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x1 7Tty O
Dataset TEER A HEEE EEER FHREEARK
Statics2011 333 1223 N/A  79.8% 180.9
ASSISTments2009 4151 111 26684  63.6% 52.1
ASSISTments2015 19840 100 N/A  73.2% 34.2
ASSISTments2017 1709 102 3162 39.0% 551.0
Dataset metrics DKVMN Yeung Tsutsumi et al. AKT Proposed
AUC | 81.20 +/-0.42 | 81.38 +/- 0.42 | 81.45 +/- 0.45 | 82.15 +/- 0.35 | 82.25 +/- 0.55
Statics2011 Acc | 79.24 +/- 0.84 | 80.33 +/-0.78 | 79.18 +/- 0.67 | 80.41 +/- 0.67 | 80.63 +/- 0.85
Loss | 042+/-0.14 | 042 +/-0.18 | 042+/-0.12 | 042+/-0.13 | 0.41 +/-0.20
AUC | 81.21 +/- 0.31 | 81.34 +/- 0.39 | 81.34+/- 0.24 | 80.81 +/- 0.41 | 81.34 +/- 0.36
ASSISTments2009 | Acc | 75.11 +/- 0.66 | 76.55 +/- 045 | T76.91+/- 0.24 | 76.57 +/- 0.55 | 76.54 +/- 0.45
Loss | 047 +/-0.05 | 048 +/-0.10 | 0.47+/-0.10 | 0.49 +/-0.08 | 0.48 +/-0.10
AUC | 72.61 +/-0.16 | 72.53 +/-0.23 | 72.34 +/-0.13 | 72.97 +/- 0.12 | 72.95 +/- 0.14
ASSISTments2015 | Acc | 75.05 +/- 0.18 | 74.97 +/- 0.14 | 74.95 +/- 0.39 | 75.25 +/- 0.10 | 75.02 +/- 0.15
Loss 051+/-0.02 | 052 +/-0.03 | 052+/-0.02 | 0.51+4/-0.01 | 0.51 +/-0.03
AUC | 72.67+/-0.37 | 72.08 +/- 0.32 | 72.32+/- 0.69 | 73.25+/- 0.41 | 85.06 +/- 1.17
ASSISTments2017 | Acc | 68.46+/-0.24 | 68.36 +/- 0.30 | 68.07+/- 0.54 | 69.17+/-0.70 | 79.11 +/- 1.06
Loss 0.584/-0.03 | 0.59 +/-0.07 | 0.60+/-0.08 0.58+/-0.09 | 0.48 +/- 0.24
AUC 76.92 76.83 76.86 77.29 30.40
Average Acc 74.46 75.05 74.77 75.35 77.83
Loss 0.50 0.50 0.51 0.50 0.47
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