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Abstract— The definitions of the number of fuzzy sets and their
proper distribution on their domains are fundamental issues for fuzzy
systems since these basic parameters deeply affect the quality of the
systems results, both in terms of performance rates and interpretabil-
ity. Several methods have been proposed in the literature to define
these parameters, although it is common to find works in which the
number of fuzzy sets is defined empirically, distributing them equally
in the domains. This paper presents a fast and easy method to esti-
mate the number of fuzzy sets for each attribute and compares three
methods for the distribution of fuzzy sets. Two of them are non-
supervised methods, using same width and same frequency, the third
one is an adaptation of the 1-R supervised method to discretize at-
tributes. Experiments with 10 datasets for classification problems,
10-fold cross validation, using the Wang & Mendel method, and the
classic and general fuzzy reasoning methods are presented and dis-
cussed.

Keywords— Fuzzy systems, granulation of attributes, Wang &
Mendel method, fuzzy data base generation.

1 Introduction

Fuzzy set theory and fuzzy logic [1] proposed by professor
Loft A. Zadeh are the base for the fuzzy systems. Fuzzy
set theory is used to represent and process information. The
main characteristic of fuzzy sets, contrasting with crisp sets,
is the progressive transition from one set to another. This nat-
ural characteristic of the fuzzy sets provides automatic mech-
anisms to deal with imprecision and uncertainty, which are
inherent to real world knowledge. Moreover, the fuzzy logic
theory prevents the creation of unnatural frontiers in the parti-
tioning of attributes domains [2].

A fundamental issue, due to its direct impact on fuzzy sys-
tems, is the definition of the fuzzy sets that model the linguis-
tic variables of a given domain, both in terms of shape (tri-
angular, trapezoidal, S-function, etc) and partitioning of the
attributes domains (number of fuzzy sets and their distribu-
tion). Unfortunately, there are no general rules or guidelines
for these tasks that suit every domain [3]. In fact, many meth-
ods may have to be tested in order to find the appropriate def-
initions for a given application.

It is also common to find studies in which the definition
of the membership functions is done empirically. In fact, the
Gaussian, trapezoidal and triangular shapes are the most used
in the literature, probably because they produce comparable
results to other shapes and are easily interpretable [4]. Re-
garding the definition of the number of fuzzy sets and their
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distribution on the partitions, most of the papers in the litera-
ture use from 2 to 10 fuzzy sets for each attribute, equally dis-
tributed in their domains, i.e., all fuzzy sets have same width.

Another aspect to be considered when defining fuzzy sets is
personal interpretations, which make this task non trivial. For
instance, let us consider a linguistic variable temperature; the
interpretation of the linguist term low temperature is closely
related to the region where one lives (consider a continental
country such as Brazil, for example). Thus, personal interpre-
tations may generate strong variations for the same concept:
since each person may have different and personal interpreta-
tions on the meaning of a concept, it is natural that different
membership functions may be created to define the same con-
cept. This flexibility on the subjective selection of member-
ship functions and, as previously stated, in the distribution of
the fuzzy sets in their partitions shows the robustness of the
fuzzy logic, which is closely related to the inherent character-
istics of fuzzy sets [5].

Although this flexibility exists, the task of defining mem-
bership functions is largely ignored. The choice of the
method, in fact, depends on the particular application and do-
main [6]. While the shape of the fuzzy sets may not present
expressive differences in the results of fuzzy systems, the
number of fuzzy sets and their distribution are relevant pa-
rameters that affect the system in terms of performance and in
terms of interpretability. Thus, this paper presents a fast and
easy method to estimate the number of fuzzy sets, in order to
use this estimated number with more costly approaches, such
as genetic algorithms. This paper also presents experiments
carried out using three distinct methods for the definition of
the distribution of fuzzy sets, in an attempt to provide fur-
ther insight on the task, focusing specifically on classification
problems. One of these methods uses same width distribution
for the fuzzy sets, the second uses same frequency distribu-
tion, and the third takes the classes into consideration in the
process.

