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Abstract— The task of classification is widely researched by
the machine learning and fuzzy communities. Some approaches
proposed by these communities share similar cores, such as
rule learning and decision trees. In this paper we present
and compare related methods from both communities. The
aim of this paper is to compare this variety of different
approaches from both communities and indicate their qualities
and drawbacks, giving special emphasis to the decision tree
based methods for their special characteristics related to their
low computational cost, competitive and highly interpretable
induced models. The comparisons and analysis are carried out
in terms of classification performance and syntactic complexity.
Results, using 10 datasets, two classic machine learning methods
(C4.5 and PART) and two fuzzy methods (Fuzzy C4.5 and
SLAVE) show that the fuzzy decision tree, Fuzzy C4.5, is
competitive in terms of error rates of the generated models
and execution time, presenting reasonable syntactic complexity
values, besides having all desirable characteristics of the fuzzy
logic.

I. INTRODUCTION

Machine learning is concerned with the development of
methods that extract patterns from data in order to make
intelligent decisions based on these patterns. A relevant
concern related to machine learning methods is the issue
of interpretability, which is highly desirable for final users.
Decision trees [1] are powerful and popular models for ma-
chine learning. They are easily understandable because they
are quite intuitive and their generated structure models can be
interpreted as rules. The induction process of decision trees is
usually fast and the induced models can be competitive with
the ones generated by other interpretable machine learning
methods. Another quality of decision trees lies on the fact
that they select features by using only the most relevant ones,
according to certain measures, improving the interpretability
of the generated models.

Among the most relevant decision tree based methods are
ID3, CART, and C4.5 [1], [2]. These algorithms generate a
tree structure through recursively dividing the feature space
until this decision space 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. Pruning is used for optimizing the
estimated error. PART [3] is an example of a decision tree
based method for rule generation. This method repeatedly
generates various decision trees extracting the best rule of
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each decision tree at a time to construct the rule set of a
classifier.

Fuzzy rule based classification systems, on the other
hand, are based on the fuzzy set and fuzzy logic theories
proposed by Loft A. Zadeh [4]. Fuzzy systems present two
advantageous characteristics regarding interpretability: i) the
core of the system uses a human-interpretable rule set, and
ii) fuzzy rules use linguistic variables and linguistic terms,
such as “temperature is high” or “speed is low”, instead
of continuous values, which adds to the interpretability of
the induced model. A fuzzy classification system is usually
composed of a knowledge base and an inference mechanism.
The knowledge base contains the fuzzy data base and the
fuzzy rule base. The fuzzy data base contains the definitions
of the features (also named attributes or variables) in terms
of fuzzy sets, and the fuzzy rule base contains a set of
rules defining the given problem. The inference mechanism
derives the conclusions (or outputs) of the system based on
the knowledge base and on the inputs to the system.

Several fuzzy approaches for the induction of fuzzy classi-
fiers have been proposed, including fuzzy rule-based systems
[5], [6], genetic fuzzy rule-based systems [7], [8], and fuzzy
decision trees [9]. The advantages of using a genetic search
to generate a fuzzy system includes: i) the global search,
ii) the possibility of addressing the interpretability versus
precision problem during the search process by means of
multi-objective fitness functions, and iii) the possibility of
adjusting rules and fuzzy sets during the genetic process
in order to improve performance and interpretability, among
others [10], [11]. The disadvantages are usually related to the
cost of the genetic search. The Structural Learning Algorithm
on Vague Environment (SLAVE) [7] is one of the most well-
known genetic fuzzy approaches in the fuzzy community. It
uses the iterative approach to learn fuzzy rules and performs
a feature selection process as well.

Alternatives to the highly costly genetic process of fuzzy
rule bases generation might include fuzzy decision trees and
fuzzy rule learning methods. Fuzzy decision trees have the
inherent characteristics of the classic ones, i.e., they are fast,
simple, and tend to select only a subset of the available
features, which might result in simpler rules. We proposed
a fuzzy version of the classic C4.5 decision tree in [12].
Our approach is quite similar to the classic one and its more
relevant characteristics are described in Section II.

