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The students’ ability estimation method for adaptive learning: DeeplRT
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HEFERE K & FAE O AR FREL

Mehtod Pearson

Spearman Kendall

No.Items 50 100 200 300 50

100 200 300 50 100 200 300

Yeung 0.626  0.667  0.740 0.738 | 0.626
0.1 | Tsutsumi | 0.885 0.907  0.924 0.916 | 0.892

Propoesd | 0.902 0.916  0.930 0.927 | 0.910

0. 660 0. 750 0. 745 0. 441 0. 473 0.550  0.549
0.915 0. 940 0.938 0.710 0.746 0.785  0.782

0.923 0.943 0.941 0.736 0.761 0.790  0.792

Yeung 0.730 0.799 0.808 0.823 | 0.751
0.3 | Tsutsumi | 0.827 0.891 0.883 0.890 | 0.863

Propoesd | 0.840  0.905  0.900 0.907 | 0.877

0.831 0. 862 0.873 0.551 0. 628 0.659  0.670

0. 926 0. 941 0. 945 0.671 0. 755 0.778  0.785

0.932 0. 947 0.954 0. 689 0. 767 0.791  0.804

Yeung 0.773  0.800  0.807 0.814 | 0.812
0.5 | Tsutsumi | 0.855 0.870  0.860 0.849 | 0.893

Propoesd | 0.874  0.871  0.869 0.859 | 0.901

0. 861 0. 877 0. 890 0. 605 0. 654 0.676  0.692
0.928 0.929 0.930 0.705 0. 755 0.758  0.761

0.928 0.934 0.940 | 0.720 0.7656  0.768 0.779

Yeung 0.788 0. 809 0.824 0.813 | 0.834

1.0 | Tsutsumi | 0.843 0.830  0.844 0.834 | 0.886

Propoesd | 0.854 0.840 0.854 0.836 | 0.89%4

0. 884 0. 891 0. 888 0.626 0. 684 0.695  0.692

0.911 0.919 0.918 0. 696 0.728 0.740  0.740

0.920 0.930 0.919 0.708 0.744 0.762  0.743
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