This paper is organized as follows: Section 2 reviews meth-
ods for the automatic definition of fuzzy membership func-
tions; Section 3 describes the three methods used in the exper-
iments for the definition of fuzzy sets. Section 4 describes the
heuristic method for the definition of the number of fuzzy sets
proposed here. Section 5 presents the experiments and results,
followed by the conclusions in Section 6.
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2 Methods for the Automatic Definition of
Fuzzy Sets

There is a wide variety of methods applied for the definition
of fuzzy sets, ranging from heuristic methods, genetic algo-
rithms, artificial neural networks, clustering algorithms, the
use of indexes, to the adaptation of classic machine learning
methods, such as the K-NN algorithm. Next, we present some
of these methods. More details on these and on other related
methods can be found in [7] and on the provided references.

Several methods explore the use of special parameters for
the distribution of fuzzy sets. In [2], for example, the authors
use the concept of 2-tuple to define linguistic terms. The 2-
tuple strategy is used to define both, the center of a fuzzy set
(support), and a value for a symbolic translation, which en-
ables the fuzzy sets to be moved sideways, always keeping
the same base width. This symbolic translation of a linguis-
tic term is a number within the interval [—0.5,0.5). A ge-
netic algorithm is then used to define the best position for the
fuzzy sets. The experiments used a fixed number of triangular
shaped sets.

In [6] and [8] the authors use the Fuzzy C-Means algorithm
for the definition of fuzzy membership functions. In the first
method [6], a modified version of the Xie-Beni index [9] is
used to define the number of clusters and, therefore, the num-
ber of fuzzy sets, for the Fuzzy C-Means algorithm. Once the
number of fuzzy sets is defined, the centers of the sets are ini-
tialized based on two methods, the equalized universe method,
which divides the partition equally by the number of sets, and
the subtractive clustering method, which classifies the points
present in the training data by their number of neighboring
points (thus, a data point will have a high potential value if it
has many neighboring points). After the initialization of the
centers, the Fuzzy C-Means algorithm is employed to search
for the best positions for centers. A hybrid learning algo-
rithm for refining the system parameters based on the ANFIS
method [10] is then presented. The second method [8] pro-
poses the use of a Fuzzy C-Means variant for the generation
of fuzzy term sets with 2 overlap. This method uses the mean
squared error criterion to determine the number of fuzzy sets
and the optimal shape of the membership functions associated
with each term.

Genetic algorithms are used to tune the parameters of fuzzy
setsin [11]. The genetic algorithm is used to find membership
functions suitable for mining problems and then uses the final
best set of membership functions to mine fuzzy association
rules. The fitness of each chromosome is evaluated by the
number of large 1-itemsets generated and by the suitability of
the membership functions.

The use of artificial neural networks has also been explored
for the definition of fuzzy membership functions. The authors
in [12] and [13] present an overview of several neuro-fuzzy
methods for the definition of fuzzy sets. These methods, al-
though some present good results, have the problem of tun-
ning parameters for the neural networks, and, in some cases,
might need further tests.

There are also works focusing on the use of special indexes
to generate membership functions. For instance, the concept
of entropy is used in [14] and in [15] to determine membership
functions. In [16] the authors propose a method for the defini-
tion of fuzzy sets based on two indexes, the fuzzy entropy and
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the fuzziness index, adopting the .S shaped fuzzy set. These
papers focus on image recognition applications. The Kappa
measure was also used. In [17] the authors use the Kappa
measure to calculate the fuzzy Kappa index in order to define
a suitable segmentation of partitions.

Several other approaches can be found in the literature, such
as heuristic methods [18], histograms [3], and even a fuzzy
version of the classic machine learning K- nearest neighbor
algorithm [19].

