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Abstract—This paper presents further experiments for the
FUZZY-WRAPPER, a feature subset selection method based on
the Wang & Mendel method to generate fuzzy rule bases.
This method aims at providing a means of selecting features
taking into consideration aspects of fuzzy logic based repre-
sentations, such as number, shape, and distribution of fuzzy
sets, and reasoning method. The main idea is to consider
different parameters from the general ones considered in the
classic filter approaches, which are widely used for the task
of feature subset selection. Experiments and results with 8
datasets, using a novel method to define the number of fuzzy
sets for attributes, are presented and discussed.

I. INTRODUCTION

The use of fuzzy systems has produced successful
results in many areas, including pattern classification,
optimization, and control of processes [1], [2]. Basically,
fuzzy systems are systems with variables based on fuzzy
logic. The Rule Based Fuzzy Systems (RBFS), focus of in-
terest for this work, usually have two main components:
a Knowledge Base (KB) and an Inference Mechanism
(IM). The KB is comprised by a Fuzzy Rule Base (FRB),
i.e., a set of fuzzy rules representing a given problem,
and a Fuzzy Data Base (FDB), containing the definitions
of the fuzzy sets related to the linguistic variables used
in the FRB. The IM is responsible for carrying out the
required computation that uses inferences to derive the
output (or conclusion) of the system, based on the KB
and the input to the system.

There are several approaches for the automatic def-
inition of data bases [3] and automatic generation of
knowledge bases from data, including clustering algo-
rithms [4], neural networks [5], and Genetic Algorithms
(GA) [6], [7], which are among the most well-succeeded
ones. Recently, there has been a considerable research
effort focusing on the use of GA in the design of fuzzy
systems. This initiative coined the term Genetic Fuzzy
Systems (GFS), which are basically fuzzy systems with
a learning process controlled by GA [8], [6].

Among the many GFS proposed approaches, a promis-
ing one uses GA to generate FRBs based on previ-

ously defined and fixed fuzzy sets [9]. This approach
is adopted in [10], where a method consisting of three
consecutive steps is proposed: (1) a feature selection
process, (2) the use of a GA to induce rules, and (3)
the use of another GA to eliminate unnecessary rules.
However, depending on the number of fuzzy variables
and sets, the number of possible rules can be very large,
interfering on the codification of the chromosomes, and
overloading the whole genetic learning process. Never-
theless, the task of generating all possible rule combi-
nations has exponential complexity. Thus, for datasets
described by many features, or data bases using many
fuzzy sets defining the attributes, a preselection of the
most relevant features is essential.

An approach for Feature Subset Selection (FSS), fre-
quently used due to its low complexity are the filters,
despite the fact that they are quite general procedures.
However, none of the existing filters takes into consider-
ation the particular characteristics of the fuzzy logic in
their selection or ranking process, which could highly
contribute to the final fuzzy system. To this end, the
FUZZY-WRAPPER method was proposed in [11].

The FUZZY-WRAPPER method for preselection of fea-
tures uses the Wang & Mendel (WM) method to generate
FRBs [12] as the base for a wrapper, and the best-first
heuristic search technique. This method was developed
also aiming at facilitating the use of GAs to automatically
design fuzzy systems by providing a FSS method, and
taking the particular characteristics of the fuzzy logic
used to describe the domain in use, such as number and
type of fuzzy sets, membership functions, and reasoning
method, among others, into consideration when select-
ing features. This paper presents further experiments
with the FUZZY-WRAPPER method using an automatic
method for the definition of the number of fuzzy terms
for the attributes and 8 datasets.

The remainder of this paper is organized as follows.
In Section II the fundamental concepts of Fuzzy Classi-
fication Systems are presented. Section III describes the
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main concepts of FSS. Section IV presents the FUZZY-
WRAPPER method. Section V presents and discusses
the experimental results. Finally, conclusions and future
work are presented in Section VI.

II. FUZZY CLASSIFICATION SYSTEMS

Classification is an important task in many areas,
including pattern recognition, decision making, and data
mining. The classification task can be roughly described
as: given a set of objects E = {e1, e2, ..., en}, also named
examples, cases, or patterns, which are described by m
features, assign a class ci from a set of classes C =
{c1, c2, ..., cj} to an object ep, ep = (ap1 , ap2 , ..., apm

).
Fuzzy classification systems are Rule Based Fuzzy

Systems designed to perform a classification task that
requires the domain features to be granulated by means
of fuzzy partitions. The linguistic variables in the an-
tecedent part of the rules represent features, and the
consequent part represents a class. A typical fuzzy clas-
sification rule can be expressed by

Rk : IF X1 is A1l1 AND ... AND Xm is Amlm

THEN Class = ci

(1)

where Rk is the rule identifier, X1, ..., Xm are the features
of the example considered in the problem (represented
by linguistic variables), A1l1 , ..., Amlm are the linguistic
values used to represent the feature values, and ci ∈ C
is the class, fuzzy or crisp, the example belongs to. The
inference mechanism compares the example to each rule
in the FRB aiming at determining the class it belongs to.