Regarding fuzzy rule learning methods, such as Wang &
Mendel [13], Chi [5], and WF-C [6], they basically produce
rules with a conjunction for each attribute of a given problem,
i.e., all attributes are considered in each rule. This way, the
interpretability of the generated rules is directly dependent
on the number of attributes of a given dataset and are not



competitive with methods that produce rules with variable
numbers of attribute conjunctions, such as decision trees
and some genetic fuzzy approaches, such as SLAVE. The
Wang & Mendel method has a direct limit on the number
of generated rules which is connected to the number of
training examples. However, Chi and WF-C do not present
any similar limit for the number of generated rules.

In this paper we briefly introduce some of the previously
mentioned methods from both communities and carry out ex-
periments with some of them to compare their classification
power and syntactic complexity. The aim of this paper is to
compare a variety of different approaches from both com-
munities and indicate their qualities and drawbacks, giving
special emphasis to the decision tree based methods for their
special characteristics related to their low computational cost,
competitive and highly interpretable induced models.

The remainder of this paper is organized as follows.
Section II introduces the fuzzy classification systems and
presents CHI, SLAVE, WF-C, and Wang & Mendel methods.
Section III describes the classic and the fuzzy C4.5 deci-
sion tree method as weel as PART, a decision tree based
machine learning classification approach. It also presents a
comparison between the classic and fuzzy C4.5 decision tree
versions. Section IV presents the experiments and results,
followed by the conclusions in Section V.

II. FUZZY CLASSIFICATION SYSTEMS

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

that require the granulation of the features domain by means
of fuzzy sets and partitions. The linguistic variables in the
antecedent part of the rules represent features, and the con-
sequent part represents a class. A typical fuzzy classification
rule can be expressed by

Rk : IF X1 is A1l1 AND X2 is A2l2 AND ... AND
AND Xm is AmlmTHEN Class = ci

where Rk is the rule identifier, X1, ..., Xm are the features of
the set of examples 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.
However, as stated before not all the identifiers participate
in a general classification rule. The inference mechanism
compares the example to each rule in the fuzzy rule base
aiming at determining the class it belongs to.

The classic and general fuzzy reasoning methods are
widely used in the literature. Given a set of fuzzy rules (fuzzy
rule base) and an input pattern, the classic fuzzy reasoning
method classifies this input pattern using the class of the
rule with maximum compatibility to the input pattern, 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 pattern.

The CHI, SLAVE, and Wang & Mendel approaches for
fuzzy classification are described next. The other fuzzy
classification method used in this work, Fuzzy C4.5, is
described in Section III.

A. CHI

The CHI method [5] generates a set of fuzzy rules from a
dataset and determines a mapping between the feature space
and the class set. One of the ideas described as motivators for
this method was to set different weights to each rule in the
fuzzy rule base in order to improve the classification process.

B. WF-C

WF-C, weighted fuzzy classifier, builds a classifier based
on if-then fuzzy rules that allows the incorporation of
weighted training patterns in order to adjust the sensitivity
of the classification with respect to certain classes. The
antecedent of the rules are defined by partitioning each
attribute into fuzzy sets. The consequent of these rules and
their degree of certainty are defined using the compatibility
and weights of the training patterns. By giving different
weights to different training patterns, the authors tackle an
important issue regarding the misclassification of an input
patterns that might induce a high cost. An example of
this situation is the diagnosis of diseases, such as cancer:
diagnosing a person who has cancer as healthy can have
stronger consequences than the opposite.

C. Wang & Mendel

The Wang & Mendel [13] method is a quite simple
approach that basically generates a fuzzy rule with a degree
of certainty for each training example, then processes the
resulting rule set to remove conflicting and redundant rules
using the certainty degrees as criteria, in order to obtain the
final rule set.

D. SLAVE

SLAVE [7] is a genetic learning algorithm that uses the
iterative approach to generate a fuzzy rule base. SLAVE
includes a feature selection model in order to minimize the
problems caused by a large search space, such as excessive
execution time. Its feature selection model uses a genetic
algorithm that works with individuals (each individual repre-
sents a single rule) composed of two structures: i) a structure
representing the relevance status of the involved variables in
the rule; ii) a structure representing the assignments of values
for each variable.

An interesting characteristic of the CHI, WF-C, and
SLAVE methods is that they produce rules with different
weights. These weights are then used by the inference
mechanism in order to improve classification performance.
However, SLAVE produces reduced rule sets with variable
number of conditions in each rule, while CHI and WF-C
produce a large number of rules which consider all attributes.

