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The paper deals with the problem of automatic labeling output variables in Mamdani-type
fuzzy rules generated by using heuristic algorithms of possibilistic clustering. The labeling
problem in fuzzy clustering and basic concepts the heuristic approach to possibilistic
clustering are considered in brief. Labeling consequents procedure is proposed. Experimental
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Introduction

Fuzzy classifiers play an important
role in different data mining approaches.
Thus, the problem of generation of fuzzy
rules is one of more than important
problems in the development of fuzzy
classifiers.
There are a number of approaches to
learning fuzzy rules from data based on
techniques of evolutionary or neural
computation, mostly aiming at optimizing
parameters of fuzzy rules. From other
hand, fuzzy or possibilistic clustering
seems to be a very appealing method for
learning fuzzy rules since there is a close
and canonical connection between fuzzy
clusters and fuzzy rules. The fact was
shown in [1].
Let us consider in brief some basic
concepts. We assume that the training set
contains n data pairs. Each pair is made
of a m, -dimensional input-vector and a

¢ -dimensional output-vector. We assume
that the number of rules in the fuzzy
inference system rule base is c¢. So,
Mamdani and Assilian’s [2] fuzzy rule /
within the fuzzy inference system is
written as follows:

If 2" is B} and ...and 2™ is B"
; (1
then y, is Cl and...and y, is C!

where input variables £", ¢ =1,...,m, are
antecedents and output variables y,,
I=1,...,c are consequents of fuzzy rules,
B', t,efl,....m;} and C/, le{l,...,c} are
fuzzy sets that define an input and output
space partitioning. A fuzzy classifier which
is described by a set of fuzzy classification
rules with the form (1) is the multiple inputs,
multiple outputs system.

The principal idea of extracting fuzzy
classification rules based on fuzzy clustering
was outlined in [1] and the idea is the
following. Each fuzzy cluster is assumed to
be assigned to one class for classification
and the membership grades of the data to the
clusters determine the degree to which they
can be classified as a member of the
corresponding class. So, with a fuzzy cluster
that is assigned to the some class we can
associate a linguistic rule. The fuzzy cluster
is projected into each single dimension
leading to a fuzzy set on the real numbers.
An approximation of the fuzzy set by
projecting only the data set and computing
the convex hull of this projected fuzzy set or
approximating it by a trapezoidal or
triangular membership function is used for
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the fuzzy rules obtaining.

The idea of extracting fuzzy classification
rules based on possibilistic clustering [3]
is similar to the idea of deriving fuzzy
rules based on fuzzy clustering.

On the other hand, a heuristic approach to
possibilistic clustering was outlined in [4]
and the approach was developed in other
publications. Moreover, a method of the
rapid extracting fuzzy rules based on
results of the heuristic possibilistic
clustering of the training data set was also
proposed in [4] and the method is very
effective in comparison with the method
based on fuzzy clustering results. The
idea of deriving fuzzy classification rules
from the training data can be formulated
as follows: the training data set is divided
into homogeneous group and a fuzzy rule
is associated to each group.

However, names should be assigned to
each output variable y,, /=1,...,c. The

process of assigning names to output
variables is connected with the problem
of interpretation of classification results
and a labeling procedure in clustering.
The main goal of this paper is a
consideration of an approach to automatic
labeling consequents of fuzzy rules
generated by heuristic algorithms of
possibilistic clustering. The contents of
this paper is as follows: in the second
section a labeling problem in fuzzy
clustering is described, in the third
section basic concepts of the heuristic
approach to possibilistic clustering are
considered, in the fourth section a
labeling procedure for fuzzy rules
consequents is described, in the fifth a
numerical example of application of the
proposed procedure to fuzzy rules
generated from the Anderson’s Iris data
set are given, and some final remarks are
stated in the sixth section.

2. Related works

The most widespread approach in fuzzy
clustering is the optimization approach.
Most optimization fuzzy clustering
algorithms aim at minimizing an

objective function that evaluates the
partition of the data into a given number of
fuzzy clusters.

