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Abstract—Classification is a widely researched area in the
machine learning and fuzzy communities with several ap-
proaches proposed by both communities. Some of the most
relevant rule-based approaches from the machine learning
community might include decision trees and rule inducers.
The fuzzy community has also proposed many rule-based
approaches, such as fuzzy decision trees and genetic fuzzy
systems. This paper aims at comparing the models generated
by rule-based methods for classification from both communities
in terms of accuracy, and the induced rule set in terms of
the syntactic complexity, taking into account the number of
rules and average number of conjunctions in those rules. In
general, models with lower syntactic complexity also show bet-
ter interpretability, which is an important issue in knowledge
acquisition. Results, using 10 datasets, a fuzzy C4.5 algorithm
and two classic machine learning algorithms (C4.5 and PART),
show that the fuzzy approach is able to produce lower error
rates. Regarding the syntactic complexity of the models, PART
produces in most cases the simplest models, although learning
from different sets of features selected by filters. However,
these simple models do not necessarily show a low error
rate. Nevertheless, the induced fuzzy models inherit, from the
fuzzy logic, the embedded ability of processing uncertainty
and imprecision, avoiding the creation of rules using unnatural
divisions of the attributes as the classic algorithms might do.

Keywords-classification, machine learning, fuzzy classifica-
tion methods, PART, C4.5, Fuzzy C4.5, feature selection.

I. INTRODUCTION

The task of classification is a widely researched area of

machine learning with numerous papers published with rule-

based approaches using a variety of techniques, including

decision trees [1], fuzzy classification systems [2], and rule

induction methods, such as PART [3].

Among the most relevant decision tree based methods are

ID3, CART, and C4.5 [4], [5]. These algorithms generate a

tree structure through recursively splitting the feature space

until the whole 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, making it possible to select

features with the ranking of the generated branches. Rule

pruning is used for optimizing the estimated error.

The rule induction PART algorithm learns one rule at

a time without global optimization. It repeatedly gener-

ates partial decision trees, thus combining the two major

paradigms for rule generation, the creation of rules from

decision trees, and the separate-and-conquer rule-learning

technique.

Fuzzy classification systems, on the other hand, are based

on the fuzzy set and fuzzy logic theories, proposed by

Loft A. Zadeh [6]. A fuzzy classification system is usually

composed of a knowledge base and an inference mechanism.

The fuzzy 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,

which contains a set of rules defining a given problem. The

inference mechanism derives the conclusions (or outputs) of

the system based on the knowledge base and inputs.

Several fuzzy approaches for the induction of classifiers

have been proposed, including genetic fuzzy rule-based

systems [7], and decision trees [8]. The advantages of using a

genetic search to generate a fuzzy system includes the global

search, the possibility of addressing the interpretability ver-

sus precision problem, and the possibility of adjusting rules

and fuzzy sets, at the same time or not, among others [9],

[10]. The disadvantages are usually related to the cost of the

genetic search. Fuzzy decision trees, on the other hand, are

fast, simple, and tend to select only a subset of the available

features, which might result in simpler rules.

In [11], a fuzzy C4.5 decision tree was proposed. The

fuzzy induction process of the decision tree is very similar to

the induction of a classic decision tree. For the experiments

carried out in this paper we use a version of the Fuzzy C4.5

described in section II.

In this paper we compare this Fuzzy C4.5 decision tree

algorithm with C4.5, and PART. The selection of these

approaches is based on the fact that their induced classifiers

can be seen as non-ordered sets of rules, and they all

share some basic attribute selection measures (entropy and

information gain).

The remainder of this paper is organized as follows.
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Section II describes the main concepts of fuzzy classification

systems, including a short description of the Fuzzy C4.5

algorithm used in this work. In Section III, we address

classic machine learning rule induction methods, describing

in more detail the PART algorithm, and a brief overview

of feature selection methods, which are used to select

features for the PART algorithm. Section IV presents the

experimental results. Finally, conclusions and future work

are presented in Section V.

