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Abstract:

This paper deals with a reinforced cumulative probability distribution approach (CPDA) based method for extracting

classification rules. The method includes two phases: (1) automatic generation of the membership function, and (2) use of the
corresponding linguistic data to extract classification rules. The proposed method can determine suitable interval boundaries for
any given dataset based on its own characteristics, and generate the fuzzy membership functions automatically. Experimental
results show that the proposed method surpasses traditional methods in accuracy.
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1 Introduction

Data discretization can improve predictions by
reducing the search space or noise, and by pointing to
important data characteristics. Data discretization is a
commonly sought solution, and can be considered
preprocessing of data for the classification problem.

The discretization technique treats a quantitative
attribute as a qualitative attribute. There are many
advantages in doing so; for example, data can be
reduced and simplified. Discrete attributes are usually
more compact, shorter, and more accurate than con-
tinuous ones (Liu et al., 2002). However, conven-
tional procedures have many shortcomings. For ex-
ample, they need to predefine membership functions
(Hong and Lee, 1996) in discretization procedures.
The predefined membership functions are generated
according to experiential results or a subjective deci-
sion from domain experts. Although domain experts
have played, and will still play, an important role in
the development of conventional studies, automati-
cally generating membership functions from exam-
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ples is very helpful when domain experts are not
available, and may even provide information not
previously known by experts. Previous studies parti-
tioned the attribute interval into equal lengths and
ignored the distribution characteristics of datasets.
Therefore, this paper focuses on improving the
persuasiveness in determining the universe of dis-
course and generating the fuzzy membership func-
tions automatically. In the empirical case study, we
use an exemplary dataset as the simulation data,
which contains the learning achievement data of 50
students. Experimental results show that the proposed
approach is better than many other approaches.

2 Background

In this section, we briefly discuss the following
research: fuzzy numbers, classification rules, and our
prior research with the cumulative probability
distribution approach (CPDA) (Teoh et al., 2008).

2.1 Cumulative probability distribution approach

CPDA partitions (Teoh et al., 2008) the universe
of discourse and builds membership functions. It is
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based on the inverse of the normal cumulative dis-
tribution function. In probability theory, the inverse of
the normal cumulative distribution function (CDF) is
modeled by two parameters x and o for a given prob-
ability p. The CDF is defined as follows:

x=F(pluo)={x:F(x|u,0)=p}, (1)
where

_ 1 —(t—u)°
p_F(x|y,a)_—a\/ﬁj._wexp(—202 jdt, )

and u and o denote the mean and the standard devia-
tion, respectively.

2.2 Fuzzy numbers

Zadeh (1965) introduced the concept of a fuzzy
set for modeling the vagueness type of uncertainty
(Ross, 2004). A fuzzy set A defined on the universe
X is characterized by a membership function
u; - x—[0, 1], which satisfies the following condi-

tion: (1) u; is interval continuous, (2) w; is a con-
vex, and (3) u; is a normalized fuzzy set and
u;(m) =1, where m is a real number (Chou et al.,

2010).

When describing imprecise numerical quantities,
one should capture intuitive concepts of approximate
numbers or intervals such as ‘approximate m’. A
fuzzy number must have a unique modal value m,
convex and piecewise continuous. A common ap-
proach is to limit the shape of membership functions
defined by left-right (LR) type fuzzy numbers. A
special case of LR-type fuzzy numbers, the triangular
fuzzy number (TFN), is defined by a triplet, denoted

as A— (a, b, c). Fig. 1 shows the graph of a typical
TFN.

H(X) 4

l —————————————

fo Py

a

Fig. 1 Triangular fuzzy number

The membership function for this TFN (Fig. 1) is
defined as

0, x<a,

_J(x=a)/(b-a), asx<h,

" lc=x)/(c=b), b<x<c,
0, X >C,

#5 (X) 3

where u; (x) denotes the membership value of crisp
A

data x belonging to fuzzy sets A . The lower bound,

the midpoint, and the upper bound intervals of A are
denoted by a, b, and c, respectively. If the data meet
two membership functions, both the maximum
membership value and linguistic value are determined.

Atrapezoid fuzzy number can be defined as (a, b,
¢, d). The membership function is defined as

0, x<a,
(x—a)/(b—a), a<x<h,

“A(X): 1, b<x<c, 4
(d=x)/(d-c), c<x<d,
0, X>d.