Next, we discuss decision trees.



III. DECISION TREES

Decision trees are widely used in machine learning be-
cause of its simplicity of generation and powerful represen-
tation of knowledge. Fuzzy decision trees have also been
proposed in the literature. Next, we present the classic C4.5
decision tree method as well as PART, a decision tree based
method for rule generation, and Fuzzy C4.5.

A. C4.5

Among the well-known decision tree algorithms proposed
in the literature we might find ID3, C4.5, and CART [1],
[2]. These algorithms generate a tree structure through recur-
sively partitioning the feature space until the whole decision
space is completely divided into a set of non-overlapping
class subspaces (leaf nodes). Besides generating the tree
structure, the selection of features for the partitioning process
is another important characteristic of decision trees. In fact,
decision tree algorithms have an embedded feature selection
process, and only relevant features are used in the tree,
improving the time used to classify new examples as well
as the interpretability of the model.

In order to avoid overfitting, a stopping criterion can be
used to prevent some subsets of training examples from
being subdivided. Another approach to avoid overfitting is
the removal of some part of the structure of the decision
tree after it has been generated. Quinlan, the author of C4.5,
argues that the latter is preferable since it allows potential
interactions among attributes to be explored before deciding
whether the result is worth keeping [1].

C4.5 uses the information gain and entropy measures
when deciding on the importance of the features, making
it possible to select features. Regarding the pruning process,
C4.5 employs post-pruning, i.e., the pruning takes place after
the tree is completely induced. The pruning process basically
assesses the error rates of the tree and its components directly
on the set of training examples [1].

To understand the process of pruning, assume N training
cases are covered by a leaf, E of them incorrectly. This way,
the error rate for this leaf is defined by E/N . If we take this
set of N training cases as a sample, it can tell us something
about the probability of error over the entire population
of examples covered by this leaf. This probability cannot
be determined exactly, but it has a probability distribution
that is usually summarized by a pair of confidence limits.
For a given confidence level CF , the upper limit on this
probability can be found from the confidence limits for the
binomial distribution; this upper limit is here written as
UCF (E,N). As the upper and lower binomial distribution
limits are symmetrical, the probability that the real error rate
exceeds UCF (E,N) is CF/2. As pointed out by Quinlan,
although one might argue that this heuristic is questionable,
it frequently yields acceptable results [1].

The default confidence limits used by C4.5 is 25%. It is
important to notice that the smaller the confidence limit, the
higher the chances of pruning, and the higher the confidence
limit, the smaller the chances of pruning. Thus, if we set

the confidence limit to 100%, what we are saying is that we
believe that the predicted error, obtained with the examples
at hand, is equal to the real error and no pruning will be
performed. This idea conflicts with the natural intution one
might have that a 25% confidence limit will produce less
pruning than an 80% confidence limit. This way, one should
not associate the default 25% confidence limits of C4.5 wtih
a 25% pruning rate.

B. PART

According to its authors, the name PART is related to
the fact that the algorithm is based on partial decision trees
[3]. PART is a rule-induction procedure that adopts the
separate-and-conquer strategy. In essence, it builds a rule,
removes the instances it covers, and continues creating rules
recursively for the remaining instances until none is left. In
order to generate this rule, PART generates a decision tree
and prunes all but one leaf (specifically the leaf with the
largest coverage) and makes the branche of this leaf into a
rule, discarding the rest of the tree. Its authors explain that
using a pruned tree to obtain a rule, instead of building it in-
crementally by adding conjunctions one at a time, avoids the
over-pruning problem of the basic separate-and-conquer rule
learner. In fact, using the separate-and-conquer methodology
in conjunction with decision trees adds flexibility and speed
to the process. Since it is wasteful to build a full decision tree
just to obtain a single rule, PART significantly accelerates the
process described without sacrificing the above advantages
by building a ’partial’ decision tree instead of a fully explored
one. A partial decision tree is an ordinary decision tree that
contains branches to undefined subtrees. An integration of
the construction and pruning operations is used in order to
find a ’stable’ subtree that can be simplified no further. This
way, once this subtree has been found, the tree induction
ceases and a single rule is selected.

