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Abstract—Explanation ability of a fuzzy rule-based classifier is its 
ability to explain why an input pattern is classified as a particular 
class in a convincing way. This ability is important especially 
when fuzzy rule-based classifiers are used as support systems for 
human users. This is because human users often want to know 
why the current input pattern is classified as a particular class. 
The explanation ability looks similar to the interpretability. They 
are, however, clearly different concepts. Whereas the explanation 
ability is directly related to the classification of each pattern, the 
interpretability is usually independent of classification results. 
The interpretability has been taken into account in multiobjective 
design of fuzzy rule-based classifiers. However, the explanation 
ability has not been used for fuzzy rule-based classifier design. 
This is because its quantitative definition is very difficult. In this 
paper, we discuss various factors that are related to quantitative 
definition of the explanation ability of fuzzy rule-based classifiers. 
Using simple numerical examples, we explain that the complexity 
minimization of fuzzy rule-based classifiers does not always lead 
to the explanation ability maximization. We also explain that the 
accuracy of fuzzy rules is related to the explanation ability. 

Keywords—pattern classification; fuzzy systems; fuzzy rule-
based classifiers; explanation ability; interpretability; complexity.  

I.  INTRODUCTION 
Fuzzy rule-based classifier design has been often handled 

as the search for accurate and interpretable fuzzy rule-based 
classifiers. That is, accuracy and interpretability have been used 
as design criteria in fuzzy rule-based classifier design. These 
two criteria are combined into a single overall criterion in 
single-objective approaches [1]-[4] whereas they are handled as 
different objectives in multiobjective approaches [5]-[9]. Since 
there exists a tradeoff relation between these two criteria [10], 
multiobjective approaches usually find a large number of non-
dominated fuzzy rule-based classifiers with different tradeoffs 
(i.e., from simple classifiers with high interpretability and low 
accuracy to complicated classifiers with high accuracy and low 
interpretability). It is implicitly assumed that a single fuzzy 
rule-based classifier is chosen from a large number of obtained 
non-dominated ones by human users based on their preference 
in multiobjective approaches. In single-objective approaches, 
parameter values in a single overall design criterion are often 
assumed to be specified by human users’ preference. 

In some early studies on multiobjective fuzzy rule-based 
classifier design [5], [6], interpretability maximization was 

formulated as complexity minimization using complexity 
measures such as the number of fuzzy rules and the total 
number of antecedent conditions (i.e., total rule length). 
Recently more sophisticated interpretability measures have 
been used in multiobjective approaches to fuzzy rule-based 
classifier design [7]-[9]. Definition of interpretability itself is 
currently a hot research issue in fuzzy systems [11]-[19]. 

Whereas the interpretability of fuzzy rule-based classifiers 
has been frequently discussed in the literature [11]-[19], the 
explanation ability has not been discussed in many studies 
[20]-[24]. In this paper, we use the term “explanation ability” 
to mean the ability of a fuzzy rule-based classifier to explain 
why an input pattern is classified as a particular class in a 
convincing way. It should be noted that the interpretability and 
the explanation ability are different concepts. On the one hand, 
the interpretability of a fuzzy rule-based classifier is often 
defined by its structural features (e.g., the shape of membership 
functions, the overlap of adjacent membership functions, the 
number of fuzzy rules, and the number of antecedent 
conditions) independent of the classification of each pattern. 
On the other hand, the explanation ability is directly related to 
classification results from its definition: the ability of a fuzzy 
rule-based classifier to explain why an input pattern is 
classified as a particular class in a convincing way. 

In this paper, we discuss various factors that are related to 
quantitative definition of the explanation ability of a fuzzy rule-
based classifier. We assume the use of a single winner-based 
fuzzy reasoning method for pattern classification. This means 
that each input pattern is classified by a single winner rule. 
Thus the explanation of the classification result of an input 
pattern is performed by showing the corresponding single 
winner rule. In this situation, the following factors seem to be 
related to the explanation ability: 

(1) Compatibility of the input pattern with its winner rule: If 
the winner rule has high compatibility with the input pattern, 
it may have high explanation ability since its antecedent 
conditions can be viewed as describing the input pattern 
very well (i.e., without large inconsistency).  

