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Chapter 11  
An Enhanced Support Vector Machines Model 
for Classification and Rule Generation 

Ping-Feng Pai and Ming-Fu Hsu* 

Abstract. Based on statistical learning theory, support vector machines (SVM) 
model is an emerging machine learning technique solving classification problems 
with small sampling, non-linearity and high dimension. Data preprocessing, pa-
rameter selection, and rule generation influence performance of SVM models a lot. 
Thus, the main purpose of this chapter is to propose an enhanced support vector 
machines (ESVM) model which can integrate the abilities of data preprocessing, 
parameter selection and rule generation into a SVM model; and apply the ESVM 
model to solve real world problems. The structure of this chapter is organized as 
follows. Section 11.1 presents the purpose of classification and the basic concept of 
SVM models. Sections 11.2 and 11.3 introduce data preprocessing techniques, 
metaheuristics for selecting SVM models. Rule extraction of SVM models is ad-
dressed in Section 11.4. An enhanced SVM scheme and numerical results are illus-
trated in Section 11.5 and 11.6. Conclusions are made in Section 11.7. 

Keywords: Support vector machines, Data preprocessing, Rule extraction,  
Classification. 

11.1   Basic Concept of Classification and Support Vector  
Machines 

The data mining technique observes enormous records comprising information 
about the target and input variables. Imagine that investors would like to classify 
the financial status based on characteristics of the firm, such as return on asset 
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(ROA), quick ratio, and return on investment (ROI). This is a classification task 
and data mining techniques are suitable for this task. The goal of data mining is to 
build up a suitable model for a labeling process that approximates the original 
process as closely as possible. Thus, investors can adopt the well-developed model 
to learn the status of firm.  

Support vector machines (SVM) were proposed by Vapnik [42, 43] originally 
for typical binary classification problems. The SVM implements the structural risk 
minimization (SRM) principle rather than the empirical risk minimization (ERM) 
principle employed by most traditional neural network models. The most impor-
tant concept of SRM is the minimization of an upper bound to the generalization 
error instead of minimizing the training error. In addition, the SVM will be equiv-
alent to solving a linear constrained quadratic programming (QP) problem, so that 
the solution for SVM is always unique and globally optimal [6, 12, 14, 41, 42, 43]. 

Given a training set of instance-base pairs (xi,yi), i = 1,…,m, where n
i Rx ∈  and 

yi ∈ {±1}, SVM determines an optimal separating hyperplane with the maximum 
margin by solving the following optimization problem: 
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where w denotes the weight vector, and g denotes the bias term. 

The Lagrange function’s saddle point is the solution to the quadratic optimiza-
tion problem: 
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where αi  is Lagrange multipliers and αi ≥ 0. 
To identify an optimal saddle point is necessary because the Lh  must be  

minimized with respect to the primal variable w and gand maximized the non-
negative dual variable αi. By discriminating w and g, and proposing the Karush 
Kuhn-Tucker (KKT) condition for the optimum constrained function, Lh is  
transformed to the dual Lagrangian ( )αEL : 
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Dual Lagrangian LE(α) must be maximized with respect to non-negative αi to 
identify the optimal hyperplane. The parameters w* and g* of the optimal hyper-
plane were determined by the solution αi for the dual optimization problem. 
Therefore, the optimal hyperplane ( ) ( )** gxwsignxf +⋅=   can be illustrated as: 
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In a binary classification task, only a few subsets of the Lagrange multipliers αi 
usually tend to be greater than zero. These vectors are the closest to the optimal 
hyperplane. The respective training vectors having non-zero αi are called support 
vectors, as the optimal decision hyperplane f(x,α*,g*) depends on them exclu-
sively. Figure 11.1 illustrates the basic structure of SVM. 

Very few data sets in the real world are linearly separable. What makes SVM 
so remarkable is that the basic linear framework is easily extended to the case 
where the data set is not linearly separable. The fundamental concept behind this 
extension is to transform the input space where the data set is not linearly  
separable into a higher-dimensional space, where the data are linearly separable. 
Figure 11.2 illustrates the mapping concept of SVM. 

