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[ . Introduction

Recently, customer relationship management
(CRM) has been one of the most popular sub-
jects in marketing research. Among many re-
search themes vis-a-vis CRM, customer classi-
fication is considered one of the important is-
sues. Customer classification means that a com-
pany classifies its customers into predefined
groups with similar purchasing behavior pat-
terns. In general, many companies construct
customer classification models to determine
product feasibility. This kind of knowledge may
create many crucial marketing opportunities,
such as one-to-one marketing, direct mailing,
and sales promotion using telephone or e-mail.
For this reason, many companies such as Ford,
Allstate, and 1-800-flowers.com analyze their
customers’ profiles and purchasing behaviors
and construct customer classification models
based on the probability of customer purchase.

Traditionally, many statistical classification
techniques, including multivariate discriminant
analysis, Probit, and logistic regression, have
used for the construction of customer classi-
fication models. Recently, support vector ma-
chines (SVMs) have become popular as a sol-
ution for classification problems because of
their robustness and high classification perfor-
mance. SVMs, however, were originally devel-
oped for binary classification problems. As
such, they may not solve accurately multiclass
classification problems, such as bond rating
and multiclass customer classification. Many
researchers have tried to transform the binary
SVM into a multiclass classifier. There have
been several studies in this regard. One such

study constructs and combines several binary

classifiers. Another directly considers all data
in one optimization formulation. However,
these approaches had only focused on classify-
ing samples into nominal categories [Hsu and
Lin, 2002a; Statnikov et al., 2005].

In this study, we use a novel multiclass SVM
approach that can efficiently and effectively
consider multiple classes with ordinal charac-
teristics, such as customer’s profitability levels.
We employ the ordinal pairwise partitioning
(OPP) approach for the proposed model. The
OPP approach partitions a data set into sub da-
ta sets with reduced classes in an ordinal and
pairwise manner according to output classes
[Kwon et al., 1996]. The proposed model uti-
lizes additional hidden information, the order
of the classes, for classification. Thus, it is pos-
sible to get more accurate prediction results
with fewer classifiers than with conventional
multiclass SVMs [Ahn and Kim, 2006].

This technique can be applied to any kinds
of ordinal multiclass classification problems.
Nonetheless, the prior studies that adopted it
as a tool for ordinal multiple classification are
very rare. Especially, most of the prior studies
that used ordinal multiclass classification tech-
niques just have applied them to finance do-
mains like predicting bond rating or credit
rating. Thus, in this study, we apply it to a real
world classification case for customers’ profit-
ability level for the CRM purpose. In addition,
we compare the results of the model to those
of multiple discriminant analysis (MDA), case-
based reasoning (CBR), artificial neural net-
works (ANN), and other multiclass SVM algo-
rithms.

The rest of this study is organized as fol-

lows. The next section reviews prior literatures
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on conventional binary SVMs and multiclass
SVMs. In section 3, our approach for multiclass
SVMs is explained. Section 4 describes the re-
search data and the methodologies for the vali-
dation of our model. In Section 5, the experi-
mental results are summarized and discussed.
The final section presents the conclusions and

future research direction of the study.

II. Prior Studies

2.1 Prior Studies on Customer
Classification and Response
Modeling

During the past decade, many studies on
customer classification have been performed.
Customer classification is interchangeably re-
ferred to as response modeling, which predicts
the probability of customer response to mar-
keting promotion. Although, there is a slight
difference between customer classification and
response modeling, we consider prior studies
on response modeling in our study. Traditio-
nally, statistical techniques have been emplo-
yed to perform response modeling. Malthouse
[1999] implemented ridge regression and step-
wise regression to construct response models.
He showed that the former is more stable than
the latter. Colombo and Jiang [1999] suggested
the Recency-Frequency-Monetary (RFM) Analy-
sis as a tool for response modeling.

