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Preference knowledge acquisition for student profile

Wang Xiaodong, Jiang Peichao?Li Mengying, Hao Mingli, Hu Fuzhen

(College of Computer and Information Engineering Big Data Engineering Lab of Teaching Resources & Assessment of Education Quality,

Henan Province. Henan Normal University . Xinxiang 453007 , China)

Abstract: in order to solve the problem that information overload causes students not to effectively acquire their prefe-
rence knowledge, this paper proposes a method to obtain preference knowledge for the student profile. On the basis of the
students' browsing content, the vector space model of student profile is established through the following two dimensions: key-
word and topic distribution. Based on this, the similarity between students and knowledge is calculated to obtain direct prefe-
rence knowledge. Subsequently, students browsing knowledge content is applied to conduct cluster analysis, and the algorithm
is designed according to students learning behaviors to obtain indirect preference knowledge. The learning behavior information
extracted from the actual operating system is taken as experimental data. Experimental results reveal that the acquired prefe-

rence knowledge can better depict the student profile.

Keywords student profile ; preference knowledge ; learning behavior
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