Although such a variety of methods exist, it is important
to emphasize the fact that many studies define the number
of fuzzy sets empirically, and employ the equalized universe
method [6] to define the distribution of the fuzzy sets, which
simply distributes the sets evenly in the partitions. Regarding
the number of fuzzy sets, most researchers define this variable
empirically using a range usually varying from 2 to 10 fuzzy
sets per attribute. The main reasons why researchers decide to
define such important variables without the aid of any formal
method may include:

e The complexity of the methods available, which may re-
quire more time and effort to be implemented than the
actual application in focus;

e The flexibility of the fuzzy logic for the definition of
fuzzy variables and fuzzy terms, which allows the users
to define their own fuzzy data base, since it will be the
base for the generation of the fuzzy rules, which in turn
will be adjusted to provide a suitable performance;

o The lack of consensus and/or guidelines on which of the
available methods is the best for a given application;

The next section presents the methods used in the experi-
ments conducted for this paper.

3 Evaluated Methods for Fuzzy Sets
Distribution

The three methods tested and compared in this paper are
the equalized universe method, same frequency method, and
an adaptation of the 1-R method for attribute discretization.
These methods are described next.

3.1 Equalized Universe Method

This method uses the same width for each fuzzy set [6]. Figure
1 presents an attribute described by five triangular fuzzy sets
using the equalized universe method. Notice that, usually, the
fuzzy sets at the extremes have half the width of the other
fuzzy sets in the middle of the domain.

A

Figure 1: Attribute defined by 5 fuzzy sets using the equalized
universe method.

This method is the most widely found in the literature.
Some of the reasons for that may include the fact that it is
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a simple and easy method to use, and that it generates isosce-
les triangles, with 2 overlap, so no area of the domain will
have a membership degree inferior to 0.5 [20]. Besides, they
are easy to interpret.

3.2 Same Frequency Method

This method divides the domains of the attributes according
to the frequency distribution of the examples. For our im-
plementation, percentiles [21] were used to find the correct
distribution for the sets. This way, if an attribute is described
by 5 triangular fuzzy sets, the maximum membership degree
for the first fuzzy set will be on the 16.7th percentile, on the
33.3th percentile for the second fuzzy set, on the 50.0th per-
centile for the third one, on the 66.7th percentile for the fourth
one, and on the 83.3th percentile for the last fuzzy set. The
triangles will not have the same base width, on the contrary,
depending on the distribution of the examples, they are likely
to be different. Notice that in the case of many examples with
the same value, two or more fuzzy sets might be defined with
exactly the same middle point. In order to avoid this problem,
if the same example is chosen by two or more different per-
centile values, the neighboring examples of the left and right
are chosen to replace the original value.

Figure 2 shows an attribute represented by 5 fuzzy sets dis-
tributed using the same frequency method, having 20 exam-
ples in the interval [0,10] (0,0,0,1,1,2,2,2,3,5,5,6,7,7,
7,9,9,9,9,9).

Figure 2: Attribute defined by 5 fuzzy sets using the same
frequency method.

Notice that the fuzzy sets of the laterals are defined beyond
the actual domain values. This strategy was used to avoid leav-
ing any spaces of the domain with maximum membership de-
grees close to zero. The space between the actual beginning
and end of the domain and the vertices of the triangles is cal-
culated as the same space between the middle vertex of the
triangle and the adjacent extremity of the domain.

3.3 I-R Supervised Method

The 1-R method is used for discretization of attributes. It basi-
cally divides the domain of an attribute in n intervals, in rela-
tion to the frequency of the examples, calculates the optimum
class for each interval, and tries to find the best split point us-
ing the class. The original algorithm can be found in [22].
Algorithm 1 presents the adapted version of the 1-R algorithm
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used in the experiments.