All  objective  function-based  fuzzy
clustering algorithms can in general be
divided into two types: object versus
relational.

The object data clustering methods can be
applied if the objects are represented as
points in some multidimensional space
I"™ (X). In other words, the data which is

composed of n objects and m, attributes is
denoted as X, =[%"],

sy i=1...,n,
t,=1,...,m; and the data are called

sometimes the two-way data [5]. Let
X ={x,,...x,} 1is the set of objects. So, the
two-way data matrix can be represented as
follows:

1 2 m

£ % ... &

£ % ...y
anm] =

S SRUUR
2 |
So, the two-way data matrix can be
represented as X =(z',...,2™) using n-
dimensional column vectors £,

t, =1,...,m;, composed of the elements of
the ¢, -th column of X .

The traditional optimization methods of
fuzzy clustering are based on the concept of
fuzzy c-partition [1]. The initial set
X ={x,,....,x,} of n objects represented by
the matrix of similarity coefficients, the
matrix of dissimilarity coefficients or the
matrix of object attributes, should be divided
into ¢ fuzzy clusters. Namely, the grade u,,
1<I/<c¢, 1<i<n to which an object x,
belongs to the fuzzy cluster 4’ should be
determined. For each object x,, i=1,...,n
the grades of membership should satisfy the
conditions of a fuzzy c -partition:

Su, =1, 1<i<n, 0<u, <1, 1<i<c. (3)
I=1
In other words, the family of fuzzy sets

P(X)={4"|l=1,c,c<n} is the fuzzy c-
partition of the initial set of objects
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X ={x,...,x,} if condition (3) is met.
Fuzzy c-partition P(X) may be
described with the aid of a partition
matrix P, =[u,], I=1,...,c, i=1,...,n.
The set of all fuzzy c -partitions will be
denoted by IT. So, the fuzzy problem
formulation in cluster analysis can be
defined as the optimization task

Q — extr under the constraints (3),
P(X)ell

where Q is a fuzzy objective function.
The best known optimization approach to
fuzzy clustering is the method of fuzzy
c-means [6]. The FCM-algorithm is
based on an iterative optimization of the
fuzzy objective function, which takes the
form:

QFCM(P:T)Ziiul};

I=1i=1
“4)
where u,, I=1,...,c, i=1,...,n is the

2

5

—1
-

membership degree, x,, ie{l,...,n} is the
data point, T={r',...,7°} is the set
fuzzy clusters prototypes, and y >1 is the
weighting exponent.

The purpose of the classification task is
to obtain the solutions P(X) and

1 c

7',...,7° which minimize equation (4).
Some other similar objective function-
based fuzzy clustering algorithms are
considered in [1], [5] and [6] in detail.

However, the condition of fuzzy c-
partition is very difficult from essential
positions. So, a possibilistic approach to
clustering was proposed by
Krishnapuram and Keller in [3] and
developed by other researchers. Major
algorithms of possibilistic clustering are
objective function-based procedures.

A concept of possibilistic partition is a
basis of possibilistic clustering methods
and membership values y,, [/=1...,c,
i=1,...,n can be interpreted as the values
of typicality degree. For each object x,,
i=L...,n the grades of membership

should satisfy the conditions of a
possibilistic partition:

li,u,i>0,0£,uhsl. (5)
=l

So, the family of fuzzy  sets
Y(X)={4'|l=1,c,c<n} is the possibilistic
partition of the initial set of objects
X ={x,,...,x,} 1if condition (5) is met.
Obviously that the conditions of the
possibilistic partition (5) are more flexible
than the conditions of the fuzzy c -partition
(3).

In order to be applying the found cluster
prototype as classifiers, they need to be
given reasonable names. One can then use
these names as column titles of the
membership matrix when using the recall
function of the FCM-algorithm. This helps
in the interpretation of the results.

The process of assigning class names to
cluster prototypes is called labeling. A
labeling method for the fuzzy c¢-means
method is to inspect the cluster prototypes
and their respective membership values of
the various attributes, and to assign a label
manually.