Recent research tends to use data mining te-
chniques such as decision tree, case-based rea-
soning (CBR), and artificial neural networks
(ANNS) in this research area. ANNs have pop-
ularly been used in response modeling [Mou-
tinho et al., 1994; Bounds and Ross, 1997;

Potharst et al., 2001]. In addition, Ha ef al. [2005]
proposed bagging neural network model, a
variant of ANN, as a tool for response mode-
ling. However, some studies reported that
ANNSs do not outperform statistical techniques
[Suh et al., 1999; Zahavi and Levin, 2000]. Deci-
sion tree has also been one of the most popular
techniques for response modeling. Haughton
and Oulabi [1997] applied classification and re-
gression tree (CART) and CHAID to response
modeling. Ling and Li [1998] also proposed the
Naive Bayes model and C4.5 as response mod-
eling techniques.

Some researchers applied CBR to response
modeling. Coenen et al. [2000] employed a com-
bined rule-induction and case-based reasoning
model to predict prospects. They initially clas-
sified buyers and non-buyers through a C5 al-
gorithm and then integrated it with case-based
reasoning to generate final results. Chiu [2002]
used hybrid CBR and the genetic algorithms
(GAs) model to predict customers’ response.
He used GA to search the best set of weighting
values in CBR. He reported that his model could
outperform the regression-based CBR in classi-
fication performance. In addition, Ahn et al.
[2006] proposed the simultaneous optimization
model for CBR using GA to classify customer
profitability level. They used GA as an opti-
mization tool for instance selection and feature
weighting in CBR and compared it with Logit,
MDA, ANN, and binary SVM. They proposed
that the simultaneous model could perform
better than other comparative models in ad-
dressing customer classification problems. Ahn
et al. [2007] also employed GA to reduce two
dimensions of customer database for customer
classification models.
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More recently, SVM has been applied to a
wide variety of application domains, including
customer classification and response modeling.
Viaene et al. [2001] proposed the least squares
SVM (LS-SVM) to predict purchase incidence.
They extended beyond the standard RFM mo-
deling semantics by including alternative oper-
ationalizations of the RFM variables and by
adding several non-RFM variables. They re-
ported that the elimination of redundant or ir-
relevant input variables allowed for a sig-
nificant reduction in model complexity. Shin
and Cho [2006] presented a way to alleviate
problems with large training data using a nov-
el informative sampling and provided guide-
lines for limitations with class imbalance and
scoring from binary SVM output for response
modeling. Lee and Cho [2007] proposed to use
novelty detection approaches to alleviate class
imbalance problems in response modeling. They
used one-class SVM and learning vector quan-
tization for novelty detection and compared
them with binary classifiers for catalogue mail-
ing data. They showed that SVM with modi-
fied misclassification costs perform best when
response rates are relatively high. In addition,
Kim et al. [2008] employed support vector re-
gression to estimate the purchase amounts of
respondents. They also used e-tube based sam-
pling to support vector regression that led to
better accuracy than a random sampling me-
thod did.

Although above mentioned prior studies pro-
posed various methods to predict prospects,
most of them did not consider the problems
associated with multiclass classification in cus-
tomer profitability level. In addition, there were

many studies on multiclass classification for

corporate bond rating, but few for customer
classification problems. Thus, there has been a
growing research interest vis-a-vis multiclass

customer classification problems.

2.2 Conventional Support Vector
Machines

Conventional binary SVM uses a linear mod-
el to implement nonlinear class boundaries
through certain nonlinear transformation of in-
put space into high-dimensional feature space.
A linear model constructed in a new high-di-
mensional feature space can represent a non-
linear decision boundary from the original space.
An optimal separating hyperplane is construc-
ted in a new feature space [Vapnik, 1995].

For this reason, SVM is considered an algo-
rithm that finds a special kind of linear model,
the maximum margin hyperplane. It allows the
maximum separation between decision classes.
The training data that are closest to the max-
imum margin hyperplane are called support
vectors.

