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Abstract

Attribute reduction of decision tables as a major topic in the rough set theory plays its significant
role in machine learning and data mining. So far more studies have investigated flat data tables
and eliminated the redundant attributes with no effort in reducing the classification performance.
However, data with attribute value taxonomies (AVTs) are usually found in real-world applications.
In this study, the concept of generalization reduction based on FSG and rough set theory is proposed
for finding the optimum generalization levels without losing essential classification information.
The conditional combination entropy is adopted to measure the classification ability of hierarchical
decision tables, which develops a heuristic algorithm GRCCE to compute generalization reduction
from training data with AVTs. The proposed algorithm not only determines an optimal generalization
level but also induces the most abstract hierarchical decision table while keeping the same
classification ability on the raw decision table. An example is explored to illustrate the GRCCE
algorithm is effective to conduct attribute reduction of the decision tables.

Key words ROUGH SET THEORY, GENERALIZATION REDUCTION, COMBINATION
ENTROPY, ATTRIBUTE VALUE TAXONOMIES, HIERARCHICAL DECISION TABLE

1. Introduction

Rough set theory presented by Pawlak [1, 2] is
a meaningful mathematical tool while dealing with
vague, uncertain and imprecise information. Attribute
reduction is an important research topic in the rough
sets [3-13], which without reducing the classification
performance can eliminate the redundant condition
attributes effectively. Nowadays, rough set theory has
been successfully applied to many field such as data
mining [6, 7], knowledge acquisition [8, 9], pattern
recognition [10, 11]. Since attribute reduction offers
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opportunities to discover useful knowledge from
training examples, researchers have focused on attri-
bute reduction of static decision tables, i.e., in a cer-
tain decision table, the objects and attributes remain
constant [3-6]. However, the decision table evolves
with time, namely, attribute sets, object sets, or
attribute value sets may change. Practical applications
face often dynamic decision tables which have been
studied intensively in the past few years [6, 12, 14],
but the existing methods mainly focus on reducing
the number of attributes at single-level of abstraction.
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In practice, the attribute values changes according
to various reasons, for instance, on the one hand the
revise of the occurring errors and on the other hand
the variation in the concept level of attribute value
taxonomies [13]. In real-world applications, decision
tables often face attribute values usually represented
by AVTs [13-25]. In every attribute value taxonomy,
the root is the “ANY” value of an attribute, leaf nodes
are attribute values in the given data table, and the
representation of internal nodes is generalized attri-
bute values of their child nodes. With a parent value
in the AVT of an attribute, a generalization replaces
some values. There exist two generalization models
for the classification task, i.e. full-domain generali-
zation (FDG) [20-25] and full-subtree generalization
(FSG) [14-18]. All values in an attribute are gener-
alized to the same level of the AVT in the FDG. In
the FSG, at a non-leaf node, either all child values
or none are generalized, and a generalized attribute
has values that form a “cut” through its AVT. Recen-
tly, rough set theory has been used in decision rule
mining for data with AVTs [23-25]. From different
levels by combining the hierarchical structure of mul-
tidimensional data model and the techniques of rough
set theory, Feng et al. [23] proposed approaches to
improvement of the quality and efficiency of decision
rules mining. Hong et al. [24] presented the algo-
rithms, which under fuzzy rough sets model could
mine cross-level rules. In addition, Hong et al. [25]
suggested to combine the fuzzy-set theory and the
rough set theory, with hierarchical and quantitative
attributes, to cope with generating a set of cross-level
maximally general possible and fuzzy certain rules
from training data. But these investigations still lack
the adaptability in solving data at multiple levels of
abstraction. Especially, they adopted the FDG model
on the AVTs, which caused the largest distortion of
the data, on all paths of a taxonomy tree, for the same
granularity level requirement.

