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Abstract

The rapid development of the Internet has brought opportunities as well as challenges to major
e-commerce platforms and manufacturers. While users are shopping on the Internet, they gener-
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ate a large amount of comment data, and these comment texts contain many valuable potential
information. Therefore, through the analysis of commodity comment information, enterprises can
not only grasp more specific details of their own products and services, but also further analyze
users’ consumption behavior, discover users’ demand preferences in essence, and promote enter-
prises to implement scientific management decisions. The research object of this paper is notebook
computer. It uses crawler technology to obtain user comments of Lenovo savior Y9000P, prepro-
cesses the data, segment and label the part of speech, uses cosine similarity method to optimize
the number of topics, establishes LDA model after determining the number of topics, excavates the
product attributes that users pay high attention to, uses dictionary matching method to match
emotional words, carries out emotional tendency analysis, and obtains users’ opinions, attitudes,
purchase preferences, habits and motivations.
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Figure 1. Diagram of LDA topic model
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Table 1. Meaning of symbols in the LDA topic model diagrams
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Table 2. Example of segmentation results
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Figure 3. Positive and negative review topic count search for optimization
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Table 3. Positive comment subject words
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