However, usually, it is already known when
training a classifier which objects belong to
which classes. This information can be taken
into account to use so as automatic the fuzzy
¢ -means labeling process. The
corresponding  labeling  procedure is
described in [7] in detail. The principal idea
of the procedure is to present a sample of
objects to the FCM-classifier whose class
membership are known in the hard form of 0
or 1 values and have also been calculated by
the procedure. By means of the given cluster
membership values for each fuzzy cluster
prototype, the fuzzy cluster prototypes can
be associated with their respective classes.
On the other hand, all objective function-
based fuzzy clustering algorithms are
iterative procedures and the initial fuzzy c -
partition P(X) is initialized randomly. So,
coordinates of fuzzy clusters prototypes and
values of membership functions will be
different in each experiment for the same
data set, because the result of classification
1S sensitive to initialization. Moreover,
major objective function-based fuzzy
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clustering algorithms are need for using
some validity measures [1] for
determining the most “plausible” number
¢ of fuzzy clusters in the sought fuzzy
¢ -partition P(X). So, a problem of rapid
automatic labeling is arises.

The effective labeling procedure for
heuristic  algorithms of possibilistic
clustering was proposed in [8] and the
procedure is the basis of the labelling
procedure for consequents of derived
fuzzy rules. However, basic definitions of
the heuristic approach to possibilistic
clustering should be considered in the
first place.

3. Basic concepts of the heuristic
approach to possibilistic clustering

Let us remind the basic concepts of the
heuristic  method of  possibilistic
clustering [4]. Let X ={x,,..,x,} be the

initial set of elements and
T:XxX —[0,1] some fuzzy tolerance on

X with  u;(x,x;)€[0]1], Vx,x; eX
being its membership function. Let o be

the «-level value of the fuzzy tolerance
T, ae(0,1]. Columns or rows of the

fuzzy tolerance matrix are fuzzy sets
{4',.., 4"} on the universal set X . Let

A", 1e{l,...,n} be afuzzy set on X with
#, (x;) €[0.1], Vx, e X being its
membership function. The «-level fuzzy
set A(la) = {(xi,,uA, (x;))] Iy (x;)=a,x; € X}
is fuzzy o-cluster. So, A4, c4d,
ae(0]1], A'e{d',...,A"} and 1 (x;) is

the membership degree of the element

x;eX for some fuzzy a-cluster 4,

ae(0,1], lefl,...,n}. The membership
degree will be denoted g, in further
considerations. The membership degree
of the element x; € X for some fuzzy a-
cluster 4,,, ae(0,], /e{l,...,n} can be
defined as a

(6)

Ky

ﬂAI (xi)’ X; € A(i
0, otherwise ’

where 4! ={x e X| 1a(x)zat, ae(0.]l] is
the a-level of a fuzzy set 4' and the «-
level is the support of the fuzzy a -cluster
Ay, Ay =Supp(4,) . The value of a is the
tolerance threshold of fuzzy o -cluster
elements.

Let {4,.....4},} be the family of fuzzy a-
clusters for some a. The point 7’ € 4., for
which

th =argmax u,, , Vx, € 4.,

(7)

is called a typical point of the fuzzy a-
cluster 4., aec(0l], le[Ln]. A set
K(A(la)) = {rf,...,r‘],‘} of typical points of the
fuzzy cluster 4, is a kernel of the fuzzy
cluster and card(K(A(’a)))z 1| is a cardinality
of the kernel. If the fuzzy cluster have an
unique typical point, then |/ =1.

Let R!(X)={A4, |l=1c,2<c<n} be a
family of fuzzy « -clusters for some value of
tolerance threshold «, which are generated

by a fuzzy tolerance 7 on the initial set of
elements X = {x,,...,x,}. If condition

D >0, Vx, e X,

=1

(8)

is met for all 4,, I=Ic, c<n, then the
family is the allotment of elements of the set
X ={x,...,x,} among fuzzy a-clusters
{A(yy,1=1,¢c,2<c<n} for some value of the
tolerance threshold . It should be noted

that several allotments R (X) can exist for

some tolerance threshold «. That is why
symbol z is the index of an allotment.