The FSG model on the AVTs offers a way, at dif-
ferent levels of granularity for generating accurate,
compact, and comprehensible classifiers, to make the
organization of data [14-18]. In this paper, with the
FSG model on the AVTs, we only investigate decision
tables. In other words, how to find an optimal genera-
lization level for maintaining the classification ability
of the raw decision table when the condition attribute
values evolve from a relatively low concept level to
higher concept level while both the attribute set and
object set remain constant. Based on the integration
of AVTs and FSG, a hierarchical decision table is in-
duced by generalization of a given flat table to mul-
tiple decision tables with different levels of abstrac-
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tion. Hierarchical decision tables of different condi-
tion attributes at different levels can be organized as a
generalization lattice, in which each node represents
a hierarchical decision table. It is possible to find an
optimal node which shares the same classification
ability on the raw decision table in the generalization
lattice. Attribute reduction for a single-level decision
table in rough set theory focuses on eliminating re-
dundant attributes while retaining the classification
ability of the original condition attributes. In the spirit
of attribute reduction, an innovative concept of Ge-
neralization reduction based on both rough set theory
and FSG model on AVTs is proposed. Generalization
reduction for a hierarchical decision tables focuses on
generalizing condition attribute values to an optimal
concept level while retaining the classification ability
of the original condition attribute values. Therefore,
Hierarchical decision tables by generalization reduc-
tion with the same classification ability on the raw de-
cision table can induce the most abstract hierarchical
decision table.

Recently, the application of Shannon’s entro-
py and its generalizations has been wide, and they
measure uncertainty in rough set theory [26, 27].
Qian and Liang [27] presented, for measuring the
uncertainty of decision tables, the combination en-
tropy and utilized its conditional entropy to select a
feature subset. This reduction method can obtain an
attribute subset retaining the same number of pairs
of the elements recognized each other as the original
decision table. The conditional combination entropy
in a flat decision table can be applied to indicate the
condition attribute’s classification potential. In deci-
sion tables, it also can be applied to construct the cor-
responding significance measures of attributes. In this
paper, with different generalization levels, the condi-
tional combination entropy is applied to measure the
ability of classification in hierarchical decision
tables, and attempt to make the combination of
both FSG model and rough set theory on AVTs
for achieving generalization reduction.

The rest of this paper is organized as follows. In
Section 2, we introduce some basic concepts of rough
set theory, conditional combination entropy, and FSG
model. In Section 3, based on FSG model and rough
set theory, we develop some novel concept for data
with AVTs. In Section 4, we propose a generalization
reduction algorithm, namely GRCCE, and employ an
example to illustrate the GRCCE method. Section 5
is the summarization of the conclusions and presenta-
tion of future research topics.

2. Preliminaries

In this section, we introduce several concepts of
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rough set theory, conditional combination entropy,
and FSG model.

2.1. Rough Set Theory

Several concepts of rough set theory are intro-
duced as follows.

Definition 1 (Decision table). A decision ta-
ble (or decision information system) is de-
fined as an ordered tuple S=<U, A, V, £>, where
U={x,, x,,..., x,} is treated as a finite set of objects;
A=CuUD is a finite set of attributes, while C is believed
to be a set of condition attributes, and D refers to a set
of decision attributes, CND=0; V=uU _ V where V_
is the domain of attribute a; f: UXA—V is an infor-
mation function associating a unique value of every
attribute with each object which belonging to U, such
that for any xeU and a€A, f(x, a)eV,

Definition 2 (Indiscernibility relation). Given
a decision information system S=<U, CuD V, >
and an attribute set P < (CuD) P determines an
indiscernibility relation IND(P) on U as follows:
IND(P)={(x, y)e UxU:a€eP, f(x, a)=f(y, a)} (D

By U/IND(P) (or U/P), the equivalence relation
IND(P) partitions the set U into disjoint subsets deno-
ted while an equivalence class is named by an element
of IND(P).

For every object xeU , let [x], denotes the
equivalence class of relation IND(P) that involves
element x, be known as the equivalence class of x
according to relation IND(P).

Definition 3 (Conditional combination entropy).
Given a decision information system S=<U, CUD, V,
>, U/C={X,X,,....X_},and UD={Y ,Y.,....Y },the
conditional combination entropy of C with respect to
D is defined as

2)

C? kxR

where (|, ==—"—, jymeans the probability of an
1i

equivalence X, within the universe U, and % denotes
the probability of pairs of the elements. Within the
whole number of pairs of the elements on the universe
U, these elements are not distinguishable each other.

By Definition 3, the classification capability of
all condition attributes with regard to the decision
attribute can be denoted by CCE(D|C).

2.2. FSG Model

Some definitions of FSG model are introduced as
follows.

