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Frequent itemsets mining based on matrix binary code Genetic Algorithm
DU lJiawei, YU Su
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] This paper proposes an improved genetic algorithm MGA ( Matrix Genetic Algorithm) based on matrix binary coding,
which is applied to mining frequent itemsets in association rules. By encoding the initial population and reducing the dimensionality,

a reasonable initial fitness is ensured, and then the process of generating new individuals and screening by the crossover operator and
mutation operator in the genetic algorithm is optimized, so that the algorithm has excellent global and local search capabilities.

Experimental results show that the overall mining efficiency and quality of the MGA algorithm are good.
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