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I. Introduction

It has become increasingly important to effec-
tively keep, manage, and make full use of data
in large databases since database was introduced
to manipulate data. Data mining is the process
of exploration and analysis, by automatic or
semi-automatic means, of large quantities of data
in order to discover meaningful patterns and
rules [Berry and Linoff, 1997]. That is why we
adopt data mining to search useful information
in large databases where there is irrelevant or re-
dundant information as well as important in-
formation that is related to the research objec-
tives. Machine learning algorithms have been
generally used in data mining such as neural net-
works, support vector machines since they sho-
wed distinguished performance in a lot of data
mining tasks, whichever are designed for pre-
diction or classification. For better performance
and higher quality of machine learning algori-
thms, we can use various approaches such as re-
ducing the number of predictors and controlling
or eliminating noise in the data-processing stage.
Among these approaches, feature selection is one
of the most important issues in many data min-
ing tasks; appropriate feature selection can en-
able a less computationally intensive model and
the best possible performance, and improve the
effectiveness and domain interpretability of the
inference model [Huang et al., 2008; Su and Yang,
2008]. Namely, a small feature set is sufficient for
enhancing the generalization and presenting the
interpretability of the model. Features are akin
to predictors, attributes, or properties. For exam-
ple, in credit-rating problems, features might be
many financial predictors. Parsimony and com-
pactness are desirable features in credit-rating

models for gaining more accurate models and
avoiding some problems. There are several rea-
sons why we should reduce the number of pre-
dictors in the models instead of using all of them
[Shmueli et al., 2007]: 1) it may be expensive or
not feasible to collect a full complement of pre-
dictors for future predictions, 2) the more pre-
dictors there are, the higher is the chance of miss-
ing values in the data, 3) parsimony is an im-
portant property of good models, 4) it can be
shown that the use of predictors that are un-
correlated with the dependent variable increases
the variance of prediction, and 5) it can be shown
that dropping predictors that are actually corre-
lated with the dependent variable can increase
the average error in prediction.

This study selected influential predictors to
the credit ratings of companies from the set of
financial features by using impurity measures
from decision trees and to build a classification
model using multi-class support vector machi-
nes (SVMs) for credit rating. To select the pre-
dictors for multi-class SVMs, we utilized the im-
purity measures of classification trees. The Gini
index and entropy measure are well known
and popular although there are various ways
to measure impurity [Shmueli et al., 2007]. C4.5
[Quinlan, 1993] and CART [Breiman et al., 1984],
which are algorithms for learning in classifica-
tion trees, have been frequently employed in
the classification domains because of their ca-
pability to generalize and explain decision trees
and present the rules. Since there are some de-
cisive features that influence the target variable
in the datasets, we have to find essential fea-
tures with the impurity measures to reduce the
error rates or complexity of models.

To develop classification models, we emplo-
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yed multi-class SVMs. SVMs, a data mining tech-
nique, has shown outstanding performance and
a generalizing capacity in classification pro-
blems. In addition, SVMs has attracted many re-
searchers in the context of accuracy and ex-
planatory capability as compared to neural net-
works, which are one of the most representa-
tive techniques in data mining. SVMs can be
applied to not only binary classifications such
as bankruptcy but also multi<class problems such
as credit ratings, as in this study. The credit
rating of corporations, which is the most typi-
cal example of multi-class problems, encompa-
sses two types of approaches for solving mul-
ti-class problems: binary-based methods and
all-together methods. The former type of appro-
aches comprises one-against-all, one-against-one,
and directed acyclic graphs (DAGSVMs), and
the latter encompasses Weston and Watkins
[1999] and Cramumer and Singer [2000]. We em-
ployed one-against-one as a binary-classificat-
ion based method and the Weston and Watkins
[1999] and Crammer and Singer [2000] methods
as an all-together based method. The classificat-
ion of the credit ratings of corporations has
been studied extensively since data mining was
applied to predict the classes. Researchers have
developed the classification models using neu-
ral networks [Dutta and Shekhar, 1998; Garaba-
glia, 1991; Kim, 1993; Singleton and Surkan,
1990], inductive learning and case-based rea-
soning [Shin and Han, 2001], and SVMs [Ahn
et al., 2006, Huang et al., 2004; Lee, 2007].
This study proposed a method that is appli-
cable to the classification of credit ratings in ac-
tual practice. We can easily classify companies
through well-made models. In other words, by

