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Abstract In the design of fuzzy-rule-based systems, we
have two conflicting objectives: accuracy maximization and
interpretability maximization. As a measure of interpret-
ability, a number of criteria have been proposed in the lit-
erature. Most of those criteria have been incorporated into
fitness functions in order to automatically find accurate and
interpretable fuzzy systems by genetic algorithms. However,
interpretability is very subjective and is rarely defined for
any users beforehand. In this article, we propose the incor-
poration of user preference into multi-objective genetic
fuzzy rule selection for pattern classification problems. User
preference is represented by a preference function which is
changeable according to the user’s direct manipulation
during evolution. The preference function is used as one of
the objective functions in multi-objective genetic fuzzy rule
selection. The effectiveness of the proposed method is
examined through some case studies for the design of fuzzy-
rule-based classifiers.

Key words Multi-objective genetic fuzzy systems - Fuzzy-
rule-based systems - User preference - Interactive genetic
algorithms - Pattern classification problems

1 Introduction

Fuzzy-rule-based systems have been widely used for pattern
classification, function approximation, modeling, forecast-
ing, and control. One advantage of fuzzy-rule-based systems
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over other nonlinear systems such as neural networks is
their linguistic interpretability. That is, each fuzzy rule is
linguistically interpretable when fuzzy-rule-based systems
are designed using the linguistic knowledge of human
experts. However, linguistic knowledge is not always avail-
able, especially for high-dimensional data. Thus, since the
early 1990s, various approaches have been proposed in the
literature for extracting fuzzy rules from numerical data.
Evolutionary algorithms can be used not only for parameter
tuning, but also for discrete optimization such as input
selection, rule generation, and rule selection." Most fitness
functions were based on the maximization of the accuracy
of fuzzy-rule-based systems only. Since the late 1990s, the
importance of maintaining interpretability in the design of
fuzzy-rule-based systems has been pointed out in many
studies. Interpretability maximization as well as accuracy
maximization was taken into account in order to design
accurate and interpretable fuzzy-rule-based systems.” The
number of fuzzy rules in a system has generally been used
as one of the complexity measures. In the literature, other
measures are the total number of condition parts, transpar-
ency, compactness, and so on. However, interpretability is
very subjective and is rarely specified beforehand without
actual users.

For the design of simple and accurate fuzzy-rule-based
classifiers, we have already proposed multi-objective genetic
fuzzy rule selection.” We have used two objective functions:
to maximize the number of correctly classified training pat-
terns, and to minimize the number of fuzzy rules in a fuzzy-
rule-based classifier. Considering user preference on the
interpretability of fuzzy-rule-based classifiers, we propose
the incorporation of user preference, represented by a pref-
erence function, into multi-objective genetic fuzzy rule
selection for pattern classification problems. During evolu-
tion, the preference function can be changed interactively,
and is used as one of the objective functions. That is, our
method can find nondominated solutions (fuzzy-rule-based
classifiers) in terms of three objectives: accuracy maximiza-
tion, complexity minimization, and preference maximiza-
tion. Through some case studies,we examine the effectiveness
of the proposed idea.



2 Genetic fuzzy rule selection with user preference

In this section, we explain fuzzy-rule-based classifiers and
multi-objective genetic fuzzy rule selection. We also explain
user preference, and the preference function proposed in
this paper.

2.1 Fuzzy-rule-based classifiers

Let us assume that we have m training (i.e., labeled) pat-
terns x, = (x,;,..., x,,), p = 1,2,..., m from M classes in
an n-dimensional pattern space, where x,, is the attribute
value of the p-th pattern for the i-th attribute (i=1,2,...,
n). For simplicity, we assume that all the attribute values
have already been normalized into real numbers in the unit
interval [0, 1]. Thus the pattern space of our classification
problem is an n-dimensional unit-hypercube [0, 1]".

For our n-dimensional pattern classification problem, we
use fuzzy rules of the following type:

Rule R Ifx,is A, and...and x, is A, (1)
then Class C, with CF,

where R, is the label of the g-th fuzzy rule, x = (x,..., x,)
is an n-dimensional pattern vector, A, is an antecedent
fuzzy set (i = 1, 2,..., n), C, is a class label, and CF, is a
rule weight. We denote the antecedent fuzzy sets of R, as a
fuzzy vector A, = (A, A, -, A)-

We use 14 fuzzy sets in four fuzzy partitions with differ-
ent granularities in Fig. 1. In addition to those 14 fuzzy sets,
we also use the domain interval [0, 1] itself as an antecedent
fuzzy set in order to represent a don’t care condition.