Definition 4 (Attribute value taxonomy). The
attribute value taxonomy AVT(a) for attribute a
equals to a tree-structured concept hierarchy, which
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is a partially ordered set (V ,, <), while V , as a fi-
nite set, enumerates every attribute value in a. Be-
sides this, <, as the partial order, specifies a rela-
tionship among attribute values in V . Collectively,
AVTs(P)={AVT(a,), AVI(a), ..., AVT(a_)}, associ-
ated with P={a ,a,,...,a_}, is the set ordered of attri-
bute value taxonomies.

In AVT(a), Node(a) is the set of all nodes, Root(a)
is the set of the root node and Leaf(a) is the set of
leaf nodes. It corresponds to actual attribute values
of attribute a which shows its appearance in training
examples. Internal nodes (i.e. Node(a)—Leaf(a)) de-
note generalized attribute values of their child nodes,
and each arc of the tree reflects its correspondence to a
relationship over attribute values. Let Child(v, a) rep-
resent the set of a node’s all children with correspon-
dence to value v in the AVT(a).

Intuitively, with the FSG model, a “cut” through
the AVTs represents a valid generalization. In order
to recognize distinct types of cuts, the “cut” through
one attribute AVT is called a local cut, and the “cut”
through the attribute set AVTs is called a global cut. A
local cut v for AVT(a) is illustrated in the following
part.

Definition 5 (Cuf). A local cut v, as a subset
of elements in Nodes(a), satisfies the following
conditions:

(1) Either pey or p is a descendant of an element
g <y for any leaf nodes pe Leaf(a);.

(2) p is neither a descendant nor an ancestor of g
for any two nodes p, ge7y.

For attribute @, we denote Q as the set of all
valid local cuts in AVT(a); as the Cartesian product
of the cuts, we denote Q,=Q xQ x xQ through the
individual AVTs(P) for attribute set P={a .,a,,...,a_}.
Fora given global cut I, if every cuty,e I is selected to
be equal to the respective attribute’s primitive values
a, i.e., y=Leaf(a), then I'__denote the global cut I.
Given a global cut I, if every cut y.e I is selected to
traverse the root of every AVT, and matches to the
respective attribute’ most generalization values, i.e.,
y=Root(a), then ' represents the global cut I

Definition 6 (Cut refinement and generalization).
In AVT(a), for a local cut y of attribute a, ve v, a
refinement of y means: y'=yUChild(v,a)—{v}, denoted
by v'y. Correspondingly, for a global cut I, yeT,
Y'Y, arefinement of I is defined as: ['=I"U {y'}—{y},
denoted by I''<T. Conversely, v is a generalization of
the local cut y' and the same as I to the global cut I,
respectively.

Example 1. Consider a flat decision table with a
condition attribute set C={CP, STS} and a decision
attribute set D={HD} in Fig. 1. [llustration in Fig. 2
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shows a global cut refinement process based on
the AVTs(C). The local cut y,={Any STS} in the
attribute of STS has been refined to y,'={upsloping,
nonupsloping} by replacing Any STS with its two
children, upsloping and nonupsloping. Therefore,
the global cut I',={{asymptomatic, chest discomfort,
angina}, {upsloping, nonupsloping}} is refined by
the global cut I' ={ {asymptomatic, chest discomfort,
angina},{Any STS}}.

Figure 1. A falt decision table S

Figure 2. A global cut refinement based on AVTs(C)

3. Generalization reduction for hierarchical de-
cision tables

In this section, AVTs are introduced into a flat de-
cision table, and some concepts for data with AVTs
such as hierarchical decision table and generalization
reduction are proposed based on rough set theory and
FSG model.

Most researches on rough sets pay attention to a
flat decision table. A flat decision table is usually gi-
ven in real-world applications, from which the inher-
ent hierarchical characteristics of data cannot be re-
flected effectively. A concept hierarchy is introduced
into a decision table, and many decision tables with
different levels of abstraction will be obtained. Given
a global cut I, a hierarchical decision table S_can be
produced from S which generalized from all attribute
values uniquely in S to their taxonomical ancestors
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in I, meanwhile, other attribute values in S are not
changed. The hierarchical decision table is defined in
the following part [15-17].

Definition 7 (Hierarchical decision table) Given a
decision table S=<U,CuUD, V, > with AVTs(C), with
respect to AVTs(C), a hierarchical decision table S,
on S is determined by a global cut I'={y,, y,,..., v_}
through AVTs(C):

3)
where for any aeD, V =y, for any a=a.€C; f,
V  is unchanged:

is, as an information function, such that for any
ae CuD andxeU, f (x,a)e V.