II. FUZZY CLASSIFICATION SYSTEMS AND FUZZY

DECISION TREES

In this section we present the main concepts related to

fuzzy classification, including reasoning methods, and the

Fuzzy C4.5 decision tree inducer used in this work.

A. Fuzzy Classification

Classification is an important task in areas such as pat-

tern 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 exam-
ples, 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 domains by

means of fuzzy sets and partitions. The linguistic variables

in the antecedent 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 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.

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 with the input

pattern. 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. Next,

we present the Fuzzy C4.5 algorithm used in this work.

B. Fuzzy C4.5

The fuzzy induction process is very similar to the induc-

tion of a classic decision tree. This Fuzzy C4.5 algorithm

applies the same measures of the original C4.5 algorithm

(i.e., entropy and information gain) to decide on the impor-

tance of the features. However, in this fuzzy version of C4.5,

continuous features are all defined in terms of fuzzy sets

before the induction of the tree takes place, while no changes

are made for discrete features. 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.

Notice that for the classic C4.5 algorithm a continuous

attribute can appear more than once in one branch, since the

attribute can be split more than once. With the Fuzzy C4.5

algorithm this is avoided, since the continuous values of the

attributes are replaced by the linguistic terms describing the

fuzzy sets with highest membership degree for the given

input. The Fuzzy C4.5 algorithm can be described by the

following steps:

1) Define the fuzzy data base, i.e., the fuzzy granulation

of the features domains;

2) Fuzzify the training set by replacing continuous values

by the linguistic term of the attribute with highest

membership degree;

3) Calculate the entropy and information gain of each

feature in order to decide which feature will be used

to split the training set and generate rules until all

features were used or all examples from the training

set were classified;

4) Once the tree is induced, apply the pruning process to

reduce the estimated error (using the standard pruning

rate of 25%).

The third step includes all the well-know steps of the

classic decision tree algorithms. Notice that the fuzzification

of the training data is done before the induction of the tree

takes place.

One special issue regarding decision trees is that they

can be seen as a set of disjunct rules in which only one

rule is fired for a given input example. In contrast, fuzzy

decision trees can be seen as a set of rules that can be

fired simultaneously, each one presenting its class and degree

of certainty for a given input pattern to be classified. This

characteristic of the fuzzy decision trees allows the use of

the fuzzy classic and general reasoning methods. This way,

since more than one rule derived from the decision tree can

be fired, an input pattern can be classified with the class of

the rule with highest compatibility with the input pattern or

with the class with the highest sum from the set of rules

with that given class.

III. RULE INDUCTION METHODS

In this section we briefly discuss about rule induction,

including the main aspects of the PART algorithm.
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A. Rule Induction and Feature Selection

If-then rules are the basis for some of the most popular

classification approaches in machine learning. They allow

the representation of information extracted from a dataset in

a way that is easy to understand and analyze.

A variety of approaches to learning rules have been

proposed in the literature. Among them, we can distinguish

the methods that generate sets of ordered or non-ordered

rules. Besides the differences in the induction process of

the rule sets, they also differ in the way they are used to

classify new instances once the rule set is induced. Ordered

rules are fired sequentially, and one rule is only fired if

the previous one is not verified. In other words, there is an

else separating the rules. On the other hand, for non-ordered

rules, more than one rule might be fired for the same input,

and a weighting scheme can be used to decide which rule

(or set of rules) will be used to classify the input.

Independently from the adopted approach used to induce

classifiers, a previous feature selection is an important con-

cern, for it brings the benefits of improving interpretability

and reducing the computational cost of the whole process.

The task of feature selection aims at finding small subsets of

features that describe the dataset at hand as well as or even

better than the original set does. The importance of this task

lies on the fact that, in practice, the performance of most

learning algorithms is affected by the presence of irrelevant

and/or redundant features. Besides that, when automatically

generating fuzzy rule bases, a particular challenge is the

dimensionality problem. Other advantages associated with

feature selection are related to reducing the potential hy-

pothesis space by improving data quality, thus increasing

the efficiency of the learning algorithm and enhancing the

comprehensibility of the induced classifier [12].

