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Research on mobile E-commerce platform recommendation
system and key technologies
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[ Abstract] In the research process of mobile e—commerce platform recommendation system, we must first understand the concept
and connotation of recommendation system, the classification of recommendation system, and then be familiar with and master data
preprocessing technology, similarity calculation technology, k nearest neighbor classification algorithm technology, matrix
decomposition algorithm technology, etc., which is the key technology in the design and development process of mobile e -

commerce platform recommendation system
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Tab. 1 Comparison of several current recommendation algorithms
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