As mentioned above, SVM constructs a line-
ar model to implement nonlinear class bounda-
ries through the transformation of inputs into
high-dimensional feature space. The kernel fun-
ction does this work. There are different ker-
nels for generating inner products to build ma-
chines with different types of nonlinear decision
surfaces in the input feature space. Some ex-
amples of such kernel functions include the
following: the linear kernel, Al(z,y) =zTy; the
polynomial kernel, A(z,y)=(z"y+1)", where
d is the degree of the polynomial kernel; and
the Gaussian radial basis function (RBF), & (x, y)
=exp(—1/c*(z—y)?), where ¢ is the band-
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width of the function. The best model can be
selected by choosing among different kernels
the model that minimizes the estimate [Tay
and Cao, 2001].

2.3 Multiclass Support Vector
Machines

As mentioned above, SVMs were originally
developed for binary classification problems.
Thus, there has been a need to effectively trans-
form SVMs so as to enable them to accom-
modate multiclass classification problems. Many
prior studies have proposed several variants of
the original SVM for implementing multiclass
classification problems. To-date, there have been
two types of approaches for extending SVMs
to multiclass problems. One has been to de-
compose multiclass problems into several bina-
ry sub-problems, then solving each problem at
once and compositing them. That is, multiclass
SVMs can be implemented by building and
combining several binary SVM classifiers. Se-
cond has been to consider all data at once in
a single optimization formulation. A modificat-
ion of the typical algorithm of SVM is required
in this case. There are different techniques for
each approach, and <Table 1> presents an

overview of these techniques [Lorena and de

Carvalho, 2008; Wu et al., 2008].

The first approach, Constructing Several Bi-
nary Classifiers and Combining Them, is divided
into two sub-approaches. The first sub-appro-
ach, One-Against-All, is the simplest multiclass
classification method. It first constructs k con-
ventional binary SVM classifiers for k-class
classification, such as “class 1 versus all other
classes,” “class 2 versus all other classes,” and
“class k versus all other classes” [Krefel, 1999].
Then, it combines the results of k classifiers.
For the case of “class 1 versus all other cla-
sses,” the combined One-Against-All decision
function selects the class of a sample that cor-
responds to the maximum value of k binary
classification functions specified by the furthest
“class 1” hyperplane. The hyperplanes calcu-
lated by k SVMs shift by doing so [Statnikov
et al., 2005].

The second sub-approach, One-Against-One,
constructs binary SVM classifiers for all pairs
k(k—1)

2

of classes. Finally, there are ,C, = pairs.

This means that for each pair of classes, a bina-
ry SVM classifier is constructed by solving the
underlying optimization problem for maximi-
zing the margin between the two classes in the
pair. This approach follows the so-called Max
Wins strategy. Thus, the decision function as-

<Table 1> Multiclass SVM Techniques Proposed in Literature

Approach

Proposed Technique

No. of classifiers to be
constructed (Assumed k
classes problem)

Reference

Constructing Several Binary One-Against-All k Krefel [1999]
Classifiers and Combining Them One-Against-One et Friedman [1996]
Considering All the Data at Once | Weston and Watkins 1 Weston and

Watkins [1999]
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signs a sample to a class that has the largest
number of votes. When a tie occurs, a sample
will be assigned a label that is based on the
classification that is yielded by the furthest hy-
perplane [Friedman, 1996; KreBel, 1999; Statni-
kov et al., 2005].

The second approach is Considering All Data
At Once. There are several methods proposed
by researchers; we use the method by Weston
and Watkins in this study [Weston and Wat-
kins, 1999]. This approach can be recognized as
a simple extension of the binary SVM classi-
fication problem. If there is a k-class case, we
solve single quadratic optimization problem of
size (k-I)n, which is identical to a binary SVM
for the case of k=2 in this approach [Hsu and
Lin, 2002a; Hsu and Lin, 2002b; Platt, 1999].

<Figure 1> shows the differences among

these three approaches in a four-class classi-

F

fication problem.