Obviously, the definition of the allotment
among fuzzy clusters (8) is similar to the
definition of the possibilistic partition (5).
So, the allotment among fuzzy clusters can
be considered as the possibilistic partition



Database Systems Journal vol. V, no. 3/2014

and fuzzy clusters in the sense of (6) are
elements of the possibilistic partition.
Allotment

R (X)={4(,|I1=1n,a €(0,1]} of the set

of objects among n fuzzy clusters for
some tolerance threshold « € (0,1] is the
initial allotment of the set X ={x,...,x,}.
In other words, if initial data are

represented by a matrix of some fuzzy T
then lines or columns of the matrix are

fuzzy sets A'c X, I=1,n and «-level
fuzzy sets 4, [=1c, ae(0]] are

fuzzy clusters. These fuzzy clusters
constitute an initial allotment for some
tolerance threshold « and they can be
considered as clustering components. If
some allotment
RS (X)={A, |l =1,c,c<n} corresponds

to the formulation of a concrete problem,
then this allotment is an adequate
allotment. In particular, if a condition

UAzIz =X,

I=1

)]

and a condition

card( Ay, ALY =0,V Ay, Al

2

l#m,ae(0,1]

(10)

are met for all fuzzy clusters 4,,, [=1,c

of some allotment
RS (X)={4, |I=1,c,c<n} for a value
a €(0,1], then the allotment is the
allotment among fully separate fuzzy
clusters.

Fuzzy clusters in the sense of definition
(6) can have an intersection area. If the
intersection area of any pair of different
fuzzy clusters is an empty set, then
conditions (9) and (10) are met and fuzzy
clusters are called fully separate fuzzy
clusters. Otherwise, fuzzy clusters are
called particularly separate fuzzy clusters
and we {0,...,n} is the maximum number
of elements in the intersection area of

different fuzzy clusters. For w=0 fuzzy
clusters are fully separate fuzzy clusters.

Thus, the conditions (9) and (10) can be
generalized for a case of particularly
separate fuzzy clusters. So, a condition
icard(Aé) > card(X),

I=1

VAL, € R%,(X), , (11)

a € (0,1], card (R (X)) =c

and a condition

card(AL, N AT)<w, VA(la), Ay ’ (12)
l#m,ae(0,1]

are generalizations of conditions (9) and
(10). Obviously, if w=0 in conditions (11)
and (12) then conditions (9) and (10) are
met. The adequate allotment R7.,(X) for

some value of tolerance threshold « € (0,1] is
a family of fuzzy clusters which are
elements of the initial allotment R;(X) for
the value of a and the family of fuzzy
clusters should satisfy the conditions (11)
and (12). So, the construction of adequate

allotments RS (X)={4, |/=1,c,c<n} for

every « is a trivial problem of
combinatorics.

Allotment Rf(X)={4/, |I=1,c} of the set
of objects among the minimal number c,
2<c<n of fully separate fuzzy clusters for
some tolerance threshold «e(0,1] is the
principal allotment of the set X = {x,,...,x,}.

Several adequate allotments can exist. Thus,
the problem consists in the selection of the

unique adequate allotment R’ (X) from the
set B of  adequate allotments,
B ={R_,(X)}, which is the class of possible
solutions of the concrete classification
problem. The selection of the unique
adequate allotment R’(X) from the set

a)‘

B={R}_(X)} of adequate allotments must

be made on the basis of evaluation of
allotments. In particular, the criterion

. C 1y
F(Rc(z)(X):a)ZZ*Zﬂli_a'ca

=1 By =1
(13)
where ¢ is the number of fuzzy clusters in
the allotment R (X) and n, =card(4)),

c(z
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Al

(@) € R (X) 1s the number of elements

in the support of the fuzzy cluster A([a) ,

can be used for evaluation of allotments.
Maximum of criterion (13) corresponds
to the best allotment of objects among ¢
fuzzy clusters. So, the classification
problem can be characterized formally as

determination of the solution R (X)
satisfying
R;(X)=arg max F(RS,  (X),a),

R (e o(2)

