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Abstract – The volume of data being generated nowadays
is increasingly large. How to extract useful information
from such data collections is an important issue. A
promising technique is the Rough set theory, a new
mathematical approach to data analysis based on
classification of objects of interest into similarity classes
which are indiscernible with respect to some features.
This theory offers two fundamental concepts:  reduct and
core.
In this paper, some basic ideas of rough set theory are
first presented, followed by a new heuristic approach for
rule induction that is outlined using an illustrative
example. Some experiment results are also given.
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1. Introduction

The decade of the 1990s has brought a growing data glut
problem to the sciences, business and government. Our
capabilities for collecting and storing data of all kinds
have far outpaced our abilities to analyze, summarize, and
extract “knowledge” from this data. Traditional data
analysis methods are not efficient any more to handle
voluminous data sets. How to understand and analyze
large bodies of data is a difficult and unresolved problem.
The way to extract the knowledge in a comprehensible
form from the huge amount of data is the primary
concern. Rough set theory is an efficient technique for
knowledge discovery in databases.

Rough set theory [1] is a relatively new mathematical
technique developed by Z. Pawlak in the 1980s to
describe quantitatively uncertainty, imprecision and
vagueness. Classical set theory deals with crisp sets and
rough set theory may be considered an extension of the
classical set theory. In rough set theory, objects are
classified into similarity classes which are clusters of
indiscernible ones with respect to some features [2,3]. The
indiscernible classifications are the basic building blocks
of knowledge and they are used to find out hidden patterns
in data.  

The rough set approach has many advantages [5,10]. The
most important one is that it does not need any
preliminary or additional information about data like
grade of membership or value of possibility in fuzzy set
theory [6,8] and it can offer straightforward interpretations
of obtained results which are very important to knowledge
acquisition.

An important step in the knowledge discovery process is
the reduction of the dimensionality of data. In real
database systems, though there are many attributes and
records, in some circumstances, in fact only some of the
attributes are indispensable. If the dispensable attributes
can be eliminated, the complexity of analyzing the data
can be greatly reduced. Our algorithm is based on rough
set theory which consists of two parts. The first part is for
attribute reduction and the second is for rule extraction. In
part one, a sample data table is first given to show how an
information system is represented. Next we use the
discernibility matrix [9] to get the attribute core. And then
our algorithm is applied to get the minimum attribute set.
In part two, the technique to obtain the rules is outlined.

2. Basic concepts of rough set theory

By a database we mean a pair S = (U, A), where U and A
are finite, non empty sets called the universe and a set of
attributes respectively. With every attribute a ∈ A, we
associate a set Va of its values, called the domain of a.
Any subset B of A determines a binary relation I(B) on U,
which will be called an indiscernibility relation, and is
defined as follows:

(x, y) ∈ I(B) if and only if a(x) = a(y) for every
a ∈ A, where a(x) denotes the value of attribute a for
element x.

It can be seen that I(B) is an equivalence relation. The
family of all equivalence classes of I(B), i.e. the partition
determined by B, will be denoted by U/I(B), or simply
U/B; an equivalence class of I(B), i.e. a block of the
partition U/B containing x will be denoted by B(x).



If (x, y) belongs to I(B) we say that x and y are B-
indiscernible. Equivalence classes of the relation I(B) (or
blocks of the partition U/B) are referred to as B-
elementary sets or B-granules.

The indiscernibility relation will be used next to define
two basic operations in rough set theory as follows:
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which are called the B-lower and the B-upper
approximation of X, respectively.

The set
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will be referred to as the B-boundary region of X.

If the boundary region of X is the empty set, i.e.

BN XB ( ) = ∅ , then the set X is crisp (exact) with respect

to B; otherwise, if BN XB ( ) ≠ ∅ , the set X is referred to

as rough (inexact) with respect to B.

It is important in data analysis to find out if there is
dependency between attributes. Let C and D  be subsets of
A, such that D ∩ C ≠ ∅ and D ∪ C = A.

We say that D depends on C in degree
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called a positive region of the partition U/D with respect
to C, is the set of all elements of U that can be uniquely
classified into blocks of the partition U/D, by means of C.
Obviously
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If k = 1 we say that D depends totally on C, and if k < 1,
we say that D depends partially (in a degree k) on C.

The coefficient k expresses the ratio of all elements of the
universe which can be properly classified into a block of
the partition U/D employing attributes C and will be
called the degree of the dependency.

We often face a question whether we can remove some
data from a database while preserving its basic properties,
that is, whether a table contains some superfluous data.
Let C D A, ⊆  be sets of condition and decision
attributes, respectively. We say that ′ ⊆C C is a D-
reduct (reduct with respect to D) of C, if ′C is a minimal
subset of C such that

( ) ( )γ γC D C D, ,= ′

Hence any reduct enables us to reduce condition attributes
in such a way that the degree of dependency between
condition and decision attributes is preserved. In other
words reduction of condition attributes gives the minimal
number of conditions necessary to make some specified
decisions.