Margin 

Support vector 

Support vector 

Optimal hyperplane 

 

Fig. 11.1 The basic structure of the SVM [12] 

Input space Feature space 

Transforming function 

 

Fig. 11.2 Mapping a non-linear data set into a feature space [6] 

In terms of the introduced slack variables, the problem of discovering the  
hyperplane with minimizing the training errors is illustrated as follows: 
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where C is a penalty parameter on the training error, and ξi  is the non-negative 
slack variable. The constant C used to determine the trade-off between margin size 
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and error. Observe that C is positive and cannot be zero; that is, we cannot simply 
ignore the slack variables by setting C = 0. With a large value for C, the optimiza-
tion will try to discover a solution with a small number of non-zero slack variables 
because errors are costly [14]. Above all, it can be concluded that a large C  
implies a small margin, and a small C implies a large margin. 

The Lagrangian method can be used to solve the optimization model, which is 
almost equivalent to the method for dealing with the optimization problem in the 
separable case. One has to maximize the dual variables Lagrangian: 
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A dual Largrangian LE(α) has to be maximized with respect to non-negativeαi un-
der the constraints

1
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=∑   and Ci ≤≤ α0  to determine the optimal hyper-

plane. The penalty parameter C is an upper bound on αi, and determined by the 
user. 

The mapping function Φ is used to map the training samples from the input 
space into a higher-dimensional feature space. In Eq.11.6, the inner products are 
substituted by the kernel function (Φ(xi)⋅ Φ(yi)) = K(xi,xj), and the nonlinear SVM 
dual Lagrangian LE(α) shown in Eq.(11.7) is similar to that in the linear general-
ized case: 
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Hence, followed the steps illustrated in the linear generalized case, we derive the 
decision function of the following form: 
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The function K is defined as the kernel function for generating the inner products 
to construct machines with different types of nonlinear decision hyperplane in the 
input space. There are several kernel functions, depicted as follows. The  
determination of kernel function type depends on the problem’s complexity [12]. 

Radial Basis Function (RBF): ( ) { }22
2/exp, σii xxxxK −−=   

Polynomial kernel of degree d: ( ) ( )d
ii xxxxK ,, =  

Sigmoid kernel: ( ) ( )( )rxxKxxK ii += ,tanh,  
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11.2   Data Preprocessing 

Data sometimes are missing, noisy and inconsistent; and irrelevant or redundant 
attributes of data increase the computational complexity and decrease performance 
of data mining models. To be useful for data mining purposes, the original data 
need to be preprocessed in the form of cleaning, transformation, and reduction. 
The data without the preprocessing procedures would cause confusion for the data 
mining procedure and result in unreliable output.  

11.2.1   Data Cleaning 

The purpose of data cleaning is to fill in missing value, eliminate the noise (out-
liers), and correct the inconsistencies in the data. Let us look at the following ap-
proaches for missing value [9, 21, 35, 37]: 

 Ignore the missing value.  
 Fill in the missing value manually.  
 Apply a global constant to replace the missing value.  
 Apply the mean attribute to replace the missing value. 
 Apply the most probable value to fill in the missing value. 

Noise data (e.g., outlier) is a random error or variance in the measured data. Even 
a small number of extreme values can lead to different results and impair the con-
clusion. There are some smoothing methods (e.g., binning, regression and cluster-
ing) to offset the effect caused by a small number of extreme values [3, 28, 37, 
44]. Human error in data entry, deliberate errors and data decay are some of the 
reasons for inconsistent data. Missing values, noise, and inconsistent data lead to 
inaccurate results. Data cleaning is the first step to analyzing the original data 
which would lead to reliable mining result. Figure 11.3 illustrates the original data 
processed by the procedure of data cleaning [9, 36]. 

Original data Clean data 

 

Fig. 11.3 Data cleaning [12] 

11.2.2   Data Transformation 

Data transformation is used to transform or consolidate data into forms suitable for 
the data mining process. Data transformation consists of the following processes 
[15, 17, 36, 38, 39]:  

 Smoothing is employed to remove the noise from the data is illustrated in Fig. 11.4. 
 Aggregation aggregates the data to construct the data cube for analysis. 
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 Generalization replaces the lower-level data with higher-level data. 
 Normalization scales the attribute data to fall within a small specified range. 

Volumes 

Figures  
Outliers  

 

Fig. 11.4 The process of smoothing 

11.2.3   Data Reduction 

The purpose of the data reduction is to create a reduced representation of the data-
set which is much smaller in volume yet closely sustains the integrity of the raw 
data. Dealing with the reduced data set enhances efficiency while producing the 
same analytical results. Data reduction consists of the following process [1, 2, 4, 5, 
7, 18, 19, 24, 40, 45]:  

 The aggregation of the data cube is employed to construct a data cube which 
is illustrated in Fig. 11.5. 

