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Personalized Recommendation for Dynamic Users Based on Hybrid
Collaborative Filtering in Big Data

LIU Shanshan
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Abstract:In order to improve the accuracy and efficiency of personalized recommendation for dynamic users in big

data,a hybrid collaborative filtering method is used to filter the data of interest to achieve personalized recommendation.

Firstly,user data and project data are modeled and scored by collaborative filtering algorithm,then predicted and scored by

combining the tree structure of XGBoost model and the characteristics of regular learning. Then the two algorithms are mixed

to solve the optimal objective function,and candidate recommended data set is obtained.Experiments show that the hybrid

collaborative filtering recommendation algorithm has high accuracy and strong applicability in big data platforms.
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(Research status of personalized recommendation

for dynamic users in big data platform)
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Fig.1l Accuracy comparison
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Tab.1 Statistical table of the accuracy of the three algorithms

ARy 1B
XGBoost Prll5t g AR
2 0.2 0.25 0.30
7 0.24 0.31 0.38
12 0.37 0.39 0.44
17 0.44 0.46 0.51
22 0.58 0.62 0.68
27 0.67 0.72 0.77
32 0.71 0.77 0.82
37 0.77 0.81 0.86
42 0.81 0.85 0.90
47 0.83 0.88 0.94
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4 #5if(Conclusion)
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