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Abstract

This paper presents a method for classification based on a genetic algorithm to
evolve a Takagi-Sugeno-Kang fuzzy rule bases. It is shown how a fuzzy rule base
is generated from a numerical database and how its best subset is found by the
genetic algorithm. The method not only produces rule base subsets with very
good performance but also reveals itself as a feature selector. Analyses are
realized on the results obtained from several classification problems approached
by the method and by a decision tree based algorithm.

1 Introduction

Classification is one of the most important tasks of Machine Learning. Basically,
it aims to associate pre-defined classes to new elements. Several Machine
Learning paradigms have been applied to this problem like artificial neural
networks, decision trees and production rules systems. Independently of the
approach employed to construct a classifier system, some aspects must be
analised such as comprehension facility - avoiding the occurrence of application
mistakes and making it reliable - and the relation between accuracy and
processing time - in some cases, it may be interesting to construct a classifier
slightly less accurate and much faster.

Employing Evolutionary Computation paradigms on classification tasks has
been done considering these questions. For instance, these paradigms can be
applied as to discover optimum relationships between the features and classes of
a problem as to be combined with other Machine Learning techniques, generating
hybrid classifier systems. The most disseminated area of Evolutionary
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Data Mining II

Computation is Genetic Algorithms due to the fact that it is a class of general
purpose techniques able to approach efficiently very complex problems, success
not obtained by some other methods - for the difficulty or impossibility of
application.

Several genetic algorithms have been developed to perform feature extraction
and selection from databases, which are related tasks to classification. Their aims
are the identification and selection of real important features on the classification
of new elements and the discarding of irrelevant or redundant ones [1,2,3,4]. The
exclusion of these features frequently improves the results' quality because they
may hide useful information included on the other features. The features subset
used by a classifier system affects its precision, cost, processing time and the
volume of examples necessary to learning, for instances [5].

It is seldom possible to construct a classifier system which is totally accurate.
One of the causes to this fact is the insufficiency of a problem's representative
data. Since the uncertainty and ambiguity involved on classification tasks are
inevitable, the use of fuzzy logic in the classifier system makes it suitable to deal
with these problems. This application induces better knowledge representation of
the problem studied, as well as more simplicity and flexibility. The sinergy
between Genetic Algorithms and Fuzzy Systems occurs in a frequently successful
way. Hybrid models that unite the characteristics of these two paradigms are
some of the most robust systems of Machine Learning.

For instance, the fuzzy sets theory concepts have been applied in genetic
algorithms to model new ways of encoding individuals and new genetic operators
[6], to control the parameters during evolution and to study their relationships
[7]. On the other hand, many genetic algorithms have been developed to improve
the performance of fuzzy rule-based systems on classification and control tasks
[8,9,10]. Furthermore, several works on project, learning and tuning of
parameters of rule bases by genetic algorithms obtained promising results
[11,12].

[13] presents a method for selecting a subset from a fuzzy rule base by a
genetic algorithm to classification. The rule base is generated automatically and
its rules are Mandani's model ones. After the rule base generation, a genetic
algorithm is applied to find the shorter and most accurate subset of rules. A
drawback of this kind of rules is that the dimension of the data base affects the
rules' comprehension and the processing time of the method, reducing its
applicability.

To overcome this obstacle, this work employed the same genetic algorithm to
optimize decomposed zero-order Takagi-Sugeno-Kang (TSK) rule bases [14].
This kind of rule uses only one feature on the antecedent part and conclude about
the class of the new pattern. The gains in processing time, simplicity of
implementation and comprehension are notable.

Some databases from UCI Machine Learning Repository were studied by this
method and the results compared to others obtained from a decision tree tool
applied to the same problems.

In the next section, the automatic generation of rule base is shown. In section
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Data Mining II

3, the features of the genetic algorithm are exhibited. In section 4, the results of
the experiments are analysed. In the last section, final comments and future
developments directions are exposed.

2 Rule base generation

2.1 Rule base generation

The process of rule generation was presented in [14] which applies the
decomposition scheme proposed by Kosko [15] to zero-order TSK fuzzy rules.

