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Abstract—Feature subset selection supports the classification
task by reducing the search space as well as by removing irrele-
vant and random features, which might compromise the resulting
classification model. Decision trees perform an embedded feature
selection as they select only the relevant features for the splitting
of the datasets during the induction process. FUZZYDT is a
fuzzy decision tree which uses entropy and information gain in
its induction process. Its main advantage over classic decision
tree algorithms is the transformation of the attributes into fuzzy
linguistic attributes, adding interpretability to the induced models
and allowing the processing of imprecision and uncertainty
through the use of the fuzzy set and fuzzy logic theories. Filters
are also widely used as they present low computational cost and
can be applied as a preprocessing step. The large differences in
the available approaches for feature selection motivated us to
empirically test some methods specifically for fuzzy classification
systems. Our initial hypothesis was that FUZZYDT would present
better results for fuzzy classification systems when compared
to other methods due to the fact that such fuzzy systems and
FUZZYDT share the definition of the attributes in terms of fuzzy
sets. The experiments carried out showed that the CFS filter
produced better results than other filters, C4.5, and FUZZYDT.
Such results, although contrary to our hypothesis, are relevant
for our research with fuzzy systems, especially for genetic fuzzy
systems due to their high computational cost, as CFS is simple
and presents low computational cost.

Keywords—Feature subset selection, fuzzy logic, fuzzy classifi-
cation systems, decision trees.

I. INTRODUCTION

Classification is an important task widely researched by
the machine learning and soft computing communities. Classic
and fuzzy algorithms for supervised machine learning are
concerned with the development of methods to extract patterns
from data in order to support intelligent decisions.

The interpretability of the induced models is an important
issue when classification methods are proposed. The inter-
pretability of classification models, in spite of its subjectivity,
can be defined as the quality of how easily a model can
be understood and abstracted by its users. In general, highly
accurate models tend to have low interpretability, whereas
models with high interpretability tend to be less accurate.

Feature Subset Selection (FSS) supports the classification
task by removing irrelevant and random features, which might
compromise the resulting classification model in terms of
accuracy and interpretability. Features are also called variables

or attributes for classification. The task of FSS can be defined
as finding small subsets of features that describe the dataset at
hand as well as or even better than the original set of features.

FSS approaches can be classified as filters, wrappers, and
embedded methods. Filters use general characteristics of the
features in order to perform FSS. Wrappers are based on
the classification algorithm itself and usually present high
computational cost. Embedded methods, such as decision trees,
perform FSS during the induction of classification models.

Decision Trees (DT) [1] are powerful algorithms which
induce highly interpretable models that are also quite intuitive.
Also, decision tree models can be interpreted as a set of
rules. The induction process of DTs is usually fast and the
induced models are competitive, accuracy wise, with the ones
generated by other interpretable machine learning methods.
Another desirable quality of DTs, as previously stated, is their
embedded feature selection process that allows it to use only
the most relevant features in the model, which are selected
according to certain measures, improving the generated model
interpretability.

Some of the most well-known and relevant DT based
algorithms include ID3, CART, and C4.5 [1], [2]. These algo-
rithms generate a tree structure through recursively dividing the
feature space until it is completely partitioned into a set of non-
overlapping subspaces. Specifically, C4.5 uses the information
gain and entropy measures when deciding on the importance of
the features [2]. In order to optimize their estimated error rates,
DTs usually use a pruning process. Pruning also simplifies the
whole models, which consequently become more interpretable.

Fuzzy Decision Tree (FDT) algorithms can also be found
in the literature [3], [4], [5]. The FUZZYDT algorithm [3] is
a FDT algorithm, previously proposed by us, which uses the
entropy and information gain measures to induce its models.
Fuzzy decision trees are rule based classification systems
which use the fuzzy set and fuzzy logic theories proposed
by Loft A. Zadeh [6]. Two advantageous characteristics of
fuzzy systems regarding interpretability are: i) the system
uses semantically meaningful fuzzy sets to define attributes;
ii) fuzzy rules are built by linguistic variables and linguistic
terms, such as “temperature is high” or “speed is low”, adding
interpretability to the induced model.

