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Abstract: Data mining is the process of discovering previously unknown and potentially interesting patterns in databases. Though most
knowledge discovery methods have been developed for supervised data, the task of finding knowledge from unsupervised data often arises in
real-world problems. In addition, techniques for unsupervised knowledge discovery are essentially different and still much less developed than
those for supervised discovery. This paper introduces a novel framework for extracting a set of comprehensible rules from unsupervised
database. The proposed framework depends on three techniques namely; clustering technique, fuzzification technique, and inductive learning
technique. Clustering technique uses a k-means for clustering unsupervised database. Consequently the input database is converted into
supervised database. Fuzzification technique transforms the continuous attributes of database into linguistic terms. This transformation leads to
reduction of search space. Decision tree used as a inductive learning algorithm for extracting a set of accurate rules from supervised database.
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L INTRODUCTION

The amount of data stored in databases continues to
grow fast. Intuitively, this large amount of stored data
contains valuable hidden knowledge, which could be used to
improve the decision-making process of an organization. For
instance, data about previous sales might contain interesting
relationships between products and customers. The
discovery of such relationships can be very useful to
increase the sales of a company. However, the number of
human data analysts grows at a much smaller rate than the
amount of stored data. Thus, there is a clear need for
automatic methods for extracting knowledge from data. This
need has led to the emergence of a field called data mining
and knowledge discovery [1]. This is an interdisciplinary
field, using methods of several research areas (specially
machine learning and statistics) to extract high-level
knowledge from real-world data sets. The application of a
data mining algorithm to a data set can be considered the
core step of a broader process, often called the knowledge
discovery process [2]. The knowledge discovery process
includes several other steps. For the sake of simplicity, these
steps can be roughly categorized into data pre-processing
and discovered-knowledge post-processing. The data pre-
processing may be included the Data Integration step, Data
Cleaning step, Discretization step, and Attribute selection
step [3]. Discovered-knowledge post-processing usually
aims at improving the comprehensibility and/or the
interestingness of the knowledge to be shown to the user.
There are two main motivations for such post-processing.
First, when the discovered rule set is large, we often want to
simplify it - i.e., to remove some rules and/or rule conditions
- in order to improve knowledge comprehensibility for the
user. Second, we often want to extract a subset of interesting
rules, among all discovered ones [4-8]. Clustering is a
process of grouping data objects into disjointed clusters so
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that the data in each cluster are similar, yet different to the
others. Clustering techniques are applied in many
application areas such as vector quantization (VQ) [9-12],
pattern recognition [13], knowledge discovery [14], speaker
recognition [15], fault detection [16], and web/data mining
[17]. Among clustering formulations that minimize an object
function, k-means clustering is perhaps the most widely used
and studied [18]. K-Means is attractive in practice, because
it is simple and it is generally very fast. It partitions the
input dataset into k clusters. Each cluster is represented by
an adaptively-changing centroid (also called cluster centre),
starting from some initial values named seed-points. K-
Means computes the squared distances between the inputs
(also called input data points) and centroids, and assigns
inputs to the nearest centroid. The k-means clustering
algorithm performs iteratively the partition step and new
cluster center generation step until convergence. An iterative
process with extensive computations is usually required to
generate a set of cluster representatives. Inductive learning,
as an active research area of machine learning, explores
algorithms that reason from externally supplied examples to
produce general theories, which make predictions about
examples. The externally supplied examples used for
generating theories are usually referred to as training
examples. As created theories should be more general than
the training examples from which they are derived
generalization is involved during reasoning. Many inductive
learning algorithms operate by analyzing examples to find
intergroup similarities and inter-group differences, so
inductive learning is sometimes also called similarity based
learning [19-22]. If training examples are given with known
labels such as the diagnoses of an illness for patients, the
inductive learning is called supervised learning [23-24].
Supervised learning can solve two types of problem:
classification problems in which labels are categorical [25]
and regression problems in which labels are continuous [26].
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Such a problem of supervised learning can be viewed as a
search problem [23] involving a large hypothesis space that
is the space consisting of all possible theories (hypotheses)
under consideration. The search aims to find the best theory
with respect to the training examples as well as some prior
knowledge and expectations. Decision trees [25], and
production rules [27] are two commonly used theory
description languages in supervised learning. An important
advantage of decision trees and production rules is that they
are relatively easy for humans to understand. Actually, they
have been used by human experts to express and process
their knowledge in a wide variety of domains. In addition,
compared with other theory description languages, they
perform reasonably well in many domains [28]. A
production rule consists of two parts: antecedent and
consequent. The antecedent (“IF part”) contains a
conjunction of conditions on predicting attribute values. The
consequent (“THEN part”) contains a predicted value for the
goal attribute (class).

