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Abstract 

 
 

  The reduced support vector machine (RSVM) is extension method of smooth support 

vector machine (SSVM) for handling computational difficulties as well as reduces the model 

complexity by generating a nonlinear separating surface for a large dataset. To generate 

representative reduce set for RSVM, clustering reduced support vector machine (CRSVM) 

was proposed. However, CRSVM is restricted to solve classification problems for large 

dataset with numeric attributes. In this paper, we propose an alternative algorithm, k-mode 

RSVM (KMO-RSVM) that combines RSVM and k-mode clustering technique to handle 

classification problems on categorical large dataset. Applying k-mode clustering algorithm to 
each class, we can generate cluster centroids of each class and use them to form the reduced 

set which is used in RSVM. In our experiments, we tested the effectiveness of KMO-RSVM on 

four public available dataset. It turns out that KMO-RSVM can improve speed of running 

time significantly than SSVM and still obtained a high accuracy. Comparison with RSVM 

indicates that KMO-RSVM is faster, gets smaller reduced set and comparable testing 

accuracy than RSVM.  

 
 Keywords:  k-mode clustering, smooth support vector machine, reduced support 

vector machine, large categorical dataset. 
 
 

1. Introduction 

 The task of classification occurs in a wide range of human activity. The goal of data 

classification is to organize and categorize data in distinct classes. Many techniques can be 

used to solve the classification problems, from traditional methods such as linear 

discriminant, quadratic discriminant, logistic discriminant [6] and advanced methods such as 

fuzzy systems, decision tree, neural network, support vector machine, etc [24]. Recently, the 

support vector machines (SVM) has exploded in popularity within the machine learning 

literature and data mining applications. The SVM was developed by Vapnik and co-workers 

in 1995 [31]. Today, SVM show better results than (or comparable outcomes) to neural 

network and other classifiers on most popular benchmark problems [32]. The SVM have 

become the tool of choice for fundamental classification problem of machine learning and 

data mining. This method has been successfully applied to a number of applications ranging 
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from particle identification, face identification, text categorization, bioinformatics, and 

database marketing [23]. 

 Many Support Vector Machine (SVM) algorithms have been developed to improve 

testing accuracy of classifiers such as Lagrangian Support Vector Machine (LSVM), Finite 

Newton Lagrangian Support Vector Machine (NLSVM), Smooth Support Vector Machine 

(SSVM) and Finite Newton Support Vector Machine (NSVM) [21].  Among these 

techniques, one of the effective algorithms is Smooth Support Vector Machine (SSVM). The 

SSVM was proposed by Lee, Y.J. and O.L. Mangasarian (2001)[16]. The SSVM algorithm 

generates a SVM classifier by solving a strongly convex unconstrained minimization problem 

without using any optimization package. This method uses a Newton Armijo algorithm that 

can be shown to converge globally and quadratically to the unique solution of the SSVM [16]. 

Recently, many new SSVM classifiers have been reported. Yuan, et al (2005) [34] and Luo, 
et al (2006) [22] proposed a new SSVM based on polynomial function, Third Order Spline 

Smooth Support Vector Machine (TSSVM) was given by Yuan, et al, (2007) [33] and finally 

a new SSVM was proposed using a modified spline function [26, 27, 28]. 

       The SSVM methods only work well on small to moderate dataset. In practice for 

solving large classification problem, SSVM cannot be used because the training complexity 

of SSVM is highly dependent on the size of data set [2]. Therefore, many of the techniques 

were developed to reduce the amounts of data. Cervantes, et al (2008) presented support 

vector machine for classification large data using minimum enclosing ball clustering [13]. A 
new training algorithm, clustering k-NN (k-nearest neighbour) support vector machines 

(CKSVMs) based on a Gaussian function regulated locally was proposed by Comak & Arslan 

(2008) [4]. Based on SSVM, variants methods of reduced set selection were proposed, such 

as Reduced Support Vector Machine (RSVM) based on random sampling [17], RSVM based 

on stratified sampling [20], Systematic Sampling RSVM (SSRSVM) that selects the 

informative data points to form the reduced set [2, 3] and Clustering RSVM (CRSVM) that 

builds the model of RSVM via Gaussian kernel construction [2, 19]. Chien, et al (2010) have 

shown that CRSVM has lower computational time on most experiments compared SSRSVM 

and LIBSVM [2]. The CRSVM apply k-means clustering which work well on numeric 

dataset. However, much of the data existed in the databases are categorical, where attribute 

values cannot be naturally ordered as numerical values.  