When dealing with fuzzy classification systems, or simply
fuzzy classifiers, FDTs can be considered an alternative to
filters and classic decision trees which do not consider the



fuzzy logic in the process of feature selection, as well as an
alternative to wrappers, which usually present high computa-
tional cost.

In this sense, the aim of this work was to evaluate
some selected feature subset selection methods, including the
FUZZYDT algorithm in order to assess the resulting classi-
fication models generated by different approaches, fuzzy and
classic ones. Our initial hypothesis was that the FUZZYDT
algorithm would perform better than other classic feature
subset selection methods, especially for fuzzy classification
approaches. The algorithms used in the experiments for feature
subset selection includes the classic C4.5 decision tree algo-
rithm, two filters, CFS and Consistency, as well as FUZZYDT.

Although we worked under the hypothesis that FUZZYDT
would present better performance for the fuzzy classification
methods, the results show that CFS produced the best results
for our experimental setup.

Such conclusions are important for future experiments
with fuzzy systems, especially for the research of genetic
fuzzy systems. In fact, genetic fuzzy systems are widely
researched and various algorithms have been proposed in the
literature. However, although genetic fuzzy systems usually
produce highly accurate classification models, they also have
high computational cost and, thus, depend on feature subset
selection methods to tackle such cost.

This paper is organized as follows. Section II introduces
the main concepts of fuzzy classification systems. Section III
introduces the task of feature subset selection. Section IV
presents the classification algorithms used in our experiments.
Section V presents related proposals. Section VI presents the
experiments and a discussion of the results. The final remarks
and future work are included in Section VII.

II. FUZZY CLASSIFICATION SYSTEMS

Classification is a relevant task of machine learning that can
be applied to pattern recognition, decision making, and data
mining, among others. The classification task can be roughly
described as: given a set of objects E = {e1, e2, ..., en}, also
named examples or cases, 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
that require the granulation of the features domain by means
of fuzzy sets and partitions. The linguistic variables in the an-
tecedent part of the rules represent features, and the consequent
part represents a class. A typical fuzzy classification rule can
be expressed by:

Rk : IF X1 is A1l1 AND ... AND Xm is AmlmTHEN Class = Ci

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.
The inference mechanism compares the example to each rule
in the rule base aiming at determining the class it belongs to.

Fuzzy classification systems are formed by a knowledge
base and an inference mechanism. The knowledge base in-
cludes a fuzzy rule base, which contains the knowledge of the

domain, and a fuzzy data base, which contains the definitions
of the attributes in terms of fuzzy sets.

The classic and general fuzzy reasoning methods [7] are
widely used in the literature. Given a set of fuzzy rules (fuzzy
rule base) and an input example, the classic fuzzy reasoning
method classifies this input example using the class of the
rule with maximum compatibility to the input example, while
the general fuzzy reasoning method calculates the sum of
compatibility degrees for each class and uses the class with
highest sum to classify the input example.

III. FEATURE SUBSET SELECTION

As previously stated, the task of Feature Subset Selection
(FSS) aims at finding small subsets of features that describe
the dataset at hand as well as, or even better than the original
set of features. The importance of FSS lies in the fact that,
in practice, the performance of most learning algorithms is af-
fected by the presence of irrelevant and/or redundant features.

FSS methods can be classified into three main categories,
according to the dependence regarding the classifier: i) filters,
ii) wrappers, and iii) embedded methods. These three cate-
gories are discussed next.

A. Filters

Filters have the characteristic of selecting features before
the induction of the classifier. This way, filters perform a
separate process that does not interact with and is independent
of the learning algorithm itself. The basic idea of filters is to
use general characteristics of the features to select the relevant
ones before the induction of the classifier takes place.

CFS [8] and Consistency [9] are examples of filters
commonly used for feature subset selection. CFS stands for
Correlation-based Feature Selection and uses the correlation
between features for their selection. Consistency, on the other
hand, evaluates the subset of features using the level of
consistency between feature values and class values.

These general characteristics used by filters (correlation,
consistency, among others) might be appropriate for different
domains and tasks. Another advantage of filters is the fact
that they are fast and simple to use. Moreover, filters are
implemented in most machine learning frameworks, such as
KEEL [10] and WEKA [11].

