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Abstract: Focusing on the prediction of student grade in the undergraduate teaching of higher education, a prediction
algorithm based on course Knowledge Graph (KG) was proposed. Firstly, a course KG representing course information was
constructed. Then, the neighbor-based methods and the KG representation learning-based methods were used to calculate
the similarity of the courses on the knowledge level based on the KG, and those knowledge similarities among courses were
integrated into the traditional grade prediction framework Collaborative Filtering (CF). Finally, the performance of the
algorithm with fusing KG and the common prediction algorithm in different data sparsities were compared in experiments.
Experimental results show that in the data sparse scenario, compared with the traditional CF algorithm, the neighbor-based
algorithm has the Root Mean Square Error (RMSE) reduced by about 11% and the Mean Absolute Error (MAE) reduced by
about 9%3; and compared with the traditional CF algorithm, KG representation learning-based algorithm has the RMSE
reduced by about 17.55% and the MAE reduced by about 11.40%. Experimental results indicate that the CF algorithm
using KG can significantly reduce the prediction error, which proves that the KG can be used as information supplement in
the lack of historical data, thus helping CF to obtain better prediction results.
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Fig. 1 Structure of course knowledge graph
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Prefer Attachment ~ 0.6018  -9.48 0.3676 -7.74
Resource Allocation 0.5935 -7.97  0.3606 -5.69
Total Neighbors 0.5518 -0.38  0.3396 0.47
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Tab. 4 Evaluation of TransE and DistMult

Sk MRR Hit@10/%

: AR WAE UIGE WK
TranskE 0.1962 0.1462 90. 00 69. 80
DistMult 0.7541 0.4992 98. 00 84. 65

FI FH Pearson FH B 115540 A 10 2 (0 ARAAME . O T 96 UE 3
TR 1 27 2 > B J7 15 A 00 DORE AR 4R v e B
5 4. 29 AR = BOEOIE 2R T 900, 45 R N3k 5 s .

®5 BETEERTEINEEESHETHEEE
Tab. 5 Performance of KG representation-based algorithms in multiple

scenarios

= N
%z RN RMSE RM\SF? MAE MA]%T
T R 1% R 31%
Normal Prediction 1. 1751 0.9317
MF 0. 8898 0.6788
1 Ttem-Based CF 0.8215 0.4159
TransE 0.6773 17.55  0.3685 11. 40
DistMult 0.7713 6.11 0.4013 3.51
Normal Prediction 0. 9782 0.8218
MF 0.7378 0.4002
2 ltem-Based CF 0.6884 0.3515
TransE 0.5920 14.00 0.3126 11.07
DistMult 0.6559 4.72 0.3319 5.58
Normal Prediction 0. 8873 0.7906
MF 0.6818 0.4176
3 Item-Based CF 0.5497 0.3412
TransE 0.5218 5.08 0.3196 6.33
DistMult 0.5237 4.73 0.3005 5.98
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