C. Fuzzy C4.5

The version of the fuzzy C4.5 algorithm previously pro-
posed by us [12] and used in this paper uses the same
measures of the C4.5 algorithm (entropy and information
gain) to decide on the importance of the features. However,
the features are all defined in terms of fuzzy sets before
the induction of the tree. This way, the process can be seen
as inducing a tree using only discrete features, since the
continuous features are defined in terms of fuzzy sets and
the training set is fuzzified before the decision tree induction.
Next, we present the main steps of the induction process of
the fuzzy tree.

1) Define the fuzzy data base, i.e., the fuzzy granulation
of the features domains;

2) Use this fuzzy data base to fuzzify the training set;
3) Calculate the entropy and information gain of each

feature to split the training set and generate rules
until all features are used or all training examples are
classified;



4) Similarly to C4.5, once the tree is induced, prune it
using a defined confidence limit (25% is the default
value) to estimate the real error.

As the fuzzification of the training data is done before the
induction of the tree, the third step is the well-know step of
the classic decision tree algorithm.

One special issue regarding classic decision trees is that
they can be seen as a set of disjunct rules in which only
one rule is fired to classify a new example. However, fuzzy
decision trees can be seen as a set of rules which can be
fired simultaneously, each one with a degree of compatibility,
in order to classify a new example. Figure 1 illustrates
this special characteristic of fuzzy decision trees with a toy
example based on the Iris dataset from the UCI machine
learning repository [14], using just two attributes to classify
examples into three types of iris plants: setosa, versicolor, and
virginica. The top decision tree in Figure 1 is the classic one,
while its similar fuzzy version is the one in the bottom part of
Figure 1. In order to be able to interpret the fuzzy linguistic
variables and terms of the fuzzy decision tree, Figure 2
presents the fuzzy sets defining attributes petal length and
petal width used in Figure 1. For simplification, just two
triangular shaped sets (small and large) evenly distributed in
the partitions were used.

Fig. 1
A CLASSIC (TOP) AND A FUZZY (BOTTOM) DECISION TREE.

The inference of the classic (top) decision tree is quite
straightforward: if petal width is ≤ 0.6, the example belongs
to the virginica class, otherwise, the petal legth attribute is
tested; if it is ≤ 4.9, the example is classified as versicolor,
otherwise it is classified as setosa. This way, considering a
new input example to be classified having petal length =
4.9 and petal width = 0.6, exactly on the borderline of the

crisp discretizations of the top decision tree, the traditional
decision tree would fire only the first rule: IF Petal Width is
≤ 0.6 THEN CLASS is Virginica.

Fig. 2
FUZZY SETS DEFINING ATTRIBUTES PETAL LENGTH AND PETAL WIDTH.

However, the fuzzy decision tree will use the membership
degrees of the input example, shown in Figure 2 (Petal
Length SMALL = 0.66; Petal Length LARGE = 0.34; Petal
Width SMALL = 0.79; Petal Width LARGE = 0.21) to
calculate the compatibility degree with each rule. For this
particular example, using the T-norm as minimum [15], the
compatibility degrees of the fuzzy rules will be (in brackets):

1) Petal width = small THEN Virginica (0.79)
2) Petal width = large AND Petal length = small THEN

Versicolor (0.21)
3) Petal width = large AND Petal length = large THEN

Setosa (0.21)
These compatibility degrees with the input example can

then be used by the reasoning method of the classification
process. In this example, using the classic fuzzy reasoning
method the first rule will be used to also classify the example
as Virginica.

This special characteristic of fuzzy decision trees is highly
desirable because it provides users with the required and
reliable support to back up performed inferences. For ex-
ample, one might argue that a decision made using only one
attribute, when the values are exactly in the borderlines of the
tests of the decision trees, lacks support and credibility. That
is exactly what happens in the example described previously:
only attribute Petal Width is used by the classic decision
tree, with a borderline value, to classify the new example as
Virginica, while the fuzzy decision tree checks all attributes
and provides a compatibility degree with each leaf node.