  Hence in this paper, we propose an alternative algorithm based on clustering technique 

which called K-Mode RSVM (KMO-RSVM) for handling large categorical dataset. The 

KMO-RSVM algorithm reduces support vectors by combining k-mode clustering technique 

and RSVM. Applying k-mode clustering algorithm to each class, we can generate cluster 

centroids of each class and use them to form the reduced set which is used in RSVM. To 

evaluate the effectiveness of KMO-RSVM, experiments on four categorical attribute dataset 

are conducted. There are breast cancer dataset, tic-tac-toe dataset, chess dataset and 

mushroom dataset. The tenfold testing accuracy and computational time are used to assess 

performance of the method. From experiments on four public dataset show that KMO-RSVM 

can improve speed of running time significantly than SSVM and still obtained a high 

accuracy. Comparison with RSVM indicates that KMO-RSVM is faster, gets smaller reduced 

set and comparable testing accuracy than RSVM. 

 Remaining of this paper is organized as follow. Section 2 gives the main ideas and 

formulation for RSVM. In section 3, we describe the proposed RSVM based on k-mode 

clustering technique. The numerical experiment and results are presented in section 4. Finally, 

discussion and conclusions are given in section 5. 
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2. Reduced support vector machine (RSVM) 

In this section, the fundamental concept and main idea of RSVM are described briefly. 

 
2.1. Fundamental concept 

 A word about notation and background material is given here. All vector �  are column 

vectors and �� denotes the transpose of �. For a vector � � ��, the plus function �� is defined 
as ���� 	 max �0, ���, � 	 1, … , �. For a matrix � � ����, �� is the ��� row of A which is a 
row vector in ��. A column vector of one of arbitrary dimensions will be denoted by e. The 

base of the natural logarithm will be denoted by �. The p-norm of � will be denoted by 
���� 	  ∑ |��|��#$ �%$ �&

. For � � ���� and ' � ���(, the kernel )��, '�maps ����*���( 
into ���(. 

 

2.2. Review of RSVM 

 Support vector machines (SVM) have been applied in many classification problems 

successfully. However, it is restricted to work well on a small dataset [15]. In large scale 

problems, the full kernel matrix will be very large so it may not be appropriate to use the full 

kernel matrix. In order to avoid facing such a big full kernel matrix, Lee and Mangasarian 

(2001) proposed Reduced Support Vector Machines (RSVM) [17]. The key idea of RSVM is 

randomly selecting a portion of data as to generate a thin rectangular kernel matrix. Then it 

uses this much smaller rectangular kernel matrix to replace the full kernel matrix [18]. 

Although the original random selection scheme has a good theoretical foundation [18], it may 

not good representative of the real data when the size of reduced set is too small (Wu, et al, 

2006). The first RSVM is randomly samples selection which can not represent the original 

data. Later, the researchers proposed some selection samples methods in RSVM, such as: 

systematic sampling RSVM [2, 3], clustering RSVM [2, 19]. 

 We now briefly describe the RSVM formulation for binary classification. Assume that 

we are given a dataset consisting of m points in n dimensional real space R
n
.  These data 

points are represented by +�� matrix, where the i
th
 row of matrix A, Ai corresponds to the i

th
 

data point.  Each point in dataset comes with a class label, +1 or -1. Two classes data A+ and 

A- belong to positive (+1) and negative (-1), respectively.  A diagonal matrix Dmxm with 1 or -

1 along its diagonal can be used to specify the membership of each point. In other words, Dii 

= , depending on whether the label of i
th
 data point is +1 or -1. This is a classification 

problem which aims to find a classifier that can predict the label of new unseen data points. 

