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Abstract

The living conditions in the current epidemic environment and the increasing educational needs
of people are constantly promoting the development of various types of online education. On the
basis of traditional machine learning to predict online course users’ behavior, this paper uses the
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deep forest method in deep learning to predict users’ purchasing behavior, and selects accuracy,
precision, recall and F1 value as model evaluation indicators to compare the prediction accuracy
of different models. Aiming at the deep forest model with the highest prediction accuracy, the op-
timal parameter model is obtained by multiple parameter tuning. The final accuracy of the model
is 98.744%. The deep forest model is used to predict the purchase of users, which provides an im-
portant reference basis for enterprises to carry out precision marketing and reduce publicity in-
vestment.
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Figure 1. Multi granularity scanning process
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Figure 2. Cascade forest process
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AROCAE PSR g HdE v 2021 FAaEREARIE G SR RN SRS, GFEHPERER
(user_info.csv), F x5 L& (login_day.csv), F Vi 4iit# (visit_info.csv), 7 T EHLE (result.csv)
VUANER5y, HaR&EILAE T 135968 MHAEE. HAERE R EICE T AEEMEE, HoH3E T
AbFRHERAE

F—0, AEWNEIER MRS WAERRAL, BARLGE R WAL 1, R H 5, H 5 B 3£ (user_info.csv)
TEAE 28,209 MR,  HAREHE R I B AE

Table 1. Data structure
%= 1. BUR&EW

"4 7 7 N1
user_info 135,968 8 28,209
visit_info 135,617 26 0
login_day 135,617 16 0

result 4639 2 0
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Recall = — (3)
TP+FN

F1AE T DAB AR A L5 A B AU, A H08:

F1_ 2 *Precision * Recall
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(4)
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B, BN E N 3 I, BEE R AECRIG N, AUC B AIARE [ [, 2 & RRLE 47 IR E] S5 A 7R (1 v
TR, HZEFES I n_estimators =3, n_trees =50, FEAYHERHEE N 98.744%.

RN RE
98.76 98.744 98.744 98.737 gg;gg 98.744
98.74 98 98.710 987725
98.72
98.7
50 75 100 125 150
n_estimators=2 n_estimators=3

Figure 3. Model tuning
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Table 2. Model comparison

2. BASTEE

ot Accuracy Precision Recall F1
oA mYE 97.25% 75.38% 28.36% 41.24%
TR 97.94% 69.86% 69.15% 69.50%
BEALARAR 98.52% 91.50% 64.74% 75.83%
IRIE AR 98.74% 85.71% 75.60% 80.34%
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