Input: n = number of examples;

m = number of attributes;

¢ = number of fuzzy sets describing the attribute;

for a = 1 to m do

Sort the examples by attribute a;

Divide the examples in ¢ intervals;

forb=1to v+ —1do

Calculate the optimal(majority) class for the interval;
for c = 1 to interval i — 2 do

for d = index of first example of interval c + 1 to
index of last example of interval ¢ + 1 do

if first example of interval ¢ 4+ 1 belongs to
optimal class of interval c then ;

Adjust intervals so that the first example of
interval ¢ + 1 is transfered to interval c;

else d = index of last example of interval
c+1;

if d = index of last example of interval ¢ + 1
then Split the examples of interval ¢ between
intervals c and ¢ + 1;

end

end

end

For each interval, create a fuzzy set with core in the middle
of the interval and laterals in the cores of the neighboring
intervals;

end

Algorithm 1: 1-R adapted algoritghm.

The same strategy used for the same frequency method, to
avoid leaving any spaces of the domain with maximum mem-
bership degrees close to zero, was used similarly for the 1-R
adapted method.

Figure 3 shows an attribute represented by 5 fuzzy sets dis-
tributed by the same frequency method, having the following
20 examples (attribute value, class) in the interval [0, 10]: 0,
3;0,3;0,1;1,3;1,3;2,3;2,2:2,2;3,2;5,2;5,1;6, 1; 7,
1;7,3;7,3;9,2:9,3;9,1;9,2;9, 3.

@5 10

Figure 3: Attribute defined by 5 fuzzy sets using the 1-R
adapted method.

4 Heuristic Method to Define the Number of
Fuzzy Sets

The approaches used by the recently proposed methods to gen-
erate fuzzy rules usually demand a great computational effort,
such as the genetic algorithms, that can take from minutes to
days to converge to good solutions. Since the definition of the
number of fuzzy sets is an open area of research, it is common
to see researchers using a few different numbers of fuzzy sets
for each attribute in order to validate their methods, usually
ranging from 2 to 10, thus, repeating the complete round of
experiments several times, according to the range of number
of fuzzy sets used. If it were possible to establish an approxi-
mate optimal number of fuzzy sets, the total number of exper-
iments would be greatly reduced. Thus, we propose a heuris-
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tic strategy to define this number using the Wang & Mendel
method [23], which is able to generate fuzzy rule bases from
data examples.

The Wang & Mendel method has been widely used due
to its low complexity (O(m x n), m attributes, n examples)
and the fact that it produces relatively small rule bases with
good classification rates and no conflicting or redundant rules.
However, nowadays it is possible to generate more precise
fuzzy rule bases with even lower number of rules using other
approaches, such as the genetic fuzzy systems or neural net-
works. The heuristic of the proposed method is based on the
assumption that the Wang & Mendel method can be used as an
indicator of the quality of the results that can be achieved by
other methods, when using the same data base, i.e., the same
number, distribution, and shape of fuzzy sets.

Experiments shown in Section 5 were carried out using
from 2 to 10 triangular shaped fuzzy sets defining each at-
tribute of the domains. The idea is to run the experiments
with the Wang & Mendel method before running the experi-
ments with more time consuming approaches, and select the
number of fuzzy sets that produced the best accuracy rates,
or, in case of ties, the smaller number, due to interpretability
reasons. Notice that a tolerance interval may be defined to al-
low the user to select the smaller number of fuzzy sets when a
small difference between the accuracy rates is not significant,
but the difference in the number of fuzzy sets is.

5 Experiments and Results

The experiments were conducted using 10-fold cross valida-
tion on 10 datasets. Table 1 shows a summary of the charac-
teristics of the datasets used in the experiments, presenting the
number of examples in each dataset (# Examples), number of
attributes (# Attribs), number of classes (# Classes), and the
majority class error (MCE).

Table 1: Characteristics of the datasets.

Breast 684 10 3 34.99
Bupa 345 4 2 42.00
Credit 653 15 2 4533
Diabetes 769 8 2 34.98
Glass 220 9 7 65.45
Heart 270 13 2 44.40
Iris 150 4 3 66.60
Segment 210 19 7 85.72
Vehicle 846 18 4 74.20
Wine 178 13 3 59.70

Two fuzzy reasoning methods, frequently employed in the
fuzzy classification domain, were used, the classic and the
general fuzzy reasoning methods. The classic fuzzy reasoning
method uses the class of the rule with highest compatibility
with an input pattern to classify it. The general fuzzy reason-
ing method, on the other hand, calculates the sum of compat-
ibility degrees for each class and uses the class with highest
sum to classify an input pattern. The accuracy was measured
in terms of correct classification rates.