  RSVM is derived from generalized support vector machine (GSVM) [23] and the 

smooth support vector machines (SSVM) [16]. The SSVM formulation for non linear case is 

given as follows: 

),,(
min

yu γ
 ( )2'

2

1
'

2
γ++ uuyy

v                                 (1) 

            s.t. ( ) eyeDuAAKD ≥+− γ)',(  

                               0≥y  

Where - is positive number for balancing training error and the regularization term in 

objective function. The constraint in equation (1), can be written by: 

  . 	 �/ 0 1�)��, �2�13 0 /4��                            (2) 
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Thus, we can replace y in (1) by (2) and convert the SVM problem (1) into an equivalent 

SVM which is an unconstrained optimization problem as follows:  

( )( )( ) ( )22

2,
'

2

1
,',

2
min γαγ

γ
++−− uueDuAAKDep

v

u

                         (3) 

Where the function p is very accurate smooth approximation to +x  . It is called integral of 

sigmoid function, that is: 

          ( ) ( ) 0,1log
1

, >++= − αε
α

α αxxxp                                            (4) 

Where ( )',AAK  is a kernel map from mxmnxmmxn RtoxRR . We use Radial Basis Function kernel 

as follows: 

2

2ji AA
e

−−µ
,  i,j = 1,2,3….m                  (5) 

We replace the full kernel matrix )',( AAK with a reduced kernel matrix )',( AAK , where A  

consists of m  random column from A, and the problem becomes: 

( )( )( ) ( )2
2

2),(
'

2

1
,',

2
min

1
γαγ

γ
++−−

+∈
uueuDAAKDep

v
mRu

                                (6) 

The reduced kernel method constructs a compressed model and cuts down the computational 

cost from )( 3nΟ  to )( 3nΟ . It has been shown that the solution of reduced kernel matrix 

approximates the solution of full kernel matrix well [17]. The Newton Armijo algorithm is 

applied to solve the problem (6).  

  There are two parameters which we must automatically tune in this parameter selection: 

the RSVM regularization parameter ν which determines the trade off cost between 

minimizing the training error and the complexity of the model and kernel parameter µ which 

defines the non-linear mapping from the input space to some high-dimensional feature space. 

In this work, radial basis function kernel is applied since it has a few numbers of parameters 

and has less numerical difficulties [12]. To obtain optimal accuracy results, we used Uniform 

Design [11] method for selection parameter. The steps to implement the uniform design in 

RSVM parameter selection problem as follow [11]: 

1. Choose a parameter search domain; determine a suitable number of levels for each 

parameter. In this work, levels of parameter ν = [ 2
-5
, 2

15
] and levels of parameter µ

= [2
-5
, 2

3
]. 

2. Choose a suitable UD table to accommodate the number of parameters and levels. 

This can be easily done by visiting the UD-web. 

http://www.math.hkbu.edu.hk/UniformDesign. 

3. From the UD table, randomly determine the run order of experiments and conduct the 

performance evaluation of each parameter combination in the UD. 

4. Fit the RSVM model.  

5. Find the best combination of the parameter values that maximizes the performance 

measure. 

 

Descriptions of RSVM are given in following algorithm: 

 

Algorithm 1. RSVM : 
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i. Choose a random subset matrix xnmRA∈  of the original data matrix mxnRA∈ . 

ii. Solve modified version of SSVM (5) using The Newton Armijo algorithm, where 'A

only is replaced by 'A  with corresponding DD ⊂  

( )( )( ) ( )2
2

2),(
'

2

1
,',

2
min

1
γαγ

γ
++−−

+∈
uueuDAAKDep

v
mRu  

iii. The separating surface is given by (8) with 'A  replaced by 'A  as follows: 

( ) γ=uDAxK ','  

iv. A new input is classified into class +1 or -1 depending on whether the step function:  

( ) *)','( γ−uDAxK  

is +1 or zero respectively. 

 

 

3. RSVM based on k-mode clustering 

  In this section, the proposed reduced support vector machine for classification large 

categorical attributes data set based on k-modes clustering will be explained. We called 

KMO-RSVM. Firstly, we describe k-modes clustering for categorical data. Then, we describe 

algorithm of RSVM based on k-modes clustering. 