3. Rule extraction and data reduction

3.1 Attribute reduction

In many real applications, sometimes due to lack of
sufficient knowledge about one particular area, it is often
difficult to know exactly which features are relevant for
the task. Therefore, the databases concerned usually
contain some attributes that are irrelevant or unimportant.
Hence identifying the relevant features is important for the
reduction of the dimension of data.

The aim of data reduction is to find a minimal subset of
relevant attributes that have all the essential information
of the data set,  thus the minimal subset of the attributes
can be used instead of the entire attributes set for rule
discovery.

In many real applications, because of the computational
complexity of getting the reduct, we only need to generate
approximation rules consisting of only a few condition
attributes that affect the decision attribute.

The following is the detailed description of the procedure
of the attribute reduction task using a simple example .

3.1.1 Decision table

Rough set theory is founded on the assumption that with
every object of the universe of discourse, we associate
some information set.  The example objects are usually
organized in a decision table, whose columns are labeled
with the attributes and the decision, and whose rows
contain the examples.  Entries of the table are attribute
values.

Table 1 is a decision table whose decision attribute is D

and condition attributes are { 'a , 'b , 'c , 'd }.

'a 'b 'c 'd D
a M L 3 M 1
b M L 1 H 1
c L L 1 M 1
d L R 3 M 2
e M R 2 M 2
f L R 3 L 3
g H R 3 L 3
h H N 3 L 3
i H N 2 H 2
j H N 2 H 1

Table 1



From table 1, it can be seen that examples i and j display

the same features in terms of attributes 'a , 'b , 'c and 'd ,
but they have different values of the decision attribute D.
Thus by employing the condition attribute set { 'a ,

'b , 'c , 'd } and the decision attribute D (or concept X), in
fact, we see that the information given in Table 1 is not
sufficient to define the concept.  However, a partial
solution can be given by using the lower and upper
approximation.

Let us denote the set of condition attributes 'a , 'b , 'c
and 'd  by B. Then the B-elementary sets in our example
are the following:
{{a},{b},{c},{d},{e},{f},{g},{h},{i, j}}

By considering the concept X, we obtain the following
three sets:

1X ={a, b, c, j}

2X ={d, e, i}

3X ={f, g, h}

The lower approximation, containing the examples that
surely belong to concept X, is then:

},,{},{},,{)(* hgfedcbaXB ∪∪=
which can be represented by Figure 1.

Figure 1

Accordingly, the upper approximation is:

},,{},,,{},,,,{)(* hgfjiedjicbaXB ∪∪=

Since the boundary region of X, },{)( jiXBN B = , is

not empty, the set X is rough (inexact) with respect to B.
Therefore, Table 1 is an inconsistent table, i.e., it contains
examples which have different decision attribute values
but the same values of corresponding condition attributes.
The roughness of set X may be caused by insufficient
information of the knowledge field or noisy information
collected. Hence it is necessary to first obtain the
consistent part of the table.

Table 2 is the consistent part of  Table 1.

'a 'b 'c 'd D
a M L 3 M 1
b M L 1 H 1
c L L 1 M 1
d L R 3 M 2

e M R 2 M 2
f L R 3 L 3
g H R 3 L 3
h H N 3 L 3

Table 2

3.1.2 Core of attributes

Reduct and core are two major concepts in rough set
theory. Let R be a family of equivalence relations. The
reduct of R, denoted by RED(R), is defined as a reduced
set of relations that conserves the same inductive
classification of set R. The core of R, denoted by
CORE(R), is the set of relations that appear in all reducts
of R.

In order to get the core of the attributes, we use the
discernibility matrix whose basic idea can be briefly
presented as follows:

Let S=(U, A, C, D) be an information system with n

objects. We denote by M(S) an n× n matrix Mij, called

the discernibility matrix of S defined by Mij = {a∈A:

a(xi)≠ a(x j)} for i, j = 1,...,n. The entry Mij is the set of

all attributes that discern objects  x i  and x j .

Figure 2 shows the discernibility matrix for the example
of Table 2.
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In a discernibility matrix the diagonal elements are
naturally φ  and 

jiij MM = . Therefore, the lower

triangular part in Figure 2 is omitted. In the matrix,
φ=13M  because the values of decision attributes for

objects a and c are the same. And }','{14 baM = ,

because only the values of condition attributes 'a  and 'b
are different for the case of examples  a and d.

The consistent part of the decision table is the initial input
to get attribute reduct and approximate rules. Let Core be
the attribute core. From the 8x8 discernibility matrix, it
can be observed that the entry

46M  is the only set in the

matrix which contains exactly one attribute. Therefore, the
attribute core is Core= }'{d . This means that 'd  is the

most important attribute, it cannot be eliminated without
decreasing the quality of approximation.



