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Course recommendation for MOOC platform: A review

REN Xinwei, JIANG Xianliang"
( Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China )

Abstract: With the rapid development of internet technology and online learning, a number of online education
platforms have emerged across China. However, these online education platforms cannot share information with
each other, which leads to redundancy and overload of curriculum information and difficulties for users to
choose. This article reviews the research progress of course recommendation in recent years. First, the related
concepts in course recommendation are introduced and the system framework is given. Then the three aspects of
course modelling is discussed, including user modelling, and the core algorithm of the recommendation system,
etc. Five types of algorithm are presented: the first three categories are content recommendation, collaborative
filtering and hybrid recommendation; while the rest two are deep learning recommendation and multi-modal
fusion recommendation, and the data set. In the end, the experimental methods and evaluation indicators are
summarized, and the personalized course recommendation technology has also been projected.

Key words: deep learning; recommendation system; course recommendation; course modeling; user modeling
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