(2) Interpretability of the winner rule: If the winner rule has 
high interpretability, it may have high explanation ability 
since the explanation is easy for human users to understand. 

(3) Accuracy of the winner rule: If the winner rule has high 
accuracy, it may have high explanation ability since the 
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classification result is highly reliable. 
(4) Coverage of the winner rule: If the winner rule classifies 

many patterns, it may have high explanation ability since 
the same explanation is applicable to many patterns. 

For discussing these factors, this paper is organized as 
follows. First we explain our fuzzy rule-based classifier with 
the single winner-based fuzzy reasoning method in Section II. 
Then we discuss mathematical formulations of the above-
mentioned four factors in details in Section III using simple 
numerical examples. Finally we conclude this paper in Section 
IV where we also suggest some future research directions. 

II. FUZZY RULE-BASED CLASSIFIERS 
We assume that we have an M-class pattern classification 

problem in an n-dimensional normalized hyper-cube [0, 1]n. 
For this problem, we use fuzzy rules of the following type:  

 Rule qR : If 1x  is 1qA  and  ...  and nx  is qnA  
          then Class qC  with qCF ,           (1) 

where Rq is the label of the qth fuzzy rule, x = (x1, ..., xn) is an 
n-dimensional pattern vector, Aqi  is an antecedent fuzzy set 
(i = 1,2, ...,n ), Cq is a class label, and CFq is a real number in 
the unit interval [0, 1] which represents a rule weight. The rule 
weight can be specified by a heuristic manner [25]. It can be 
also adjusted by a learning algorithm [26]. We use the n-
dimensional fuzzy vector Aq = (Aq1, ..., Aqn) for representing the 
antecedent part of the fuzzy rule Rq in (1) in a concise manner. 

Let S be a set of fuzzy rules of the type in (1). That is, S is a 
fuzzy rule-based classifier. When an n-dimensional input 
pattern xp = (xp1, ..., xpn) is presented to S, first the compatibility 
grade of xp  with the antecedent part Aq  of each fuzzy rule Rq 
in S is calculated by the product operator as  

       )()()( 11 pnqnApqApq xxxA  for SRq ,  (2) 

where Aqi(.) shows the membership function of Aqi . Then a 
single winner rule Rw(xp) is identified for xp  as follows:  

  }|)(max{)()()( SRCFCF qpqqppwpw xx AxAx , (3) 

where w(xp) denotes the rule index of the winner rule for xp . 

The pattern xp  is classified by the single winner rule Rw(xp) 
as its consequent class. If there is no fuzzy rule with a positive 
compatibility grade with xp (i.e., if xp is not covered by any 
fuzzy rules in S ), the classification of xp is rejected. The 
classification of xp is also rejected if multiple fuzzy rules with 
different consequent classes have the same maximum value in 
the right-hand side of (3). In this case, xp  is exactly on the 
classification boundary between the different classes. 

We use the single winner-based fuzzy reasoning method in 
(3) for pattern classification. This is because a responsible 
fuzzy rule can be always identified for the classification result 
of each input pattern when we use the single winner-based 
fuzzy reasoning method. For other fuzzy reasoning methods 
(e.g., a voting-based method), see [27]-[29] where other types 

of fuzzy rules (e.g., fuzzy rules with no rule weights, fuzzy 
rules with multiple consequent classes) were also explained. 

III. EXPLANATION ABILITY 
In this section, we discuss each of the four factors related to 

the explanation ability of a fuzzy rule-based classifier in detail: 
compatibility, interpretability, accuracy and coverage. 

