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Abstract—In this paper, a novel dual-weighted fuzzy proximal support vector machine (FPSVM) model 

hybridizing fuzzy set theory (FST) and proximal support vector machine (PSVM) is proposed for credit risk 

analysis. In the proposed model, the fuzzy memberships are introduced into both objective function and 

constraint conditions of PSVM model to make full use of the information of data. Due to the introduction of 

fuzzy set theory, the FPSVM model shows fine generalized ability and great practical value. For verification 

purpose, two publicly available credit datasets are used to test the effectiveness of the proposed FPSVM 

method. Experimental results show that the proposed FPSVM outperforms other SVM models listed in this 

study, indicating that the proposed FPSVM model has rather good discriminatory power and it can be used 

as a promising tool for other classification tasks. 
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A NOVEL DUAL-WEIGHTED FUZZY PROXIMAL SUPPORT VECTOR MACHINE  

WITH APPLICATION TO CREDIT RISK ANALYSIS  

 INTRODUCTION 

1. A NOVEL DUAL-WEIGHTED FUZZY PROXIMAL SUPPORT VECTOR 

MACHINE WITH APPLICATION TO CREDIT RISK ANALYSIS 

 

With the rapid development of credit industry in recent decades, more and more attention has been focused 

on the credit risk analysis. Usually, credit risk evaluation models are used to perform credit risk analysis task. 

Therefore, it is extremely necessary for credit risk evaluation models to yield a high accuracy to decide 

whether a credit should be granted to a customer or not in order to avoid the potential loss. In essential, credit 

risk evaluation can be reduced to a binary classification problem. Therefore, various kinds of classification 

models had been applied to this area in the last several decades. 

In these existing models, traditional credit risk analysis techniques are based on the classical statistical 

methods such as discriminant analysis [1]-[2], logit and probit models [3]-[5]. Those models are inclined to 

perform poorly when the sample is not linear separable. Fortunately, with the rapid development of 

computational technology, many artificial intelligence (AI) and machine learning methods such as artificial 

neural networks (ANN) have been proposed for credit risk evaluation [6]-[7]. Compared with the statistical 

methods, ANN has many advantages including self-learning and self-adaption as well as handles those large-

scale nonlinear separable problems quite well. But very often ANN models cannot work very well since they 

tend to converge to a local optimal solution instead of a global optimal solution. Besides, ANN models are 

easy to generate overfitting problems, thus leading to worse generalization capability. In order to overcome 

these shortcomings, support vector machine (SVM) is proposed. 

The original standard SVM model (C-SVM for short) was first proposed by Vapnik in the middle 1990s 

in term of the principle of structural risk minimization (SRM) [8]-[9]. The most significant difference 

between SVM and other machine learning methods which are based on the principle of empirical risk 

minimization (ERM) is that in the SVM models, not only empirical risk but also generalization ability is 

taken into consideration. The SRM principle can be realized by maximizing the margin of two separating 

paralleled hyperplanes. So a classification problem is converted to a convex quadratic programming problem 

which has a definite global optimal solution. Compared with ANN, C-SVM model has many merits such as 

higher accuracy, stronger generalization ability and less sample data required.  

Although there are many advantages of C-SVM model listed above, there are still several limitations. First 
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of all, the computational cost of C-SVM may be very high due to the fact that a quadratic programming 

problem is required to be solved. 

To overcome this problem, Suykens et al [10]-[11] proposed least squares support vector machine 

(LSSVM), where inequality constraints are replaced by equality constraint and least squares error terms in 

order to obtain a linear equations in the dual space. So far, LSSVM models have been proved to outperform 

C-SVM models by many experiments. Similarly, proximal support vector machine (PSVM) proposed by 

Fung and Mangasarian [12] also appears to be more effective than C-SVM with considerably faster 

computational time through empirical results. Second, when some real world datasets are processed, the 

performances of C-SVM models are often affected by outliers and noise in the datasets as well as LSSVM 

and PSVM. For this issue, Lin et al [13] and Huang et al [14] proposed fuzzy support vector machine (FSVM) 

to decrease the impact of those outliers and noise by applying fuzzy memberships to each sample instance. 

In the same way, Abe et al [15]-[16] introduced fuzzy set theory into LSSVM model and focused on how to 

solve multi-class classification problems. 

Because of the exceptional performances of SVM models in the previous experiments, many studies have 

been conducted to apply various different C-SVM and LSSVM models to the empirical analysis of credit 

risk [17]-[19]. In some recent literature, most experiments show that the LSSVM classifier with RBF kernel 

function can yield a quite good performance in term of classification accuracy compared with ANN and other 

classification methods [20]-[21]. In order to increase the classification accuracy and decrease the 

computational cost simultaneously, many hybrid models have been proposed recently [22]-[27], in which 

there are not only the integration of statistical models and AI models, but also the combination of different 

AI techniques. In addition, Wang [28] regarded each sample point as two different points with different 

memberships belonging to two classes and came up with a new FSVM model. Motivated by the good 

performances of PSVM and FSVM models, this study tries to integrate fuzzy set theory with PSVM to 

propose a novel dual-weighted fuzzy PSVM (FPSVM) model for credit risk analysis. In proposed FPSVM 

model, the fuzzy memberships are introduced into both object function and constraint conditions of PSVM 

model simultaneously, thus making full use of the advantages of PSVM and fuzzy memberships to improve 

the performance of PSVM. Compared with [28], the FPSVM model in this study obtains better performance 

as well as saves much computational time in contrast to [28].  

The main purpose of this paper is to propose a novel dual-weighted FPSVM for credit risk analysis and 

compare the performance with other popular classification algorithms. The rest of this paper is organized as 

follows. Section 2 describes the formulation process of the proposed FPSVM in detail. For verification 

purpose, some empirical experiments are presented in Section 3. At last, Section 4 concludes the paper and 

meantime points out the main shortcomings and the future improvement direction. 
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2. MODEL FORMULATION 

In this section, the standard support vector machine (C-SVM) and the proximal support vector machine 

(PSVM) are first introduced briefly. Then the fuzzy support vector machine (FSVM) is presented. In terms 

of fuzzy set theory and PSVM, a novel dual-weighted fuzzy PSVM (FPSVM) is proposed finally. 