2.3 Data discretization

Discretization produces a qualitative attribute
from a quantitative attribute. Li (2001) provided a
new discretization method which is based on the dual
partition and the pressure by the piecewise constant.
Jia et al. (2006) presented a discretization method
which can also be used as a data pretreating step for
other symbolic knowledge discovery or machine
learning methods other than rough set theory. Unlike
the other discretization approaches, CPDA is a more
objective and reasonable approach to defining the
universe of discourse, and it partitions the lengths of
intervals depending on the distribution characteristics
of observations, using a triangular membership func-
tion to fuzzify the observations. The interval bounda-
ries are defined on the distribution characteristics of
observations, which may increase the classification
accuracy.

2.4 Classification rules

Classification is an important data mining tech-
nique. There are many classification models which
have been proposed and applied in many fields
(Huang and Zhu, 2010; Liu et al., 2010). A decision
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tree is a flow-chart-like tree structure, where each
internal node denotes a test on an attribute, each
branch represents an outcome of the test, and leaf
nodes represent class or class distributions (Han and
Kamber, 2001). The ID3 (Quinlan, 1986) is a decision
tree algorithm originating from information theory.
The basic strategy used by ID3 is to choose splitting
attributes with the highest information gain. The
concept used to quantify the information for a corre-
sponding attribute is called entropy. It is defined as
follows.

Given a collection set S of ¢ outcomes, the en-
tropy is defined as

H(8)=2> -p, log, p,, )

where p; is the proportion of S belonging to class i.

On the other hand, Gain(S, A) is the information
gain of example set S on attribute A and it is defined
as

Gain(S, A) = H(S)—Z||SSV|| H(S,), (6)

where v is a value of A, S, is a subset of S, |S,| de-
notes the number of elements in S,, and |S| denotes the
number of elements in S.

C4.5, designed by Quinlan (1993), is an algo-
rithm based on the ID3. C4.5 includes a number of
improvements to some issues that ID3 could not
overcome: avoiding overfitting the data, determining
how deeply to grow a decision tree, reducing error
pruning, rule post-pruning, handling continuous at-
tributes, choosing an appropriate attribute selection
measure, handling training data with missing attribute
values, handling attributes with differing costs, and
improving computational efficiency.

3 The proposed approach

In this section, an enhanced model is proposed to
improve the persuasiveness in determining the uni-
verse of discourse and membership functions. First,
we generate the membership function based on CPDA
for each conditional attribute. Second, we use the
classification rule algorithm to extract rules (Fig. 2).

The proposed model is stated in more detail as
follows.

.................................................

Phase I|: automatic generation of
the membership function

Build the membership function
based on CPDA

Phase II: rule generation principle

Extract classification rules by
algorithm C4.5

CPDA: cumulative
probability distribu-
tion approach

.......

Verify and compare

Fig. 2 Framework of the proposed procedure

Step 1: define the universe of discourse.

For each attribute in a dataset, the universe is
denoted by Ui=[Dmin—0, Dmax*tc], where Dpin and
Dmax are the minimum and maximum data values in
the attribute respectively, and ¢ is the standard devia-
tion of all data values in the attribute. Extending both
sides at the universe of discourse by an amount of ¢
preserves a variation space and ensures the future
results falling in U;.

Step 2: determine the length of intervals.

The universe of discourse is partitioned into
several intervals based on cumulative probability
distribution. The lower bound cumulative probability

R and the upper bound cumulative probability

Rus, Of each linguistic value are obtained by

Re =(2i-3)/n, 2<i<n, )
Pus, =i/ln, 1<i<n, (8)

where i denotes the order of the linguistic values, and
n denotes the number of linguistic values. The lower
bound of the first linguistic value and the upper bound
of the last linguistic value are directly related to the
lower bound and upper bound of universe of dis-
course, respectively.

The lower bound LB; and upper bound UB; are
defined as follows:

LB, =+ 0%, | ©)

UB, =u+0oX, (10)

where X, is as defined in Eq. (1).

Step 3: generate the membership functions
automatically.
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The CPDA is used to discretize the dataset and
generate the membership functions. This algorithm
partitions the universe of discourse based on cumula-
tive probability distribution. The membership func-
tion is built by using a triangular fuzzy number.