A. A Simple Test Problem and Fuzzy Rule-Based Classifiers 
For visual explanation, let us consider a simple three-class 

two-dimensional pattern classification problem with 20 patterns 
from each class in Fig. 1. Using three linguistic values (small, 
medium and large) in Fig. 1 as antecedent fuzzy sets for each 
of the two attributes, we can generate 33  fuzzy rules. Let S1 
be the fuzzy rule-based classifier with those nine fuzzy rules 
(for simplicity, the rule weight is specified as 1.0 in S1): 

S1: Fuzzy rule-based classifier with nine fuzzy rules 
R1: If x1 is small and x2 is small then Class 2 with 1.0, 
R2: If x1 is small and x2 is medium then Class 2 with 1.0, 
R3: If x1 is small and x2 is large then Class 1 with 1.0, 
R4: If x1 is medium and x2 is small then Class 2 with 1.0, 
R5: If x1 is medium and x2 is medium then Class 2 with 1.0, 
R6: If x1 is medium and x2 is large then Class 1 with 1.0, 
R7: If x1 is large and x2 is small then Class 3 with 1.0, 
R8: If x1 is large and x2 is medium then Class 3 with 1.0, 
R9: If x1 is large and x2 is large then Class 3 with 1.0. 

The location of each rule is shown in Fig. 2 (a). All the 60 
patterns in Fig. 1 are correctly classified by S1 with these nine 
rules in S1 as shown in Fig. 3 (a).  

 

small medium large

x10.0 1.0

large
m

edium
sm

all

x
2

1.0
0.0

Class 1 Class 2 Class 3

 
Fig. 1. A simple three-class two-dimensional test problem. 

 

Let us try to simplify the fuzzy rule-based classifier S1. We 
can see from Fig. 1 that all training patters with large values of 
x1 are from Class 3. Accordingly, the last three fuzzy rules R7, 
R8 and R9 in S1 with the same antecedent condition “x1 is 
large” have the same consequent class (i.e., Class 3). This 
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observation suggests us to combine the last three rules R7, R8, 
and R9 of S1 into a single fuzzy rule:  

R789: If x1 is large then Class 3 with 1.0.  

Using this fuzzy rule, S1 can be simplified as follows: 

S2: Fuzzy rule-based classifier with seven fuzzy rules 
R1: If x1 is small and x2 is small then Class 2 with 1.0, 
R2: If x1 is small and x2 is medium then Class 2 with 1.0, 
R3: If x1 is small and x2 is large then Class 1 with 1.0, 
R4: If x1 is medium and x2 is small then Class 2 with 1.0, 
R5: If x1 is medium and x2 is medium then Class 2 with 1.0, 
R6: If x1 is medium and x2 is large then Class 1 with 1.0, 
R789: If x1 is large then Class 3 with 1.0. 

This fuzzy rule-based classifier S2 is illustrated in Fig. 2 (b). 
All the 60 patterns in Fig. 1 are correctly classified by S2 as 
shown in Fig. 3 (b). From Fig. 3 (a) and Fig. 3 (b), we can see 
that S1 and S2 have slightly different classification boundaries. 

If we use the negation of large (i.e., “not large”) in the 
antecedent part, the number of fuzzy rules in S2 can be further 
decreased as follows: 

S3: Fuzzy rule-based classifier with three fuzzy rules 
R1245: If x1 is not large and x2 is not large  
          then Class 2 with 1.0, 
R36: If x1 is not large and x2 is large then Class 1 with 1.0, 
R789: If x1 is large  then Class 3 with 1.0. 

The membership function of “not large” is defined as 

 10)(1)( xforxx largelargenot ,            (4) 

where large(x) is the membership function of the antecedent 
fuzzy set large.  

The fuzzy rule-based classifier S3 with the three fuzzy rules 
is illustrated in Fig. 2 (c). All the 60 patterns are correctly 
classified by S3 as shown in Fig. 3 (c). From Fig. 3 (a)-(c), we 
can see that the three fuzzy rule-based classifiers S1, S2 and S3 
have slightly different classification boundaries.  