2.4 Ordinal Multiclass SVMs

As indicated in the previous section, there
have been several approaches to transform bi-
nary SVMs into multiclass SVMs. All of these
methods, however, have had a common limi-
tation: all of them were developed for the mul-
ticlass classification problems where decision
classes are nominal. Therefore, they may not
appropriately address certain multiclass classi-
fication problems where decision classes are
ordinal (i.e., decision classes have orders).

In this study, we employ an ordinal multi-
class SVM model that uses the ordinal pairwise
partitioning (OPP) approach as a tool for ex-
tending the conventional multiclass SVM mod-

els in order to address ordinal classes properly.

0. b:
*._ Class 4 area

(b) One-Against-One

Class 4 area

(C) Weston & Watkins

<Figure 1> Graphic Example of Three Approaches for Multiclass Support Vector Machines
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The OPP approach partitions a data set into
groups of sub-data sets with reduced classes in
an ordinal and pairwise manner in accordance
with output classes [Kwon et al., 1996]. The or-
dinal multiclass SVM model was first propo-
sed by Ahn and Kim[2006], and we will apply
the model to our customer classification problem.

The processes of the ordinal multiclass SVMs
are as follows: there are two partitioning and
chaining methods. The partitioning methods
consist of the One-Against-The Next and One-
Against-Followers methods. The first partition-
ing method, One-Against-The-Next, is the (N-1)
vs. N style, where, for example, N is 2, 3, 4 in
the case of 4-class classification problem. It is
similar to One-Against-One in conventional
multi-class SVMs, but more efficient.

The One-Against-The-Next method only ne-
eds k-1 binary classifiers, where k is the total
number of classes because it considers the or-
der of decision classes. On the other hand, the
One-Against-One method requires binary clas-
sifiers for each pair of classes. For example, for
a classification problem with four decision cla-
sses, the One-Against-One method needs six bi-
nary classifiers (i.e. pairs of (1 class vs. 2 class),
(1 vs. 3), (1 vs. 4), (2 vs. 3), (2 vs. 4), (3 vs. 4)).
On the other hand, the One-Against- The Next
method only requires three binary classifiers:
(1 class vs. 2 class), (2 vs. 3), and (3 vs. 4).

The second partitioning method is the (N)
vs. (remaining classes) style, which we call the
“One-Against-Followers approach.” This is si-
milar to One-Against-All of conventional mul-
ticlass SVMs, but more efficient than One-Aga-
inst-All. Although One-Against-All constructs
k binary classifiers, One-Against-Followers bui-

Ids only k-1 binary classifiers when there are

k decision classes. For example, for a classi-
fication problem with four decision classes, the
One-Against-All method needs four binary
classifiers, i.e., pairs of (1 class vs. 2&3&4 class),
(2 vs. 1&3&4), (3 vs. 1&2&4), and (4 vs. 1&2&3).
However, the One-Against-Followers method
only requires three binary classifiers: (1 class
vs. 2&3&4 class), (2 vs. 3&4), and (3 vs. 4).

As we can see from the above, any kind of
ordinal SVMs requires just k-1 binary classi-
fiers to classify data into k classes, while other
conventional SVMs require from k to k(k-1)/2
models.

In addition, there are forward and backward
methods regarding methods of fusion. The for-
mer determines the highest level of classes first
and the lowest level classes last, and the latter
is the opposite.

Finally, we can combine two partitioning
methods and two fusing methods and then ob-
tain four combined methods: “One-Against-
The-Next + Forward method,” “One-Against-
The-Next + Backward method,” “One-Against-
Followers + Forward method,” and “One-Agai-
nst-Followers + Backward method.”