The consequent class C, and the rule weight CF, of each
fuzzy rule R, are specified from training patterns compati-
ble with its antecedent part A, = (A,, A, ..., A4,,) in the
following heuristic manner. First we calculate the confi-
dence of each class for the antecedent part A, as

Z :uA,, (Xp)

x, €Class h

c(A, = Class h)= h=12,...M ()

ZﬂA,, (Xp)
p=1

Then the consequent class C, is specified by identifying
the class with the maximum confidence:
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Fig. 1. Membership functions used
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c(A,=ClassC,)= max {c(A,= Classh)} (3)

h=1.2,..M

In this manner, we generate the fuzzy rule R, with the
antecedent part A, and the consequent class C,.

The rule weight CF, of each fuzzy rule R, is specified by
the confidence values

M
CF,=c(A,=ClassC,)— Y, c¢(A,= Classh) 4)
h=1,h#C,

We do not use the fuzzy rule R, as a candidate rule if the
rule weight CF, is not positive (i.e., if its confidence is not
larger than 0.5).

As with confidence, support is also often used for evalu-
ating the interestingness of individual rules. Support can be
calculated as

Z ”A,, (XP)

s(Rq)zs(Aq=>Clasqu)=% (5)

Let S be a set of fuzzy rules of the form in Eq. 1. When
an input pattern x,, is to be classified by S, we first calculate
the compatibility grade of x, with the antecedent part A of
each fuzzy rule R, in S using the product operation. Then a
single winner rule is identified using the compatibility grade
and the rule weight of each fuzzy rule. The input pattern x,,
is classified as the consequent class of the winner rule.

2.2 Multi-objective genetic fuzzy rule selection

Multi-objective genetic fuzzy rule selection is a two-step
method. In the first step, a prespecified number of promis-
ing fuzzy rules are generated from training patterns as can-
didate rules. In the second step, an EMO algorithm is used
to search for nondominated fuzzy-rule-based classifiers
(i.e., nondominated subsets of the candidate rules gener-
ated in the first step).

Since we use the 14 antecedent fuzzy sets in Fig. 1 and a
don’t care for each attribute of our n-dimensional classifica-
tion problem, the total number of possible fuzzy rules is 15".
Among these possible rules, we examine only short fuzzy
rules with a small number of antecedent conditions (i.e.,
short fuzzy rules with many don’t care conditions) to gener-
ate candidate rules. Here, we examine fuzzy rules with three
antecedent conditions or fewer. For prescreening candidate
rules, we use the product of the support s(R,) and the con-
fidence c(R,). That is, we choose a prespecified number of
the best candidate rules for each class with respect to s(R,)
c(R,).

Let us assume that we have N candidate rules (i.e., N/M
candidate rules for each of M classes). Any subset S of the
N candidate rules can be represented by a binary string of
length N: § = s,5,...5y, where 5; = 1 and s5; = 0 mean the
inclusion and exclusion of the j-th candidate rule R; in the
subset S, respectively (j = 1,2,..., N). Such a binary string
S is used as an individual (i.e., a fuzzy classifier) in an EMO
algorithm for multi-objective genetic fuzzy rule selection.

Each fuzzy rule-based classifier S is evaluated by the
following three objectives:
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- fi(S): the number
patterns;

— £»(S): the number of selected fuzzy rules;

— f5(S): user preference.

of correctly classified training

That is, our multi-objective genetic fuzzy rule selection is
written as

Maximize f; (S) and f;(S), and minimize f, (S) (6)

We use NSGA-II of Deb et al.” to search for nondomi-
nated fuzzy-rule-based classifiers with respect to these three
objectives. Here, uniform crossover and bit-flip mutation
were used in NSGA-II. In order to decrease the number of
fuzzy rules in S efficiently, a larger mutation probability is
assigned to the mutation from 1 to 0 than that from O to 1.
In addition, the unnecessary fuzzy rules which were not
selected as a winner rule were removed from § after calcu-
lating the first objective.

