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Abstract

With the economic impact of COVID-19 since 2020, conventional business marketing models have
been hit. E-commerce, represented by influencer marketing, has risen rapidly. As the main chan-
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nel of influencer marketing, e-commerce platform has become a medium for consumers to select
and evaluate e-commerce products. Therefore, consumer evaluation in e-commerce platform has
the value and potential of text mining. In this paper, the web crawler technology is used to crawl
49,700 tmall review data, 40,138 of which are valid data. TF-IDF algorithm is used to extract key
words in the review, Basic LDA model is used to extract attributes of the product review, and vari-
ational Bayesian inference is used to solve the model. Finally, naive Bayes was used to analyze the
emotional polarity of the comments, and the final conclusion was drawn: Consumers’ comments
on e-commerce products are from the perspectives of functionality and consumption rationality.
Theme 1, 3 and 4 show consumers’ tendency to attach importance to the intuitive feeling of using
e-commerce products, while theme 2 shows consumers’ tendency to attach importance to the
functionality of e-commerce products to solve actual needs. The positive, neutral and negative
sentiment scores of consumers to e-commerce products are 36%, 63% and 1%, respectively. In
general, consumers approve of e-commerce products.
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Figure 1. Word cloud figure
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Figure 2. Sentiment analysis results
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Figure 3. Conditional distribution bubble figure
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