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Abstract

In the current context of increasingly fierce competition in the e-commerce market, improving user
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retention is crucial for the stable development of e-commerce platforms, and thus predicting user
churn and formulating targeted marketing strategies is of great practical significance. Based on the
data from the Retail Rocket retail e-commerce platform, this paper constructs an integrated frame-
work of “model prediction - feature interpretation - strategy implementation”. By analyzing feature
set importance and marginal gain, the drivers of user churn are explained: recency is the core fea-
ture, accounting for 57.22% of the contribution, followed by frequency, accounting for 32.98%; the
main features at different risk levels have obvious nonlinear threshold effects, for example, the
threshold of “minimum purchase interval” in the high-risk layer is 10.94 days, and it also shows the
interaction relationship of key features such as “session recency x average historical purchase times”.
Based on this, this paper constructs a “risk-feature-intervention” hierarchical strategy, forming a
complete closed loop from churn early warning to precise marketing, demonstrating the unique
advantages of the HGBT model in dealing with challenges related to nonlinearity and interaction
effects when processing e-commerce behavior sequence data, and can provide efficient and reliable
decision support for e-commerce platforms.
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R SR TR AE A FL AN o 38 I 45 & AN T (1) A% 22 R0 S0 AR R B AR 42 SR AR B 54 . Ik Ah, Peng B GA-
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3.1. JESHFHMETE

B LK (customer churn) 8 7545 7€ I8 8] & 11 N 5 Al 28 1Mk 25 8 R BN B R AN EPEAS B P 4R
1] A T FEHIELE Retail Rocket, J& TIERAM RS, RATEEIE 1Y target_event
I E Y 1 I PRI P, B9 0 B PRI P o 3RAT3RIL T 2019 4E 6 H 2 9 H IR
P AT RS S8R, B 24 EREES . St 8355 MEAR, BIAK PR EN 36.11%, HH M
TR R AN 1 Fis .

Table 1. Statistics of churn rate from June to September 2019
= 1.2019 £F 6~9 ARKESIT

Month number churn rate
6 214 29.08%
7 2282 35.08%
8 2798 35.46%
9 3061 37.96%

JRAGEHRE IS 247 NMRHE, BE T AT AR IIAER REEZ MG E. BAT 2R E
17T DU BIRSE e S RHE IR IE, S s, IRATRZERE 45 MHEH T R84S -

(1) SRRAEAEHE.

S FBUE R B2l , R PO BOE e, T BOE 78 AL G R0R 59 K BB 40 A AR AR o $dis
oAl

(2) 15 ZERHEL I8 :

K H VarianceThreshold 575, WHE 7 ZREN 0.01, HIFRT7 2T ZBUEMFRHE. K7 ZRHIEIE R R
BUNTER ZHRE AR BUE AR E 2, B BB AL, NIURE R, ZX AR P i o R S E

(3) FEAHRMERHIE T ik«

BT R RAEME R R BT RARHIE 2 [ A oM, BBRAHCREGE T 0.90 FURFIEXT, (AR H 2z —.
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ARSI PEREFEAR(ACC. F1 Hl AUC) A Iz 47 R4 (NI 2R 18] 5 T s [B) ) SR HEAT 255 VP -
AL, A DEFATRAEEZANE 47, SRR T iRt . Bk
(1) #EHfZ (Accuracy, ACC)
FoN T B RURLAR SR R IR L], 5 SO
TP+TN

ACC = @
TP+ TN +FP+FN

HrAt TP. TN. FP. FN 73 SR A R T 9 TE 2R I IEAEAS . R B Tt g 7 SR I SRR AR . A 28 Tt
NIEZRISREA L OB T O IE R IEREAR . ACC B 5 18, (EAE 2 7 It 28 T i 2R A AP i 5t R
AR Z BRIV ES, R U ERGES %

(2) F1 14

RN NG 2 (Precision) F1 4 [A] 2 (Recall) IR -3 -

Fl— 2Prediction - Recall

— (3)
Prediction+Recall
.. TP
Precisio = “4)
TP +FP
TP
Recall = )
TP +FN

F1 Bef8 256 WS AU D BRI PO BRI RE /7, T B A8 SR 7 [R] B0 BE (AN P47, 7EIR KR
v v 5 2 SR

(3) AUC (Area Under the ROC Curve)