Feature selection methods can be classified into three

main categories according to their dependence to the classi-

fier: i) filters; ii) wrappers; iii) embedded methods.

Filters use general measures that can be calculated from

data to select attributes. They are usually light and fast meth-

ods applied before the classifier induction process. Among

the most well-known filters are CFS [13], Consistency [14],

and ReliefF [15]. Wrappers use the inducing algorithm itself

to select features and can have a high computational cost.

Embedded methods, on the other hand, induce classifiers

that might include a subset of the features, thus, inducing a

classifier and selecting features at the same time. Decision

trees are a typical example of embedded methods for feature

selection.

Next, the PART algorithm is described.

B. PART

The name PART, according to its authors, 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 this leaf into a rule, discarding the rest

of the tree. According to its authors, using a pruned tree to

obtain a rule, instead of building it incrementally 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, the process described is accelerated

significantly 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.

Next section presents the experiments and results.

IV. EXPERIMENTS

In short, the goal of our experiments is to compare similar

fuzzy and classic machine learning rule-based classifiers. In

order to do so, we analyzed and compared the error rates and

the syntactic complexity of the classification models induced

by the Fuzzy C4.5 algorithm as well as the ones induced

by the classic C4.5 and PART algorithms. Furthermore, the

PART algorithm was also executed using the same features

of the C4.5 model as well as the features selected by the

feature selection filter algorithms CFS, Consistency and

ReliefF. The J4.8 implementation of C4.5, available in the

WEKA [16] open source platform, was used, as well as

the implementation of PART and the CFS, Consistency and

ReliefF filters. Since ReliefF ranks the features by their

usefulness on distinguishing between very similar examples

belonging to different classes and presents an average merit

ranking, we selected features with an average merit of more

than 0.009. The experiments were carried out using the

default settings of the algorithms.

To evaluate the models induced by the selected meth-

ods, we used 10 datasets from UCI - Machine Learning

Repository [17], using 10-fold stratified cross-validation.

Table I summarizes the dataset characteristics giving 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),

the majority error (ME), and the number of fuzzy sets

for each of the attributes (FS) used by the Fuzzy C4.5

algorithm. Examples with missing values were removed

from the datasets.
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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

Regarding the number of fuzzy sets describing each

feature, they were defined by the FUZZY-DBD method [18],

which chooses the same number of fuzzy sets for each

feature based on a heuristic process. Specifically, we used

triangular shaped fuzzy sets evenly distributed in the features

domains.

Table II presents the original number of features of each

dataset (O), the number of features used by the models

induced by the Fuzzy C4.5 (F4.5), PART, and C4.5 algo-

rithms, as well as the features selected by the three filters

CFS, Consistency (Cons) and ReliefF (RF). The two groups

(embedded methods and filters) are separated by a double

bar. The average number of features is also presented. The

number of features is compared in each group and the

smallest values are light-gray shaded.

Table II
ORIGINAL AND SELECTED NUMBER OF FEATURES.

Dataset O FC45 PART C4.5 CFS Cons. RF

Credit 15 10 15 9 7 13 12

Cylinder 32 24 26 18 6 9 16

Dermatology 34 17 11 7 16 8 16

Diabetes 8 5 8 6 4 8 5

Glass 9 6 9 9 7 7 8

Heart 13 5 13 12 8 10 12

Ionosphere 34 10 14 14 14 7 33

Segment 19 10 11 12 7 9 15

Vehicle 18 11 19 18 11 18 18

Wine 13 8 4 3 10 5 13

Average 19.5 10.6 13.0 10.8 9.0 9.4 14.8

It is possible to observe that the models induced by the

Fuzzy C4.5 and C4.5 algorithms use fewer features. In

average they only need about 50% of the original ones, while

PART always needs more features in its model. Considering

now the feature selection methods, CFS and Consistency

selected a smaller number of features than ReliefF.