The fuzzy rule-based classifier S3 can be viewed as having 
the following tree-structure: 

If x1 is large then Class 3 with 1.0, 
                       else if x2 is large then Class 1 with 1.0, 
                                                    else Class 2 with 1.0.      (5) 

A simple fuzzy rule-based classifier can be also obtained by 
selecting fuzzy rules from S1 rather than combining fuzzy rules. 
For example, the following fuzzy rule-based classifier with 
four fuzzy rules has the same classification boundaries as S1 
with the nine fuzzy rules (see Fig. 2 (d) and Fig. 3 (d)):  

S4: Fuzzy rule-based classifier with four fuzzy rules 
R5: If x1 is medium and x2 is medium then Class 2 with 1.0, 
R6: If x1 is medium and x2 is large then Class 1 with 1.0, 
R8: If x1 is large and x2 is medium then Class 3 with 1.0, 
R9: If x1 is large and x2 is large then Class 3 with 1.0. 

Strictly speaking, patterns with x1 = 0.0 or x2 = 0.0 cannot be 
classified by S4 whereas those patterns can be classified by S1. 
Thus the classification results by S1 and S4 are not exactly the 
same. However, except for those special cases, S1 and S4 have 
the same classification results as shown in Fig. 3. 

 

R1

R2

R3

R4

R5

R6

R7

R8

R9

       
R1

R2

R3

R4

R5

R6

R789

 
  (a) Fuzzy rule-based classifier S1.         (b) Fuzzy rule-based classifier S2. 

R1245

R36

R789

       

R5

R6

R8

R9

 
  (c) Fuzzy rule-based classifier S3.         (d) Fuzzy rule-based classifier S4. 

Fig. 2. Fuzzy rules in S1, S2, S3 and S4. 

Class 1 Class 2 Class 3

       

Class 1 Class 2 Class 3

 
  (a) Classification boundaries by S1.         (b) Classification boundaries by S2. 

Class 1 Class 2 Class 3

       

Class 1 Class 2 Class 3

 
  (c) Classification boundaries by S3.         (d) Classification boundaries by S4. 

Fig. 3. Classification boundaries by S1, S2, S3 and S4. 
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Since S4 is a subset of S1, it is clear that S4 is simpler (i.e., 
less complicated) than S1 (see Fig. 2 (a) and Fig. 2 (d)). It is 
also clear that S2 is simpler than S1 since the three fuzzy rules 
R7, R8 and R9 in S1 are merged into the single fuzzy rule R789 in 
S2. However, the comparison of S3 with the other fuzzy rule-
based classifiers is not easy since S3 has the special antecedent 
fuzzy set “not large”. If we use the number of fuzzy rules as a 
complexity measure, we have the following order of the four 
fuzzy rule-based classifiers with respect to their complexity: 

Complex(S1) > Complex(S2) > Complex(S4) > Complex(S3),  (6) 

where Complex(S) is a complexity measure. 

If we think that fuzzy rules with “not large” are more 
complicated than other fuzzy rules with no negations, we may 
have the following order  

Complex(S1) > Complex(S2) > Complex(S3) > Complex(S4).  (7) 

B. Compatibility of Each Input Pattern with Its Winner Rule 
Let us consider the classification of a new pattern x1 = (0.05, 

0.05) by the four fuzzy rule-based classifiers S1, S2, S3 and S4. 
This pattern is classified as Class 2 by the following winner 
rule in each classifier: 

R1 in S1: If x1 is small and x2 is small then Class 2 with 1.0, 
R1 in S2: If x1 is small and x2 is small then Class 2 with 1.0, 
R1245 in S3: If x1 is not large and x2 is not large  

      then Class 2 with 1.0, 
R5 in S4: If x1 is medium and x2 is medium then Class 2 with 1.0. 

It seems that the fuzzy rule R1 is a convincing explanation 
about the classification of x1 as Class 2. This is because x1 is 
linguistically described as “x1 is small and x2 is small”, which 
means that x1 has high compatibility with the antecedent part 
of the fuzzy rule R1. The compatibility is calculated as  

   .81.09.09.0)05.0()05.0()( 11 smallsmallxA    (8) 

On the contrary, it seems that the fuzzy rule R5 in S4 is not a 
convincing explanation about the classification of x1 as Class 2. 
This is because x1 does not have high compatibility with the 
antecedent part of R5. Human users do not think that the input 
pattern x1 = (0.05, 0.05) is well-described by the antecedent 
conditions “x1 is medium and x2 is medium”. The compatibility 
of x1 with the antecedent part of R5 is calculated as  

