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Opinion Word-pairs Collaborative Extraction Based on Dependency Relation Analysis

ZHAO Wei'? ,LIN Yu-ming' , WANG Chao-giang' and CAI Guo-yong'
1 Guangxi Key Laboratory of Trusted Software,Guilin University of Electronic Technology,Guilin, Guangxi 541004 , China

2 School of Data Science & Engineering,East China Normal University, Shanghai 200062, China

Abstract In the same category of commodities,opinion word-pairs usually have strong opinion dependence relation to the opinion
targets and the opinion words contained in them. Therefore,in the extraction process of opinion word-pairs,they can be extracted
by analyzing the opinion dependence relations among the words in the review sentences. Firstly,a dependency relation analysis
model is constructed to obtain the dependency relation information of each word in a review sentence,and the basic model is de-
fined as LSTM neural network. Secondly,it is assumed that one of the item that opinion word-pairs contained in review sentence
is known,and the known item is used as the model’s attention information,so that the model can focus on extracting the words of
phrases associated with the known item with strong opinion dependence from the review sentence as another unknown item in the
opinion word-pairs. Finally,the word-pairs with the highest score of the opinion dependence relation are output as the opinion
word-pairs. Then a compound model is designed to realize the mining of opinion word pairs without knowing the known items in
advance by combining the two models which contain the information of different known items in the opinion word-pairs.
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Table 1 Relevant information of Customer Review Dataset
Dataset Training Test Total
Apex 666 74 740
Canon 538 59 597
Nokia 492 54 546
Nikon 311 35 346
Creative 1544 172 1716
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Table 2 Experimental results of different methods

MAF A HKIEE  FASTR  Propdep CR_WP  CODA
P 0.68 0.87 0.86 0.85

Nikon R 0.79 0.82 0.84 0.75
Fi 0.73 0.84 0.85 0.79

P 0.71 0.83 0.84 0.85

Canon R 0.81 0. 80 0.82 0.84
F, 0.76 0.81 0.83 0.84

P 0.69 0.85 0.89 0.84

Nokia R 0.77 0.86 0.89 0.75
Fi  0.73 0.85 0.89 0.80

P 0.67 0.79 0.81 0.86

Creative R 0.79 0.81 0.80 0.81
F, 0.73 0. 80 0.81 0.84

P 0.70 0.89 0.92 0.87

Apex R 0.78 0.82 0.85 0.89
Fi 0.74 0.85 0.88 0.88
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Fig.4 Experimental results of ODA models with different structures
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