In what follows, the error rates of the models induced

by the three algorithms are shown in Table III. To give a

chance for the PART rule induction algorithm to improve its

performance, it was executed with all the features, similarly

to the Fuzzy C4.5 and C4.5 algorithms, as well as having

access only to the features selected by C4.5 and the ones

selected by the other three feature selection methods.

Table III presents the majority error (ME) and error

rates and standard deviation (in brackets) for the Fuzzy

C4.5 (FC4.5), C4.5, and PART algorithms using all features

(PART) and using the features selected by C4.5 (PC4.5),

CFS (PCFS), Consistency (PCons), and ReliefF (PRF).

Table III
AVERAGE ERROR RATES AND STANDARD DEVIATION.

Datasets ME FC45 C4.5 PART PC45

Credit 45.33 11.48(5.79) 14.03(3.91) 15.64(4.31) 13.77(3.66)

Cylinder 35.74 16.71(4.01) 32.34(8.41) 31.72(7.76) 27.88(8.16)

Dermatology 68.99 6.06(4.59) 4.66(3.21) 5.33(3.48) 3.54(3.03)

Diabetes 34.90 30.31(4.95) 25.51(5.27) 26.55(4.51) 26.37(4.57)

Glass 65.46 25.02(15.78) 32.55(9.86) 32.95(9.42) 32.95(9.42)

Heart 44.44 18.52(6.83) 21.85(7.42) 22.67(7.81) 22.93(7.36)

Ionosphere 35.90 7.80(6.38) 10.26(4.38) 9.17(4.66) 8.26(5.09)

Segmentation 85.71 12.38(2.33) 12.67(6.88) 11.57(7.30) 11.43(7.16)

Vehicle 74.23 37.00(4.56) 27.72(4.32) 27.79(3.61) 27.79(3.61)

Wine 59.74 4.64(7.15) 8.79(7.71) 7.95(7.44) 5.35(6.33)

Average 55.04 16.99(6.24) 19.04(6.14) 19.13(6.03) 18.03(5.84)

Ranking 1 3.5 6 2

Datasets ME FC45 PCFS PCons PRF

Credit 45.33 11.48(5.79) 14.70(4.11) 15.42(4.58) 16.09(4.21)

Cylinder 35.74 16.71(4.01) 31.69(8.90) 32.31(8.88) 30.55(9.44)

Dermatology 68.99 6.06(4.59) 5.28(3.59) 4.43(3.60) 5.08(3.64)

Diabetes 34.90 30.31(4.95) 26.76(4.10) 26.23(4.25) 26.61(4.71)

Glass 65.46 25.02(15.78) 33.59(10.50) 33.50(9.75) 32.77(9.72)

Heart 44.44 18.52(6.83) 20.22(6.91) 22.26(7.75) 23.00(7.67)

Ionosphere 35.90 7.80(6.38) 9.26(4.15) 9.12(4.87) 9.26(4.48)

Segmentation 85.71 12.38(2.33) 11.48(7.32) 11.95(7.02) 11.24(7.08)

Vehicle 74.23 37(4.56) 32.11(4.08) 27.91(4.01) 27.74(3.80)

Wine 59.74 4.64(7.15) 7.95(7.50) 7.69(7.30) 8.02(7.52)

Average 55.04 16.99(6.24) 19.30(6.12) 19.08(6.20) 19.04(6.23)

Ranking 1 7 5 3.5

The Fuzzy C4.5 algorithm was able to obtain the best

(smallest) error rate for 7 out of the 10 datasets, and had the

best error average, as well as being the best ranked among

the others. Regarding the PART algorithm, in general, it was

able to improve its performance, although not significantly,

using the features selected by C4.5, CFS and Consistency.

