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Construction Method of Chinese Cross-Domain Sentiment Lexicon Based on Word Vector

Feng Chao, Liang Xun, Li Yaping, Zhou Xiaoping, Li Xiaofei
(School of Information, Renmin University of China, Beijing, 100872, China)

Abstract: Nowadays, sentiment analysis has become a hot research topic in the natural language process-
ing field. The automated and semi-supervised way of text sentiment analysis makes a high value on prac-
ticing and theory studies. The sentiment orientation algorithm based on sentiment lexicon is an important
approach in text sentiment analysis. Constructing a sentiment lexicon effectively is a basic task in the text
sentiment analysis. However, Chinese words are very ambiguous in different domains. Meanwhile, dif-
ferent areas of sentiment words also have the characteristic of specialized. To solve these problems, we
propose a semi-supervised sentiment orientation classification algorithm based on word vector similarity
(SO-WV). Experiments show that, the algorithm can classify the sentiment orientation of words effec-
tively. This algorithm has the versatility in different areas, and also offers professional and specialized
characteristics.

Key words: sentiment analysis; sentiment lexicon; word vector; cross-domain
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Tab.2 Accuracy of each domain under deferent training methods %
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YERE 200, 11 5 84.5 79. 4 79.7 84.4
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Tab.3 Evaluation of each domain sentiment lexicon %
IET 3R RE 4 Hil H fii At i
ZEA IEH R 84.7 88.9 82.9 84.5
NRENRGES 96.0 95.7 93.4 94. 2
6] 1E 7 81.9 86. 9 79.5 78.3
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Tab. 4 Representative sentiment words in each domain
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Tab.5 Number of sentiment words in test set 11
1% R K IR i HL At i
B I 401 334 646 580
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Tab. 6 Statistics results of different algorithms %
NRES N7 IR R FL fii At i

SO-WV 77.1 73.1 70. 3 86.7
EREHIR S SO-PMI 60. 3 50.6 59.3 81.2
LP 63.5 55.4 69.7 83.3
SO-WV 61.2 62.8 57.9 88.9
NRENRGES SO-PMI 87.1 34.4 82.9 99. 8
LP 67.6 64. 4 70.9 85.7
SO-WV 98. 8 92.2 90.9 85.5
U EMRES SO-PMI 23.7 81.0 19.8 1.8
LP 57.9 38.5 67.7 73.0
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