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Chinese Web page feature extraction
by optimizing comprehensive heuristics based on GA
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Abstract ; Feature extraction is the basis of such technologies as information retrieval , text classification, text clus-
tering and automatic summarization. Aiming at the shortcomings of the traditional feature extraction methods which
make it difficult to test feature words comprehensively and effectively, this paper proposes a method for extracting
Chinese web page features by optimizing the comprehensive heuristic features based on GA. This proposed method
employs comprehensive heuristics of word frequency, word correlation, parts of speech (POS) and position features
to comprehensively test selected features and uses GA to optimize the weight of each heuristic parameter. The exper-
imental results of the different test sets show that the proposed method can effectively avoid the derivations of the
traditional extraction methods and obtain more representative features, and therefore it has a certain practical value.
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Fig.1 Flow of feature extraction in this paper
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