In this work, each atribute space was normalised and divided on five partitions
defined by triangular membership functions associated to the linguistic labels
small, medium small, medium, medium large and large. They are:

M-small(x)=max{o,l-4-|x }

l^medium.small 00= max{o, I - 4 • x - 0,25|}

^medium(x)=max{o,l-4-|x-0,5|}

M'mediumJargeW=max{o,l-4.|x-0,75|}

Hlarge00= max{o, 1 - 4 • | x - 1 [}

The rules are constructed in such a way that they inform the influence of each
linguistic label of an attribute in the occurrence of a determined class. This
influence is a frequency estimation of a class given a record or a pattern. Given

training patterns x"™ = (x|",...,x™ ) with classes y™ = (y"\...,yi< ), the

influence value 9^ is obtained from the following expression:

M

m=l

in which k is the class influenced by the linguistic label j of the feature Xj.
Thus, the rules have the following structure:

Rule R|( j : If Xj is Xjj then class = k with influence K^ j = 9k j

in which k = 1,...,K e j = 1,...,5 .
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470 Data Mining II

Considering a database with n attributes and K possible classes, a rule base
generated in this way has 5 • K • n elements.

2.2 Classification of new patterns

Given a pattern (xj,...,x,-, ), to determine its class requires the execution of the

following steps.
1 . for each feature i, combine the outputs of those rules related to the same class
k

71 k = '*~ -- = f (ply -|Llx . (*j ) , in which k = 1,...,K .

2. for each class, aggregate the previous combined outputs by the following
function:

TCk = min J7ij< / i = l,...,n ]

3. the class with the highest value n^ is associated to the pattern.

3 Application of Genetic Algorithms

3.1 Introduction

In many problems, to use all the rule base on classification of a new pattern can
not be appropriate due to (among other reasons):
1. the rule base may be too large, causing an excessive delay to the pattern
evaluation;
2. if the amount of patterns to be evaluated is too big, the processing time
becomes too high;
3. the rule base may not produce the correct class due to the negative influence of
rules with low confidences.

The aim of this genetic algorithm is to select a small subset of rules with the
greatest accuracy.

3.2 Encoding and Fitness function

Each rules subset - candidate solution - was represented as a chromosome using
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Data Mining II 471

the binary alphabet {0,l} . Each rule is represented by a gene in the

chromosome. If the rule is present on the subset, its correspondent gene receives
the allele 1. Otherwise, it receives the allele 0.

The amount of rules of a candidate solution S acts as a penalty factor on the
fitness function, since it is desirable small subsets. The ability of correctly
classifying patterns from a database by S is a characteristic which is more
important than the amount of rules it is formed by. Thus, that characteristic must
has a distinct weight on the constitution of the fitness function defined by:

in which NCP(S) is the amount of patterns correctly classified, WNCP is the
weight of this characteristic, W% is the weight of the size of S and 0 < Wg «

3.3 The genetic operators

It was applied the uniform recombination with probability of 0.5, the selection of
the best chromosome pair without restitution to recombination and elitism.
Considering the aim of reducing the amount of rules in each individual, two
strategies of mutation were defined. The first one, P^(l— -»0), with higher

probability of occurrence, executes the change of the allele 1 to allele 0. The
other one, P,^ (0 — > 1) , changes the allele 0 to allele 1 .

4 Results analysis

4.1 Cases studied

In order to assess the efficiency of the method, several databases with different
characteristics were studied. Moreover, a decision tree software was applied to
have its results compared. The table 1 below shows the databases, their
dimensions and the amount of rules generated. Before working with the
databases, some changes were made to allow the analysis of the method.
Repeated records or records with incomplete information were eliminated and
qualitative features were converted to discrete quantitative features.

4.2 Genetic algorithm settings

Population size: 10 Stopping condition: 1000 generations
Weight WNCP: 1000 Weight Wg: 1
PmO->0) = 0.01 Pm(0-»l) = variable
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472 Data Mining II

The utilization of different values to P̂ (0-» 1) was done in order to obtain

better results than the original suggested value 0,0001. Although the other
parameters could be changed, it was not done because it escapes from the
purposes of this work.

