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a b s t r a c t

The support vector machine (SVM) is a state-of-the-art method in supervised classification. In this paper
the Cluster Support Vector Machine (CLSVM) methodology is proposed with the aim to increase the
sparsity of the SVM classifier in the presence of categorical features, leading to a gain in interpretability.
The CLSVM methodology clusters categories and builds the SVM classifier in the clustered feature space.
Four strategies for building the CLSVM classifier are presented based on solving: the SVM formulation in
the original feature space, a quadratically constrained quadratic programming formulation, and a mixed
integer quadratic programming formulation as well as its continuous relaxation. The computational
study illustrates the performance of the CLSVM classifier using two clusters. In the tested datasets our
methodology achieves comparable accuracy to that of the SVM in the original feature space, with a
dramatic increase in sparsity.

& 2016 Elsevier Ltd. All rights reserved.

1. Introduction

In supervised classification [2,18,37], we are given a set of
objectsΩ partitioned, in its simplest setting, into two classes, and
the aim is to classify new objects. Given an object iAΩ, it is
represented by a vector ðxi; x0i; yiÞ. The feature vector xi is asso-
ciated with J categorical features, that can be binarized by split-
ting each feature into a series of 0-1 dummy features, one for

each category, and takes values on a set XDf0;1g
PJ

j ¼ 1
Kj , where Kj

is the number of categories of feature j. Thus, xi ¼ ðxi;j;kÞ, where
xi;j;k is equal to 1 if the value of categorical feature j in object i is
equal to category k and 0 otherwise. The feature vector x0i is
associated with J0 continuous features and takes values on a set
X0DRJ0 . Finally, yiAf�1; þ1g is the class membership of object i.
Information about objects is only available in the so-called
training sample, with n objects.

In many applications of supervised classification datasets are
composed by a large number of features and/or objects [26],

making it hard to both build the classifier and interpret the results.
In this case, it is desirable to obtain a sparser classifier, which may
make classification easier to handle and interpret, less prone to
overfitting and computationally cheaper when classifying new
objects. The most popular strategy proposed in the literature to
achieve this goal is feature selection [14,15,17,35], which aims at
selecting the subset of most relevant features for classification
while maintaining or improving accuracy and preventing the risk
of overfitting. Feature selection reduces the number of features by
means of an all-or-nothing procedure. For categorical features,
binarized as explained above, it simply ignores some categories of
some features, and does not give valuable insight on the rela-
tionship between feature categories. These issues may imply a
significant loss of information.

A state-of-the-art method in supervised classification is the
support vector machine (SVM). The SVM aims at separating both
classes by means of a classifier, ðωÞ> xþðω0Þ> x0 þb¼ 0, ðω;ω0Þ
being the so-called score vector, where ω is associated with the
categorical features and ω0 is associated with the continuous fea-
tures. Given an object i, it is classified in the positive or the
negative class, according to the sign of the score function,
signððωÞ> xiþðω0Þ> x0iþbÞ, while for the case ðωÞ> xi þðω0Þ> x0iþ
b¼ 0, the object is classified randomly. See [5,11,17,24,29] for
successful applications of the SVM and [10] for a recent review on
Mathematical Optimization and the SVM.

In this paper, a methodology to increase the sparsity of the
support vector machine (SVM) classifier for datasets composed by
categorical features, sometimes containing many categories,
and eventually continuous features, is proposed. This is done by
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clustering the different categories of each categorical feature into a
given number of clusters, and then obtaining an SVM-type clas-
sifier in the clustered feature space. We call this the Cluster Sup-
port Vector Machine (CLSVM) methodology and we will refer to
the CLSVM classifier. Note that we apply a clustering methodology
to the feature space, while other papers in the literature such as
[16] apply clustering to the set of records.

Sparsity is used as a surrogate of interpretability, since in sparse
classifiers only the most valuable information is retained. As an
illustration, let us consider the well-known German credit dataset,
german, which is one of the datasets from the UCI repository, [4],
used in our computational tests. This is a credit scoring dataset,
with good customers defining the positive class (y¼ þ1) and bad
customers defining the negative class (y¼ �1), and has been used
in the context of supervised classification, such as in [3]. In this
dataset each object is composed by 20 features: 11 categorical
features, binarized into 52 dummies, and 9 continuous features.
For this dataset, the SVM formulation in the original feature space,
hereafter denoted by SVMO, gives a classifier leading to a classifi-
cation accuracy of 76.67% and whose categorical score subvector ω
has 50 relevant features, i.e., cardðfωja0gÞ ¼ 50. However, using
the CLSVM methodology described in this paper, where the cate-
gories of each categorical feature are grouped just into two clus-
ters, the classification accuracy is increased to 80.00% while the
CLSVM classifier uses 2� 11¼ 22 relevant dummies. In other
words, the methodology proposed here allows one to obtain a
much simpler classifier without compromising accuracy (in this
case, accuracy is even higher than the original one). The clustering
of categories for german is shown in Fig. 6, where we can see each
categorical feature separated by a discontinuous line and each
category from each categorical feature represented by a circle. The
two clusters are distinguished by the coloring with dark grey and
light grey circles. For instance, the categorical feature “Property”
originally had four categories, namely, “real estate”, “building
society savings agreement/life insurance”, “car or other” and
“unknown/no property”. As we will see later, the three first cate-
gories, colored in dark grey, are those indicating good customers,
against the category indicating bad customers, namely “unknown/
no property”. This is a further gain in interpretability of the
methodology proposed here when categories are grouped into two
clusters, by detecting which clusters point towards the
positive class.

