
as the initial training set, 100 data as the validation set and the else as the 
testing set. For single ANN model, a three-layer back-propagation neural 
network with 25 TANSIG neurons in the hidden layer and one PURELIN 
neuron in the output layer is used. That is, the neural network with archi-
tecture of 13-25-1 is used. Besides, the learning rate and momentum rate is 
set to 0.1 and 0.15. The accepted average squared error is 0.05 and the 
training epochs are 2000. In the single SVM model, the kernel function is 
Gaussian function with regularization parameter C = 50 and σ2=5. Simi-
larly, the above parameters are obtained by trial and error. For the pro-
posed SVM ensemble model, 50 different SVM models with different up-
per bound and kernel paramters are generated to increase model accuracy 
for credit risk evaluation. Using the decorrelation maximization algorithm, 
22 diverse SVM classifiers are selected. The basic setting of the ensemble 
members is similar to the single SVM model, as previously mentioned. For 
two hybrid model, we use the reported results in the literature. 

To reflect model robustness, each class of experiment is repeated 10 
times and the final Type I, Type II and total accuracy is the average of the 
results of the 10 individual tests. According to the experiment design, the 
final results are presented in Table 8.1. Note that the results of two hybrid 
classification models and neural network ensemble models are from the 
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three original studies (Piramuthu, 1999; Wang et al., 2005; Yu et al., 
2008). Because the results of type I and type II in the work of Piramuthu 
(1999) are not reported, the result of neuro-fuzzy system is kept to be 
blank in Table 8.1. Based on the similar reason, the standard deviations of 
the fuzzy SVM model are not shown in Table 8.1. In addition, the values 
in brackets of Table 8.1 are the standard deviations of multiple experi-
ments. 

Table 8.1. Consumer credit evaluation results with different methods 

Category Model Rule Type I (%) Type II (%) Total (%) 

Single LogR  74.58 [6.47] 76.36 [5.81] 75.82 [6.14] 
 ANN  80.08 [7.23] 82.26 [6.25] 80.77 [6.86] 
 SVM  78.41 [5.71] 81.43 [6.13] 79.91 [5.87] 
Hybrid Neurofuzzy    77.91 [5.10] 
 Fuzzy SVM  82.70 85.43 83.94 [4.75] 
Neural Net Voting-based Majority 84.37 [5.73] 86.58 [6.11] 85.22 [6.01] 
Ensemble Reliability- Maximum 88.43 [4.34] 86.54 [5.25] 87.24 [4.89] 
 based Minimum 88.86 [4.41] 87.44 [4.74] 88.08 [4.63] 
  Median 86.52 [4.96] 85.63 [5.03] 86.03 [4.99] 
  Mean 86.17 [5.28] 87.85 [5.43] 86.89 [5.35] 
  Product 85.75 [5.11] 86.46 [6.08] 85.96 [5.73] 
SVM Voting-based Majority 84.83 [3.29] 86.89 [4.94] 85.65 [4.13] 
Ensemble Reliability- Maximum 86.45 [4.23] 87.24 [3.98] 86.62 [4.08] 
 based Minimum 87.25 [4.88] 88.08 [4.54] 87.34 [4.66] 
  Median 86.36 [5.12] 87.72 [5.68] 86.78 [5.43] 
  Mean 87.87 [4.92] 88.56 [4.78] 88.09 [4.84] 
  Product 88.74 [4.46] 88.68 [4.96] 88.42 [4.67] 

As can be seen from Table 8.1, we can find the following several con-
clusions. 

(1) Of the three single models, neural network model performs the best, 
followed by single SVM and logit regression. Using two tailed t-test, we 
find that the difference between performance of ANN and SVM is insig-
nificant at five percent level of significance, while the difference between 
logit regression and ANN is significant at ten percent level of significance. 

(2) In the two listed hybrid models, the neurofuzzy system performs 
worse than that of two single AI models, i.e., ANN and SVM. The main 
reason reflects the following aspects. First of all, the neurofuzzy system 
used the approximations of both the inputs as well as the output, as it 
fuzzified the inputs and defuzzified the output. Comparatively, the ANN 
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and SVM did not use any such approximations. Secondly, the classifica-
tion accuracies using neurofuzzy system is also influenced by the overlap 
in the way the range of values of a given attribute is split into its various 
categories (e.g., range of values for small, medium, and large). Again, 
these are pitfalls associated with the mechanisms used for both fuzzifica-
tion and defuzzification of input and output data, respectively (Piramuthu, 
1999). However, the fuzzy SVM obtain good performance relative to sin-
gle classification models. The main reason is that the fuzzy SVM can re-
duce the effect of outliers and yield higher classification rate than single 
SVM and ANN do. 

(3) In the five neural network ensemble models, the reliability-based 
neural network ensemble models consistently outperform the majority vot-
ing based ensemble model, implying that the reliability-based neural net-
work ensemble model is a class of promising approach to handle credit 
risk analysis. Among the five reliability-based neural network ensemble 
models, the neural network ensemble model with minimum strategy per-
forms the best, followed by maximization ensemble rule and mean ensem-
ble rule. Although there is no significant difference in performance of the 
five reliability-based neural network ensemble models, the main reason re-
sulting in such a small difference is still unknown, which is worth further 
exploring in the future. 

(4) In the five SVM ensemble models, we can find some similar results 
with neural network ensemble models. Furthermore, the differences among 
the SVM ensemble models are insignificant. However, one distinct differ-
ence between SVM ensemble models and neural network ensemble models 
is the ensemble strategy of obtaining best classification performance has 
changed. In five neural network ensemble learning models, the minimum 
strategy obtained the best classification performance, while in the SVM 
ensemble models, the product strategy and the mean strategy achieved the 
best and the second best performance.  

(5) From a general view and two-tailed t-test, the SVM ensemble learn-
ing and neural network ensemble learning approaches are much better than 
the single classifiers and hybrid neuron-fuzzy model, indicating that the 
ensemble learning strategy is one of the efficient techniques to improve the 
credit evaluation performance.  

8.4.2 Corporation Credit Risk Assessment 

In this subsection, the dataset used here are about UK corporation credit 
from the Financial Analysis Made Easy (FAME) CD-ROM database 
which can be found in the Appendix of Beynon and Peel (2001). It 
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contains the detailed information of 60 corporations, in which including 30 
failed and 30 non-failed firms. 12 variables are used as the firms’ 
characteristics, which are describe in Section 6.4.1 of Chapter 6. 

In our experiments, all samples are randomly splitted into three parts: 30 
training dataset, 10 validation dataset and 20 testing dataset. 50 different 
training subset are randomly generated by bagging algorithm due to the 
scarcity of data samples. In addition, we make the number of good firms 
equal to the number of bad firms in both the training and testing samples, 
so as to avoid the embarrassing situations that just two or three good (or 
bad, equally likely) inputs in the testing sample. Thus the training sample 
includes 15 data of each class. This way of composing the sample of firms 
was also used by several previous researchers, e.g., Zavgren (1985) and 
Dimitras et al. (1999), among others. Its aim is to minimize the effect of 
such factors as industry or size that in some cases can be very important. 
Except from the above training sample, the validation sample and testing 
sample are also collected using a similar approach. The validation dataset 
is composed of 5 failed and 5 non-failed firms and the testing set consists 
of 10 failed and 10 non-failed firms. 

In the ANN model, a three-layer BPNN with the architecture of 12-21-1 
is used. That is, it has 12 input neurons, 21 TANSIG neurons in the hidden 
layer and one PURELIN neuron in the output layer. The network training 
function is the TRAINLM. Besides, the learning rate and momentum rate 
is set to 0.15 and 0.35. The accepted average squared error is 0.05 and the 
training epochs are 2000. The above parameters are obtained by trial and 
error. In the single SVM model, the kernel function is Gaussian kernel 
function with upper bound parameter C = 10 and kernel parameter σ2=1. 
Similarly, the above parameters are obtained by trial and error. For the 
proposed SVM ensemble model, 50 different SVM models with different 
upper bound and kernel parameters are generated to increase model accu-
racy for credit risk evaluation, similar to the setting of the first credit data-
set. Using the decorrelation maximization algorithm, 19 diverse SVM clas-
sifiers are selected. The basic setting of the ensemble members is similar to 
the single SVM model, as previously mentioned. For two hybrid models 
and neural network ensemble models, the results of the neuro-fuzzy system 
are not reported at all and this model is excluded here. That is, we only use 
one hybrid model — fuzzy SVM (Wang et al., 2005) and six neural net-
work ensemble learning models, and show their experimental results re-
ported in the literature. 

To reflect model robustness, each class of experiment is repeated 20 
times and the final Type I accuracy, Type II accuracy and total accuracy 
are the average of the results of the 20 individual tests. According to the 
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previous experiment design, the final computational results are shown in 
the Table 8.2. 

Table 8.2. Corporation credit evaluation results with different methods 

Category Model Rule Type I (%) Type II (%) Total (%) 

Single LogR  70.51 [5.47] 71.36 [6.44] 70.77 [5.96] 
 ANN  72.14 [7.85] 74.07 [7.03] 73.63 [7.29] 
 SVM  76.54 [6.22] 78.85 [5.51] 77.84 [5.82] 
Hybrid Fuzzy SVM  79.00 79.00 79.00 [5.65] 
Neural Net Voting-based Majority 80.15 [7.57] 82.06 [7.18] 81.63 [7.33] 
Ensemble Reliability- Maximum 83.48 [5.64] 85.42 [5.75] 84.14 [5.69] 
 based Minimum 82.89 [6.28] 86.36 [5.51] 85.01 [5.73] 
  Median 82.17 [5.89] 85.63 [5.37] 84.25 [5.86] 
  Mean 83.05 [6.33] 86.24 [6.23] 85.09 [5.68] 
  Product 84.34 [6.06] 87.23 [7.15] 85.87 [6.59] 
SVM Voting-based Majority 80.47 [5.86] 81.56 [6.23] 80.89 [6.02] 
Ensemble Reliability- Maximum 82.78 [4.34] 85.22 [4.89] 83.94 [4.63] 
 based Minimum 82.44 [4.78] 85.35 [5.16] 83.71 [4.94] 
  Median 81.86 [5.82] 84.38 [6.38] 83.02 [6.16] 
  Mean 83.38 [4.92] 86.56 [5.03] 84.98 [4.99] 
  Product 84.54 [5.27] 87.78 [5.88] 86.12 [5.50] 

As can be seen from Table 8.2, several important conclusions can be 
found in the following: 

(1) For three evaluation criteria, the proposed reliability-based SVM en-
semble learning model performs the best, followed by the neural network 
ensemble learning models, majority voting ensemble model, Fuzzy SVM, 
SVM and ANN, the logit regression is the worst, indicating that the en-
semble and hybrid models can consistently outperform other individual 
classification models in credit risk assessment and meantime implying the 
strong capability of the multistage reliability-based ensemble learning 
model in credit risk classification.. The main reason is that integrating mul-
tiple diverse models can remedy the shortcomings of any individual meth-
ods thus increasing the classification accuracy. 

(2) For three single models, the accuracy of the SVM model is better 
than that of the other two single mod. This conclusion is different from 
that of the previous experiment. The possible reason has two aspects. First 
of all, different methods may have different classification capability for 
different datasets. Second, different datasets may have different classifica-
tion property. The two possible reasons lead to this interesting result. 
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(3) For the reliability-based neural network ensemble learning model, 
the performance of the product strategy is the best of the five ensemble 
strategy, followed by mean strategy. The main reason leading to this con-
clusion is unknown and is worth exploring further. However, through two-
tail paired t-test, the average performance difference of the five ensemble 
strategies is insignificant at ten percent significant level. This finding is 
consistent with the results of previous experiment. It is also obvious that 
the performances of the five ensemble strategies are quite close. 

(4) For the reliability-based SVM ensemble learning approach, there are 
some similar conclusions with the neural network ensemble learning mod-
els. That is, the SVM ensemble model with the product strategy obtains the 
best performance, followed by the SVM ensemble with mean strategy and 
the SVM ensemble with minimum strategy, the SVM ensemble with me-
dian strategy perform the worst. The possible reason is that the median 
strategy only considers the less information with median for diverse en-
semble members.  

(5) Generally speaking, the difference between the neural network en-
semble and the SVM ensemble is not significant according the two-tailed 
t-test, implying that the intelligent ensemble learning is a very promising 
tool to credit risk evaluation. 

From two experiments in this chapter, the proposed multistage reliabil-
ity-based SVM ensemble learning approach generally performs the best in 
terms of Type I accuracy, Type II accuracy, and total accuracy, revealing 
that the proposed reliability-based SVM ensemble learning technique is a 
feasible solution to improve the accuracy of credit risk evaluation. 

8.5 Conclusions 

Due to the huge outstanding amount and increasing speed of bankruptcy 
filings, credit risk assessment has attracted much research interests from 
both academic and industrial communities. A more accurate, consistent, 
and robust credit evaluation technique can significantly reduce future costs 
for the credit industry. 

In this chapter, a multistage SVM ensemble learning model is proposed 
for credit risk assessment. Different from commonly used “one-member-
one-vote” or “majority-rule” ensemble, the novel SVM ensemble aggre-
gates the decision values from the different SVM ensemble members, in-
stead of their classification results directly. The new ensemble strategy has 
two critical steps: scaling, which transforms decision values to degrees of 
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reliability, and fusion, which aggregates degrees of reliability to generate 
final classification results. 

For verification two publicly available credit dataset have been used to 
test the effectiveness and classification power of the proposed SVM en-
semble learning approach. All results reported in the experiment clearly 
show that the proposed SVM ensemble model can consistently outperform 
the other comparable models including three single models, two hybrid 
models, majority-voting-based ensemble model and neural network en-
semble models. These results obtained reveal that the proposed SVM en-
semble learning model can provide a promising solution to credit risk 
analysis and meantime imply that the proposed multistage SVM ensemble 
technique has a great potential to other binary-class classification prob-
lems. 

 



9 Credit Risk Analysis with a SVM-based 
Metamodeling Ensemble Approach 

9.1 Introduction 

Credit risk assessment is a crucial decision for financial institutions due to 
high risks associated with inappropriate credit decisions that may lead to 
huge amount of losses. It is an even more important task today as financial 
institutions have been experiencing serious challenges and competition 
during the past decades. When considering the case regarding the applica-
tion for a large loan, such as a mortgage or a construction loan, the lender 
tends to use the direct and individual scrutiny by a loan officer or even a 
committee. However, if hundreds of thousands, even millions of credit 
card or consumer loan applications need to be evaluated, the financial in-
stitutions will usually adopt models to assign scores to applicants rather 
than examining each one in detail. Hence various credit scoring models 
need to be developed for the purpose of efficient credit approval decisions 
(Lee and Chen, 2005).  

With the rapid development of the credit industry nowadays, credit scor-
ing has gained more and more attention as the credit industry can then 
benefit from on time decisions, reducing possible risks, improving cash 
flow, and insuring proper credit collections (Lee and Chen, 2005). In order 
to satisfy the above needs, many different useful techniques, known as the 
credit scoring models, have been developed by financial institutions and 
researchers. Typically the statistical methods, such as linear discriminant 
analysis (Altman, 1968), logit analysis (Wiginto, 1980), probit analysis 
(Grablowsky and Talley, 1981), the optimization models, such as linear 
programming (Glover, 1990), integer programming (Mangasarian, 1965), 
the non-parametric methods, such as k-nearest neighbor (KNN) (Henley 
and Hand, 1996) and classification tree (Makowski, 1985), and artificial 
intelligence approaches, such as artificial neural networks (ANN) (Chen 
and Huang, 2003; Lai et al., 2006b, 2006d; Yu et al., 2008), genetic algo-
rithm (GA) (Chen and Huang, 2003; Varetto, 1998) and support vector 
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machine (SVM) (Huang et al., 2004; Van Gestel et al., 2003; Lai et al., 
2006a, 2006c), have been proposed to support the credit decision process. 
have also been employed. The empirical results revealed that the AI tech-
niques are advantageous to traditional statistical models and optimization 
techniques for credit risk evaluation.  

However, in the above methodologies, it is difficult to say that one 
method is consistently better than another method in all circumstances, es-
pecially for data shortage leading to insufficient estimation or learning. 
Furthermore, in realistic situation, due to competitive pressure and privacy, 
we can only collect few available data about credit risk, making the statis-
tical approaches and intelligent inductive learning algorithm difficult to 
obtain a consistently good result for credit scoring. In order to improve the 
performance and overcome data shortage, it is therefore imperative to in-
troduce a new approach to cope with these challenges. In this chapter, 
SVM-based metamodeling approach using metalearning strategy (Chan 
and Stolfo, 1993; Lai et al., 2006d, 2006e) is introduced to solve the above 
challenges. 

