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Improving Performance of Similarity-Based
Clustering by Feature Weight Learning
D.S. Yeung, Senior Member, IEEE, and
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AbstractÐSimilarity-based clustering is a simple but powerful technique which
usually results in a clustering graph for a partitioning of threshold values in the unit
interval. The guiding principle of similarity-based clustering is ªsimilar objects are
grouped in the same cluster.º To judge whether two objects are similar, a similarity
measure must be given in advance. The similarity measure presented in this paper
is determined in terms of the weighted distance between the features of the
objects. Thus, the clustering graph and its performance (which is described by
several evaluation indices defined in this paper) will depend on the feature
weights. This paper shows that, by using gradient descent technique to learn the
feature weights, the clustering performance can be significantly improved. It is also
shown that our method helps to reduce the uncertainty (fuzziness and
nonspecificity) of the similarity matrix. This enhances the quality of the similaritybased decision making.
Index TermsÐClustering, similarity-based clustering, transitive closure, fuzziness
and nonspecificity, gradient-descent technique.
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INTRODUCTION

CLUSTERING aims to determine a partition over a given set of
objects. Among the existing clustering methodologies, the similarity-based clustering is a simple but powerful one.The guiding
principle of similarity-based clustering is ªsimilar objects are
within the same cluster and dissimilar objects are in different
clusters,º and a similarity measure must be defined to compute the
degree of similarity between two objects. Two objects are
considered to be similar or dissimilar based on this degree.
Obviously the boundary between the two terms, similar and
dissimilar, is not crisp. Thus, similarity-based clustering is a type
of fuzzy clustering though the generated partitions are considered
crisp.
Roughly speaking, there are two types of fuzzy clustering. One is
to generate a fuzzy partition on the set of objects (there is no crisp
boundary among the clusters), whereas the other is to generate a set
of crisp partitions such as the one generated by similarity-based
clustering which was introduced, for instance, in [5], [16]. For the
former, much research works have been done [1], [3], [13].
Comparatively speaking, the research on the latter is much less.
However, many interesting applications of similarity-based clustering had been reported. This paper makes an attempt to improve the
performance of the existing similarity-based clustering techniques
via feature weight learning. More specifically, one objective is to
obtain a reasonable similarity matrix with better clustering
performance by learning the feature weights. Another objective is
to reduce the uncertainty (fuzziness and nonspecificity) existing in
the clustering results and therefore enhance the quality of decision
making.
This paper has the following organization: Section 2 outlines the
methodology of clustering based on a similarity matrix and its
. D.S. Yeung is with the Department of Computing, Hong Kong Polytechnic
University, Kowloon, Hong Kong. E-mail: csxzwang@comp.polyu.edu.hk.
. X.Z. Wang is with the School of Mathematics and Computer Science, Hebei
University, Baoding, Hebei, China. E-mail: csxzwang@comp.polyu.edu.hk.
Manuscript received 25 Oct. 2000; revised 04 Feb. 2001; accepted 21 June
2001.
Recommended for acceptance by P. Meer.
For information on obtaining reprints of this article, please send e-mail to:
tpami@computer.org, and reference IEEECS Log Number 113043.
0162-8828/02/$17.00 ß 2002 IEEE

VOL. 24,

NO. 4,

APRIL 2002

transitive closure. Section 3 discusses the feature weight learning
where the gradient descent technique is used to minimize an
objective function. Section 4 gives some indices such as intrasimilarity and intersimilarity for evaluating the quality of a clustering
performance. Section 5 reports experimental results on databases
selected from UCI machine learning repository [14] and makes a
brief comparison with k-means. The conclusion of this paper is
given in the last section.