In our customer classification problem, we
have four profitability classes (i.e., 1~4 class).
For the One-Against-The-Next approach, using
forward and backward computation, the data
set is partitioned in advance. When using the
forward method, we pair them to make three
separate data sets: (1 vs. 2), (2 vs. 3), and (3
vs. 4). This is “"One-Against-The-Next + Forward
approach.” When using the backward method,
we pair them three data sets: (4 vs. 3), (3 vs.
2), and (2 vs. 1). This is "One-Against-The-Next
+ Backward approach.” In the One-Against-
Followers approach, when using the forward
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method, the data set is partitioned into pairs,
such as pair of (1 vs. 2&3&4), a pair of (2 vs.
3&4), and a pair of (3 vs. 4). This is "One-Agai-
nst-Followers + Forward approach.” When us-
ing the backward method, the data set is parti-

Class 2 area

Class 3 area

(a) One-Against-The-Next + Forward approach

(b) One-Against-The-Next + Backward approach
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tioned to make a pair of (4 vs. 3&2&1), a pair
of (3 vs. 2&1), and a pair of (2 vs. 1). This is
”One-Against-Followers + Backward approach.”
<Figure 2> shows the differences among the
ordinal multiclass SVM models.

Class 1 area

Class 2 area

Class 1 area

Class 2 area

<Figure 2> Differences Among Four Types of the Ordinal Multiclass SVMs: Graphical Presentation
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. Experimental Design and
Results

3.1 Research Data

In order to validate our model, we applied
the proposed model to a real world customer
level classification data from a telecommuni-
cation service provider in Korea. Recently, the
Korean government’s policy of Mobile Num-
ber Portability (MNP) in the mobile communi-
cation industry has provoked severe competi-
tion among the service providers. As a result,
many customers have changed their mobile
service providers, and the mobile service pro-
viders have much interest in finding valuable
customers among these incoming customers.
Thus, it becomes very important for mobile
service providers to build an effective custom-
er classification model that can predict an in-
coming customers’ expected value (i.e. his or
her expected customer level) by using several

demographic data and the short-term usage

data. Our target company also has interests in
building the customer classification model that
classifies its existing customers or prospects in-
to several levels according to their profitability.

The research data included 4,000 cases that
consisted of various input variables on custom-
ers’ demographic information and call details.
Data also consisted of 38 independent varia-
bles and a dependent variable that represents
the level of customer profitability. The com-
pany has classified their customers into 4 lev-
els according to their profitability: VIP, gold,
silver, and bronze. We used this as the depen-
dent variable for our study. Among the initial
variables, we chose 31 independent variables
that affected the dependent variable with stat-
istical significance at the 95% level by applying
the independent samples t-test and chi-square
test. Finally, we chose only 14 independent
variables that had proven to be most influen-
tial to the customer profitability level. We did
this by using the stepwise selection procedure
with Wilk’'s A in multivariate discriminant

<Table 2> Selected Independent Variables and Their Descriptions

Variable name Description

BP1 Type of billing program is "A”

BP2 Type of billing program is “B”

BP3 Type of billing program is "C”

BP4 Type of billing program is "D”

HS1 The maker of the user’s cell phone is “X” company.

HS4 The maker of the user’s cell phone is ”"Y” company.

HS6 The maker of the user’s cell phone is “Z” company.

BillProgValid Total charge is higher than basic charge.

CallLenDay The length of total calls during the day time

CallLenIntern The length of international calls

AvgCallLenDom The average length of domestic calls

TotCallLen Total length of calls

PercentDay The portion of domestic calls during the day time

PercentIntern The portion of international calls relative to domestic calls
Vol. 20, No. 2 Asia Pacific Journal of Information Systems 31
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<Table 3> The Number of Each Data Set

Data set Profitability level of the customers The number of data Proportions

viP 600 15%

Train Gold 600 15%
' Silver 600 15%
Bronze 600 15%

vIP 200 5%

Test Gold 200 5%
Silver 200 5%

Bronze 200 5%

vIP 200 5%

Gold 200 5%

Hold-out Silver 200 5%
Bronze 200 5%
Total 4,000 100%

analysis. The F value for stepwise entry was
set at 3.84 and that for stepwise removal was
set at 2.71. <Table 2> describes the selected in-
dependent variables.

To test the generalization of the proposed
model, we divided the data into the three
groups: training, test, and hold-out data sets.
<Table 3> shows the number and proportion

of samples in each data set.