Step 4: fuzzify the continuous data into a unique
corresponding linguistic value.

According to the membership function in Step 3,
the degree of membership for each data value is cal-
culated. The maximal degree of the membership for
each data value determines its unique corresponding
linguistic value.

Step 5: extract classification rules by C4.5.

From the results obtained in Step 4, classifica-
tion rules can be built using the C4.5 algorithm (Weka
open software (Witten and Frank, 2005)).

Step 6: verify and compare.

In the last step, the classification model derived
from Step 5 is evaluated. The accuracy of the pro-
posed approach is compared with those of some ex-
isting approaches.

4 Experimental dataset

To verify the proposed approach, there are two
datasets in the experiments: (1) SAP50A dataset, (2)
Glass dataset.

4.1 SAP50A dataset

An exemplary dataset named SAP50A (Rasmani
and Shen, 2006) was used throughout this study (Ta-
ble 1). The dataset contains 50 instances, involving
three conditional attributes: assignment, test, and final
exam. All these attributes are numerical values. The
proposed approach in Section 3 is applied to the
dataset step by step.

Step 1: define the universe of discourse.

The standard deviation, minimum, and maxi-
mum data of ‘assignment’ are 26.59, 5, and 100, re-
spectively. Hence, the universe of discourse, U, is
defined as [5—26.59, 100+26.59]. The universe of
discourse for each attribute is listed in Table 2.

Step 2: determine the length of intervals.

According to the inverse of normal CDF, the
lower bound, midpoint, and upper bound are calculated
as the triangular fuzzy numbers of each linguistic
value.

Table 1 The SAP50A dataset for illustrating classifica-
tion rules generation

Case Assignment Test Final exam Final mark Grade

1 5.00 37.00 18.00 20.00 E
2 10.00 23.00 16.00 16.33 E
3 15.00 13.00 6.00 11.33 E
48 95.00 97.00 98.00 96.67 A
49 90.00 93.00 94.00 92.33 A
50 100.00 83.00 98.00 93.67 A

E: unsatisfactory; A: excellent

Table 2 Universe of discourse for the SAP50A dataset

Attribute  Min Max Mean STD Universe

Assignment 5 100 48.38 26.59 [-21.59, 126.59]
Test 10 97 5156 25.12 [-15.12,122.12]
Final exam 4 98 5350 26.82 [-22.82,124.82]

STD: standard deviation

For example, the LB, of ‘assignment’ is gener-
ated by Eq. (9):

LB, = u+oX, =4838+26.59x(-1.28)=14.34.

The results of Step 2 are shown in Table 3.

Step 3. generate the membership functions
automatically.

The TFN defined in Eq. (3) was used to present
the fuzzy sets for the linguistic variable based on the
linguistic intervals from Step 2. Table 4 lists the
membership functions obtained by the CPDA ap-
proach, which refer to the following linguistic values:
excellent (L5), very good (L4), good (L3), satisfac-
tory (L2), and unsatisfactory (L1). These membership
functions are shown in Figs. 3a—3c.

Step 4: fuzzify the continuous data into a unigque
corresponding linguistic value.

According to the membership functions in Step 3,
the degree of membership for each datum is calcu-
lated. For example, for the membership degree for the
test score in Case 2, L1is 0.33 and L2 is 0.28. Table 5
shows the results of this experiment.

The test score in Case 2 is 23, which falls within
two scopes, and the membership degree is 0.33 for L1
and 0.28 for L2. Then the test score 23 is labeled as
L1 based on the larger membership degree. The
maximal degree of the membership for each datum is
calculated to determine its linguistic value. Table 6
shows the results of the dataset.
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Table 3 Linguistic values and intervals of the cumulative probability distribution approach for the SAP50A dataset

