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Prediction methods of online course grading based on LGB-FFM-LR

Liu Yumeng Liu Bin

(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science & Technology,Xi'an 710021, China)

Abstract: For the problem of poor objective evaluation of online education courses, a prediction model based on light
gradient boosting machine-field-aware factorization machine-logistic regression is designed. The model collects online
course viewing history data, extracts users’ generic features, temporal features and other feature values, and focuses on
the relationship between high-dimensional features and low-dimensional features of feature values to achieve multi-
dimensional feature combinations and improve data sparsity, so as to improve rating prediction performance. Based on
masked data test on an online course website, the determination coefficient between predicted grading and actual one in

this model is 0. 87, with 0. 42 of average mean square error, improved model generalization capability, this model
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serves more objective and realistic predicted grading to online course.
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