For a hierarchical decision table S, the U/C,
U/(CUD ), and CCE(DI|C) are denoted by U/C,
U/(C,L D), and CCE(D|C,), respectively.

When some of its condition attribute values are
generalized to a higher level of abstraction for a de-
cision table, it will change its domain corresponding-
ly and information function. Thus, it will change the
decision table. The global cut I, . can determine the
original decision table S which denoted by Srleaf. Dif-
ferent hierarchical decision tables will be determined
by attribute values with abstraction in different levels.

Definition 8 With AVTs(C), given a decision
table S=<U,Cu D, V, >, and two global cuts I',
I e Q. if ' <T,, then hierarchical decision table Srl
is finer than Srz, or Sr2 is coarser than Srl, denoted by
SFI<SFZ.

Example 2. Consider the flat table in Fig. 1 and
the AVTs(C) in Fig. 2. In Fig. 3, all the valid local
cuts for each of the two condition attributes in fig.2 is
denoted as a lattice of local cuts. The global cuts for
the two condition attributes can be denoted as a lat-
tice of global cuts, as in Fig. 4(a), and the correspond-
ing lattice of hierarchical decision tables is shown in
Fig. 4(b). In Fig. 4(a), the arrows illustrate the possi-
ble cut generalization (or refinement) paths that can
be taken through the lattice, each node denotes a glo-
bal cut, the top node <A ,B > denotes the most gene-
ralization cut, i.e. ', and the bottom node <A B>
denotes the most refinement cut, i.e. I'_. A series of
connected paths from the bottom node to the top node
represents a cut generalization strategy. Conversely, a
series of connected paths from the top node to the bot-
tom node represents a cut refinement strategy.
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Figrure 3. All valid local cuts and a lattice of local cuts for each attribute of {CP,STS}

(a) A lattice of global cuts for {CP, STS}

(b) A lattice of hierarchical decision tables

Figure 4. A lattice of global cuts and corresponding lattice of hierarchical decision tables

In rough sets, attribute reduction for a flat deci-
sion table focuses on eliminating redundant attributes
while retaining the classification ability of the original
condition attributes. Given a flat table and a global
cut, a hierarchical decision table is induced with re-
spect to different condition attributes at various levels
of abstraction. With the same classification ability, it
is important to find the most abstract hierarchical de-
cision table for the raw decision table, and no other
hierarchical decision table is more abstract than it. In
this paper, the conditional combination entropy is
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used to measure hierarchical decision tables’ classi-
fication ability with various levels of generalization.
In the spirit of the attribute reduction, an innovative
concept of generalization reduction based on both
rough set theory and FSG model on AVTs is defined
as follows.

Definition 9 (Generalization reduction) With
AVTs(C), given a decision table S=<U,CUD,V,f>, a
global cut I'e Q_, C_.is a generalization reduction of
C referring to D if

(1) CCE(D|C,)=CCE(D|C);
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(2) if IST for any e Q, then CCE(D|C,.)#C-
CE(DI|O).

Generalization reduction for decision tables with
AVTs is focused on generalizing condition attribute
values to an optimal concept level while retaining the
classification ability of the original condition attribute
values.

From Definition 9, we can obtain two properties
about the lattice of hierarchical decision tables. First,
if a node N is found to be a generalization reduction
table, then all nodes below N on the same generaliza-
tion strategies that pass through N are also have the
same ability in classification just as every condition
attribute with respect to the decision attribute on the
raw table S. Second, if a node N is found not to be
generalization reduction table, then all nodes above N
on the same generalization strategies that pass through
N are also not generalization reduction table. One of
these nodes in Fig. 4(a) or corresponding node in Fig.
4(b) is the optimal solution and the objective of a gen-
eralization reduction algorithm is to find it efficiently.

Considering attribute @ with its AVT(a), the num-
ber of every valid local cut is computed recursively by

“4)
where Child(Root(a),a) is the set of Root(a)’s all child
nodes.

Obviously, the number of cuts makes exponen-
tial growth with that of internal nodes on the AVT of
an attribute. Therefore, the general method is to ap-
ply a heuristic search, which contains two important
aspects: evaluation of a candidate node and search
strategy through the lattice of global cuts. We take the
conditional combination entropy to evaluate the node
while the search strategy and generalization reduction
method will be discussed in the next Section.