B. Wrappers

Wrapper approaches use the induction algorithm itself as a
black box to evaluate candidate subsets of features, repeating
the process on each feature subset until a stopping criterion is
met. This way, wrapper methods take into consideration all the
important characteristics of the learning algorithm in the final
decision of the feature subset selection process. On the other
hand, since wrapper-based approaches basically repeatedly
runs the same learning algorithm with different subsets of
features, their computational cost is considerably higher than
filters. To avoid the exponential complexity of the search
process wrappers usually use a forward search strategy [12].
However, the computational cost of wrapper methods is still
prohibitive on large datasets. Moreover, differently from the
filter approach, the quality of the set of features selected by



wrappers is only guaranteed for the specific learning algorithm
used in the process, or to very similar approaches.

C. Embedded Methods

Similarly to wrappers, the feature selection performed by
embedded methods is linked with the induction algorithm
itself. However, in this case this link is stronger than in
wrappers, since the feature selection process is included in the
classifier construction. Embedded methods for feature subset
selection induce a classifier that usually do not include all
possible features, thus, making it possible to define the set of
features included in the classifier as the most relevant ones.
Moreover, embedded methods select features as a secondary
process, i.e., feature subset selection is not the main goal of the
method. A typical example of embedded methods for feature
subset selection is decision trees [1].

Next, we present the algorithms used in our experiment for
classification.

IV. CLASSIFICATION ALGORITHMS

In our experiments we used two classic machine learning
algorithms to produce classification models, namely JRip and
NaiveBayes. We also used two fuzzy methods, FURIA and
FCA-BASED.

The classic algorithms were selected as they are repre-
sentative of two different classification paradigms: JRip is
based on classification rules while NaiveBayes is based on
probability. FURIA was selected as it is one of the state-
of-the-art fuzzy classification methods, while FCA-BASED
is a genetic approach that is part of our research on fuzzy
classification systems.

A. JRip

This algorithm is based on the Repeated Incremental Prun-
ing to Produce Error Reduction (RIPPER) algorithm, which
was proposed by William W. Cohen in [13].

The algorithm builds a set of rules for each class, from the
more frequent to the less frequent class. Each rule is grow by
adding antecedents to it until such rule reaches 100% accuracy.
In the sequence, the rule is incrementally pruned according to
a pruning metric based on the accuracy of the rule.

After the initial rule set is generated, the algorithm gener-
ates and prunes variants of each rule in the rule set using
randomized data. One variant is generated from an empty
rule while the second one is generated by greedily adding
antecedents to the original rule. The rule with less antecedents
is then selected to form the final rule set.

B. NaiveBayes

NaiveBayes [14] is considered a baseline method for clas-
sification which uses probability. It assumes that the value of a
particular attribute is unrelated to the presence, or absence, of
other attributes, in regard to the class variable. This way, the
classification model is generated by calculating the probability
of each class for each attribute independently.

NaiveBayes, despite its simplicity, produces models with
high accuracy in linear time. Another advantage of NaiveBayes

is that it requires a small amount of training data to estimate
the parameters necessary for classification.

C. FURIA

The FURIA algorithm [15], Fuzzy Unordered Rule Induc-
tion Algorithm, generates unordered rules and is based on the
well-known RIPPER algorithm. The authors of FURIA state
that its advantages include its simple and comprehensive rule
sets. As FURIA learns fuzzy rules instead of conventional
rules and unordered rule sets instead of rule lists, one of its
main advantages are related to the interpretability of the rules.
However, each generated rule presents its own distribution
of the fuzzy sets that define the attributes. This way, the
interpretability of the rule set as a whole is affected.

The authors state that FURIA significantly outperforms the
original RIPPER, as well as other classifiers such as C4.5, in
terms of classification accuracy.

D. FCA-BASED

The FCA-BASED method [16] is a genetic fuzzy system
that performs rule selection in order to define fuzzy rule bases.
The rules that form the genetic search space are generated
based on Formal Concept Analysis (FCA) [17]. FCA is a
mathematical technique for extracting concepts and structures
from data. It was introduced in the 1980s and is becoming
increasingly popular.

The basic data structure in FCA is the formal context,
which is normally represented in a table form where the
columns represent the attributes and the rows represent the
objects. In other words, a formal context is a representation of
the relation between objects and their attributes.