.01.01.01.0)05.0()05.0()( 15 mediummediumxA  (9) 

From these discussions, we can see that the compatibility of 
the input pattern xp with the antecedent part Aw(xp) of its winner 
rule Rw(xp) is related to the explanation ability of the fuzzy rule-
based classifier. Let DTest be the set of input patterns to be 
classified. This pattern set can be viewed as testing data that are 
not used for the design of the fuzzy rule-based classifier. The 
average compatibility of each input pattern with the antecedent 
part of its winner rule is calculated over the pattern set DTest as 
follows: 

      Compatibility(S, DTest) = 
||

)(

Test

Test
)(

D
Dp

ppw
x

xA x

,        (10) 

where S is a fuzzy rule-based classifier, |DTest| is the cardinality 
of DTest (i.e., the number of patterns in DTest), and Aw(xp) is the 
antecedent part of the winner rule Rw(xp) for the input pattern xp 
in DTest. Since the winner rule Rw(xp) is selected from the fuzzy 
rule-based classifier S, S is included in the left hand side 
whereas S is not explicitly shown in the right hand side.  

The input pattern x1 = (0.05, 0.05) is fully compatible with 
the antecedent part of th fuzzy rule R1245 in S3: 

.0.10.10.1)05.0()05.0()( 11245 largenotlargenotxA  
  (11) 

Thus the fuzzy rule R1245 in S3 has high explanation ability 
in terms of the compatibility with the input pattern. One may 
think that R1 in S1 seems to have higher explanation ability than 
R1245 in S3 whereas R1245 has higher compatibility than R1. This 
intuition is related to the interpretability of each rule, which 
will be discussed later in the next section. 

Let us consider another input pattern x2 = (0.95, 0.05). This 
pattern is classified as Class 3 by the following winner rules: 

R7 in S1: If x1 is large and x2 is small then Class 3 with 1.0, 
R789 in S2: If x1 is large then Class 3 with 1.0, 
R789 in S3: If x1 is large then Class 3 with 1.0, 
R8 in S4: If x1 is large and x2 is medium then Class 3 with 1.0. 

The fuzzy rule R7 seems to be a convincing explanation 
about the classification of x2 because x2 is linguistically 
described as “x1 is large and x2 is small”. The compatibility of 
x2 with the antecedent part of R7 is calculated as  

  .81.09.09.0)05.0()95.0()( 27 smalllargexA  (12) 

Whereas S4 is simpler than S1, S4 does not have higher 
explanation ability than S1. For example, the fuzzy rule R8 in S4 
seems to be less convincing than R7 in S1 because “x1 is large 
and x2 is medium” is not highly compatible with x2 = (0.95, 
0.05). The compatibility of x2 with the antecedent part of R8 is 
calculated as  

.09.01.09.0)05.0()95.0()( 28 mediumlargexA  (13) 

On the contrary, the fuzzy rule R789 in S2 and S3 seems to be 
a good linguistic explanation. This is because its antecedent 
condition “x1 is large” describes x2 = (0.95, 0.05) very well. 
The compatibility of x2 with the antecedent part of R789 is  

  .90.0)95.0()( 2789 largexA            (14) 

These discussions on the classification of x2 = (0.95, 0.05) 
also suggest that the compatibility of the input pattern xp with 
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the antecedent part Aw(xp) of its winner rule Rw(xp) is related to 
the explanation ability of the fuzzy rule-based classifier. 

C. Interpretability of the Winner Rule for Each Input Pattern  
In a fuzzy rule-based classifier with the single winner-based 

fuzzy reasoning method, the winner rule for an input pattern is 
used as the explanation for its classification result. Thus the 
interpretability of the winner rule is directly related to the 
explanation ability of the fuzzy rule-based classifier.  

Let us consider the classification of the input pattern x1 =  
(0.05, 0.05) again. This pattern is classified by R1 in S1:  

R1 in S1: If x1 is small and x2 is small then Class 2 with 1.0. 