4. Generalization reduction algorithm based on
conditional combination entropy

We take the conditional combination entropy to
construct the corresponding significance measures of
attribute values refinement, and propose a heuristic
algorithm (GRCCE) to obtain generalization reduc-
tion from data with AV Ts in this section. We also adopt
an example to demonstrate the proposed method.

4.1. Attribute values refinement significance

Given AVTs(C) and a decision table
S=<U,CuD,V,f>, the goal is to find an optimal cut I"
such that S_is the most abstract hierarchical decision
table with the same classification ability of C with re-
gard to D on the raw decision table S. Suppose the
search of S_is done by iteratively specializing a gene-
ral value into its child values. Generalization reduc-
tion C_is refined by beginning from the most abstract
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level basing on the most abstract value of each condi-
tion attribute and refining the global cut successively
while using a criterion devised for accuracy in classi-
fication. In order to measure quantitatively the bene-
fits of a refinement, we develop a utility refinement
significance measure as follows.

Definition 10 (Refinement Significance) With
AVTs(C), given a decision table S=<U,CUD,V,f>,
a global cut I'e Q. aeC, and y el If vey, and
vg Leaf(a), then the significance of the refinement
(i.e. v—Child(v, a)) is defined as

RS(v, v, I')=CCE(|D|C,)-CCE(|D|C,),

where I'=T'U {y't—{y }, v, =1y, UChild(v, a)-
{v}, I'" denotes a refinement of a global cut I" by re-
placing v with its Child(v, a), CCE(D|C,) denotes the
conditional combination entropy of C with respect to
D before the refinement, and CCE(D|C..) is the condi-
tional combination entropy of C with regard to D after
the refinement.

For the current global cut I'and the given attrib-
ute value v, if I'' is obtained by replacing v with its
children in T, the CCE(D|C,) decreases faster and the
maxsize(CCE(D|C)-CCE(D|C,)) is larger than by
the replacement of any other attribute value, which
increases faster the classification ability.

If RS(v, y,, I')=0, we say v—Child(v, a) is super-
fluous, which means the refinement is useless in I

Example 3. Within the consideration of the
decision table in Fig. 1 and the AVTs(C) in Fig. 2. Two
global cuts are fulfilled as follows:

' ={{ANY_CP},{ANY_STS}}, and
I )={{nonangina, angina}, {ANY_STS}}.

The refinement step from I', down to I',is by
specializing ANY _CP into nonangina and angina. Let
7, ={ANY_CP}.

The calculation of the RS of the refinement {ANY _
CP} —{nonangina, angina} is as follows.

U/D={{X XXX o b5 155X 15X 55X XX }

U/Cr1={U}, and

U/Cr2={ 1X X0 X0 X 5 {X X X0 XX, X ) -

Therefore, CCE(D|CF1):O.7476,
CCE(D|Cr2)=0. 1867.

Computing the RS of {ANY CP}— {nonangina,
angina}, we have that RS(ANY_CP, y,, T )=0.56.

4.2. KRCCE Algorithm

In this paper, a new generalization reduction
algorithm based on Conditional Combination Entropy
(GRCCE) is proposed, and the pseudo-code is shown
in Table 1. In the pseudo-code, only the top most value
for each condition attribute the global cut I" contains.
The valid refinements make up the set of candidates
to be fulfilled next. In each iteration, firstly, for each
valid v (i.e not a leaf node) in y and ye I, we compute

and
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the significance measure RS(v,y,I’)  (Lines5-9);
Secondly, we explore the candidate of the highest
RS(va,ya,I'), denoted va, and refine I" by replacing va
with its child values (Lines 10-11). Finally, we update
ST with I' and compute CCE(D|CT") (Line 12). The
algorithm terminates when CCE(D|CI")=CCE(D|C),
under which circumstance, the reduction table SI” is
returned together with the generalization reduction
CrL.

Table 1. The pseudo-code of GRCCE

4.3. An Example

An example serves to illustrate the GRCCE algo-
rithm bellow.

Example 4. Consider the decision table in Fig. 1
and the AVTs(C) in Fig. 2. We illustrate the genera-
lization reduction process using GRCCE algorithm in
Fig. 5.

To begin with, we have CCE(D|C)=0, and

U/D={H{X XX 00X 0 F 5 1X55X o X 55X o XX | -

The top most hierarchical decision table con-
tains one row on C with I'={A B}, where
A~Root(CP)={ANY_CP}, and B =Root(STS)=
={ANY_STS}.

