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Abstract

Major e-commerce platforms have accumulated a large amount of user and product data while
providing services to customers in the early stage. How to make full use of these data to increase
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revenue for enterprises and provide personalized services for users has become a research hots-
pot. Based on the environment and data of the e-commerce platform, in view of the large number
of e-commerce platform users and product types, the platform which cannot accurately predict
whether the user will buy or not, this paper proposes a user purchase behavior prediction algo-
rithm combined the residual neural network (ResNet) with deep forest (Deep Forest). A large
amount of data of an online shopping mall is processed into 150-dimensional user characteristic
data and 120-dimensional commodity characteristic data. First, the residual neural network is
used to predict the user’s purchase behavior, and then the deep forest is used to predict, and fi-
nally the two models are merged by linear superposition. By adjusting the parameters of the resi-
dual neural network, the depth of the random forest in the deep forest is adjusted to further im-
prove the prediction accuracy. Experimental results show that the fusion model has a better pre-
diction effect than traditional algorithms.
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choice model), B/5Jy 7 4& FF IO FRORE B2, SCER Y 1 — bt xof T K J) 03 e BT A S o 1 HE 2 SO AR
LFS-CM (latent factor and sequence based choice model).
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Figure 1. The basic structure of the residual network
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2.2. BEHLFR#K(Random Forest)
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Loss =—(§-log(y)+(1-¥)-log(1-y)) (4)
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Figure 2. Purchase prediction model based on ResNet
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Figure 3. Detail map of residual block
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Figure 4. Part of the model of the deep forest
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Table 1. Improved model structure parameters

=1 MHRRGSE Y

SH A SR
Batchsize 512
R ZE B TR 2
B RT 3*3
LR K 1
N JZ e Net1: 150, Net2: 30,000, Resnetl: 64 * 64, Resnet2: 128 * 128
Bz =4 50
Y R R Netl: 64 * 64, Net2: 30,000, Resnetl: 120, Resnet2: 30,000
WO R AL RELU, Resnet2 [11#%J5— 24 sigmoid
E kS 0.001
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4.1. ¥R
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TS R, N 4 Fis . SalBRE TARACEE, 5 R A0 AT R S AR AE AL FE %, one-hot T 201 ) & .

Table 2. Product basic information data sheet

2. MmEREEHER

FBA4 EP
sku_id i id
brand_name i
avg_price Bt
sale_gtty B
para_1 FEamZ AL
para_2 e 2
para_3 FEanZ 4 3
para_4 FE S 4
para_5 e e
para_6 e g
comment_num PEE AL
good_comment_rate R
Table 3. Basic table of user interaction data
3. APXEHEELAR
TR 4
user_id A id
sku_id P A id
rank s (R T S
is_purchase R IE SAZ T
a_type RO, InIaw ZE55)
a_date T ABM
Table 4. User basic information data sheet
4. APEREEHER
FB A4 EPd
user_id A id
age TR
sex 5
user_lv_cd H P52
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Figure 5. ResNet-based purchase prediction model training process
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£ F1 1 Precision F845 (1) LA R 38 T HAth 7%, AUAE Recall 5 b5 S (K T- XGBoost 1 41, £ 5 difg
AN FE bR 0 AR EUE

DOI: 10.12677/s€a.2022.111007 57 B TR R


https://doi.org/10.12677/sea.2022.111007

SRR, TR

0.75

0.65
—
L 0.60
0.55
0.50

0.45

20

40 60
RE R PBENL AR AR K

80 100

N
rE

Figure 6. The impact of the maximum depth of different random forests in the deep forest on the final F1
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Figure 7. Comparison of results of multiple models
7. SRR R

LightGBM

Resnet+DF

Table 5. Comparison of the performance of various algorithm models on the test set

5. BHMEARAANKE LRI

R Precision Recall F1
SVM 0.5076 0.794 0.6193
RF 0.5090 0.784 0.6173
XGBoost 0.6075 0.830 0.7015
LightGBM 0.6375 0.804 0.7111
ResNet + DF 0.7330 0.824 0.7758
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