In general genetic fuzzy approaches based on rule selection
require the generation of a large pool of rules in order for the
genetic search to produce satisfactory results. This way, feature
subset selection supports such genetic fuzzy approaches by
reducing the number of features and the potential search space.

Next, we present related feature subset selection proposals.

V. RELATED WORK

There are few fuzzy FSS methods proposed in the liter-
ature. Also, many of the existing proposals are focused on
specific applications. One of the reasons for that is the fact
that classic FSS methods are usually suitable to be used with
fuzzy systems. Some selected proposals of fuzzy FSS methods
found in the literature are presented next.

In [18], the author propose a filter-based approach for FSS.
The proposal uses a weighted distance learning algorithm for
FSS by maximizing fuzzy dependencies. After the maximiza-
tion of the fuzzy dependency between features, a weight vector
is generated. The quality of the features is evaluated using this
weight vector: features deriving great weights are considered
to be useful for supervised learning. Thus, the FSS can be
performed.

In [19], a FSS method was proposed using an extended
definition of the mutual information measure between two
fuzzyfied continuous variables.



A fuzzy filter based on the fuzzy entropy measure is
proposed in [20]. This filter is used to select features for the
Iris and Wisconsin datasets from UCI - Machine Learning
Repository [21].

A proposal based on the fitness evaluation of feature
subsets is presented in [22]. The fitness, in this method, uses
the minimum similarity between fuzzy clusters which take
information about data structure into account. This method is
applied to software effort estimation.

A FSS method for clustering algorithms, i.e. non-
supervised learning, is proposed in [23]. Its strategy is based
on measuring the feature importance factor to describe the con-
tribution of each feature to clustering. The feature importance
factor of an attribute is determined based on the position (or
positions) of this attribute in a decision tree structure, such as
C4.5. The idea here is based on the fact that the root attribute
in a decision tree is the most important attribute, and the other
ones found in the subsequent branches have a smaller weight
(importance). If a feature appears more than once in the tree
structure, its feature importance factor will be the sum of its
weights in each branch.

It is also possible to find feature subset selection ap-
proaches designed to be used by fuzzy systems, which are,
basically, traditional feature subset selection methods. For in-
stance, in [24], feature subset selection is performed using the
C4.5 algorithm [1]. The approach simply selects the attributes
included in the generated decision tree as the subset of rele-
vant attributes. Moreover, the splitting points for continuous
attributes defined in the decision tree are used to decide on
the number of fuzzy sets for each attribute. Although this
method is not fuzzy-based, it is relevant for this literature
review. Moreover, for the process of feature subset selection,
the method proposed in [24] can be implemented using a fuzzy
decision tree instead of a crisp one.

The FUZZYWRAPPER algorithm [25] is a wrapper for FSS
that preselects features using the Wang & Mendel method [26].
Wang & Mendel generates fuzzy rule bases from examples.
The search technique adopted by FUZZYWRAPPER is the
Best-First Heuristic Search, in order to avoid the exponen-
tial complexity of the search process. The FUZZYWRAPPER
method was proposed aiming at supporting the use of ge-
netic algorithms to automatically design fuzzy systems taking
the information regarding the definition of the attributes in
terms of fuzzy sets into consideration for the FSS process.
Such information include the number and type of fuzzy sets,
the membership functions defining each fuzzy set and their
distribution, as well as the reasoning method. Notice that,
although wrapper-based approaches generally use the learning
algorithm to generate several models, selecting the one with
the best performance and the smallest subset of features,
the FUZZYWRAPPER method aims at using FUZZYWRAPPER
only to estimate an optimized subset of features. The gener-
ation of the fuzzy system can then be carried out by more
robust algorithms, as Wang & Mendel cannot be considered
competitive with more recent approaches.

In summary, most approaches for fuzzy FSS are based on
filters. The experiments and results are described next.

VI. EXPERIMENTAL EVALUATION

As previously stated, the FSS methods used in our ex-
periments were the classic C4.5 decision tree, two baseline
filters (available in the WEKA framework [27]): CFS and
Consistency, and the FUZZYDT algorithm. The selection of
these methods was done based on their approaches: two filters
and two embedded methods. Wrappers were not used in our
experiments due to their computational cost. In fact, our main
purpose with these experiments was to decide on the use of a
feature subset selection method to be used with genetic fuzzy
systems, which also present high computational.