The classic and general fuzzy reasoning methods [3]
are widely used in the literature. The classic fuzzy rea-
soning method classifies an input pattern using the class
of the rule with maximum compatibility to the pattern to
be classified, while the general fuzzy reasoning method,
on the other hand, calculates the sum of compatibility
degrees for each class and uses the class with highest
sum to classify an input pattern.

The Wang & Mendel method [12] is a well known
algorithm for the automatic generation of FRBs and has
been widely used due to its low complexity 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 FRBs with a fewer number of rules using other
approaches, such as GAs.

Next section introduces the task of feature subset
selection.

III. FEATURE SUBSET SELECTION

The aim of FSS is to find a small number of features
that describe the dataset as well as, or even better, than
the original set does. This task can be roughly divided
into two sub-tasks: (1) to decide which features should

be considered to describe the concept, and (2) to decide
how to combine these features.

The task of eliminating irrelevant and/or redundant
features constitutes an important problem in machine
learning because, in practice, the performance of most
learning algorithms is affected by the presence of irrel-
evant and/or redundant features. Regarding the use of
GA to automatically generate fuzzy rule bases, a par-
ticular challenge is the dimensionality problem. Other
advantages associated with FSS are related to reduc-
ing the potential hypothesis space by improving data
quality, thus increasing the efficiency of the learning
algorithm, and enhancing the comprehensibility of the
induced classifier [13].

Filters and wrappers are the two main FSS approaches.
The main difference between them is related to the inter-
action of the FSS algorithm with the learning system. FSS
is performed as a separate process in the filter approach
before the application of the learning algorithm itself.
The basic idea is to filter features based on general
characteristics from the dataset before the induction
takes place. Thus, filter methods are independent from
the learning algorithm, which simply takes the filtered
dataset as input. On the other hand, the wrapper ap-
proach uses the induction algorithm itself as a black
box to evaluate candidate feature subsets, repeating the
process on each feature subset until a stopping criterion
is met. Thus, wrapper methods take into consideration
all the important characteristics of the learning algorithm
in the final decision of the FSS process.

IV. THE FUZZY-WRAPPER METHOD

The main idea of this method [11] is to use a wrap-
per to sequentially generate fuzzy rule bases using the
WM method, combining the original features of the
dataset. The best-first heuristic technique is used in order
to avoid exponential complexity. The FUZZY-WRAPPER
method can be described by the following steps:

1) For a domain with m features, generate all FRBs
by the WM method, combining all possible (m−1)
features.

2) Remove the feature of the FRB with the best,
i.e., lowest error rate, from the dataset, and again
generate all FRBs by the WM method combining
all possible (m− 2) features.

3) Repeat the previous step until only 1 feature re-
mains.

4) Rank the generated FRBs by their error rates.
5) Select the features present in the FRB with the best

(lowest) error rate.
In the WM method, the maximum number of fuzzy

rules generated in its first step is limited to the number of
examples (n) presented. Thus, the complexity of the pro-
posed method for examples described by m features can
be defined as O(n×m2). The relevance of this approach
relies on the fact that, by using the WM method as the
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base algorithm for the wrapper, it is able to take into
consideration all important characteristics of fuzzy logic
in the generation of the FRBs, instead of using general
characteristics or parameters commonly used by filters.

V. EXPERIMENTS

The FUZZY-WRAPPER method was tested in [11] using
4 datasets, the classic (CFRM) and the general (GFRM)
fuzzy reasoning methods to select features, and 3 fuzzy
sets defining each of the attributes of the datasets used.
In this work, we present the experiments with 8 datasets
from the UCI Machine Learning repository [14]. Besides
considering more datasets, a major difference from the
previous tests is related to the definition of the number
of fuzzy sets defining each of the attributes of each
dataset. In this work, this parameter was defined using
the method presented in [15], which basically compares
the performance, in terms of correct classification rates,
of different databases defined with different numbers of
fuzzy sets, and chooses the best one. The distribution
of the fuzzy sets was done according to the equalized
universe method [16], which uniformly distributes the
fuzzy sets in the partitions. The fuzzy triangular shape
was used for all experiments. All experiments based on
the Wang & Mendel method were performed using a 10-
fold cross validation strategy, with paired folds (i.e., all
experiments used identical subsets of examples).

Table I summarizes the dataset characteristics giving
the total number of examples (Examples), total number
of features (Features), number of classes (Classes), per-
centage of the majority class (MC), and the number of
fuzzy sets for each of the attributes (FS).

TABLE I
DATASET CHARACTERISTICS.

Dataset Examples Features Classes MC FS
Credit 653 15 2 45.33 2

Diabetes 769 8 2 34.98 2
Glass 220 9 7 40.65 7
Heart 270 13 2 44.40 2

Ionosphere 351 34 2 35.90 3
Segment 210 19 7 15.71 3
Vehicle 846 18 4 74.20 2
Wine 178 13 3 40.30 3

The FUZZY-WRAPPER method was compared with
some filters available at WEKA [17], specifically with
the CFS [18], ReliefF [19], and Consistency [20] filters,
and the original version of the C4.5 [21], both in term of
the number of selected features and in terms of correct
classification rates. C4.5 is a well-known decision tree
algorithm that uses information gain and entropy mea-
sures when deciding on the importance of the features,
making it possible to select features with the ranking
of the generated branches. ReliefF, on the other hand,
ranks the features by their usefulness on distinguishing
between very similar examples belonging to different

classes, and presents an average merit ranking which
was used to select the features with an average merit of
more than 0.009. The experiments were carried out using
the default settings of the algorithms.