Attribute Linguistic value Pe, Pos, LB Midpoint uB Length of interval
L1 - 0.2 -21.60 2.20 26.00 47.60
L2 0.1 0.4 14.30 27.97 41.64 27.34
Assignment L3 0.3 0.6 34.43 4478 55.12 20.69
L4 0.5 0.8 48.38 59.57 70.76 22.38
L5 0.7 - 62.33 94.46 126.59 64.26
L1 - 0.2 —15.12 7.65 30.42 45.54
L2 0.1 0.4 19.37 32.29 45.20 25.83
Test L3 0.3 0.6 38.39 48.16 57.92 19.53
L4 0.5 0.8 51.56 62.13 72.70 21.14
L5 0.7 - 64.73 93.42 122.12 57.39
L1 - 0.2 —22.82 4.05 30.93 53.75
L2 0.1 0.4 19.13 32.92 46.71 27.58
Final exam L3 0.3 0.6 39.44 49.87 60.29 20.85
L4 0.5 0.8 53.50 64.79 76.07 22.57
L5 0.7 - 67.56 96.19 124.82 57.26

L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; L5: excellent. LB: lower bound; UB: upper bound. —: The lower bound of the
first linguistic value and the upper bound of the last linguistic value directly correspond to the lower bound and upper bound of universe of
discourse, respectively

Table 4 The membership functions of all attributes

Linguistic value

Assignment

Test Final exam

L1
L2
L3
L4
LS

(0.00, 2.20, 26.00)
(14.30, 27.97, 41.64)
(34.43, 44.78, 55.12)
(48.38, 59.57, 70.76)
(62.33, 94.46, 100.00)

(0.00, 7.65, 30.42) (0.00, 4.05, 30.93)
(19.37, 32.29, 45.20) (19.13, 32.92, 46.71)
(38.39, 48.16, 57.92) (39.44, 49.87, 60.29)
(51.56, 62.13, 72.70) (53.50, 64.79, 76.07)
(64.73, 93.42, 100.00) (67.56, 96.19, 100.00)

L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; L5: excellent

Table 5 The partial degrees of the membership functions for each datum

Case Assignment Test Final exam
L1 L2 L3 L4 L5 L1 L2 L3 L4 L5 L1 L2 L3 L4 L5
1 088 000 000 000 000 000 0.64 000 0.00 0.00 047 0.00 0.00 0.00 0.00
2 0.67 000 000 000 000 033 028 0.00 000 0.0 055 0.00 0.00 0.00 0.00
3 0.46 005 000 000 000 077 0.00 0.0 000 0.0 093 0.00 0.00 0.00 0.00
48 0.00 000 000 000 100 000 0.00 0.00 0.0 100 0.00 0.00 0.00 0.00 1.00
49 0.00 000 000 000 086 000 0.00 0.00 0.00 099 0.00 0.00 0.00 0.00 092
50 0.00 000 000 000 100 000 0.00 0.00 0.00 0.64 0.00 0.00 0.00 0.00 1.00

L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; L5: excellent

Step 5: extract rules by C4.5.
We can extract the classification rules in detail as

follows:

Rule 1: IF final exam is L1 THEN Grade is

Unsatisfactory.

Rule 2: IF final exam is L2 THEN Grade is
Satisfactory.
Rule 3: IF final exam is L3 THEN Grade is

Good.

Rule 4: IF final exam is L4 and testis L1 or L2 or
L3 THEN Grade is Good.

Rule 5: IF final exam is L4 and test is L4 or L5
THEN Grade is Very Good.

Rule 6: IF final exam is L5 and test is L3 or L4
THEN Grade is Very Good.

Rule 7: IF final exam is L5 and testis L1 or L2 or
L5 THEN Grade is Excellent.

Step 6: verify and compare.
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CPDA (Attribute): Assignment
STD: 26.59, Mean: 48.38, Interval num: 5, Gnum: 1, Min: 5.00, Max: 100.00
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0.00 5.00 27.97 44.78 59.57 96.46 100.00

14.30 26.00 34.43 41.64 48.38 55.12 62.33 70.76

CPDA (Attribute): Test
1 STD: 25.12, Mean: 51.56, Interval num: 5, Gnm: 1, Min: 10.00, Max: 97.00

To fairly evaluate our proposed method, the
same dataset was used for the other five traditional
methods. The details of the test dataset are shown in
Table 7, cited from Rasmani and Shen (2006). In
addition, there are five approaches used for com-
parison. To inspect the forecasting performance for
our method, we use classification accuracy rate as a
performance indicator in this study.

The classification accuracy rates (Table 8) show
that the proposed approach is better than the listed
approaches.

