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Abstract To achieve a massive domain corpus oriented subject thesaurus,a method based on feature matrix which is set
up by computing words co-occurrence was proposed. By operating on this feature matrix, words are divided into clus-

ters.and central word for each words cluster is calculated. Lexical bundles are finally gained by re-organizing words

clusters using central word as a core. The experiment indicates that the proposed method can achieve good precision rate
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and recall rate.
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