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Network Visualization Analysis Based on Constraint Recommendation

ZHANG Chao-jie' ,WU Guo-lin""’
(1. School of Science ,Guilin University of Aerospace Technology ,Guilin 541004, China;
2. Guangxi Aviation Logistics Research Center,Guilin University of Aerospace Technology ,Guilin 541004 , China)

Abstract; At present, shopping on the Internet has become a major way of shopping, and each shopping platform is faced with the
problem of excessive product data. How to give a list of products required by users as soon as possible has become an urgent problem to
be solved. The constraint—based recommendation system does not rely on historical data such as user ratings and other user preferences,
effectively solving the problem of “cold start”. The bipartite network of user needs and user — intentional items contains a lot of
information that is valuable to the recommendation. We study the case data set of an online sales record, construct and visualize the
bipartite graph network ,and adopt a scale—free network model ( BA model) to analyze the degree of user and item nodes. Since the
degree distribution structure of the item node results in the item node having obvious community attribute, the corresponding
recommendation can be performed according to the degree of the item node in the community. This recommendation method is added to
the recommendation algorithm to increase the accuracy of the recommendation , which is helpful for the recommended algorithm design of
the shopping platform.
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