Metalearning is defined as learning from learned knowledge. In fact, 
metalearning is somewhat similar to the ensemble learning. Metalearning 
and ensemble learning are two subfields of machine learning, which stud-
ies algorithms and architectures that build collections or combination of 
some algorithms that are more accurate than a single algorithm. The ge-
neric idea of metalearning is to use some individual learning algorithms to 
extract knowledge from several different data subsets and then use the 
knowledge from these individual learning algorithms to create a unified 
body of knowledge that well represents the entire dataset. Therefore 
metalearning seeks to compute a metamodel that integrates in some princi-
pled fashion the separately learned models to boost overall predictive ac-
curacy (Chan and Stolfo, 1993). Different from ensemble learning, which 
is defined to combine multiple learned models under the assumption that 
“two (or more) heads are better than one” to produce more generalized re-
sults, the goal of metalearning is to use metadata to understand how learn-
ing itself can become flexible and/or adaptable, taking into account the 
domain or task under study, in solving different kinds of learning prob-
lems, and hence producing a metamodel to improve the performance of ex-
isting learning algorithms. The main reasons of selecting SVM as 
metalearning or metamodeling tool reflect the following several aspects. 
First of all, SVM requires less prior assumptions about the input data, such 
as normal distribution and continuousness, different from statistical mod-
els. Second, they can perform a nonlinear mapping from an original input 
space into a high dimensional feature space, in which it constructs a linear 
discriminant function to replace the nonlinear function in the original low 
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dimension input space. This character also solves the dimension disaster 
problem because its computational complexity is not dependent on the 
sample dimension. Third, they attempt to learn the separating hyperplane 
to maximize the margin, therefore implementing structural risk minimiza-
tion and realizing good generalization ability. This pattern can directly 
help SVM escape local minima and avoid overfitting problem, which are 
often shown in the training of artificial neural networks (ANN). These im-
portant characteristics will also make SVM popular in many practical ap-
plications. 

Although there are many studies on metalearning (Chan and Stolfo, 
1993; Lai et al., 2006a, 2006d, 2006e), we find that there are two main 
problems in the existing metalearning techniques. In the existing studies, 
metamodels are often produced by linear weighted form. That is, some 
metadata from different base learning algorithms are combined in a linear 
way. However, a linear weighted approach is not necessarily appropriate 
for all the circumstances (Problem I). Furthermore, it is not easy to deter-
mine the number of individual learning models. It is well known to us that 
not all circumstances are satisfied with the rule of “the more, the better”. 
Thus, it is necessary to choose an appropriate method to determine the 
number of individual learning algorithm for producing a metamodel with 
better generalization ability (Problem II). 

In view of the first problem (i.e. linear weighted drawback), a nonlinear 
weighted metamodel utilizing the support vector machine technique is in-
troduced in this chapter. For the second problem (i.e. determining the num-
ber of individual learning models for forming a metamodel), the principal 
component analysis (PCA) technique is introduced. That is, we utilize the 
PCA technique to choose the number of individual learning models. 

Considering the previous two main problems, this chapter proposes a 
four-stage SVM-based nonlinear weighted metalearning technique to 
credit risk evaluation and analysis. In the first stage, some data sampling 
techniques are used to generate different training sets, validation set and 
testing set. Based on the different training sets, the different SVM models 
with different upper bound and kernel parameters are then trained to for-
mulate different SVM base models in the second stage. These base mod-
els’ training processes do not affect the overall execution efficiency of 
time series forecasting system due to its parallel mechanism of metalearn-
ing. That is, these base models can be formulated in a parallel way. In the 
third stage, to improve the predictability of metalearning, the principal 
component analysis (PCA) technique (based upon a validation set) is used 
as a pruning tool to generate an optimal set of base models. In the final 
stage, a SVM-based metamodel (i.e., metaclassifier) can be produced by 
learning with another SVM from the selected base models.  
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The main purposes of this chapter are four-fold: (1) to show how to con-
struct a SVM-based metamodel; (2) to reveal how to evaluate the credit 
risk using the proposed SVM-based metamodel; (3) to display how various 
methods compare their accuracy in credit risk analysis; and (4) to report 
how the PCA technique affects the final classification performance of the 
proposed SVM-based metamodel. In view of the above four aims, this 
chapter mainly describes the building process of the proposed SVM-based 
metamodel and the application of the SVM-based metamodel in one real-
world credit dataset, while comparing classification performance with all 
kinds of evaluation criteria. 

The main motivation of this chapter is to take full advantage of the good 
generalization capability of SVM and inherent parallelism of metalearning 
to design a powerful credit risk evaluation system. The rest of this chapter 
is organized as follows. Section 9.2 describes the building process of the 
proposed SVM-based metamodeling technique in detail. For illustration 
and verification purposes, one publicly used credit dataset is used and the 
empirical results are reported in Section 9.3. In Section 9.4, some conclu-
sions are drawn. 

9.2 SVM-based Metamodeling Process 

In this section, we first introduce a generic metalearning process. Then, an 
extended metalearning process with four stages is presented to overcome 
the potential two problems. Finally, a SVM-based nonlinear metamodeling 
process is proposed for credit risk evaluation. 

9.2.1 A Generic Metalearning Process 

As previously mentioned, metalearning (Chan and Stolfo, 1993; Lai et al., 
2006d, 2006e), which is defined as learning from learned knowledge, is an 
emerging machine learning technique recently developed to construct a 
metamodel that deals with the complex problems using multiple training 
datasets. Broadly speaking, learning is concerned with finding a model f = 
fa[i] from a single training set {TRi}, while metalearning is concerned with 
finding a metamodel f = fa from several training sets {TR1, TR2, …, TRn}, 
each of which has an associated model (i.e., base model) f = fa[i] (i =1, 
2, …, n). The n base models derived from the n training sets may be of the 
same or different types. Similarly, the metamodel may be of a different 
type than some or all of the base models. Also, a metamodel may use 
metadata from a meta-training set (MT), which are distinct from the data in 
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the single training set TRi. By using different kinds of metadata, such as 
properties of the learning problem, algorithm properties, or patterns previ-
ously derived from the data, it is possible to select, alter or combine differ-
ent learning algorithms to effectively solve a given learning problem.  

Generally speaking, the existing metalearning approaches can be 
roughly classified into two categories: different-training-set-based 
metalearning and different-learning-algorithm-based metalearning. For the 
first category, we are given a large data set DS and partition it into n dif-
ferent training subsets {TR1, TR2, …, TRn}. Based on the n training sub-
sets, we build n single models {f1, f2, …, fn} on each subset independently  
with the identical learning algorithms. For a specified feature vector x, we 
can produce n scores (f1(x), f2(x), …, fn(x)), one for each model. Given a 
new training set, i.e., meta-training set MT, we can build a metamodel f on 
MT using the metadata {(f1(x), f2(x), …, fn(x) , y) : (x, y) in MT}. Note that 
the same learning algorithm based on different training sets is used. 

For the second category, given a relative small training set {TR}, we 
replicate it n times to produce n same training sets {TR1, TR2, …, TRn} and 
create different models fj on each training set TRj, for example, by training 
the replicated data on n different-type models. For simplicity, assume that 
these models are binary classifiers so that each classifier takes a feature 
vector and produces a classification in {0, 1}. We can then produce a 
metamodel simply by using a majority voting of the n classifiers. Different 
from the first category, different learning algorithms based on the same 
training set are used in this category. 

Generally, the main process of metalearning is first to generate a num-
ber of independent base models by applying different learning algorithms 
to a collection of data sets in parallel. These models computed by learning 
algorithms are then collected and combined to obtain a metamodel. Fig. 
9.1 shows a generic metalearning process, in which a metamodel is ob-
tained on Site Z, starting from the original data set DS stored on Site A. 

As can be seen from Fig. 9.1, the generic metalearning process consists 
of three stages, which can be described as follows. 

Stage 1: on Site A, training sets TR1, TR2, …, TRn, validation set VS and 
testing set TS are extracted from the original data set DS. Then TR1, 
TR2, …, TRn, VS and TS are moved from Site A to Site 1, Site 2, …, Site n 
and to Site Z. 
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Stage 2: on each Site i (i = 1, 2, …, n) the different base models fi is 
trained from TRi by the different learners Li. Then each fi is moved from 
Site i to Site Z. It is worth noting that the training process of n different 
base models can be implemented in a parallel way. Such a parallel process-
ing can increase the computational scalability and learning efficiency. 

Stage 3: on Site Z, the base models f1, f2, …, fn are integrated and vali-
dated on VS and tested on TS by the meta-learner ML to produce a meta-
model. 

9.2.2 An Extended Metalearning Process 

From the above generic metalearning process, we can find that there are 
two main problems to be solved in the third stage. The one is how to de-
termine the appropriate number of the base model to generate a collection 
of efficient metadata. The other is that the existing metamodeling way is 
only limited to the linear weighted form, as mentioned in Section 9.1. 

To solve the above two main problems, an extended metalearning proc-
ess integrating the advantages of the above two different metalearning 
categories is proposed. That is, we use a hybrid metalearning strategy in 
terms of different learning algorithms and different training data sets for 
some specified learning tasks. Fig. 9.2 shows an extended metalearning 
process. Similar to the generic metalearning process illustrated in Fig.9.1, 
a metamodel is obtained on Site Z, starting from the original data set DS 
stored on Site A. 

Different from the generic metalearning process shown in Fig. 9.1, the 
proposed extended metalearning process consists of the following four 
stages, which can be described as follows. 

Stage 1: An original data set DS is first divided into three parts: training 
set TR, validation set VS and testing set TS.  Then the different training 
subsets TR1, TR2, …, TRn are created from TR with certain sampling algo-
rithm. 

Stage 2: With the training subsets TRi (i = 1, 2, …, n), the n models fi (i 
= 1, 2, …, n) is trained by learners to formulate n different base models. 

Stage 3: Using the validation set VS, the pruning techniques are used to 
generate some effective base models from n different base models for im-
plementation efficiency purpose. After pruning, m (m ≤ n) different base 
models are selected for the next stage’s use. 

Stage 4: Applying the selected m different base models to the validation 
set VS, the validation results from the selected m base models can formu-
late a meta-training set (MT). Based on the meta-training set, another 
learner called meta-learner is trained to produce a metamodel. 
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Comparing with the generic metalearning process, there are two distinct 
characteristics for the extended metalearning process. On the one hand, the 
extended metalearning process adds a model-pruning step to determine the 
appropriate number of base models. The main aim of this pruning proce-
dure is to increase efficiency and predictability of metalearning, as will be 
explained in the experiments. On the other hand, the extended metalearn-
ing process utilizes a meta-learner to construct a metamodel. That is, the 
extended metalearning process utilizes the nonlinear weighted form for 
complex learning problems, which is distinctly different from the existing 
linear weighted metamodeling form. 

9.2.3 SVM-based Metamodeling Process 

As well known to us, the SVM has proven to be a very suitable tool for 
classification problem, but later studies also found some shortcomings, 
such as overfitting or under fitting (Tay and Cao, 2001). To overcome the 
limitation, a SVM-based metamodel is proposed for complex classification 
problem in this chapter. Generally, the main aims of the SVM-based 
metamodeling approach are to improve classification accuracy. Using the 
SVM and the above extended metalearning process, we can construct a 
SVM-based nonlinear metamodeling process, as illustrated in Fig.9.3. 

Similar to Fig.9.2, the SVM-based metamodeling process consists of 
four stages: data partition and sampling, SVM base learning, base model 
selection and pruning, SVM metalearning. Compared with Fig. 9.2, Fig. 
9.3 describes a concrete SVM-based metalearning model. That is, the stan-
dard SVM learning algorithm proposed by Vapnik (1995) is used as both 
base learner and meta-learner. 

From the SVM-based metamodeling process shown in Fig. 9.3, there are 
four main problems to be further addressed, i.e., 

(1) how to create n different training subsets from the original train-
ing set TR; 

(2) how to create different SVM base models fi (i = 1, 2,…, n) using 
different training subsets; 

(3) how to select some diverse base models from n SVM base models 
in the previous stage; and 

(4) how to create a metamodel with different metadata produced by 
the selected SVM base models. 

For the above problems, this chapter attempts to give some feasible so-
lutions along with the descriptions of the four-stage SVM metamodeling 
process, which is interpreted below. 
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Fig. 9.3. SVM-based metamodeling process 
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9.2.3.1 Stage I: Data Partition and Sampling 

When applying SVM to credit risk analysis, data partition is a necessary 
step. Furthermore, data partition can have a significant impact on the final 
results (Lai et al., 2006a). In many applications, the initial data set is split 
into two sets: training set and testing set. The former set is used for model 
training and parameter estimation and the latter one is used for model test-
ing and verification. However, the further research results indicate that the 
third set from original data set called validation set can effectively increase 
the robustness of machine learning algorithm like SVM. For this reason, 
this chapter will divide the original data set into three different parts: train-
ing set, validation set and testing set, according to a predefined partition 
rate. Until now there is not a consensus for this partition rate in machine 
learning field, which is often determined on an arbitrary basis. However, a 
general rule to make machine learning algorithms possess good generaliza-
tion capability is to guarantee enough training data because too less and 
too much training data will degrade the classification performance. There-
fore, training data set with an appropriate size will be useful for improving 
classification performance. Yao and Tao (2000) used the 7:2:1 ratio to 
predict some foreign exchange rates and obtained good performance. Note 
that the divided three data sets are not overlapped. For convenience, we 
also use other partition ratios for data division, which is depended on the 
problems. 

After data partition, how to create n training subsets from the original 
training set TR becomes a key problem. There are several different meth-
ods to create training subsets. A direct replication approach is to replicate 
the training set TR n times to produce n training subsets {TR1, TR2, …, 
TRn}. But this approach requires that metalearning must use different 
learning algorithms.  

Noise injection method proposed by Raviv and Intrator (1996) is to add 
noise to the training dataset. Since the injection of noise increases the in-
dependence between the different training sets derived from original data 
sets, this method can effectively reduce the model variance. This method 
also produces many different training sets. But a potential problem of this 
method is that the noise may change the characteristics of original data set. 

Bootstrap aggregating (bagging) proposed by Breiman (1996) is a 
widely used data sampling method in machine learning. The bagging algo-
rithm can generate different training data sets by random sampling with 
replacement. Therefore, bagging is a useful data sampling method for ma-
chine learning, especially for data shortage. The bagging algorithm is 
somewhat similar to the first method and it is a more general algorithm of 
the direct replication approach. Detailed bagging algorithm is described in 
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Chapter 8. In this chapter, we also adopt bagging algorithm to create dif-
ferent training subsets. 

9.2.3.2 Stage II: SVM Base Learning 

With the different training subsets, SVM can be trained to formulate dif-
ferent base classifiers (i.e., SVM base models). As previously mentioned, a 
metamodel consisting of diverse base models with much disagreement is 
more likely to have a good generalization performance. Therefore, how to 
create the diverse base models is the key to the construction of an effective 
metamodel. For the SVM model, there are several methods for generating 
diverse models. 

(1) Adopting different kernel functions, such as polynomial function, 
sigmoid function and Gaussian function; 

(2) Varying the SVM model parameters, such as upper bound pa-
rameter C and kernel parameters; 

(3) Utilizing different training data sets. This method is done by the 
first stage. 

In this chapter, the individual SVM models with different parameters 
based on different training subsets are therefore used as base learner L1, 
L2, …, Ln with a hybrid strategy, as illustrated in Fig. 9.3. That is, we util-
ize the two ways (using different parameters and different training sets) to 
create diverse SVM base predictors. Through training and validation, dif-
ferent SVM base models f1, f2, …, fn can be formulated in a parallel way. 
Such a parallel computing environment can effectively increase the learn-
ing efficiency and computational scalability. 

9.2.3.3 Stage III: Base Model Selection and Pruning 

When a large number of SVM base models are generated, it is necessary to 
select the appropriate number of base models or prune some redundant 
base models for improving the performance of SVM-based metalearning 
process. It is well known to us that not all circumstances are satisfied with 
the rule of “the more, the better” (Yu et al., 2005). That is, some individual 
SVM base models produced by previous stage may be redundant. These 
redundant base models may waste computational resources, reduce compu-
tational efficiency and lower system performance. Thus, it is necessary to 
prune some inappropriate individual base models for metamodel construc-
tion. For this purpose, principal component analysis (PCA) technique is 
used to perform the model selection or model pruning task. 
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The PCA technique (Jolliffe, 1986), an effective feature extraction 
method, is widely used in signal processing, statistics and neural comput-
ing. The basic idea in PCA is to find the components (s1, s2, …, sp) that can 
explain the maximum amount of variance possible by p linearly trans-
formed components from data vector with q dimensions. The mathematical 
technique used in PCA is called eigen analysis. In addition, the basic goal 
in PCA is to reduce the dimension of the data (Here the PCA is used to re-
duce the number of individual base models). Thus, one usually chooses p ≤ 
q. Indeed, it can be proven that the representation given by PCA is an op-
timal linear dimension reduction technique in the mean-square sense 
(Jolliffe, 1986). Such a reduction in dimension has important benefits. First, 
the computation of the subsequent processing is reduced. Second, noise 
may be reduced and the meaningful underlying information identified. The 
following presents the PCA process for individual model selection (Yu et 
al., 2005). 