(14)

The problem of cluster analysis can be
defined in general as the problem of
discovering the unique allotment R} (X),
resulting from the classification process
and detection of fixed or unknown
number ¢ of fuzzy clusters can be
considered as the aim of classification.
Thus, the problem of cluster analysis can
be defined as the problem of discovering
the unique allotment R (X), resulting

from the classification process and
detection of fixed or unknown number ¢
of fuzzy a-clusters can be considered as
the aim of classification.

Direct heuristic algorithms of
possibilistic clustering can be divided
into two types: relational versus
prototype-based. A fuzzy tolerance
relation matrix is a matrix of the initial
data for the direct heuristic relational
algorithms of possibilistic clustering and
a matrix of attributes (2) is a matrix for
the prototype-based algorithms. In
particular, the group of direct relational
heuristic  algorithms of possibilistic
clustering includes

e D-AFC(c)-algorithm: wusing the
construction of the allotment among
given number ¢ of partially
separate fuzzy clusters;

e D-PAFC-algorithm: using the
construction of the principal
allotment among an unknown
minimal number of at least ¢ fully
separate fuzzy clusters;

e D-AFC-PS(c)-algorithm: wusing the
partially supervised construction of the
allotment among given number ¢ of
partially separate fuzzy clusters.

On the other hand, the family of direct
prototype-based heuristic algorithms of
possibilistic clustering includes

e D-AFC-TC-algorithm:  using  the
construction of the allotment among an
unknown number c¢ of fully separate
fuzzy clusters;

e D-PAFC-TC-algorithm: using the
construction of the principal allotment
among an unknown minimal number
of at least ¢ fully separate fuzzy
clusters;

e D-AFC-TC(a)-algorithm: using the
construction of the allotment among an
unknown number ¢ of fully separate
fuzzy clusters with respect to the
minimal value « of the tolerance
threshold.

It should be noted that these direct
prototype-based  heuristic  possibilistic
clustering algorithms are based on a
transitive closure of an initial fuzzy
tolerance relation.

On the other hand, a family of direct
prototype-based  heuristic  possibilistic
clustering algorithms based on a transitive
approximation of a fuzzy tolerance is
proposed in [9].

So, the matrix of memberships R} (X)=[g;],
the value o of the tolerance threshold and
the set of kernels {K(4,),....K(4,)} are

results of classification. The results will be
constant in each experiment for the same
data set, because the sought clustering

structure R (X) of the set of objects X is

based directly on the formal definition of
fuzzy cluster and the possibilistic
memberships are determined directly from
the values of the pairwise similarity of
objects.

The training data matrix (2) and clustering
results are a basis for constructing of
Mamdani-type fuzzy rules (1). The
corresponding methodology described in [4]
in detail.
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4. A labeling procedure for fuzzy rules
consequents

Fuzzy classifier can be generated directly
by some heuristic algorithm of
possibilistic clustering [4]. A fuzzy rule is
associated to each fuzzy o -cluster of the

obtained allotment, R(X). So, a number

of fuzzy rules is equal to a number of
fuzzy o -clusters and equal to a number
of output variables y,, /=1,...,c.

The results obtained from heuristic
algorithms of possibilistic clustering are
stable. The set of kernels

{K(Aly))s-.. K(A4,))} and the set of labels
{label 1,...,label ¢} are inputs for a
labeling procedure [8]. We assume that a
condition card(K (A(la)))zl is met for

each kernel K(4(,), /=Lc. In other

words, the set of typical points {z',...,7¢}
is given.

