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Sentiment Classification of Network Reviews Combining Extended Dictionary and Self-supervised
Learning

JING Li,LI Man-man and HE Ting-ting

School of Computer and Information Engineering, Henan University of Economics and Law,Zhengzhou 450046 ,China

Abstract In the rapidly developing Internet era,sentiment analysis of online reviews plays an important role in analyzing public
opinion and monitoring e-commerce. Existing classification methods mainly include sentiment dictionary methods and machine
learning methods. The sentiment dictionary method relies too much on the sentiment words in the dictionary. The more complete
the sentiment dictionary,the more pronounced the sentiment tendency of online comments and the better classification effect. The
classification effect of comments is not good when the sentiment tendencies are not easy to distinguish. The machine learning
method is a supervised method.and its classification effect relies on a large number of pre-annotated corpora. Currently. the cor-
pus annotation is done manually,and the workload is extremely large. This paper combines characteristics of the two methods to
build a new sentiment classification model of network reviews. First, the sentiment dictionary is expanded based on the domain of
online reviews,and the sentiment value of each online comment is calculated according to the extended sentiment dictionary. Ac-
cording to the preset sentiment threshold,the comments with significant is sentiment tendencies and higher accuracy are selected
as the definite set.and the rest that are not easily distinguished are used as uncertain sets. The classification result of the definite
set is directly determined by the sentiment value. Second, according to the definite set from the sentiment dictionary method,a
classifier is trained through self-supervised learning,and the training data do not require manual annotation. Finally, the trained
classifier is used to classify the uncertain set again,and an improved algorithm is used to improve the classification result of the
uncertain set. Experiments show that,compared with the sentiment dictionary method and the machine learning method, the pro-
posed model achieves a better sentiment classification effect for the sentiment classification of hotel reviews and Jingdong re-
views.

Keywords Internet reviews, Sentiment classification, Word vectors, Sentiment dictionary, Machine learning
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Table 4 Results of different models on hotel reviews
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