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Abstract

Due to the high skipping rate and low completion rate of MOOCs, it is difficult for MOOCs to make
full use of the advantages of Shared service economy to promote the reform of China’s education
model. Current scholars’ prediction of skipping MOOCs has some problems, such as low accuracy
and lack of targeted analysis of different courses. Select new feature variables and use XGBoost
algorithm in integrated learning to model and predict the background data of different types of
courses. Therefore, the factors influencing students’ skipping classes of different types of courses
are studied through comparison. The experimental results are compared with the traditional ma-
chine learning algorithm SVM, logistic regression and integrated learning algorithm AdaBoost.
The research proves the effectiveness of XGBoost algorithm in the prediction of skipping MOOCs,
and the difference of influencing factors of different types of courses. The results are of great prac-
tical significance to the improvement of platform retention rate and effective utilization rate of
resources.
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Figure 1. Data preprocessing schematic
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Figure 2. Student’s dashed behavior discrimination flow chart
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Figure 3. Student skipping behavior discriminating flow chart
Bl 3. F5UBRITRFIAIRIZE
T H R R L Em BN, THERENE N TR S Bs i3 —4. 1A
—A AR © BAEIH A BT BRI B 01 218 @ ¥fET5 = IH 1k BdlmAbE N ME o,
Ti7E 1 o Aith . (B IER R IEET 2 DGRB8, o BuE BhAT G — i ME 07 22 3 — & AR
AR MR, HORM A — AR, RO T IERZE, XHH—fZ 5 1 %4E+0.00001.
B 1 5

Normalization Algorithm

Begin
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End
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Begin
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N = int(N/100)
Fori=1toT
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end for
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synthetic[newindex] = samples[i]+gap*dif //#3 H ¥ EE A/

newindex+ = 1; N--
end for
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End
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Figure 4. Experimental flow diagram
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Table 3. Comparison of Different Models in “Interactive Whiteboard Teaching Application”

=3 (XERARTFTEREFNMA) FEREFUHRIILE

XGBoost AdaBoost SVM LR
Recall 0.9069 0.8648 0.7962 0.7806
Precision 0.9336 0.8990 0.9207 0.8949
Fl1 0.9201 0.8816 0.8539 0.8338
Auc 0.9208 0.8832 0.8633 0.8438
Acc 0.9207 0.8830 0.8629 0.8434
I 18] 4.679 s 1.750 s 2.901 s 1.886 s
Table 4. Comparison of different models of “How do teachers do research”
4. (BUBIATHIAR) TRIERMIRIILE
XGBoost AdaBoost SVM LR
Recall 0.7920 0.6499 0.6212 0.5438
Precision 0.7960 0.7475 0.6616 0.5936
Fl1 0.7940 0.6953 0.6408 0.5676
Auc 0.7974 0.7183 0.6563 0.5910
Acc 0.7975 0.7193 0.6568 0.5917
If ] 2.574s 1.817s 4.113s 1.799 s
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T RS 2R 7 20 £ X F1AE, 4 n_estimators.max_depth.min_child weight.subsample.colsample bytree-
reg_alpha. gamma HEAT L. RGBT CCHABFERBEENH) 2R 5.

Table 5. The effect after adjusting the parameters of XGboost
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FOm IR T g A2 H AT AR
Recall 0.8623 0.9443
Precision 0.8233 0.9430
F1 0.8423 0.9437
Auc 0.8412 0.9432
Acc 0.8409 0.9432
I [e] 9.183 s 11.902 s
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