3.2 Experimental Design

In this section, we examine our ordinal mul-
ticlass SVM model and compare it with multi-
variate discriminant analysis (MDA), case-
based reasoning (CBR), artificial neural network
(ANN), and other conventional multiclass SVM
models to validate our model’s performance.

ANN is designed as a three-layer network
whose learning rate and momentum rate are
0.1. The hidden and output nodes use the sig-
moid transfer function. We applied ANN mod-
els by varying the number of their hidden no-
des from 7 to 28. Among the results, we chose

the model whose number of hidden nodes is
21 since its performance was the best. This
study allows 150 learning epochs for ANN. For
ANN models, we applied Ward System Group’s
Neuroshell 4.0.

For the case of SVM-based models, the linear
function, the polynomial function, and the Ga-
ussian radial basis function were used as the
kernel functions of SVM. Tay and Cao [2001]
suggested that the upper bound C and kernel
parameters play an important role in the per-
formance of SVMs [Kim, 2003]. Improper se-
lection of these two parameters can cause the
overfitting or the underfitting problems. Since
there is few general guidance to determine the
parameters of SVM, this study varies the pa-
rameters to select the optimal values for the
best prediction performance. For the case of ra-
dial basis function, Tay and Cao [2001] sug-
gested that an appropriate range for o°, the
bandwidth of the radial basis function, is be-
tween 1 and 100, and for C, is between 10 and
100 in their applications. Therefore, we had set
the values with o® as 1, 25, 50, 75, and 100 and
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with C, 10, 33, 55, 78, and 100. For the case of
polynomial function and linear function, there
is no general guideline. Thus, we had set the
values of C as 10, 33, 55, 78, and 100, which
are equal to the case of RBF. In case of d, the
degree of the polynomial function, we took a
range from 1~5.

This study used LIBSVM software system
for binary classification and BSVM for multi-
class classification [Chang and Lin, 2001; Hsu
and Lin, 2006]. In addition, we developed a
post-processing software that combines the re-
sults generated from multiple binary SVMs for
the implementation of One-Against-All, One-
Against-One, One-Against-The-Next, and One-
Against-Followers.

For the case of MDA, we used SPSS 16.0. In
addition, we employed our own software, wri-
tten in Microsoft Visual Basic for Applications
for Excel 2003, to implement CBR. The number
of the nearest neighbor for CBR was fixed at

one.

3.3 Experimental Results

We generated the hit ratios of each model,
including the ordinal multiclass SVMs, the con-
ventional multiclass SVMs, MDA, ANN, and
CBR, to compare the performance of each
algorithm. The hit-ratio means the ratio of the
corrected cases over all the cases. The ratio is

represented as follows:
CR = %2 CA.; CA; = 1if PO; = AO; CA; =
k=1

0 otherwise, where CR is the rate of classi-
fication accuracy for the current test-set, CA; is
a code for hit or non-hit of the iy case of the
test-set denoted by either 1 or 0 (“correct” =
1, “incorrect” = 0), PO; is the predicted out-
come for the iy, case, and AO; is the actual out-
come for the iy, case. The hit ratios of the ordi-
nal multiclass SVMs and the comparative mod-
els are summarized in <Table 4>.

<Table 4> presents the predictive perform-
ances of the models evaluated. The ordinal

<Table 4> Classification Accuracies of the Ordinal Multiclass SVMs and Comparative Algorithms

Model Train set|Test set Hold-out set Condition
MDA 85.81% 87.38% Stepwise selection
ANN 98.04% | 9750%  96.75% # of hidden
nodes =21
CBR N/A 91.88% k=1
Conventiona] _'Veston and Watkins 98.59% 97.00%  RBF, C=100, /=1
Multiclass  One-Against-One 98.69% 97.25% RBF, C=100, /=1
SYM' " One-Against-All 98.47% 9713%  RBF, C=100, #=1
One-Against-The-Next + Forward 98.69% 97.25% RBF, C=100, F=1
I\%‘ﬁig One-Against-The-Next + Backward 98.69% 9725%  RBF, C=100, /=1
SVM One-Against-Followers + Forward 98.69% 97.25% RBF, C=100, F=1
One-Against-Followers + Backward 98.69% 97.25% RBF, C=100, /=1