replacing human labor by data-driven methods,

we can solve the classification problems more
efficiently. In addition, using different features
selected by the stepwise method, the Gini in-
dex, and the entropy measure, we developed
multi-class SVMs models. To solve the mul-
ti-class problems, we employed one-against-one
as a binary-classification based method and’
Weston and Watkins [1999] and Crammer and
Singer {2000] methods as an all-together based
method. We developed nine SVMs models us-
ing a combination of three feature selection me-
thods and three classification methods. The com-
parative analyses for nine SVMs models were
presented with the credit ratings of S&P 500
comparnies. |

. Literature Review
2.1 Feature selection

In the feature selection, first off we have to
consider several reasons why we should reduce
the number of variables in the models instead
of using all of themn [Shmueli et al., 2007]. For
example, it may be expensive or in feasible to
collect a full complement of predictors. Also,
the more are the predictors, the more are the
more missing values in most cases. Parsimony
is an important property of a good model. The
variance of prediction increases because of the
presence of predictors that are uncorrelated
with the dependent variable. Namely, small
feature set has the more interpretability and the
minimum amount number of predictors can en-
hance the generalization and enable simple
rules in the model. Furthermore, we can make
a good decisions using the check list of Guyon
and Elisseeff [2003]: understanding of the do-
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main knowledge, commensurable features, in-
terdependences of features, necessity of prun-
ing input features, necessity of assessing fea-
tures individually, necessity of a predictor, con-
sideration of noisy data, thinking about what to
try first, consideration about new ideas, time,
computational resources, sufficiency of exam-

ples, and the need for a stable solution to im-

prove performance or understanding. Liu and

Motoda [1998] introduced methods of the ex-

traction of key features, as follows: 1) feature

construction is a process that discovers missing
information about the relationships between
features and augments the space of features by
inferring or creating additional features, 2) fea-
ture extraction is a process that extracts a set of
new features from the original features through
some functional mapping, 3) subset selection is
different from feature transformation in that no

new features will be generated; rather, only a

subset of the original features is selected and

the feature space is reduced. Feature selection
algorithms can be classified as following em-
bedded, filters, and wrappers approaches [Tan

et al., 2005]:

® Embedded approaches: Features selection oc-
curs naturally as part of the data mining al-
gorithm. Specifically, during the operation of
the data mining algorithm, the algorithm it-
self decides which predictors to use and which
to ignore. For example, decision tree includes
algorithms for selecting features during the
task of data mining.

e Filter approaches: Features are selected be-
fore the data mining algorithm is run, using
some approach that is independent of the da-
ta mining task. For example, correlation anal-
ysis and t-test are used for ranking the prior-

ity of each feature.
® Wrapper approaches: These methods use the

target data mining algorithm as a black box
to find the best subset. For the wrapper ap-
proach, where evaluation consists of actually
running the target data mining application,
the subset evaluation function is simply the
criterion normally used to measure of data
mining. Genetic algorithms are the represen-
tative wrapper approaches integrated to neu-
ral networks, and SVMs models in data min-
ing.

In all, the above is what we know about fea-
ture selection. To use SVMs models, which have
been known as the most powerful in data min-
ing for the credit rating, we can choose filter
approach or wrapper approach. Genetic algori-
thms, the representative wrapper approach, have
been regarded to select the best features help-
ing neural networks or SVMs in data mining
[Huang and Wang, 2006; Mao, 2004; Shin and
Lee, 2002]. Their common drawback is, how-
ever, that they have a higher risk of overfitting
than filter techniques and are very computa-
tionally intensive to build models. In other
words, wrapper approaches are too compli-
cated and time-consuming for a layman, who is
not skillful at data mining, to be charge with
his/her task for credit rating in practice.