 

3.1. K-mode Clustering 

  Most previous clustering algorithms focussed on numerical dataset [1]. However, much 

of the data existed in the databases is categorical, where attribute values cannot be naturally 

ordered as numerical values.  

  Various clustering algorithms have been reported to cluster categorical data. He, Z. et al 

(2005) [7] proposed a cluster ensemble for clustering categorical data. Ralambondrainy 

(1995) [29] presented an approach by using k-means algorithm to cluster categorical data. The 

approach is to convert multiple category attributes into binary attributes (using 0 and 1 to 

represent either a category absent or present) and treat the binary attributes as numeric in the 

k-means algorithm. Gowda and Diday (1991) [5] used other dissimilarity measures based on 

“position”, “span” and “content” to process data with categorical attributes. Huang (1998) [9] 

proposed k-modes clustering which extend the k-means algorithm to cluster categorical data 

by using a simple matching dissimilarity measure for categorical objects. Recently, 

Chaturvedi, et al (2001) [1] also presented k-modes which used a nonparametric approach to 

derive clusters from categorical data using a new clustering procedure.  Huang, Z (2003) [10] 

has demonstrated the equivalence of the two independently developed k-modes algorithm 

given in two papers which done by Huang, Z. (1998) [9] and Chaturvedi, et al (2001)[1]. 

Then, San, O.M., et al (2004) [30] proposed an alternative extension of the k-means algorithm 

for clustering categorical data which called k-representative clustering.  

  In this study, we concern to adopt k-Modes clustering algorithm which was proposed by 

Huang (1998) [9]. This method is based on k-means clustering but removes the numeric data 

limitation. The modification of k-means algorithm to k-modes algorithm as follows (Huang, 

Z. 1998) [9]: 

i. Using a simple matching dissimilarity measure for categorical objects 

ii. Replacing means of clusters by modes 

iii. Using a frequency based method to update the modes. 
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 The simple matching dissimilarity measure can be defined as following. Let X and Y 

are two categorical objects described by m categorical attributes. The dissimilarity measure 

between X and Y can be defined by the total mismatches of the corresponding attribute 

categories of the two objects. The smaller the number of mismatches is, the more similar the 

two objects. Mathematically, it can be presented as follows [9]: 

 5�*, 6� 	 ∑ 7��8 , .8��8#$                                                       (6) 

Where 

  7 �8, .8% 	 9:  ��8 	 .8�
1  ��8 ; .8�<                                                        (7) 

When (6) is used as the dissimilarity measure for categorical objects, the cost function 

becomes: 

   =�>, ?� 	 ∑ ∑ ∑ @�,(7���,8, A(,8��8#$��#$B(#$                                    (8) 

Where @�,( � >  and ?( 	 CA(,$, A(,D, … , A(,�E � F. 

 The k-modes algorithm minimizes the cost function defined in equation (8). The k-

modes algorithm consists of the following steps [9]: 

1. Select k initial modes, one for each cluster. 

2. Allocate an object to the cluster whose mode is the nearest to it according to (6).  

3. After all objects have been allocated to clusters, retest the dissimilarity of objects 

against the current modes. If an object is found such that its nearest mode belongs to 

another cluster rather than its current one, reallocate the object to that cluster and 

update the modes of both clusters. 

4. Repeat 3 until no object has changed clusters after a full cycle test of the whole data 

set. 

 

3.2. KMO-RSVM 

 The K-means is one of the simplest and famous unsupervised learning algorithms that 

solve the well known clustering problem. The procedure follows a simple and easy way to 

classify a given data set through a certain number of clusters fixed a priori [9]. The 

disadvantage of this algorithm is that it can only deal with data sets with numerical attribute. 
Huang, 1998 [9] proposed the k-modes algorithm to tackle the problem of clustering large 

categorical dataset. The k-modes algorithm is efficient when clustering very large complex 

data sets. Another advantage of this method is that the k-modes algorithm is faster than the k-

means algorithm because it needs less iteration to converge [8]. 

