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

Ping-Feng Pai
Department of Information Management, National Chi Nan University, Taiwan, ROC
e-mail: paipf@ncnu.edu. tw.

Ming-Fu Hsu
Department of International Business Studies, National Chi Nan University, Taiwan, ROC
e-mail: s97212903@ncnu.edu. tw

S. Koziel & X.-S. Yang (Eds.): Comput. Optimization, Methods and Algorithms, SCI 356, pp. 241
springerlink.com © Springer-Verlag Berlin Heidelberg 2011



242 P.-F. Pai and M.-F. Hsu

(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 (x;,y;), i = 1,...,m, where x, € R" and

yi € {1}, SVM determines an optimal separating hyperplane with the maximum
margin by solving the following optimization problem:

min lwTW
nin_ 1.1

st. y(w-x, +g)-120
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:

3

WT'W_ (aiyi(w'xi+g)_l)

i

L(w g.a)= (11.2)

N | =

where ¢; is Lagrange multipliers and ¢; = 0.

To identify an optimal saddle point is necessary because the L, must be
minimized with respect to the primal variable w and gand maximized the non-
negative dual variable ¢;. By discriminating w and g, and proposing the Karush
Kuhn-Tucker (KKT) condition for the optimum constrained function, L, is
transformed to the dual Lagrangian [, (¢):

m 1 ui
max LE(Ot)Zg,OQ_Eléaiajyiy.i<x“x-f> (11.3)

st. o;20,i=1,...,m and Zaiyi =0
i=1
Dual Lagrangian Lg(¢) must be maximized with respect to non-negative ¢; to
identify the optimal hyperplane. The parameters w and g* of the optimal hyper-
plane were determined by the solution ¢; for the dual optimization problem.
Therefore, the optimal hyperplane f(x)= sign(<w* . x> n g*) can be illustrated as:
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In a binary classification task, only a few subsets of the Lagrange multipliers ¢;
usually tend to be greater than zero. These vectors are the closest to the optimal
hyperplane. The respective training vectors having non-zero ¢; are called support
vectors, as the optimal decision hyperplane f(x,&,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.
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Fig. 11.1 The basic structure of the SVM [12]
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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:

.1 5 &
min —w -w+C .
min 1 S¢

s.t. yi(<W-x,->+g)+§—120 (11.5)
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where C is a penalty parameter on the training error, and & 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:

max L( Za ——Zaay,yj<x x>

ljl (116)
st. 0<e,<C,i=1,...,mand Z(X,.yi=

i=1

A dual Largrangian Lg(¢) has to be maximized with respect to non-negative¢; un-
der the constraints Z"’ oy, =0 and0<gq, <C to determine the optimal hyper-
i=1 iJi i

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

The mapping function @ 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 (®(x;)- ®(y;)) = K(x;,x;), and the nonlinear SVM
dual Lagrangian Lg() shown in Eq.(11.7) is similar to that in the linear general-
ized case:

Za ——Za,a %y, ( )

1/1 (117)

st. 0<e, <C,i=1,...,mand zaiyi =

i=1

Hence, followed the steps illustrated in the linear generalized case, we derive the
decision function of the following form:

m

zyiai*<(D(x)vq)(xi)>+g*)=Sign[iyioﬁ<K(x,xi)>+g*] (118)

i=1 i=1

f(x)=sign[

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): K(x,x,)= exp{— 2}
Polynomial kernel of degree d: K (x, X, )=(x, X, )”’

Sigmoid kernel: K(x, x,) = tanh(K (x, x,)+r)
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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].

0L o O o N | 7

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.

4 Outliers —mes

Figures

Volumes

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.

Year 2008 Year 2009
A ti
Quarter | Sales Quarter | Sales geregation
Ql 300 Q1 440 Years Sales
Q2 400 Q2 410 2008 1700
Q3 1450 Q3 ]550 2009 | 2000
Q4 550 Q4 600
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 o) 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 ¢ 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 o 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:

Antigen =1/1+CE (11.9)

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

Antibodies =1/1+ G (11.10)

where G;; 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 Antibodies; 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].