Each  output {Viseers o}
corresponds to a fuzzy o -cluster of the
obtained allotment, R.(X). There is a

two-step procedure which can Dbe
described as follows:

variable

1. Perform the following operations
for each typical point 7', /=1,c and
each label labelm, m=1,c:
1.1Let/:=1and m:=1;

1.2 Check the following condition:
if 7' corresponds to label m
then the label /abel m is the

label for the typical point 7' and
go to step 1.3 else m:=m+1 and

go to step 1.2;

1.3 Check the following condition:
if the typical point 7’ is labeled
then /:=/+1 and go to step 1.2
else go to step 1.4;

1.4 Check the following condition:
if all typical points 7', I=1,c
are labeled then go to step 2.

2. Perform the following operations for
each output variable y,, /=1,c and

each typical point 7', I =1,c:

2.1 Let [ :=1;

2.2 A label of typical point 7’
should be assigned to output
variable y,;

2.3 Check the following condition:
if a condition /< ¢ is met then
[:=1+1 and go to step 2.2 else
stop.

That is why the proposed labeling procedure
for consequents of fuzzy rules can be
considered as an extended version of the
procedure for labeling fuzzy « -clusters [8].

5. An illustrative example

The Anderson’s Iris database [10] is the
most known database to be found in the
pattern recognition literature. The data set
represents different categories of Iris plants
having four attribute values. The four
attribute values represent the sepal length,
sepal width, petal length and petal width
measured for 150 irises. It has three classes
Setosa, Versicolor and Virginica, with 50
samples per class. Examples of records in
the database are presented in Table 1.

Table 1. Examples of records in the Iris database

Numbers Attributes Labels of
of objects | Sepal length | Sepal width | Petal length | Petal width classes
18 5.1 3.3 1.7 0.5 SETOSA
48 5.5 2.6 4.4 1.2 VERSICOLOR
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108 5.6 2.8 4.9 2.0 VIRGINICA
The Anderson’s Iris data form the matrix The matrix of  fuzzy  tolerance
of attributes X, =[2"], i=1,...,150, T=[yr(x;,x;)]  was  obtained  after

t,=1,...,4, where the sepal length is
denoted by #', sepal width — by £*, petal
length — by £* and petal width — by #*.
The data was normalized as follows:

hn th
x! = .

" maxg]
(15)

So, each object can be considered as a
fuzzy  set X, i=1,...,150 and
X = p, (x") efo,1], i=1,..,150,
t,=1...,4, are their membership

functions. The matrix of coefficients of
pair wise dissimilarity between objects
I={u(x;,x)], i,j=1...,150 can be
obtained after application of some
distance to the matrix of normalized data

Xisoes =L, XM, 121,150, 1,=1,....4.

In particular, the normalized Euclidean
distance [11]

m

e(x,,%;) =\/12(ﬂx,- CORNED) 8

application of complement operation

pr(x;,x;) =1—p(x;,x;), (17)
to the matrix of fuzzy intolerance
I=[p;(x;,x;)], i,j=1,...,150 obtained from

previous operations. The labeled training
data is shown in Fig. 1.

By executing the D-AFC(c)-algorithm [4]
for ¢=3 using the normalized Euclidean
distance (16), we obtain that the typical

point of the first class 7' is the object x,;,

the typical point of the second class z° is the
object x5, and the typical point of the third

class 7’ is the object xo. The clustering

result is presented in Fig. 2. The set of labels
is {SETOSA, VERSICOLOR,
VIRGINICA} and these labels were
assigned to corresponding output variables.
The performance of the generated fuzzy
classifier is shown in Fig. 3 in which
[=1,...,3 is the number rule.