For the fuzzy classification algorithms we used the classic
reasoning method, which classifies an input according to the
class with highest compatibility with it.

Regarding the definition of the attributes in terms of fuzzy
sets, we used three triangular fuzzy sets evenly distributed in
each domain for FUZZYDT and FCA-BASED. As previously
stated, FURIA uses different numbers of fuzzy sets and distri-
butions for each rule.

The datasets used in this work are available at UCI [21].
The characteristics of these datasets are summarized in Table I
which presents the total number of examples (Examples),
total number of features (Features), including the number
of continuous and discrete features (in brackets), number of
classes (Classes), and the majority error (ME) for each dataset.

Table I: Dataset characteristics.
Dataset Examples Features Classes ME

Credit 653 15 (6, 9) 2 45.33
Cylinder 277 32 (19, 13) 2 35.74

Heart 270 13 (13, 0) 2 44.44
Iono 351 34 (34, 0) 2 35.90

Segment 210 19 (19, 0) 7 85.71
Vehicle 846 18 (18, 0) 4 74.23

Wine 178 13 (13, 0) 3 59.74

Notice that the Ionosphere and Segmentation datasets are
abbreviated to Iono and Segment in all Tables to reduce column
width.

Table II presents the original number of features of each
dataset, as well as the number of features selected by C4.5,
CFS, Consistency, and FUZZYDT. The average number of
features is also presented. The smallest selected subsets for
all methods are light-gray shaded.

Table II: Number of selected features.
Dataset Features C4.5 CFS Consistency FuzzyDT

Credit 15 7 7 13 7
Cylinder 28 13 6 10 12

Heart 13 10 7 10 9
Iono 34 14 14 7 9

Segment 19 8 7 6 8
Vehicle 18 18 11 18 16
Wine 13 3 10 5 7

Avg 20.0 10.4 8.9 9.9 9.7

Results show that the CFS method was able to select the
smallest number of features for 4 out of the 7 datasets, with
one tie with C4.5 and FUZZYDT. The CFS filter also shows
the best (smallest) average number of selected features. C4.5,



on the other hand, obtained the largest average of selected
features.

In order to evaluate the quality of the selected sets of
features, we used two fuzzy classification algorithms, FCA-
BASED and FURIA, and two classic ones, JRip and Naive-
Bayes, to generate fuzzy rule bases and compare their accu-
racy. The classification power of these sets of selected features
can be seen as an indication of their quality to describe the
dataset. The experiments used 5-fold cross-validation.

Table III presents the error rates obtained with the two
fuzzy methods, FCA-BASED and FURIA, as well as for the
classic methods, JRip and NaiveBayes. The second column
presents the accuracy of the generated models with no feature
subset selection (column No FSS). The remaining ones show
the accuracy of the models generated with features selected
by C4.5, CFS, Consistency (Cons.), and FUZZYDT. The best
results are light-gray shaded. The rows below the datasets
present the ranking of each method according to their error
rates. The last row shows the general ranking of the feature
subset selection methods (Gen. Rank.).

Table III: Error rates.
FCA-Based

Dataset No FSS C4.5 CFS Cons. FuzzyDT
Credit 14.19 12.71 14.48 14.21 12.68
Cylinder 12.63 21.45 22.09 21.61 22.41
Heart 48.49 11.85 12.84 10.95 11.77
Iono 30.85 5.01 4.95 8.70 9.14
Segment 35.11 32.23 21.92 38.83 23.83
Vehicle 45.40 48.06 46.17 48.45 49.53
Wine 0.20 5.94 2.17 3.48 4.78

Rank 1 4 2 3 3

FURIA
Dataset No FSS C4.5 CFS Cons. FuzzyDT
Credit 13.94 12.86 13.48 13.48 11.94
Cylinder 31.41 31.77 30.32 29.60 36.82
Heart 23.70 20.74 20.74 19.26 23.33
Iono 9.69 8.83 6.84 9.97 9.97
Segment 14.76 10.95 13.33 11.90 12.86
Vehicle 31.44 31.44 32.98 31.44 28.84
Wine 10.39 7.14 10.39 8.44 11.04