2.1 Formulation of the C-SVM, PSVM and FSVM 

1) C-SVM 

Considering a set of training pairs (xi, yi), i=1,2,…,l, where xi∈Rn denotes the ith n dimensional input 

point, and yi is its corresponding label which is a binary variable, -1 or 1. If a customer belongs to positive 

class or say, does not default, then yi=-1, or else negative, then yi=1. The main idea of SVM is to map the 

input data that are not linearly separable in original low-dimensional space into a high-dimensional feature 

space via a nonlinear function Ф(x). Then the task remaining is simply to find an optimal classifier in the 

high-dimensional feature space to separate the input data linearly, which is elaborated by 

 (𝑤 ∙Φ(𝑥)) + 𝑏 = 0 (1) 

It should satisfy the following two constraints in the high-dimensional feature space. 

 
{
(𝑤 ∙ Φ(𝑥𝑖)) + 𝑏 ≥ 1    𝑦𝑖 = 1

(𝑤 ∙ Φ(𝑥𝑖)) + 𝑏 ≤ 1    𝑦𝑖 = −1
 (2) 

where w and b denote the weights and threshold of the decision function in Eq. (1) respectively.  

The process of seeking the optimal classifier is to maximize the margin 2 ∕ ‖𝑤‖ between the above two 

hyperplanes based on the principle of structural risk minimization (SRM). For the convenience of problem-

solving, the maximization of 2 ∕ ‖𝑤‖ is replaced by the minimization of ‖𝑤‖/2. Considering the mis-

classification condition, an error term ξi is introduced to soften the constraints. In terms of the above 

considerations, the process of finding the optimal classifier can be transformed into the following 

optimization problem. 

 

min 𝐽(𝑤, 𝑏; 𝜉𝑖) =
1

2
‖𝑤‖2 + 𝐶∑𝜉𝑖

𝑙

𝑖=1

𝑠. 𝑡.  𝑦𝑖 ((𝑤 ∙ Φ(𝑥𝑖)) + 𝑏) ≥ 1 − 𝜉𝑖  , 𝑖 = 1,… , 𝑙

         𝜉𝑖 ≥ 0, 𝑖 = 1,… , 𝑙

 (3) 

where C is a regularized parameter of this model to control the balance between margin maximization and 

classification violation (i.e., mis-classification errors), and 2 ∕ ‖𝑤‖2 is the smooth form of 2 ∕ ‖𝑤‖ to make 

it be a convex quadratic programming (QP) problem. In order to solve this QP problem, (3) is usually 

transformed into its Wolfe dual form, as shown in (4). 
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min  𝐹(𝛼𝑖) =

1

2
∑∑𝑦𝑖𝑦𝑗 (Φ(𝑥𝑖) ∙ Φ(𝑥𝑗)) 𝛼𝑖𝛼𝑗 −∑𝛼𝑗

𝑗𝑗𝑖

𝑠. 𝑡.   ∑𝑦𝑖𝛼𝑖 = 0

𝑖

          0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1,… , 𝑙

 (4) 

Noticing that Ф(xi) and Ф(xj) always come in pairs, their product form can be defined as kernel function, 

i.e. K(xi, xj)= Ф(xi)•Ф(xj). In the process of solving the problem, it isn’t necessary to know the exact form of 

kernel function as long as it satisfies the Mercer condition [29]. Several common kernel functions are listed 

as follows: 

(1) linear kernel 

 𝐾(𝑥𝑖 , 𝑥𝑗) = (𝑥𝑖 ∙ 𝑥𝑗) (5) 

(2) polynomial kernel (Poly) 

 𝐾(𝑥𝑖 , 𝑥𝑗) = ((𝑥𝑖 ∙ 𝑥𝑗) + 1)
𝑑 (6) 

(3) radial-basis function kernel (RBF) 

 
𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑒𝑥𝑝 (−

‖𝑥𝑖 − 𝑥𝑗‖
2

𝜎2
) (7) 

Here d and σ are the parameters in the kernel functions which need to be tuned by hand. Equipped with 

the kernel function, (4) can be transformed into the following form, 

 
min 𝐹(𝛼𝑖) =

1

2
∑∑𝑦𝑖𝑦𝑗𝐾(𝑥𝑖 , 𝑥𝑗)𝛼𝑖𝛼𝑗 −∑𝛼𝑗

𝑗𝑗𝑖

𝑠. 𝑡.   ∑𝑦𝑖𝛼𝑖 = 0

𝑖

          0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1,… , 𝑙

 (8) 

 

From (8), it is easy to get the solution of (8): 𝛼∗ = (𝛼1
∗, … , 𝛼𝑙

∗). One obtains the following equations. 

 𝑤∗ =∑𝛼𝑖
∗𝑦𝑖Φ(𝑥𝑖)

𝑖

𝑏∗ = −
∑ ∑ 𝑦𝑖𝛼𝑖

∗𝛼𝑗
∗𝐾(𝑥𝑖 , 𝑥𝑗)𝑗𝑖

∑ 𝛼𝑖
∗

𝑖 

 (9) 

Finally, the optimal decision function can be represented as 

 𝑓(𝑥) = sgn(∑𝛼𝑖
∗𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏

∗

𝑖

) (10) 
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Note that the size of QP problem (8) is directly proportional to the number of training data. It is rather 

time-consuming to solve a large-scale problem even though some effective algorithms like chunking and 

sequential minimal optimization (SMO) methods [30]-[31] had been proposed  

2) PSVM 

In order to simplify the C-SVM, proximal support vector machine (PSVM) was proposed by Fung and 

Mangasarian [12]. In PSVM, the original 1-norm error term ξi of C-SVM is changed into 2-norm ξi
2 and 

meantime it adds a constant term 22 / b  into the objective function. Consequently the Wolfe dual form of 

PSVM model is an unconstrained convex QP problem which is more convenient and easier to be solved. 

Accordingly, (3) can be changed into the following form. 

 

min 𝐽(𝑤, 𝑏; 𝜉𝑖) =
1

2
(‖𝑤‖2 + 𝑏2) + 𝐶∑𝜉𝑖

2

𝑙

𝑖=1

𝑠. 𝑡.  𝑦𝑖 ((𝑤 ∙Φ(𝑥𝑖)) + 𝑏) = 1 − 𝜉𝑖 , 𝑖 = 1,… , 𝑙
 

 

 

(11) 

Then the Wolfe dual form of (11) is obtained. 

 
min 𝐹(𝛼𝑖) =

1

2
∑∑𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗(𝐾(𝑥𝑖 , 𝑥𝑗) + 1)

𝑗𝑖

−∑𝛼𝑖
𝑖

+
1

2𝐶
∑𝛼𝑖

2

𝑖

 
(12) 

Using the matrix form, (12) can be re-written as 

 
𝐹(𝛼) =

1

2
𝛼𝑇𝐻𝛼 − 𝑒𝑇𝛼 +

1

2𝐶
𝛼𝑇𝛼 

(13) 

where α = (𝛼1, … , 𝛼𝑙), 𝐻𝑖𝑗 = 𝑦𝑖𝑦𝑗(𝐾(𝑥𝑖 , 𝑥𝑗) + 1), 𝑒 = (1, … ,1) 

Since (13) is a convex quadratic function, one obtains the following equation by differentiating with 

respect to α. 