In this paper, four strategies to build the CLSVM classifier are
proposed using different mathematical optimization formulations.
The first strategy proposed solves the SVMO as initial step. Then,
categories are clustered using a partition of the SVMO scores and
the CLSVM classifier consists of building an SVM classifier in the
clustered feature space. For the second strategy a mixed integer
nonlinear programming (MINLP) formulation of the same type as
the SVM formulation is proposed, but in this case defining a score
for each cluster of each categorical feature. The second strategy is
based on solving the continuous relaxation of this MINLP for-
mulation, a quadratically constrained quadratic programming
(QCQP) formulation to find a clustering, and the CLSVM classifier
consists of building again an SVM classifier in the clustered feature
space. The third and fourth strategies are based on a mixed integer
quadratic programming (MIQP) formulation derived from the
MINLP formulation using the big M modeling trick to reformulate
the nonlinear terms in the feasible region. The third strategy
works similarly to the second one, but solves the continuous
relaxation of the MIQP. The fourth strategy solves the MIQP for-
mulation itself and obtains the clustering and the classifier at once.

In the computational results, the four strategies are compared
against the SVMO in twelve real-life datasets using two perfor-
mance criteria, namely accuracy and sparsity of the classifier for
the categorical features. We conclude from our experiments that

the CLSVM achieves a comparable or even better accuracy than the
SVMO in eleven of the twelve datasets tested. In addition, the
CLSVM methodology shows an outstanding performance in terms
of sparsity of the classifier for the categorical features, with SVMO

using many more dummy features than each of the strategies in
ten of the twelve datasets.

The remainder of this paper is organized as follows. In
Section 2, the CLSVM methodology is introduced together with
two mathematical optimization formulations. Two theoretical
results on relevance of features and interpretability are presented.
In Section 3, the four CLSVM strategies are presented. Section 4 is
devoted to the computational experience, where the CLSVM
classifier and the SVMO classifier are compared using twelve
datasets. Finally, Section 5 contains a brief summary, conclusions
and some lines for future research.

2. The CLSVM methodology

In this section the CLSVM methodology is introduced. An
MINLP formulation is presented for building the CLSVM classifier.
Then, an MIQP formulation is derived from the MINLP one, using
the big M modeling trick to reformulate the nonlinear terms in the
feasible region. Two theoretical results on relevance of features
and interpretability are shown for both formulations.

First, we present the standard SVM formulation [10,12,32,33].
The SVM aims at separating both classes by means of a hyper-
plane, found by minimizing the so-called hinge loss and the
squared l2-norm of the score vector [10]. The SVM classifier is
obtained by solving the following quadratic programming (QP)
formulation with linear constraints:

min
ω;ω0 ;b;ξ

XJ

j ¼ 1

XKj

k ¼ 1

ðωj;kÞ2
2

þ
XJ0

j0 ¼ 1

ðω0
j0 Þ2
2

þC
n

Xn

i ¼ 1

ξi ð1Þ

s:t: ðSVMÞ

yi
XJ

j ¼ 1

XKj

k ¼ 1

ωj;kxi;j;kþðω0Þ> x0iþb

0
@

1
AZ1�ξi 8 i¼ 1;…;n ð2Þ

ξiZ0 8 i¼ 1;…;n ð3Þ

ωAR

PJ

j ¼ 1
Kj ð4Þ

ω0ARJ0 ð5Þ

bAR; ð6Þ
where ðξiÞ denotes the vector of deviation variables and the
parameter denoted by C is a nonnegative regularization parameter
that calls for tuning [7,10]. We will say that category k from
categorical feature j is relevant to the classifier if ωj;ka0. Similarly,
if ω0

j0 a0, then we will say that continuous feature j0 is relevant to
the classifier. Let us focus now on categorical features. If a category
is relevant to the classifier, we will say that category k from feature
j points towards the positive class if the score associated to the
category is positive, i.e., if ωj;k40. Analogously, if ωj;ko0 we will
say that category k from feature j points towards the negative
class. The fact that a category points towards the positive (or
negative) class means that it contributes to classify objects in the
positive (or negative) class respectively, i.e., contributes to make
signððωÞ> xiþðω0Þ> x0iþbÞ equal to þ1 (�1).

The CLSVM methodology is based on the SVM formulation, but
takes into account the way categorical features are handled in the
SVM (and other linear classifiers): splitting each feature into a
series of 0-1 dummy features, the classifier assigns one score to
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