The fuzzy rule R1 seems to have higher interpretability than 
the winner rule R1245 in S3:  

R1245 in S3: If x1 is not large and x2 is not large  
      then Class 2 with 1.0. 

This is because R1245 looks more complicated than R1.  

When the same pattern x1  is presented to the fuzzy rule-
based classifier S4, it is classified as Class 2 by R5: 

R5 in S4: If x1 is medium and x2 is medium then Class 2 with 1.0. 

This winner rule R5 in S4 can be viewed as having the same 
interpretability as R1 in S1. This is because these two fuzzy 
rules have the same structure. As explained in the previous 
subsection, R1 seems to have higher explanation ability for x1  
than R5 because R1 has higher compatibility. However, with 
respect to their interpretability, we cannot differentiate these 
two fuzzy rules. 

Let us consider the other input pattern x2 = (0.95, 0.05). 
This pattern is classified as Class 3 by R7 in S1 and R789 in S2: 

R7 in S1: If x1 is large and x2 is small then Class 3 with 1.0, 
R789 in S2: If x1 is large then Class 3 with 1.0. 

The interpretability of R789 seems to be higher than that of 
R7. This is because R789 has a simpler antecedent condition than 
R7. As in the case of the comparison between the two fuzzy 
rules R1 and R5, the winner rule R7 in S1 can be viewed as 
having the same interpretability as the winner rule R8 in S4: 

R8 in S4: If x1 is large and x2 is medium then Class 3 with 1.0. 

Let Rw(xp) be the winner rule of the input pattern xp. As in 
the previous subsection, let DTest be the set of input patterns to 
be classified. In this case, the average interpretability of the 
winner rules over the pattern set DTest is calculated as follows: 

||

)(

),(
Test

Test
)(

Test D

RbilityInterpreta

DSbilityInterpreta
Dp

pw
x

x

. 

   (15) 

In (15), the problem is how to define the interpretability of 
each fuzzy rule. In the above discussions, we intuitively use the 

complexity of the antecedent part of each fuzzy rule. A simple 
measure to evaluate the complexity of the antecedent part is the 
number of antecedent conditions. This measure seems to be too 
simple because it cannot differentiate between R1245 with the 
antecedent condition “If x1 is not large and x2 is not large” and 
R1 with the antecedent condition “If x1 is small and x2 is small”. 

We may be able to refer to a lot of existing studies on the 
interpretability of fuzzy rule-based systems [11]-[19]. It should 
be noted, however, that the interpretability in those studies was 
usually discussed for fuzzy rule-based classifiers rather than 
each individual fuzzy rule. In (15), the interpretability of each 
winner rule is used. The interpretability in (15) can be viewed 
as the understandability of the winner rule for human users.  

D. Accuracy of the Winner Rule for Each Input Pattern  
In multiobjective fuzzy rule-based classifier design, the 

accuracy of classifiers is not viewed as a factor related to the 
interpretability. This is because the accuracy is handled as a 
separate objective from the interpretability in multiobjective 
fuzzy rule-based classifier design. However, the accuracy of 
the winner rule seems to be an important factor related to the 
explanation ability of fuzzy rule-based classifiers.  

Let us consider the following fuzzy rule-based classifier 
with three rules for our three-class test problem: 

S5: Fuzzy rule-based classifier with three fuzzy rules 
R123: If x1 is small then Class 1 with 1.0, 
R456: If x1 is medium then Class 2 with 1.0, 
R789: If x1 is large then Class 3 with 1.0. 

The classification boundaries by S5 are shown in Fig. 4. 
Several training patterns from Class 1 and Class 2 are 
misclassified while all the 20 patterns from Class 3 are 
correctly classified in Fig. 4. 

 
Class 1 Class 2 Class 3

small medium large

x10.0 1.0

don’t care

x
2

1.0
0.0

 
Fig. 4. Classification boundaries by S5. 

As in the previous two subsections, let us consider the 
classification of the input pattern x1 = (0.05, 0.05). This pattern 
is classified as Class 1 by the winner rule R123 in S5: 
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R123 in S5: If x1 is small then Class 1 with 1.0. 