P
Parameters determination by | Prediction by tentative
g\ IA/TS algorithms ] SVM models

v

Classification accuracy calcu-
lation

(.

Vs

§
[ Finalized SVM models ]

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 y;, and velocity s;,. The G-dimensional position for the particle i at iteration ¢
is expressed as y; = {yii',..., Vic'}.

The velocity, which is also a G-dimensional vector, for particle i at iteration ¢ is
illustrated as s; = {s;,..., si¢'}. Let b/ = {b;/',..., big'} be the best solution that par-
ticle i has obtained until iteration ¢, and b, = {b,',..., b,g'} represents the best
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solution from b;" in the population at iteration z. 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).

S, =St e (B, =, )+ e, in(B, - yi, b g =1.....G (11.11)

where ¢, is the cognitive learning factor, ¢, is the social learning factor, and j,; and
J» are the random numbers uniformly distributed in U(0,1).

Y, =Y, +S,e=1...G (11.12)

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

v

Determinate the parameters of SVM model

v

Prediction by tentative SVM models
No v

A\ 4

Evaluate classification accuracy of SVM models

stop condition satisfied?

Yes
Finalized SVM models

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.

B
SVM
The SVM model with the best e BT
[ cross validation resnlt J _<>__j:=: = =T
—~— —<>— o

Experimental rule extraction De-compositional

techn‘lques by rule-based rule extraction techniques

classifier
[ Rule sets ][ Rule sets ]

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

pig Optimal point

L L » High Over-fitting point
Model complexity A

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.

Age
[ SVM + Prototype ]
S N R
Equation rule Interval rule

If Al*age2+A2*income2+... If age € [B1,B2] and income € [B3,B4]

then customer = good 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 Al: Net income to Fixed asset; A2: Net profit to
Total asset; A3: Earnings before Interest and Tax;
A4: Inventory to Sales; AS5: 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” 2 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” 2.
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,
2 2 -

“net income to fixed assets” < 0.0497, “earnings before interest and tax
42220, and “total debt to total assets 21.48 then, “FFS”

(6) If “pledged shares of directors” <44.405, “net profit to total assets” 2 -0.3229,
“net income to fixed assets” < 0.0497, “earnings before interest and tax” 2.

42220, and “total debt to total assets” <148 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.



256 P.-F. Pai and M.-F. Hsu

Acknowledgments. The authors would like to thank the National Science Council
of the Republic of China, Taiwan for financially supporting this research under
Contract No. 96-2628-E-260-001-MY3 & 99-2221-E-260-006.

References

1. Agarwal, S., Agrawal, R., Deshpande, P.M., Gupta, A., Naughton, J.F., Ramakrishnan,
R., Sarawagi, S.: On the computation of multidimensional aggregates. In: Proc. Int.
Conf. Very Large Data Bases, pp. 506-521 (1996)

2. Barbar’a, D., DuMouchel, W., Faloutos, C., Haas, P.J., Hellerstein, J.H., Ioannidis, Y.,
Jagadish, H.V., Johnson, T., Ng, R., Poosala, V., Ross, K.A., Servcik, K.C.: The New
Jersey data reduction report. Bull. Technical Committee on Data Engineering 20, 345
(1997)

3. Ballou, D.P., Tayi, G.K.: Enhancing data quality in data warehouse environments.
Comm. ACM 78, 42-73 (1999)

4. Breiman, L., Friedman, J., Olshen, R., Stone, C.: Classifcation and Regression Trees,
Wadsworth International Group (1984)

5. Chakrabart, S., Cox, E., Frank, E., Guiting, R.H., Han, J., Jiang, X., Kamber, M.,
Lightstone, S.S., Nadeau, T.P., Neapolitan, R.E., Pyle, D., Refaat, M., Schneider, M.,
Teorey, T.J.I., Witten, H.: Data Mining: Know It All. Morgan Kaufmann, San Fran-
cisco (2008)