2.3 User preference on interpretability

Interpretability is very subjective, and is rarely specified
without actual users. One approach may be to use various
interpretability measures as objective functions. However,
current evolutionary multi-objective optimization algo-
rithms are not appropriate for problems with more than
four objectives.” For these reasons, we combine multiple
interpretability criteria into a single preference function.
Then users change the priority of criteria in the preference
function during the evolution of multi-objective genetic
fuzzy rule selection.

We specify an interval for internal evaluations. During
this interval, the preference function is not changed. After
the interval, the user checks some of the nondominated
classifiers and changes the priority of criteria in the prefer-
ence function. Then another internal evaluation process
starts. By repeating this interactive process, the user can
modify the preference function and find the classifier with
a high user preference value.

In this article, we use three criteria for representing user
preference: average confidence, average support, and the
number of attributes used. Confidence and support have
often been used to examine the interestingness of individual
rules.® Of course, we can use other criteria in the preference
function.

3 User interface

We developed a user interface for presenting a fuzzy-rule-
based classifier to the user and incorporating their prefer-
ence (Fig. 2). The antecedent part of each fuzzy rule is
shown together with its consequent class, confidence, and
support. Solid triangles and open rectangles mean member-
ship functions and don’t care conditions, respectively. The
accuracy of the classifier is shown at the bottom right-hand
side of the classifier. The gray zone at the bottom of the
interface is a user manipulation area.
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Fig. 2. A user interface for the proposed method
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Fig. 3. Satisfaction level functions for interpretability criteria

Individual preference and its priority for each criterion
are represented by a satisfaction level function with two
segments, A-B and B-C, in Fig. 3. The three points A, B,
and C are (-0.05,0.0), (V,, V), and (1.05, 0.0), respectively.
Users can change the preference and the priority of each
criterion by moving point B (V,,V,)in0<V, <1l and 0 <
V, < 1. If the value of some criterion is 0.8 in Fig. 3, the
output value on the criterion is 0.5.

A preference function is composed of the three satisfac-
tion-level functions, as in Fig. 3. In this article, the simple
sum of the output values is used as the satisfaction degree
of user preference on the interpretability of fuzzy
classifiers.

Each vertical dashed line of satisfaction-level functions
represents the actual values of three criteria for the dis-
played classifier. Thus, users can refer to this information
and change the position of the vertices of the triangles. That
is, users can modify the preference function (i.e., satisfac-
tion-level functions) according to their impression from
some displayed classifiers.

There are three buttons in the bottom right-hand corner.
The button “Best” is to show the best classifier in terms of
user preference. The button “Rand” is to show three clas-
sifiers randomly selected among nondominated ones. The
button “Evolve” is to start another internal evaluation
process with a prespecified number of generations.
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4 Case studies

In this section, we show two case studies in which two users
have different preferences on interpretability. We used the
Wisconsin breast cancer data (683 patterns, 9 attributes, 2
classes), which is available from the UCI machine learning
repository. The parameter settings were as follows:

— Number of extracted rules per class: 300;

— Population size: 200;

— Number of generations: 500;

— Interval for internal evaluations: 50 generations.

Case 1. We assumed that the user prefers a very simple rule
set. At the 250th generation, the user specified the
satisfaction level functions in Fig. 4. The classifier obtained
with the highest user preference value is shown in Fig. 5.
Each rule has fairly high confidence and support. The total
number of attributes used is only one. This is a very simple
rule set which means “if the value of Bare Nuclei is high,
the sample is malignant” and “if the value of Bare Nuclei is
small, the sample is benign.”

Case 2. We assumed that the user prefers very accurate
rules. As in Case 1, at the 250th generation, the user specified
the satisfaction level functions in Fig. 6. The classifier
obtained with the highest user preference value is shown in
Fig. 7. We can see that each rule has a very high confidence
value comparing with the rules in Case 1.

5 Conclusion

We have proposed the incorporation of user preference
into multi-objective genetic fuzzy rule selection. We used

A

xs  Accuracy: 0933

a preference function to represent user preference as an
additional objective in the multi-objective problem. Through
some case studies, we demonstrated that our method can
obtain nondominated fuzzy-rule-based classifiers in terms
of accuracy and interpretability considering user preference.
In future work, we will further examine the effect of
changing the preference function on the search performance
of our method.
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