Table 7 The SAP50A dataset for testing the classifica-
tion rules (Rasmani and Shen, 2006)

Case Assignment Test Final exam  Grade
1 10.00 23.33 20.00 L1
2 5.00 16.67 12.00 L1
3 15.00 13.33 18.00 L1
4 45.00 26.67 40.00 L2
5 35.00 33.33 30.00 L2
6 35.00 50.00 38.00 L2
7 45.00 43.33 54.00 L3
32.29 48.16 62.13 8 5000 4000 5000 L3
19.37 3042 38.39 45.20 51.56 57.92 64.73 72.70 9 45.00 50.00 58.00 L3
CPDA (Attribute): Final exam 10 5000 7000 6200 L4
) STD: 26.82, Mean: 53.50, Interval num: 5, Gnum: 1, Min: 4.00, Max: 98.00 11 6500 7000 7400 L4
; 12 85.00 60.00 76.00 L4
! 13 95.00 76.67 86.00 L5
: 14 85.00 83.33 96.00 L5
: 15 90.00 90.00 98.00 L5
e A L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; L5:
: L1 excellent
: Table 8 The SAP50A dataset comparison between the
. : proposed approach and five other approaches
0.00 4.05 3292 49.87 64.79 96.19 Classification
19.13 30.93 39.44 46.71 53.50 60.29 67.56 76.07 ApproaCh aCCUraCy I’ate (%)
Fig. 5 Membership functions of the assignment (a), test Biswas” approach (Biswas, 1995) 60.0
(b), and final exam (c) attributes Chen’s approach (Chen et al., 2001) 66.7
L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; Law’s approach (Law, 1996) 86.7
L5: excellent WSBA (Rasmani and Shen, 2006) 93.3
NEFCLASS (Rasmani and Shen, 2006) 80.0

Table 6 The partial linguistic values for each datum

Proposed approach 100.0

Case Assignment Test Final exam
1 L1 L2 L1
2 L1 L1 L1
3 L1 L1 L1
48 L5 L5 L5
49 L5 L5 L5
50 L5 L5 L5

L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; L5:
excellent

WSBA: weighted subsethood-based algorithm; NEFCLASS: de-
scription of neuro-fuzzy classification

4.2 Glass dataset

The Wisconsin Glass dataset (Newman et al.,
1998) was applied to explain our proposed approach.
There are 214 instances in the dataset, characterized
by the following attributes: (1) RI, (I1) Na;O, (1)
MgO, (IV) Al,O3, (V) SiO,, (VI) K0, (VII) Ca0,
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(VII) Bao, and (I1X) Fe,03. All these attributes are
real values. There are six classes in the dataset: A,
building windows float processed; B, building win-
dows non-float processed; C, vehicle windows float
processed; D, vehicle windows non-float processed
(none in this dataset); E, containers; F, tableware;

G, headlamps. The proposed approach in Section 3
was applied to the dataset.

According to the inverse of normal CDF, the
lower bound, midpoint, and upper bound, as the tri-
angular fuzzy numbers of each linguistic value, were
calculated (Table 9).

Table 9 Linguistic values and intervals of the cumulative probability distribution approach for the Glass dataset