 
∇𝛼𝐹 = 𝐻𝛼 − 𝑒 +

1

𝐶
𝛼 

(14) 

Accordingly, the solution of α can be easily obtained, i.e. 

 
𝛼∗ = (𝐻 +

1

𝐶
𝐼)−1𝑒 

(15) 

where I denotes a unit matrix. Accordingly the optimal solution can be shown as follows. 

 𝑤∗ =∑𝛼𝑖
∗

𝑖

𝑦𝑖Φ(𝑥𝑖)

𝑏∗ =∑𝑦𝑖𝛼𝑖
∗

𝑖  

 

 

(16) 

In terms of the optimal solution in (16), the decision function can be obtained below: 
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 𝑓(𝑥) = sgn(∑𝛼𝑖
∗𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏

∗

𝑖

) (17) 

Here it can be noticed that solving PSVM is converted to a linear system, which is much easier to be 

solved. Many iterative algorithms which don’t need to store the matrix are available like Newton 

preconditioned conjugate gradients algorithm (Newton-PCG) [32]. However, both C-SVM and PSVM 

neglect the influences of the noise and outliers. In order to reduce such disturbances, Lin et al [13] and Huang 

et al [14] tried to introduce fuzzy set theory to handle this issue, which was known as fuzzy support vector 

machine (FSVM). In the following part it will be discussed about how to apply fuzzy set theory to the SVM 

models. 

3) FSVM 

It is known that in both C-SVM and PSVM each instance is treated equally. But when it comes to a dataset 

with a large amount of noise and outliers, the classification accuracy will be affected dramatically by noise 

and outliers [13]. In [13] and [14], each point is assigned with a fuzzy membership, which means different 

input points contribute to the decision function differently. In this way, the effects of those outliers can be 

reduced remarkably. For the convenience of clear explanation, how to generate fuzzy memberships will be 

presented in section C. In this section one focuses on how to formulate FSVM. 

In many real world datasets, the effects of different training points are distinctly different. The application 

of fuzzy memberships means each training point no more belongs to one class exactly. For each instance 

there is only partial information that is useful to the decision function, and membership is used as the measure 

of that in the range between zero and one. So the membership pi can be taken as the attitude of the ith training 

point with respect to one class, and 1-pi as the attitude of meaningless. Accordingly FSVM [13]-[14] can be 

formulated as follows: 

 

min 𝐽(𝑤, 𝑏; 𝜉𝑖) =
1

2
‖𝑤‖2 + 𝐶∑𝑝𝑖𝜉𝑖

𝑙

𝑖=1

𝑠. 𝑡.  𝑦𝑖 ((𝑤 ∙ Φ(𝑥𝑖)) + 𝑏) ≥ 1 − 𝜉𝑖  , 𝑖 = 1,… , 𝑙

         𝜉𝑖 ≥ 0, 𝑖 = 1,… , 𝑙

 (18) 

From above descriptions, it is easy to see that it is expected to be less important in the training process for 

the training point whose membership is small when the regularized parameter C is fixed. When all the fuzzy 

memberships are equal to one, FSVM degenerates into C-SVM. With the equipment of fuzzy memberships, 

the classification accuracy can be improved dramatically. However, there is still a QP problem needed to 

solve in FSVM model. Motivated by the formulation of PSVM, it is naturally to introduce fuzzy set theory 

into PSVM to reformulate a novel model targeting on not only increasing the accuracy but also reducing the 

computing time, which is the proposed FPSVM model discussed in the following section. 
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2.2 The proposed FPSVM model 

In this section a new dual-weighted fuzzy PSVM (FPSVM) model is proposed in term of the idea of [28], 

which assumes that each instance belongs to different classes with different memberships. In the evaluation 

of credit risk, every customer is considered as both good and bad with different possibilities. Based on this 

assumption, an original training point:(𝑥𝑖 , 𝑦𝑖), 𝑦𝑖 = 1 𝑜𝑟 − 1, 𝑓𝑜𝑟 i = 1, . . . , 𝑙can be seen as two different 

new training points: (𝑥𝑖 , 𝑝𝑖, 1), (𝑥𝑖 , 1 − 𝑝𝑖, −1), 𝑓𝑜𝑟 i = 1, . . . , 𝑙 where (xi, pi, 1) and (xi, 1-pi, -1) denote that 

the degree of the ith training point with respect to positive class is pi, and negative class 1- pi respectively. 

The corresponding error terms to different classes are set to ξi and ηi respectively.  

Different from [28], this study does not only revise the objective function mentioned above, but also 

replace the class labels with fuzzy memberships in the constraint conditions to make better use of information. 

What’s more, different regularized parameters C1 and C2 corresponding to the error terms of different classes 

are introduced to emphasize the importance of different classes. In term of the above settings the FPSVM 

model can be reformulated as follows. 

 

min 𝐽(𝑤, 𝑏; 𝜉𝑖 , 𝜂𝑖) =
1

2
(‖𝑤‖2 + 𝑏2) +

𝐶1
2
∑𝑝𝑖𝜉𝑖

2 +

𝑙

𝑖=1

𝐶2
2
∑(1 − 𝑝𝑖)𝜂𝑖

2

𝑙

𝑖=1

𝑠. 𝑡.  𝑝𝑖 ((𝑤 ∙ Φ(𝑥𝑖)) + 𝑏) = 1 − 𝜉𝑖  , 𝑖 = 1,… , 𝑙

         (1 − 𝑝𝑖) ((𝑤 ∙ Φ(𝑥𝑖)) + 𝑏) = −1 + 𝜂𝑖 , 𝑖 = 1,… , 𝑙

 (19) 

Here the constraint conditions imply that each training point satisfies with equality constraints with 

different degrees. It should be noticed that under the extreme conditions when all the fuzzy memberships of 

those training points labeled as positive class equal to one and negative class equal to zero as well as C1 

equals to C2, the proposed dual-weighted FPSVM (19) degenerates into the PSVM (11).  