Assuming that there are n individual base models, through model train-
ing and validation, every base model can generate m classification results, 
which can be represented by a result matrix (Y): 
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where yij is the jth classification/prediction result with the ith base model. 
Next, we deal with the result matrix using the PCA technique. First, ei-

genvalues (λ1, λ2, …, λn) and corresponding eigenvectors A=(a1, a2, …, an) 
can be solved from the above matrix. Then the new principal components 
are calculated as 

YaZ T
ii =  (i =1, 2, …, n) (9.2) 

Subsequently, we choose m (m ≤ n) principal components from existing 
n components. If this is the case, the saved information content is judged 
by 

)/()( 2121 nm λλλλλλθ ++++++= LL  (9.3) 

If θ is sufficiently large (e.g., θ > 0.8) or θ is larger than a specified 
threshold, enough information has been saved after the feature extraction 
process of PCA. Thus, some redundant base models can be pruned and re-
combining the new information can increase efficiency of SVM classifica-
tion system without a substantial reduction in performance. Through ap-
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plying the PCA technique, we can obtain the appropriate numbers of base 
models for metamodel generation. Suppose the PCA technique selects m 
SVM base models from n initial base models, then the (n-m) base models 
are pruned. The m SVM base models can be represented as f1, f2, …, fm. 

Once the appropriate numbers of SVM base models are selected, these 
selected SVM base models can produce a set of SVM predic-
tion/classification results ( mk yyyy ˆ,,ˆ,,ˆ,ˆ 21 LL ) where kŷ  is the prediction 
result of the kth SVM base model. These prediction results from different 
SVM base models contain different information that each SVM base 
model captured. Different from original data set, these results can be de-
fined as “metadata”. These metadata can form a new training set called as 
“meta-training set (MT)”. In order to obtain good performance, re-
combining these results will be of importance for final prediction results. 
The following subsection gives some solutions to generate a metamodel. 

9.2.3.4 Stage IV: SVM Metalearning and Metamodel Generation 

Through previous stage, some diverse SVM base models are selected. The 
subsequent task is how to construct a metamodel based on metalearning 
strategy using the metadata produced by these selected SVM base models. 
Actually the metamodel formulation process is an information integration 
process of the selected base models. Suppose there is m selected SVM base 
models. Through training, validation and generalization, m SVM base 
model outputs, i.e., mk yyyy ˆ,,ˆ,,ˆ,ˆ 21 LL  are generated. The main question 
of SVM metamodel is how to integrate these outputs into an aggregate out-
put, which is assumed to be a more accurate output, adopting a suitable 
metalearning strategy. That is, how to integrate these information produced 
by the selected based models using an appropriate metalearning strategy. 
There are many different metalearning strategies for classification and re-
gression problems respectively. 

Typically, there are five general metalearning approaches in the existing 
literature (Vilalta and Drissi, 2002). It is worth noting that there exist many 
variations on these general approaches in the existing studies.  

(1) Stacked generalization;  
(2) Boosting; 
(3) Dynamic bias selection;  
(4) Discovering meta-knowledge; and  
(5) Inductive transfer.  

Stacked generalization works by combining a number of different learn-
ing algorithms. The metadata is formed by the classifications of those dif-
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ferent learning algorithms. Then another learning algorithm learns from 
this metadata to predict which combinations of algorithms give generally 
good results. Given a new learning problem, the classifications of the se-
lected set of algorithms are combined (e.g. by weighted voting) to provide 
the final classification results. Because each algorithm is deemed to work 
on a subset of problems, a combination is hoped to be more flexible and 
still able to make good classifications. 

Boosting is related to stacked generalization, but uses the same learning 
algorithm multiple times, where the examples in the training data get dif-
ferent weights over each run. This produces different classifications, each 
focused on rightly predicting a subset of the data, and combining those 
classifications leads to better (but more expensive) results. 

Dynamic bias selection works by altering the inductive bias of a learn-
ing algorithm to match the given problem. This is done by altering some 
key aspects of the learning algorithm, such as the hypothesis representa-
tion, heuristic formulae or parameters. 

Discovering meta-knowledge works by inducing knowledge (e.g. rules) 
that expresses how each learning method will perform on different learn-
ing problems. The metadata is formed by characteristics of the data (e.g. 
general, statistical etc.) in the learning problem, and characteristics of the 
learning algorithm (e.g., algorithm type, parameter settings etc.). Another 
learning algorithm then learns how the data characteristics related to the 
algorithm characteristics. Given a new learning problem, the data charac-
teristics are measured, and the performance of different learning algo-
rithms can be predicted. Hence one can select the algorithms best suited 
for the new problem, at least if the induced relationship holds. 

Inductive transfer is also called as “learning to learn”. It studies how the 
learning process can be improved over time. Metadata consists of knowl-
edge about previous learning episodes, and is used to efficiently develop 
an effective hypothesis for a new task. 

From the above descriptions, we find that the existing metalearning 
technique is built on linear assumption, for example, major voting and 
weighting voting in stacked generalization and boosting. However, linear 
metalearning techniques are still insufficient for some complex and diffi-
cult problems such as credit risk evaluation. This is another key problem 
presented in Section 9.1. As a remedy, this chapter proposes a nonlinear 
metalearning technique to construct a metamodel for credit risk evaluation. 
This nonlinear metamodeling approach uses another SVM named “meta” 
SVM, which is different from the base SVM classifier, to construct a SVM 
metamodel for classification problems. Concretely speaking, in this 
nonlinear metalearning approach, the outputs of SVM base models are 
seen as the inputs of “meta” SVM. That is, the SVM-based nonlinear 
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metalearning technique can also be viewed as a nonlinear metamodeling 
system that can be represented by 

)ˆ,,ˆ,ˆ(ˆ 21 myyyy Lϕ=  (9.4) 

where f̂  is an output of the metamodel, and ( myyy ˆ,,ˆ,ˆ 21 L )is the output 
vector of base models, φ(·) is a nonlinear function determined by the 
“meta” SVM model. ( myyy ˆ,,ˆ,ˆ 21 L ) can be seen as a metadata set, which 
can formulate a meta-training set (MT), as illustrated in Fig. 9.3. Because 
this metamodel is generated by training a meta-training set or learning 
from a meta-training set, this process is usually called as “SVM metamod-
eling” or “SVM metalearning”. The SVM metalearning process is illus-
trated as Fig. 9.4. 

Fig. 9.4. Graphical illustration for SVM-based metalearning process 

To summarize, the proposed SVM-based nonlinear metamodeling proc-
ess consists of the above four stages. Generally speaking, suppose that 
there is an original data set DS which is divided into three parts: training 
set (TR), validation set (VS) and testing set (TS). The training set is usually 
preprocessed by various sampling methods in order to generate diverse 
training subsets {TR1, TR2, …, TRn} before they are applied to the SVM 
base learners: L1, L2, …, Ln. After training, the diverse SVM base models 
f1, f2, …, fn are generated. Through the validation set and testing set, these 
base models are verified and some independent base models are chosen us-
ing the PCA technique. Afterwards the whole training set TR was applied 
and the corresponding results )ˆ,,ˆ,ˆ( 21 myyy L  of each base model are used 
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as inputs of another SVM model. That is, the outputs of all base models 
can constitute a meta-training set (MT). This SVM model in the final stage 
can be seen as a meta-learner (ML). By training, the SVM-based meta-
model can be generated. Using the testing set TS, the performance of the 
SVM-based metamodel can be assessed. It is worth noting that the pro-
posed metalearning technique can be applied to both classification and re-
gression problems. Due to the nature of credit risk evaluation, the 
metalearning for classification is adopted. 

9.3 Experimental Analyses 

In this section, there are three main motivations: (1) to verify the effective-
ness of the proposed SVM-based nonlinear metamodeling technique for 
credit risk evaluation; (2) to demonstrate the superiority of the proposed 
SVM-based nonlinear metamodeling technique by comparison with some 
existing credit risk evaluation methods and metamodeling techniques; and 
(3) to evaluate the effect of the PCA pruning on proposed SVM-based 
nonlinear metamodeling techniques. To perform the three motivations, 
some experiments are carried out based on a real-world credit dataset. In 
this section, we first describe the research data and experiment design and 
then report the experimental results. 

9.3.1 Research Data and Experiment Design 

The research data used in this chapter is about Japanese credit card appli-
cation approval data obtained from UCI Machine Learning Repository 
(http://www.ics.uci.edu/~mlearn/databases/credit-screening/). For confi-
dentiality all attribute names and values have been changed to meaningless 
symbols. After deleting the data with missing attribute values, we obtain 
653 data, with 357 cases were granted credit and 296 cases were refused. 
To delete the burden of resolving multi-category, we use the 13 attributes 
A1-A5, A8-A15. Because we generally should substitute k-class attribute 
with k-1 binary attribute, which will greatly increase the dimensions of in-
put space, we don’t use two attributes: A6 and A7, similar to the setting of 
previous chapter. 

In this empirical analysis, we randomly draw 400 data from the 653 data 
as the initial training set, 100 data as the validation set and the else as the 
testing set. In order to increase model accuracy for credit evaluation, sixty 
different training subsets are generated by bagging algorithm. Using these 
different training subsets, different SVM base models with different upper 
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bound and kernel parameters are presented. For SVM base models, a stan-
dard SVM model with Gaussian kernel function is used. In such way, we 
have obtained 40 SVM base models. Subsequently, model pruning step is 
performed. Through PCA, we can select 20 base models as a simplified set 
of SVM base models. Finally, using the selected 38 SVM base models and 
validation, we can formulate a metadata set and thus obtain the final classi-
fication results with the use of the SVM metalearning strategy. 

To evaluate the performance of the proposed SVM-based metamodel, 
several typical credit scoring models, linear discriminant analysis (LDA), 
logit regression analysis (LogR), single artificial neural network (ANN) 
and support vector machine (SVM), are selected as benchmarks. For fur-
ther comparison of SVM metamodel, majority voting based metamodel 
and neural-network-based metamodel are also adopted for credit scoring. 
In the ANN model, a three-layer back-propagation neural network with 13 
input nodes, 15 hidden nodes and 1 output nodes is used. The hidden nodes 
use sigmoid transfer function and the output node uses the linear transfer 
function. In the single standard SVM, the kernel function is Gaussian func-
tion with regularization parameter C = 50 and σ2=5. Similarly, the above 
parameters are obtained by trial and error. For two metamodels, similar 
four stages are performed and the unique difference is the final metalearn-
ing stage because they adopt different metalearning strategies. The classi-
fication accuracy in testing set is used as performance evaluation criterion. 
In additionn, the classification performance is measured by its Type I, 
Type II, and Total accuracy. 

9.3.2 Experimental Results 

According to the above experiment design, different credit risk evaluation 
model with different parameters can be built. For comparison, the single 
LDA, LogR, ANN, SVM, majority-voting-based metalearning and  ANN-
based metalearning approach, are also used. To overcome the bias of indi-
vidual models, such a test is repeated ten times and the final Type I, Type 
II and total accuracy is the average of the results of the ten individual tests. 
Simultaneously, we make a comparison for SVM-based metamodel with 
PCA and without PCA. In Table 9.1, the (without PCA) refers to the 
SVM-based metamodeling without PCA, while the (with PCA) refers to 
the SVM-based metamodeling with PCA. In addition, majority-voting-
based metamodel and ANN-based metamodel are not used PCA pruning 
step in this chapter. The computational results are shown in Table 9.1. 
Note that the final column is the standard deviation of total accuracy. 
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Table 9.1. Performance comparisons with different evaluation approaches 

Models Details Type I(%) Type II(%) Total(%) Std 
Single model LDA 79.79 81.05 80.22 6.86 
 LogR 84.17 83.11 83.39 4.82 
 ANN 81.34 83.78 82.44 7.14 
 SVM 82.58 84.36 83.58 4.33 
Metamodel Majority-voting 83.41 85.16 84.21 5.45 
 ANN-based  84.24 85.38 84.73 6.34 
(Without PCA) SVM-based 84.98 86.22 85.50 3.23 
(With PCA) SVM-based 87.35 92.43 89.76 2.89 

 
As can be seen from Table 9.1, we can find the following conclusions. 
(1) For type I accuracy, the SVM-based metamodel is the best of all the 

approaches, followed by the ANN-based metamodel, single Logit analysis, 
majority-voting-based metamodel, single SVM, single ANN model, and 
liner discriminant analysis performs the worst. For Type II and total accu-
racy, the SVM-based metamodel performs the best in the approaches listed 
here, followed by the ANN-based metamodel, majority-voting-based 
metamodel, single SVM, single ANN model, single Logit analysis, and 
liner discriminant analysis is the worst of all the methods. There are slight 
difference in superiority order of models between Type I and Type II, but 
the reason leading to this phenonoma is unknown and it is worth further 
exploring in later research activities. 

(2) In terms of total accuracy, the four metamodels outperform the sin-
gle credit scoring model, implying the strong capability and superiority of 
metamodeling technique in credit scoring.   

(3) In the four metamodels, the performance of the SVM-based meta-
model with PCA is much better than that of the majority-voting-based 
metamodel. The main reason is that SVM has a strong learning capability 
and good generalization capability that can capture subtle relationships be-
tween diverse base models. Inversely, the majority voting often ignores the 
existence of diversity of different base models, as earlier mentioned.  

(4) In the four individual models, the single SVM perform the best of 
the four models, indicating that the SVM possess strong learning and ca-
pability. However, we also find that the logit analysis surprisedly outper-
forms the linear discriminant analysis and the best artificial neural network 
from the view of total accuracy. Particularly, for Type I accuracy, the logit 
analysis is the best of the four individual models. For the example of credit 
cards, Type I classification is more important than Type II classification. If 
a bad customer is classified as a good customer, it may lead to direct eco-
nomic loss. In this sense, logit analysis model is very promising approach 
to credit scoring although it is somewhat old.  
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(5) By comparison with the SVM-based metamodels with PCA and 
without PCA, we are not hard to find that the effects of the pruning step on 
the classification performance are very obvious in terms of all three meas-
urements: Type I, Type II and Total accuracy. This implies that the prun-
ing step in the process of metamodeling is effective and necessary step for 
final performance improvement. 

(6) Generally, the proposed SVM-based metamodel perform the best in 
terms of both Type I accuracy and Type II accuracy. By two-tail paired t-
test, the SVM-based metamodel with PCA pruning step achieved better 
performance than other several models listed here at 10 percent signifi-
cance level, implying that the proposed  SVM-based metalearning tech-
nique is a feasible solution to improve the accuracy of credit scoring with 
limited data. 

Meantime, in order to understand the impact of number of base models 
on final metamodel performance, several experiments are performed and 
corresponding results are reported in Fig. 9.5. Note that we use 10 different 
numbers to carry out this experiment and reported performance is total ac-
curacy. 

Fig. 9.5. Performance comparisons with different numbers of base models 

Fig. 9.5 shows that the SVM-based metamodel is superior to other two 
metamodeling approaches under all numbers of base models. From this 
figure, an interesting finding is that there seems to have an optimal selec-
tion for the number of base models. In this figure, with the increase of the 
number of base models, the performance of metamodel is increasingly im-
proving until a turning point appeared. In this experiment, 20 base models 
seem to be a best choice. However, But this finding needs exploring and 
verifying further in the future research. 
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From the experiments presented in this section we can draw the follow-
ing conclusions. 

(1) The experimental results show that the proposed SVM-based 
nonlinear metamodeling technique can be consistently superior to 
the four single credit risk evaluation models and two main meta-
models for the testing cases of one typical credit dataset in terms 
of the Type I accuracy and Type II accuracy as well as total accu-
racy.  

(2) The proposed SVM-based nonlinear metamodeling technique 
with the pruning step performs better than the metamodeling 
without the pruning step. 

(3) The proposed SVM-based nonlinear metamodeling technique are 
able to improve forecasting accuracy significantly — in other 
words, the performance of the proposed SVM-based nonlinear 
metamodeling technique is better than those of all other models 
presented in this chapter in terms of three measurements. This 
leads to the fourth or final conclusion:  

(4) The proposed SVM-based metamodeling technique can be used 
as an alternative solution to credit risk evaluation and analysis for 
obtaining greater classification accuracy and improving the pre-
diction quality further. 

9.4 Conclusions 

In this chapter, a SVM-based metamodeling technique is proposed to solve 
the credit risk evaluation problem. Through the practical data experiment, 
we have obtained good classification results and meantime demonstrated 
that the SVM-based metamodel outperforms all the other models listed in 
this chapter. These advantages imply that the proposed SVM-based meta-
modeling technique can provide a promising solution to credit risk evalua-
tion tasks. 

 



10 An Evolutionary-Programming-Based 
Knowledge Ensemble Model for Business 
Credit Risk Analysis 

10.1 Introduction 

Business credit risk management is a scientific field which many academic 
and professional people have been working for, at least, the last three dec-
ades. Almost all financial organizations, such as banks, credit institutions, 
clients, etc., need this kind of information for some firms in which they 
have an interest of any kind. However, business credit risk management is 
not an easy thing because business credit risk management is a very com-
plex and challenging task from the viewpoint of system engineering. It 
contains many processes, such as risk identification and prediction, model-
ing and control. In this complex system analysis, risk identification is no 
doubt an important and crucial step (Lai et al., 2006a), which directly in-
fluences the later processes of business credit risk management. This chap-
ter only focuses on the business credit risk identification and analysis. 

