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Abstract

With the rapid development of Internet technology and the continuous expansion of the e-com-
merce scale, the information overload problem has become increasingly severe. As an effective tool
to alleviate the information overload problem, recommendation systems have become a core tech-
nology for e-commerce platforms to enhance user experience, increase sales, and strengthen user
stickiness. This paper aims to provide a systematic review of the current research status of e-com-
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merce recommendation systems. It first introduces the importance and fundamental architecture
of recommendation systems in e-commerce. Subsequently, it provides a detailed organization and
analysis of the basic principles, advantages, and limitations of mainstream recommendation algo-
rithms, including collaborative filtering-based, content-based, knowledge-based, and hybrid recom-
mendation approaches. Then, it introduces mainstream e-commerce platform datasets commonly
used for training models. Furthermore, it discusses key challenges faced by recommendation sys-
tems in practical applications, such as the cold-start problem and data sparsity. Finally, the paper
prospects the future development trends of e-commerce recommendation systems, including the
deep integration of deep learning and large models, multi-objective and sequential recommenda-
tion, explainability and fairness, cross-domain and federated learning-based recommendation, and
multi-modal information fusion.
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