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ABSTRACT

Mining contrast subspace has emerged to find subspaces where a particular queried object is most similar to the target class
against the non-target class in a two-class data set. It is important to discover those subspaces, which are known as contrast
subspaces, in many real-life applications. Tree-Based Contrast Subspace Miner (TB-CSMiner) method has been recently intro-
duced to mine contrast subspaces of queried objects specifically for numerical data set. This method employs tree-based scoring
function to estimate the likelihood contrast score of subspaces with respect to the given queried object. However, it limits the
use of TB-CSMiner on categorical values that are frequently encountered in real-world data sets. In this paper, the TB-CSMiner
method is extended by formulating the tree-based likelihood contrast scoring function for mining contrast subspace in categor-
ical data set. The extended method uses features values of queried object to gather target samples having similar characteristics
into the same group and separate non-target samples having different characteristics from this queried object in different group.
Given a contrast subspace of the target samples, the queried object should fall in a group having target samples more than the
non-target samples. Several experiments have been conducted on eight real world categorical data sets to evaluate the effective-
ness of the proposed extended TB-CSMiner method by performing classification tasks in a two-class classification problem with
categorical input variables. The obtained results demonstrated that the extended method can improve the performance accuracy
of most classification tasks. Thus, the proposed extended tree-based method is also shown to have the ability to discover contrast

1. INTRODUCTION

The advancement in technology nowadays has enabled the collec-
tion and storage of datasets with massive number of features and
large volume of data. An analyst may interest to analyze the features
that distinguish a particular object from the rest of object in data
set. In recent years, mining contrast subspace has been introduced
to discover contrast subspaces of queried object. Given a two-class
data set, a queried object, and a target class, mining contrast sub-
space finds subspaces where a queried object is most likely similar
to target class while least likely similar to non-target class. Those
subspaces are subsets of features that each can comprised of one or
more features that represent the data set. These subspaces are called
as contrast subspaces. Any object can be queried object which its
contrast subspaces are unknown and need to be investigated. Target
class is any class label on which the similarity to the queried object
is examined in order to find contrast subspaces.

The discovery of contrast subspaces is a crucial task in many
application domains including fraud detection, intrusion detection,
medical diagnosis, etc. The contrast subspaces can be used to char-
acterize a particular object and enhance the analysis of data. For
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subspaces of the given queried object in categorical data.
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instance, in banking sector, an analyst may want to know what sub-
spaces do the suspicious transaction is most likely similar to fraud-
ulent cases but dissimilar to normal cases. By knowing the contrast
subspaces, further action can be taken in order to avoid the bank
account being used by the unauthorized user. In addition to that,
an analyst may want to identify the subspaces which cause a suspi-
cious claim most similar to fraudulent cases but different from nor-
mal cases in an insurance sector [1,2]. Those contrast subspaces can
help the analyst in determining the right action to be performed to
tackle the misuse claim.

Tree-Based Contrast Subspace Miner (TB-CSMiner) is a tree-based
mining contrast subspace method that finds contrast subspaces of
a queried object in a two-class classification problem with contin-
uous input variables [3]. It employs a tree-based likelihood con-
trast scoring function in estimating the likelihood contrast score
of a queried object to the target class against the non-target class
regardless of the number of features in the subspace. The tree-
based likelihood contrast scoring function uses interval values of
features to recursively partition a subspace space so that the queried
object and the target samples are grouped together and separated
from the non-target samples. It estimates the likelihood contrast
score of subspaces with respect to the queried object based on the
ratio of probability of target samples (e.g., objects belong to tar-
get class) to the probability of non-target samples (e.g., objects
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belong to non-target class). However, the tree-based likelihood con-
trast scoring function of TB-CSMiner is designed to estimate the
likelihood contrast score of a subspace with respect to a queried
object in a numerical dataset. Particularly, the partitioning criterion
for the process of partitioning the dataset is formed based on the
interval values of numerical feature. The partitioning process con-
ducted based on interval values is not applicable for categorical
dataset that takes unordered nominal values [4-7]. Thus, TB-
CSMiner cannot be applied to handle categorical datasets directly.
Mapping nominal values onto numerical or ordinal values may
cause loss of information [5,6].

In real-life applications, many research works have been conducted
to deal with categorical data in various data mining problem [4,5,
8-14]. This indicates the importance of effectively mining contrast
subspace to learn categorical datasets. Other works include summa-
rizing relational datasets based on features selection which empha-
sized on discretization of numerical data into categorical data
[15-17]. This paper addresses this issue by extending the TB-
CSMiner method where a tree-based likelihood contrast scoring
function is proposed for estimating the likelihood contrast score of
subspaces with respect to queried object in a categorical dataset.

