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Abstract: With the popularity of the Internet and the development of information technology, the information that people can access in
daily life is becoming more and more abundant, and the speed of generating information data is getting faster and faster. While we have a

huge amount of information data, excessive information inevitably leads to the problem of *“ information overload”, and the

recommendation system is one of the effective methods to solve this problem. In this study,the relationship between singular value de-
composition (SVD) and SVD recommendation algorithm is introduced firstly ,and then the idea of SVD recommendation algorithm is de-
scribed and the optimal loss function of the SVD algorithm model is given. Based on that, a recommendation system of traditional
clothing store is established. The system is tested with 158 sets of sample data,of which the root mean square error is 0.999 4 and the
squared absolute error is 0. 736 6. In addition,we also calculate the error percentage of the sample data. The results show that the error
percentage of most test samples is within 30% . Based on the characteristics of the SVD recommendation model and the experimental
results, it is concluded that the SVD recommendation model is suitable for personalized recommendation of mall users on small e -

commerce platforms.
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