 Attribute selection is used to remove the irrelevant, redundant or weak at-
tributes, as shown in Fig. 11.6. 

 Dimension reduction is used to reduce or compress the representation of the 
raw dataset. Raw data which can be reconstructed from the compressed data 
without losing any information is called lossless. In contrast, the approxima-
tion of the reconstructed raw data is called lossy. 
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Fig. 11.5 Aggregation of the data cube [12] 
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Fig. 11.6 Attribute selection [12] 
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11.3   Parameter Determination of Support Vector Machines by 
Meta-heuristics 

Appropriate parameter setting can improve the performance of SVM models. Two 
parameters (C and σ) have to be determined in the SVM model with RBF kernel. 
The parameter C is the cost of penalty which influences the classification per-
formance. If C is too large, the classification accuracy is very high in training data 
set, but very low in testing data set. If C is too small, the classification accuracy is 
inferior. The parameter σ has more influence than parameter C on classification 
outcome, because the value affects the partitioning outcome in the feature space. 
A large value for parameter σ leads to over-fitting, while a small value results in 
under-fitting [22]. The Grid search [24] is the most common approach to deter-
mine parameters of SVM models. Nevertheless, this approach is a local search 
technique, and tends to reach the local optima [20]. Furthermore, setting appropri-
ate search intervals is an essential problem. A large search interval increases the 
computational complexity, while a small search interval would cause an inferior 
outcome. Some metaheuristics were proposed to select satisfactory parameters of 
SVM models [29, 30, 31, 32, 33, 34, 35]. The basic concept is to transfer the fit-
ness functions of meta-heuristics into the forms of classification performance cri-
teria (classification accuracy or error) of the SVM models. The fitness function of 
proposed metahuristics is used to measure the classification accuracy of the SVM 
model. Making the classification performance criteria acceptable for the metaheu-
ristic algorithms is the most critical part of this procedure.  

11.3.1   Genetic Algorithm 

Holland [13] proposed the genetic algorithm (GA) to understand the adaptive 
processes of natural systems. Subsequently, they were employed for optimization 
and machine learning in the 1980’s. Originally, GA was associated with the use of 
binary representation, but currently we can find it used with other types of repre-
sentations and applied in many research domains. The basic principle is the prin-
ciple of survival of the fittest. It tries to keep genetic information from generation 
to generation. The major merits of GA are their ability to find optimal or near op-
timal solutions with relatively modest computational requirements. The concept is 
briefly illustrated as follows and illustrated in Fig. 11.7. :  

 Initialization: The initial population of chromosomes is established randomly. 
 Evaluating fitness: Evaluate the fitness of each chromosome. The classifica-

tion accuracy is used as the fitness function. 
 Selection: Select a mating pair for reproduction.  
 Crossover and mutation: Create new offspring by performing crossover and 

mutation operations.  
 Next generation: Create a population for the next generation.  
 Stop condition: If the number of generations equals a threshold, then the best 

chromosomes are presented as a solution; otherwise go back to step (b)  
[29, 31]. 
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Fig. 11.7 The architecture of GA to determine parameters of SVM 

11.3.2   Immune Algorithm 

The immune algorithm (IA) [10] was based on the natural immune systems which 
efficiently distinguish all cells within the body and classify those cells as self or 
non-self cells. Non-self cells trigger a defense procedure which defends against 
foreign invaders. The antibodies are expressed by two SVM parameters. The clas-
sification error of SVM is contained in the denominator part of the affinity for-
mula. Therefore, the reason for maximizing the affinity of IA is to minimize clas-
sification errors of the SVM model. IA search algorithm applied to determine the 
parameters of SVM is described as follows and illustrates in Fig. 11.8. : 

 Initialization: Both the initialized antibody population and the population of 
the initial antibody were created randomly. 

 Evaluation fitness: The classification error (CE) was treated as the fitness of IA.  
 Affinity and similarity: When affinity values are high, the affinity and the 

similarity antibodies having higher activation levels of antigens are identi-
fied. To maintain the diversity of the antibodies stored in the memory cells, 
antibodies with a higher affinity value and a lower similarity value have a 
good likelihood of entering the memory cells. Eq. (11.9) is used to depict 
the affinity between the antibody and antigen:  

CEAntigen += 1/1                                                      (11.9) 

A smaller CE indicates a higher affinity value. Eq. (11.10) is applied to  
     illustrate the similarity between antibodies: 

ijGAntibodies += 1/1                                           (11.10) 

where Gij is the difference between the two classification errors  
     calculated by the antibodies inside and outside the memory cells.  
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 Selection: Select the antibodies in the memory cells. Antibodies with higher 
values of Antigen are treated as candidates to enter the memory cell. How-
ever, the antibody candidates with Antibodiesij values exceeding the thresh-
old are not qualified to enter the memory cell. 

