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Abstract

With the growth of online tourism transaction scale, providing better services for tourists through
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personalized recommendation technology has attracted the attention of industry and academia.
This paper mainly discusses the role of user comments in the process of scenic spot recommenda-
tion on the online tourism platform. Firstly, the social network between scenic spots is con-
structed by user comments, and the user’s emotional score on scenic spots is predicted based on
the deep learning model LSTM; then, the emotion score is weighted according to the time series as
the user’s score of the scenic spot; finally, the recommendation of scenic spots is realized based on
scoring, scenic spot social network information and collaborative filtering algorithm. The data on
CTRIP website is used to test the recommendation effect. The experimental results show that user
comments of the online platform has a significant effect on the diversity and novelty of scenic spot
recommendation, but the improvement of recommendation accuracy is not significant.
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