For credit risk identification and analysis, some approaches were pre-
sented during the past decades. Originally, the first approach to identify 
business credit risk started with the use of empirical methods (e.g., the 
“three A” method, the “five C” method, and the “credit-men” method) 
proposed by large banks in USA (Lai et al., 2006a). Then, the financial ra-
tios methodology was developed for business credit risk identification and 
prediction. These ratios have been long considered as objective indicators 
of firm insolvency risk (Lai et al., 2006a; Beaver, 1966; Courtis, 1978; 
Altman, 1993). The approach of the financial ratios (also called univariate 
statistical approach), gave rise to the methods for business credit risk pre-
diction based on the multivariate statistical analysis. In 1968 already, 
Altman (1968) proposed to use the discriminant analysis (a discriminant 
function with five financial ratios has been assessed) for predicting the 
business failure risk. Subsequently, the use of this method has continued to 
spread out to the point that today we can speak of discriminant models of 
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predicting business bankruptcy risk. At the same time, however, the gener-
alization of the discriminant analysis resulted in some critical papers; in-
terested readers can see Eisenbeis (1977), Ohlson (1980), and Dimitras et 
al (1996) for more details. 

Since the work of Altman (1968), several studies proposing other meth-
ods have been used to overcome some disadvantages of the discriminant 
analysis so as to provide higher prediction accuracy. Among these studies, 
we can cite the study of Ohlson (1980) and Zavgren (1985) using logit 
analysis and the study of Zmijewski (1984) using probit analysis. In addi-
tion, Frydman et al. (1985) first employed the recursive partitioning algo-
rithm while Gupta et al. (1990) used mathematical programming methods 
for the business failure prediction problem. Other methods used were sur-
vival analysis by Luoma and Latitinen (1991), expert systems by Messier 
and Hansen (1988), neural networks by Altman et al. (1994), Lee et al. 
(2005), and Lai et al. (2006b, 2006c), genetic algorithm by Varetto (1998), 
rough set theory by Dimitras et al. (1999), support vector machine by Shin 
et al. (2005) and Lai et al. (2006d), multi-factor model by Vermeulen et al. 
(1998) and some integrated methodology of rough set theory and neural 
network by Ahn et al (2000). Moreover, several methods were developed 
based on multi-criteria decision making (MCDM) methodology (Zopouni-
dis, 1987; Siskos et al. (1994); Dimitras et al. (1995); Olmeda and Fernan-
dez (1997)). They identify firms into categories according to their financial 
insolvency risk. But the use of MCDM methods in the financial risk pre-
diction circumvents many of the problems that exist when using discrimi-
nant analysis (Eisenbeis, 1977; Dimitras et al., 1996). 

Most of the methods mentioned above have already been investigated in 
the course of comparative studies related in several review articles, see 
Scott (1981), Zavgren (1983), Altman (1984), Jones (1987), Keasey and 
Watson (1991), and Dimitras et al. (1996) for more details. Of the review 
papers, Dimitras et al. (1996) gave a comprehensive review of methods 
used for the prediction of business failure risk and of new trends in this 
area. Due to the advancement of computer and information technology, 
these business credit risk identification techniques offer significant aid in 
the financial risk management to the managers of financial institutions. 

Recent studies found that any unitary data mining technique may have 
their own disadvantages. For example, statistics and optimization tech-
niques often require some assumptions about data. Neural networks are 
easy to trap into local minima, and the exertion of GA may take a lot of 
time. Even for the newest SVM technique, it may also suffer from overfit-
ting problem in some situations (Tay and Cao, 2001). In order to overcome 
these drawbacks and further improve the classification accuracy, some hy-
brid or ensemble classifiers integrating two or more single classification 
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methods have been proposed to overcome these drawbacks of individual 
models. Typical examples include Olmeda and Fernandez (1997), Pira-
muthu (1999), and Lai et al. (2006c). Empirical results have shown that 
these hybrid or ensemble classifiers have a higher classification accuracy 
and predictability than individual classifiers. Currently the research about 
hybrid or ensemble classifiers is flourishing in business credit risk analy-
sis. 

Motivated by the hybrid or ensemble classifiers, an intelligent knowl-
edge ensemble approach is proposed to identify and analyze business 
credit risk. Actually, this proposed methodology is composed of two com-
ponents. First of all, some data mining and knowledge discovery algo-
rithms including traditional linear models and emerging intelligent tech-
niques are used to explore the implied knowledge about business risk 
hidden in the business data. Then these implied knowledge generated from 
different data mining algorithms are aggregated into an ensemble output 
using an evolutionary programming (EP) technique. Typically, this chapter 
uses four data mining methods: multivariate discriminant analysis (MDA), 
logit regression analysis (LogR), artificial neural networks (ANN), and 
support vector machines (SVM), for business credit risk identification task. 
Because the results generated by data mining algorithms are assumed to be 
useful knowledge that can aid decision-making, the proposed approach is 
called as knowledge ensemble methodology. 

The main motivation of this chapter is to design a high-performance 
business credit risk identification system using knowledge ensemble strat-
egy and meantime compare its performance with other existing single ap-
proaches. The rest of the chapter is organized as follows. Section 10.2 in-
troduces the formulation process of the proposed EP-based knowledge 
ensemble methodology. Section 10.3 gives the research data and experi-
ment design. The experiment results are reported in Section 10.4. Section 
10.5 concludes the chapter. 

10.2 EP-Based Knowledge Ensemble Methodology 

In this section, an intelligent knowledge ensemble methodology is pro-
posed for business credit risk identification. As earlier noted, the knowl-
edge ensemble methodology proposed by this chapter consists of two main 
procedures. One is data mining and knowledge discovery procedure that 
explore the implied knowledge hidden in the business dataset. Another is 
knowledge ensemble procedure that is used to combine or aggregate the all 
implied knowledge into an ensemble output. The basic idea of the pro-
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posed knowledge ensemble originated from using all the valuable informa-
tion hidden in all individual data mining and knowledge discovery algo-
rithms, where each can contribute to the improvement of generalization. 

10.2.1 Brief Introduction of Individual Data Mining Models 

As previously mentioned, four typical data mining and knowledge discov-
ery models, multivariate discriminant analysis (MDA), logit regression 
analysis (LogR), artificial neural networks (ANN), and support vector ma-
chines (SVM), are selected for business risk identification. Of course, 
other data mining and knowledge discovery algorithms are also selected. 
In this chapter, the four typical models are selected for illustration only. 
For reader’s convenience, a brief introduction of each model is reviewed. 

Multiple discriminant analysis (MDA) tries to derive a linear combi-
nation of two or more independent variables that best discriminate among 
a priori defined groups, which in our case are failed and non-failed of the 
business enterprise. This is achieved by the statistical decision rule of 
maximizing the between-group variance relative to the within-group vari-
ance. This relationship is expressed as the ratio of the between-group to the 
within-group variance. The MDA derives the linear combinations from an 
equation that takes the following form 

nn xwxwxwxfy L++== 2211)(  (10.1) 

where y is a discriminant score, wi (i = 1, 2, …, n) are discriminant 
weights, and xi (i = 1, 2, …, n) are independent variables. Thus, each firm 
receives a single composite discriminant score which is then compared to a 
cut-off value, and with this information, we can determine to which group 
the firm belongs. 

MDA does very well provided that the variables in every group follow a 
multivariate normal distribution and the covariance matrix for every group 
is equal. However, empirical experiments have shown that especially 
failed firms violate the normality condition. In addition, the equal group 
variance condition is often violated. Moreover, multi-collinearity among 
independent variables may cause a serious problem, especially when the 
stepwise procedures are employed (Hair et al., 1998). 

Logistic regression analysis (LogR) has also been used to investigate 
the relationship between binary or ordinal response probability and ex-
planatory variables. The method fits linear logistic regression model for 
binary or ordinal response data by the method of maximum likelihood. 
Among the first users of Logit analysis in the context of financial distress 
was Ohlson (1980). Like MDA, this technique weights the independent 
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variables and assigns a score in a form of failure probability to each com-
pany in a sample. The advantage of this method is that it does not assume 
multivariate normality and equal covariance matrices as MDA does. Logit 
regression analysis incorporates nonlinear effects, and uses the logistical 
cumulative function in identifying a business risk, i.e., 
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Logit regression analysis uses the stepwise method to select final vari-
ables. The procedure starts by estimating parameters for variables forced 
into the model, i.e. intercept and the first possible explanatory variables. 
Next, the procedure computes the adjusted chi-squared statistic for all the 
variables not in the model and examines the largest of these statistics. If it 
is significant at the specified level, 0.01 in our chapter, the variable is en-
tered into the model. Each selection step is followed by one or more elimi-
nation step, i.e. the variables already selected into the model do not neces-
sarily stay. The stepwise selection process terminates if no further variable 
can be added to the model, or if the variable just entered into the model is 
the only variable removed in the subsequent elimination. For more details, 
please refer to Ohlson (1980). 

Artificial neural networks (ANNs) are a new kind of intelligent learn-
ing algorithm and are widely used in some application domains. In this 
chapter, a standard three-layer feed-forward neural network (FNN) (White, 
1990) based on error back-propagation algorithm is selected. Usually, a 
neural network can usually be trained by the in-sample dataset and applied 
to out-of-sample dataset to verification. The model parameters (connection 
weights and node biases) will be adjusted iteratively by a process of mini-
mizing the error function. Basically, the final output of the FNN model can 
be represented by 
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where xi (i = 1, 2, …, p) represents the input patterns, y is the output, aj (j 
= 0, 1, 2, …, q) is a bias on the jth unit, and wij (i = 1, 2, …, p; j = 1, 2, …, 
q) is the connection weight between layers of the model, φ(•) is the transfer 
function of the hidden layer, p is the number of input nodes and q is the 
number of hidden nodes. 

In the identification classification problem, the neural network classifier 
can be represented by 
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The main reason of selecting ANN as a classifier is that an ANN is often 
viewed as a “universal approximator” (Hornik et al., 1989). Hornik et al. 
(1989) and White (1990) found that a three-layer back propagation neural 
network (BPNN) with an identity transfer function in the output unit and 
logistic functions in the middle-layer units can approximate any continu-
ous function arbitrarily well given a sufficient amount of middle-layer 
units. That is, neural networks have the ability to provide flexible mapping 
between inputs and outputs. 

Support vector machine (SVM) was originally introduced by Vapnik 
(1995, 1998) in the late 1990s. Many traditional statistical theories had im-
plemented the empirical risk minimization (ERM) principle; while SVM 
implements the structure risk minimization (SRM) principle. The former 
seeks to minimize the mis-classification error or deviation from correct so-
lution of the training data but the latter searches to minimize an upper 
bound of generalization error. SVM mainly has two classes of applica-
tions: classification and regression. In this chapter, application of classifi-
cation is discussed. 

The basic idea of SVM is to use linear model to implement nonlinear 
class boundaries through some nonlinear mapping the input vector into the 
high-dimensional feature space. A linear model constructed in the new 
space can represent a nonlinear decision boundary in the original space. In 
the new space, an optimal separating hyperplane is constructed. Thus SVM 
is known as the algorithm that finds a special kind of linear model, the 
maximum margin hyperplane. The maximum margin hyperplane gives the 
maximum separation between the decision classes. The training examples 
that are closest to the maximum margin hyperplane are called support vec-
tors. All other training examples are irrelevant for defining the binary class 
boundaries. Usually, the separating hyperplane is constructed in this high 
dimension feature space. The SVM classifier takes the form as 

))(sgn()( bxwxfy +⋅== ψ  (10.5) 

where )(,),(),()( 21 xxxx Nϕϕϕψ K=  is a nonlinear function employed to 
map the original input space Rn to N-dimensional feature space, w is the 
weight vector and b is a bias, which are obtained by solving the following 
optimization problem: 
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where w  is a distance parameter, C is a margin parameter and iξ  is posi-

tive slack variable, which is necessary to allow misclassification. Through 
computation of Equation (10.6), the optimal separating hyperplane is ob-
tained in the following form: 

( )∑ += SV jiii bxxyy )()(sgn ϕϕα  (10.7) 

where SV represents the support vectors. If there exist a kernel function 
such that ))(),((),( jiji xxxxK ϕϕ= , it is usually unnecessary to explicitly 

know what )(xϕ  is, and we only need to work with a kernel function in 
the training algorithm, i.e., the optimal classifier can be represented by 

( )∑ += SV jiii bxxKyy ),(sgn α  (10.8) 

Any function satisfying Mercy condition (Vapnik, 1995, 1998) can be 
used as the kernel function. Common examples of the kernel function are 
the polynomial kernel dT

jiji xxxxK )1(),( +=  and the Gaussian radial basis 

function ( )22 2/)(exp),( σjiji xxxxK −−= . The construction and selection of 

kernel function is important to SVM, but in practice the kernel function is 
often given directly. 

10.2.2 Knowledge Ensemble based on Individual Mining 
Results 

When different data mining and knowledge discovery algorithms are ap-
plied to a certain business dataset, different mining results are generated. 
The performances of these results are different due to the fact that each 
mining algorithm has its own shortcomings. To improve the identification 
performance, combining them into an aggregated result may generate a 
good performance. In terms of this idea, we utilize the ensemble strategy 
(Yu et al., 2005) to fuse their different results produced by individual data 
mining and knowledge discovery algorithms. 

Actually, a simple way to take into account different results is to take 
the vote of the majority of the population of classifiers. In the existing lit-
erature, majority voting is the most widely used ensemble strategy for 
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classification problems due to its easy implementation. Ensemble mem-
bers’ voting determines the final decision. Usually, it takes over half the 
ensemble to agree a result for it to be accepted as the final output of the 
ensemble regardless of the diversity and accuracy of each model’s gener-
alization. However, majority voting has several important shortcomings. 
First of all, it ignores the fact some classifiers that lie in a minority some-
times do produce the correct results. Second, if too many inefficient and 
uncorrelated classifiers are considered, the vote of the majority would lead 
to worse prediction than the ones obtained by using a single classifier. 
Third, it does not consider for their different expected performance when 
they are employed in particular circumstances, such as plausibility of out-
liers. At the stage of integration, it ignores the existence of diversity that is 
the motivation for ensembles. Finally, this method can not be used when 
the classes are continuous (Olmeda and Fernandez, 1997; Yang and 
Browne, 2004). For these reasons, an additive method that permits a con-
tinuous aggregation of predictions should be preferred. In this chapter, we 
propose an evolutionary programming based approach to realize the classi-
fication/prediction accuracy maximization. 

Suppose that we create p classifiers and let cij be the classification re-
sults that classifier j, j =1, 2, …, p makes of sample i, i = 1, 2, …, N. With-
out loss of generality, we assume there are only two classes (failed and 
non-failed firms) in the data samples, i.e., }1,0{∈ijc  for all i, j. Let 

)( 1∑ = −= p
j ijj

w
i cwSignC θ  be the ensemble prediction of the data sample i, 

where wj is the weight assigned to classifier j, θ is a confidence threshold 
and sign(.) is a sign function. For corporate failure prediction problem, an 
analyst can adjust the confidence threshold θ to change the final classifica-
tion results. Only when the ensemble output is larger than the cutoff, the 
firm can be classified as good or healthful firm. Let )(wAi  be the associ-
ated accuracy of classification: 
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where w
iC  is the classification result of the ensemble classifier, s

iC  is the 

actual observed class of data sample itself, a1 and a2 are the Type I and 
Type II accuracy, respectively, whose definitions can be referred to Lai et 
al. (2006a, 2006b, 2006c). 

The current problem is how to formulate an optimal combination of 
classifiers for ensemble prediction. A natural idea is to find the optimal 
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tion accuracy including Type I and II accuracy. Usually, the classification 
accuracy can be estimated through k-fold cross-validation (CV) technique. 
With the principle of total classification accuracy maximization, the above 
problem can be summarized as an optimization problem: 
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where M is the size of cross-validation set and other symbols are similar to 
the above notations. 

Since the constraint w
iC is a nonlinear threshold function and the )(wAi  

is a step function, the optimization methods assuming differentiability of 
the objective function may have some problems. Therefore the above prob-
lem cannot be solved with classical optimization methods. For this reason, 
an evolutionary programming (EP) algorithm (Fogel, 1991) is proposed to 
solve the optimization problem indicated in (10.10) because EP is a useful 
method of optimization when other techniques such as gradient descent or 
direct, analytical discovery are not possible. For the above problem, the EP 
algorithm is described as follows: 

(1) Create an initial set of L solution vectors ),,,( 21 rprrr wwww L= , 

Lr ,,2,1 L=   for above optimization problems by randomly sampling the 
interval [x, y], Ryx ∈, . Each population or individual wr can be seen as a 
trial solution. 

(2) Evaluate the objective function of each of the vectors A(wr). Here 
A(wr) is called as the fitness of wr. 

(3) Add a multivariate Gaussian vector )))((,0( rr wAGN=∆  to the vector 
wr to obtain rrr ww ∆+=′ , where G is an appropriate monotone function. 