2

CLUSTERING BASED ON A SIMILARITY MATRIX

Clustering based on a similarity matrix is a popular and practical
technique which usually performs by means of transforming the
similarity matrix into its transitive closure [5]. We briefly describe
this technique as follows:
Let CL denote a set of objects for clustering and  a similarity
measure defined on CL. Specifically, if CL  fe1 ; e2 ;    ; eN g, then
a matrix S  sij NN can be defined by sji   ei ; ej .
The similarity matrix S  sij NN is reflexive (sji  0 and sji  1
if i  j) and symmetric sif  sji , but does not necessarily satisfy
the fuzzy transitive condition sij  _k sik ^ sjk , where _, ^ stand
for max and min , respectively. Usually we consider that one object is
similar to another object if and only if the degree of similarity is
greater than or equal to a predefined threshold . In this way, the
transitive condition states that, for any three objects i, j, and k, if
object i is similar to object k sik   and object k is similar to object
j skj   then object i is similar to object j sij  . Since the
transitive condition is indispensable for clustering, the similarity
matrix is always transformed into its Transitive Closure (denoted by
T C S  tij NN . T C S is defined as a minimal reflexive,
symmetric, and transitive matrix. Usually, T C S is obtained by
searching for an integer k such that, S k is transitive.
According to the transitive closure T C S  tij NN , the N
objects fe1 ; e2 ;    ; eN g can be categorized into several clusters in
terms of the criterion ªei and ej belong to the same cluster if
tij  ,º where is a given threshold.
We now focus on the generation of a similarity matrix. Suppose
that each object is identified by a collection of features
fFj j  1;    ; mg. Then, for i  1; 2    ; N; ei  xi1 ; xi2 ;    ; xim ,
where xij corresponds to the value of the feature Fj 1  j  m.
One may find many approaches to determine the similarity
measure between two objects in terms of their feature values such
as Euclidean distance, relational coefficients, cosine of angle
between two vectors, etc. But, in this paper, we will consider
the similarity measure associated with a weighted distance dpqw
which is defined as
dpqw

d

w

ep ; eq 
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X
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where w  w1; w2;    ; wm  is called the feature weight vector. For
each j, wj is nonnegative and is assigned to the jth feature Fj to
indicate the importance of that feature. It is noted that the distance
defined by (1) is just the usual Euclidean metric while all weights
are equal to 1. Thus, the weighted distance defined in (1) is a
generalization of the Euclidean distance. The similarity measure is
then defined by the following equation:
pqw 

1
1
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where
is a positive parameter determined by solving the
following (2a)
X
2
 1  0:5;
N N 1 q>p pq

2a
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Fig. 1. Dynamic clustering graph 1 with five layers.

where N is the number of objects, pq1 is the value of pqw at
w  1; 1;    ; 1. The aim of determining
in this way is to
uniformly distribute all similarity values around the value 0:5. In
other words, since similarity values are user-defined, we expect
that they can uniformly distribute around 0:5 when no additional
information on estimating these similarity degrees is available.
Example 1. Consider five objects
e1
e3
e3
e4
e5

4:8; 5:0; 3:0; 2:0;
2:0; 3:0; 4:0; 5:0;
5:0; 5:0; 2:0; 3:0;
1:0; 5:0; 3:0; 1:0; and
1:0; 4:9; 5:0; 1:0:

The formula specified by (2) (where all feature weights are
considered to be 1 and the parameter
is taken to be 0:26
according to the selection criterion (2a)) is used to compute
the similarity matrix S. It is easy to check that the similarity
matrix does not satisfy the fuzzy transitive condition. Its
transitive closure T C S can be obtained by computing S 4 .
1
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Based on this transitive closure, a dynamic clustering graph
(Fig. 1) can be constructed when the threshold changes from 1
to 0. From Fig. 1, one can easily see that the partition varies with
the change of the threshold . For example the partition
contains three clusters when 2 0:49; 0:66 and four clusters
when 2 0:66; 0:73. One may observe that it is difficult to
make a crisp decision for selecting a specified partition since
most of the nondiagonal elements of the similarity matrix or its
transitive closure are close to 0:5, which is considered to be the
most fuzzy value.

3

LEARNING FEATURE WEIGHTS

The last section shows that the similarity-based clustering result is
a dynamic clustering graph with the change of the threshold, i.e., a
set of crisp partitions. According to the guiding principle of
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similarity-based clustering, the degree of similarity between
objects can be regarded as the degree to which the two objects
belong to the same cluster. It is difficult to say that two objects
definitely belong to the same cluster except when they are
identical. One reason is that two objects may belong to the same
cluster for a given threshold and they could possibly belong to
different clusters for another given threshold. This indicates that
uncertainty exists when judging whether two objects belong to the
same cluster. This uncertainty results from the fuzziness of the
similarity matrix. The bigger the fuzziness of the similarity matrix
is, the more difficult it is to determine the clustering. Feature
weight is an important concept which has been successfully
applied to fuzzy production rules [15]. Noting that the similarity
matrix depends on the feature weight, it is possible to reduce its
fuzziness by adjusting the values of the feature weights. This
would improve the decision making performance.
For the purpose of reducing fuzziness of the similarity matrix,
we consider the minimization of the following evaluation
function [2]:
E w 