In term of (19), the solution process is shown below. First the Lagrangian function of (19) is constructed, 

as shown in (20). 

 𝐿(𝑤, 𝑏, 𝜉𝑖 , 𝜂𝑖; 𝛼𝑖 , 𝛽𝑖) =

         
1

2
(‖𝑤‖2 + 𝑏2) +

𝐶1
2
∑𝑝𝑖𝜉𝑖

2 +

𝑙

𝑖=1

𝐶2
2
∑(1 − 𝑝𝑖)𝜂𝑖

2

𝑙

𝑖=1

−

        ∑𝛼𝑖 (𝑝𝑖 ((𝑤 ∙ Φ(𝑥𝑖)) + 𝑏) − 1 + 𝜉𝑖)

𝑙

𝑖=1

−

       ∑𝛽𝑖 ((1 − 𝑝𝑖) ((𝑤 ∙ Φ(𝑥𝑖)) + 𝑏) + 1 − 𝜂𝑖)

𝑙

𝑖=1

 (20) 

where αi and βi are the ith of Lagrangian multipliers, the condition for optimality can be obtained from (20) 
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{
 
 
 
 
 

 
 
 
 
 
∇𝑤𝐿 = 𝑤 −∑𝛼𝑖𝑦𝑖Φ(𝑥𝑖)

𝑙

𝑖=1

−∑𝛽𝑖𝑦𝑖Φ(𝑥𝑖)

𝑙

𝑖=1

= 0 ⇒ 𝑤 =∑(𝑝𝑖𝛼𝑖 + (1 − 𝑝𝑖)𝛽𝑖)Φ(𝑥𝑖)

𝑖

∇𝑏𝐿 = 𝑏 −∑𝛼𝑖𝑝𝑖

𝑙

𝑖=1

−∑𝛽𝑖𝑝𝑖

𝑙

𝑖=1

= 0 ⇒ 𝑏 =∑(𝑝𝑖𝛼𝑖 + (1 − 𝑝𝑖)𝛽𝑖)

𝑖

∇𝜉𝑖𝐿 = 𝐶1𝑝𝑖𝜉𝑖 − 𝛼𝑖 ⇒ 𝜉𝑖 =
𝛼𝑖
𝐶1𝑝𝑖

∇𝜂𝑖𝐿 = 𝐶2(1 − 𝑝𝑖)𝜂𝑖 + 𝛽𝑖 ⇒ 𝜂𝑖 =
𝛽𝑖

𝐶2(1 − 𝑝𝑖)

 (21) 

Applying (21) to (20), one obtains the dual form of (20) 

 
min 𝐹(𝛼𝑖 , 𝛽𝑖) =

1

2
∑∑(𝑝𝑖𝛼𝑖 + (1 − 𝑝𝑖)𝛽𝑖)(𝑝𝑗𝛼𝑗 + (1 − 𝑝𝑗)𝛽𝑗)𝐾(𝑥𝑖 , 𝑥𝑖) +

𝑗𝑖

            
1

2
∑∑(𝑝𝑖𝛼𝑖 + (1 − 𝑝𝑖)𝛽𝑖)(𝑝𝑗𝛼𝑗 + (1 − 𝑝𝑗)𝛽𝑗) +

𝑗𝑖

           
1

2𝐶1
∑

𝛼𝑖
2

𝑝𝑖
𝑖

+
1

2𝐶2
∑

𝛽𝑖
2

1 − 𝑝𝑖
𝑖

−∑𝛼𝑖
𝑖

+∑𝛽𝑖
𝑖

 (22) 

Using the matrix form, (22) can be rewritten as 

 
min 𝐹(𝛼, 𝛽) =

1

2
(𝛼, 𝛽)𝑇𝑄 (

𝛼
𝛽) − 𝑐

𝑇 (
𝛼
𝛽) 

(23) 

where α = (𝛼1, … , 𝛼𝑙)
𝑇 , β = (𝛽1, … , 𝛽𝑙)

𝑇 , α = (1,… , )𝑙
𝑇 , 𝑐 = (𝑒,−𝑒)𝑇 , 𝑄 = (�̅�⨂𝑈 + 𝑈 + 𝑃) , 𝑝 =

(𝑝1, … , 𝑝𝑙)
𝑇 , 𝑞 = (1 − 𝑝1, … ,1 − 𝑝𝑙)

𝑇 , 𝐾𝑖𝑗 = Φ(𝑥𝑖) ∙Φ(𝑥𝑗)  �̅� = (
𝐾 𝐾
𝐾 𝐾

)
2𝑙×2𝑙

,  𝑈 =

(
𝑝𝑝𝑇 𝑝𝑞𝑇

𝑞𝑝𝑇 𝑞𝑞𝑇
)
2𝑙×2𝑙

, 𝑃 = (
𝑃1 𝑂
𝑂 𝑃2

)
2𝑙×2𝑙

, 𝑃1 = 𝑑𝑖𝑎𝑔(
1

𝐶1𝑃1
, … ,

1

𝐶𝑙𝑃𝑙
), 𝑃1 = 𝑑𝑖𝑎𝑔(

1

𝐶2(1−𝑃1)
, … ,

1

𝐶2(1−𝑃𝑙)
), and O 

denotes a zero matrix. 

Because Q can be proved to be a positive semi-definite matrix (see Appendix A), there is a global optimal 

solution in (23). Accordingly, the solution can be obtained by differentiating with respect to α and β.    

 ∇(𝛼,𝛽)𝐹 = 𝑄 (
𝛼
𝛽) − 𝑐 = 0⃑

  (24) 

 (𝛼∗, 𝛽∗) = 𝑄−1𝑐 (25) 

 𝑤∗ =∑(𝑝𝑖𝛼𝑖
∗ + (1 − 𝑝𝑖)

𝑖

𝛽𝑖
∗)Φ(𝑥𝑖)

𝑏∗ =∑(𝑝𝑖𝛼𝑖
∗ + (1 − 𝑝𝑖)

𝑖

𝛽𝑖
∗)

 

 (26) 

Finally the decision function can be represented as follows. 
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𝑓(𝑥) = sgn(∑(𝑝𝑖𝛼𝑖

∗ + (1 − 𝑝𝑖)

𝑖

𝛽𝑖
∗)K(𝑥𝑖 , 𝑥) + 𝑏

∗) (27) 

In (27), the generation of fuzzy membership pi is an important factor that affects the performance of the 

FPSVM. For this reason, the next subsection will elaborate the process of generating fuzzy memberships. 