In a two-class categorical data set, given a subspace space and a
queried object, the proposed tree-based likelihood contrast scoring
function divides data objects into two subsets of objects repeatedly
by using features values of queried object until the subset comprises
of only objects belong to one class or the number of objects in the
subset meets a minimum predefined threshold. Then, it measures
the ratio of probability of target samples to the probability of non-
target samples in the subset containing the queried object. Herein,
the contrast subspace of a queried object is defined as the subspace
where the queried object falls having higher probability number of
target objects than the probability number of non-target objects.
Since it is impractical to measure the likelihood contrast score of
all possible subspaces, a similar framework of TB-CSMiner method
is used to discover contrast subspaces of queried object in categor-
ical dataset. That is, it first measures the likelihood contrast score
of individual features or one-dimensional subspaces for the given
queried object and selects only certain one-dimensional subspaces
having high scores. This is followed by measuring the likelihood
contrast score of possible subspaces for the queried object derived
from the selected one-dimensional subspaces to find the contrast
subspaces of queried object.

In this work, the effectiveness of the proposed extended TB-
CSMiner method is validated in terms of performance accuracy
of the classification task conducted on the resulting contrast sub-
spaces. For a contrast subspace obtained from using the extended
method, a new data set is generated by populating the contrast sub-
space space with the data sampled from the given data set in such a
way that the target class and non-target class are separated well, with
reference to a queried object. Subsequently, the newly created data
set is used as an input for classification tasks. A contrast subspace
shall achieve higher classification accuracy than other subspaces.
The experimental results showed that the extended method has the
ability to find contrast subspaces for the given queried object in cat-
egorical data.

The main contribution of this paper is to provide a tree-based
method to find contrast subspaces of the target samples for
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categorical datasets. For a subspace, the tree-based method focuses
on identifying a group of target samples having similar character-
istics with the queried object. The tree-based method uses features
values of queried object as criterion in partitioning the target and
non-target samples. Based on the queried objects, the numbers of
target and non-target samples are used to determine the similarity
of queried object to the target class and non-target class in a sub-
space.

The remainder of this paper is organized as follows: Section 2
discusses related works. Section 3 presents the formalization of
the tree-based likelihood contrast scoring function that deals with
categorical values. The framework of the extended TB-CSMiner
method which incorporates the proposed tree-based likelihood
contrast scoring function for categorical data set is also presented
in Section 3. Section 4 describes the experimental setup and results
on eight real world categorical data sets. Finally, the paper is con-
cluded in Section 5 by drawing a conclusion and providing some
future works.

2. RELATED WORKS

There are a few methods have been developed to find contrast sub-
spaces of a queried object to the best of our knowledge. Contrast
Subspace Miner (CSMiner) is the earliest method introduced to dis-
cover contrast subspaces of the given queried object in numerical
data set [1]. For a subspace, it employs the probability density of
target class and the probability density of non-target class in the
region where the queried object is located, to measure the respec-
tive likelihood score of the queried object to target class and to
non-target class. The ratio of probability density of target class to
probability density of non-target class is then used to estimate the
likelihood contrast score of a subspace. A contrast subspace is where
the queried object is in a region that comprised of higher density of
target objects and lower density of non-target objects than average.
This is corresponding to the queried object is most likely similar
to target class and least likely similar to non-target class respec-
tively. The likelihood contrast scores of contrast subspaces are often
high compared to other subspaces. The CSMiner approach consid-
ers only non-trivial subspaces which their likelihood scores to the
target class are not less than the predetermined minimum likeli-
hood score in searching for contrast subspaces process. Besides that,
CSMiner avoids the brute force search by using an upper bound
of probability density of target objects to remove trivial subspaces
from the search space. The possible subspaces are represented by an
enumeration tree and the subspaces set are searched in depth-first
search manner. All superspaces of a subspace (i.e., descendents of a
subspace) can be removed if the upper bound of probability density
of target objects does not meet the minimum likelihood threshold.
CSMiner is remaining inefficient for data set with high number of
features since the number of subspaces that need to be examined
grows exponentially with the number of features in data set.

Contrast Subspace Miner-Bounding Pruning Refining (CSMiner-
BPR) has been proposed to accelerate the process of CSMiner in
searching contrast subspaces [2]. CSMiner-BPR combines a few
new bounding pruning strategies and the pruning rule of CSMiner.
CSMiner-BPR creates an upper bound of probability density of tar-
get objects and lower bound of probability density of non-target
objects based on the e-neighborhood of queried object. For each
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subspace, the neighborhood of a queried object is determined by the
¢ which is the marginal standard deviation of the data. Any objects
within the distance ¢ of a queried object are assigned as the neigh-
bors of the queried object. If the upper bound and lower bound
conditions are met, all superspaces of a subspace can be pruned.
By taking e-neighborhood into account, it reduces the computation
cost for objects outside from the e-neighborhood and thus, speeds
up the contrast subspaces search process.