Table II presents the original number of features of
each dataset (F), the number of features selected by the
FUZZY-WRAPPER method using the classic (FWC) and
general (FWG) reasoning methods, as well as the ones se-
lected using the CFS, C4.5, ReliefF (RF) and Consistency
(Cons.) filters. It should be observed that the features
selected using filters were obtained considering all ex-
amples in the dataset, thus, the results can be considered
optimistic when compared to the features selected using
the proposed method, which were obtained using cross
validation. The best results are light-gray shaded.

TABLE II
ORIGINAL AND SELECTED NUMBER OF FEATURES.

Dataset F FW-C FW-G CFS C4.5 RF Cons.
Credit 15 12 12 7 9 12 13

Diabetes 8 2 7 4 6 5 8
Glass 9 6 6 7 9 8 7
Heart 13 3 6 8 12 12 10

Ionosphere 34 7 7 14 14 33 7
Segment 19 8 12 7 12 15 9
Vehicle 18 10 10 11 18 18 18
Wine 13 7 7 10 3 13 5

Results show that the proposed method was able to
select the smallest number of features for 6 out of the
8 datasets, with one tie. However, it is important to
notice that for the credit and wine datasets, although
the C4.5 and CFS filters, respectively, were able to select
less features, the best performance for these datasets was
obtained by the FUZZY-WRAPPER method (see Table III).

In order to compare the methods in terms of per-
formance, the WM method was used to generate FRBs
and calculate their error rates using the features se-
lected by filters. Table III presents the error rates for
the FUZZY-WRAPPER (FW), and for the FRBs generated
with the features selected by CFS, ReliefF, C4.5 and
Consistency (Cons.) filters, using the classic and the
general fuzzy reasoning methods. The best results are
light-gray shaded.

Both for the classic and for the general fuzzy reasoning
methods the FUZZY-WRAPPER was able to get excellent
performances. In fact, as shown by the light-gray shaded
cells, the FUZZY-WRAPPER had the best performance for
all experiments, but one, Diabetes with the classic fuzzy
reasoning method, although the difference between the
error rates is not significative (a difference of 0.002).

To test whether there is a difference among the meth-
ods, the Friedman test [22] was used with the null-
hypothesis that the performance of all methods, assessed
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
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TABLE III
ERROR RATES.

Error Rates - Classic Fuzzy Reasoning Method
Dataset All FW CFS ReliefF C4.5 Cons.

Credit 0.210 0.203 0.431 0.226 0.433 0.283
Diabetes 0.396 0.398 0.510 0.468 0.513 0.396

Glass 0.422 0.368 0.536 0.422 0.500 0.482
Heart 0.470 0.189 0.244 0.319 0.311 0.289

Ionosphere 0.338 0.235 0.410 0.359 0.439 0.390
Segment 0.252 0.205 0.267 0.262 0.262 0.338

Vehicle 0.761 0.362 0.522 0.434 0.434 0.434
Wine 0.611 0.032 0.051 0.103 0.130 0.136

Error Rates - General Fuzzy Reasoning Method
Dataset All FW CFS ReliefF C4.5 Cons.

Credit 0.209 0.165 0.345 0.210 0.293 0.220
Diabetes 0.567 0.335 0.482 0.450 0.436 0.557

Glass 0.391 0.390 0.500 0.391 0.486 0.495
Heart 0.556 0.163 0.219 0.293 0.296 0.259

Ionosphere 0.317 0.232 0.337 0.323 0.331 0.364
Segment 0.267 0.199 0.329 0.286 0.276 0.338

Vehicle 0.765 0.397 0.647 0.410 0.410 0.410
Wine 0.611 0.038 0.038 0.078 0.124 0.051

differences among the methods are significant was used
[22]. Results of the Bonferroni-Dunn tests showed that
the FUZZY-WRAPPER method is significantly better than
all the other four methods with a 95% confidence level.

VI. CONCLUSION

This paper presented experiments with the Fuzzy-
Wrapper method for FSS, which uses a wrapper ap-
proach and the WM method (to generate fuzzy rule
bases from datasets) as its base algorithm. The relevance
of this FSS method relies on the fact that it takes into con-
sideration the particular characteristics of the fuzzy logic
used to generate the interpretation of the domain, i.e.,
the fuzzy knowledge base. It is important to emphasize
the fact that this method aims at selecting features, not
at building fuzzy rule bases. The approach was tested
using eight datasets, and results show that it is able to
achieve a good reduction in the number of features as
well as keeping error rates comparable or inferior to the
ones of the fuzzy rule bases generated with the features
selected by filters, as well as to the ones of the FRBs
generated with all features.

As future work, we plan to use this method to select
features in order to generate the fuzzy rule base by a
genetic approach.
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