X1
2
pqw 1
N N 1 q<p 2



pq1  pq1 1

pqw



3

in which N is the number of objects in a partition, w 
w1 ; w2 ;    ; wn  represents the feature weight vector, pqw specified
by (2) is the similarity between objects ep and eq , and pq1 is defined
in (2a).
This evaluation function E w, which was formulated in [2], is
constructed based on a simple function f x; y  x 1 y  y 1
x 1  x; y  1.
@f
Noting that @f
2y; @f
@x  1
@x > 0 if y < 0:5; @x < 0 if y > 0:5, we
have from (3) the following equality:
Lim w !0; 1 <0:5 or  w !1; 1 >0:5 E w  min E w:
pq

pq

pq

pq

3a

Assuming all feature weights be equal to 1, we can compute the
similarity between two objects by (2), which can be regarded as the
ªold similarity.º If one allows the feature weights to vary in the
interval 0; 1, then the similarity computed by (2) may be viewed
as the ªnew similarity,º which depends on the selection of the
feature weights. It is observed from (3a) that minimizing (3)
implies that the new similarity tends to 1 (0) if the old similarity is
greater (less) than 0:5. It is also true that by minimizing (3), one
could improve the intrasimilarity and intersimilarity (defined in
the next section). That is, the average similarity within the same
cluster will increase and the average similarity among diverse
clusters will decrease. Moreover, according to [4], the fuzziness of
the new similarity matrix S w can be defined as


F uzziness S w 

 

X
1
pqw log pqw  1 pqw log 1 pqw :
N N 1 q<p
From (3a), we know that minimizing E w possibly leads to
pqw ! 0 or 1. In either case, one can easily see that the fuzziness of
S w will be very small. Due to the reduction of fuzziness (i.e., since
the new similarity departs from 0.5 more than the old similarity),
the similarity matrix with feature weights offers a better decision
making capability for clustering results than the one without the
feature weights.
According to [6], fuzzy sets mainly have three semantics,
namely, similarity, preference, and uncertainty. Similarity is
exploited in clustering analysis and fuzzy control. Since the
similarity depends on the feature weights, the degree to which a
pair of objects belongs to the same model could be changed by
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adjusting (learning) the feature weights. We train the feature
weights by minimizing (3).
For training the feature weights, a three-layered neural network
([2]) can be designed. We omit the network figure and directly
establish the training equations. To minimize (3), the gradientdescent technique is used. We derive the training equations as
follows:
The change in wj , 4wj is computed as
4wj 



@E w
;
@wj

4

Fig. 2. Dynamic clustering graph 2 with four layers.
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for j  1;    ; n, where  is the learning rate. For the computation of
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@wj , the following expressions are used:
X
@E w
1

1
@wj
N N 1 q<p
@pqw
w
@dpq



1

@dpqw
 wj xpj
@wj



 @ w @d w
pq
pq
2  pq1 

;
w
@dpq @wj

5

;

6

xqj 2 =dpqw :

7

w
dpq 2

The learning rate  for each epoch is determined by
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Equation (8) aims to search for an appropriate step-length (since too
small an  leads to low computational efficiency but too big an 
usually results in divergence of the algorithm). This is a onedimensional search (E is considered as a function with respect to the
nonnegative variable ), therefore, many standard one-dimensional
search techniques such as Fibonacci method [12] can be used.
The training algorithm is described as follows:
Step 1. Determine the value of

according to (2a).

Step 2. Initialize wj with random values in 0; 1.
Step 3. Compute

@E w
@wj

for each j using (5), (6), and (7).