2.3 Generating fuzzy memberships 

In this subsection, how to generate fuzzy memberships is discussed. In the existing literature, there are 

many methods to generate the fuzzy memberships [13]-[16], [33]. In [33], the author tried to automatically 

generate fuzzy memberships of training data points from a heuristic strategy by introducing two confident 

factors and a mapping function. Motivated by this idea, this study tries to use a similar way to generate fuzzy 

memberships. Some classification methods are first used to obtain a basic score of each point, and then the 

basic score is transformed to fuzzy membership by a linear function in (28).  

 
𝑝𝑖 =

𝑠𝑖 −min {𝑠𝑖}

max{𝑠𝑖} − min {𝑠𝑖}
 𝑖 = 1,… , 𝑙 (28) 

where si and pi denote the basic score and membership of ith sample point respectively. Note that all those 

classification methods can be employed to generate the basic score. In this study, three different methods are 

used: (a) linear regression (LR); (b) logistics regression (LOG); (c) artificial neural networks with back 

propagation algorithm (BPNN). More details will be discussed in section III. To verify the effectiveness of 

the proposed FPSVM, two publicly credit datasets are used in the next section. 

 

3 EMPIRICAL EXPERIMENTS 

3.1 Experiment design 

In this section empirical experiments on two different credit datasets, Australian and England credit 

datasets are conducted. For comparison purpose, linear regression (LR), logistics regression (LOG), back-

propagation neural network (BPNN), standard support vector machine (C-SVM), proximal SVM (PSVM) 

and dual-weighted fuzzy PSVM (FPSVM) are used as the benchmark models. For each SVM model, two 

different kernel functions: RBF and Polynomial functions are adopted. For each FPSVM model, basic scores 

are first generated by those three different methods listed in subsection II.C, and then these scores are 

transformed to be memberships using (28), which indicates that three different types of fuzzy memberships 

are available here. Besides, the relationship between C1 and C2: equal and unequal, is discussed, which are 

denoted by E and U respectively. For the convenience of representation, FPSVM-RBF-LR-E is used as the 

representation of FPSVM model with LR membership and RBF kernel function as well as two equal 
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regularized parameters. Similar case is FPSVM-RBF-LR-U except that the values of two regularized 

parameters are unequal. In this way, nineteen different models are created for comparison on each dataset.  

In this study, cross-validation with grid search is applied to each model to select the parameter combination 

that achieves the best performance in term of the average of repeated thirty times experiments. To measure 

the performance of different models, this study uses five different performance measurement indicators: the 

averaged Type I error, Type II error, Total error and AUC (area under curve) of the repeated thirty times 

experiments as well as the corresponding standard deviation of Total error. Definitions of Type I error, Type 

II error, and Total error are listed as follows: 

 
𝑇𝑦𝑝𝑒 𝐼 𝑒𝑟𝑟𝑜𝑟 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑜𝑠𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑔𝑜𝑜𝑑 𝑏𝑢𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑠 𝑏𝑎𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑔𝑜𝑜𝑑
 (29) 

 
𝑇𝑦𝑝𝑒 𝐼𝐼 𝑒𝑟𝑟𝑜𝑟 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑜𝑠𝑒 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑏𝑎𝑑 𝑏𝑢𝑡 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑠 𝑔𝑜𝑜𝑑

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑏𝑎𝑑
 (30) 

 
𝑇𝑜𝑡𝑎𝑙 𝑒𝑟𝑟𝑜𝑟 =

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑟𝑜𝑛𝑔 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑖𝑜𝑛 𝑠𝑎𝑚𝑝𝑙𝑒
 (31) 

AUC represents the area under receiver operating characteristics (ROC) curve. If it equals to 1, the 

classifier achieves perfect accuracy; if it equals to 0.5, the classifier is proved to be extremely ineffective. It 

is expected to have less misclassification cost with larger AUC. More details about ROC curve and AUC are 

discussed in [34]-[35]. Two-tail paired t-test is used to compare the significance of the average Total error 

between two models and only the p value of each pair is listed. Threshold value is chosen to be 0.05, implying 

that if the p value of paired model is smaller than 0.05, then it can be concluded that the corresponding two 

models have significant differences statistically in term of Total error. For clear indication, the top three 

models are marked in term of Total error. 

3.2 Australian dataset 

The first dataset is about Australian individual credit data including 650 sample points: 256 belong to 

positive class and 394 negative. Each point has fourteen independent variables and one observed variable. 

All the above models are realized by the functions of Matlab statistics, optimization and neural network 

toolboxes [36]. When logistics regression is applied to generate fuzzy memberships, it is required to change 

the positive and negative class labels into two and one respectively temporarily since it is convenient to be 

programmed. In BPNN a three-layer feed-forward network with four neurons in the hidden layer and one 

neuron in the output layer is used. The activation functions of hidden and output layer are Tansig and Purelin 

respectively. Levenberg-Marquardt (LM) algorithm is implemented to train the network [37]-[38]. 

For C-SVM and PSVM, two parameters are needed to be predefined: parameters of kernel functions σ or 

d and regularized parameter C. In order to implement grid search each parameter should be set in a reasonable 
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limited range consisting of a series of discrete integers by trial and error method first. However, for FPSVM, 

since there are two regularized parameters C1 and C2, so it is convenient to set C1 equals to C2 initially for 

the following comparison. Then C2 is tuned according to the performance of model to find the best parameter 

combination. The settings of parameters are summarized as follows:  

 σ: 1, 2, 3, …, 10 

 d: 1, 2, 3, 4, 5 

 C1: 1, 10, 50, 100, 200, 500, 1000 

 C2: trial and error (only for FPSVM) 

Ten-fold cross-validation is applied to each model to generate the performance measurements. The 

experimental results and p-value of t-test results are reported in Tables 1 and 2 respectively. For intuitive 

observation, some histograms of experiment results are shown in Figs. 1 and 2. 

According to Tables 1-2 and Figs. 1-2, some important conclusions can be drawn. 

1) Overall, the top three models are all variants of FPSVM models in term of Total error: FPSVM-Poly-

BPNN-E, FPSVM-Poly-LOG-U and FPSVM-RBF-BPNN-U. It is concluded that the FPSVM models 

are much more competitive than other models including C-SVM and PSVM. Furthermore, it should 

also be noticed that the Total error of FPSVM-Poly-BPNN-E is significantly smaller than that of any 

other model listed in this study from Table 2, which proves that FPSVM is able to yield a superior 

performance if the appropriate kernel functions and membership generation method are selected. In 

addition, the standard deviation of Total error of each model is rather small, which indicates that all 

above models are fairly steady.  