Rank 3 1 2 1 1

JRip
Dataset No FSS C4.5 CFS Cons. FuzzyDT
Credit 13.48 13.78 12.71 13.63 13.94
Cylinder 33.21 32.85 32.49 29.60 38.99
Heart 18.52 23.33 18.52 20.74 21.11
Iono 10.83 9.97 11.11 12.54 11.97
Segment 20.00 21.43 14.76 15.24 17.62
Vehicle 35.22 32.22 35.22 35.22 32.86
Wine 12.99 8.44 9.74 11.69 15.58

Rank 2 1 1 2 3

NaiveBayes
Dataset No FSS C4.5 CFS Cons. FuzzyDT
Credit 22.66 24.20 23.89 23.89 14.70
Cylinder 29.96 32.85 27.80 34.30 33.21
Heart 14.81 17.04 15.19 15.56 15.93
Iono 17.38 9.12 8.55 13.39 10.26
Segment 22.38 28.10 13.81 21.90 15.71
Vehicle 55.08 55.08 53.19 55.08 55.44
Wine 2.60 5.19 1.95 3.25 3.25

Rank 2 3 1 3 2

Method No FSS C4.5 CFS Cons. FuzzyDT
Final Rank 2 3 1 3 3

For the models generated with the FCA-BASED method,
no feature subset selection produced better results followed

by selection using CFS. For FURIA the results are similar,
the models generated with the features selected by C4.5,
Consistency and FUZZYDT present better results for two
datasets each. For JRip and NaiveBayes, on the other hand, the
models generated with the features selected by CFS produced
present better accuracy.

The Friedman test [28] was used to check for statistically
significant differences in the results of the methods. No sig-
nificant differences were found.

In conclusion, CFS shows better results both in terms of
the number of features selected and in terms of the accuracy of
the classifiers generated with the selected features. Also, our
initial hypothesis that FUZZYDT would produce better results,
especially for the fuzzy classification methods due to the fact
that they share the definition of the attributes in terms of fuzzy
sets, was proved false.

However, although the results of our experiments indicate
the use of a filter, specifically CFS, for feature subset selec-
tion, we intend to widen the experiments with more datasets
and other feature subset selection methods, as well as other
classification algorithms.

VII. CONCLUSIONS

The use of feature subset selection methods are interesting
for the generation of classification models for many reasons:
improvement of the interpretability of the generated models,
elimination of useless or conflicting attributes, and the reduc-
tion of the computational cost of the inference process using
such models.

The approaches for feature subset selection are usually
classified as filters, wrappers and embedded methods.

Regarding fuzzy classifiers, one of the most researched
fields is the genetic fuzzy systems. Such methods usually
present good accuracy, but also have high computational cost.
This way, the use of a feature subset selection method can
improve the whole process of generating classification systems
based on the genetic paradigm.

In this paper we present a comparison of classic methods
for feature subset selection as well as a fuzzy method. Our
initial hypothesis was that the fuzzy method, FUZZYDT, would
perform better than the classic ones, especially for the fuzzy
classification approaches, as they use the same fuzzy data base,
i.e., the same definition of the attributes in terms of fuzzy sets.

The experiments were carried out using two embedded
feature subset selection methods, C4.5 and FUZZYDT, as
well as two filters, CFS and Consistency, to select features
from 7 datasets. The resulting feature sets were then used
to generate classification models using two classic machine
learning methods, one based on rules, JRip, and a probabilistic
one, NaiveBayes, as well as two fuzzy methods, a fuzzy rule
based method, FURIA, and a fuzzy decision tree, FUZZYDT.

The results show that CFS outperforms the remaining ap-
proaches in terms of reducing the original sets of features. The
accuracy of the models generated with the features selected
by CFS was also better than the ones generated by the other
approaches.



This way, our initial hypothesis was proved wrong and
our experiments indicate CFS as a suitable feature subset
selection method to be used in future research with genetic
fuzzy systems.

As future work we intend to widen the number of datasets
used, include other feature subset selection methods in our
comparisons, as well as other classification algorithms.
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