Decision trees were preferred for the feature
selection as the filter approach due to the capa-
bility of taking reduced feature set without ex-
pert knowledge, which was required to know
wheatear the features were important or not in
the model [Blum and Langley, 1997]. Cardi
[1993] employed decision trees for the feature
selection in the task of natural language proc-
essing while case-based learning systems were
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made without reliance on potentially expensive
expert knowledge. Sugumaran et al. [2008] stu-
died about fault diagnostics of roller bearing.
This study addressed the feature selection proc-
ess using decision tree and used kernel based
neighborhood score multi-class support vector
machines for classification. The advantages of
decision tree algorithm are to identify the good
features for the purpose of classification from
given training data set, and to reduce domain
knowledge required to select good features for
the feature selection of the pattern classification
problem. Lin et al. [2009] employed SVMs and
decision tree to perform a feature selection and
a parameter determination. This study was
about the applying enhanced data mining ap-
proaches in predicting bank performance on a
case of Taiwanese commercial banks. Experi-
mental results showed that used methods were
effective in searching for the beneficial subset
of features and parameter values. In this study,
we have employed inductive learning algori-
thms, specif, C4.5 and CART among filter ap-
proaches to develop SVMs models for credit rat-
ing with small feature sets. However the pro-
posed model would be comparable to the best
in previous models if we compared the per-
formance of classification capability among the
models. In addition, the reason why we use in-
ductive techniques for features subset selection
is that these techniques can select influential
predictors easily. The inductive techniques look
for the best trees with the lowest impurity thro-
ugh the learning of data set. A number of algo-
rithms have been developed to measure im-
purity since ID3 algorithm for inductive learn-
ing was introduced by Quinlan in 1982. The
two most popular measures are the Gini index

and the entropy measure. To perform com-
parative analysis between the impurity meas-
ures of decision trees and popular methods of
selecting predictors for classification model, we
undertook multidiscriminant analysis (MDA)
by selecting predictors in a stepwise manner.

2.2 Multi-Class Support Vector
Machines

Support Vector Machines (SVMs) became one
of the popular techniques for solving data-clas-
sification problems. This method has been ap-
plied to not only binary classification such as
bankruptcy but also multi-class problems such
as credit rating, which was considered in this
study. The SVMs method has shown outstan-
ding performance and a generalizing capacity
in classification tasks since it was developed
from statistical theory by Vapnik [1995]. SVMs
is an algorithm that finds the maximum margin
hyperplane, which is the maximum separation
between classes. Here, support vectors are the
closest to the maximum margin hyperplane. If
it is hard to divide the data into two classes,
we introduce the kernel function. In the case of
nonlinear class boundaries, as the original in-
put space is mapped into a high-dimensional
dot-product space by the help of the kernel
function, we transform the inputs into a high-
dimensional feature space.

In the two separated classes, A is defined as
z,€R", y,=1, while B is defined as z,€R",
y; =—1 if we presume the function, f:R"—
{+ 1}, by using a training set. If it is possible
to separate them linearly, they can be repre-

sented in Equation (1) and Equation (2).
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wez,+b> +1, Vz,E A4 1)
w-z,+b< -1, Vo, €EFB 2

In the above, z is the input vector, w is the
weight vector, and b is the bias. w and b repre-
sent the parameters that are used to determine
the hyperplane.

Using Equation (1) and Equation (2), we can
derive Equation (3) as follows:

y(w z,+b) =1, Vz,€AUB. 3)

The maximum margin classifier optimizes
data within the maximum margin hyperplane.
This is an optimization problem that is ex-
pressed in Equation (4):

wew
2

min
ub

st ylwez,+b) =1 @

Finally, the equation for an optimal separat-
ing hyperplane is shown below.

fla, ai,b)IZyia,(if ;) +b. )

In the above, «, and b are parameters for de-
termining the separation of the hyperplane. «
denotes the training data, and z; is the support
vector.

In the case of nonlinear class boundaries, we
can implement the idea by transforming the in-
puts into a high-dimensional feature space. A
nonlinear case of separation is represented in
Equation (6).

f(mv (e 72} b) = Eyiail((x, 33/-) +b (6)

In the above, Az, r,;) is called the kernel
function, which we employed in this study.
Examples of the kernel function are as follows.

® The polynomial kernel:
Kz, z)=(x - 2, +1)"
¢ The Gaussian radial basis function (RBF):

Kz, z;) =exp(§ (x x,)%).