The good results obtained by Fuzzy C4.5 depend heavily

on the fuzzification stage. In this work we used the FUZZY-

DBD method for all datasets. However, it was observed that

if instead of using two fuzzy sets for the Dermatology and

Heart datasets as found by FUZZY-DBD— Table I — we

use three, then the error rate — Table III — drops from 6.06

to 5.67 for Dermatology, and from 18.52 to 14.80 for Heart.

To test whether there was a statistically significant differ-

ence among the algorithms we used the Friedman test [19]

with the null-hypothesis that the performance of all algo-

rithms, assessed in terms of the error rates, is comparable.

However, the Friedman test found that there is no statistically

significant difference among the tested algorithms with a

95% confidence level.

In order to evaluate the rules and rule sets generated by

the selected methods, we also induced the models using

all features and measured the number of rules and average

number of conjunctions for each induced classifier. The use

of all examples for the generation of the evaluation models

is based on the fact that in real life all available examples

191



are used to induce a classifier, which will have, with a high

probability, a smaller or equal error rate than the average

error rates obtained by the evaluation we have carried out

using a 10-fold stratified cross-validation strategy.

Table IV presents the number of rules of the models

induced by the Fuzzy C4.5 (FC4.5), C4.5, and PART al-

gorithms, as well as the ones induced by PART using the

features selected by C4.5 (PC4.5), CFS (PCFS), Consistency

(PCons), and ReliefF (PRF). The average is also presented in

the last line of the table (Avg.). The results of the algorithms

executed without feature selection are separated from the

results of PART with feature selection by a double bar. The

best (smallest) results are light-gray shaded.

Table IV
NUMBER OF RULES.

Datasets FC45 C4.5 PART PC45 PCFS PCons PRF

Credit 9 30 29 20 13 23 40

Cylinder 38 24 22 25 10 20 27

Derma. 23 8 9 7 8 6 9

Diabetes 7 20 13 7 5 13 9

Glass 55 28 15 16 17 17 16

Heart 6 18 23 16 20 16 22

Ionos. 19 18 10 7 8 4 10

Segmen. 28 13 11 10 11 11 11

Vehicle 38 97 29 24 43 29 29

Wine 17 5 4 4 4 4 4

Avg. 24.00 26.10 16.50 13.60 13.90 14.30 17.70

PART, using the selected attributes by C4.5 had the

smallest average for the number of rules. When comparing

only the algorithms without previous feature selection, PART

produced the smallest number of rules for 6 datasets, Fuzzy

C4.5 for 3, and C4.5 for one dataset.

Similarly to Table IV, Table V presents the average

number of conjunctions of the induced models.

Table V
AVERAGE NUMBER OF CONJUNCTIONS.

Datasets FC45 C4.5 PART PC45 PCFS PCons PRF

Credit 4.2 7.4 4.4 2.9 2.4 3.4 4.1

Cylinder 10.3 7.9 3.8 3.5 2.2 5.2 3.0

Derma. 7.5 4.4 2.9 2.0 2.0 2.0 2.9

Diabetes 3.3 5.6 2.9 2.0 2.2 2.9 2.4

Glass 3.2 6.4 2.9 2.7 3.1 3.1 2.8

Heart 2.8 4.9 2.8 2.8 2.8 2.7 2.8

Ionos. 5.1 6.7 2.6 3.1 2.6 2.5 2.6

Segmen. 5.5 5.0 1.8 1.9 1.7 1.7 1.8

Vehicle 6.0 9.4 3.8 5.5 4.0 3.8 3.8

Wine 3.3 2.4 1.3 1.3 1.3 1.3 1.3

Avg 5.1 6.0 2.9 2.8 2.4 2.9 2.8

The smallest average number of conjunctions was ob-

tained by PART using the features selected by CFS. Clearly,

PART (with and without previous feature selection) pro-

duced the set of rules with the smallest number of conjunc-

tions, having in average from 47% (PCFS × FC45) to 57%

(PART or PCons × FC45) less conjunctions in the set of

rules than the other two methods (classic and fuzzy C4.5).