Re-evaluate )( rwA ′ . Here ))(( rwAG is called as mutation rate and rw′  is 
called as an offspring of individual wr. 

(4) Define .2,,2,1,,,,2,1,, LiwCLiwwww iiLiii LL ===′== +  For every jw , 

Lj 2,,2,1 L= , choose q vectors *w  from C at random. If )()( *wAwA j > , 

assign jw  as a “winner”. 
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(5) Choose the L individuals with more number of “winners” 
*
iw , Li ,,2,1 L= . If the stop criteria are not fulfilled, let 

*
ir ww = , Li ,,2,1 L= , generation = generation +1 and go to step 2. 

Using this EP algorithm, an optimal combination, w*, of classifiers that 
maximizes the total classification accuracy is formulated. To verify the ef-
fectiveness of the proposed knowledge ensemble methodology, a real-
world business credit risk dataset is used. 

10.3 Research Data and Experiment Design 

The research data used here is about UK corporate from the Financial 
Analysis Made Easy (FAME) CD-ROM database which can be found in 
the Appendix of Beynon and Peel (2001). It contains 30 failed and 30 non-
failed firms. 12 variables are used as the firms’ characteristics description, 
which are described in Section 6.4.1 of Chapter 6. 

The above dataset is used to identify the two classes of business insol-
vency risk problem: failed and non-failed. They are categorized as “0” or 
“1” in the research data. “0” means failed firm and “1” represent non-
failed firm. In this empirical test, 40 firms are randomly drawn as the train-
ing sample. Due to the scarcity of inputs, we make the number of good 
firms equal to the number of bad firms in both the training and testing 
samples, so as to avoid the embarrassing situations that just two or three 
good (or bad, equally likely) inputs in the testing sample. Thus the training 
sample includes 20 data of each class. This way of composing the sample 
of firms was also used by several researchers in the past, e.g., Altman 
(1968), Zavgren (1985) and Dimitras et al. (1999), among others. Its aim is 
to minimize the effect of such factors as industry or size that in some cases 
can be very important. Except from the above learning sample, the testing 
sample was collected using a similar approach. The testing sample consists 
of 10 failed and 10 non-failed firms. The testing data is used to test results 
with the data that is not utilized to develop the model. 

In BPNN, this chapter varies the number of nodes in the hidden layer 
and stopping criteria for training. In particular, 6, 12, 18, 24, 32 hidden 
nodes are used for each stopping criterion because BPNN does not have a 
general rule for determining the optimal number of hidden nodes (Kim, 
2003). For the stopping criteria of BPNN, this chapter allows 100, 500, 
1000, 2000 learning epochs per one training example since there is little 
general knowledge for selecting the number of epochs. The learning rate is 
set to 0.15 and the momentum term is to 0.30. The hidden nodes use the 
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hyperbolic tangent transfer function and the output node uses the same 
transfer function. This chapter allows 12 input nodes because 12 input 
variables are employed. 

Similarly, the polynomial kernel and the Gaussian radial basis function 
are used as the kernel function of SVM. Tay and Cao (2001) showed that 
the margin parameter C and kernel parameter play an important role in the 
performance of SVM. Improper selection of these two parameters can 
cause the overfitting or the underfitting problems. This chapter varies the 
parameters to select optimal values for the best identification performance. 
Particularly, an appropriate range for σ2 was set between 1 and 100, while 
the margin parameter C was set between 10 and 100, ccording to Tay and 
Cao (2001). 

In addition, the identification performance is evaluated using the follow-
ing criterion: 

∑ =
=

N

i iR
N 1

1
ratioHit  (10.11)

where Ri = 1 if IOi = AOi; Ri = 0 otherwise. IOi is the identification output 
from the model, and AOi is the actual output, N is the number of the testing 
examples. To reflect model robustness, each class of experiment is re-
peated 20 times based on different samples and the final hit ratio accuracy 
is the average of the results of the 20 individual tests. 

10.4 Experiment Results 

Each of the identification models described in the previous section is esti-
mated and validated by in-sample data and an empirical evaluation which 
is based on the in-sample and out-of-sample data. At this stage, the relative 
performance of the models is measured by hit ratio, as expressed by Equa-
tion (10.11). 

10.4.1 Results of Individual Models 

In terms of the previous data description and experiment design, the pre-
diction performance of MDA and logit regression analysis model is sum-
marized in Table 10.1. Note that the values in bracket are the standard de-
viation of 20 experiments. 
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Table 10.1. Identification results of MDA and logit regression models 

Identification Performance (%) Model 
Training data Testing data 

MDA 86.45 [5.12] 69.50 [8.55] 
LogR 89.81 [4.13] 75.82 [6.14] 

As shown in Table 10.1, the logit regression analysis slightly outper-
forms MDA for both the training data and the testing data. The main rea-
son leading to this effect may be that the logit regression can capture some 
nonlinear patterns hidden in the data. 

For ANN models, Table 10.2 summarizes the results of three-layer 
BPNN according to experiment design. 

Table 10.2. Identification results of BPNN models with different designs 

Identification Performance (%) Learning epochs Hidden nodes
Training data Testing data 

100 6 83.54 [7.43] 68.98 [8.12] 
 12 84.06 [7.12] 67.35 [7.98] 
 18 89.01 [6.45] 71.02 [8.21] 
 24 86.32 [7.65] 70.14 [8.72] 
 32 80.45 [8.33] 64.56 [8.65] 

500 6 82.29 [7.21] 69.43 [8.27] 
 12 85.64 [6.98] 70.16 [7.32] 
 18 86.09 [7.32] 71.23 [8.01] 
 24 88.27 [6.89] 74.80 [7.22] 
 32 84.56 [7.54] 72.12 [8.11] 

1000 6 87.54 [7.76] 70.12 [8.09] 
 12 89.01 [7.13] 72.45 [7.32] 
 18 90.53 [6.65] 75.45 [6.86] 
 24 93.42 [5.89] 77.67 [6.03] 
 32 91.32 [6.56] 74.91 [7.12] 

2000 6 85.43 [7.76] 72.23 [8.09] 
 12 87.56 [7.22] 70.34 [7.76] 
 18 90.38 [7.67] 72.12 [8.45] 
 24 89.59 [8.09] 71.50 [8.87] 
 32 86.78 [7.81] 69.21 [8.02] 

From Table 10.2, we have the following finding. 
(1) The identification performance of training data tends to be higher as 

the learning epoch increases. The main reason is illustrated by Hornik et 
al. (1989), i.e., To make a three-layer BPNN approximate any continuous 
function arbitrarily well, a sufficient amount of middle-layer units must be 
given.  
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(2) The performance of training data is consistently better than that of 
the testing data. The main reason is that the training performance is based 
on in-sample estimation and the testing performance is based on out-of-
sample generalization.  

(3) The best prediction accuracy for the testing data was found when the 
epoch was 1000 and the number of hidden nodes was 24. The identifica-
tion accuracy of the testing data turned out to be 77.67%, and that of the 
training data was 93.42%. 

For SVM, there are two parameters, the kernel parameter σ and margin 
parameters C that need to be tuned. First, this chapter uses two kernel 
functions including the Gaussian radial basis function and the polynomial 
function. The polynomial function, however, takes a longer time in the 
training of SVM and provides worse results than the Gaussian radial basis 
function in preliminary test. Thus, this chapter uses the Gaussian radial 
function as the kernel function of SVM. 

The chapter compares the identification performance with respect to 
various kernel and margin parameters. Table 10.3 presents the identifica-
tion performance of SVM with various parameters according to the ex-
periment design. 

From Table 10.3, the best identification performance of the testing data 
is recorded when kernel parameter σ2 is 10 and margin C is 75. Detailed 
speaking, for SVM model, too small a value for C caused under-fit the 
training data while too large a value of C caused over-fit the training data. 
It can be observed that the identification performance on the training data 
increases with C in this chapter. The identification performance on the 
testing data increases when C increase from 10 to 75 but decreases when C 
is 100. Similarly, a small value of σ2 would over-fit the training data while 
a large value of σ2 would under-fit the training data. We can find the iden-
tification performance on the training data and the testing data increases 
when σ2 increase from 1 to 10 but decreases when σ2 increase from 10 to 
100. These results partly support the conclusions of Tay and Cao (2001) 
and Kim (2003). 

10.4.2 Identification Performance of the Knowledge Ensemble 

To formulate the knowledge ensemble models, two main strategies, major-
ity voting and evolutionary programming ensemble strategy, are used. 
With four individual models, we can construct eleven ensemble models. 
Table 10.4 summarizes the results of different ensemble models. Note that 
the results reported in Table 10.4 are based on the testing data. 
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Table 10.3. Identification performance of SVM with different parameters 

Identification Performance (%) C σ2 
Training data Testing data 

10 1 83.52 [5.67] 67.09 [6.13] 
 5 87.45 [6.12] 72.07 [6.66] 
 10 89.87 [6.54] 74.21 [6.89] 
 25 88.56 [6.33] 73.32 [6.76] 
 50 84.58 [5.98] 69.11 [6.34] 
 75 87.43 [6.57] 71.78 [7.87] 
 100 82.43 [7.01] 67.56 [7.65] 

25 1 84.58 [6.56] 72.09 [6.34] 
 5 81.58 [7.01] 66.21 [7.33] 
 10 89.59 [6.52] 70.06 [7.12] 
 25 90.08 [6.11] 75.43 [6.65] 
 50 92.87 [7.04] 77.08 [7.56] 
 75 89.65 [6.25] 76.23 [6.71] 
 100 87.43 [5.92] 74.29 [6.23] 

50 1 85.59 [6.65] 72.21 [6.89] 
 5 88.02 [6.67] 73.10 [6.92] 
 10 89.98 [6.83] 74.32 [7.03] 
 25 84.78 [6.95] 73.67 [7.32] 
 50 89.65 [6.32] 76.35 [6.65] 
 75 87.08 [6.47] 72.24 [6.67] 
 100 85.12 [6.81] 71.98 [7.06] 

75 1 87.59 [6.12] 74.21 [6.45] 
 5 89.95 [6.56] 75.43 [6.78] 
 10 95.41 [6.09] 80.27 [6.17] 
 25 92.32 [6.48] 78.09 [6.75] 
 50 93.43 [7.65] 77.61 [7.89] 
 75 89.56 [6.13] 77.23 [6.69] 
 100 88.41 [6.71] 74.92 [7.00] 

100 1 88.12 [6.32] 75.47 [6.87] 
 5 90.04 [6.87] 78.01 [7.21] 
 10 93.35 [6.37] 79.17 [6.76] 
 25 94.21 [6.98] 80.01 [6.29] 
 50 91.57 [7.33] 78.23 [7.56] 
 75 89.48 [6.56] 75.98 [7.12] 
 100 88.54 [6.77] 74.56 [6.98] 

As can be seen from Table 10.4, it is not hard to find the following  

(1) Generally speaking, the EP-based ensemble strategy is better than the 
majority voting based ensemble strategy, revealing that the proposed 
EP-based ensemble methodology can give a promising result for busi-
ness risk identification. 
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(2) The identification accuracy increases as the number of ensemble 
member increase. The main reason is that different models may con-
tain different useful information. However, the number of ensemble 
member does not satisfy the principle of “the more, the better”. For 
example, ensemble model E6 performs better than the ensemble mod-
els E7 and E8 for majority voting strategy while the ensemble model 
E11 is also worse than the ensemble model E10 for EP-based ensem-
ble strategy. 

Table 10.4. Identification performance of different knowledge ensemble models 

Ensemble Strategy Ensemble 
model 

Ensemble member 
Majority voting EP 

E1 MDA+LogR 74.23 [6.12] 76.01 [5.67] 
E2 MDA+ANN 75.54 [6.74] 77.78 [6.19] 
E3 MDA+SVM 77.91 [5.98] 80.45 [6.03] 
E4 LogR+ANN 78.76 [5.65] 79.87 [5.48] 
E5 LogR+SVM 79.89 [6.33] 81.25 [5.92] 
E6 ANN+SVM 81.87 [5.76] 84.87 [5.16] 
E7 MDA+LogR+ANN 78.98 [5.87] 80.34 [6.42] 
E8 MDA+LogR+SVM 80.67 [5.54] 83.56 [5.77] 
E9 MDA+ANN+SVM 82.89 [6.12] 85.05 [6.22] 

E10 LogR+ANN+SVM 85.01 [5.79] 88.09 [5.56] 
E11 MDA+LogR+ANN+SVM 85.35 [5.51] 86.08 [6.78] 

 10.4.3 Identification Performance Comparisons 

Table 10.5 compares the best identification performance of four individual 
models (MDA, LogR, BPNN, and SVM) and two best ensemble models 
(E11 for majority voting based ensemble and E10 for EP-based ensemble) 
in terms of the training data and testing data. Similar to the previous re-
sults, the values in bracket are the standard deviation of 20 tests. 

From Table 10.5, several important conclusions can be drawn. First of 
all, the ensemble models perform better than the individual models. Sec-
ond, of the four individual models, the SVM model is the best, followed by 
BPNN, LogR and MDA, implying that the intelligent models outperform 
the traditional statistical models. Third, of the two knowledge ensemble 
models, the performance of the EP-based ensemble models is better than 
that of the majority-voting-based ensemble models, implying that the intel-
ligent knowledge ensemble model can generate good identification per-
formance. 
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Table 10.5. Identification performance comparisons with different models 

Individual Models Ensemble Models Data 
MDA LogR BPNN SVM Majority Voting EP 

Training 
data 

86.45 
[5.12] 

89.81
[4.13]

93.42
[5.89]

95.41
[6.09]

95.71 
[5.23] 

98.89 
[5.34] 

Testing 
data 

69.50 
[8.55] 

75.82
[6.14]

77.67
[6.03]

80.27
[6.17]

85.35 
[5.51] 

88.09 
[5.56] 

In addition, we conducted McNemar test to examine whether the intelli-
gent knowledge ensemble model significantly outperformed the other sev-
eral models listed in this chapter. As a nonparametric test for two related 
samples, it is particularly useful for before-after measurement of the same 
subjects (Kim, 2003; Cooper and Emory, 1995). Table 10.6 shows the re-
sults of the McNemar test to statistically compare the identification per-
formance for the testing data among six models. 

Table 10.6. McNemar values (p values) for performance pairwise comparisons 

Models Majority SVM BPNN LogR MDA 
EP Ensemble 1.696 (0.128) 3.084 (0.092)4.213 (0.059)5.788 (0.035)7.035 (0.009) 
Majority  1.562 (0.143)2.182 (0.948)5.127 (0.049)6.241 (0.034) 
SVM   1.342 (0.189)1.098 (0.235)3.316 (0.065) 
BPNN    0.972 (0.154)1.892 (0.102) 
LogR     0.616 (0.412) 

As revealed in Table 10.6, the EP-based knowledge ensemble model 
outperforms four individual models at 10% significance level. Particularly, 
the EP-based knowledge ensemble model is better than SVM and BPNN at 
10% level, logit regression analysis model at 5% level, and MDA at 1% 
significance level, respectively. However, the EP-based knowledge en-
semble model does not significantly outperform majority voting based 
knowledge ensemble model. Similarly, the majority voting based knowl-
edge ensemble model outperforms the BPNN and two statistical models 
(LogR and MDA) at 10% and 5% significance level. Furthermore, the 
SVM is better than the MDA at 5% significance level. However, the SVM 
does not outperform the BPNN and LogR, which is consistent with Kim 
(2003). In addition, Table 9.6 also shows that the identification perform-
ance among BPNN, Logit regression analysis and MDA do not signifi-
cantly differ each other. 
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10.5 Conclusions 

In this chapter, we propose an intelligent knowledge ensemble model to 
identify business credit risk. First of all, some individual data mining and 
knowledge discovery algorithms are used to explore the implied knowl-
edge hidden in the business dataset. Then an evolutionary programming 
based knowledge ensemble model is formulated in terms of the results 
produced by the individual models. As demonstrated in our empirical 
analysis, the proposed intelligent knowledge ensemble methodology is su-
perior to the individual models and other ensemble methods in identifying 
the healthy condition of the business firms. This is a clear message for fi-
nancial institutions and investors, which can lead to a right decision mak-
ing. Therefore, this chapter also concluded that the proposed intelligent 
knowledge ensemble model provides a promising alternative solution to 
business credit risk identification. 

 



11 An Intelligent-Agent-Based Multicriteria Fuzzy 
Group Decision Making Model for Credit Risk 
Analysis 

11.1 Introduction 

Credit risk analysis is an active research area in financial risk management. 
Generally, an accurate evaluation of credit risk could be transformed into a 
more efficient use of economic capital. When some customers fail to repay 
their debt, it leads to a direct economic loss for the lending financial or-
ganizations. If a credit-granting institution refuses loans to applicants with 
good credit, the institution loses the revenue it can earn from the applicant. 
On the other hand, if a credit-granting institution accepts applicants with 
bad credit, it may incur losses in the future – i.e. when the applicant fails to 
repay the debt. Therefore, credit risk evaluation is of extreme importance 
for lending organizations. Furthermore, credit risk evaluation has become a 
major focus of finance and banking industry due to the recent financial cri-
ses and regulatory concerns reflected in Basel II. For any credit-granting 
institution, such as commercial banks, the ability to discriminate good cus-
tomers from bad ones is crucial for survival and development. The need 
for reliable models that can predict defaults accurately is imperative, in or-
der to enable the interested parties to take either preventive or corrective 
action (Wang et al., 2005; Lai et al., 2006b, 2006d). 

