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Sentimental Analysis of Online Reviews of Egg Consumption
Based on DSLML

BAO Qianhui LI Jiali SHI Shuzhen DAI Yin LIU Xue
( College of Information and Electric Engineering, China Agricultural University, Betjing 100083, China)

Abstract. With the rapid development of information technology, packaging and logistics technology, the
range and scale of E-commerce products, including agricultural products, are getting larger and larger.
At the same time, the online shopping review data has grown exponentially. The online reviews has
become a hotspot. Taking JD’s E-commerce platform as an example, the online reviews were mined out
and the sentimental tendency of consumers about eggs consumption was analyzed deeply. The main
research contents included proposing a domain sentimental lexicon with machine learning ( DSLML)
classification method. The semantic orientation pointwise mutual information ( SO — PMI) method was
used to construct the domain sentimental lexicon, and then a machine learning model was selected as the
classifier to achieve the classification of sentimental orientation of online egg reviews. Then the LDA topic
model was constructed to mine out the positive and negative topics in egg reviews. The experimental
results showed that the DSLML classification model was improved in each indicator of text sentimental
tendency classification, compared with machine learning models and domain sentimental lexicon ( DSL)
alone. From the results of the theme mining, the quality of eggs and the packaging of goods were the two
aspects that consumers mostly concerned about. The conclusion of this research can provide data support
and theoretical support for egg E-commerce operators to improve business strategies and service quality.
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Fig.3 Schematic of LDA model
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Tab.4 Topic mining results of positive and negative comments on eggs %
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