This paper introduces a novel framework for rule
extraction from a database depending on two main
algorithms. The first algorithm is the clustering technique,
which clusters the input instances of database.
Consequently, it uses the clustering technique as a learning
tool to prepare the input database for the second algorithm.
The second algorithm is a inductive learning technique,
which induces a set of accurate If-Then rules from the
clustering database. These rules are refined and may reduce
the dimensionality of the input attributes.

The rest of the paper is organized as follows. The
general framework is introduced in section 2. The k-means
algorithm is described in section 3 and followed by a
fuzzification technique which is presented in section 4. A

Unsupervised cjystring | Supervised

decision tree algorithm is proposed in section 5. Section 6
gives some experimental results. Finally, the conclusion is
presented in section 7.

1L GENERAL FRAMEWORK

This paper provides a novel framework for rule
extraction from unsupervised database by integrating three
techniques namely clustering technique (k-means),
fuzzification technique, and inductive learning technique
(decision tree). The flow work of the proposed framework
can be summarized as follows. The unsupervised database
attributes have to pass through k-means algorithm. The k-
means algorithm discovers the classes by partitioning the
input records of unsupervised database into clusters.
Records of the unsupervised database attributes that are
similar to each other (i.e. records with similar attribute
values) tend to be assigned to the same cluster, whereas
records different from each other tend to be assigned to
distinct clusters. Consequently, once the clusters are found,
each cluster can be considered as a “class” and the input
unsupervised database converted into supervised database.
The supervised database passes through the fuzzification
technique to convert the continuous values into intervals and
transforms these intervals into linguistic terms. So that, now
we can run the decision tree algorithm as an inductive
learning technique on the clustered data, by using the cluster
name as a class label. The decision tree algorithm is
responsible for generating an accurate set of rules from
supervised database. These rules are refined and may reduce
the dimensionality of the extracted features (neglected the
irrelevant features from database). The overall methodology
of the proposed framework is shown in (figure 1).

R
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Figure 1: The proposed framework of rule extraction

II1. CLUSTERING TECHNIQUE

Clustering is a search for hidden patterns that may exist
in datasets. It is a process of grouping data objects into
disjointed clusters so that the data in each cluster are similar,
yet different to the others. Clustering techniques are applied
in many application areas such as data analyses, pattern
recognition, image processing, and information retrieval
[29]. An operational definition of clustering can be stated as
follows: Given a representation of n objects, find k groups
based on a measure of similarity such that the similarities
between objects in the same group are high while the
similarities between objects in different groups are low [30].
Clustering algorithms can be broadly divided into two
groups: hierarchical and partitional [31]. Hierarchical
clustering algorithms starting with each data point in its own
cluster and merging the most similar pair of clusters
successively to form a cluster hierarchy or starting with all
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the data points in one cluster and recursively dividing each
Cluster into smaller clusters. Compared to hierarchical
clustering algorithms, partitional clustering algorithms find
all the clusters simultaneously as a partition of the data and
do not impose a hierarchical structure. The most well-known
hierarchical algorithms are single-link and complete-link;
the most popular and the simplest partitional algorithm is k-
means. K-means is one of the simplest unsupervised
learning algorithms that solve the well known clustering
problem. Ease of implementation, simplicity, efficiency, and
empirical success are the main reasons for k -means
popularity. The procedure of k -means follows a simple and
easy way to classify a given data set through a certain
number of clusters (assume k clusters) fixed a priori. The
main idea is to define k centroids, one for each cluster.
These centroids shoud be placed in a cunning way because
of different location causes different result. So, the better
choice is to place them as much as possible far away from
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each other. The next step is to take each point belonging to a
given data set and associate it to the nearest centroid. When
no point is pending, the first step is completed and an early
groupage is done. At this point we need to re-calculate k
new centroids as barycenters of the clusters resulting from
the previous step. After we have these k new centroids, a
new binding has to be done between the same data set points
and the nearest new centroid. A loop has been generated. As
a result of this loop we may notice that the k centroids
change their location step by step until no more changes are
done. In other words centroids do not move any more.
Finally, this algorithm aims at minimizing an objective
function, in this case a squared error function. The objective
function can be formulated as;

k n 2
— i _
5= Y e - 0
j=1 i=1
() ?
Where (X;° —C,;| is a chosen distance measure

G

between a data point X; ) and the cluster center ¢ i is an

indicator of the distance of the n data points from their
respective cluster centers.

The following pseudo code explains the k-means algorithm
steps:

A. Place k points into the space represented by the objects
that are being clustered. These points represent initial
group centroids.

