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Abstract: In view of the pro he traditional review methods rely on the overall perception and are relatively

lagging behind, this paper ta let screen, a new short message expression, as the research object, and proposes to
use text mining and sentj is to further study the potential relationship between bullet screen and network public
opinion. Firstly, network crawdgr technology is used to collect the bulletin data of network public opinion. Secondly, Jieba
library is used to realize word segmentation, stop words and high frequency word statistics, and WordCloud library is
used to draw word cloud map to realize visualization. Finally, SnowNLP library is used to calculate the sentiment score of
the network public opinion bullet screen, and LDA (Latent Dirichlet Allocation) model is used to extract the keywords to
realize the sentiment classification and theme analysis of the network public opinion bullet screen. The experimental results
show that this method can show the sentiment tendency and focus of netizens in multiple dimensions, and it is an effective
supplement to traditional review text research.
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Fig.3 Crawler results show (partial)
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