In credit risk analysis, credit scoring is one of the key analytical tech-
niques. As Thomas (2002) defined, credit scoring is a technique that helps 
some organizations, such as commercial banks and credit card companies, 
determine whether or not to grant credit to consumers, on the basis of a set 
of predefined criteria. Usually, a credit score is a number that quantifies 
the creditworthiness of a person, based on a quantitative analysis of credit 
history and other criteria; it describes the extent to which the borrower is 
likely to pay his or her bills/debt. A credit score is primarily based on 
credit reports and information received from some major credit reporting 
agencies. Using credit scores, banks and credit card companies evaluate 
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the potential risk involved in lending money, in order to minimize bad 
debts. Lenders can also use credit scores to determine who qualifies for 
what amount loan and at what interest rate. The generic approach of credit 
scoring is to apply a quantitative method on some data of previous cus-
tomers – both faithful and delinquent customers – in order to find a rela-
tionship between the credit scores and a set of evaluation criteria. One im-
portant ingredient to accomplish this goal is to seek a good model so as to 
evaluate new applicants or existing customers as good or bad. 

Due to the importance of credit risk evaluation, there is an increasing re-
search stream focusing upon credit risk assessment and credit scoring. First 
of all, many statistical analysis and optimization methods, such as linear 
discriminant analysis (Fisher, 1936), logistic analysis (Wiginton, 1980), 
probit analysis (Grablowsky and Talley, 1981), linear programming 
(Glover, 1990), integer programming (Mangasarian, 1965), k-nearest 
neighbor (KNN) (Henley and Hand, 1996) and classification tree (Ma-
kowski, 1985), are widely applied to credit risk assessment and modeling 
tasks. Although these methods can be used to evaluate credit risk, the abil-
ity to discriminate good customers from bad ones is still a problem; the ex-
isting methods have their inherent limitations and can be improved further. 
Recent studies have revealed that emerging artificial intelligent (AI) tech-
niques, such as artificial neural networks (ANNs) (Lai et al., 2006b, 
2006d; Malhotra and Malhotra, 2003; Smalz and Conrad, 1994), evolu-
tionary computation (EC) and genetic algorithm (GA) (Chen and Huang, 
2003; Varetto, 1998) and support vector machine (SVM) (Van Gestel et 
al., 2003; Huang et al., 2004; Lat et al., 2006a, 2006c) are advantageous to 
statistical analysis and optimization models for credit risk evaluation in 
terms of their empirical results. 

Although almost all classification methods can be used to evaluate 
credit risk, some combined or ensemble classifiers, which integrate two or 
more single classification methods, have turned out to be efficient strate-
gies for achieving high performance, especially in fields where the devel-
opment of a powerful single classifier system is difficult. Combined or en-
semble modeling research is currently flourishing in credit risk evaluation. 
Recent examples are neural discriminant model (Lee et al., 2002), neuro-
fuzzy model (Piramuthu, 1999; Malhotra and Malhotra, 2002), fuzzy SVM 
model (Wang et al., 2005) and neural network ensemble model (Lai et al., 
2006b). A comprehensive review of literature about credit scoring and 
modeling is provided in two recent surveys (Thomas, 2002; Thomas et al., 
2005). 

Inspired by the combined or ensemble techniques, this chapter attempts 
to apply a group decision making (GDM) technique to support credit scor-
ing decisions, using advanced computing techniques (ACTs). As is known 
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to all, GDM is an active search field within multicriteria decision analysis 
(MCDA) (Beynon, 2005). In GDM, group members first make their own 
judgments on the same decision problems independently, i.e. decision ac-
tions, alternatives, projects and proposals and so on. These judgments from 
different group members are then aggregated to arrive at a final group de-
cision. Different from the traditional GDM model, this chapter utilizes 
some artificial intelligence (AI) techniques to replace human experts. In 
the proposed approach, these AI agents can be seen as decision members 
of the decision group. Like human experts, these intelligent agents can also 
give some evaluation or judgment results on a specified problem, in terms 
of a set of predefined criteria. Relative to human experts’ judgments, 
evaluation results provided by these intelligent agents (based on a set of 
criteria) are more objective because these intelligent agents are little af-
fected by external considerations. Nevertheless, since some of the parame-
ters and sampling of these intelligent agents are variable and unstable, 
these agents can often generate different judgments even though the same 
criteria are used. For handling these different judgments, we apply the 
fuzzification method. Thus the problem is further extended into a fuzzy 
GDM analytical framework. In this chapter, we try to propose an intelli-
gent-agent-based multicriteria fuzzy GDM model for credit risk analysis. 

Generally, the proposed multicriteria fuzzy GDM model is composed of 
three stages. In the first stage, some intelligent techniques as intelligent 
agents are used to analyze and evaluate the decision problems over a set of 
criteria. Because of different sampling and parameter settings, these intel-
ligent agents may generate different judgments on the same decision prob-
lems. For handling these different judgments, the fuzzification method is 
utilized to formulate fuzzy judgments in the second stage. In the third 
stage, using classical optimization techniques and defuzzification method, 
these fuzzy opinions are finally aggregated into a group consensus as the 
final criterion for decision-making. 

The purpose of this chapter is to propose an intelligent-agent-based mul-
ticriteria fuzzy GDM model to evaluate the credit risk problems. Actually, 
using the proposed multicriteria fuzzy GDM model, many practical finan-
cial multicriteria decision making (MCDM) problems, such as enterprise 
financial condition diagnosis and bank failure prediction, can be solved ef-
fectively. For these real-world problems, decisions are made on the basis 
of a set of pre-defined criteria. Therefore, the proposed multicriteria fuzzy 
GDM is suitable for solving these financial MCDM problems. In this 
chapter, credit risk analysis, a class of real-world MCDM problem con-
cerning loan application approval is investigated, using the credit scoring 
technique. Granting loan to applicants is an important financial decision 
problem, associated with credit risk of applicants, for most financial insti-
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tutions. Usually, for applicants seeking small amounts of loans, the credit 
decision can be based on a standard scoring process. However, when 
amounts of loans are large, the decision-making process becomes more 
complex. In most situations, the decisions are made by a decision group 
not only because of the business opportunity at stake but also because of 
wider implications of the decision in terms of responsibility. DeSanctis and 
Gallupe (1987) highlight the reason for GDM - may be the problem is too 
significant for any single individual to handle. In the customer loan appli-
cation approval problem, most senior managers feel that opinions of other 
related members of the group, having some knowledge of the applicant, 
should be considered. 

The main contribution of this chapter is that a fully novel intelligent-
agent-based multicriteria fuzzy GDM model is proposed for the first time, 
for solving a financial MCDM problem, by introducing some intelligent 
agents as decision-makers. Compared with traditional GDM methods, our 
proposed multicriteria fuzzy GDM model has five distinct features. First of 
all, intelligent agents, instead of human experts, are used as decision-
makers (DMs), thus reducing the recognition bias of human experts in 
GDM. Second, the judgment is made over a set of criteria through ad-
vanced intelligent techniques, based upon the data itself. Third, like human 
experts, these intelligent agents can also generate different possible opin-
ions on a specified decision problem, by suitable sampling and parameter 
setting. All possible opinions then become the basis for formulating fuzzy 
opinions for further decision-making actions. In this way, the specified de-
cision problems are extended into a fuzzy GDM framework. Fourth, dif-
ferent from previous subjective methods and traditional time-consuming 
iterative procedures, this article proposes a fast optimization technique to 
integrate the fuzzy opinions and to make the aggregation of fuzzy opinions 
simple. Finally, the main advantage of the fuzzy aggregation process in the 
proposed methodology is that it can not only speed up the computational 
process via information fuzzification but also keep the useful information 
as possible by means of some specified fuzzification ways. 

The rest of this chapter is organized as follows. In Section 11.2, the pro-
posed intelligent-agent-based multicriteria fuzzy GDM methodology is de-
scribed in detail. For illustration and verification purposes, Section 11.3 
presents a simple numerical example to illustrate the implementation proc-
ess of the proposed multicriteria fuzzy GDM model; three real-world 
credit datasets are used to test the effectiveness of the proposed multicrite-
ria fuzzy GDM model. In Section 11.4, some concluding remarks are 
drawn. 
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11.2 Methodology Formulation 

To illustrate the intelligent-agent-based multicriteria fuzzy GDM model 
proposed in this chapter, a practical financial MCDM problem — credit 
risk evaluation problem — is presented. As previously mentioned, granting 
credit to applicants is an important business decision problem for credit-
granting institutions like commercial banks and credit card companies and 
credit scoring is one of the important techniques used in credit risk evalua-
tion problems. In credit scoring, a generic process consists of two proce-
dures: (1) applying a quantitative technique on similar data of previous 
customers – both faithful and delinquent customers – to uncover a relation-
ship between the credit scores and a set of criteria; (2) utilizing the discov-
ered relationship and new applicants’ credit data to score new applicants 
and to evaluate new applicants as good or bad applicants. 

From the above two procedures, it is not hard to find that machine learn-
ing and artificial intelligence (AI) techniques are very suitable for solving 
credit scoring problems. In machine learning and AI techniques, in-sample 
training and out-of-sample testing are the two required processes. In these 
two processes, the first corresponds to in-sample training and learning, 
while the second corresponds to out-of-sample testing and generalization. 

As noted earlier, in case of large amounts of loan, the decision is usually 
determined by a group of decision-makers, over a set of criteria, thereby 
making the credit application approval become a GDM problem. The basic 
idea of the GDM model is to make full use of knowledge and intelligence 
of the members of a group to make a rational decision over a pre-defined 
set of criteria. Different from traditional GDM, the group members in this 
case are some artificial intelligent agents, instead of human experts. Sup-
pose that there are n decision-makers (DM) as AI agents and m criteria for 
some decision problems or projects. Then the typical intelligent-agent-
based multicriteria GDM model can be further illustrated as in Fig. 11.1. 

Fig. 11.1. An illustrative sketch of the intelligent-agent-based multicriteria GDM 
model 
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For a specified decision problem or decision project, different decision-
makers usually give different estimations or judgments over a set of crite-
ria X = (c1, c2, …, cm). For example, for a credit scoring problem, the deci-
sion makers may give the highest score (optimistic estimation), the lowest 
score (pessimistic estimation) and the most likely score, using a set of cri-
teria and credit information of the applicants. In order to incorporate these 
different judgments of the decision-makers into the final decision and to 
make full use of the different judgments, a process of fuzzification is used. 
In the above example, a typical triangular fuzzy number can be used to de-
scribe the judgments of the decision-makers, i.e. 
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where i represents the numerical index of decision-makers. 
Like human experts, individual AI agents can also generate different 

judgment results by using different parameter settings and training sets. 
For example, for a credit scoring problem, the neural network agent gener-
ates k different judgments (i.e. k different credit scores) by setting different 
hidden neurons or different initial weights. That is, using a set of evalua-
tion criteria X, the AI agent’s output Y = f(X) can be used as the applicant’s 
credit score where the function f(•) is determined by the intelligent learning 
process. Note that our chapter mainly uses the final output value f(X) of in-
telligent-agent-based models as the applicants’ credit scores. Usually we 
use the following classification functions F(X) to evaluate applicants as 
good or bad: F(X) = sign(f(X)-Tθ), where f(X) is the output value of the 
three intelligent agents and Tθ is the credit threshold or cutoff. For a credit 
scoring problem, a credit analyst can adjust or modify the cutoff to change 
the percent of accepted applications. Only when an applicant’s credit score 
is higher than the cutoff Tθ, his/her application will be accepted. 

Assume that the ith decision-maker (DMi, AI agent here) produces k dif-
ferent credit scores, )(),(),( 21 A

i
kA

i
A

i XfXfXf L , for a specified applicant 
“A” over a set of criteria X. In order to make full use of all information 
provided by credit scores, without loss of generalization, we still utilize the 
triangular fuzzy number to construct the fuzzy opinion for consistency. 
That is, the smallest, average and the largest of the k credit scores are used 
as the left-, medium- and right membership degrees. That is, the smallest 
and the largest scores are seen as optimistic and pessimistic evaluations 
and the average score is considered to be the most likely score. Of course, 
other fuzzified approaches to determining membership degree can also be 
used. For example, we can use the median as the most likely score to con-
struct the triangular fuzzy number. But this way we may lose some useful 
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information because some other scores are ignored. Therefore, we select 
the average as the most likely score to incorporate full information in all 
the scores into the fuzzy judgment. Using this fuzzification method, the 
decision-makers (DMs) can make a fuzzy judgment for each applicant. 
More precisely, the triangular fuzzy number for judgment, DMi in this 
case, can be represented as 
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In such a fuzzification process, the credit scoring problem is extended 
into a fuzzy GDM framework. Suppose that there are p DMs; let 
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21 pZZZZ Lψ=  be the aggregation of the p fuzzy judgments, where 

)(⋅ψ  is an aggregation function. Now how to determine the aggregation 
function or how to aggregate these fuzzy judgments into a group consensus 
is an important and critical problem under the GDM environment. Gener-
ally speaking, there are many aggregation techniques and rules that can be 
used to aggregate fuzzy judgments. Some of them are linear and others are 
nonlinear. Interested readers may kindly refer to Cholewa (1985), Rama-
krishnan and Rao (1992), Yager (1993, 1994), Delgado et al. (1998), Irion 
(1998), Park and Kim (1996), Lee (2002), Zhang and Lu (2003) and Xu 
(2004, 2005) for more details. Usually, the fuzzy judgments of the p group 
members will be aggregated by using a commonly used linear additive 
procedure, i.e. 
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where wi is the weight of the ith fuzzy judgment, i = 1, 2, …, p. The 
weights usually satisfy the following normalization condition: 

∑ = =p
i iw1 1  (11.4) 

Now our problem is how to determine the optimal weight wi of the ith 
fuzzy judgment under the fuzzy GDM environment. Often, fuzzy judg-
ments are largely dispersed and separated. In order to achieve the maxi-
mum similarity, fuzzy judgments should move towards one another. This 
is the principle on the basis of which an aggregated fuzzy judgment is gen-
erated. Based upon this principle, a least-square aggregation optimization 
approach is proposed to integrate fuzzy opinions produced by different 
DMs. 
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The generic idea of this proposed aggregation optimization approach is 
to minimize the sum of the squared distance from one fuzzy opinion to an-
other and thus make them achieve maximum agreement. Specifically, the 

squared distance between iZ
~

 and jZ
~

 can be defined as 
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Using this definition, we can construct the following optimization 
model, which minimizes the sum of the squared distances between all pairs 
of fuzzy judgments with weights: 
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In order to solve the above optimal weights, first, constraint (11.8) is not 
considered. If the solution turns out to be non-negative, then constraint 
(11.8) is satisfied automatically. Using the Lagrange multiplier method, 
Equations (11.6) and (11.7) in the above problem can construct the follow-
ing Lagrangian function: 
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Differentiating (11.9) with wi, for each i = 1, 2, …, p, we can obtain 
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Equation (11.10) can be simplified as 
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Setting W = (w1, w2, …, wp)
T, I = (1, 1, …, 1)T with the superscript T de-

noting the transpose, ( )( ) pjizpb
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Using the matrix form and the above settings, Equations (11.11) and 
(11.7) can be rewritten as 

0=− IBW λ  (11.13)

1=WI T  (11.14)

Similarly, Equation (11.6) can be expressed in a matrix form as 
BWWD T= . Because D is a squared distance, which is usually larger 

than zero, B should be positive, definite and invertible. Using Equations 
(11.13) and (11.14) together, we can obtain 

( )IBI T 1* 1 −=λ  (11.15)

( ) ( )IBIIBW T 11* −−=  (11.16)

Since B is a positive definite matrix, all its principal minors will be 
strictly positive and thus B is a non-singular M-matrix (Berman and Plem-
mons, 1979). According to the properties of M-matrices, we know B-1 is 
non-negative. Therefore, 0* ≥W , which implies that the constraint in 
Equation (11.8) is satisfied. 

After completing aggregation, a fuzzy group consensus can be obtained 
by Equation (11.3). To obtain a crisp value of credit score, we use a de-
fuzzification procedure to obtain the crisp value for decision-making pur-
pose. According to Bortolan and Degani (1985), the defuzzified value of a 

triangular fuzzy number ),,(
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So far, a final group consensus is computed with the above process. To 
summarize, the proposed intelligent-agent-based multicriteria fuzzy GDM 
model is composed of five steps: 

(1) To construct the GDM environment, some artificial intelligent tech-
niques are first selected as intelligent agents. 

(2) Based on the datasets, these selected intelligent agents, as group de-
cision members, can produce different judgments by setting different pa-
rameters. 