However, CSMiner and CSMiner-BPR were developed for mining
contrast subspaces in data set comprised of numerical values only.
In both of these methods, the pair wise distance computation con-
stituted their likelihood contrast scoring function. They used dis-
tance between objects to measure the similarity between objects.
Unlike numerical values, categorical values are unordered and thus,
it is difficult to define the similarity between categorical values by
using distance [3,4]. This causes the existing methods cannot be
directly applied to analyze categorical data set.

Recently, TB-CSMiner was introduced that applies a tree-based
likelihood contrast scoring function to find contrast subspaces of
the queried object in numerical data set [3]. The tree-based likeli-
hood contrast scoring function adopts the divide-and-conquer con-
cept of decision tree in measuring the likelihood contrast score
of subspaces with respect to the given queried object. For a sub-
space, firstly, it selects a partitioning criterion to partition data
objects including the queried object into two subsets of objects until
the subset that containing the queried object reaches the prede-
termined minimum number of objects threshold or having objects
belong to the same class. A partitioning criterion comprises a fea-
ture and its interval value which is the best for discriminating
objects including queried object of different class. The likelihood
contrast score of subspaces with respect to the queried object is
then computed based on the ratio of probability of target objects
to probability of non-target objects in the subset that containing
the queried object. This also follows the notion applied in for-
mulating the likelihood contrast score presented in the previous
works (e.g., CSMiner and CSMiner-BPR) [1,2]. In contrast sub-
space, the queried object resides in subset that has higher probabil-
ity of target objects and lower probability of non-target objects than
the average value. That is, the contrast subspace should have high
tree-based likelihood contrast score. TB-CSMiner accelerates the
mining process by selecting a subset of one-dimensional subspaces
with high likelihood contrast score from the initial features given
in the data set. The contrast subspace of queried object is searched
from those non-trivial one-dimensional subspaces. Although the
tree-based likelihood contrast scoring function does not use dis-
tance in measuring the likelihood between the queried object and
the class label, TB-CSMiner method cannot be applied directly
for finding contrast subspaces of the queried object in categorical
data. This is due to the categorical data contains features that take
unordered nominal values. The partitioning criterion of the scor-
ing function which is composed of the interval values of numeric
feature cannot be used to partition categorical data in order to mea-
sure the likelihood contrast score of subspaces for a queried object.

Local Outlier with Graph Projection (LOGP) characterizes the
abnormality of an object against the normal objects for categori-
cal data by using the graph embedding approach [18]. It constructs
geometrical structure model from the given data distribution and
the model is used to find the subspaces where the object is well

discriminated from the normal objects. In the problem of discov-
ering properties, an algorithm called EXPREX was proposed that
introduced the notion of exceptional property and defined the con-
cept of exceptionality score, which measures the significance of a
property [19]. Exceptional Property Extractor (EXPREX) identifies
exceptional features with high exceptionality score for character-
izing the abnormality of an object in categorical data. The excep-
tionality score is based on the randomization test following the
Pearson chi-square criterion. A semi-supervised approach has been
introduced for detecting outlier in categorical data [5]. It employs
distance-based algorithm to characterize normal objects. This
characterization model is used to identify outliers. Those features
that contribute much in discriminating between normal objects and
outliers are exploited in order to extract valuable information about
the outlier. A feature-grouping-based outlier detection algorithm,
WATCH method is proposed to identify outliers and explanation of
the outlier in categorical data [20]. It gathered features into multiple
groups based on the correlation among features. Then, it searched
for outliers residing in each of the groups. The features group where
the outliers are detected is used to explain the deviation of the out-
liers from other objects. Nevertheless, all of these methods find
subspaces for explaining why an object is an outlier with respect to
normal objects or inliers in categorical data. This is different from
the proposed work in this paper in which the work focuses on find-
ing subspaces where a queried object is most similar to target class
than other classes in categorical data.

3. TB-CSMINER FOR CATEGORICAL DATA

In this section, an extended TB-CSMiner method is presented to
discover contrast subspaces of the given a queried object in two-
class categorical data. This method employs a tree-based likelihood
contrast scoring function which is devised to estimate the likeli-
hood contrast score of subspaces for a queried object in categorical
data. In the next subsection, the formalization of new tree-based
likelihood contrast scoring function utilized in the extended TB-
CSMiner is presented. This is followed by a description of phases
involved in the framework of the proposed extended TB-CSMiner
to efficiently search for contrast subspaces in categorical data.