Table 2 presents the results for the experiments that were
carried out using the classic fuzzy reasoning method. Sets de-
scribes the number of fuzzy sets used for each attribute in the
experiments; EU represents the equalized universe method,
which uses the same width for each fuzzy set, F represents the
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method that uses same frequency, and 1-R represents the 1-
R adapted method, which takes the classes into consideration
when distributing the fuzzy sets.

Table 2: Classification rates - classic fuzzy reasoning method.

Meth. | EU F IR | EU F IR|EU F IR
Bre. | 096 053 064 | 096 059 089 | 095 071 0.84
Bupa | 049 046 043 | 052 051 055 | 055 053 057
Credit | 0.54 058 0.60 | 054 058 0.3 | 053 055 0.63
Dia. | 099 1.00 098 | 099 099 1.00 | 1.00 098 097
Glass | 041 058 048 | 049 055 067 | 055 060 0.65
Heart | 098 0098 093 | 1.00 1.00 097 | 1.00 099 008
Iis | 0.67 043 037 | 065 091 065 | 092 093 091
Seg. | 047 0.14 026 | 074 0.5 054 | 071 0.5 0.0
Vehi. | 099 005 1.00 | 1.00 0098 1.00 | .00 097 1.00
Wine | 0.94 099 099 | 099 098 097 | .00 1.00 008
Meth. | EU F IR | EU F IR|EBU F IR
Bre. | 092 069 0.6 | 0.89 066 0.71 | 091 065 0.70
Bupa | 056 052 054 | 055 048 052 | 055 046 048
Credit | 053 055 058 | 053 055 056 | 054 055 056
Dia. | 100 094 098 | 1.00 1.00 097 | 099 1.00 097
Glass | 061 056 061 | 0.6 053 057 | 063 052 0.5
Heart | 1.00 098 1.00 | 1.00 097 1.00 | 093 095 0.99
Iis | 091 090 091 | 0.87 0.83 087 | 0.93 080 087
Seg. | 067 0.5 039 | 066 0.4 030 | 062 0.5 023
Vehi. | 0.98 0095 1.00 | 0.98 1.00 098 | 0.97 1.00 099
Wine | 1.00 099 009 | 009 098 009 | 099 093 1.00
Meth. | EU F IR |EU F IR|EBU F IR
Bre. | 090 063 069 | 074 063 069 | 080 061 0.66
Bupa | 0.61 045 042 | 058 043 042 | 055 043 045
Credit | 0.54 055 055 | 060 055 055 | 057 055 055
Dia. | 097 099 095 | 093 0093 089 | 088 091 0.89
Glass | 058 051 054 | 060 050 051 | 0.6 050 050
Heart | 092 098 099 | 091 089 098 | 091 087 097
Iis | 0.80 071 0./6 | 0.89 0.67 0.2 | 0.89 059 0.68
Seg. | 054 0.14 021 | 053 015 0.8 | 045 0.14 016
Vehi. | 0.95 0095 099 | 0.04 097 097 | 093 095 098
Wine | 003 088 005 | 0.81 085 003 | 0.73 081 001

Table 3 presents the results for the experiments that were
carried out using the general fuzzy reasoning method. Sets
describes the number of fuzzy sets used for each attribute;
EU represents the equalized universe method, F represents the
method that uses same frequency, and 1-R represents the 1-R
adapted method.

