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II. Text Feature
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Iv. Common Text Clustering

A. Hierarchical[1]
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Fig.2. a sample of hierarchical clustering
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B. K-Means [2]
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C. Self-Organizing Map (SOM)[3]
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D. Combine K-Means and SOM[4]
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Performance Hierarchical clustering

K-Means Self-Organization Maps

attribute value no requirement

numeric attribute

numeric attribute

shape arbitrary convex ?

measure any distance of normal space euclidean distance
granularity flexible k and initial point parameters

results optimization no optimization rebuild an optimization on optimization
initial condition no yes yes

termination condition not precise precise precise

adapt to dynamic data no yes yes

noise no influence in influence ?
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