3.1. Tree-Based Likelihood Contrast
Scoring Function

Given a two-class categorical data set, a queried object, and a tar-
get class, tree-based likelihood contrast scoring function uses fea-
tures values of the queried object as partitioning criterion to group
objects including queried object that have similar values on the fea-
tures and also to separate the queried object from the non-target
objects that have dissimilar values on the features in a subspace
space. In fact, objects that have the same characteristics often belong
to the same class and also belong to different class for objects that
have dissimilar characteristics [21,22]. The tree-based likelihood
contrast scoring function measures the likelihood score of a queried
object to the target class and the non-target class based on the prob-
ability of target objects and the probability of non-target objects, in
the group that contains queried object, respectively. Then, it uses
the ratio of probability of target objects to probability of non-target
objects to measure the likelihood contrast score of a subspace for
the queried object.
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The steps of the tree-based likelihood scoring measure process are
described in the following. For a subspace space, it starts with
choosing a criterion to partition data objects in the root node into
a pair of nodes. Each of the nodes contains a subset of objects. We
use the value of the selected feature of the given queried object as
the partitioning criterion. For example, let consider the selected
feature has value r for the given queried object, g, this value will
be used for partitioning a node into a node containing subset of
objects that have value r and another node which contains the rest
of objects. A sequence of partitioning process is performed only on
node where the given queried object falls. The partitioning process
will be stopped when the number of objects in a node reaches a min-
imum number of objects threshold, MinObjs, or the nodes contains
only objects belong to the same class. The node that has met one of
the stopping criterions becomes the leaf node.

The likelihood contrast score of a subspace can be estimated based
on the ratio of probability of target objects to probability of non-
target objects in the leaf node. Sometimes, the leaf node can contain
target objects without any non-target objects. In this situation, we
use a small constant value #n = 0.001 to replace the zero denominator
of the probability of non-target objects which has been suggested
in other relevant related works [23,24]. Let a queried object g and
a dataset consists of objects O of two classes, O = O, N O_ where,
O, and O_ are subsets of objects of O belong to target class C; and
non-target class C_ respectively, described by a set of categorical
features F, the tree-based likelihood contrast score of a subspace S
for a g can be defined as following:

P(C+’Xlea )/|O+|
TB — LCy(q) = + 1)

where P(C, Xj.4) is the amount of target objects in the leaf node,
|O,| is the amount of target objects in O,

_ P(C—vxleaf)/lo—L P(C—axleaf) >0 (2)
~0.001, P(C_, Xppe) = 0

In Eq. (2), P(C_, Xjeqp) is the amount of non-target objects in the leaf
node and |O_| is the number of non-target objects in O. The value
of P(Cy., Xjeqp) and P(C_, X;q) can be affected by the [O, [ and [O_|
respectively. Thus, |0, | and |O_| are used to normalize the respec-
tive P(Cy, Xjeqp) and P(C_, Xj,p). This corresponds to the probabil-
ity of target objects and the probability of non-target objects in the
leaf node. High tree-based likelihood contrast score of a subspace
indicates that the queried object is more likely similar to the target
class against the non-target class in the subspace. This means the
subspace is likely to be the contrast subspace of the queried object.

Figure 1 depicts an illustration of TB — LCs(g) measure of three
dimensional subspaces { s1, $,, 53} and { s,, 54, s¢}. Suppose each fea-
ture in both of the subspaces has nominal values a, b, and c. The red
point represents the queried object, the blue points signify objects
that belong to target class, and the green points represent objects
belong to non-target class. Let the minimum number of threshold
MinObjs=5. For subspace { s1, s,, s3} in Figure 1, assume that the
queried object has value b, a, and c for the respective feature sy, s,
s3, feature s, having value b based on the queried object is selected
first to partition the node that contains all objects in the data set into
two groups, left node group and right node group. The left node
group and right node group respectively comprise of objects that

Figure 1 An illustration of TB — LCs(g) computation
subspace {s;, 5,, s3} for categorical data.

have feature s; having values other than b and value b. Similar par-
tition process continues using feature s, having value a on the right
node into which the queried object falls. After that, feature s; hav-
ing value c is selected to partition the right node. Since the queried
object resides on the right node and there are only target objects in
the node, the partition has been terminated at the third tier of the
tree and the node becomes leaf node. The likelihood contrast score
of subspaces { s1, s, s3} is then computed.