Table 4 shows the best estimated number of fuzzy sets, ac-
cording to the proposed method, for the classic and general
fuzzy reasoning methods, using the equalized universe method
(EU), frequency method (F) and 1-R adapted method (1-R).
The suffixes C and G were used to describe the classic and
general fuzzy reasoning methods, respectively. A tolerance
interval of 0.02 was used. Notice that the best classification
rates used to define these values are light-gray shaded in Ta-
bles 2 and 3. The proposed method was able to estimate a
small number of fuzzy sets for most of the datasets.

Figures 4 and 5 present the classification rates (vertical axis)
for the classic and general fuzzy reasoning methods, respec-
tively, for each of the 10 datasets, using from 2 to 10 fuzzy
sets (horizontal axis) to define each of the attributes.

To test whether there is a significant difference among
the methods, the Friedman test [24] was used with the null-
hypothesis that the performance of the three methods, as-
sessed in terms of the error rate, are comparable. As the
null-hypothesis was rejected with a 95% confidence level, the
Bonferroni-Dunn post-hoc test (to detect whether the differ-
ences among the methods are significant) was used [24]. Re-
sults showed that the equalized universe method is signifi-
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Table 3: Classification rates - general fuzzy reasoning method.

Meth. | EU F 1-R | EU F 1-R | EU F 1-R
Bre. | 093 051 083 ]096 055 089|095 069 0.82
Bupa | 0.57 0.55 044 | 053 0.59 057 | 0.55 0.61 0.57
Credit | 049 048 0.53 | 049 048 0.65 | 048 047 0.1
Dia. | 099 0.15 099 | 099 032 095|097 024 0.81
Glass | 0.44 033 051049 036 0.61 | 057 037 0.59
Heart | 0.09 0.19 0.13 [ 0.09 0.15 0.34 | 0.08 0.08 0.11
Iris 0.69 050 0.38]0.70 093 0.63 | 097 092 093
Seg. | 041 0.14 020 ] 0.70 0.15 056 | 0.71 0.16 0.51
Vehi. | 098 044 1.00 | 098 044 095 ] 097 0.28 0.65
Wine | 093 052 099 | 089 0.22 0.81 | 0.73 0.05 0.36
Meth. | EU F 1-R | EU F I-R | EU F I-R
Bre. [ 092 0.67 073 ]0.89 066 071|091 0.65 0.69
Bupa | 0.59 0.63 0.61 | 057 058 0.62 | 0.57 057 0.63
Credit | 048 046 047 | 048 046 046 | 049 045 046
Dia. | 093 0.1 051 | 088 0.06 025 0.80 0.02 0.11
Glass | 0.54 0.27 0.50 | 0.56 025 0.39 | 0.55 0.17 0.29
Heart | 0.06 0.02 0.04 | 0.05 0.01 0.04 | 0.04 0.01 0.02
Iris 094 090 091 089 0.80 0.84 | 0.94 0.77 0.83
Seg. | 070 0.16 042 ] 0.70 0.16 032 | 0.63 0.15 0.24
Vehi. | 093 0.11 030 | 0.79 0.05 0.17 | 0.69 0.02 0.06
Wine | 0.39 0.03 0.12 | 0.18 0.00 0.02 | 0.07 0.02 0.00
Meth. | EU F I-R | EU F 1-R | EU F 1-R
Bre. | 090 0.63 0.69 | 0.74 0.63 0.69 | 0.80 0.61 0.66
Bupa | 0.60 0.60 0.61 | 0.58 0.59 0.61 | 0.61 0.60 0.59
Credit | 048 045 045|057 045 045] 050 045 045
Dia. | 0.69 0.0 0.06 | 0.58 0.00 0.02 | 047 0.01 0.01
Glass | 0.51 0.15 021 | 0.53 0.10 0.14 | 0.52 0.07 0.11
Heart | 0.03 0.00 0.01 | 0.03 0.01 0.00 | 0.02 0.00 0.00
Iris 091 0.73 0.77 | 094 0.69 0.73 | 091 0.57 0.61
Seg. | 0.60 0.14 021|059 0.15 0.18 | 0.51 0.14 0.17
Vehi. | 041 0.00 0.02 | 031 0.01 0.01 [ 0.17 0.0 0.01
Wine | 0.02 0.01 0.01 | 0.00 0.01 0.01 | 0.00 0.00 0.01

Table 4: Best estimated number of fuzzy sets for each dataset.