Many studies have employed SVMs to make
important decisions for the issues occurred in
business as follows: the classification of credit
ratings [Ahn et al,, 2006; Chen and Shih, 2006;
Gestel et al., 2006; Huang et al., 2004; Huang et
al,, 2008; Lee, 2007], the prediction of bank-
ruptcy [Min and Lee, 2005; Shin et al., 2005; Wu
et al., 2007}, the classification of customer level
[Kim and Ahn, 2010], efficiency rating of ven-
ture business [Park and Hong, 2009], and the
forecasting of financial time series [Kim, 2003;
Tay and Cao, 2001]. The credit ratings are gen-
erally over three at least and several classes
should be classified, which is so-called a multi-
class problem. For multi-class problems such as
the classification of credit rating, binary classi-
fication-based methods and all-together methods
are commonly employed to solve. In other words,
there are two types of approaches for multi-
class SVMs. One is by constructing and combin-
ing several binary classifiers, such as one-again-
st-all, one-against-one, and directed acyclic gra-
ph SVMs (DAGSVMs), and the other is by di-
rectly considering all the data in an optimiza-
tion formulation [Hsu and Lin, 2002]. The latter
encompasses all-together methods such as Wes-
ton and Watkins [1999] and Crammer and Singer
[2000]; these have different decomposition me-

48 Asia Pacific Journal of Information Systems

Vol. 21, No, 2



Feature Selection for Multi-Class Support Vector Machines Using an Impurity Measure of Classification Trees

<Table 1> Studies using Multi-class SVMs for Credit Ratings

_ Studies

Ahn and Kim [2009]

Feature selection methods

one-way ANOVA, stepwise MDA

. Claésiﬁcafi{}g methgc} -
OAQ, OAA, DAGSVM, ECOC,
W&W, C&S

Ahn et al. [2006)

literature study, t-test, stepwise MDA

OAO, W&W, C&S

Chen and Shih [2006] financial analysts 0OAO

Gestel et al. [2006] financial analysts OAO

Huang et al. {2004] literature study, ANOVA OAOQ, C&S
| Lee [2007] stepwise MDA OAO

Note) OAO: One-against-one, OAA: One-against-all, DAGSVM: directed acyclic graph SVMs, ECOC:
Error-Correcting Output Coding, W&W: Weston and Watkins, C&5: Crammer and Singer.

thods.

In this study, we used the Gaussian radial
basis function (RBF) as a kernel function of SVMs,
and adopted a one-against-one approach among
binary classification methods and two all-toge-
ther methods that were proposed by Weston
and Watkins [1999] and Crammer and Singer
[2000] each to solve multi-class problems.

. Research Framework

In this study, we have proposed a method to
select the features of classification trees for mul-
ti-class SVMs using impurity measures: the Gini
index and the entropy measure. We have ap-
plied our approach to classify the credit ratings
of S&P 500 companies. Through the framework
of feature selection, we can consider the im-
portance of parsimony in developing good mo-
dels. The main objectives of this study are to
select the important features that are correlated
with credit ratings using impurity measures
among many financial features, and to develop
multi-class SVMs models for credit-rating clas-
sification with the selected influential features.

Two approaches for solving multi-class prob-

lems are relevant in this paper to the credit-rat-
ing problem with regard to S&P” 500 companies;
this problem is the most typical example of
multi-class problems. One is a binary-classifica-
tion based method and the other is an all-to-
gether based method. We employed one-aga-
inst-one as a binary-classification based method
and the Weston and Watkins [1999] and Cram-
mer and Singer [2000] methods as an all-toge-
ther based method. In SVMs, we have to choose
the noise level C, the kernel function, and its
parameters. We can ascertain the parameters of
the kernel function and C by the trial-and-error
method. Through the feature selection method
and the type of multi-class SVMs, we obtained
nine models for multi-class SVMs according to
the three approaches for solving multi-class pro-
blems and three methods for selecting features.
To perform comparative analysis between our
proposed method and a popular method of se-
lecting features for the classification model, we
used multidiscriminant analysis (MDA) by se-
lecting features in a stepwise manner. We have
proposed a model that is applicable to the clas-
sification of bond ratings in actual practice. In
other words, by replacing human labor through
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Seelcting the
featutes

* Credit ratings
« Financial variables

« Impurity measures
(Geni index,
Entropy measures)

Training multi-class
SVMs models

MDA as a

« One-against-

one(OAO) benchmark
* Weston & * OAO: 3 models
Watkins(W&W) * W&W: 3 models
» Crammer & » C&S: 3 models

Singer(C&S)

<Figure 1> Research Procedures

a data-driven method, we can solve the classi-

fication problems more efficiently. <Figure 1>

shows our research procedures as follows.