Meanwhile, for subspace { s,, s4, s¢} in Figure 2, assume that the
queried object has value b, a, b for each feature in the subspace
respectively. The partition process begins by selecting feature s4
having value a following the s, of the queried object and proceeded
on the right node group that contains the queried object using fea-
ture sg having value b. Lastly, the feature s, habing value a is then
used to partition the right node where the queried object falls. The
partition process is halted on the right node at the third tier of the
tree as the amount of objects in the node is less than MinObjs. That
node becomes leaf node and subsequently the likelihood contrast
score is calculated for subspace { s,, s4, S}

Based on the likelihood contrast score estimation for subspace { s,
sy, s3} and { s, 54, s¢}, the subspace { s1, 5, s3} is identified as the
contrast subspace of the given queried object. This is undeniable as
there are target objects only in the leaf node which corresponds to
the queried object is more likely similar to the target class against
non-target class.

3.1.1. The framework of extended TB-CSMiner
method

When the number of features in categorical data set is high, the
number of subspaces derived can be huge. This causes inefficient
to compute the TB — LCs(q) of each subspace for a queried object.
Feature selection is well known with its ability to accelerate the pro-
cess of mining through reducing the dimensionality of data and at



1718

the same time it can improve the mining accuracy by eliminating
the trivial features [25-28]. Hence, similar to the TB-CSMiner, the
extended method comprises two main phases that are the feature
selection and the contrast subspace search. The framework of two
phases extended TB-CSMiner method is illustrated in Figure 3.

The pseudo code for phase one is presented in Algorithm 1 as shown
in Table 1. In phase one, the tree-based likelihood contrast score of
a subspace S for a given queried object g of a one-dimensional sub-
space in the categorical data set, is computed by using the devised
TB — LCs(g) scoring function specifically for categorical data as

]
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@ “0
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Figure 2 An illustration of TB — LCg(q) computation
subspace {s,, s4, s¢} for categorical data.
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Figure 3 Framework of extended Tree-Based Contrast Subspace
Miner (TB-CSMiner) method.
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shown in Eq. (1). The subspace is then compared with the sub-
spaces in the current list of I one-dimensional subspaces by their
likelihood contrast scores. If there is a subspace in the list which its
likelihood contrast score is lower than the score of the currently
considered subspace, the subspace in the list is removed and
replaced with the considered subspace. After finished assessing
each of the one-dimensional subspaces given in the data set, the
subspaces are sorted in descending order of their TB — LCs(q)
scores. These top I ranked one-dimensional subspaces are selected
as a subset of non-trivial subspaces for contrast subspaces search
in phase two. The parameter [ is a predetermined number of one-
dimensional subspaces.

Algorithm 2 provides the contrast subspace search procedure in
phase two depicted in Table 2. In phase two, the TB—LC(g) score of
t random subspaces with respect to the queried object are assessed
to find contrast subspaces of the queried object. First, a feature is
randomly picked from the subset of selected one-dimensional sub-
spaces. Herein, the value of the feature based on the given queried
object is then used as a partitioning criterion to partition data space
with respect to the queried object. These processes are performed
repeatedly until the stopping criterions as mentioned in the previ-
ous section are met. The different features along the partition are
taken as a random subspace. After that, the devised TB — LCg(q)
function specifically for categorical data in Eq. (1), is used to com-
pute the TB — LCs(q) score of the subspace. Then, the TB — LCy(q)
score of the subspace is compared with the score of subspaces in the
current list of k subspaces. The subspaces in the list with TB—LCs(q)
score lower than the score of the current subspace being consid-
ered are removed from the list and then, the considered subspace
is appended to the list. When t random subspaces have been con-
structed and examined, the k subspaces in the list are ordered by
their TB— LCs(g) scores from the largest score to the smallest score.
Finally, the h highly scored subspaces are selected as the contrast
subspaces of the queried object.

Table 1 Pseudo code for feature selection phase.

Algorithm 1 Feature selection

Input: queried object g, target class C, categorical data set X, set of

categorical features F, minimum number of objects MinObjs, number

of one-dimensional subspaces |

Output: Subset of / one-dimensional subspaces with highest tree-

based likelihood contrast score

1 Initialize Fs as list of I null subspaces with tree-based likelihood
contrast score 0

2 For one-dimensional subspace s € F

3 If Vo € X belong to same class or |X| < MinObjs
4 Compute TB — LCs(g) using Eq. (1);

5 S«s;

5 If3 S € Fss.t. TB-LCS(q) > TB-LCS‘(q)

6 Insert S into Fs and remove S from Fs;
7 End

8 Else

9 Select the s value of g to partition X;

10 X « subset of data containing q after partition;
11 End

12 Sort Ans in descending order of TB-LCs(q);

13 End for
14  Sort Fs in descending order of TB-LCs(q);
15 Return Fs;
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Table 2  Pseudo code for contrast subspace search phase.