 Crossover and mutation: The antibody population is undergoing crossover 
and mutation. Crossover and mutation are used to generate new antibodies. 
When conducting the crossover operation, strings representing antibodies 
are paired randomly. Segments of paired strings between two predetermined 
break-points are swapped. 

 Perform tabu search [11] on each antibody: Evaluate neighbor antibodies 
and adjust the tabu list. The antibody with the better classification error and 
not recorded on the tabu list is placed on the tabu list. If the best neighbor 
antibody is the same as one of the antibodies on the tabu list, then the next 
set of neighbor antibodies is generated and the classification error of the an-
tibody calculated. The next set of neighbor antibodies is generated from the 
best neighbor antibodies in the current iteration. 

 Current antibody selection by tabu search: If the best neighbor antibody is 
better than the current antibody, then the current antibody is replaced by the 
best neighbor antibody. Otherwise, the current antibody is retained. 

 Next generation: From a population for the next generation. 
 Stop criterion: If the number of epochs is equal to a given scale, then the 

best antibodies are presented as a solution; otherwise go to Step (b) [32, 33]. 

Parameters determination by  
IA/TS algorithms 

Prediction by tentative  
SVM models 

IA/TS stop condition? 
Classification accuracy calcu-
lation 

Finalized SVM models 

No 

Yes 

 

Fig. 11.8 The architecture of IA/TS to determine parameters of SVM 

11.3.3   Particle Swarm Optimization 

The particle swarm optimization (PSO) algorithm [16] is another population-based 
meta-heuristic inspired by swarm intelligence. It simulates the behavior of birds 
flocking to a promising position with sufficient food. A particle is considered as a 
point in a G-dimensional space and its status is characterized according to its posi-
tion yig and velocity sig. The G-dimensional position for the particle i at iteration t 
is expressed as yi

t = {yi1
t,…, yiG

t}. 

The velocity, which is also a G-dimensional vector, for particle i at iteration t is 
illustrated as si

t = {si1
t,…, siG

t}. Let bi
t = {bi1

t,…, biG
t} be the best solution that par-

ticle i has obtained until iteration t, and bm
t = {bm1

t,…, bmG
t}  represents the best 
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solution from bi
t in the population at iteration t. To search for an optimal solution, 

each particle changes its velocity according to cognition and sociality. Each parti-
cle then moves to a new potential solution. The use of PSO algorithm to select 
SVM parameters is described as follows. First, initialize a random population of 
particles and velocities. Second, define the fitness of each particle. The fitness 
function of PSO is represented as the classification accuracy of SVM models. 
Each particle’s velocity is expressed by Eq. (11.11). For each particle, the  
procedure then moves to the next position according to Eq. (11.12).  
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where c1 is the cognitive learning factor, c2 is the social learning factor, and j1 and 
j2 are the random numbers uniformly distributed in U(0,1).  
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Finally, if the termination criterion is reached, the algorithm stops; otherwise re-
turn to the step of fitness measurement [34]. The architecture of PSO is illustrated 
in Fig. 11.9. 

Give a population of practices with random position and velocity 

Prediction by tentative SVM models 

Determinate the parameters of SVM model 

Evaluate classification accuracy of SVM models 

Is stop condition satisfied? 

Finalized SVM models 

Yes  

No  

 

Fig. 11.9 The architecture of PSO to determine parameters of SVM 

11.4   Rule Extraction Form Support Vector Machines 

Support vector machines are state-of-the art data mining techniques which have 
proven their performance in many research domains. Unfortunately, while the 
models may provide a high accuracy compared to other data mining techniques, 
their comprehensibility is limited. In some areas, such as credit scoring, the lack of 
comprehensibility of a model is a main drawback causing reluctance of users to 
use the model [8]. Furthermore, when credit has been denied to a customer, the 
Equal Credit Opportunity Act of the US requires that the financial institution  
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provide specific reasons why the application was rejected; and indefinite and 
vague reasons for denial are illegal [23]. Comprehensibility can be added to SVM 
by extracting symbolic rules from the trained model. Rule extraction techniques 
would be used to open up the black box of SVM and generate comprehensible de-
cision rules with approximately the same detective power as the model itself. 
There are two ways to open up the black box of SVM, as shown in Fig. 11.10. 

