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Abstract: In the recommendation system, some new items and the a¢curacy<isSue cannot be well controlled. Therefore,
a new recommendation method based on general content ProbabilitiStodatent Semantic Analysis (PLSA) model was proposed.
The general content PLSA model contained two latent variables&ndicating \the user groups and item groups, and contained

features of items that were trained by asymmetric learningeglgorithm. Fhésexperimental results show that the new method has

good quality for recommendation on three different data¥sets-
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