D. Classic Versus Fuzzy Decision Trees

In order to summarize the similarities and differences
of the fuzzy and classic versions of decision trees, let us
considerer the decision trees used in our experiments, C4.5
and Fuzzy C4.5, and analyse their basic definitions and
working processes listed next:

Evaluation of features - For the partitioning process both
versions use the same measures, entropy and information
gain, to select the features that will be used in the test nodes
of the tree;



Induction process - Both versions used the same ap-
proach: repeated subdivision of the feature space using the
most informative features until a leaf node is reached or no
features or examples remain;

Handling continuous features - The classic version splits
the domain according to the examples at hand by minimizing
entropy, or maximizing information gain. This process might
cause unnatural divisions that reflect on a lower interpretabil-
ity of the rules. As a practical illustration, let us consider
the Vehicle dataset, which has “compactness” as its first
test attribute in the tree with real values ranging from 73
to 119. For the tree induced by C4.5 it is possible to find the
following compactness test nodes:

1) if compactness ≤ 95 and ... and compactness ≤ 89
2) if compactness ≤ 95 and ... and compactness >89
3) if compactness >95
4) if compactness ≤ 102
5) if compactness >102
6) if compactness ≤ 109 and ... and compactness ≤ 106
7) if compactness ≤ 109 and ... and compactness >106
8) if compactness >109
9) if compactness ≤ 82 and ... and compactness ≤ 81

10) if compactness ≤ 82 and ... and compactness >81
11) if compactness >82 and ... and compactness ≤ 84
12) if compactness >82 and ... and compactness >84

These tests make the understanding of the rules difficult
because the user has to keep in mind the subspaces defined
by each rule. A particular problem happens when the subdi-
visions are relatively small and strongly restrain the domain
of the features, such as in rule 10.

Another issue is the fact that the number of divisions
used to split continuous attributes, even if known, cannot
be informed to the classic algorithm once this number is dy-
namically determined, and might be distant from the patterns
of the application domain or even from the representation
used by an expert. For instance, in the example provided, the
decision tree uses 8 different splitting points for the same
attribute (81, 82, 84, 89, 95, 102, 106, and 109), some of
them very close to each other.

Fuzzy C4.5, on the other hand, can use the partitions
(and thus, number of fuzzy sets) defined by an expert.
Furthermore, even if this information is not available, fuzzy
partitions are easily interpretable. Automatic methods for the
generation of fuzzy partitions, such as the equalized universe
method [16] that evenly splits the domain into a defined
number of fuzzy sets, also prevent the creation of unnatural
splitting points.

Reuse of features - C4.5 can use the same continuous
feature various times in one single rule (for example, if the
feature is temperature, the rule might present tests such as
temperature ≤ 95, temperature ≤ 74, temperature ≤ 10, and
so on). This repetition of the same feature and subdivision
of the domain degrades the interpretation of the rule.

On the other hand, the induction process of Fuzzy C4.5
can be seen as inducing a decision tree with fuzzified
(or “discretized”) attributes, thus a feature is never used
more than once in the same rule. This fact favours the
interpretability of the generated rules.

Inference - Inference with C4.5 is done by checking the
root test and then following the next triggered branch of

the tree. The process is intuitive and clear. However, for
continuous features, whenever the input values are located
in the decision frontiers misclassification might occur and it
is difficult to explain the decision made, such as exemplified
in Figure 1.

Fuzzy C4.5, on the other hand, provides a degree of mem-
bership for an input values in each fuzzy set defining that
given attribute. This way, a confidence degree is calculated
for each rule. Since all branches might be fired simultane-
ously, this confidence degree is used by the classification
process and gives credibility to the final classification. On
the other hand, if the decision tree is large, the inference
process will require a considerable computational effort when
compared to the classic C4.5 because all rules will be tested.
This issue can be softened by defining a minimum threshold
of membership degree to continue testing rules or not.

Next, we present the experiments and results.

IV. EXPERIMENTS

Experiments were carried out with C4.5 and PART, both
classic machine learning methods, and CHI, Fuzzy C4.5,
SLAVE, Wang & Mendel, and WF-C, fuzzy classification
methods. All methods were executed using default parame-
ters.

The reason to compare such different approaches for the
automatic generation of classifiers is to provide information
and insight when selecting a classification method for a
particular problem. This way, we considered the following
aspects for the comparisons of the methods:

• Performance in terms of error rates;
• Interpretability of the generated models in terms of

their syntactic complexity, taking into consideration the
average number of rules generated and average number
of conjunctions of these rules;

• Computational cost of these methods measured in terms
of time.