Attribute  Linguistic value P, Ple, LB Midpoint uB Length of interval
L1 - 0.2 1.5081 1.5120 1.5158 0.0077
L2 0.1 0.4 1.5145 1.5160 1.5176 0.0031
RI L3 0.3 0.6 1.5168 1.5180 1.5191 0.0023
L4 0.5 0.8 1.5184 1.5196 1.5209 0.0025
L5 0.7 - 1.5200 1.5285 1.5370 0.0170
L1 - 0.2 9.9153 11.3187 12.7222 2.8069
L2 0.1 0.4 12.3638 12.7826 13.2015 0.8377
Na,O L3 0.3 0.6 12.9806 13.2974 13.6143 0.6337
L4 0.5 0.8 13.4079 13.7507 14.0935 0.6856
L5 0.7 - 13.8351 16.0149 18.1947 4.3596
L1 - 0.2 —1.4390 0.0172 1.4734 2.9124
L2 0.1 0.4 0.8403 1.5801 2.3200 1.4797
MgO L3 0.3 0.6 1.9299 2.4895 3.0491 1.1192
L4 0.5 0.8 2.6845 3.2901 3.8957 1.2112
L5 0.7 - 3.4392 4.6841 5.9290 2.4898
L1 - 0.2 —0.2081 0.4088 1.0257 1.2338
L2 0.1 0.4 0.8066 1.0626 1.3187 0.5121
Al,O3 L3 0.3 0.6 1.1837 1.3774 15711 0.3874
L4 0.5 0.8 1.4449 1.6545 1.8641 0.4192
L5 0.7 - 1.7061 2.8521 3.9981 2.2920
L1 - 0.2 69.0373 70.5189 72.0006 2.9633
L2 0.1 0.4 71.6606 72.0579 72.4552 0.7946
SiO, L3 0.3 0.6 72.2457 72.5462 72.8467 0.6010
L4 0.5 0.8 72.6509 72.9761 73.3013 0.6504
L5 0.7 - 73.0562 74.6194 76.1827 3.1265
L1 - 0.2 —0.6507 —0.3506 —0.0506 0.6001
L2 0.1 04 —0.3368 —-0.0023 0.3322 0.6690
K20 L3 0.3 0.6 0.1558 0.4089 0.6619 0.5061
L4 0.5 0.8 0.4971 0.7709 1.0447 0.5476
L5 0.7 - 0.8383 3.8495 6.8607 6.0224
L1 - 0.2 4.0102 5.8861 7.7620 3.7518
L2 0.1 04 7.1374 7.8673 8.5973 1.4599
Ca0 L3 0.3 0.6 8.2124 8.7645 9.3167 1.1043
L4 0.5 0.8 8.9570 9.5544 10.1519 1.1949
L5 0.7 - 9.7015 13.6557 17.6098 7.9083
L1 - 0.2 -0.4961 -0.3693 -0.2424 0.2537
L2 0.1 04 —-0.4607 —0.2057 0.0494 0.5101
BaO L3 0.3 0.6 —0.0851 0.1078 0.3007 0.3858
L4 0.5 0.8 0.1750 0.3838 0.5925 0.4175
L5 0.7 - 0.4352 2.0406 3.6461 3.2109
L1 - 0.2 -0.0972 -0.0610 —-0.0248 0.0724
L2 0.1 0.4 -0.0676 -0.0176 0.0324 0.1000
Fe,03 L3 0.3 0.6 0.0060 0.0438 0.0816 0.0756
L4 0.5 0.8 0.0570 0.0979 0.1388 0.0818
L5 0.7 - 0.1080 0.3576 0.6072 0.4992

L1: unsatisfactory; L2: satisfactory; L3: good; L4: very good; L5: excellent. LB: lower bound; UB: upper bound. —: The lower bound of the
first linguistic value and the upper bound of the last linguistic value directly correspond to the lower bound and upper bound of universe of

discourse, respectively
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From the result, fifty-two rules can be extracted.
The first five rules are listed as follows:

Rule 1": IF BaO is L3 THEN Type is B.

Rule 2": IF BaO is L4 or L5 THEN Type is G.

Rule 3": IF BaO is L1 and MgO is L5 and Rl is
L5 THEN Type is A.

Rule 4": IF BaO is L1 and MgO is L5 and RI is
L3 THEN Type is B.

Rule 5 IF BaO is L1 and MgO is L2 THEN
Type is E.

The classification accuracy rates (Table 10)
show that the proposed approach is better than the
listed three approaches.

Table 10 The Glass dataset comparison between the
proposed approach and other three approaches

Classification

Approach accuracy rate (%)
Agglomerative discretization approach 69.37
(Grzymala-Busse, 2003)
Divisive discretization approach 68.22
(Grzymala-Busse, 2003)
C45 65.89
Proposed approach 70.09

5 Conclusions

In this paper, a reinforced classification rules
finding method based on CPDA has been proposed
for solving classification problems. This method
combines the C4.5 algorithm and our prior work
CPDA. It can automatically derive the membership
functions from a given training dataset and improve
the persuasiveness in determining the universe of
discourse and membership functions.

From the experimental results of the proposed
method, three contributions are made:

1. The proposed method can determine suitable
interval boundaries for any given dataset based on its
own characteristics.

2. It can generate the fuzzy membership func-
tions automatically and does not need domain experts’
experiences.

3. Using the discretization method in preproc-
essing can improve the accuracy for classification
rules without removing the noise instance.
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