 This work has focused to build classifier by combining the k-Modes clustering 

technique and RSVM. We called KMO-RSVM. The KMO-RSVM can be applied to avoid 

computational difficulties for classification large data especially have categorical attributes. 

Principally, the KMO-RSVM generates cluster centroids of each class by applying k-mode 

clustering algorithm and uses them to form the reduced set. The procedure of KMO-RSVM 

which combines k-modes clustering and RSVM is shown in algorithm 2. 

 

Algorithm 2. KMO-RSVM  

Let k1 be the number of cluster centroids for positive class and k2 be the number of cluster 

centroids for negative class. 
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Step 1.  For each class, runs k-Modes clustering to find the cluster centroids  c
h
. Use   

clustering results to form the reduced set �G 	 CH$, HD, … , H�E�.  
Where m = k1+k2. 

We use the simplest method, rule thumb [14] to determine number of cluster 

centroids k1 and k2.  The equation as follow: 

I J K�
DL

M
N                                                                            (9) 

Step 2.  Two parameters (the RSVM regularization parameter v   and kernel parameterγ ) are 

selected using Uniform Design method [9]. 

Step 3.  SSVM classifiers are built on reduced data using Newton Armijo algorithm. 

Step 4.  Get the separating surface is given by: 

( ) γ=uDAxK ','          (10)  
Step 5.  A new unseen data point � � �� is classified as class +1 if 

 �)��2, �2O �1O3P 0 4� Q 0 
 Otherwise x is classified as class -1. 

 

4. Experiments and results 

 To evaluate the effectiveness of KMO-RSVM, we conducted experiments on four 

categorical attributes dataset. There are breast cancer dataset, tic-tac-toe dataset, chess dataset 

and mushroom dataset (Table 1).  All of datasets were taken from UCI machine repository 

[25]. We choose these dataset to test this algorithm because all attributes of the data can be 

treated as categorical. 

 The first dataset which used in our works is breast cancer dataset. The breast cancer 

dataset contains 699 instances taken from needle aspirates from patients’ breasts, where 16 

instances have missing values. Because of the small number of missing data, these cases are 

discarded from data set and remaining 683 cases are used in our experiment, of which 444 

cases belong to benign class and the remaining 239 cases belong to malignant class. Each 

record in the database has nine attributes. These nine attributes were found to differ 

significantly between benign and malignant samples.  

 The tic-tac-toe dataset were created by David W. Aha [25] at 1991. There are 958 

samples with 9 categorical attributes. Each attributes corresponding to one tic-tac-toe square. 

There are 626 samples for positive and 332 samples for negative. 

 The chess dataset was supplied by Peter Clark of the Turing Institute in Glasgow at 

1989 [25]. The number of instances are 3196 and number of attributes are 36. There are 2 

classes, white-can win (“won”) and white-cannot-win (“nowin”). The class distributions are 

1669 instances  (52%) for “won” and 1527 instances (48%) for “nowin”. 

 The mushroom dataset is donor from Jeff Schlimmer at 1987 [25]. It has 22 attributes 

(all nominally valued) and 8124 records. Each record represents physical characteristics of a 

single mushroom. A classification label of poisonous (“p”) or edible (“e”) is provided with 

each record. The numbers of edible and poisonous mushrooms in the dataset are 4208 and 

3916, respectively. Table 1 summarizes the categorical datasets that we used in our 

experiments. 
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Table 1. Descriptions of four categorical dataset 
 

 Dataset Number 
of data 

Number of  
positive 
class 

Number of 
negative 
class 

Number  
of 
attributes 

1 Breast 
cancer 

683 444 239 9 

2 Tic-tac-toe 958 626 332 9 

3 Chess 3196 1669 1527 36 

4 Mushroom 8124 4208 3916 20 

 

  We present two performance evaluations which used to evaluate the KMO-RSVM 

method. There are 10 fold testing accuracy and response time. In order to give a more 

objective comparison, we run 10 times on each dataset.  All our experiments were performed 

on a personal computer, which utilizes a 2.00 GHz T6600 Intel(R) Core(TM) 2 duo CPU 

processor and 2 gigabytes of RAM. This computer runs on windows 7 operating system, with 

MATLAB 7 installed. The results of experiment on four dataset above using KMO-RSVM 

and SSVM can be presented as following. 

