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Abstract In order to fill the gap of the semantic representation and domain expansion on sentimental features,in this
paper,an extraction method of sentimental feature vector based on semantic similarity was proposed. First of all, the
Word2vec model is trained based on 250 thousand sogou news texts and 500 thousand micro-blog texts. Eighty senti-
mental words, which are obvious sentiment, rich content and diverse POS, are chosen as a set of seed words. Then, the
semantic similarity between the candidate sentimental words and the seed words are calculated based on their word vec-
tors. The sentimental words are mapped to the high dimensional vector space and the feature vector representation
(Senti2vec) is extracted. Senti2vec is applied into the similarity analysis of sentimental synonyms and antonyms, polarity
classification of sentimental words and sentimental text analysis. The experimental results show that Senti2vec can re-
present the meaning and sentiment of the sentimental words. Senti2vec is based on semantic similarity calculation from
large scale of data, which enables this method more adaptable into different domains.
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T 15 SRR AR AL , B 25 IR 4T iR) (R BE R R S X 1%
BRI, i TR SRR IS UE B B 1B BRARAE A B i 7 2L
P PR B Hh ) 15 B RN AE D B B IE . X LTI
JRRTA BT 0 B F AL A P [ S IR 43 25 O Bk Sen-
ti2vec YA BT = 4B RBCR B BAR FAA S s =
YR IR, X B W Senti2vec A B 4F b R 78 15 K. [RIE,
Senti2vec B8 T . Word2vec B8 FFIRCE:, A Senti2vec fig
SEPIE LFRR ., LREREH B Senti2vec BT 1T 15
PR AR BRI A RS

GERIE  ASCH X RO 1B BARE I B Rn, IR B
T SCAHARLBE 75 AL 1) B (Senti2veo) I . XFP T
HERlE T Word2vec BEAY 15 SCHLH N7 A 1 17 48 1 1% /8%
FIB B, K 7 )T B 5 2] T 4 . v s ], SR T AR
TETE Wz [ A B 25 [ A RERR . R, FIHREER D
B SO ARG BRI A R AE 1) B U FT B MR SE SR . 38
LRGSR 3T, WUE T TR 7k B AT A5 HE RN Senti2vec )
BRE. B AR A FiRE, WAl A F R
FreE S BOC AR E B R, £ T — SR T/
o K — R R ZREUR 4 , I A 4B A RHSEE R, VIR
T BEE LER , #E— R F Senti2vec HIATIR AT 1.
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