The SVM model with the best 
cross validation result

Experimental rule extraction 
techniques by rule-based 
classifier 

Rule sets 

SVM 

De-compositional 
rule extraction techniques 

Rule sets 

A B 

 

Fig. 11.10 Experimental (A) and de-compositional (B) rule extraction techniques [23] 

The SVM with the best cross validation (CV) result is then fed into rule-based 
classifier (i.e., decision tree, rough set and so on) to derive the comprehensive de-
cision rules for humans to understand (experimental rule extraction technique). 
The concept behind this procedure is the assumption that the trained model can 
more appropriately represent the data than can the original dataset. This is to say 
that the data of the best CV result is cleaner and free of curial conflicts. The CV is 
a re-sampling technique which adopts multiple random training and test subsam-
ples to overcome the overfitting problem. Overfitting would lead to SVM losing 
its applicability, as shown in Fig. 11.11. The CV analysis would yield useful in-
sights on the reliability of the SVM model with respect to sampling variation. 

High  

Training error 

Testing error 

Optimal point 

Over-fitting point 
Model complexity 

Error 

High  

 

Fig. 11.11 Classification errors vs. model complexity of SVM models [12] 

Decompositional rule extraction was proposed by Nunez et al. [25, 26] and pro-
poses rule-defining regions based on the prototype and support vectors [23]. The 
representative of the obtained clusters is prototype vectors. The clustering task is 
overcome by vector quantization. There are two kinds of rules which can be  
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proposed: equation rules and interval rules, respectively corresponding to an ellip-
soid and interval region, which can be built in the following manner [18]. Apply-
ing the prototype vector as center, an ellipsoid is constructed where the axes are 
determined by the support vector within the partition lying the furthest from the 
center. The long axes of the ellipsoid are defined by the straight line connecting 
these two vectors. The interval regions are defined from ellipsoids parallel to the 
coordinate axes [23]. Figure 11.12 is used to illustrate the basic structure of SVM 
+ Prototype approach.  

If A1*age2+A2*income2+… 
then customer = good 

Income 

Age 

SVM + Prototype 

Equation rule Interval rule 
If age  [B1,B2] and income  [B3,B4] 
then customer = good 

 

Fig. 11.12 SVM + Prototype model [25, 26] 

11.5   The Proposed Enhanced SVM Model 

In this section, the scheme of a proposed ESVM model is illustrated. Figure 11.13 
shows the flowchart of the ESVM model, including functions of data preprocess-
ing, parameter determination and rule generation. First, the raw data is processed 
by data-preprocessing techniques containing data cleaning, data transformation, 
feature selection, and dimension reduction. Second, the preprocessed data are di-
vided into two sets: training and testing data sets. The training data set is used to 
select a data set used for rule generation. To prevent overfitting, a cross-validation 
(CV) procedure is performed at this stage. The testing data set is employed to ex-
amine the classification performance of a well-trained SVM model. Sequentially, 
metaheuristics are used to determine the SVM parameters. The training errors of 
SVM models are formulated as forms of fitness function of metaheuristics. Thus, 
each succeeding iteration produces a smaller classification error. The parameter 
search procedure is performed until the stop criterion of the metaheuristic is 
reached. The two parameters resulting in the smallest training error are then em-
ployed to undertake testing procedures and therefore testing accuracy is obtained. 
Finally, the CV training data set with the smallest testing error is utilized to derive 
decision rules by rule extraction mechanisms. Accordingly, the proposed ESVM 
model can provide decision rules as well as classification accuracy for decision 
makers. 
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Fig. 11.13 The flowchart of the ESVM model 