AUC [RWRA2 = AR PERE, YERIR(0, 1], A 8:

AUC = [, TPR(FPR)dFPR (©6)
FNEFTE W REMI 0 2RBME R, AR B E 62 (TPR) SR EFI R (FPR)IZE AR M. BT ACC 5

Fl1, AUC MMEHiF:— 1 BIME, X+ ACC M F1 B AFEE, [FIFS 0] DUB T s a8E 248 ) A T4 1) i) 7
R P RS s 4w 2 2 AUC F8ha R TIRT

4, SCURHER
4.1. MREEMERTEE

% 2 JB/nT HGBT HAEWERIZFR(ACC). F1 -8R AUC EEebs LB TE S 12 48 B F(LR) A
VLR PR B B B e 3. BARCRUE, HGBT HBTE 2868 H R M A 4, AUC fHiX 0.9067, % LR
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PRIPETE T 29 2.96%, HEHBERNGRERMS . XFKH HGBT REWS 5 4 Mot 312 fi i Fl P 47 N e 41l o
ME KR, b4, HGBT BB AR E BRI 7 EER % . HGBT @i HIE TR as et 7
HONIEA S fE . #id SHAP {fi(Shapley Additive Explanations) &5 i #7732, 7 AR Z3 BT 5% NHAE
Xof e 2 TIN5 SR ) DT iR, 5 Y55 T B FRARR e 2 1 VR R DR B R R

Table 2. Performance comparison of different models

2. TRIEEE M REXSEE

Rk ACC (95% CI) F1 (95% CI) AUC (95% CI) Training time [s] Prediction time [s]

LR 0.8351 (£0.0026) 0.7376 (£0.0039) 0.8806 (+0.0022) 105.66 (£13.97) 0.39 (£0.01)
) 0.8455 (£0.0023) 0.7827 (£0.0035) 0.8913 (+0.0021) 42.37 (+1.26) 0.40 (£0.04)
HGBT 0.8558 (£0.0022) 0.7691 (£0.0033) 0.9067 (+0.0019) 19.23 (+£0.64) 0.42 (£0.01)

4.2. FFEETE O

IR IE S RFAE ZH AL B AR 5 AN R XU 2 AT R B ARDOS BTk, R ATTRE 20 47 OOF 38 ilEFE A AT TreeSHAP
fileRE, PR R ZH N SRR SHAP R MR R JZ otk BEE T EINME S 95%BEE XA, JFit e 35
R 5 L

(1) FEAEHETTHR

TEAARREA E, Recency 41HT-13|SHAP| 5 LE l 57.22%, &3 T HA4H; Frequency /5 32.98%, J&
%5 —fi7; Monetary (5.01%). Date & Time (3.77%)-5 Preference (1.02%) 5T R/ NIL# 3). IX—45 R K,
Recency (FH F B FE 5 75 BN A1 BE AH Q1) G 15 ) 5o It 2 XS 1 A ) B i, AT AR SR IR AR A E 1Y
ARG R

Table 3. SHAP values of different feature sets
Fz 3. T[EIFHESER SHAP &

2H5 SHAP {H(95% CI) TTER 5Lk
Recency 1.842 £ 0.0062 57.22%
Frequency 1.062 £ 0.0016 32.98%
Monetary 0.161 = 0.0004 5.01%
Date&Time 0.121 £ 0.0007 3.77%
Preference 0.033 +£0.0002 1.02%

(2) AERE)Z

R SRS A A 8 7R AR IR A A [ 3 2R R FH P R s 22 7, /N1 T 20 31 OOF (out-of-fold) Tl i
RN mAEARST 4y, LBk 43 A High (Topl10%)/Mid/Low —ZEANH KK JZ . OOF 43 ¥ A& Wit iZ 4
AP =, B s B

