B E %%\m it B #l ® F Vol. 43 No. 6A
2016 F 6 Computer Science June 2016
BT 0 BRI B R KA R

word2vec ™ SVMperf

KEE BB FEE
CTLRHE A ZEBNFETRER FRE 050019

i E FAEKEMNSEINSERYRLERFE LA TEESE EHEEET wordzvee M SVMper!
BHIR 5B wordivee W% BB H &7 EMR G R 85Tt 8 H 2 6 002 %E R AGA R S AiE B
FE A BT ERRESRNEAS AT RS SRR, BEA wordzvec IS HABNENBEEET R
RRERSAHFE e NELEEOREFREEELE FRSENS, B EHAHHEHRE 0SB
B syMperf BT IGMBN ATMEELANERSE THERESR RHAMESRELF A AARTT %
EEBREENREEBTUFRBSRITFONR

X BEA R, word2vee, SVMperf, BMXAFIE pCA

FEZETES Tpn MEIRIRE A

Research of Chinese Comments Sentiment Classilication Based on Word2vec and SVMperl

ZHANG Dong-wen  YANG Pengfer XU Yurrfeng

( School of Information Science and Engineering, Hebei University of Science and Technology ,Shijiazhuang 050018, China}
Abstract In this paper.we used the machine learning method to classify the sentiment classification of Chinese product
reviews, The method combines SVMperf and word2vec, Word2vece trains out each word of the corpus of word vectors,
By computing the cosine distance between each other,a similar concept word clustering is achieved, and with similar fea-
ture clustering , the vocabulary of the high similarity in the field is expanded to sentiment lexicon. The high dimensional
representation of the word vector is trained out using word2vec, PCA principal component analysis method is used to re-
duce the dimension of the high dimensional vector,and the feature vector 1s formed, We used two different method to
extract the effective affective feature, which i1s trained and predicted by SVMperf.so as to complete the sentiment classi-

fication of the text, The experimental results show that the method can obtain good results,regardless using the similar

concept clustering method to expand the task or complete the emotional classification task,
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