Our experiments were carried out using 10 datasets from
the UCI Machine Learning Repository [14] and 10-fold
cross-validation. The classic fuzzy reasoning method, pre-
viously describe in II, was used. Furthermore, we used the
WEKA [17] implementations of C4.5 and PART, and KEEL’s
[18] implementation of CHI, SLAVE, and WF-C. Our own
implementations were used for Fuzzy C4.5 and Wang &
Mendel.

Table I summarizes the dataset characteristics giving the
total number of examples (Examples); total number of fea-
tures (Features), including the number of continuous and
discrete features in brackets; number of classes (Classes);
the majority error (ME); and the number of fuzzy sets for
each of the attributes (FS).

Examples with missing values were removed. Regarding
the number of fuzzy sets describing each feature, they were
defined by the FUZZY-DBD method [19], which chooses
the number of fuzzy sets based on a heuristic process.
Specifically, we used triangular shaped fuzzy sets evenly
distributed in the features domains. Notice that all fuzzy



TABLE I
GENERAL CHARACTERISTICS OF THE DATASETS.

Dataset Examples Features Classes ME FS
Credit 653 15(6,9) 2 45.33 2

Cylinder 277 32(19,13) 2 35.74 2
Dermatology 358 34(33,1) 6 68.99 2

Diabetes 769 8(8,0) 2 34.90 2
Glass 220 9(9,0) 7 65.46 7
Heart 270 13(13,0) 2 44.44 2

Ionosphere 351 34(34,0) 2 35.90 3
Segment 210 19(19,0) 7 85.71 3
Vehicle 846 18(18,0) 4 74.23 2
Wine 178 13(13,0) 3 59.74 3

methods used similar fuzzy partitions, i.e., the same number
of fuzzy sets and their distribution, as well as the type of
membership function.

Table II presents the error rates and standard deviation
(in brackets) for each of the tested methods. The dark-gray
shaded cells highlight the smallest error rates obtained for
this setup.

TABLE II
ERROR RATES AND STANDARD DEVIATION.

Dataset ME Fuzzy C4.5 SLAVE C4.5 PART
Credit 45.33 11.48(5.79) 14.71(2.75) 14.03(3.91) 15.64(4.31)

Cylinder 35.74 16.71(4.01) 28.52(8.19) 32.34(8.41) 31.72(7.76)
Derma 68.99 6.06(4.59) 8.1(4.08) 4.66(3.21) 5.33(3.48)

Diabetes 34.90 30.31(4.95) 25.66(4.49) 25.51(5.27) 26.55(4.51)
Glass 65.46 25.02(15.78) 38.25(10.74) 32.55(9.86) 32.95(9.42)
Heart 44.44 8.52(6.83) 20.74(10.65) 21.85(7.42) 22.67(7.81)
Iono 35.90 7.8(6.38) 12.27(5.07) 10.26(4.38) 9.17(4.66)

Segment 85.71 12.38(2.33) 28.1(6.53) 12.67(6.88) 11.57(7.3)
Vehicle 74.23 37(4.56) 39.59(5.08) 27.72(4.32) 27.79(3.61)
Wine 59.74 4.64(7.15) 9.54(7.43) 8.79(7.71) 7.95(7.44)

Average 55.04 16.99(6.24) 22.55(6.5) 19.04(6.14) 19.13(6.03)

The results obtained by CHI, Wang & Mendel, and WF-C
are not presented in this paper due to the fact that they were
quite disappointing and would interfere in the comparisons
and analysis carried out. Although Chi, Wang & Mendel and
WF-C produce models having high syntactic complexity, as
stated earlier, they also presented very high error rates. In
fact, for several datasets these methods presented error rate
that were even greater than the majority error, considered as
a base line for learning. We plan to further investigate this
problem in the future.

Regarding the results present in Table II, Fuzzy C4.5 had
the smallest error rates for 6 out of 10 datasets followed
by C4.5 which had the smallest error rates for 3 datasets
with a technical tie for Diabetes with SLAVE. PART had the
smallest error rate for the Segmentation dataset.

To test whether there was a statistically significant dif-
ference among the algorithms we used the Friedman test
[20] with the null-hypothesis that the performance of all
algorithms, assessed in terms of the error rates, was com-
parable. The Friedman test found there is no statistically
significant difference among the tested algorithms with a
95% confidence level.