However, to analyze the syntactic complexity of the mod-

els both results should be taken into account, i.e., the product

of the number of rules and the number of conjunctions —

Table VI. The average (Avg.) and ranking (Rank) are also

presented in the last lines of the table. The models having

the lowest syntactic complexity are light-gray shaded.

Table VI
NUMBER OF RULES × AVERAGE NUMBER OF CONJUNCTIONS.

Datasets FC45 C4.5 PART PC45 PCFS PCons PRF

Credit 37.8 222.0 127.6 58.0 31.2 78.2 164.0
Cylinder 391.4 189.6 83.6 87.5 22.0 104.0 81.0

Dermatology 172.5 35.2 26.1 14.0 16.0 12.0 26.1
Diabetes 23.1 112.0 37.7 14.0 11.0 37.7 21.6

Glass 176.0 179.2 43.5 43.2 52.7 52.7 44.8
Heart 16.8 88.2 64.4 44.8 56.0 43.2 61.6

Ionosphere 96.9 120.6 26.0 21.7 20.8 10.0 26.0
Segmentation 154.0 65.0 19.8 19.0 18.7 18.7 19.8

Vehicle 228.0 911.8 110.2 132.0 172.0 110.2 110.2
Wine 56.1 12.0 5.2 5.2 5.2 5.2 5.2

Average 135.3 193.6 54.4 43.9 40.6 47.2 56.0
Rank 6 7 4 2 1 3 5

When taking into consideration the number of conjunc-

tions and the number of rules, PART also shows the best

results, producing the most interpretable rule sets.

In summary, the fuzzy version of C4.5 had the best

classification, while PART with the features preselected by

CFS induced the most interpretable rule set. However, the

error rate of most of the PART models are not competitive

with most of the ones induced by the Fuzzy C4.5 algorithm.

We are interested in models with low syntactic complexity,

as they are simple to be interpreted, but not at the cost of a

high increment in the error rate.

Another aspect to be considered regarding the inter-

pretability of the induced models is related to the splitting

of continuous attributes performed by the fuzzy and the

classic C4.5 decision trees (also used by PART). The Fuzzy

C4.5 decision tree algorithm granulates continues attributes

using fuzzy sets described by linguistic terms which, besides

being easy to understand, also deal with imprecision and

uncertainty as a natural aspect of the fuzzy logic. This way,

no crisp or rough separations are generated when splitting

the attributes for the process of the tree induction. As a

practical illustration, for the Vehicle dataset the first attribute

is Compactness with real values ranging from 73 to 119. For

the tree induced by C4.5 it is possible to find the following

13 tests:
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
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Each item shows the tests in one single rule. Observe in

Table VI that for this dataset, the model induced by C4.5

has very high syntactic complexity. Notice the unnatural

splitting points for lines 7, 10, and 11, which use very small

portions of the attribute. This only gets worse if we consider

that these conjunctions are followed by other conjunction(s).

With fuzzy rules this type of problem is avoided in a natural

way and an attribute is only used once in a rule. This makes

the induced rules more interpretable since one does not have

to bear in mind previous tests for the same attribute and then

try to understand what the subspace might represent.

Due to its good classification rates combined with the

embedded ability of naturally processing uncertainty and

imprecision, avoiding the generation of rules using the same

attribute more than once, the Fuzzy C4.5 algorithm produced

promising results.

It is interesting to notice that similar rules were generated

by different models for the same datasets, with minor

differences regarding the splitting points.

V. CONCLUSION

Classification is an important area for the machine learn-

ing and fuzzy communities. Various approaches have been

proposed in the literature for rule-based classifiers by both

communities.

In this paper we compared a fuzzy and two classic

machine learning classification methods, namely a fuzzy and

the classic C4.5 and the PART rule induction algorithm.

Considering the error rates as well as the syntactic com-

plexity of the induced models, the Fuzzy C4.5 algorithm

showed promising results. As future work we intend to ex-

pand our analyzes using other fuzzy rule-based methods for

classification, including fuzzy decision classifiers available

at KEEL [20].
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