11.6   A Numerical Example and Empirical Results 

A numerical example borrowed from Pai et al. [34] was used here to illustrate the 
classification and rule generation of SVM models. The original data used in this 
example contain 75 listed firms in Taiwan’s stock market. These firms were di-
vided into 25 fraudulent financial statement (FFS) firms and 50 non-fraudulent  
financial statement (non-FFS) firms. Published indication or proof of involvement 
in issuing FFS was found for the 25 FFS firms. The classification of a financial  
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statement as fraudulent is based on the Security of Futures Investor Protection 
Center in Taiwan (SFI) and the Financial Supervisory Commission of Taiwan 
(FSC) during the 1999-2005 reporting period. All the condition variables were 
used in the sample were generated from formal financial statements, such as bal-
ance sheets and income statements. The 18 features consist of 16 financial vari-
ables and two corporate governance variables were adopt in this study. The  
features selected by sequential forward selection (SFS) were illustrated in  
Table. 11.1. In addition, the grid search (GS) approach, genetic algorithms (GA), 
simulated annealing algorithms (SA) and particle swam optimization (PSO) were 
used to deal with the same data in selecting SVM parameters. The classification 
performances of four approaches in determining SVM parameters were summa-
rized in Table 11.2. It can be concluded that the PSO algorithm was superior to the 
other three approaches in terms of average testing accuracy in this study. To dem-
onstrate the generalization ability of SVM, three other classifiers, C4.5 decision 
tree (C4.5), multi-layer perception (MLP) neural networks, and RBF networks 
were examined. Table 11.3 indicates that the SVM model outperformed the other 
three classifiers in terms of testing accuracy. Moreover, the CART approach was 
used to derive “if-then” rules from the CV training data set with the best testing 
result. Thus, this procedure can help auditors to allocate limited audit resources. 
The decision rules derived from CART are listed in Table 11.4. It can be observed 
that the feature of “Pledged Share of Directors”is the first split point. This implies 
that shares pledged by directors are essential in detecting FFS by top management. 
Clearly, auditors have to concentrate on this critical signal in audit procedures. 

 

Table 11.1 The selected features by feature selection [34] 

Method Features 
SFS A1: Net income to Fixed asset; A2: Net profit to 

Total asset; A3: Earnings before Interest and Tax; 
A4: Inventory to Sales; A5: Total debt to Total 
Asset; A6: Pledged shares of Directors 

 

 

Table 11.2 Classification performance of four methods in determining SVM parameters 
[34] 

Methods  Cross-validation Accuracy (%) 
CV-1 CV-2 CV-3 CV-4 CV-5 

Grid 86.67 80 73.33 80 80 80 
GA 80 86.67 80 86.67 86.67 84 
SA 80 86.67 86.67 93.33 96.67 86.67 

PSO 93.33 80 93.33 93.33 93.33 92 
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Table 11.3 Testing accuracy of six classifiers [34] 

Classifier  Cross-validation Accuracy (%) 
CV-1 CV-2 CV-3 CV-4 CV-5 

C4.5 73.33 80 86.67 93.33 86.67 84 
MLP 73.33 86.67 80 86.67 86.67 82.67 

RBFNN 86.67 80 80 86.67 80 82.67 
SVM 93.33 86.67 93.33 93.33 93.33 92 

 

Table 11.4 Decision rules derived from CART [34] 

(1) If “pledged shares of directors”  44.405 , then “FFS” 
(2) If “pledged shares of directors”  44.405 and “net profit to total assets” -

0.3229 , then “FFS”  
(3) If “pledged shares of directors” 44.405 , “net profit to total assets” -0.3229 

and “net income to fixed assets” 0.0497 , then “non-FFS” 
(4) If “pledged shares of directors” 44.405 , “net profit to total assets” -

0.3229, “net income to fixed assets” 0.0497 and  “earnings before interest 
and tax” -42220, then “non-FFS” 

(5) If “pledged shares of directors” 44.405, “net profit to total assets” -0.3229, 
“net income to fixed assets” 0.0497, “earnings before interest and tax” -
42220, and “total debt to total assets ” 1.48 then, “FFS” 

(6) If “pledged shares of directors” 44.405, “net profit to total assets” -0.3229, 
“net income to fixed assets” 0.0497, “earnings before interest and tax” -
42220, and “total debt to total assets” 1.48 then, “non-FFS” 

 

11.7   Conclusion 

In this chapter, the three essential issues influencing the performance of SVM 
models were pointed out. The three issues are: data preprocessing, parameter de-
termination and rule extraction. Some investigations have been conducted into 
each issue respectively. However, this chapter is the first study proposing an en-
hanced SVM model which deals with three issues at the same time. Thanks to data 
preprocessing procedure, the computation cost decreases and the classification ac-
curacy increases. Furthermore, the ESVM model provides rules for decision mak-
ers. Rather than the expression of complicated mathematical functions, it is easy 
for decision makers to realize the relation and strength between condition attrib-
utes and outcome intuitively form a set of rules. These rules can be reasoned in 
both forward and backward ways. For the example in Section 11.6, the forward 
reasoning can provide a good direction for managers to improve the current finan-
cial status; and the backward reasoning can protect the wealth of investors and 
sustain the stability of financial market. 
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