In order to analyse the models generated by these methods,
Table III presents the average number of rules (Rules) and
the syntactic complexity (SC) obtained by each method for
the 10 datasets. The syntactic complexity was calculated as
the number of rules × the average number of conjunctions
in each rule set. 1 The dark-gray shaded cells highlight the
smallest number of rules and smallest syntactic complexity
values obtained for this setup.

TABLE III
AVERAGE NUMBER OF RULES AND SYNTACTIC COMPLEXITY VALUES.

Fuzzy C4.5 SLAVE C4.5 PART
Datasets Rules SC Rules SC Rules SC Rules SC
Credit 9.00 37.80 6.70 22.50 30.00 222.00 29.00 127.60

Cylinder 38.00 391.40 7.90 26.40 24.00 189.60 22.00 83.60
Derma 23.00 172.50 12.20 30.50 8.00 35.20 9.00 26.10

Diabetes 7.00 23.10 4.20 11.20 20.00 112.00 13.00 37.70
Glass 55.00 176.00 11.90 34.80 28.00 179.20 15.00 43.50
Heart 6.00 16.80 8.30 26.80 18.00 88.20 23.00 64.40
Iono 19.00 96.90 15.10 51.10 18.00 120.60 10.00 26.00

Segment 28.00 154.00 11.00 35.80 13.00 65.00 11.00 19.80
Vehicle 38.00 228.00 21.70 101.60 97.00 911.80 29.00 110.20
Wine 17.00 56.10 4.50 17.40 5.00 12.00 4.00 5.20

Average 24.00 135.26 22.55 23.40 26.10 193.56 16.50 54.41

Regarding the number of generated rules, SLAVE pre-
sented the smallest values for 6 datasets with a tie for
the Segmentation dataset with PART. PART presented the
smallest number of rules for 3 datasets, while C4.5 and Fuzzy
C4.5 presented the smallest number of rules for one dataset
each.

Regarding the syntactic complexity of the generated mod-
els, which considers the number of rules and the average
number of conjunctions in the rule set, SLAVE presented the
smallest results for 5 datasets. PART presented the smallest
results for 4 datasets, while Fuzzy C4.5 had the smallest
results for Heart. It is interesting to notice that in average
PART presented the smallest number of rules, but SLAVE,
although with a higher average number of rules, presented
the smallest syntactic complexity.

Table IV presents the total time taken for Fuzzy C4.5,
SLAVE, C4.5, and PART to execute all experiments with
the 10 datasets and a 10-fold cross-validation setup. The
computer used has an Intelr CoreTM2 Duo T7250 (2.00GHz,
2MB L2 Cache, 800MHz FSB).

TABLE IV
TOTAL EXECUTION TIME OF EACH METHOD FOR ALL DATASETS.

Method Time
Fuzzy C4.5 00:00:58

SLAVE 02:26:38
C4.5 00:00:30
PART 00:00:57

While Fuzzy C4.5, C4.5, and PART had similar results,
taking less than 1 minute to complete all executions, SLAVE

1The sintactic complexity of SLAVE was calculated using the rule
set generated for each fold. The others were calculated using the model
generated using all the datasets.



took two hours and 26 minutes. The greater time taken by
SLAVE is directly connected to the genetic search performed
by it, although it can be considered low for a genetic
approach taking into account similar approaches.

In order to consider the performance of the methods both
in terms of error rates and syntactic complexity, we present
the graphs in Figures 3, 4, 5, and 6. Notice that the graphs
present the normalized values of error rate (horizontal axis)
and syntactic complexity (vertical axis) for each method and
each dataset. Bearing this fact in mind is essential in order to
understand that the origin does not represent null error and
null syntactic complexity, but the origin will be defined by
the smallest error rate and syntactic complexity found among
the results of the tested methods for each dataset. Similarly,
(1,1) represents the maximum error and syntactic complexity.

Using the normalized values, instead of the real ones, helps
choosing the most appropriate algorithm for a specific dataset
by focusing on the ones that are plotted closest to the origin
of the graph. The idea is to discard the methods whose values
are plotted farthest from the origin and just compare and
analyse those closest to the origin in order to obtain the best
compromise between error rate and syntactic complexity.

