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Abstract This paper describes subspace clustering of categorical data for convergence and integration. Because
categorical data are not designed for dealing only with numerical data, The conventional evaluation measures
are more likely to have the limitations due to the absence of ordering and high dimensional data and scarcity
of frequency. Hence, conditional entropy measure is proposed to evaluate close approximation of cohesion
among attributes within each cluster. We propose a new objective function that is used to reflect the optimistic
clustering so that the within-cluster dispersion is minimized and the between-cluster separation is enhanced. We
performed experiments on five real-world datasets, comparing the performance of our algorithms with four
algorithms, using three evaluation metrics: accuracy, f-measure and adjusted Rand index. According to the
experiments, the proposed algorithm outperforms the algorithms that were considered int the evaluation,

regarding the considered metrics.
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(Table 1) Example of categorical data set
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(Table 2) Attributes’ Similarity by entropy

attributes a a a a a
a 0 0 0 0 0
a 1.386 0 0.562 0.693 0.562
a3 1.098 0 0 0.636 0
a 1.609 1.04 0.950 0 1.054
as 1.098 0 0 0.636 0
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Input: A set of objects U and k of clusters

Output: The objects in U/ with in & clusters

initialize the oldmodes as a kx| A-ary empty array:
randomly choose K distinct objects ;%5 ,...,Z;, from U

and assign [ ,%,,...,2;] to the kx| H-ary newmodes:
for { =1to k
for j=1tom
set all initial weights )\lj to 1/1Al;
11 ed

12 end
13 While oldmodes # newmodes

13 for i =1 to [Ul
15 for i =1to k

OO U WD —

16 get the dissimilarity between the 4th object and the /th mode

ig classify the 7th object into the cluster whose mode is closest to it;
end

19 end

20 forl=1t0k

find the mode z; of each cluster and assign to newmodes;
23 for 7=1tom

24 a, €A of the I -th cluster,

2 using CECI)(ay) ;

26 end

27 end

28 end

[Fig. 1] Conditional Entropy k—Modes Algorithm
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