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[ Abstract] Personalized,recommendation of microblog is crucial to impfoving user experience and helping users obtain
information accurately/ in time. Based on the analysis of behavior pattetns of microblog users, this paper proposes a
personalized recommendation model for the microblog based onscenario modeling and Convolutional Neural Network
(CNN) . Scenario modeling is implemented for users from the dimensions of time and region,so as to extract the user’s
temporal scenario pattern and geographical scenario pattern” Then“arcalculation method of scenario pattern similarity is
provided to extend the scenario patterns of users, capturing the scenario pattern tendency that users are interested in. On
this basis,a personalized scenario mode library of the user is established,and the CNN is used to construct a personalized
recommendation model for microblog users. Experimental results on real data of the microblog show that compared with
the ILCAUSR and RA-CD algorithms, the proposed ‘model has better recommendation performance, and achieves the
optimal effect in Mean Absolute Error( MAE) and"Average User Satisfaction( AUS) indexes compared with the temporal
scenario model and geographical scenario,model.

[ Key words] personalized recommendation; Scenario modeling; Convolutional Neural Network (CNN); scenario pattern
library ; user satisfaction
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