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Movie information data clustering optimized based on
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Abstract: For the traditional K-Means Clustering (KMC) algorithm in the process of clustering movie information data, the
selection of initial clustering center is relatively random, the clustering result is unstable and the algorithm is easy to fall into
local optimum, affecting the iterative accuracy and other shortcomings. This paper proposes a K-Means joint iterative
clustering algorithm based on Manta Ray with Random Jumping Roll Foraging Optimization algorithm (MRRJRFO-KMC) to
realize the clustering of movie information data. Firstly, a mean max-min distance product method is proposed to initialize the
cluster centers, which improves the randomness of cluster center selection and avoids the instability of clustering results
caused by random initialization. Secondly, the Manta Ray Foraging Optimization algorithm is added in the iterative process,
and spiral foraging and roll foraging in the Manta Ray Foraging Optimization algorithm are improved. A Manta Ray with

Random Jumping Roll Foraging Optimization algorithm is proposed, which solves the problem that the Manta Ray Foraging
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Optimization algorithm is easy to fall into local optimum. The Manta Ray with Random Jumping Roll Foraging Optimization

algorithm 1s added to KMC algorithm, and the clustering center in the KMC algorithm is optimized, which improves the
clustering precision. MRRIJRFO -KMC algorithm, MRFO -KMC algorithm, KMC algorithm, K-Means++ algorithm and

Fuzzy C-Means (FCM) algorithm are calculated on Iris, Aggregation, Ecoli and Seeds international standard datasets.

Experimental results show that the accuracy and convergence speed of MRRJIRFO-KMC algorithm are improved compared

with other algorithms. In the process of movie information data processing, the algorithm can effectively cluster according to

the given information, and its application value is obvious.

Key words: MRFO, K-Means clustering, Mean Maximum Minimum Distance Product Method, random jump roll, movie

information data
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Table 1 Experimental results of different algorithms on six test functions
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Table 2 Features of different standard datasets
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Fig.5 Fitness curves of each algorithm on different datasets
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Table 3 Clustering evaluation index of each algorithm
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Table 4 Properties of different versions of MovieLens
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Table 5 Clustering of ratings for different types of

movies by different users

Genres Labell label2 label3 label4
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