3.1.3 Minimum attribute set

An information system usually has more than one reduct.
This means that the set of rules derived is not unique.  In
practice we always expect to obtain a set of the most
concise rules. Unfortunately, it has been proved that
finding the minimal reduct of an information system is a
NP-complete problem [7].  Because of this it is hard to
obtain a set of the most concise rules by existing
algorithms in rough set theory for the reduction of data.

Since finding all the reducts in a system is a NP-complete
problem, so it is natural that we use a heuristic algorithm.
Besides, it is usually not necessary to find all the reducts
in some applications. Because the core is the common part
of all reducts, the core can be used as the starting point of
the algorithm. The steps of our algorithm is described in
the flow chart below.  Let RED  be the attribute reduct.

Figure 3

As can be seen from the flow chart, in our algorithm we
combine rough set theory with information entropy, which
is used in machine learning to measure the significance
level of the attributes. To obtain the minimum attribute
set, it is not sufficient to get the attribute core. The method
by which other attributes are selected to form the
minimum attribute set is based on a heuristic approach.
The method applied to calculate the significance of the
condition attributes affects the minimum attribute set and
rules as well.  Thus the rules obtained are approximate
rules. The algorithm is computationally simple and
efficient.

A brief review of information gain is provided below [11].
The value of information of a set of examples K  as
entropy can be stated as the following:
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Here, in the ith class value of jX  attribute, )( iSE  is the

value of information of lower level set of examples iS

and iW  is the corresponding weight given by:

K

S
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where iS  is the number of examples in iS  and K  is

the number of examples in K .

The information gain, )( jXgain , is defined as:

)()()( '
jj

XEKEXgain −= (4)

From Section 3.1.2,  the core of the attributes is already

obtained as Core= }{ 'd . Now the information gain of

each attribute which appears in the discernibility matrix
can be calculated according to the algorithm.  For this
example, the information gains of attribute 'a , 'b  and 'c
are computed by formula (1)-(4).

The detailed calculation procedure is not presented here.
The result is that the maximum information gain of these
attributes is )'(bgain . Finally, the minimum attribute set

obtained by our algorithm is }','{ dbRED = .

Hence, Table 2 can be reduced to Table 3 using the
attribute reduct  }','{ db .

'b 'd D
a L M 1
b L H 1
c L M 1
d R M 2
e R M 2
f R L 3
g R L 3
h N L 3

Table 3



3.2 Rule extraction

Step 1: Merge identical examples of  Table 3.

Employing only the condition attributes of 'b and 'd as
presented in Table 3, examples  (a,c), (d,e), (f,g) are
identical pairs. Therefore identical examples can be
eliminated. The resulting set of examples is shown in
Table 4.

'b 'd D
L M 1
L H 1
R M 2
R L 3
N L 3

Table 4

Step 2: Compute the core of each example

In this step, we try to compute the core for every example
in Table 4. If after one attribute of an example is
eliminated, the decision table is not consistent by all the
other attributes, that attribute of the example must be kept.

For example, if the value of the attribute 'b  of the third

row is eliminated, then in the condition 'd =M, there are
two decision values, 1 or 2.  It means that based only on

'd  we cannot make a unique decision, thus the value of

'b  cannot be eliminated.

Table 5 shows the core of every example.

'b 'd D
L * 1
L * 1
R M 2
* L 3
* L 3

Table 5

Step 3:  Merge duplicate rows and compose a table with
the reduct value.

In Table 5, further reduction is possible, because some of
the rows are identical. Table 6 shows the new set of
examples which in fact contains the rules of  Table 1.

'b 'd D
L * 1
R M 2
* L 3

Table 6

Decision rules are often presented as implications and are
often called  “ if … , then … ” rules.

We can express the rules as follows:

 i. IF   'b =L THEN D =1

 ii. IF   'b =R  AND  'd =M THEN D =2

 iii. IF   'b =L THEN D =3

This algorithm has been implemented in Java under
Windows98, using JDK1.2. Our algorithm has also been
applied to the IRIS data set. About 70% of the data was
used for training and the other 30% was used for testing.
Because some of the attributes contain numerical values,
discretization was first done.  The simplest discretization
method, equal width interval discretization, was used.
The result is that all the testing data are correctly
classified.

4. Conclusion

A new approach based on Rough Set theory has been
presented to show how to get the minimal attributes set
and the rules within a  data set. It tries to transform the
data to knowledge by an automatic approach. The
proposed algorithm is comparatively simple and it offers
straightforward interpretation of the results. The algorithm
consists of two parts:  attribute reduction and rule
extraction. The procedure of reduction first eliminates
condition attributes not so important to the decision
making process, then induces a set of minimal rules by
analyzing the relation of attribute values of each example
and removing dispensable attribute values.  It is shown
that in most cases, this algorithm can find the minimal
attribute set of the given information system.
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