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Simultaneous KeyWord Identification and
Clustering of text documents
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Objective function
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Lagrange FEZHUEDFIH (2)
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SKWIC vs. covariance matrix
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Fuzzy partition
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Cluster 1 Cluster 2 Cluster 3 Cluster 4

(business) (entertainment) (news) (sports)

class 1 45 2 3 0
class 2 9 31 4 6
class 3 1 1 47 1
class 4 0 0 4 46
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(k) wik) || V2ik) | wik) || Vaik) wik) | V4ik) wige)
0.028 | compam || 0.031 film|| 0.009] polic|| 0.021| game
0.0I5 | percent || 0.012 star || 0.008 | nation || 0.013 | season
0.010 share || 0.010 dai || 0.008 state || 0.012 open
0.010 expect || 0.010 | week || 0.008 | officaf 0.009 vork
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0.008 stock || 0.008 like || 0.007 kall | 0.008 run
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Mini Mini 20 newgroup
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K Means |0.797 0.771 0.865
SKWIC 0.790 0.750 0.866
Fuzzy C 0.766 0.751 0.907
Means
Fuzzy 0.757 0.740 0.868
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