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Sentiment analysis of new energy vehicle users comments
based on BERT and VADER rules

CHENG Can, ZHAO Jinghua

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: With the increasing market share of new energy vehicles, it is very important to explore user needs and analyze
emotional tendencies from relevant user comments. However, comments in this field are complex and mixed, and commonly used
analysis methods are difficult to achieve multi —dimensional and deep level data mining, therefore difficult to extract their true
emotions. A sentiment analysis framework based on Transformer’s Bidirectional Encoder Representation from Transformers ( BERT)
and VADER rules is proposed to address the above issues. This framework uses the BERT model to classify and predict user
comment sentiment tendencies, VADER sentiment lexicon to score sentiment, and conducts comprehensive comparative analysis
based on the final score results. The proposed sentiment analysis framework has shown good sentiment analysis results on the
50 520 user comment datasets crawled from " Auto home" and " Aika Auto Network". It can accurately identify user emotions and
reflect the differentiation between different new energy vehicle brands. The research could provide relevant suggestions and reference
value for enterprise product improvement and innovation, as well as for user product selection.
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Fig. 1 Text sentiment analysis framework based on BERT and VADER rules
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Table 1 Statistical table of user comment word frequency
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Fig. 6 Cloud chart of user comment words
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Fig. 8 Ranking chart of emotional scores for each brand dimension
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