2) The selection of parameters and memberships plays an extremely important role in the FPSVM 

models. Note that when C1 equals to C2, most of the FPSVM models achieve slight improvement in 

terms of Total error except for FPSVM-Poly-BPNN-E. Besides, under this situation the two different 

types of errors are very unbalanced which is unexpected to be. For comparison purpose, it is necessary 

to adjust C2 to evaluate whether there is any further improvement of experimental results or not. The 

following lists some detailed findings as well as the comparisons between before and after adjusting 

C2 with different types of fuzzy memberships. 

a) LR: There is no significant improvement no matter which kernel function is adopted. 

b) LOG: the Total error is reduced remarkably and the two types of error come to better balance if C2 

is chosen suitably no matter which kernel function is adopted. 

c) BPNN: When RBF kernel function is adopted, it is easy to see that a dramatic improvement of 

Total error is achieved after C2 is adjusted. However, when Polynomial kernel function is used, the 

best accuracy rate of all above nineteen models could be achieved when C1 equals to C2. On the 
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contrary, If C2 is tuned to be unequal to C1, the classification errors will deteriorate. The possible 

reasons are that BPNN membership might retrieve more information of each instance accurately 

than other three membership generation methods.  

3) According to Figs. 1-2, it is noticed that there is no strong correlation between Total error and AUC. 

What’s more, the improvement of AUC made in the FPSVM models is not as significant as Total 

error. In some cases the FPSVM models even achieve worse AUC than other models although the top 

three models are also all variants of FPSVM in term of AUC. Moreover, those models that achieve 

more balance between two types of error don’t certainly achieve high AUC. The possible reason 

contributing to this phenomenon is that the numbers of data in different classes are unbalanced. 

3.3 England dataset 

The second dataset is about the UK corporation credit dataset. It consists of sixty instances: thirty positive 

instances and thirty negative instances. Each point has twelve independent variables and one observed 

variable. Since the number of this dataset is small, it is necessary to implement a three-fold cross-validation 

method as follows: each time twenty positive instances and twenty negative instances are selected as training 

points, consequently in the test set there are ten positive and ten negative instances respectively. The main 

reason of such a processing way is to avoid the embarrassing situation that there is no positive or negative 

instance in the testing set. Similar to the previous subsection, all the models are realized in Matlab software. 

In BPNN model, the network configuration remains unchanged except that the number of neurons in the 

hidden layer is changed to three. For C-SVM, PSVM and FPSVM models, the settings of parameters are 

listed as follows: 

 σ: 1, 2, 3, 4, 5 

 d: 1, 2, 3, 4, 5 

 C1: 10, 50, 100, 200, 500, 1000 

 C2: trial and error (only for FPSVM) 

Using these parameters, the experimental results and p-value of t-test results are presented in Tables 3 and 

4 respectively, and Figs. 3-4 are the histograms of experimental results. From the tables and figures, some 

important results can be presented, which is shown below. 

First, according to Table 3, it can be seen that most of the FPSVM models outperform other models 

including C-SVM and PSVM and the top three models in term of Total error are all of FPSVM: FPSVM-

RBF-LOG-U, FPSVM-Poly-LOG-U and FPSVM-RBF-LR-U. Furthermore, the FPSVM models not only 

achieve strikingly small Total error but also get much better AUC compared with other models, although it 

is not quite clear how these two indicators relate with each other. Interestingly, it can be seen from Fig. 4 that 

when LR or LOG membership is used, the AUCs achieved by all FPSVM models are higher than 0.85. 
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However, when fuzzy memberships are generated by BPNN method, the corresponding FPSVM models 

yield rather bad performances, which will be discussed in the third point.  

Second, from Table 4 it is clear to see that the classification results achieved by linear regression, logistics 

regression, C-SVM, PSVM and the FPSVM models with BPNN membership don’t have significantly 

differences statistically. In addition, from the experimental results of the above models, the Type II errors 

tend to be higher than Type I errors according to Fig. 3, which indicates that it is necessary to penalize more 

heavily on the negative instances to balance Type I and Type II errors. It can be seen that in the FPSVM 

models with LOG membership if C2 is tuned appropriately, the Total error is reduced significantly in the 

statistical sense. Besides, AUC is also improved remarkably and more balances are achieved between the 

two types of errors compared with the situation when C1 equals to C2. However, when LR membership is 

used, there is no significant improvement of both Total error and AUC no matter which kernel function is 

adopted although the two types of errors have achieved more balance after tuning C2. From these facts, it is 

reasonable to infer that LOG membership might be the best way to represent the information of each instance.  

Last but not least, it should be noticed that the performance of BPNN model is the worst of all nineteen 

models from Table 3. Also the FPSVM models with BPNN membership perform worst of all SVM models 

no matter how C2 is tuned or which kernel function is adopted according to Tables. 3-4. A reasonable 

explanation is that the BPNN model may suffer from the overfitting problem because of the small sample. 

As a result, the poor performance of BPNN method inevitably affects its generation of fuzzy memberships, 

leading to the bad performances of the associated FPSVM models. Furthermore, it can be found that the 

membership of each instance generated by BPNN is close to either zero or one, which makes the application 

of fuzzy memberships almost meaningless. In addition, it can be noticed that there are some significant 

similarities of the experimental results between PSVM-RBF and FPSVM-RBF-BPNN-E or PSVM-Poly and 

FPSVM-Poly-BPNN-E according to Table 3, which is intuitively helpful to verify what has been discussed 

previously about how the FPSVM degenerates into PSVM if certain conditions are satisfied. Summarizing 

the above findings, it can be concluded that the bad performances achieved by the FPSVM models with 

BPNN membership are mainly caused by the overfitting problem existing in the application of BPNN model.  

In terms of the results of the above two empirical experiments, several interesting findings can be 

summarized as follows. 

1) The FPSVM models outperform other models in both of the two credit datasets, and the top three 

models in term of either Total error or AUC are all variants of FPSVM models, although none of 

them is able to achieve the best AUC and least Total error at the same time. Compared with other 

models including classic statistical methods and other machine learning methods, the FPSVM 

models show better discriminatory power according to the two tail paired t-test.  
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2) It is noticed that FPSVM with LOG membership have better and more stable performances compared 

with the other two types of memberships. For the Australian credit dataset, FPSVM-Poly-LOG-U 

ranks the second best among nineteen models; for the England, FPSVM-RBF-LOG-U and FPSVM-

Poly-LOG-U rank the best and second respectively. However, it should also be noticed that FPSVM 

with BPNN membership are also able to achieve remarkable good results if the sample is big enough 

like the case for the first dataset, otherwise the overfitting problem inherent in BPNN will influence 

the experimental results heavily like the case for the second. 