B. Assign each object to the group that has the closest
centroid.

C. When all objects have been assigned, recalculate the
positions of the K centroids.

D. Repeat Steps 2 and 3 until the centroids no longer
move. This produces a separation of the objects into
groups from which the metric to be minimized can be
calculated.

Iv. FUZZIFICATION TECHNIQUE

If a given database includes continuous attributes (real
values) then the search space based on all possible
conjunction values for extracting rules yields to a
burdensome computation and consumes much time. This
problem can be solved by using a fuzzification process
which leads to reduction of search space. The fuzzy subset

of the universe of discourse U is described by a
membership  function £, (V) : U— [0,1], which

represents the degree to which and belongs to the set V. A
fuzzy linguistic variable, V, is an attribute whose domain
contains linguistic values, which are labeled for the fuzzy
subsets [32]. Therefore, the continuous attributes can be
transformed into linguistic terms such as; Short (S), Medium
(M), and Long (L). A non-overlapping rectangular
membership functions may be used and the bounds of each
linguistic term can be determined by using the smooth
histogram of real values [33].

V. INDUCTIVE LEARNING TECHNIQUE

There are many machine learning approaches have been
applied by learning module developers, including deductive
reasoning (e.g. expert system), fuzzy logic, neural networks,
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genetic algorithm (GA), learning classifier systems (LCS),
inductive logic programming, and decision tree (e.g. ID3
and C4.5). Traditional expert systems could get a very good
trading performance based on a high quality knowledge
base. However, it is always difficult to be acquired by
human experts [34]. Fuzzy logic is used to clarify the
ambiguous situations, but it is difficult to design a
reasonable membership function [35]. Neural networks have
been used in financial problems for a long time [36].
Unfortunately, the learned environment patterns of neural
networks are like to be embedded into a black box, which is
hard to explain. Simple genetic algorithm has also been used
in financial problems popularly [37]. The only weak point is
that GA seems result in a single rule and tries to apply for
any environment states. The including inductive logic
programming methods, decision tree, are based on
supervised learning and apply the information gain theory to
discriminate the attributes to construct a minimal-attributes
decision tree. The advantages of decision tree representation
are that the results are more comprehensive, easier to
interpret, and they are in a well-organized knowledge
structure. Since decision tree construction algorithms
usually employ a greedy approach [38]. The knowledge
obtained in the learning process of decision trees is
represented in a tree where each internal node contains a
question about one particular attribute (with one offspring
per possible answer) and each leaf is labeled with one of the
possible classes. A decision tree may be used to classify a
given example; one begins at the root and follows the path
provided by the answers to the questions in the internal
nodes until a leaf is reached.
The measure of information gain is based on
information entropy which computes the expected amount
of information (in bits) needed for class prediction [39]. The
entropy for a set of data S consisting of C classes and m
features is given as follows;
c|C. .

Entropy (S) =-)Y_ C—J‘Log ) H @
=t 18] S|

Where:

Cj: Represents the subset of data belonging to the jth class

in set S.
Entropy for a particular feature (A;) which has the values
(v) in set (S) is given by;

YIS
Entropy (S,A;) =), ‘S—k‘Entropy (Sy) )

k=1 ‘
Where:

v: The number of categories for the ith feature.
Sy : The subset of data in S where feature A; is assigned to

the k™ category.

The information gain, which measures the effectiveness of a

particular feature, is given by:

Information Gain(S, A ) = Entropy(S) — Entropy(S,A;) 4)

The following pseudo code explains the decision tree steps:

Input: A data set, S

Output: A decision tree

A. If all the instances have the same value for the target
attribute then return a decision tree that is simply this
value.

B. Else

279



D.L. Elshowakh ef al, International Journal of Advanced Research in Computer Science, 2 (2), May-June, 2011,277-282

(a) Compute Gain values for all attributes and select an
attribute with the highest value and create a node for
that attribute.

(b) Make a branch from this node for every value of the
attribute

(c) Assign all possibe values of the attribute to branches.

(d) Follow each branch by partitioning the dataset to be
only instances whereby the value of the branch is
present and then go back to 1.

VI. EXPERIMENTAL RESULTS

The proposed framework is applied in the iris database
[40]. The database contains four real valued features {Sepal
Length (SL), Sepal Width (SW), Petal Length (PL) and
Petal Width (PW)}. They are used to classify three different
classes of iris plant {Iris Setosa, Iris Versicolour and Iris
Virginica}. There are 50 instances of each class of iris with
no missing attributes. A sample of the original iris database
is shown in (table 1).