1 7R T ASE RS 2 AN RRAE L I DTk o5 b o XU 2 32 38 DX T IR J2 o 78 FR AR XU )2
H, XU ZE T Recency 5 FUAAY LUK KU 2 11 3.7%, AU 41 Date& Time $FAE 4 & - XU 2.,
HARRHEAAAZEA K. MESXEEZH, Recency HITTHAH 52% L FH£] 79.9%, 1Ml Frequency [1AH X AL #
IR TR 36.5% FRES] 16.6%). XSRS 2 Pk AU X TA] I, RS gl d el “ AR - il
FEFHE” AN “HEEES” o AN S ERAE RGN WL
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Figure 1. Feature contribution by different risk tiers
1. NEXUKE & BIHFE SRR
4.3. FHESKIDPRIE
Table 4. Marginal gains and F1 performance of different feature groups
4. TEFHEBERNAFRMERS F1 &I
FRAEAH ERZA AUC Aauc (AR 2E) f1@0.54
Without-Recency 0.8793 0.0264 0.7485
Without-Frequency 0.8955 0.0101 0.7202
Without-Date&Time 0.9054 0.0016 0.6583
Without-Monetary 0.9040 0.0002 0.4447
Without-Preference 0.9056 0.00008 0.4844
Table 5. Model performance comparison of single feature groups
5. B—FHERRIRB M REXTEE
FRAEZH AUC f1@0.54
Only-Recency 0.8933 0.7485
Only-Frequency 0.8732 0.7202
Only-Date& Time 0.5673 0.6583
Only-Monetary 0.5632 0.4447
Only-Preference 0.5514 0.4844

fe 4 TN, AU F Recency #54E4L G AUC M 0.9057 B2 0.8793, HiABrIE2EN 0.0264; 1V A#H]
Frequency 4, } AUC B§H FFF, PRI 0.0101. HARFHIEZH (Date& Time, Monetary, Preference) % 4 4
BRI BRA TH /N AAUC <0.0016) . X Ui WI7E LR 47 5 2 IR S H) 0 Y, Recency /2 1H 25 5\ Fre-
quency R, HARAE ST LT — FWisin] i T s A e RER KRN S —5. &
F1@0.54 I, Without-Recency =0.7230. Without-Frequency =0.7502 ff] N A &, 7~ 3406 Al $047 21
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AIRE I vTRR IR K o 5 2 AN, HL—hEAE L 45 (L 5)F B Only-Recency (AUC = 0.8933)55 Only-Frequency
(AUC = 0.8732) L B o] T2 e s 3 28, 1 HL R FRAE L s v PR B35 55, 3 —BIE T ikgsie.
44. FEYNSHE
Nt — PRI 43 2 R DRIV E 22 5, FRAT1IE T SHAP J7vE4i] 7 AN KU 2 N RO RHE

“purchase_recency min” (Ji 3K [A]§& 5 /ME) % 2 P i 2k RS AR O R 1B, 14 2 JRoR TR RS Z R, &
FEAE S FAWRFIE AZ TG R o 185N purchase_recency min (Bl — iR “WK” BEAHRE), Y iy SHAP
fH, SHAP {HRIERS, FIZFHESIINZ AR, A, AARSBRIORAER. B A s %
R R S5 N AS ELRRAE, 2 XU 2N “inter_session_time _sum” « H1 XU /2 4 “ purchase number mean” .
fRX)JZ N “purchase revenue sum” o

High Risk Tier - SHAP Dependence of purchase_recency_min

20 40 60 80 100 120 140 160
purchase_recency_min

(b)

0.8 1
- 160
0.6
- 140
£ €
. E 047 L120 @
e QE)
o C £
50 0.2 - 100 &,
— U
© Q@ c
> Ll o
o )
< & 0.0 -80
T © 2
wn S CILJ|
3-0.2 - 60 2
- 40
-0.4 4
- 20
0 25 50 75 100 125 150 175
purchase_recency_min
(@
Mid Risk Tier - SHAP Dependence of purchase_recency_min
0.4 -25
0.2 i L] ‘
£ S -20 S
E (]
< 1 0.0 1S
£z |
R 2
=} - 15
T 502 €
> s_l g
o g |
<804 a
ns 10 ©
£ g
2 0.6 a
-5
-0.84 ¢
H
0