Step 4. Searching for  according to (8).
Step 5. Update wj with wj  4wj for each j if wj  4wj > 0.
Step 6. Repeat steps 3, 4, and 5 until convergence, i.e., until the value
of E becomes less than or equal to a given threshold, or until the
number of iterations exceeds a certain predefined number.
After training, the function E w should attain a local minimum.
We expect that, on average, the similarity values fpqw ; p 
1;    ; N; q < pg with trained weights are closer to 0 or 1 than that
without trained weights such as fpq1 ; p  1;    ; N; q < pg. That is,
we expect the fuzziness of the similarity matrix with trained weights
to be much smaller than the fuzziness of the similarity matrix
without weights.
Example 2. Consider the five objects in Example 1 again. We want to
learn the four corresponding feature weights such that the
evaluation function (3) attains a local minimum. The parameters
are taken to be 0.26 and all initial values of feature weights are
taken to be 1. After 1,000 epochs, the evaluation function
specified in (3) converges with the feature weight vector
w  3:8210; 8:1342; 0:0000; 0:0000. Using this vector and (1)
and (2), one can determine the similarity matrix S and its
transitive closure S 4 :
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Based on this transitive closure, a dynamic clustering graph (Fig. 2)
is formed when the threshold changes from 1 to 0. By comparing
the similarity matrices of Examples 1 and 2, it is found that the
degrees of similarity depart from 0.5 in Example 2 more than those
in Example 1. The decision making based on the similarity matrices
in Example 2 is easier than the case in Example 1 for clustering. For
Example 2, an intuitive decision of three clusters can be made, i.e.,
fe1 ; e3 g, fe4 ; e5 g, and fe2 g, corresponding to any threshold selected
in 0:21; 0:83. This intuitive decision will be validated according to
the evaluation indices defined in the next section.
It is worth noting that, as a result of the feature weight learning,
the last two feature weights vanish. In this situation, the feature
weight learning coincides with the feature selection in [2]. The
learned feature weight vector indicates that the first two features
are significant for clustering.

4

INDICES OF EVALUATION ON
A SIMILARITY MATRIX

CLUSTERING BASED ON

For a given similarity matrix, the clustering results based on its
transitive closure will be different with the change of the threshold
. All objects will constitute one cluster if is taken to be 0. While the
threshold changes from 0 to 1, the number of clusters generated in
the clustering will gradually increase from 1 to a maximum number.
Thus, a dynamic clustering graph is obtained (see Figs. 1 and 2). One
problem is the appropriate evaluation of the clustering graph. In
other words, if two dynamic clustering graphs are generated for a
given data set, which graph is relatively better? In what follows, we
suggest to use some evaluation indices to measure the performance
of the clustering. We expect that the learning of the feature weights
specified in the previous section will result in a better performance
of the clustering. However, due to the interaction among these
indexes, it is difficult to achieve the optimal values of all indices
simultaneously. Usually a trade-off must be made.
1.

Fuzziness of a similarity matrix. For a given similaritymatrix S  sij NN , the fuzziness of S is defined according to [4], i.e.,
F uzziness S 
X
1
sij log sij  1
N N 1 j<i

sij  log 1


sij 

9
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2.

3.

Reducing the fuzziness will make decision making easier.
This evaluation index is for a similarity matrix, i.e., for the
entire clustering graph.
The following evaluation indices 2, 3, 4, and 5 are
defined for a specified partition. While these indices are
needed for evaluating the entire clustering performance,
the simple average for different levels can be used.
Intrasimilarity. For a given cluster L, the intrasimilarity of
L is defined as the average similarity of all pairs in L. For a
clustering with m clusters fL1 ; L2 ;    ; Lm g corresponding
w
to a threshold , the intrasimilarity SMIntra  is defined
as the average of all its cluster intrasimilarities. It is clear
w
that the value of SMIntra is in 0; 1. The bigger the value of
w
SMIntra , the better the performance of clustering.
Intersimilarity. For a pair of clusters L1 and L2 , the
intersimilarity is defined as
w

SML1 ;L2 

X
1
 w ;
r 1  r 2 p2L ;q2L pq
1

2

where r1 and r2 are numbers of objects in L1 and L2 ,
respectively. For a clustering with m clusters
fL1 ; L2 ;    ; Lm g corresponding to a threshold , the
w
intersimilarity SMInter  is defined as the average of
all pairs of intersimilarities. Obviously, the value of
w
w
SMint er is in 0; 1. The smaller is the value of SMint er ,
the better is the performance of clustering.
Sometimes the clustering performance is evaluated in
terms of the
matrix sij mm which is
 intersimilarity

w
defined as SMLi ;Lj
.
4.

