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Data Name #Classes |R| #Attributes Missing CORE ROCK KModes

Voting 2 435 16 Yes
0.86
|O| = 3

0.87(θ = 0.73)
|O| = 63 0.85

mushroom 2 8124 22 Yes 0.87∗ 0.62(θ = 0.55)
|C| = 5 0.58

TAE 3 151 5 No 0.46∗ 0.21(θ = 0.4)
|O| = 2 0.35

Zoo 7 101 16 No 0.75
0.77(θ = 0.8)
|O| = 10 0.75

Breast-Cancer 2 286 9 Yes 0.58∗ 0.41(θ = 0.5)
|O| = 1 0.51

Lymphography 4 148 18 No 0.42∗ 0.37(θ = 0.6)
|O| = 11 0.34

Table 3: The experimental results on publc domain real data.

5 Conclusion
In this paper, we proposed a high-quality algorithm,
called CORE, for clustering categorical data. Specifi-
cally, in view of the phenomena from the observation of
clustering categorical data, algorithm CORE is devised
based on the proposed correlated-force ensemble tech-
nique. Many miscellaneous issues are also discussed to
strengthen the practicability of algorithm CORE. As a
result, the experiments show the outperformance of al-
gorithm CORE in variant real datasets.
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