This winner rule R123 has high compatibility with x1 = (0.05, 
0.05). This winner rule has also has high interpretability thanks 
to its simple antecedent condition. As a result, this winner rule 
is viewed as having high explanation ability with respect to the 
compatibility and the interpretability. However, we do not 
think that the winner rule R123 explains the classification result 
of x1  in a convincing manner. The winner rule R123 classifies 
x1 = (0.05, 0.05) as Class 1. However, this classification result 
is not likely to be correct in Fig. 4 because many training 
patterns close to x1  in Fig. 4 are from Class 2. That is, we may 
think that the explanation ability of R123 is low since the 
accuracy of R123 is low. 

From these discussions, we can see that the accuracy of the 
winner rule is related to the explanation ability of a fuzzy rule-
based classifier. The average accuracy of the winner rule Rw(xp) 
can be defined over the pattern set DTest as follows: 

    
||

)(

),(
Test

Test
)(

Test D

RAccuracy

DSAccuracy
Dp

pw
x

x

.        (16) 

In (16), the problem is the definition of the accuracy of 
each fuzzy rule. One candidate definition is as follows: 

q

q
q R

R
RAccuracy

by  classified patterns ofNumber 
by  classifiedcorrectly  patterns ofNumber 

)( . 

  (17) 

Let us assume that a single fuzzy rule correctly classifies 18 
out of 20 patterns for which it is selected as the winner rule. 
The accuracy of this rule is calculated as 18/20 (i.e., 0.9) in 
(17). This accuracy is summed up 20 times in the numerator of 
(16), which is calculated as 18 (i.e., the same as the number of 
correctly classified patterns by this fuzzy rule). From this 
discussion, we can see that (16) is the same as the classification 
rate when we use (17) as the accuracy of each fuzzy rule: 

),( TestDSAccuracy  

             
||

by  classifiedcorrectly  patterns ofNumber 

TestD
S .   (18) 

In this definition based on (16) and (17), the accuracy of the 
fuzzy rule-based classifier S is directly used as a factor related 
to its explanation ability.  

The accuracy of the fuzzy rule Rq can be also defined as 

 

Test

)(Test

)(

)( 

)(

Dp
pq

qCDp
pq

qRAccuracy

x
A

x
A

x

x

,             (19) 

where DTest(Cq) is the set of patterns in DTest from Class Cq (i.e., 
the same class as the consequent class of the fuzzy rule Rq). In 
the field of fuzzy data mining [29]-[32], the accuracy in (19) is 
referred to as the confidence of the fuzzy rule Rq.  

In (19), it is possible to use the training data rather than the 

test data. In data mining, the confidence is usually defined 
using the training data. If we use the 60 patterns in Fig. 4 as the 
data set DTest in (19), the accuracy (i.e., confidence) of each 
rule in S5 is calculated from (19) as follows: 

Accuracy(R123) = Confidence(R123) = 0.591, 
Accuracy(R456) = Confidence(R456) = 0.469, 
Accuracy(R789) = Confidence(R789) = 0.911. 

If we also use the 60 patterns in Fig. 4 as the data set DTest 
in (16), the accuracy measure of the fuzzy rule-based classifier 
S5 is calculated as follows: 

Accuracy(S5, DTest) = 0.657. 

For comparison, we calculate the accuracy measure for 
each of the other fuzzy rule-based classifiers S1, S2, S3 and S4 in 
the same manner as follows: 

Accuracy(S1, DTest) = 0.846, 
Accuracy(S2, DTest) = 0.848, 
Accuracy(S3, DTest) = 0.837, 
Accuracy(S4, DTest) = 0.784. 

We can see that S1, S2, S3 and S4 with no misclassified 
pattern have larger values of the accuracy measure than S5 with 
many misclassified patterns.  

E. Coverage of the Winner Rule for Each Input Pattern 
Roughly speaking, fuzzy rules with small covering regions 

in the pattern space tend to have high accuracy. Let us consider 
an extreme case where each fuzzy rule covers only a single 
pattern. In this extreme case, the accuracy of each fuzzy rule is 
always 1.0. However, such a fuzzy rule with a very small 
covering region may have small explanation ability. 