As genetic algorithms are based on probabilistic operations, the results
obtained from two executions with given parameters setting are not necessarily
equal. Then, 20 executions of the genetic algorithm were performed to each
setting and the medium performance was calculated.

Table 1. Summary of databases' characteristics.

Database

Iris plant
Wisconsin breast

cancer
Credit card

application approval
Pima indian diabetes

Valid
features
4
9

15

8

Valid
records
150
451

653

788

Training
examples

150
300

416

510

Test
examples

150
151

237

258

Rules
generated

60
90

150

80

4.3 Results analysis

For the classification of iris plant, the results obtained by the genetic algorithm
are shown on table 2. The decision tree tool was executed with some settings of
two parameters: the feature selection to ramification criteria and the significance
level, a ramification stopping condition. Its results are shown on table 3. The
letters R, A, F and G are related to amount of rules, accuracy (%), frequency and
generation, respectively.

The best classifier found by the genetic algorithm used 3 features and it was
formed by 6 rules from a total of 60. On the other hand, the rules constructed
from the best decision tree used all features and they had no structure in the
antecedent part, making the comprehension much more difficult.

Tables 4 and 5 show the results obtained from the genetic algorithm and the
decision tree applied to the diagnosis of breast cancer. As it can be noticed, the
results obtained by the genetic algorithm are quite better than those obtained by
the decision trees. The best fuzzy rule-based classifier, formed by only 7 rules
(from 90), used only 5 features. It was more accurate and shorter than the best
decision tree.

For the credit card application approval database, tables 6 and 7 show the
results obtained by the genetic algorithm and the decision tree. From 150 rules,
the best classifier found by the genetic algorithm was compound by 9 rules and it
used 7 features. It outshines the best decision tree which had better performance
than only 7 (from 60) fuzzy rule-based classifiers. Another very good result was
obtained by the genetic algorithm with P,̂ (0-» 1) = 0.01 . This fuzzy classifier

had 90.30% of accuracy and it was formed by 5 rules which used only 4 features.
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Data Mining II

Table 2. Results obtained by the genetic algorithm applied to iris plant database.

Pm(0->l)

0.0001
0.005
0.01

Best classifier

R
4
6
6

A
9733
98
98

F
3
1
1

Worst classifier

R
6
6
4

A
90.00
96.67
9733

F
1
1
1

Medium Performance

R
4
4.2
4.1

A
94.97
97.33
97.37

G
202.30
283.50
267.00

Table 3. Decision trees generated from iris plant database

Feature
selection

to ramification
criteria

Chi-square
Entropy

Significance level (%)

none
R
9
9

A
98.0
98.0

0.1
R
6
6

A
973
973

0.5
R
7
7

A
973
973

suggested
R
6
6

A
973
973

Table 4. Results obtained by the genetic algorithm applied to breast cancer
database.

Pm(0^l)

0.0001
0.005
0.01

Best classifier

R
13

L_ 7
9

A
100
100
100

F
1
1
1

Worst classifier

R
10
10
13

A
96.69
98.68
98.68

F
1
1
1

Medium Performance

R

10.8
10.1
10.8

A
98.28
99.40
9930

G
25930
545.40
584,75

Table 5. Decision trees generated from breast cancer database

Feature
selection

to ramification
criteria

Chi-square
Entropy

Significance level (%)

none
R
23
22

A
92.1
92.1

0.1
R
8
8

A
94.0
94.0

0.5
R
16
1 1

A
927
96.7

suggested
R
9
9

A
94.0
94.0

Table 6. Results obtained by the genetic algorithm applied to credit card
database.