  Intrasimilarity

=Intersimilarity

:

10

When a crisp decision for the clustering result needs to be
made, we suggest considering the crisp partition corresponding to the optimal threshold.
Nonspecificity. Suppose that the clustering graph contains
m  1 partitions corresponding to m  1 thresholds
0 ; 1 ; 2    m with the order
0 < 1 < 2 <    < m.
We neglect the partition corresponding to 0 (because the
intersimilarity does not exist) and consider the remaining
m partitions. When a crisp decision for the clustering
graph is needed, one crisp partition will be selected from
the m partitions. The index 4 suggests using the maximum
ratio of intrasimilarity to intersimilarity to make the
selection. Obviously, the nonspecificity exists in the
selection process. We model the nonspecificity as follows:
Consider the vector

APRIL 2002

Ambig V  

m
X

i

i1 ln i;

11

i1

where 1 ; 2 ;    ; m  is the permutation of the normalized
possibility distribution R1 ; R2 ;    ; Rm , sorted such that,
i  i1 for i  1; 2;    ; m, and m1  0
In [10], this specificity is called U-uncertainty. It is
clear that the distribution 1; 0;    ; 0 has the minimum
nonspecificity 0, which means the first component can
be fully specified.
Example 3. Consider Examples 1 and 2. Based on the similarity
matrix and its transitive closure in Example 1 where no feature
weights are used, the values of the evaluation indices are
computed as follows: Optimal threshold: opt  1:0000; Corresponding partition: ffe1 g; fe2 g; fe3 g; fe4 g; fe5 gg; Intrasimilarity
= 1.0000; Intersimilarity = 0.5031; Ratio of intrasimilarity to
intersimilarity = 1.9876; Fuzziness = 0.3367; Nonspecificity =
1.4707.
Similarly, the values of those for Example 2 with the learned
feature weight vector
w  3:8210; 8:1342; 0:0000; 0:0000
are: Optimal threshold opt  0:8300; Corresponding partition:
ffe1 g; fe2 g; fe3 g; fe4 g; fe5 gg; Intrasimilarity = 0.8866; Intersimilarity = 0.1865; Ratio of intrasimilarity to intersimilarity = 4.7545;
Fuzziness = 0.2404; Nonspecificity = 0.8187.
By comparing these two results, one can see that the ratio of
intrasimilarity to intersimilarity of the first result is far less than
that of the second result and the first fuzziness (nonspecificity)
is bigger than the second one. It indicates that the second result
(with learned feature weights) is overall better than the first
result (without feature weights). In fact, the first result
corresponding to the threshold 1 makes no sense.

5

EXPERIMENTAL DEMONSTRATION

To further verify the advantages of clustering with feature weight
learning, we select eight databases. For these databases, the
performance based on the five evaluation indices defined in
Section 4 will be computed and compared.
The eight databases employed for experiments are obtained
from various sources. They are
1.
2.
3.
4.
5.
6.
7.
8.

Rice taste data [11],
Iris data [7],
Servo data [14],
Thyroid gland data [14],
BUPA liver disorders [14],
MPG data [14],
Boston Housing Data [14], and
Pima India diabetes data [14]; where Servo data have four
symbolic attributes.
Due to the symbolic attributes, we revise the distance formula
(1) as the following:

V  R1 ; R2 ;    ; Rm ;
where R1  R i = max1im R i  and R i  is defined
by (10). Referring to index 4, we can consider Rj as the

559

possibility with which the jth partition is selected as the
crisp decision 1  j  m. Thus, the vector V can be
considered as a possibility distribution. The nonspecificity
(or ambiguity) [8] is defined as

mm

Ratio of intrasimilarity to intersimilarity. According to (2)
and (3), the intrasimilarity and the intersimilarity are two
important indices to describe the quality of a partition. But,
in many practical problems, their optimal values, i.e., the
maximum intrasimilarity and the minimum intersimilarity,
are not achieved at the same partition. Thus, a trade-off
between them should be given to evaluate the overall
quality of the partition. It is suggested to use the ratio of
intrasimilarity to intersimilarity to evaluate the overall
similarity of a partition. The maximal threshold which
maximizes the ratio of intrasimilarity to intersimilarity is
called the optimal threshold and it is denoted by opt . More
specifically, the optimal threshold value opt is defined as
R opt   max0< < 1 R , where
R