3) Finally, it can be seen that it is of crucial importance to adjust the relationship between the two 

regularized parameters C1 and C2 in FPSVM models. It can be noticed that after tuning C2 the Total 

error of the FPSVM model can be improved generally. However, it seems not to be quite helpful to 

improve the AUC after the adjustment of C2. The good news for us is that in the FPSVM models, if 

the Total error is reduced by the adjustment, the AUC will be improved at the same time. So it is 

worth exploring further on how to achieve the best AUC and classification accuracy simultaneously 

based on the above facts in future research. 

4 CONCLUSIONS 

4.1 Contributions of this study 

In this paper, fuzzy set theory is introduced into PSVM and accordingly a novel dual-weighted FPSVM 

model is proposed with the assumption that each instance belongs to different classes with different 

memberships. In this model, fuzzy memberships replace the original label variables, and regularized 

parameters C1 and C2 are associated with different types of error terms. An important feature of the proposed 

FPSVM model is that it is proved to retain the merits of PSVM since both of them can be transformed to an 

unconstrained convex QP problem. Empirical results on two publicly available credit datasets show that the 

FPSVM model can improve the classification accuracy significantly compared with other models listed in 

this study. In addition, the relationships between computation and the selection of parameters as well as the 

generation of fuzzy memberships are discussed. The results of empirical experiment on second dataset also 

intuitively help us to verify that the FPSVM can degenerate into PSVM under certain conditions, indicating 

that the FPSVM model is an effective generalized form of PSVM.  

 

4.2 Limitations and future directions 

1) Generation of fuzzy memberships: In this study, three different methods are used to score each instance 

and then basic scores are transformed to fuzzy memberships by a certain mapping function. From the 

experimental results it can be noticed that the generation of fuzzy memberships plays an extremely 
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vital role in the FPSVM models. What’s more, of the three methods there is no one that has the absolute 

advantage over others. For these facts it is sure that many other classification methods or scoring 

approaches could be applied to generate fuzzy memberships appropriately. 

2) Selection of parameters: In many situations, parameters selection is as crucial as generating 

memberships. In FPSVM models three parameters are needed to be tuned. Thus it is a rather difficult 

and complex work to select the best combination of these parameters. For this reason, introducing 

genetic algorithm (GA) to select parameters might be effective and helpful since many studies have 

reported the successful applications of GA to such area.  

3) Model evaluation: As experimental results revealed, as long as suitable parameters and memberships 

are chosen, FPSVM can yield an excellent performance in term of Total error. However, there is no 

strong evidence that the FPSVM model can achieve better AUC than PSVM or C-SVM. So the next 

step will focus on how to improve the classification accuracy and AUC simultaneously. 

4) Computational complexity: In this study the sample size is actually doubled based on the previous 

assumption. Fortunately only a linear system of equations is needed to be solved in the FPSVM 

models. Since there are many algorithms with polynomial complexity available to solve a linear 

system, the increase of computational cost is acceptable. 

 

 

 

 

 

 

APPENDIX 

This part will provide with a general description of how to prove Q is positive semidefinite. From (24), it 

is shown that 

 

 𝑄 = (�̅�⨂𝑈 + 𝑈 + 𝑃) (A1) 

 

wheredenotes the element-by-element multiplication between two matrixes with the same structure. The 

task remaining is to prove each part of the right side of (A1) is positive semidefinite respectively.  

   First, it is easy to know that 

 
𝑈 = (

𝑝𝑝𝑇 𝑝𝑞𝑇

𝑞𝑝𝑇 𝑞𝑞𝑇
) = (

𝑝
𝑞) (𝑝

𝑇 , 𝑞𝑇) 
(A2) 
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 Letting 

 𝑢 = (
𝑝
𝑞) 

(A3) 

One can obtain 

 𝑈 = 𝑢𝑢𝑇 (A4) 

which means U is positive semidefinite. 

   Second, since P is a diagonal matrix, then it is obviously positive semidefinite. 

   Last, note that 

 
�̅�⨂𝑈 = (

𝐾 𝐾
𝐾 𝐾

)⨂(
𝑝𝑝𝑇 𝑝𝑞𝑇

𝑞𝑝𝑇 𝑞𝑞𝑇
) 

(A5) 

and 

 𝐾𝑖𝑗 =Φ(𝑥𝑖)Φ(𝑥𝑗) (A6) 

Letting 

 𝑧 = (Φ(𝑥1)𝑝1, … ,Φ(𝑥𝑙)𝑝𝑙 , Φ(𝑥1)𝑝𝑞1, … ,Φ(𝑥𝑙)𝑞𝑙)⏟                            
2𝑙

𝑇
 (A7) 

then it is obtained 

 �̅�⨂𝑈 = 𝑧𝑧𝑇 (A8) 

 

which indicates �̅�⨂𝑈 is positive semidefinite. ■ 
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Figures and Tables 

 

Table 1  

Experiment results on Australian credit dataset and the value of corresponding parameters 

Model  Kernel Membership Parameters Results 

    C1 C2 σ/d Type I Type II Total AUC std rank 

1 LR  - - - - 0.1987 0.0543 0.1265 0.9159 0.0014  

2 LOG  - - - - 0.1903 0.0714 0.1308 0.9161 0.0034  

3 BPNN  - - - - 0.1363 0.1501 0.1432 0.92 0.0084  

4 C-SVM RBF - 200 - 10 0.1980 0.0610 0.1295 0.9082 0.0024  

5 PSVM RBF - 10 - 10 0.1989 0.0539 0.1264 0.9230 0.0010  

6 FPSVM RBF LR 1000 1000 1 0.1988 0.0543 0.1266 0.8654 0.0017  



21 

 