 

  

Tabel 2. Testing accuracy and response time of KMO-RSVM and SSVM method 
on four categorical dataset 

 
Average (best in bold) 

Standard deviation 

Dataset SSVM KMO-RSVM 

Testing 
Accuracy 

(%) 

Response 
time 

(seconds) 

Testing 
Accuracy 

(%) 

Response 
time 

(seconds) 

Breast 
cancer 

0.9724 
(0.001061) 

299.8901 
(20.1303) 

0.9725 
(0.001049) 

2.1434 
(0.05313) 

Tic-tac-toe 0.9979 
(0.001232) 

845.0536 
(44.37456) 

0.9833 
(0.000483) 

2.7643 
(0.107759) 

Chess 0.9948 
(0.000374) 

13194 
(2509.151) 

0.97642 
(0.001004) 

18.9042 
(1.83739) 

Mushroom N/A N/A 0.9992 
(0.000146) 

90.4494 
(2.93452) 

 

  In numerical tests (Table 2), we can see that the response time of KMO-RSVM is 

always really less than the response time of SSVM. This indicates that the KMO-RSVM can 

improve speed the response time significantly than SSVM method. Even, on mushroom 

dataset, while the computer ran out of memory to generate the full non linear kernel (SSVM), 

the KMO-RSVM can solve the problem with the response time 90.4494 seconds. Meanwhile, 

it can be seen the testing accuracy of KMO-RSVM slightly decreases than SSVM on tic-tac-

toe and chess dataset, whereas on breast cancer dataset the testing accuracy of KMO-RSVM 

slightly increase than SSVM. Table 2 also shows that the standard deviation of testing 

accuracy and response time of KMO-RSVM is lower than SSVM. It means the KMO-RSVM 

is more consistent than SSVM algorithm. In the next work, we compare our results of KMO-

RSVM with RSVM.  
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Table 3.  Comparisons accuracy, time and reduced set (RO ) of variants methods 
                (SSVM, RSVM, KMO-RSVM) 

Dataset Measure 

Method 

SSVM RSVM 
KMO-
RSVM 

 
Breast  

 
Accuracy 

 
97.16 

 
97.295 

 
97.250 

cancer Response time 286.9638 2.5818 2.1434 
 +O  683 35 26 

Tic-tac-toe Accuracy 99.79 98.392 98.350 
 Response time 816.5248 3.1668 2.76434 
 +O  958 38 31 

Chess Accuracy 99.430 97.746 97.642 
 Response time 12214 21.12251 18.90418 
 +O  3196 64 57 

Mushroom Accuracy N/A 99.913 99.919 
 Response time N/A 79.99732 90.44939 
 +O  8124 81 80 

 

 

From table 3, generally it can be concluded that: 

- The number reduced set of KMO-RSVM smaller than RSVM method. 

- The response time of KMO-RSVN less than RSVM method, except on mushroom 

dataset. 

- Obtained testing accuracy of KMO-RSVM and RSVM are comparable. 

 

5. Conclusions and discussion 

 In this study, we have proposed an alternative algorithm, KMO-RSVM which combine 

k-mode clustering and RSVM for classification large categorical dataset. The motivation for 

KMO-RSVM comes from computational difficulty of SSVM in solving large data set. The 

numerical results show that KMO-RSVM can improve speed response time significantly and 

can handle classification for large categorical dataset, when the SSVM method ran out of 

memory (in case: mushroom dataset). We also compare the classification performance of 

KMO-RSVM with RSVM. Experiments have indicated that the response time of KMO-

RSVM was less than RSVM method, except on mushroom dataset. Testing accuracy of 

KMO-RSVM and RSVM was found to be comparable. 

     From the results above it can be concluded that the KMO-RSVM appears to be a very 

promising method for handling large classification problems especially for categorical 

dataset.  
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