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Analysis of Enrollment of Graduate Students Based on
K-means Algorithm
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( School of Computer and Information Technology Northeast Petroleum University Daqing 163318 China)

Abstract: Postgraduate enrollment is an important reference for instructors to understand students’ learning ability learning style and de—
velopment of postgraduate training programs. With the expansion of enrollment scale the increase of students and the growing complexity
of the postgraduate enrollment the traditional analysis methods can no longer meet the current needs of graduate enrollment analysis.
Through the application of K—means clustering algorithm to analyze the results of graduate enrollment the graduate enrollment score is
classified to find out the characteristics of student achievement distribution and the relationship between achievements and the learning sit—
uation of students in each subject is understood to find a direction suitable for student development achieving personalized graduate edu—
cation and training. The results provide a reference for the formulation of postgraduate training programs and the selection of research di-
rection for graduate students. Firstly the applicability of several major clustering algorithms for graduate student enrollment performance
is analyzed. Secondly the K—-means clustering algorithm is introduced. Finally the data of graduate enrollment grades are analyzed and
preprocessed. The practicability of K—means clustering algorithm in the analysis of postgraduate enrollment score is demonstrated by ex—
periments.
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