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Big data clustering algorithm based on joint semi-supervised learning
CHEN Yuyong
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(Huali College, Guangdong University of Technology, Guangzhou 511325, China)

[ Abstract] In order to improve the ability of user behavior feature mining, it is necessary to optimize the clustering of user
behavior feature multi—dimensional text data. A big data clustering algorithm based on joint semi-supervised learning is proposed.
The piecewise linear fitting method is used to deal with the user behavior feature big data, and the mutual information feature
quantity of user behavior feature big data is extracted. Combined with the joint association rule detection method, the multi—
dimensional text data of user behavior characteristics are analyzed, and the association attribute sample set distributed by big data is
constructed, and the joint semi-supervised learning classifier is used to classify the data. The clustering center is automatically
searched by multi —sensor quantization tracking and identification method to improve the clustering convergence. The simulation
results show that this method has better information fusion performance and better automatic searching ability of data clustering
center, which improves the ability of big data classification and retrieval.
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Fig. 1 Multi—dimensional text feature data distribution structure

model for user behavior features
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Fig. 2 Realization flow of big data clustering algorithm
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Fig. 3 Raw data distribution
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Fig. 4 Big data cluster output
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Fig. 5 Performance comparison of data clustering
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