DOI: 10.12677/ecl.2025.14113551 1195 N E o


https://doi.org/10.12677/ecl.2025.14113551

LE 5%

Low Risk Tier - SHAP Dependence of purchase_recency_min

1.00 -1750
% L]
.
< 075 .. - 1500 c
o E| ° o 3|
. -
RS 2 0.50 -.’ 1250 >
(O . c
28 o’ g
R () -1000
> < 0.25 S ud
o 8| - ¢ o
T - 750 @
2 S 0.00 - §
>
2 500 2
-0.25
- 250
0.50
0 25 50 75 100 125 150 175
purchase_recency_min

(©)

Figure 2. SHAP dependence plot between two features
2. MFHEZ B SHAP fRk#iE

BAAEE, SARELE 2(a) 1) SHAP {E(IER SRR IR A EF, WL A, Rk
Bk, Hoxih s ORI, iZARFERTAL R K SR A E B B . AR, SRR Z (LI 2(b))
AN XY B (PRI R AR ), BB S EH AU =T, “purchase_recency min” i — 7€ BI{E 5 H
72 T L B ST ) e — g R 2 It 2 JRRS [ S 359 g S BB [ 2 XS A2 AR ) RS =X,
I TR TR Z LA 2(c)), KEFEASEFTE “purchase_recency min” $UETE 25 724, HoA
TEE, TSRS SIS i, OO PRI A RS A E B R o E— B Ul B R 2 25 P E i SN
+ GHIAEERE” PRHMEAA T, WS H A REEH] . AT, “purchase recency min” X AS[F] KUK 2 2
BRI AP ZE 7, 4G & XS 2 BIRHE, REEIEMTHLE A RIRHE & 2R & 82

AV — B AERGAUF4E E, DL “purchase recency min” Jyfidh. XK SHAP {E NING, Setinfrsy
PR RIME RN ZE: B RERR E R — 4, R s 2 sl (R AR B A AU S T LAUINAL MSE
/N NHERE HEME T, B 3 RN SR TEUS . 2 AEME S B G . X5y A ML 1H 1) SHAP 4K
BN T %O FFIE “purchase_recency min” (8 S [8] B e /IMED TEAS R RS JE e (i R AR 2 ) HHox)
5 PR SR RS PR i 515 R

TE RS Z (LA 3(a)), 21 BRIE 2244 34l 43 J9 5 1 [X [A]—— [ {E(Breakpoint = 10.95) 7l SHAP {E
GBI, MK AR R R, FEH 20 3K A] B A I i R S, % v AU B L A KU R HE B 4
WREESR, S51ZERE PRGN 552 AR I RE— 2, JF HAMIRRE 2RIk Fx
5 2L 3(b)) 30 5 ST A A2k 1 5% 2 - B (Breakpoint = 8.76) 22 Il SHAP {8 A 61 (EFAE FEAR I 25 XU »
A ER A T HARRSE BT, {H& SHAP {EIE W T A0, BIERSCA R TT M KT i, REIZE 0%
0 g S ) W A 265 v R BB o AR PRG3R 30 4 258 5 ) XU 4T i AR AL, 46K 2 BUR SR AE SHAP
{E4[0.0,0.5]X ], &AM BI1E(Breakpoint = 4.72) 7 ) 52 5 & A 2 JAH 7 i — 8, - H.
{ELET /NP “purchase_recency min” [X[A], 15 BHICIR I K [A]B@ A 254k, ZAFAIE 4R 2 A BRI 2R R
B IAE T, ELAS 2 R 1) i 2 A T e KUR Ve o i AR i e, X SRS & iR R e Em s s . =38
A J2 IR AR 1) 5 2 B AU R AE T o2 e B e, o J= T TR S Se it 7 2 ikds .

DOI: 10.12677/ecl.2025.14113551 1196 N e


https://doi.org/10.12677/ecl.2025.14113551

High Risk Tier - SHAP Dependence of purchase_recency_min
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Figure 3. SHAP dependence plot with threshold estimation
3. W EI{E T SHAP {k#iE
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High Risk Tier - SHAP Interaction Heatmap (TOP 12 Pairs)
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Low Risk Tier - SHAP Interaction Heatmap (TOP 12 Pairs)
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Figure 4. Heat map of SHAP interaction effects in different risk layers
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Table 6. Thresholds for main characteristics of different risk groups
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Table 7. Hierarchical statistical parameter quantity
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