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Research on Prediction of Re-shopping Behavior of E-commerce Customers
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Abstract The study of customers’ shopping behavior is a trending research topic and has great commercial value for e-commerce
companies. This paper studies the prediction of customer’s re-shopping behavior on the same e-commerce platform. Through the
analysis of shopping related actions of customers and transaction records between customers and merchants,a variety of different
behavior features are designed based on feature engineering principles,and the importance and characteristics of the prediction
features are analyzed by using visualization approaches. Then,based on the proposed predictive features.a variety of different al-
gorithms are used to train the prediction models. Experimental research shows that the multi-lightGBM model ensemble method
can achieve high prediction accuracy,and the AUC value can reach 0. 7018, Meanwhile, the predictor only needs a few features to
obtain very good prediction results. The experimental data set studied in this paper is an open source big data collected in real en-

vironment,and the research conclusions have both application and academic value.
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Table 1 Customer’s shopping logs
RN JE X
user_id AR id
item_id Bt id
cat_id T & TR By % 5] id
mechant_id JE 4 id
brand_id 5 id
time_tamp B 1A B
action_type XA

1R REIT NIC R R RAERALE 4 Fl, 0 AR AR
drF L LARRIMA G Y 42, 2 AR WL, 3 AR
x2 HREDAGER

Table 2 Customer’s information

JE MR 7 X
user_id W HE N id

age_range FHEE
gender M 5

F 2P AERIESE SR 8 ML RFEAT 18,2 14
F18~24 B ,3 A F 25~29 % ,4 RF 30~34 B ,5 0FE
35~39 % ,6 L% 40~49 % ,7 M 8 AR T LT 50 % ,0
RFERE, MR, 0 B ME. 1 AERB M, 2 Radil
A,
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Table 3 Train and test data formats
BlERER X
user_id W E N id
merchant_id JE 4 H id
label S
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Fig. 1 Distribution of repeat shopping users
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Fig. 2 Distribution of users’ shopping logs

3 HFETIRE

ARSCRIT — R 5 G FRAE B word2vec i ik A #
RUTTEL IR T 043 B AR A 3008 i B OAS T) 0 4R AE 2 A 7 o5 R
[vi) 1y B8 S, sk S U Ji ke DAV 2 3 D ol e ) S e it
T 2 W 24 R L AT LD T B A 2 A e S R R B
Z AR RR BE . — ST S8 T REX TR R ZOR LR BT &
J B A BT 9 o R AR B 0 sh 2 A R R R A SR
w A A R R N AT S AT O, IR 4 3K B A B X B AT O B
PRI = s g ST =
3.1 HERLE

28 SR 4 SBCRFAE 1 R AR T A0 g 7 282 B R AR AE
FHPVRRAE L i R AR L R ERAE T A4 S [R) R B R AR L P
TE X IO 7 5% (0 R AE DL B 7 R A AS TR) R O R 28 B R AE . DL B
FE o R G AE B SRR AE . A 3 BEaR L AR SCR X 7 2%
FRAESEAT T 845 . HoP Ge i R AE S 48 o I 9e 3140 47 7 ik L
NECHR S 5 35 A B AE L 10 B 2 A ) 3 6 — g i e
PSR 2 2 AR AS DO RFAE AR ST Y word2vee B0 5 FF 43
filet™ ik Hh USRS SR A BB T 3273 HEFAE

FP s i s s Rk
BPHElEN R
R SRERIH

FRIEA @ SRR B ik
+A fr& R T A

WE |— EAPREXAMEILH

S | — A RHESEE RSN TR R fk

— ) BRAGRHENILH
mak% |~

JVA B EHEIW iR i bk 2

¥R
W8 AR
WF M ik
T A e E)
fRied AN

| mReR \~ EEBEAPOLR

BRI \— ]

K3 AR R )
Fig. 3 Examples of each type of feature
3.2 SEiH4FME
AR SCHE TR AN R A 85 1 55 42 44 i AR S R L B
HE 8 T B 3 Pk 53 35 (5 L 2o DA BCR D 43 51



426

Computer Science iTHENE#  Vol. 47,No. 6A, June 2020

70 3 i S ORI A A ) 4 4 R AT 07 sUAE LT 148
FOAS I RS AES o 55 A A 0 I AH LL A2 5 399 100 i g U B0
) T RE S W I 2 R A A A b SRR L B 2T i gh
BRI T 28 T RE A UH1 25 Sy B 43t 2 P R o B BT A AN T
ZEIL I B LT AR A I 3K R B B T A 2 B e A AR R Y
AT o AN TR AF % BE A4 1 B 25 1 2% > A Ta] 3o D) 1 o B9 26 80 s
ANTA] o AR A T S AR B A SO S8 T 05 vk B O TR 7 2K
R = A A IR i) 5 32 R BT A L I SR B A S Rk
GEIHRHAE , 3k 4 T8,

4 GIHRHE

Table 4 Statistical features

Feature type Content

. User. Seller.Catalog.Brand. User_seller.
Target entity
Seller_catalog.Seller_brand
Feature entity User, Seller, Catalog, Brand, Item, Day, Month
R Count, Unique; Mean, Std, Trend . Mode, CountRepeat ,
Aggregation type . .
RepeatPercentage , Max, Min, Median

X Month, AllTime, OneWeekBeforePromotion,
Duration X
PromotionDay

Interesting value Gender, ActionType, AgeRange

Transformation type TimeSincePrevious

Target Entity J&t 75 B i 1 (9 XF B 4% 4iF (19 3 44, Feature
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FRFAE Y J5 5, Duration J2 HI 2k THEERFAE H 25 (49 I ) 25
Interesting value 4& 5V I {H , Transformation 2 X} 43 i % A%
LLEN