my y=1
(16)
was applied to the normalized data.
@ FIS Generator - B
File Exetute Tools Help
1 5 00000000 330000000 140000000 0.20000000 : SETOSA ~
2 64000000 280000000 550000000 220000000 : VIRGINICA
3 £.50000000 2.80000000 450000000 1.50000000 : VERSICOLOR
4 6.70000000 310000000 560000000 240000000 VIRGIMICA
5 6.30000000 2.80000000 5.10000000 1.50000000 : VIRGIMICA
] 460000000 340000000 1.40000000 030000000 © SETOSA
7 6.00000000 310000000 5.10000000 230000000 WIRGIMICA
& 6.20000000 2.20000000 4,50000000 1.50000000 VERSlCOLOl#
o 5.00000000 320000000 4. 80000000 1820000000 :  WERSICOLOR
10 460000000 3.60000000 1.00000000 0.20000000 : SETOSA
7 6.10000000 3.00000000 4 60000000 140000000 : WERSICOLOR
12 6.00000000 270000000 5.10000000 1.60000000 : WERSICOLOR
13 6.50000000 300000000 520000000 200000000 ¢ VIRGIMICA
14 5.60000000 2.50000000 3.90000000 110000000 : WERSICOLOR
15 6.50000000 300000000 550000000 180000000 VIRGIMICA
16 580000000 2.70000000 5.10000000 160000000 ¢ WIRGIMICA
17 E.80000000 320000000 500000000 230000000 WIRGIMICA
18 510000000 330000000 1.70000000 050000000 SETOSA
19 5.70000000 2.80000000 4.50000000 1.30000000 : WERSICOLOR
20 6.20000000 340000000 540000000 230000000 WIRGINICA
21 770000000 3.80000000 6.70000000 220000000 WIRGINICA w

Fig. 1. The training data set
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@

HS Generator

File Execute Tools Help

Values of density of fuzzy cluster

1 (23} 0.885T6438

2 (95} 085252312

3 (98} 0.89498002
Kemels of fuzzy clusters

1 (VIRGINICA) 1 [23]

2 [SETOSA} 1 [95]

3 (VERSICOLOR)  :[98]

The matrix of rnemberships

1 [C.00000000][0.98652300] [0.00000000]
2 [0.91430400][0.00000000] [0.00000000]
3 [C.00000000][0.00000000] [0.857423400]
4 [0.96887100][0.00000000] [0.00000000]

[VIRGINICA] 2, 4, 7, 6, 13, 15,16, 17, 20, 21,23, 24, 27, 32, 14, 35, 39, 41, 45, 46, 49, 52, 57, 62, 73, 74, 75, 77, B0, 91, 82, 33, 89, 102, 104, 108, 110, -
[SETOSA] 1, 6, 10, 18, 26, 31, 36, 37, 4D, 42, 44, 47, 50, 51, 53, 54, 55, 58, 50, 60, 63, 64, 67, 68, 71, 72, 78, 79, 87, 88, 01, 05, 86, 100, 101, 106, 107, 1
[VERSICOLOR] 2, 5,8, 11, 12, 14, 19, 22, 25, 25, 29, 30, 33, 38, 43, 48, 56, 61, 65, 66, 6, 70, 76, &4, 85, 86, 90, 92, 93, 04, 97, 98, 99, 103, 105, 109, 1°

SETOSA <SETOSA
WYIRGINICA <VIRGIMICA>
WYERSICOLOR «<VERSICOLOR>
WVIRGINICA <VIRGIMICA>

Fig. 2. The clustering result

Attripute = 5.1 Attribute? =3.3 Attriputed =1.7

Attribisted = 0.5

VIRGINICA =0.5 SETOSA=0913 VERSICOLOR=0.5

|

ISESERIN

4.1363 81807 1.9064 4.6339 0.883] 7.1807

0.0765,

25

Fig. 3. Performance of the fuzzy classifier which was generated from Anderson’s Iris data

So, the result of application the proposed
labeling  procedure seems to be
satisfactory.

6 Conclusions

The fast procedure for labeling
consequents of fuzzy rules generated by
using heuristic possibilistic clustering
results is proposed in the paper. Stability
of results of heuristic possibilistic
clustering is a basis of the developed
procedure. The proposed procedure can
be very useful in process of adding new
records to database. For the purpose, all
records in a database can be classified by
using heuristic possibilistic clustering and
fuzzy classifier can be generated on a
basis of clustering results. That is why
the corresponding label can be assigned
to a new record which added to the

database. These perspectives for
investigations are of great interest both from
the theoretical point of view and from the
practical one as well.
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