Note) * Radial Basis Function.
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multiclass SVMs were the best among the com-
parative models. In addition, we found that
they outperformed MDA, CBR, and ANN, as
well as the conventional multiclass SVMs with
Weston and Watkins and One-Against-ALL.
The conventional multiclass SVM with One-
Against-One, however, produced the same pre-
diction performance as the ordinal multiclass
SVMs. In addition, we could not find differ-
ences among several ordinal multiclass SVMs
in prediction performance. Moreover, we could
not find significant statistical differences among
the ordinal multiclass SVM and other com-
parative models except ANN and CBR.

<Table 5> Classification Results for Hold-out
Samples of CBR and Ordinal Mult—
iclass SVMs

(a) CBR (k=1)

Actual Levels
VIP Gold Silver Bronze
VIP 189 9
Predicted Gold 11 186 9
Silver 5 175 15
Bronze 16 185

Levels

(b) 4 Types of Ordinal Multiclass SVMs

Actual Levels
VIP Gold Silver Bronze
VIP 200 2

Predicted Gold 197 4
Levels  Silver 1 185 4
Bronze 11 196

Other than classification accuracy, we may
also use misclassification error for each class as
a criterion for evaluating the effectiveness of
the proposed model. Especially, it is less crit-

ical in our case to classify low level customers

into the high because they would not churn in
this case. However, the opposite case is seri-
ous. In this case, the company may lose their
profitable customers because of handling them
as unprofitable ones. <Table 5> shows the clas-
sification results of CBR and the proposed
model. In <Table 5>, the frequencies of the
lower triangular area (gray area) represent the
important cases for the company, which classi-
fy high-level customers into the low. The total
number of these critically misclassified cases
for each model is 32 (4%) and 12 (1.5%), re-
spectively. Moreover, our proposed model pre-
dicted VIP customers with 100% accuracy. Thus,
it may be another evidence that supports the
value of our proposed model.

IV. Conclusions

In this study, we apply a novel multiclass
SVM algorithm, the ordinal multiclass SVM, to
a real life multiclass customer classification
case. The experimental results show that the
ordinal multiclass SVM may perform better
than other traditional multiclass classification
algorithms, including MDA, CBR, ANN, and
most other conventional (nominal) multiclass
SVM algorithms, such as the method by Wes-
ton and Watkins and One-Against-ALL from the
perspective of classification performance. Mo-
reover, our study shows that the ordinal multi-
class SVMs may improve prediction results
with fewer classifiers. Although One-Against-
One, which is one of the nominal multiclass
SVMs, produced the same prediction perform-
ance as the ordinal multiclass SVMs, the effi-
ciency of the model might be low, because
One-Against-One used more classifiers than
the ordinal multiclass SVMs. We also found
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that the hit ratios of several ordinal multiclass
SVMs were the same in this case. Thus, we can
conclude that the ordinal multiclass SVMs may
improve classification performance with fewer
binary classifiers than the traditional classi-
fication algorithms and the conventional (no-
minal) multiclass SVMs vis-a-vis ordinal multi-
class classification problems. We believe that
there may be significant difference among the
hit ratios of ordinal multiclass SVMs and other
conventional multiclass models if more data
are provided.

Although we compared multiple classifiers
for the purpose of validating our proposed mo-
del, we have not tested certain multiclass clas-
sifiers, including multinomial logistic regre-
ssion and DAGSVM (the directed acyclic graph
SVM), which has been one of the most popular
multiclass SVMs. In addition, in order to vali-
date and prove the usefulness of the ordinal
multiclass SVMs, there may be a need to apply
our proposed model to other domains. These
remain the subjects to be investigated in future

research.
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