H T LE AR AE B 0% S5 Bl B8 A AT A B0 T A L 2 T RT
AP S X 18 8 38 1047 A AT L A SO BT TR I R R il 3K R
ELRIFE . EIRRIEHE 0 ARV B N TEX DAY AT 1
AN T) H A 22 00 3% T 9% 2 B0 SR A I T KR T 2
B L E] . WK 30248 B ARV R TEX B A AT R A
1 W SEAT S 09 P 50t B A A SEELAT O BV R O T K
SEAT A P B b . T W A A A DA TET S e R BT K
JE A S I S T B8 T RE AN 23 7R SN [R) P A2 K Y S )
sty o T 00 S 23 DU (A LT R A B 1) 40 ()R 1
3.3 RRIHFE

AR word2vec FlAE B 43 i 19 J5 25 AR B 2CRRAE

regular customer purchase on the double eleven,seller;ratio

purchase countuser_seller,ratio
NUMBER.UNIQUE(logsitem-id)user_seller,count of all actions per month
NUMBER UNIQUE(logscat-id)user_sellercount of all actions per month
STD(logssellers COUNT-REPEAT(logscat_id), catlogs , repeat purchase

COUNT-REPEAT(logs.user—id), seller—cat, repeat purchase -

XFTFiE R R, T skip-gram BRI BB E K 5
FiF . A SO T R id 3 RS id R B R 2 AT
Sy e B ) 05t 5 A= B3 ) 5 3l 5T word2vec S AR BEAS id 7Y
WA o ASSCIR B 2 8 T 2 E M R Z B 32 BAF B, JF H
it %28 B A B 1 O B =X R (300 M . AR b TED G 2508 09
AR SOK TR TE SR BRZE N — 1 M TE B T R AR B oA
NEBME R 1L T K PRI SR AR 2 0 B 1 9T 2% LR R A
FERF ORI R B 0 3 35 108 )1 6 I 20 ik 44 3 A1 8 B 4 fi
TR A0 4 1 R I o B 4 T 27 8 I R TR 28 4 I 1 P RRAE
— BRI . b SR M S 8 Scikit-learn™ H1 ) NMF
TR AR AR T R 4R B 128, A BN S 4K
#5 SHE

Table 5 Parameter setting

Embedding_size  Skip_window  Num_skips Num_sampled

32 1 2 5

4 HFAESTHRT

2% 30 I G AR vyt T RRAAE i AR O ELABCT
B RRAE 0T . AR T TR 2 B SRR AE L (H 2 & S AU 7E ¥
A SRR A9 1 0T kB8 BT L Ay A R B R AR 7
—ERREE LRI TR PR RE . AR SCTR I R A id BEL AR B
TORRAE [ O R A B AL cp S S X E B AL A R R AR
B CRRAE 22 B, 9 AR A0 M R A 25 R K, e U3 s O
B R AE SRR 8/ MR A e i Ay Y AR SO IR T B A
1) 78 MR ,AUC 53 T 0. 695, HARYE T 1 T ik i 5 AE
LM HE ) 1 IR T LA RRAE
4.1 HIEMSTEREF

AR SCHEAE A light GBMP Y I 25 (1 3 it opr o AR 48 45 10F i
BRI IR 8 L o v A5 70 5 00 o 8 3 1) 1 T R B g K0 ke X R AT
TS THE R . M A SRR A S R 4 BT
AR HEAE B R A H AR B R lightGBMUY i .
& 4 AT, TT DA 26 R 04 R AF B S SR AR A Y R F R BRI
T 3% 35 1 LA, LR R T 3 T X LT 4R 1 T S ) L A, B
A T B RN IO T AR 0 A T K SRR 1) T RS

B4 RRAEE 2R

Fig.4 Feature importance ranking
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Fig.5 Correlation matrix
BESTN o X v . < I B
onetime deal] AUC1H4 0.6916, @1t X} b nl LLA 5 light GBM B HERE R
hunter
repeat buyer :J: XGBOOStQ
.20 . i
¢ ' # 6 LightGBM &%k &
S 15
E . . .
o {\ Table 6 Parameter setting of lightGBM
10
5 ‘\ Objective Binary
N
e < Lambda_l2 1.4618
0 ¥t - S 4 .
0 01 02 03 04 05 06 Learning_rate 0.0164
Value of Feature ‘old—buy_on_the_day_seller_ratio’ R .
Max_bin 31
63 9 T LT 5 GE 0 43 A 1 Min_datain_feal 5231
i L . Num_leaves 39
Fig. 6 Distribution of feature between customers and sellers ) )
feature_{raction 0.3892
Reg_alpha 4.9016

5 Xy
% 7 XGBoost 24k H

ARIF T 2N A, KPR k22 Table 7 Parameter setting of XGBoost
light(}BM ﬁﬂ%ﬂ[‘% 7/H\: AUC ijj@J T 0.7018, Objective binary
5.1 HEE3LL emme o
SEE T light GBMI!Y # XGBoost™ ™) B il 75 32, A8 3¢ max_depth 6
i 1l Hyperopt ") 5 BM P A BUREAT S 4L R . 12 light- e
GBM S gk 6 firsl, xgboost ZHNER 7 Y, L colsample_bytree 0.7421

g IR W, light GBM B AUC {E15 5] 0. 699 7, 17 XGBoost # reg_alpha 0.0674
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Table 8 Relationship between number of models and performance
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