6. Taylor, J.S., Cristianini, N.: Support Vector Machines and other kernel-based learning
methods. Cambridge University Press, Cambridge (2000)

7. Dash, M., Liu, H.: Feature selection methods for classification. Intell. Data Anal. (1),
131-156 (1997)

8. Dwyer, D.W., Kocagil, A.E., Stein, R.M.: Moody’s kmyv riskcalc v3.1 model (2004)

9. English, L.: Improving Data Warehouse and Business Information Quality: Methods
for Reducing Costs and Increasing. John Wiley & Sons, Chichester (1999)

10. Farmer, J.D., Packard, N.H., Perelson, A.: The immune system, adaptation, and ma-
chine learning. Physica. D 22(1-3), 187-204 (1986)

11. Glover, F., Kelly, J.P., Laguna, M.: Genetic algorithms and tabu search: hybrids for
optimization. Comput. Oper. Res. 22, 111-134 (1995)

12. Hamel, L.H.: Knowledge Discovery with Support Vector Machines. Wiley, Chichester
(2009)

13. Holland, J.H.: Adaptation in Natural and Artificial Systems. University of Michigan
Press, Ann Arbor (1975)

14. Huang, C.L., Chen, M.C., Wang, C.J.: Credit scoring with a data mining approach
based on support vector machines. Expert Systems with Applications 33(4), 847-856
(2007)

15. Kennedy, R.L., Lee, Y., Van Roy, B., Reed, C.D., Lippman, R.P.: Solving Data Min-
ing Problems Through Pattern Recognition. Prentice-Hall, Englewood Cliffs (1998)

16. Kennedy, J., Eberhart, R.: Particle swarm optimization, In Proceedings of IEEE con-
ference on neural network, vol. 4, pp. 1942-1948 (1995)

17. Kohavi, R., John, G.H.: Wrappers for feature subset selection. Artif. Intell. 97,
273-324 (1997)

18. Langley, P., Simon, H.A., Bradshaw, G.L., Zytkow, J.M.: Scientific Discovery: Com-
putational Explorations of the Creative Processes. MIT Press, Cambridge (1987)



An Enhanced Support Vector Machines Model 257

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.
36.

37.
38.

39.

40.

Liu, H., Motoda, H.: Feature Extraction, Construction, and Selection: A Data Mining
Perspective. Kluwer Academic Publishers, Dordrecht (1998)

Lin, S.W., Shiue, Y.R., Chen, S.C., Cheng, H.M.: Applying enhanced data mining ap-
proaches in predicting bank performance: A case of Taiwanese commercial banks.
Expert Syst. Appl. (36), 11543-11551 (2009)

Loshin, D.: Enterprise Knowledge Management: The Data Quality Approach. Morgan
Kaufmann, San Francisco (2001)

Lopez, F.G., Torres, G.M., Batista, B.M.: Solving feature subset selection problem by
parallel scatter search. Eur. J. Oper. Res. (169), 477-489 (2006)

Martens, D., Baesens, B., Gestel, T.V., Vanthienen, J.: Comprehensible credit scoring
models using rule extraction from support vector machines. Eur. J. Oper. Res. 183(3),
1466-1476 (2007)

Martin, D.: Early warning of bank failure a logit regression approach. J. Bank.
Financ. (1), 249-276 (1977)

Nunez, H., Angulo, C., Catala, A.: Rule extraction from support vector machines. In:
European Symposium on Artificial Neural Networks Proceedings, pp. 107-112 (2002)
Nunez, H., Angulo, C., Catala, A.: Rule based learning systems from SVM and
RBFNN. Tendencias de la mineria de datos en espana, Red Espaola de Minera de Da-
tos (2004)