Pm(0-»l)

0.0001
0.005
0.01

Best classifier
R
8
9
7

A
89.45
91.98
90.72

F
1
1
1

Worst classifier

R
4
4
6

A
76.37
88.19
87.76

F
1
1
1

Medium Performance

R
4.2
6
6.5

A
86.67
89.89
89.66

G
316.90
657.55
710.40
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An A Data Mining II

Table 7. Decision trees generated from credit card database

Feature
selection

to ramification
criteria

Chi-square
Entropy

Significance level (%)

none
R
57
54

A
823
83.5

0.1
R
6
6

A
873
873

0.5
R
32
28

A
85.7
86.5

suggested
R
9
9

A
86.9
86.9

Tables 8 and 9 show the results obtained from the genetic algorithm and the
decision tree applied to the diagnosis of indian diabetes.

Table 8. Results obtained by the genetic algorithm applied to indian diabetes
database.

Pm(0-+l)

0.0001
0.005
0.01

Best classifier

R
5
9
9

A
82.17
84.88
84.88

F
1
1
5

Worst classifier

R
8
8
9

A
73.64
79.07
81.01

F
1
1
1

Medium Performance

R
6.7
9.7
9.3

A
78.64
82.27
83.70

G
322.80
640.75
785.50

Table 9. Decision trees generated from indian diabetes database

Feature
selection

to ramification
criteria

Chi-square
Entropy

Significance level (%)

none
R
100
93

A
72.1
70.9

0.1
R
7
7

A
75.6
75.6

0.5
R
58
32

A
74.8
733

suggested
R
19
17

A
74.4
72.9

The best decision tree had better performance than only 2 (from 60) fuzzy
rule-based classifiers. The best fuzzy rule-based classifier was found 6 times by
the genetic algorithm. It was a surprising fact due to the complexity of this
problem. The fuzzy classifier was formed by 9 rules (from 80) and it used 6
features. It was much more accurate than the best decision tree.

5. Final considerations

As it can be easily noticed, the genetic algorithm employed to select subsets of
fuzzy rule bases is very simple. Its main characteristics are:
1. it just used the basic genetic operators;
2. it worked on populations with very few individuals;
3. there was no interference in the initiation of the population in order to
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Data Mining II

introduce diversity;
4. it was not executed any action to avoid the occurrence of premature
convergence.

In spite of its simplicity, the genetic algorithm obtained very good results in
every case studied. The quality of a classifier was estimated by some
characteristics considered important in this work: accuracy, compacity and
comprehensibility. In these three characteristics the fuzzy rule-based systems
surpassed the decision tree. In almost all settings, the medium performances of
the genetic algorithm were better than the best ones achieved by the decision tree
software.

A broader comment must be made to comprehensibility. The superiority of
linguistic fuzzy rules to numerical ones is irrefutable. The antecedent part of a
rule obtained from a decision tree branch is more complex: inconstant amount of
conditions and multiple evaluation of a feature. On the other hand, the linguistic
fuzzy rules studied in this work has just one condition, using only one feature. On
databases with high dimensions this characteristic is more important. Thus,
acquiring knowledge from these linguistic rules is easier and more natural than
by means of a decision tree.

An interesting fact is the implicit role of using the genetic algorithm to select a
subset of decomposed zero-order TSK fuzzy rules. As this method generates rule
bases with one condition and the evolutive process is responsible for finding the
best subset of rules, only few features are used to classify new patterns,
suggesting that these fields are the most important ones in the database. For
instance, in the diagnosis of breast cancer, only 5 from 9 features are needed to a
correct diagnosis. Thus, beyond the classification task, the method performed the
selection of the most important attributes.

Future studies may consider the following topics, some of them being the
focus of our ongoing research: apply other methods to generate fuzzy rule bases
from numerical data; redefine the linguistic labels used and introduce new ones;
employ transformation tecniques in order to deal with incomplete records;
employ techniques to manipulate great databases; study some metrics able to
establish how interesting a rule is; develop the genetic algorithm on parallel
processing computers; study the effects of other strategies of encoding and
population initiation; apply other genetic operators; allow the genetic algorithm
to self-adapt.

Due to the very good results obtained from the cases studied, the method
presented in this work reveals itself as a promising and fast tool to generate
efficient, comprehensive and relatively short classifiers in diverse application
areas.
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