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Abstract ; Recommendation technology can predict users’ preferences based on objective data such as their historical behaviors , providing
decision—making basis and guidance for e-commerce marketing, operation and maintenance. In order to improve the accuracy of recom-
mendation in specific e-commerce field,we study and analyze the user comments experience from different perspectives, strengthen the
ontology research of user language patterns, effectively distinguish the features of theme and non-theme products,and give the symbolic
description of user experience. We propose a user experience extraction algorithm for recommendation system. The phrases constructed
by user experience feature words ,adverbs and modifiers are used as tags with recommendation interpretation function for tag recommender
system, which makes up for the problem that traditional tag recommender system relies on tag data source. Furthermore, the concept of
user experience is proposed, the extraction algorithm flow is given, and a collaborative filtering algorithm for comment content is
designed , which can extract the emotional polarity of user experience for user rating. Combined with the information of emotional polarity
and experience characteristics, it can also be used in tensor—based recommendation system. Experimental results show that the extracted
user experience has both precision and diversity ,and can ensure high precision and recall.
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