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Abstract

Network teaching platform has attracted more and more attention due to its unique spatial and
temporal convenience. By mining massive behavioral data left by learners on the technology plat-
form, learners’ learning status can be mastered, thus playing an intervention and guidance role in
the learning process. In view of this, this paper adopted the behavior data set of the freshmen ma-
joring in computer engineering from the University of Genoa, Italy, who took part in the experi-
ment course of “digital circuit’, and explored the relationship between learning behavior and
learning effect by analyzing the students’ performance warning. The conclusion shows that in the
early warning analysis of whether the students can pass the final test, the effect is better when the
classification tree model is used to predict the grades in middle and late stage of the course learn-
ing. In the warning analysis of how many points can students get, the effect is better when the re-
gression tree model is used to predict the grades in preintermediate stage of the course learning.
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Table 1. Learning behavior names and detailed descriptions
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Table 2. Partial sample presentation of data set after preprocessing

F 2. PAEEHRERBOFRRT

Student id point log NAulaweb TAulaweb . TTextEditor
1 94.5 5 14.8 1 33.7
2 44 6 12.8 1 . 433
3 85 4 13.3 0.3 59.1
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LR GE . A, SRR TR N 0.161, 459 15 ANIIME, AHEE Logistic [AlJHRERIAT
B> . BRI, FERE T2 AR 2 ST NIRRTV, 7 BMAHLL T Logistic [HlJARR! BAG T
re AU 5 DRI I A 28, @ R AT 0 BT Hr . a4 R 1 FoR.

TOther < 5.9

0 1 0
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Figure 1. Classification tree model fitting results
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Table 3. Classification results of learning behavior data
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HEAT T HLA, R TR R R IO (F AR E6 1 P H < 0.001), THIMEE S MAPE {HN 57.08%, [A]
VAR R T A (2 W 4 SRt . Uk, FH RSB ASZRS0 J 4 R AR AT TN, 45 B P S 4850 1 4 iR 22
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Table 4. Examples of partial prediction results from regression tree model

= 4. [EYIARHRBLER 5 TS SRR )

D HL RS T RSt
1 94.5 87.1
2 44 33.2
3 85 87.1
4 30 33.2
5 38.5 33.2
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log(TTAulaweb) >= 0.66 — log(TDeeds) >= 3.4

73
56%

— NProperties < 32

78
44%

log(TDiagram) < 2.1

82
34%

NDiagram < 38

33 51 30 54 65 74 87
17% 19% 8% 12% 10% 14% 20%

Figure 2. Regression tree model fitting results
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BEBEAT 73 S PE 3 AT Iy, TR0 27 A= B 1 38 R ) R 2 T 2 RIS 0P 38 I im AN sl ), (B e ) RIS
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Table 5. The results of cross-validation for different class nodes

= 5. MAENRRET M TR XIIERIRELS R

TR R TFRPRZE AR R 7
A CFEIIRHAE) CERILR B iR Z )
Session 3 0.464 0.691
Session 4 0.438 0.692
Session 5 0.423 0.743
Session 6 0.324 0.656
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