7  RBF LR 1000 300 1 0.1967 0.0541 0.1254 0.9246 0.0027  

8  RBF LOG 1000 1000 1 0.1880 0.0648 0.1264 0.9066 0.0019  

9  RBF LOG 1000 300 1 0.1428 0.1011 0.1219 0.9185 0.0019  

10  RBF BPNN 50 50 10 0.2006 0.0539 0.1273 0.9242 0.0009  

11  RBF BPNN 50 15 10 0.1269 0.115 0.1209 0.9272 0.0034 3 

12 C-SVM Poly - 1 - 1 0.1849 0.1874 0.1861 0.868 0.0018  

13 PSVM Poly - 100 - 1 0.1985 0.0543 0.1264 0.9246 0.0044  

14 FPSVM Poly LR 10 10 4 0.1996 0.0542 0.1269 0.862 0.0012  

15  Poly LR 10 3 4 0.1961 0.0545 0.1253 0.9274 0.0011  

16  Poly LOG 500 500 4 0.1877 0.0681 0.1279 0.9099 0.0010  

17  Poly LOG 500 150 4 0.1400 0.1013 0.1207 0.9157 0.0013 2 

18  Poly BPNN 10 10 2 0.1356 0.0982 0.1169 0.9244 0.0033 1 

19  Poly BPNN 10 3 2 0.0667 0.2145 0.1406 0.912 0.0035  
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Table 2 

The p-value of two tail paired t-test of Total error of each model on Australian credit dataset  

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1                    

2 0                   

3 0 0                  

4 0 0.0978 0                 

5 0.7525 0 0 0                

6 0.8053 0 0 0 0.5829               

7 0.0571 0 0 0 0.0671 0.0485              

8 0.8181 0 0 0 1 0.6706 0.1079             

9 0 0 0 0 0 0 0 0            

10 0.0134 0 0 0.0001 0.001 0.0557 0.0010 0.0261 0           

11 0 0 0 0 0 0 0 0 0.1703 0          

12 0 0 0 0 0 0 0 0 0 0 0         

13 0.9064 0.0002 0 0.0020 1 0.818 0.2975 1 0 0.2814 0 0        

14 0.2444 0 0 0 0.0901 0.4361 0.0094 0.2328 0 0.1549 0 0 0.5529       

15 0.0009 0 0 0 0.0003 0.0015 0.8523 0.0103 0 0 0 0 0.1944 0      

16 0.0001 0.0001 0 0.0021 0 0.0011 0 0.0006 0 0.0209 0 0 0.0790 0.0015 0     

17 0 0 0 0 0 0 0 0 0.0079 0 0.7656 0 0 0 0 0    

18 0 0 0 0 0 0 0 0 0 0 0.0001 0 0 0 0 0 0   

19 0 0 0.1284 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0  
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Table 3 

Experiment results on England credit dataset and the value of corresponding parameters 

Model  Kernel Membership Parameters Results 

    C1 C2 σ/d Type I Type II Total AUC std rank 

1 LR  - - - - 0.2444 0.3144 0.2794 0.7941 0.0338  

2 LOG  - - - - 0.2344 0.3133 0.2739 0.7959 0.0426  

3 BPNN  - - - - 0.3244 0.3789 0.3517 0.6874 0.0414  

4 C-SVM RBF - 10 - 2 0.2522 0.2956 0.2739 0.8087 0.0424  

5 PSVM RBF - 10 - 2 0.2600 0.2700 0.2650 0.8152 0.0364  

6 FPSVM RBF LR 500 500 1 0.1189 0.3089 0.2139 0.8806 0.017  

7  RBF LR 500 750 1 0.2033 0.2233 0.2133 0.8777 0.0172 3 

8  RBF LOG 500 500 1 0.1467 0.2856 0.2161 0.8596 0.0357  

9  RBF LOG 500 1000 1 0.1967 0.1700 0.1833 0.873 0.0325 1 

10  RBF BPNN 10 10 2 0.2678 0.2611 0.2644 0.8193 0.041  

11  RBF BPNN 10 20 2 0.3278 0.2322 0.2800 0.8169 0.0217  

12 C-SVM Poly - 10 - 2 0.2567 0.3400 0.2983 0.7490 0.0390  

13 PSVM Poly - 10 - 2 0.2522 0.2844 0.2683 0.8150 0.0408  

14 FPSVM Poly LR 10 10 3 0.1322 0.3033 0.2178 0.8889 0.0157  

15  Poly LR 10 15 3 0.1933 0.2500 0.2217 0.8727 0.0273  

16  Poly LOG 10 10 3 0.1300 0.3489 0.2394 0.8563 0.0198  

17  Poly LOG 10 20 3 0.2100 0.2067 0.2083 0.8627 0.0226 2 

18  Poly BPNN 10 10 2 0.2267 0.3322 0.2794 0.7899 0.0426  

19  Poly BPNN 10 20 2 0.2822 0.2789 0.2806 0.7996 0.0361  
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Table 4 

The p-value of two tail paired t-test results of Total error of each model on England credit dataset  

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

1                    

2 0.5838                   

3 0 0                  

4 0.5828 1 0                 

5 0.1232 0.3915 0 0.3902                

6 0 0 0 0 0               

7 0 0 0 0 0 0.8928              

8 0 0 0 0 0 0.7627 0.7016             

9 0 0 0 0 0 0.0001 0.0001 0.0008            

10 0.1329 0.3861 0 0.3849 0.9526 0 0 0 0           

11 0.9354 0.4902 0 0.4886 0.0623 0 0 0 0 0.0757          

12 0.0543 0.0280 0 0.0276 0.0019 0 0 0 0 0.0027 0.0325         

13 0.2606 0.6070 0 0.6061 0.7433 0 0 0 0 0.7146 0.1761 0.0069        

14 0 0 0 0 0 0.3636 0.2986 0.8130 0 0 0 0 0       

15 0 0 0 0 0 0.1944 0.1646 0.5003 0 0.0001 0 0 0 0.5030      

16 0 0.0004 0 0.0004 0.0021 0 0 0.0040 0 0.0054 0 0 0.0016 0.0001 0.0075     

17 0 0 0 0 0 0.2870 0.3429 0.3203 0.0017 0 0 0 0 0.0687 0.0474 0    

18 1 0.6208 0 0.6200 0.1699 0 0 0 0 0.1752 0.9457 0.0835 0.3112 0 0 0.0001 0   

19 0.8952 0.5162 0 0.5151 0.1063 0 0 0 0 0.1151 0.9383 0.0784 0.2261 0 0 0 0 0.9071  
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Fig. 1.  Histogram of the results of Type I error, Type II error and Total error for all nineteen models on 

Australian credit dataset 

 

 

Fig. 2.  Histogram of the results AUC for all nineteen models on Australian credit dataset 

 

 

Fig. 3.  Histogram of the results of Type I error, Type II error and Total error for all nineteen models on 

England credit dataset 
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Fig. 4.  Histogram of the results AUC for all nineteen models on England credit dataset 
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