Algorithm 2 Contrast subspace search

Input: queried object g, target class C, categorical data set X, set of

one-dimensional subspace Fs, minimum number of objects MinObjs,

number of contrast subspaces h, number of random subspaces ¢

Output: h contrast subspaces with highest tree-based likelihood con-

trast score

1  [Initialize Ans as list of h null subspaces with tree-based likelihood
contrast score 0

2 Fori=1:itdo

3 S« @

4 Select a random feature s from Fs;

5 Select the s value of g to partition X;

6 X « subset of data containing g after partition;
7 IfAsr €Sst.st=s

8 Insert s into S;

9 End

10 If Yo € X belong to same class or |X| < MinObjs
11 Compute TB — LCs(g) using Eq. (1);

12 If 3 S € Ans s.t. TB-LCS(q) > TB-LCS(q)
13 Insert S into Ans and remove S’ from Ans;
14 End

15 Else

16 Go to Step 4;

17 End

18 Sort Ans in descending order of TB-LCs(q);

19 End for

20 Return Ans;

4. EXPERIMENTAL SETUP
4.1. Datasets

In this work, several experiments have been carried out to evalu-
ate the effectiveness of the extended TB-CSMiner method. A total
of eight frequently used real world categorical data sets taken from
UCI machine learning repository [29] are used in this work to assess
the proposed extended TB-CSMiner method based on the classifi-
cation performance. All objects which have missing features values
are eliminated from the data sets. The first data set is the Mushroom
data containing 8124 hypothetical samples corresponding to 23
species of gilled mushrooms in the Agaricus and Lepiota Family.
All of the samples are described by 22 features of mushroom char-
acteristics. Each sample is classified into either ediblemushroom or
poisonousmushroom. The second data set is the BreastCancer data
which consists of 286 cases. Each case is described by nine features
including tumor size, node-cap, age, etc. These cases are classified
into two classes, no—recurrence—events class and recurrence—events
class. The third data set is the CongressionalVotes data which has
435 vote records of the U.S. House of Representatives Congress-
men described by 16 features correspond to different types of votes
identified by the Congressional Quarterly Almanac. Those votes
are being classified either democrat or republican. The fourth data
set is the Tic-Tac-Toe data consists of 958 possible board config-
urations at the end of tic-tac-toe games and described by nine
features represent different tic-tac-toe square. Those board con-
figurations are classified into two classes, positive (i.e., win) and
negative classes. The fifth data set is the Lymphography data that
contains 148 cases of Lymphography provided by the Oncology
Institute in Ljubljana. These cases are described by 18 features of
lymph characteristics. There are four classes of cases { normalfind,
metastases, malignlymph, and fibrosis}. The sixth data set is Chess
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data which contains 3196 board descriptions for the end of a chess
game and described by 36 features of the board. Those boards are
classified into two classes, win class and nowin class. The seventh
data set is CarEvaluation data that consists of 1728 records of dif-
ferent concept structures of car. Each record is described by six
features which include the buying price, the maintenance price,
the number of doors, the persons capacity, the size of luggage
boot, and the safety of car. These records are being classified into
unacceptable, acceptable, good, and verygood class. The last data set
is SPECTHeart data which has 267 cardiac Single Proton Emission
Computed Tomography (SPECT) images of patients. It contains 22
features extracted from the SPECT images. Each patient is classi-
fied into either normal class or abnormal class. The summary of the
datasets used in this work is described in Table 3.

4.2. Settings and Procedure

Unfortunately, the ground truth of contrast subspaces are not pro-
vided in real-world categorical data sets. Hence, we propose to
assess the accuracy of contrast subspaces obtained in terms of how
well are the classes separated (i.e., classification accuracy) in the
contrast subspace projection with respect to queried object. This
is because the contrast subspace can be used to explain the sep-
arability of two classes. We use the best parameters setting for
TB-CSMiner in finding contrast subspace that has been identified
through a series of experiment analysis [30]. That is the minimum
number of objects threshold for leaf node is MinObjs = 25%, of
total objects in the training data, the number of top ranked one-
dimensional subspaces is [=3, and the number of trees is t=400. The
extended method is implemented in Matlab 9.2 programming lan-
guage while the assessment of contrast subspaces is implemented in
Java programming language.