(3) For the different judgmental results, Equation (11.2) is used to 
fuzzify the judgments of intelligent agents into fuzzy opinions. 

(4) The fuzzy opinions are aggregated into a group consensus, using the 
above proposed optimization method, in terms of the maximum agreement 
principle. 

(5) The aggregated fuzzy group consensus is defuzzified into a crisp 
value. This defuzzified value can be used as a final measurement for the 
final decision-making. 

In order to illustrate and verify the proposed intelligent-agent-based 
multicriteria fuzzy GDM model, the next section will present an illustra-
tive numerical example and three real-world credit scoring experiments. 

11.3 Experimental Study 

In this section, we first present an illustrative numerical example to explain 
the implementation process of the proposed multicriteria fuzzy GDM 
model. Then three real-world credit scoring experiments are conducted; 
some interesting results are produced by comparison of these results with 
some existing methods. 

11.3.1 An Illustrative Numerical Example 

To illustrate the proposed multicriteria fuzzy GDM model, a simple nu-
merical example is presented. Suppose the credit cutoff is 60 points; if the 
applicant’s credit score is larger than this cutoff, then only his/her applica-
tion will be accepted by the banks. According to the steps described in 
Section 11.2, we begin illustrating the implementation process of the pro-
posed multicriteria fuzzy GDM model. 

Suppose that there is a credit dataset, which is divided into two sets: 
training set and testing set. The training set is used to construct the intelli-
gent agent models, while the testing set is used for verification purpose. In 
this example, three intelligent techniques, back-propagation neural net-
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work (BPNN) (Rumelhart et al., 1986), radial basis function network 
(RBFN) (Poggio and Girosi, 1990; Yu et al., 2006a) and support vector 
machine regression (SVMR) (Vapnik, 1995; Xie et al., 2006), are em-
ployed as group members. The main reason for selecting these three intel-
ligent techniques as agents is that they have good approximation capabili-
ties. BPNN and RBFN are generally viewed as “universal approximators” 
(Hornik et al., 1989; White, 1990; Hartman et al., 1990; Park and 
Sandberg, 1991). In other words, these three models have the ability to 
provide flexible mapping between inputs and outputs and to give more ac-
curate evaluation results than human experts because the intelligent agents 
can overcome the recognition bias and the subjectivity of human experts in 
GDM, as earlier noted in Section 11.1. Interested readers may please refer 
to Rumelhart et al. (1986), Poggio and Girosi (1990) and Vapnik (1995) 
for more details about the three intelligent techniques. 

However, the performances of the intelligent agents are usually depend-
ent on their architectures or some important parameters. As is known to 
all, neural networks are heavily dependent on the network topological 
structure and the support vector machines are heavily dependent on their 
selected kernel function and their parameters. For each model, we assume 
that ten different architectures or parameters are tried in the example. For 
this purpose, 30 different models are created. When the input information 
of a new applicant arrives, the 30 different models can provide 30 different 
credit scores for this new applicant. Assume that the 30 credit scores gen-
erated by BPNN, RBFN and SVMR agents are expressed as: 

fBPNN = (57.35, 54.76, 59.75, 60.13, 59.08, 61.24, 56.57, 58.42, 60.28, 55.85) 
fRBFN = (58.86, 60.61, 59.81, 57.97, 61.31, 62.38, 60.79, 59.93, 61.12, 61.85) 
fSVMR = (59.42, 60.33, 58.24, 61.36, 63.01, 60.85, 62.76, 61.79, 63.24, 62.66) 
According to the previous setting, if the credit score is less than 60, the 

applicant will be rejected as a bad applicant. From the above credit scores 
of three DMs, the largest values of the scores from three agents are larger 
than 60 (i.e. the largest values of the BPNN, RBFN and SVMR agents are 
61.24, 62.38 and 63.24, respectively). It seems that this new applicant will 
be accepted as a good applicant. Furthermore, according to the majority 
voting rule also, the application seems to be accepted because 17 out of 30 
credit scores are larger than 60. However, the proposed multicriteria fuzzy 
GDM model answers differently. 

Using Equation (11.2), evaluation results of the three intelligent agents 
(i.e. DMs) are fuzzified into three triangular fuzzy numbers, which are 
used as fuzzy opinions of the three DMs, i.e. 

)24.61,34.58,76.54(),,(
~

321 == BPNNBPNNBPNNBPNN zzzZ  



208      11 An Intelligent-Agent-based MCF-GDM Model for Credit Risk Analysis 

)24.63,37.61,24.58(),,(
~

)38.62,46.60,97.57(),,(
~

321

321

==

==

SVMRSVMRSVMRSVMR

RBFNRBFNRBFNRBFN

zzzZ

zzzZ
 

Then the subsequent work is to aggregate the three fuzzy opinions into a 
group consensus. Using the above optimization method, we can obtain the 
following results: 
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The final step is to defuzzify the aggregated fuzzy opinion into a crisp 
value. Using Equation (11.17), the defuzzified value of the final group 
consensus is calculated as follows: 

75.593)27.6203.6096.56( =++=z  
Because the credit score of the final group consensus is 59.75, the appli-

cant should be rejected as a bad applicant. In order to verify the effective-
ness of the proposed multicriteria fuzzy GDM model, three real-world 
credit datasets are used. 

11.3.2 Empirical Comparisons with Different Credit Datasets 

In this subsection, three real-world credit datasets are used to test the effec-
tiveness of the proposed intelligent-agent-based multicriteria fuzzy GDM 
model. In the first dataset, we use different training sets to generate differ-
ent evaluation results. In the second dataset, different evaluation results are 
produced by setting different model parameters. For the last dataset, the 
above two strategies are hybridized. For comparison purpose, we use two 
individual statistical models (linear regression - LinR and logistic regres-
sion - LogR) with three individual intelligent models (BPNN, RBFN and 
SVMR models with the best cross-validation performance); three intelli-
gent ensemble models with majority voting rule (BPNN ensemble, RBFN 
ensemble and SVMR ensemble models) are also used to conduct the ex-
periments. In addition, a majority-voting based GDM model integrating 
the three intelligent agents is also used for further comparison. 

In addition, because the final goal of credit scoring is to support credit 
application decision, we classify applicants with credit scores higher than 
the cutoff as faithful customers and others as delinquent customers. To 
compare the performance of all the models considered in this chapter, we 
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calculate the Type I accuracy, Type II accuracy and Total accuracy, which 
is expressed as 

  
bad observedofnumber 

bad as  observed also and  classified ofnumber 
accuracy  I  Type =  (11.18) 

  
good observed ofnumber 

good as  observed also  and  classified ofnumber 
accuracy  II  Type =  (11.19) 

sevaluation totalofnumber 

tionsclassificacorrect   ofnumber 
accuracy  Total =  (11.20) 

In order to rank all the models, we use the area under the receiver oper-
ating characteristic (ROC) graph (Fawcett, 2004) as another performance 
measurement. The ROC graph is a useful technique for ranking models 
and visualizing their performance. Usually, ROC is a two-dimensional 
graph in which sensitivity is plotted on the Y-axis and 1-specificity is plot-
ted on the X-axis, as illustrated in Fig.11.2. Actually, the sensitivity is 
equal to Type II accuracy and the specificity is equal to Type I accuracy. 

Fig. 11.2. ROC curve and AUC for two different models 
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Fig.11.2 shows ROC curves of two different models, labeled A and B. 
To perform the model ranking task, a common method is to calculate the 
area under the ROC curve, abbreviated as AUC. Since the AUC is a por-
tion of the area of the unit square, its value is always between 0 and 1. Fig. 
11.2 shows the AUC of two different models with different fillings. Par-
ticularly, the AUC of Model A is the area of the skew line, while the AUC 
of model B is the area of the shaded part. Generally, a model with a large 
AUC will have a good average performance. For example, in this figure, 
the AUC of model A is larger than that of model B; thus the performance 
of model A is better than that of model B. However, it is possible for a 
large-AUC model to perform worse than a small-AUC model in a specific 
region of ROC space. Fig. 11.2 illustrates an example of this: model A is 
generally better than model B, except at (1-specificity) > 0.7, where model 
B has a slight advantage. But AUC can well describe the general behavior 
of the classification model because it is independent of any cutoff or mis-
classification costs used for obtaining a class label. Due to this characteris-
tic, it is widely used in practice. For AUC calculation, we use Algorithm 3 
proposed by Fawcett (2004) in the following experiments. 

11.3.2.1 Dataset I: England Credit Application Example 

The first credit dataset is from a financial service company of England, ob-
tained from accessory CDROM of Thomas et al. (2002). The dataset in-
cludes detailed information of 1225 applicants, including 323 observed 
bad applicants. In the 1225 applicants, the number of good cases (902) is 
nearly three times that of bad cases (323). To make the numbers of the two 
classes near equal, we triple the number of bad cases, i.e. we add two cop-
ies of each bad case. Thus the total dataset grows to 1871 cases. The pur-
pose of doing this is to avoid having too many good cases or too few bad 
cases in the training sample. Then we randomly draw 1000 cases compris-
ing 500 good cases and 500 bad cases from the total of 1871 cases as the 
training samples and treat the rest as testing samples (i.e. 402 good appli-
cants and 469 bad applicants). To evaluate the applicant’s credit score, 14 
decision attributes are used as a set of decision criteria for credit scoring, 
which are detailed described in Section 7.3 of Chapter 7.  

Using this dataset and a set of evaluation criteria, we can construct an 
intelligent-agent-based multicriteria fuzzy GDM model for multicriteria 
credit decision-making. The basic purpose of the GDM model is to make 
full use of group knowledge and intelligence. As mentioned earlier, group 
members in this chapter are some intelligent agents, rather than human ex-
perts. For simplicity, this chapter still uses three typical AI techniques, i.e. 
BPNN, RBFN and SVMR. That is, the three intelligent agents are seen as 
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group members of GDM. From the above setting, a multicriteria GDM 
model for credit scoring can be shown in Fig. 11.3. 

Fig. 11.3. A group decision table for credit scoring 

According to the previous setting at the beginning of Section 11.3.2, we 
use different training sets to generate different evaluation results, i.e. dif-
ferent credit scores. Here we use a typical data sampling algorithm — bag-
ging algorithm (Breiman, 1996; Lai et al., 2006a) - to generate different 
training sets. Bagging algorithm is a widely used data sampling method in 
machine learning and interested readers can refer to Fig. 8.2 in Chapter 8 
for more details. In this chapter, we use the bagging algorithm to generate 
different training data subsets. Of course, besides the bagging algorithm, 
other data sampling approaches are also used. In this chapter, we use 20 
different training sets (i.e. P=1871, N=1000, and m=20) to create 20 dif-
ferent evaluation results for each intelligent agent. In the following, we de-
scribe some model settings of each intelligent agent. 

In the BPNN model, a three-layer feed-forward BP network with seven 
TANSIG neurons in the hidden layer and one PURELIN neuron in the 
output layer is used. In this model, 14 decision attributes in the dataset are 
used as model inputs. The network training function is the TRAINLM (i.e. 
the core training algorithm is Levenberg-Marquardt algorithm, which is a 
fast learning algorithm for back-propagation network). Learning and mo-
mentum rates are set at 0.1 and 0.15 respectively. The accepted average 
squared error is 0.001 and the training epochs are 1000. The above pa-
rameters are obtained by the root mean squared error (RMSE) evaluation. 
To overcome the overfitting problem, the two-fold CV method is used. In 
the two-fold CV method, the first step is to divide the training dataset into 
two non-overlapping subsets. Then we train a BPNN, using the first subset 
of training data and validate the trained BPNN on the second subset. Sub-
sequently, the second subset is used for training and the first subset is used 
for validation. Use of the two-fold CV is actually a reasonable compro-
mise, considering the computational complexity of the systems. Further-
more, an estimate from the two-fold CV is likely to be more reliable than 
an estimate from a common practice using a single validation set. 
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In the RBFN model, we use the standard RBF neural network with 
seven hidden nodes and one output node. Gaussian radial basis function is 
used as the transfer function in hidden nodes. The cluster center and radius 
of Gaussian radial basis function is determined by average and standard 
deviations of the samples. In the SVMR model, the kernel function is 
Gaussian function with regularization parameters C = 48 and σ2=10. Simi-
larly, the above parameters are obtained by the grid search method. Be-
cause the three individual intelligent models are finally determined by the 
two-fold cross-validation technique, we use 500 samples as the first subset 
and the remaining 500 samples as the second subset, within the 1000 train-
ing samples. In addition, each of the three ensemble models utilize 20 dif-
ferent training sets generated by the bagging algorithm to create different 
ensemble members and then use the majority voting rule to aggregate the 
results of the ensemble members. For a majority of GDM models, sixty 
members produced by three intelligent agents are used to make final deci-
sions via the majority voting principle. For the fuzzy GDM model, it is 
done by following the process described in Section 11.3.1. 

According to the previous experiment design and model setting, the fi-
nal computational results are shown in Table 11.1. 

Table 11.1. Performance comparisons with different models for England dataset 

Model 
Type I (%) 

(Specificity)
Type II (%)
(Sensitivity)

Total (%) AUC 

Individual LinR 65.25 61.19 63.38 0.6322 
Individual LogR 65.46 61.69 63.72 0.6357 
Individual BPNN 63.97 60.20 62.22 0.6208 
Individual RBFN 70.79 66.67 68.89 0.6873 
Individual SVMR 72.07 67.41 69.92 0.6974 
BPNN ensemble 73.56 68.66 71.30 0.7111 
RBFN ensemble 77.40 69.90 73.94 0.7365 
SVMR ensemble 78.89 73.63 76.46 0.7626 
Majority GDM 79.96 74.63 77.50 0.7729 
Fuzzy GDM 82.94 76.87 80.14 0.7990 

As can be seen from Table 11.1, we can find the following several con-
clusions. 

(1) For the four evaluation criteria, the proposed intelligent-agent-based 
multicriteria fuzzy GDM model performs the best, followed by the major-
ity-based GDM and the three intelligent ensemble models; the individual 
BPNN model is the worst, indicating that the proposed multicriteria fuzzy 
GDM model has a good generalization capability in credit risk evaluation. 
The reason that leads to this phenomenon comprises the following four as-
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pects. First of all, aggregating multiple diverse decision-makers’ (i.e. dif-
ferent intelligent agents in this chapter) knowledge into a group consensus 
can remedy the shortcomings of any individual decision-maker (i.e. indi-
vidual AI agents here), thus increasing the decision reliability. Secondly, 
the proposed multicriteria fuzzy GDM model utilizes approximations of 
both the inputs and the outputs within the GDM, as it fuzzified the inputs 
and defuzzified the output. Comparatively, intelligent ensemble models 
and individual methods do not use any such approximations. Third, the 
fuzzification processing of different prediction results can not only speed 
up the computational efficiency but also retain enough information for ag-
gregation purpose. Fourth, the aggregation of different results can reduce 
the variance of generalization error and therefore produce a more robust 
result than the individual models. Finally, besides the internal diversity 
from every intelligent agent, the fuzzy GDM has an additional source of 
diversity not present in the ensemble model. The source of diversity is a 
mixture of decision makers, including BPNN, RBFN and SVMR agents. 
This extra diversity may help the proposed multicriteria fuzzy GDM model 
to have a good generalization performance. 

(2) In many empirical studies, like Wang et al. (2005) and Lai et al. 
(2006b), Type I accuracy should be worse than Type II accuracy because 
distinguishing a bad applicant is more difficult than classifying an appli-
cant as good customer, to some extent. However, for the results of Type I 
and Type II accuracy reported in this chapter, we find that Type I accuracy 
is slightly higher than Type II accuracy, which is different from other pre-
diction results. The main reason is that we create two copies of bad appli-
cants in the sample and, therefore, some replications are labeled as bad ap-
plicants in testing, as previously mentioned. 

(3) Of the five individual models, the SVMR model performs the best, 
followed by individual RBFN and logistic regression models. This shows 
that the SVMR model has good approximation capability for credit scor-
ing. Surprisingly, the performance of the BPNN model is slightly worse 
than those of logistic regression and linear regression models. Because 
overfitting is avoided via cross-validation technique, the possible reason 
leading to that is that BPNN may encounter local minima problem. 

(4) In the three intelligent ensemble models, the SVMR ensemble is the 
best. This conclusion is similar to the previous conclusion; it further con-
firms that the SVMR model is one of the best predictors. There are two 
main reasons. The first is that the SVMR adopts the structural risk minimi-
zation principle (Vapnik, 1995), which can overcome local minima prob-
lem. The second reason is that they can perform nonlinear mapping from 
an original input space into a high dimensional feature space. This helps it 
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capture more non-linear information from original datasets and thus in-
creases its classification capability. 

(5) In all the intelligent models, an interesting finding is that the per-
formance of the RBFN is consistently better than that of the BPNN. The 
main reasons are two-fold. On one hand, the RBFN model can overcome 
the local minima problem, which often occurs in the BPNN model. On the 
other hand, the parameters that need to be optimized lie only in the hidden 
layer of the RBFN model. Finding the parameters is only a solution of a 
linear problem and they are obtained through interpolation (Bishop, 1991). 
For this reason, the RBFN model can usually reach near perfect accuracy 
on the training data set without trapping into local minima (Chen et al., 
1990; Wedding and Cios, 1996). 

