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Abstract: With the increasing number of social network users in recent years, text-based user sentiment analysis
technology has been widely concerned and applied. However, data sparsity and low accuracy often reduce the accu-
racy and speed of emotion recognition methods. The user emotion Biterm topic model (US-BTM) was proposed
which could find user preference and emotional tendency from the text of specific places, so as to effectively use Bi-
term for topic modeling. The strategy of user aggregation to form pseudo-documents was used, and word pairs were
created for the whole corpus to solve the problems of data sparsity and short text. Then the topic was studied through
the lexical co-occurrence model, so as to infer the topic with abundant corps-level information, and the purpose of
accurately predicting the user’s interest, preference and emotion to the specific scene was achieved by analyzing the

lexical matching set in the comment corpus under the specific scene and the emotion of the corresponding topic. The
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experimental results show that the method proposed can accurately capture users’ emotional tendency and correctly

reveal users’ preference, which can be widely used in social network content description, recommendation, social

network user interest description, semantic analysis and other fields.

Key words: vocabulary co-occurrence, social network, user sentiment, Biterm topic model, aggregation strategy
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