® Step 1: Preparing experimental data that have
credit ratings and financial features.

¢ Step 2: Selecting the features from impurity
measures: the Gini index and entropy mea-
sures.

¢ Step 3: Training multi-class SVMs model with
the selected features according to three clas-
sification methods: one-against-one, Weston
and Watkins [1999], and Crammer and Singer
[2000].

® Step 4: Analyzing the experimental results for
proposed models.

IV. Experiments and Results

4.1 Data

Our dataset consists of 339 companies listed
in the S&P 500 index during 2003~2008 year,
which was collected from the database of Data
Stream in Thomson. Standard and Poor’s credit
rating sets are comprised of 10 grades ranging
from ‘D’ to ‘AAA’ and intermediate ratings are
ggiven to each level between AA and CCC (e.g.,
BBB+, BBB and BBB-). According to Standard

and Poor’s issuance of credit ratings, an obliga-
tion rated “AAA’ has the highest rating. The
obligor’s capacity to meet its financial commit-
ment on the obligation is extremely strong. An
obligation rated ‘BBB’ exhibits adequate pro-
tection parameters. However, adverse economic
conditions or changing circumstances are more
likely to lead to a weakened capacity of the ob-
ligor to meet its financial commitment on the
obligation. In the dataset of this study, ‘AAA’
companies are about 4.1% of the total while
‘BBB+, ‘BBB’, and ‘BBB-" companies are in the
greatest proportions. <Figure 2> and <Table 2>
present the organization of the dataset; we can
establish a numerical difference in the credit
ratings. Credit ratings were transferred into
new groups ranging from 1 to 6 according to
the actual credit levels in our models consider-
ing the frequency of each class. The data were
separated into training and testing datasets.
The training dataset consists of 272 firms, and
the test dataset consists of 67 firms.

4.2 Feature selection

We prepared predictors with 35 financial fea-
tures, which were commonly considered in the
task of credit rating before selecting features
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Rating

60

53

53

AAA  AA+ AA AA- A+ A A-

BBB+ BBB BBB-

BB+ BB BB- B+ B B-

<Figure 2> Ratings Distribution in the Actual Dataset

<Table 2> Frequency and Proportion of the Credit Ratings in the Datasets

‘ Actual Rating Model Rating Frequency %Ratio  Training Test~ k
AAA 1 | 14 41 1 3
AA+, AA, AA- 2 19 5.6 15 4
A+, A A- 3 92 271 74 18
BBB+, BBB, BBB- 4 147 434 118 29
BB+, BB, BB- 5 50 14.7 40 10
B+, B, B- 6 17 5.0 14 3
Total - 339 100 272 67

for multi-class SVMs in the proposed way. By
employing the stepwise method of discriminant
analysis, which is a well-known method for se-
lecting features, the predictors for SVMs were
determined for the purposed of comparing our
proposed model. The features, which would be
the most significant in predicting credit ratings,
were selected by minimizing the impurity in
the Gini index and entropy measures gained
the C45 and CART algorithms respectively.
Through the feature selection process presented

in our approach, the three set of predictor were

used for SVMs modeling of the credit-rating
classification and they are shown in <Table 3>
Four, seven, and six predictors, respectively,
were picked up by the MDA, C4.5, and CART
classifiers. For this process, we utilized SAS
Enterprise Miner 4.3 and SPSS 15.0. We found
that the selected features differed from each
other according to the methods for feature
selection. In the feature-selection process, we
have to consider the characteristics of a good
model discussed above. For example, a small

feature set has greater interpretability and the
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<Table 3> Feature Selection from the MDA, C4.5, and CART Classifiers

Features MDA .
Market capitalization ® ® |
Selling and administration expenses L
Income tax L @
Earnings before interest and taxes ® [
Cash and short term investment ®
Total assets o o
Total capital o
Current ratio o
Total debt as a % of common equity ®
Dividends per share o
Earnings per share L ®

minimum number of features can enhance gen-
eralization and lead to simple rules for the
model. In the results of multi-class SVMs mod-
els reported in the next section, we tried to de-
termine which method was excellent in terms
of feature selection.