Let us consider the following two cases: 

Case 1: Most patterns are classified by a few winner rules. 
That is, many patterns share the same winner rule. 

Case 2: Each pattern is classified by a different winner rule. 
That is, each winner rule classifies only a single pattern. 

We think that Case 1 has higher explanation ability than 
Case 2. This is because human users do not have to examine 
many winner rules in Case 1.  

In fuzzy data mining, coverage is defined as follows: 
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where |DTest(Cq)| is the number of DTest from Class Cq.  

We can also define the coverage of Rq using the number of 
correctly classified patterns as  
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We can see that the coverage of a fuzzy rule in (21) is large 
when it correctly classifies many patterns (i.e., when it is 
selected as the winner rule for many patterns from its 
consequent class). The coverage in (20) has a similar meaning: 
The coverage of a fuzzy rule in (20) has a large value when it 
covers many patterns from its consequent class. 

The average value of coverage of the winner rule is 
calculated over the pattern set DTest as follows: 

||
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),(
Test

Test
)(

Test D

RCoverage

DSCoverage
Dp

pw
x

x

.     (22) 

If we use the 60 patterns in Fig. 4 as the pattern set DTest, 
the average value of coverage in (22) is calculated for each 
fuzzy rule-based classifier for the definition in (21) as follows: 

Coverage(S1, DTest) = 0.408, 
Coverage(S2, DTest) = 0.617, 
Coverage(S3, DTest) = 1.000, 
Coverage(S4, DTest) = 0.875, 
Coverage(S5, DTest) = 0.767. 

We can see that high coverage is obtained from fuzzy rule-
based classifiers with a small number of fuzzy rules (e.g., S3 
and S5 with three fuzzy rules, and S4 with four fuzzy rules). 
Since many patterns are misclassified by S5, its coverage by 
(21) is much smaller than S3 whereas they have the same 
number of fuzzy rules. 

If we use the definition of (20), the average value of 
coverage in (22) is calculated for each fuzzy rule-based 
classifier as follows: 

Coverage(S1, DTest) = 0.326, 
Coverage(S2, DTest) = 0.494, 
Coverage(S3, DTest) = 0.875, 
Coverage(S4, DTest) = 0.364, 
Coverage(S5, DTest) = 0.641. 

We can also see that high coverage is obtained from fuzzy 
rule-based classifiers with a small number of fuzzy rules (e.g., 
S3 and S5 with three fuzzy rules). Since many patterns are 
misclassified by S5, its coverage by (20) is much smaller than 
S3 whereas they have the same number of fuzzy rules. 

IV. CONCLUSIONS 
In this paper, first we defined the explanation ability as “the 

ability of a fuzzy rule-based classifier to explain why an input 
pattern is classified as a particular class in a convincing way.” 
Then we pointed out the following four factors related to the 
quantitative definition (i.e., mathematical formulation) of the 
explanation ability:  

(1) Compatibility of an input pattern with its winner rule 
(2) Interpretability of the winner rule 
(3) Accuracy of the winner rule 
(4) Coverage of the winner rule 

We discussed the formulation of each factor. It was clearly 
shown through the discussions on these four factors that the 
explanation ability of a fuzzy rule-based classifier is related to 
both its accuracy and its interpretability. Since we formulated 
each factor, we may be able to formulate the explanation ability 
by combining those formulations into a single overall measure. 
A discussion on how to combine them into a single overall 
measure is a future research issue. This issue does not exclude 
the possibility of combining the four factors into two measures 
with different characteristic features. 

We may need further discussions on each factor as well as 
the above-mentioned discussions on their integration. It may be 
interesting to examine relations among the four factors. We 
also need further discussions on the possibility of other factors 
that are related to the explanation ability. Moreover, it may be a 
promising research issue to use the explanation ability instead 
of or together with the interpretability in multiobjective fuzzy 
rule-based classifier design. In this case, both of the classifier-
level accuracy and the rule-level accuracy will be used to 
measure different aspects of fuzzy rule-based classifiers. 
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