Breast 2 3 4 4 3 3
Bupa 8 5 3 4 3 5
Credit 9 9 2 2 3 3
Diabetes 2 2 2 3 2 2
Glass 5 4 2 3 3 3
Heart 2 2 2 2 4 3
Tris 4 4 3 3 4 4
Seg. 3 3 2 2 3 3
Vehicle 2 2 3 2 2 2
Wine 3 2 2 2 2 2

cantly better than the 1-R method and the frequency method,
with a 95% confidence level. The results of the statistical tests
also showed that the 1-R method performed significantly bet-
ter than the frequency method with a 95% confidence level.
Table 5 shows the average ranks for each of the methods
tested for the classic and general fuzzy reasoning methods.

Table 5: Average ranks.

[ Classic | 1694 | 2411 | 1.894 |
| General | 1350 | 2711 | 1939 ]

One of the reasons for the good performance of the equal-
ized universe method may be the fact that it generates fuzzy
sets with the same distance amongst them, promoting the cre-
ation of rules that will cover equal areas of the attributes parti-
tions, rather than promoting the creation of fuzzy sets in areas
with a concentration of examples but with less differences re-
garding the classes, which could have a deeper effect on the
classification rates. The 1-R method, since it uses the classes
to adjust the fuzzy sets defining each attribute, should perform
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Figure 4: Results for the classic fuzzy reasoning method.

better than the frequency method.

6 Conclusions

In this paper we have tested and compared three different
methods for the definition of fuzzy sets, the equalized universe
method, the frequency method, and an adaptation of the 1-R
supervised method. We have also proposed a heuristic method
to estimate the number of fuzzy sets for each attribute using
the Wang & Mendel method, to be used by other more costly
approaches, able of finding smaller sets of rules with better ac-
curacy. The experiments were carried out with 10 datasets for
classification problems using 10-fold cross validation and the
classic and general fuzzy reasoning methods. Each attribute
of each dataset was defined using from 2 to 10 fuzzy triangu-
lar shaped sets. Statistical methods were carried out in order
to find significant differences among the methods. The results
show that the equalized universe method performed signifi-
cantly better than the frequency and 1-R methods. The results
also showed that the 1-R method performed better than the
frequency method. Regarding the estimation of the number
of fuzzy sets for the attributes, the proposed method provides
support for the researcher to select small intervals of numbers
of fuzzy sets that would be worthwhile using in more costly

746



IFSA-EUSFLAT 2009

1,00 . —
= . 2 g . M
| gy ——bresst-W
050 -
—B—Bresst-F
0.00 Bresst- 1R
: 3 4 s & 7 8B 5 1o
100
O ——Bupa-W
0,50 | Bl
——Bupa-F
0,00 — Bupa- 1R
: = a4 s & 7 8 3 10
100
N ——Credit-w
R = S — Py redl
——Credit-F

Credit- 1R

—— —4—Diab.-W
050 +——
o g —&Diab.-F
0,00 r—i—{

Diab. - 1R

—+—Glass - W

050 |4 — — .
— —B—Glass-F
0,00 r ! ! — ! T = Glass- 1R

—&—Heart- W

N —B—Heart- F
0,00 '%“A—A—%

Heart- 1R

Tegy——v—F )
T el —4—lris-W

—B—1ris-F

Iris- 1R

——Seg.- W
050 p—

—W—seg.- F

\ ——vehi.-W

050 -
——vehi.-F
0,00 E’v—u—m SO——

Vehi.-1R

——Wine-W

ﬁﬂ\\
050
\\_— —B—Wine-F
0,00 T e

‘Wine - 1R

Figure 5: Results for the general fuzzy reasoning method.

approaches, based on the performance of the generated rule
bases.
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