4.3 SVMs Model Specification and
Results

We have employed the impurity measures of
classification trees for feature selection, and de-
veloped multi-class SVMs models using the se-
lected features. To develop SVMs models, we
had to choose the kernel function, and set the
noise level C and kernel parameters. The upper
bound C and the kernel parameter & play im-
portant roles by effecting a great change of the
performance in SVMs models. We employed
BSVM-2.06 for the SVMs experiment and RBF
was used as the kernel function of SVMs. We
simulated the following parameters for assert-
ing the optimal SVMs model by trial and error.

e C & {1, 20, 40, 60, 80, 100, 200, 1000}
e & £ {1, 07, 05, 02, 0.1, 0.05, 0.01, 0.005}

The experimental results are presented in
<Table 4>. To perform comparative analysis be-
tween our proposed method and a popular me-
thod of selecting features for the classification
model, we employed MDA by selecting the fea-
tures in a stepwise manner. We applied the
one-against-one approach as the binary classi-
fication method and the approaches of Weston
and Watkins [1999] and Crammer and Singer
[2000] as the all-together methods to develop
multi-class SVMs models. Finally, we obtained
nine models for multi-class SVMs according to
the three approaches for solving multi-class pro-
blems and three methods for feature selection.
We found that the SVMs model with Crammer
and Singer’s [2000] method yields a classifica-
tion accuracy of 53.7% when the predictors are
selected by minimizing the Gini index in classi-
fication trees. Also, the SVMs model with
Weston and Watkins's [1999] method results in

52 Asia Pacific Journal of Information Systems

Vol. 21, No. 2



Feature Selection for Multi-Class Support Vector Machines Using an Impurity Measure of Classification Trees

<Table 4> Results of the Multi-Class SVMs Models

MDA -

1 - 36.0 343

| 2 OAO-SVMs-MDA 80 0.01 50.7 47.8
3 OAO-SVMs-C4.5 1000 0.2 71.0 50.7

4 0OAO-5VMs-CART 100 0.7 721 50.7

5 W&W-SVMs-MDA 200 0.005 529 478

6 W&W-5VMs-C4.5 60 0.7 71.0 53.7

7 W&W-SVMs-CART 40 0.7 68.8 537

8 C&S-5VMs-MDA 80 0.005 50.7 47.8

9 C&S-5VMs-C4.5 60 0.7 739 522

10 C&S-SVMs-CART 40 0.7 7.7 537

Note) Legend: MDA; multi-discriminant analysis as a benchmark/OAQ; one-against-one method/
WE&W; Weston and Watkins [1999]/ C&S-Crammer and Singer [2000]/ OAO-SVMs-MDA; multi-class SVMs
model using the one-against-one classification method and the features selected by MDA.

classification with an accuracy of 53.7% when
the predictors are selected by minimizing the
entropy measure in classification trees. Therefore,
we concluded that our proposed method is val-
id for selecting the features of multi-class SVMs
in credit rating. The results of the multi-class
SVMs models are better than those of the step-
wise method of MDA, which is a well-known
method for selecting features.

We can ascertain that the performance in
multi-class problems is not high enough. To
solve multi-class problems, we have to consider
the scarcity of data, because the number of sam-
ples is not uniform in every class. Some classes
have very small samples, while some other cla-
sses do not. For this reason, the performance of
the predictive model takes a sudden turn for
the worse; so, we cannot validate the statistical
compatibility of models in this case. <Table 5>
shows the within-1-class accuracy results of the
multi-class SVMs models. The range of the pro-

babilities for the predictions was from 88.1% to
91.0% for all 9 models using the multi-class SVMs.

V. Conclusions

In this study, we proposed a method to se-
lect the features for multi-class SVMs using the
impurity measures of classification trees, and
applied our approach to classify the credit rat-
ings of S&P 500 companies. The main objec-
tives of this study are to select important pre-
dictors that are correlated with the credit rat-
ing, being the dependent variable, by using im-
purity measures among various financial fea-
tures, and to develop multi-class SVMs models
for the credit-rating classification with the se-
lected influential features. In the feature-selec-
tion process, we employed the Gini index and
entropy measure, which are the two most pop-
ular measures among many ways of measuring
the impurity, and we used a stepwise method
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<Table 5> Within-1-class Accuracy Results

