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A Fuzzy Clustering Algorithm for Clustering Categorical Data
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Abstract

‘n this paper, the conventional k-modes and fuzzy k-modes algorithms for clustering categorical data is extended by
representing the clusters of categorical data with fuzzy centroids instead of the hard-type centroids used in the
original algorithm. The hard-type centroids of the traditional algorithms had difficulties in dealing with ambiguous
houndary data, which might be misclassified and lead to thelocal optima. Use of fuzzy centroids makes it possible to
‘ully exploit the power of fuzzy sets in representing the uncertainty in the classification of categorical data. The
distance measure between data and fuzzy centroids is more precise and effective than those of the k-modes and fuzzy
<-modes. To test the proposed approach, the proposed algorithm and two conventional algorithms were used to cluster
“hree categorical data sets. The proposed method was found to give markedly better clustering results.
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Table 1. Average clustering accuracy achieved by three
clustering methods for the SOYBEAN set
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11 0.772 0.893
1.2 0.766 0.920
1.3 0.733 0.946
14 0.740 0.967
15 0.713 0.972
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1.7 0.694 0.964
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19 0.703 0.958
20 0.690 0.900
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Table 2. Average clustering accuracy achieved by three
clustering methods for the CREDIT and ZOO data sets

Data set K-modes Fuzzy k-modes Proposed
CREDIT 0.658 0.744 0.800
Z00 0.602 0.642 0.751
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Table 3. Distance measure between boundary data and cluster centroids, and the class no. of
the assigned cluster and true cluster.

Distance to Centroids

Methods Data V1 v V3 va C:;SSEZI;IS&O' ;Ii:;:
K-modes X3 (%) 6 15 4 12 3 1
X23() 10 16 12 7 4 3
X25(%) 11 16 9 7 4 3
X29(x) 13 15 12 9 4 3
Fuzzy k-modes X3 6 15 6 12 1 1
X23(x*) 10 16 11 10 1 3
X25 11 16 9 9 3 3
X29(*) 10 17 11 7 4 3
Proposed X3 6.86 1294 11.43 11.43 1 1
X23 10.70 1527 8.32 8.36 3 3
X25 9.99 14.34 7.64 767 3 3
X29 1131 1525 1013 10.17 3 3

5 4= for clustering large data sets with categorical
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