Table 1. A sample of original iris database

Sepal Sepal Petal Petal Target
Length Width Length Width Class
5.1 3.7 1.5 0.4 setosa
5.5 3.9 1.7 04 setosa
4.9 3.1 4.8 0.1 setosa
7 32 4.7 14 versicolor
6.4 32 1.9 1.5 versicolor
5.7 2.9 4.2 1.2 versicolor
6.3 33 6 2.5 virginica
5.9 3.8 6.4 2 virginica
5.9 3 5.1 1.8 virginica

In order to evaluate the performance of the proposed
framework, first the k —means is applied with number of
cluster equal 3 (k = 3) to iris data without using the class
information. Table 2 shows the confusion matrix by K-
means clustering technique. The clustering accuracy of each
class can be calculated by dividing the total number of
correctly clustered cases in the desired class in the class by
the total true number of cases. The proposed k-means
technique clustering 50 cases in class Setosa from 50 true
cases (accuracy 100%), clustering 47 cases in class
Versicolor from 50 true cases (accuracy 94%), and
clustering 46 cases in class Virginica from 50 true cases
(accuracy 92%). Consequently, the average clustering
accuracy against the true classes by the proposed K-means is
95.34%.

Table 2. Cluster result of iris data by the proposed
k-means technique

True Setosa Versicolor Virginica
Setosa 50 0 0
Versicolor 0 47 3
Virginica 0 7 46

The proposed framework transforms the input continuous
attributes into three linguistic terms called; Short, Medium
and Wide. The smoothing histograms of the individual
attributes for each class is performed and the bounds of
linguistic terms are shown in (table 3) [41].
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Consequently, all features in the given database are
transformed into the linguistic terms as shown in (table 4).

The inductive learning technique can be applied on this
database for extracting a set of comprehensible rules.

Table 3. Linguistic Terms for Iris Database.

Attribus Short (S) Medium (M) Wide (W)
Ling. Terms
Sepal Length 43< SLg 55< SLy< | 6.1< SLy
(SL) <55 6.1 <8.0
Sepal Width (SW) | 20 < swy 2755 SWy | 325 swy
<2.75 <32 <4.5
Petal Length (PL) | | < PLe<2.0 20 < 493<
PLy<4.93 PLw<7.0
Petal Width (PW) 0.1 S 0.6 S 1.7 S
PWs<0.6 PWu<1.7 PWy<2.6
Table 4. The given database as linguistic terms.
Sepal Sepal Petal Petal Target
Length Width Length | Width Class
S L S S setosa
M S S S setosa
L M M versicolor
L M S M versicolor
L M L L virginica
M M L L virginica

Table 5 shows the rule extraction and the corresponding fuzzification rules
from the proposed algorithm.

Rules induction
DeFuzzification

Rules induction Fuzzification

If Petal Length is Short Then

If 1.0 < Petal Length < 2.0
Setosa

Then Setosa

If Petal Width is Short Then
Setosa

If 0.1 =< Petal Width < 0.6
Then Setosa

If Petal Length is Medium
and Petal Width is Medium
Then Versicolor

If 2.0= Petal Length< 4.93

and 0.6 < Petal Width < 1.7

ThenVersicolor

If Sepal Length is Short and

<
Sepal Width is Wide Then Setosa If4.3= Sepal Length <3.5

and 325 Sepal Width < 4.5
Then Setosa

If Sepal Width is Wide and Petal

< .
Length is Wide Then Virginica If32= Sepal Width <4.5 and

4.93 < Petal Length<7.0 Then

Virginica

If Sepal Length is medium and

<
Petal Length is Wide and Petal If5.5= Sepal Length <6.7

width is Wide Then Virginica and 4.93 < Petal Length<7.0
and 1.7 < Petal width< 2.6
Then Virginica
VIIL.CONCLUSION

This paper focused on developing a knowledge
extraction framework based on clustering the unsupervised
database in order to reduce the search space for extracting
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accurate rules. It integrates three algorithms namely
clustering algorithm, fuzzifcation algorithm, and inductive
learning algorithm. K-means is one of the simplest
unsupervised learning algorithms that solve the well known
clustering problem. The main advantages of this algorithm
are its simplicity and speed which allows it to run on large
datasets. However, rule extraction from numerical data is a
high computational complexity problem. Therefore the
fuzzifcation algorithm is used as a preprocessing process for
converting the numerical attributes into linguistic terms. The
advantages of decision tree representation are that the results
are more comprehensive, easier to interpret, and they are in
a well-organized knowledge structure. The future work
should consist of more experiments with other data sets, as
well as more elaborated experiments to search on the other
parameters, which enhance the performance of the proposed
framework.
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