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Document Classification Method Based on Word2vec

CHEN Jie, CHEN Cai, LIANG Yi
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: The feature extraction and the vector representation are the key points in document classification. In this paper,
we propose a classification method based on word2vec for the two key points. This method builds the bag of feature
words by Document Frequency (DF) to retain the important feature of the document as much as possible. It takes
advantage of the Latent Semantic Analysis of word2vec thus to reduce the size of bag of feature words and the dimension
of document vector effectively, which replaces the semantically relevant words with the product ofa topic word and
proper parameters. Besides, it also gives each feature word the optimal weight by combining with the TF-IDF algorithm.
Finally, compared with two other document classification methods\, the method i)resented in this paper has made some
significant progress, and the experimental result has proved ‘its effectiveness.
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HE  84.05 81.70 8286  90.55  83.48  86.87
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W% 8034 8349  81.88  90.45 80.48  85.17

IT 84.53 7486 7940 8239  87.08  84.67
fEE 8346 7883  81.08  81.13 84.51 82.79
®E 7664 8291 79.65 86.08  87.91 86.99
iR 86.58  79.80  83.05 84.81 87.64  86.20
BE 7976 7854  719.15 89.76  79.31 84.21
FHIE 8395 7923 8152 8850  83.88  86.13
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MF 2. 3 e I LLE , HER KR,
RSB H ISCR 53 3T 8 74 I8 6, RSO [6) 7 1
SNE AR T 6.82%, BOCHER[T]H 4> 2K AR
T 4.15%; TEHER R _E, BeSCIRI6] 5 KT IR
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