ctul | OAOSVMsMDA |  OAOSVMsCA5 | OAOSVMCART |
Retimg 1 213 45 61112 3 415 6 1 913 415 .6
1 o011 ,1f(ojojof1]1]{1loflojo|1|1|[1]0]0]| 3
2 o112/ 0]0]0 1|1 20 00 1[1]2]0]0] 4
3 0(0[216[0[0[0[0]2[16[0]0]0]0]|2][16]0]0 18
4 0l1][1(27] 0000|320 000 3[2/0]0]29
5 0j0f0 8[2[0[0[0]0[10/0]|0]0]0]0{10[0]0]10
6 0j0j0f2] 100|003 00|00 0[3[0[0]3
Total |0 |35 5 [3[0[0[2/7[58[0[0|0|2[7 5|0 0|6
probability 88.1% 89.6% 89.6%
:'Acm'a;r ; :W&W}SVM&MDA' | WeW-SVMsCa5 W&W&VMS—CART; L
Ratimg 1 12 3141516112 3 45 6112 3456/
1 ol1/1|1]ojol1|l1]lofl1lolof1]|1]l0 1]0]0
2 of1|1/2]0f0oj0o(2[0[2]0(0|0 2 0f200]0
3 olol2|/0o{2lo0olo|s8fwwjolojo|0o|9 9]0]0 18
4 0(0[4 /21|00 1[4 203 0|01 4l20/4|0]|2
5 0olo]o 200fl1lolo[3|4l21]0]1 412 10
6 0/ 0|0, 2[1]0|0|0]1 1,0/0/0 0 210/ 3
Total | 0|28 (5|4 ({2214 /13[38[8|2[2]4/[14,35|10]2] 67
probability 88.1% 89.6% 89.6%
Actual | C&S-SVMsMDA | C&SSVMs-C45 C&SSVMsCART L
Rating. 119 5 g4 ts5 6 2 3 41516 1 2.3 4|5 6
1 110010 02001 0lo]t]1]0|1]0]0
2 ol1(1/2(0[0 0|2[0of2]0ofo0o|0 2fl0[2f0]0
3 olo[3 (1410008200000 8]9 |1 0|18
4 0 0|4 24 1]0/0|1]5]193|1]0(0!6 212|029
5 000 21 0(1lo1|5 121101 4210
6 000 1{olofofo 210[0,0]0 110/ 3
Total |1 [2|8|51|5]0/[3|3(14/38!6|3[2]3|15[37]8/|2, 67
probability 91.0% 88.1% 88.1%

of discriminant analysis as a benchmark, which
is a well-known method for selecting features.
Experimental results showed that the three
methods resulted in different predictors. Four,

seven, and six predictors, respectively, were se-

lected by the stepwise method of MDA, and
the C4.5 and CART methods.

To develop multi-class SVMs models, we em-
ployed three classification methods: one-against-
one, Weston and Watkins [1999], and Crammer
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and Singer [2000]. To perform comparative an-
alysis between our proposed method and a
popular method of selecting features for the
classification model, we employed MDA by se-
lecting the features in a stepwise manner. We
built nine models for multi-class SVMs accord-
ing to three approaches for solving multi-class
problems and three methods for selecting fea-
tures; MDA has been used as the benchmark
model. From the results for multi-class SVMs
models, we could determine which method was
excellent in feature-selection approaches. We
found that the SVMs model with the Weston
and Watkins [1999] method yields a classifica-
tion accuracy of 53.7% when the predictors are
selected by minimizing the entropy measure in
classification trees. In the results for within-1-
class accuracy of the multi-class SVMs models,
the hit ratio ranged from 88.1% to 91.0%. The
results of multi-class SVMs models are better
than those of the stepwise method of discrim-
inant analysis, which is a well-known method
for classification and feature selection. Hence,

we have concluded that our proposed method
is valid for selecting the features of multi-class
SVMs models.

Feature selection is the foremost step that has
more influence on performance in data mining
than other aspects, and there are many check-
lists to be considered in feature selection. In
various data-mining tasks, feature selection is
one of the most important issues, because the
appropriate features can result in excellent mo-
dels with good interpretability, clarity, and con-
ciseness. When we develop SVMs models with
many features, from the viewpoint of data par-
simony, we have to consider many aspects abo-
ut feature selection such as domain knowledge,
various problems about features, a stable sol-
ution, and so on. Our approach helps data mi-
ners to select or reduce the number of features
in models, and solves classification problems in
actual practice in many domains including the
financial domain. In other words, by replacing
human labor by a data-driven method, we can
solve classification problems more efficiently.
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