The experimental procedure on real-world categorical data sets
consists of two stages as follows. During the first stage, for each data
set, we take a class as the target class and the rest of the classes as
non-target class. For a dataset that has more than two classes, we
only take two classes that have the majority of the objects as the tar-
get classes. The queried objects are considered as those objects that
belong to target class. Then, we apply the extended method on all
queried objects to discover their contrast subspaces. In this exper-
iment, we only consider one contrast subspace for each queried
object that is the first-ranked contrast subspace. The first-ranked
contrast subspace is chosen because it has the highest likelihood
contrast score corresponding to the contrast subspace that best
characterizes the given queried object. These processes recur but at
this time taking non-target class as target class and the remaining
classes as non-target class. In the second stage, we generate a new
data set of two classes containing objects sampled from the data
set for the contrast subspace of each queried object. The first class
is labelled as Class A that takes the queried object and the target
objects which their distances are less than or equal the k-distance of
queried object. We employ a small value k = 30 in this experiment
which has been shown sufficient for satisfactory performance in the
related existing research works [31]. The reason of sampling data
in such a way is to find a group of target objects that have the same
characteristics with the queried object. The second class is labelled
as Class B that takes objects randomly of the same size as Class
A from other class. This is to avoid the imbalance class issue that
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may affect the performance of the classification task. Finally, the
classifier, J48 (decision tree) [32], Naive Bayes (NB) [33], and sup-
port vector machine (SVM) [34], in WEKA are used to carry out
classification on the new formed data set [35]. The 20-fold cross
validation classification accuracy (i.e., percentage of correctly clas-
sified objects) on contrast subspaces for all queried objects is aver-
aged. Particularly, for the contrast subspace of each queried object,
the classification accuracy is computed based on 20 randomly
selected test objects. The average of classification accuracy is used
to evaluate the accuracy of the contrast subspaces gained for all
queried objects [36,37].

Since there is no method has been developed yet for mining con-
trast subspace in categorical data, we compare the classification
performance on contrast subspace space with the performance on
full dimensional space. We generate the full dimensional subspace
space following the abovementioned procedure by considering all
features given in the data set. Hence, the size of full-dimensional
subspace space is the same as the contrast subspace space. High
classification accuracy indicates that the contrast subspace is more
likely the right contrast subspace for the given queried object. The
results of all classifiers on eight real-world categorical data sets for
full-dimensional subspace and contrast subspace are reported in
Table 4.

5. RESULTS AND DISCUSSION

The results of all classifiers on eight real-world categorical data sets
for full-dimensional subspace and contrast subspace are reported
in Table 4.

E Sia et al. / International Journal of Computational Intelligence Systems 13(1) 1714-1722

Refering to Table 4, the average classification accuracies of the
classification tasks performed by the J48 classifier using the con-
trast subspace space dataset were higher compared to the one
using the full-dimensional space for all data sets except Mushroom
data. That is, the J48 classifier achieved 84.56%, 88.23%, 98.58%,
94.99%, 90.78%, 97.69%, 95.04%, and 89.82% for the respec-
tive Mushroom, Breast Cancer, Congressional Votes, Tic-Tac-Toe,
Lymphography, Chess, Car Evaluation, and Heart data. While for
the NB classifier, it shows high average classification accuracy
for the contrast subspace compared to the average classification
accuracy for the full-dimensional subspace of the Breast Can-
cer, Congressional Votes, Tic-Tac-Toe, Lymphography, Chess, and
Heart datasets. The NB classifier achieved 86.27%, 89.83%, 98.32%,
95.71%, 91.85%, 98.03%, 95.53%, and 91.52% for Mushroom, Breast
Cancer, Congressional Votes, Tic-Tac-Toe, Lymphography, Chess,
Car Evaluation, and Heart datasets, respectively.

Similarly, the Random Forest (RF) classifier gained high aver-
age classification accuracy on contrast subspace compared to the
average classification accuracy on full dimensional subspace for
Breast Cancer, Congressional Votes, Tic-Tac-Toe, Lymphography,
Chess, and Heart data. Particularly, RF achieved 86.74%, 89.85%,
98.84%, 95.37%, 91.69%, 98.22%, 95.45%, and 90.97% for the
respective Mushroom, Breast Cancer, Congressional Votes, Tic-
Tac-Toe, Lymphography, Chess, Car Evaluation, and Heart data.
On the other hand, the average classification accuracy of the clas-
sifier SVM on contrast subspace is higher than the average classifi-
cation accuracy of the classifier SVM on full-dimensional subspace
for five data sets which are the Breast Cancer, the Congressional
Votes, the Tic-Tac-Toe, the Lymphography, and the Heart data. It
achieved 86.14%, 86.88%, 98.45%, 95.25%, 86.31%, 97.65%, 95.37%,

Table 3 Descriptions of eight frequently used real world categorical data sets taken from UCI

machine learning repository [29].

Descriptions

Data Sets Samples Features Classes Names of Classes

Mushroom 8124 22 2 Edible mushroom, poisonous
mushroom

Breast cancer 286 9 2 No-recurrence-events,
recurrence-events

Congressional votes 435 16 2 Democrat, republican

Tic-Tac-Toe 958 9 2 Positive, negative

Lymphography 148 18 4 Normal find, metastases, malign
lymph, fibrosis

Chess 3196 36 2 Win, no win

Car evaluation 1728 4 6 Unacceptable, acceptable, good, very
good

Heart 267 22 2 Normal, abnormal

Table 4 Average classification accuracy (%) for full-dimensional subspace and contrast subspace.