5.
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TABLE 1
Clustering Performance on Several Data Sets

where j a; b  ja

bj if a and b are real and

1 if a 6 b
j a; b 
0 if a  b

if a and b are symbols.
Instead of using (1), one can use (1a) to derive a set of equations
similar to (2)-(14). For each selected database, the learning weight
procedure proposed in Section 3 can be used to obtain the values of
the feature weights. The learning rate  for each epoch is determined
by (8) and the well-known Fibonacci one dimensional search
technique is used [12]. Compared with the fixed learning rate, the
one-dimensional search for learning rate can expedite the convergence of the gradient-descent algorithm.
Using the Transitive Closure method of similarity-based
clustering, two clustering graphs for each selected database are
obtained, with the thresholds ranging from 0 to 1. One graph is
generated by using a similarity measure with feature weights and
the other is without feature weights (i.e., all weights are equal to 1).
For every graph of the given databases, we first count the number
of ªlayers,º i.e., the number of partitions and, then, compute the
values of evaluation indices given in Section 4. The results are
shown in Table 1 the nine indices shown in Table 1 are used to
evaluate the performance of a clustering graph. One can make the
following observations from Table 1.
1.

2.

The proposed feature weight leaning technique can result
in an improvement for almost all evaluation indices
individually, but not necessarily simultaneously. For
example, in the Bupa database, the intrasimilarity and
the intersimilarity may not be simultaneously improved
due to the interaction that exists between them.
Three important evaluation indices, i.e., the ratio of
intrasimilarity to intersimilarity, the fuzziness, and the

3.

4.

nonspecificity, are improved for all databases. That will
reduce or overcome the difficulties (which results from the
uncertainty of similarity-based clustering) in the decisionÐmaking for choosing a crisp partition.
The amount of improvement for these evaluation indices is
dependent on the specified database and the specified
features. For example, the improvement for the Iris
database is more significant than that for the Bupa
database. For all databases, the reduction of number of
clusters is significant.
Overall, Table 1 shows that the clustering graph after
feature weight learning is better than that before learning.
It verifies the validity and advantages of similarity-based
clustering with feature weight learning.

For the eight selected databases, Table 2 provides a brief
comparison between the similarity-based clustering and the
popular clustering algorithm k-means method [9]. Since k-means
method is a kind of distance-based clustering, it can also be
regarded as similarity-based clustering method according to (2). By
using the Euclidean distance and weighted distance in k-means,
we compare the three indices: intrasimilarity, intersimilarity, and
their ratio. The cluster number for the k-means method is specified
such that it corresponds to the similarity-based one. It is hard to
see from Table 2 which method has a better performance. But, one
thing is obvious: The learning weight indeed can improve the
performance of both Transitive Closure (similarity-based method)
and k-means (distance-based method). But, the improvement for
Transitive Closure seems to be more significant than for k-means.
It is necessary to discuss the complexity of the feature weight
learning algorithm since the performance improvement is at the
price of the learning weights. We first analyze the time complexity
for each epoch. One part is (5)-(7). We can estimate the times of
applications and divisions, which are O N 2 . The other part is the
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TABLE 2
A Brief Comparison between Transitive Closure Method and K-Means

; ; ; t represents (intrasimilarity, intersimilarity, maximum ration, and the running time [seconds]).

one-dimensional search indicated by (8). The search algorithm is
the Fibonacci method with the time complexity O N. Thus, the
time complexity for each epoch is O N 2 . The time complexity of
the entire learning algorithm depends on the convergence of the
algorithm. In fact, the learning algorithm we used is the traditional
gradient-descent method. Noting that the evaluation function (3) is
infinitely differentiable with respect to feature weights
w1 ; w2 ;    ; wn , the gradient-descent algorithm with learning rate
searched by Fibonacci method is convergent [12]. Our experiments
demonstrate this result. It is found in our experiments that the
convergence rate of the learning algorithm is very fast. Table 2
indicates the running time for each database.
One problem is the local minimum. The learning algorithm may
converge to a local, not the global minimum point. That is a
drawback but is unavoidable for any gradient-descent-like algorithm. It is worth pointing out that, even if the feature weight
learning algorithm converges to a local minimum point, performance improvements of clustering graphs can still be achieved.
These improvements have already been demonstrated in our
experiments.

6

CONCLUSIONS

When one uses the similarity-based clustering techniques such as
the Transitive Closure method to construct a clustering graph and
further to make a crisp decision for the clustering graph, it is often
mentioned that the graph performance is poor and has much
uncertainty (fuzziness and no-specificity). Hence, the decision
making based on the clustering graph is rather difficult. This
paper proposes that the clustering graph performance can be
improved by feature weight learning. The feature weight learning
results in a reduction of the uncertainty existing in the clustering
process and, therefore, makes the decision making for choosing a
crisp partition easier.
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