From here, we can obtain that CCE(D|C,)=0.7467.

Note that CCE(D|C,)#CCE(DIC), and then we cal-
culate the RS of the three candidate refinements:

{ANY_ CP}—{nonangina, angina}, and

{ANY_STS}— {upsloping, nonupsloping}.

From here, we can obtain that

RS(ANY_CP, A, I')=0.56, and

RS(ANY_Age, B, )=0.4534.

Relating to the RS criterion, the first refinement
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of ANY_ CP will occure according to the highest RS.
The result is shown in Fig. 5. Then, we can obtain that

A ={nonangina, angina}, I'={A , B }}, and

CCE(D|C,)=0.1867.

Note that CCE(DI|C,)#CCE(D|C), and so we need
to further calculate the RS of the three candidate re-
finements:

{nonangina}— {asymptomatic, chest discomfort},

{angina}— {typical angina, atypical angina}, and

{ANY_STS}— {upsloping, nonupsloping}.

From here, we obtain that

RS(nonangina, A,, I')=0.0445, RS(angina, A,
[=0.1111, and RS(ANY_STS, B, I')=0.1423.

Relating to the RS criterion, the further refinement
of ANY_ STS will happen according to the highest
RS. The result is shown in Fig. 5. Then, we obtain that

B ={upsloping, nonupsloping}, '={A ,B,}, and

CCE(DI|C,)=0.0444.

Note that CC(D|C,)#CCE(D|C), and so we need to
further calculate theRS of the three candidate refine-
ments:

{nonangina}— {asymptomatic, chest discomfort},

{angina}— {typical angina, atypical angina}, and

{nonupsloping} — {flat, downsloping}.

From here, we obtain that

RS(nonangina, A , I')=0.0444,

RS(nangina, A , I')=0, and

RS(ANY_STS, B,, I)=0.0355.

Relating to the RS criterion, the further refinement
of nonangina will occure according to the highest RS.
The result is shown in Fig. 5. Then, we obtain that

A ={asymptomatic, chest discomfort, angina},

I'={A,, B,}, and CCE(D|C)=0.

Note that CCE(D|C)=CCE(DIC). Hence, C_is a
Generalization reduction, where I'={{A_, B} }.

Figure 5. An illustration of generalization reduction
process using GRCCE

No.10 — 2015




Information technologies

According to the generalization reduction CI, we
obtain the reduction table SI" as shown in Fig.6. From
the reduction table, we have four decision rules as fol-
lows.

(1) If CP="chest discomfort” and STS="nonupslop-
ing”, then HD="absence”.

(2) If CP="asymptomatic” and STS="nonupslop-
ing”, then HD="presence”.

(3) If CP="angina” and STS="nonupsloping”,
then HD=""presence”.

(4) If CP="angina” and STS="upsloping”, then
HD="absence”.

From the flat decision table in Fig.1, we obtain
ten decision rules. In Example 4, from different con-
cept levels, there are only four items of decision rules
mined, while from the primitive level, there exist ten
items of decision rules mined. We observe that the
number of decision rules mined from the generaliza-
tion reduction table with different degrees of genera-
lization is much fewer than those mined from the raw
flat decision table at the primitive level. Furthermore,
we find the optimum levels without loosing essential
classification information.

Figure 6. Reduction table S with generalization
reduction C_

5. Conclusions

Attribute reduction as an important research top-
ic in the rough set theory has been explored inten-
sively for a few ages. We have proposed a concept
of ge- neralization reduction which aims to find the
optimum levels without losing essential classification
information by combining the FSG model on AVTs
and rough set theory. We have employed the condi-
tional combination entropy based on rough set theory to
measure the classification ability of hierarchical de-
cision tables, and presented a heuristic algorithm
GRCCE to compute generalization reduction from
training data with AVTs. The proposed algorithm
can not only determine an optimal generalization le-
vel with various degrees of generalization, but also
induce the most abstract hierarchical decision table
while keeping the same classification ability on the
raw decision table. The results from experiment have
illustrated that the proposed algorithm shows its effec-
tiveness to conduct attribute reduction of flat decision
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tables.

In the future, there are many additional issues to
be studied further such as (1) generalization reduction
with respect to other ability in classification measures
in rough sets, (2) the proposed method extending to
hierarchical decision rule mining, and (3) conside-
rations on not only the classification ability, but also
coverage and strength.
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