Full-Dimensional Subspace

Contrast Subspace

Data Set J48 NB SVM RF J48 NB SVM RF

Mushroom 98.64 99.10 99.93 99.75 84.56 86.27 86.14 86.74
Breast cancer 78.04 80.71  80.14 77.17 88.23 89.83 86.88 89.85
Congressional votes  82.23  88.20  85.74 88.69 98.58 98.32 98.45 98.84
Tic-Tac-Toe 83.16 91.77 92.04 91.05 94.99 95.71 95.25 95.37
Lymphography 83.23 88.20 85.74 88.69 90.78 91.85 86.31 91.69
Chess 93.94 9593 97.69 97.05 97.69 98.03 97.65 98.22
Car evaluation 94.84 96.97 97.50 97.22 95.04 95.53 95.37 95.45
Heart 7795 83.00 82.50 82.60 89.82 91.52 89.64 90.97
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and 89.64% for the respective Mushroom, Breast Cancer, Congres-
sional Votes, Tic-Tac-Toe, Lymphography, Chess, Car Evaluation,
and Heart data. However, the performance accuracy of the clas-
sifiers was lower when using the contrast subspace of the Mush-
room and Car Evaluation datasets. This happened because of the
high number of objects in Mushroom and Car Evaluation data may
require high minimum number of objects in the leaf node to esti-
mate the similarity between the queried object and the target sam-
ples. Meanwhile, the classifiers performed very well for the contrast
subspace than full dimensional subspace of the Breast Cancer, Con-
gressional Votes, Tic-Tac-Toe, Lymphography, and Heart datasets.
This may be due to the fact that those data comprised of only small
number of objects. Although there are advanced approaches able to
achieve high performance accuracy on some of the data sets, those
approaches attempt at either classifying object to a class or search-
ing clusters of objects that are having similar characteristics [38,39].
However, our work interest is to find contrast subspaces for a par-
ticular queried object where queried object is most similar to target
class against other class.

The classification accuracies obtained using the NB and RF
classifiers for the contrast subspace space often provide high
classification accuracy compared to other classifiers. This is due to
the classifier NB involves probability estimation in classifying data
which is similar to the tree-based likelihood contrast scoring func-
tion of the tree-based method that estimates the probability of target
objects and other objects with respect to the queried object in find-
ing contrast subspaces. Meanwhile, the RF classifier creates multi-
ple random decision trees, thus it reduces the over fitting issues and
hence improves the classification accuracy. The SVM classifier pro-
duced low classification accuracy for the contrast subspace space
compared to the other classifiers on most of the datasets. This is
because proper approaches are necessary for SVM to deal with data
consisting more than two classes [35].

Overall, the classification tasks being carried on contrast sub-
space space outperform most of the classification tasks on full-
dimensional space that is 24 out of 32 various cases. The
classification tasks on full-dimensional subspace outperform the
classification tasks on contrast subspace on only eight out of 32 var-
ious cases. The superior performance on contrast subspace indi-
cates that the contrast subspaces obtained by using the extended
tree-based method is capable to improve the accuracy of the classi-
fication tasks. This is due to the fact that the objects of two classes
are separated well in contrast subspace space. According to the
paired-sample T-test at the significance level of 0.05, the extended
tree-based method has achieved significant improvement of classi-
fication accuracy against the baseline classification (i.e., classifica-
tion on full-dimensional space) on most of cases. In summary, the
results demonstrate that the extended method exhibits the ability to
identify the right contrast subspaces for the given queried objects
in categorical data set.

6. CONCLUSION

There are many data contains categorical values in real-life applica-
tions. It often requires methods specifically designed for handling
those categorical data in order to attain satisfactory performance.

In this paper, we have extended the TB-CSMiner for finding con-
trast subspaces of a given queried object in two-class categorical
data set. It uses a tree-based likelihood contrast scoring function
that has been designed to handle nominal values of categorical data.
The extended method comprises of two phases; Phase (1) finding
a subset of relevant one-dimensional subspaces from initial fea-
tures given in dataset and Phase (2) performing contrast subspace
search on the selected subset of one-dimensional subspaces, with
respect to a given queried object. We have experimentally evalu-
ated the effectiveness of our extended method on eight real-world
categorical data sets. These empirical studies have shown that the
extended method was capable to improve the classification accu-
racy and mine contrast subspaces of a given queried object in cate-
gorical data. One of the future works of this paper will be improving
the efficiency of mining process and optimizing the contrast sub-
space search using an evolutionary algorithm.
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