For the credit dataset, shown on Figure 3, Fuzzy C4.5
seems to be the natural choice because although its error
is a bit higher than SLAVE, its error is still low and the
syntactic complexity is the smallest (0% → 11.48), while
SLAVE presents high syntactic complexity.

Fig. 3
CREDIT - NORMALIZED ERROR RATES ([1.48, 15.64] AND SYNTACTIC

COMPLEXITY [22.50, 222.00].

For the dermatology dataset, shown on Figure 4, the best
choice would include C4.5 and Part, which are close to
the origin with low or minimum error rates and syntactic
complexity.

Another interesting example is presented in Figure 5,
which shows the results for the diabetes dataset. SLAVE is
isolated in the area near the origin of the graph.

Figure 6 shows the heart dataset. In this case, Fuzzy C4.5
is plotted exactly on the origin, making it the best option. It is

Fig. 4
DERMATOLOGY - NORMALIZED ERROR RATES [4.66, 8.10] AND

SYNTACTIC COMPLEXITY [26.10, 172.50].

Fig. 5
DIABETES - NORMALIZED ERROR RATES [25.52, 30.32] AND

SYNTACTIC COMPLEXITY [11.20, 112.00].

interesting to notice that, differently from the other examples,
for the heart dataset all the other datasets are distant from
Fuzzy C4.5, making the choosing process visually quite easy.

The results show that, regarding the compared methods,
Fuzzy C4.5, was competitive in terms of error rates of the
generated models and execution time, presenting reasonably
low syntactic complexity values. SLAVE, on the other hand,
was able to create models that can be considered simpler
than the others, but its efficiency in classifying was limited
and its execution time was very high if compared to the
other methods. C4.5 and PART both yielded good results in
competitive time, but they do not have the desirable charac-
teristics of the fuzzy logic that can add to the interpretability
of the final model.

Next, we present the final conclusions.



Fig. 6
HEART - NORMALIZED ERROR RATES [8.52, 22.67] AND SYNTACTIC

COMPLEXITY [16.80, 88.20].

V. CONCLUSIONS

In this paper we considered two classic machine learning
classification methods, namely C4.5 and PART, based on
decision trees. We also considered five fuzzy classification
methods, CHI, Fuzzy C4.5, SLAVE, Wang & Mendel, and
WF-C, all generating a fuzzy rule base. CHI, Wang &
Mendel, and WF-C induce a rule set where each rule uses all
attributes of the dataset. SLAVE is a genetic fuzzy system
that applies the iterative approach to generate a fuzzy rule set
and performs a selection of attributes. Fuzzy C4.5 is based on
the C4.5 decision tree method. Special focus was given to the
decision trees due to their special characteristics regarding
the generated model and its interpretation.

The motivation for this research is related to the fact that
although both the machine learning and the fuzzy communi-
ties work on the classification task and have presented similar
approaches, few comparisons can be found in the literature.
Thus, in this paper we have introduced and compared a
selection of classification methods from both communities.

The aforementioned methods were compared using a 10-
fold cross-validation strategy. The fuzzy methods used identi-
cal definitions of the data base (number, type, and distribution
of the fuzzy sets). The comparisons were made in terms of
the error rates, syntactic complexity, and execution time. The
results of CHI, Wang & Mendel, and WF-C were not shown
because they were quite poor and would interfere with the
comparisons and analysis.

The results show that the Fuzzy C4.5 decision tree was
competitive in terms of error rates of the generated mod-
els, as well as the execution time, presenting reasonably
low syntactic complexity values. SLAVE had the smallest
syntactic complexity values for 5 of the 10 datasets, thus,
generating simpler models, if compared to the other methods,
although its classification performance was outperformed by
the other methods. It was also the slowest of the 6 presented
methods because of its high genetic search cost. C4.5 and

PART both yielded good and similar results in competitive
time. A drawback of C4.5 and PART, when compared to the
fuzzy methods, lies on the handling of continuous attributes,
due to the fact that they might create unnatural divisions of
the attributes, even reusing the same attribute in one rule,
compromising the interpretability of the whole model.

As future work we intend to further study the performance
of CHI, Wang & Mendel, and WF-C in order to understand
their poor results in terms of classification. We also intend
to expand our comparisons adding more classic and fuzzy
classification approaches and other different fuzzy data base
definition methods.
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