(6) It is worth noting that the majority-voting-based GDM model has 
also shown good prediction performance. Relative to the individual models 
and individual intelligent agent based ensemble models, the good perform-
ance of both the majority-based GDM model and the fuzzy GDM model 
mainly comes from aggregation of different information produced by dif-
ferent group members, rather than the group aggregation rule (i.e. majority 
voting rule and the fuzzy aggregation rule). Although the majority-based 
GDM model is slightly inferior to the fuzzy GDM model, the difference 
between the two is not significant when measured through the McNemar’s 
test (see Section 11.3.2.4). One possible reason for this insignificant dif-
ference is that the fuzzy aggregation rule only provides a small portion of 
contribution to performance improvement of the proposed multicriteria 
fuzzy GDM model; the main contribution to performance improvement of 
the proposed fuzzy GDM model comes from integration of diversity, as 
indicated in the first conclusion. But the real reasons leading to this slight 
difference are unknown, which is worth exploring further in the future. 

11.3.2.2 Dataset II: Japanese Credit Card Application Example 

The second dataset is about Japanese credit card application data obtained 
from UCI Machine Learning Repository (http://www.ics.uci.edu/~mlearn/ 
databases/credit-screening/). For confidentiality, all attribute names and 
values have been changed to meaningless symbols. After deleting data 
with missing attribute values, we obtain 653 data, with 357 cases granted 
credit and 296 cases refused. To delete the burden of resolving multi-
category cases, we use 13 attributes - A1-A5, A8-A15. Because we gener-
ally should substitute k-class attributes with k-1 binary attributes, which 
greatly increase the dimensions of the input space, we don’t use two attrib-
utes: A6 and A7, similar to the setting of previous chapters. In this empiri-
cal test we randomly draw 400 data from the 653 data as the training sam-
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ple and the rest as the test sample. According to the previous setting at the 
beginning of Section 11.3.2, we use different parameters to generate dif-
ferent evaluation results, i.e. different credit scores, for each intelligent 
agent. 

In the BPNN model, a three-layer feed-forward BP network with thir-
teen inputs and one output is used. To create different BPNN models, dif-
ferent numbers of hidden neurons are used. For consistency, we create 20 
different BPNN models with different hidden neurons. That is, the number 
of hidden neurons varies from 6 to 25, with an increment of one. Similar to 
the first experiment, the network training algorithm is the Levenberg-
Marquardt algorithm. Besides, the learning and momentum rates are set to 
0.15 and 0.18 respectively. The accepted average squared error is 0.001 
and the training epochs are 1200. The above parameters are obtained by 
the RMSE evaluation. 

In RBFN, we use the same model as in the first experiment. That is, a 
standard RBF neural network with Gaussian radial basis function is used. 
Different from the first experiment, we vary the values of the cluster center 
and radius to create different RBFN models. For cluster center, ten differ-
ent values (varying from 10 to 100 with an increment of ten) are used to 
construct 10 different RBFN models. Similarly, ten different radiuses 
(varying from 1 to 10 with an increment of one) are used to create 10 dif-
ferent RBFN models. Thus 20 different RBFN models are created and ac-
cordingly 20 different credit scores can be obtained from 20 different 
RBFN models. 

In SVMR, the SVMR model with Gaussian kernel function is used. We 
use different regularization parameters C and σ2 to create 20 different 
models. That is, we use ten different C and ten different σ2 for different 
SVM models. Specifically, C varies from 10 to 100 with an increment of 
10 and σ2 is fixed to be 5; while σ2 varies from 1 to 10 with an increment 
of one and C is fixed to be 50. In this way, 20 different models are gener-
ated and accordingly 20 different credit scores are obtained. Because the 
three individual intelligent models are finally determined by two-fold CV 
technique, we use 200 data as the first subset and the remaining 200 data 
as the second subset within the 400 training samples. In addition, each of 
the three ensemble models utilizes 20 different intelligent models with dif-
ferent parameters to create different ensemble members and then uses the 
majority voting rule to fuse the results of the ensemble members. For the 
fuzzy GDM model, it is done by following the process of Section 11.3.1. 
Table 11.2 summarizes the comparisons of the different models. 
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Table 11.2. Performance comparisons with different models for Japanese dataset 

Model 
Type I (%) 

(Specificity)
Type II (%)
(Sensitivity)

Total (%) AUC 

Individual LinR 82.17 82.29 82.21 0.8222 
Individual LogR 82.80 83.33 83.00 0.8307 
Individual BPNN 80.89 81.25 81.03 0.8107 
Individual RBFN 83.44 84.38 83.79 0.8391 
Individual SVMR 78.98 82.29 80.24 0.8064 
BPNN ensemble 81.25 83.44 82.21 0.8243 
RBFN ensemble 83.44 85.42 84.18 0.8443 
SVMR ensemble 80.25 82.29 81.02 0.8127 
Majority GDM 84.71 85.42 84.98 0.8507 
Fuzzy GDM 85.99 86.46 86.17 0.8622 

Table 11.2 shows several interesting results, as illustrated below. 

(1) It is not hard to find that the fuzzy GDM model achieves the best 
performance. The majority-vote-based GDM model and the RBFN ensem-
ble model achieve the second and third best performances respectively. 

(2) Of the five single models, the RBFN model performs the best, fol-
lowed by single logistic regression and single linear regression. Surpris-
ingly, the individual SVMR model performs the worst, which is distinctly 
different from the results of the first dataset. The reason for this is un-
known and it is worth exploring further in future research. Although the 
performances of the single BPNN and the single SVMR model are worse 
than other three single models, the difference between them is insignificant 
according to the results of statistical test. 

(3) In the three listed ensemble models, the SVMR ensemble performs 
worse than the other two ensemble models, i.e. BPNN ensemble and 
RBFN ensemble. The main reason is that single BPNN and RBFN are 
much better than the single SVMR model. Even individual logistic regres-
sion and the single RBFN model are also better than the SVMR ensemble 
model. This indicates that the ensemble model will perform poor if the per-
formances of the single members constituting the ensemble are bad. 

(4) Generally speaking, the proposed multicriteria fuzzy GDM model 
performs the best in terms of Type I accuracy, Type II accuracy, Total ac-
curacy and AUC, revealing that the proposed fuzzy GDM model is a feasi-
ble solution to improve the accuracy of credit risk evaluation. 

11.3.2.3 Dataset III: German Credit Card Application Example 

The German credit card dataset is provided by Professor Dr. Hans Hof-
mann of the University of Hamburg and is available at UCI Machine 
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Learning Repository (http://www.ics.uci.edu/~mlearn/databases/statlog/ 
german/). It contains 1000 data, with 700 cases granted credit card and 300 
cases refused. In these instances, each case is characterized by 20 decision 
attributes, 7 numerical and 13 categorical, which are described in detail in 
Section 9.4.1 of Chapter 9. 

To make the numbers of the two classes near equal, we double bad 
cases, i.e. we add one copy of each bad case. Thus the total dataset now 
has 1300 cases. This processing is similar to the first dataset and the main 
reason of such a pre-processing step is to avoid drawing too many good 
cases or too few bad cases in the training sample. Then we randomly draw 
800 data with 400 good cases and 400 bad cases from the 1300 data as the 
training sample and the remaining 500 cases are used as the testing sample 
(i.e. 300 good applicants and 200 bad applicants). According to the previ-
ous setting at the beginning of Section 11.3.2, we use bagging sampling 
algorithms to create 10 different training sets. At the same time, 10 differ-
ent parameters for each intelligent agent are used to create different models 
for the third dataset. In this way, 20 different models for each intelligent 
agent are produced. Accordingly, different evaluation results, i.e. different 
credit scores, are generated from each intelligent agent. Because the 20 dif-
ferent models are created by using such a hybrid strategy, the basic settings 
of each intelligent agent model are similar to the previous two datasets and 
are omitted here because of space consideration. Similar to the second 
dataset, the two-fold cross-validation technique uses 400 data as the first 
subset and the remaining 400 data as the second subset, within the 800 
data in the training sample. In addition, each of the three ensemble models 
utilizes 20 different intelligent models with different training sets and dif-
ferent parameters to create different ensemble members and then uses the 
majority voting rule to integrate the results of ensemble members. For the 
fuzzy GDM model, it is done by following the process described in Sec-
tion 11.3.1. Similar to the above two datasets, the final computational re-
sults are shown in Table 11.3. 

Comparing Table 11.1 and Table 11.3, some similar conclusions are ob-
tained. Particularly, this dataset again confirms that the proposed multicri-
teria fuzzy GDM model is suitable for credit risk evaluation task, implying 
that it is a very promising solution to multicriteria credit decision-making 
problem. A visualized explanation for performance comparison with dif-
ferent models is illustrated with ROC curve in Fig. 11.4. 
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Table 11.3. Performance comparisons with different models for German dataset 

Model 
Type I (%) 

(Specificity)
Type II (%)
(Sensitivity)

Total (%) AUC 

Individual LinR 71.50 62.33 66.00 0.6692 
Individual LogR 77.50 69.00 72.40 0.7325 
Individual BPNN 75.00 67.33 70.40 0.7117 
Individual RBFN 78.50 71.00 74.00 0.7475 
Individual SVMR 80.50 74.67 77.00 0.7758 
BPNN ensemble 81.00 73.67 76.60 0.7733 
RBFN ensemble 82.00 75.33 78.00 0.7867 
SVMR ensemble 82.50 77.33 79.40 0.7992 
Majority GDM 83.00 79.00 80.60 0.8100 
Fuzzy GDM 84.50 80.33 82.00 0.8242 

Fig. 11.4. A graphic comparison for different models in German dataset 

11.3.2.4 Further Discussions 

The above illustrative example, provided in Section 11.3.1, explains the 
implementation process of the proposed multicriteria fuzzy GDM method-
ology and the subsequent three practical datasets verify the effectiveness 
of the proposed method. Through accuracy and AUC measurements, we 
can judge which model is the best and which model is the worst. However, 
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it is unclear what the differences between good models and bad ones are. 
For this reason, we conducted McNemar’s test (McNemar, 1947) to exam-
ine whether the proposed multicriteria fuzzy GDM model significantly 
outperforms the other nine models listed in this chapter. As a non-
parametric test for two related samples, it is particularly useful for before-
after measurement of the same subjects (Cooper and Emory, 1995). Taking 
the first dataset as an example, Table 11.4 shows the results of the McNe-
mar’s test for England credit dataset to statistically compare the perform-
ance in respect of testing data among the ten models. For space considera-
tion, the results on McNemar’s test for other two practical datasets are 
omitted here. Actually, we can obtain some similar conclusions from the 
second and third datasets via McNemar’s test. Note that the results listed in 
Table 11.4 are the Chi squared values and p values are in brackets. 

Table 11.4. McNemar’s test for pairwise performance comparison 

As shown in Table 11.4, we can draw the following conclusions. 

(1) The proposed multicriteria fuzzy GDM model outperforms the 
RBFN ensemble, BPNN ensemble, individual SVMR, RBFN, BPNN, 
LogR and LinR models at 1% statistical significance level. However, the 
proposed GDM model does not significantly outperform the majority-vote-
based GDM model and the SVMR ensemble model. 

(2) For the majority-vote-based GDM model, we can find that the ma-
jority-vote-based GDM model outperforms all the five individual models 
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(i.e., individual SVMR, RBFN, BPNN, LogR, and LinR models) at 1% 
significance level. Similarly, it is better than the BPNN ensemble model at 
5% significance level, but the McNemar’s test does not conclude that it 
performs better than the SVMR ensemble and RBFN ensemble models. 

(3) Similar to the majority-vote-based GDM model, the SVMR ensem-
ble model can also outperform all the five individual models at 1% signifi-
cance level and it can also perform better than the BPNN ensemble model 
at 5% significance level. Interestedly, it does not outperform the RBFN en-
semble model at 10% significance level. 

(4) For the RBFN ensemble model, it can outperform the individual 
BPNN, LogR and LinR models at 1% significance level and it performs 
better than the RBFN model at 10% significance level. However, the 
RBFN ensemble model does not outperform the BPNN ensemble model 
and the individual SVMR model at 10% significance level. Similarly, the 
BPNN ensemble model leads to a similar finding. 

(5) For the individual SVMR model, it cannot outperform the RBFN 
model from Table 11.4, but it is easy to find that it performs better than the 
individual BPNN, LogR and LinR models at 5% significance level. For the 
individual RBFN model, it can outperform the remaining three individual 
models at 10% significance level. In addition, Table 11.4 also shows that 
the performances of the individual BPNN, LogR and the LinR models do 
not differ significantly from each other. All findings are consistent with re-
sults reported in Table 11.1. For the second and third datasets, we can 
draw some similar conclusions, as previously mentioned. 

Besides the differences among the different models, there is a conflict-
ing viewpoint about the model performance improvement. It is the famous 
“no free lunch” theorem of the machine learning theory (Schaffer, 1994; 
Wolpert and Macready, 1997). Roughly speaking, these theorems say that 
no model (i.e. predictor or classifier) can outperform another on average, 
over all possible classification problems, and implicitly question the utility 
of learning research. However, as Rao et al. (1995) have shown, this theo-
rem does not necessarily apply to every case because not all classification 
problems are equal. Recently, Domingos (1998) proposed a simple cost 
model to prove the possibility of getting a free lunch in machine learning 
applications. Suppose there are two classifiers C1 and C2; classifier C2 will 
have a globally better performance than classifier C1 if generalization ac-
curacy of C2 is better than that of C1 in the problem domains, as illustrated 
in Fig. 11.5. Note that the shaded area represents the accuracy gained at no 
cost. 
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Fig. 11.5. Improving the global performance of a classifier 

In Fig.11.5, C1 and C2 follow the “no free lunch” theorem because they 
both have an average accuracy of 50% over all domains. However, C2 has 
a higher average effective performance than C1, since only the area above 
A0 counts for purposes of computing effective performance. In short, a 
good strategy for research is to keep improving the current classifiers in 
the domains where they do well, regardless of the fact that this makes them 
worse where they perform poorly. Not surprisingly, this is largely what is 
done in practice (Domingos, 1998). Due to such a fact, we have enough 
reasons to believe that our proposed multicriteria fuzzy GDM model can 
outperform other models listed in this chapter. That is, in this chapter, the 
“no free lunch” theorem does not apply because not all credit classification 
problems are handled equally. Meanwhile, three real-world experiments 
also confirm that the proposed multicriteria fuzzy GDM model can effec-
tively improve credit classification performance relative to other classifica-
tion models listed in this chapter. This also implies that our proposed 
model can be used as an alternative solution to credit risk evaluation prob-
lems. For further information about getting a free lunch for machine learn-
ing applications, interested readers can refer to Rao et al. (1995) and 
Domingos (1998) for more details. 

11.4 Conclusions and Future Directions 

In this chapter, a novel intelligent-agent-based multicriteria fuzzy GDM 
model is proposed as a financial multicriteria decision-making (MCDM) 
tool to support credit scoring problems. Different from commonly used 
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“one-member-one-vote” or “majority-voting-rule” ensemble models, the 
novel multicriteria fuzzy GDM model first uses several intelligent agents 
to evaluate the customer over a number of criteria, then the evaluation re-
sults are fuzzified into some fuzzy judgments, and finally these fuzzy 
judgments are aggregated and defuzzified into a group consensus as a final 
group decision measurement. 

For illustration and verification purposes, an illustrative example is used 
to show the implementation process of the proposed multicriteria fuzzy 
GDM model; three publicly available credit datasets have been used to test 
the effectiveness and decision power of the proposed multicriteria fuzzy 
GDM approach. All results reported in the three experiments clearly show 
that the proposed multicriteria fuzzy GDM model can outperform other 
comparable models, including five single models and three majority-
voting-based intelligent ensemble models, as well as the majority-based 
GDM model. These results reveal that the proposed multicriteria fuzzy 
GDM model can provide a promising solution to credit scoring tasks, im-
plying that the proposed multicriteria fuzzy GDM technique has a great 
potential for being applied to other financial MCDM problems. 

However, it is worth noting that the classification accuracy used in the 
proposed multicriteria fuzzy GDM model is also influenced by the overlap 
in the way the range of some evaluation results is split into various catego-
ries (e.g., range of values for small, medium and large). Again, these are 
the pitfalls associated with mechanisms used for both fuzzification and de-
fuzzification of input and output data (Piramuthu, 1999). Furthermore, this 
work can be extended easily into the case of trapezoidal fuzzy numbers 
and thus it can be applied to more financial MCDM problems. In addition, 
in credit scoring system, the credit-granting institutions often need to be 
able to provide some specific information of why credit was refused to an 
applicant. But our proposed approach does not give any insight into the lo-
gics of the decision model. Therefore, using these intelligent agents to ex-
tract the decision rules (Craven, 1994; Andrews et al., 1995; Martens et al., 
2007) or determine some key decision attributes might also be an interest-
ing topic for future credit scoring research. We will look into these issues 
in the future. 
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