Neter, J., Kutner, M.H., Nachtsheim, C.J., Wasserman, L.: Applied Linear Statistical
Models. Irwin (1996)

Olson, J.E.: Data Quality: The Accuracy Dimension. Morgan Kaufmann, San
Francisco (2003)

Pai, P.F., Hong, W.C.: Forecasting regional electricity load based on recurrent support
vector machines with genetic algorithms. Electr. Pow. Syst. Res. 74(3), 417-425
(2005)

Pai, P.F., Lin, C.S.: A hybrid ARIMA and support vector machines model in stock
price forecasting. Omega 33(6), 497-505 (2005)

Pai, P.F.: System reliability forecasting by support vector machines with genetic algo-
rithms. Math. Comput. Model. 433(3-4), 262-274 (2006)

Pai, P.F., Chen, S.Y., Huang, C.W., Chang, Y.H.: Analyzing foreign exchange rates by
rough set theory and directed acyclic graph support vector machines. Expert Syst.
Appl. 37(8), 5993-5998 (2010)

Pai, P.F., Chang, Y.H., Hsu, M.F,, Fu, J.C., Chen, H.H.: A hybrid kernel principal
component analysis and support vector machines model for analyzing sonographic pa-
rotid gland in Sjogren’s Syndrome. International Journal of Mathematical Modelling
and Numerical Optimisation (2010) (in press)

Pai, P.F., Hsu, M.F., Wang, M.C.: A support vector machine-based model for detect-
ing top management fraud. Knowl.-Based Syst. 24(2), 314-321 (2011)

Pyle, D.: Data Preparation for Data Mining. Morgan Kaufmann, San Francisco (1999)
Quinlan, J.R.: Unknown attribute values in induction. In: Proc. 1989 Int. Conf. Ma-
chine Learning (ICML 1989), Ithaca, NY, pp. 164-168 (1989)

Redman, T.: Data Quality: Management and Technology. Bantam Books (1992)

Ross, K., Srivastava, D.: Fast computation of sparse datacubes. In: Proc Int. Conf.
Very Large Data Bases, pp. 116-125 (1997)

Sarawagi, S., Stonebraker, M.: Efficient organization of large multidimensional arrays.
In: Proc. Int. Conf. Data Engineering, ICDE 1994 (1994)

Siedlecki, W., Sklansky, J.: On automatic feature selection. Int. J. Pattern Recognition
and Artificial Intelligence (2), 197-220 (1988)



258 P.-F. Pai and M.-F. Hsu

41. Scholkopf, B., Smola, A.J.: Learning with Kernels: Support Vector Machines,
Regularization, Optimization, and Beyond. MIT Press, Cambridge (2001)

42. Vapnik, V.: Statistical learning theory. John Wiley and Sons, New York (1998)

43. Vapnik, V., Golowich, S., Smola, A.: Support vector machine for function approxima-
tion, regression estimation, and signal processing. Advances in Neural Information
processing System (9), 281-287 (1996)

44. Wang, R., Storey, V., Firth, C.: A framework for analysis of data quality research.
IEEE Trans. Knowledge and Data Engineering (7), 623—-640 (1995)

45. Zhao, Y., Deshpande, P.M., Naughton, J.F.: An array-based algorithm for simultane-
ous multi-dimensional aggregates. In: Proc. 1997 ACM-SIGMOD Int. Conf. Manage-
ment of Data, pp. 159-170 (1997)



	An Enhanced Support Vector Machines Model for Classification and Rule Generation
	Basic Concept of Classification and Support Vector Machines
	Data Preprocessing
	Data Cleaning
	Data Transformation
	Data Reduction

	Parameter Determination of Support Vector Machines by Meta-heuristics
	Genetic Algorithm
	Immune Algorithm
	Particle Swarm Optimization

	Rule Extraction Form Support Vector Machines
	The Proposed Enhanced SVM Model
	A Numerical Example and Empirical Results
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




