E-Commerce Letters LR 551k, 2025, 14(7), 2525-2534 Hans X
Published Online July 2025 in Hans. https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2025.1472463

ETERBFINEEHREEW TN
A R S 4

F B, HBRTF

DM S Gt e, St Bk

Weks H . 20254F6 130 FHHEM: 20254F6 H25H: KA HI: 202547 29H

=

BEE R BRI BIR, R A R R T &R VLB RIPRR, 2T B P& Mg P T A%E,
AR ZEIRBETIE R E WEWITA, N FERRZSSHEENZERRAEEERN. &
XETHEBERMARRERBEEERETARE, BEME -NETERY ] 5SHAPREREILE
BT RTARR, MXHE S EWT AT RN SR A . EREPEENR, KR E X EHEH
EEBATO R, S EIEAPE IR, A SCRARENL T RN EE S TREARRET TR, A
TREEI EE W EREARR ARG #85E, BIHEREAAEEBRE, B&ERE T 18MHEEN
JESE R E R AT AT SR, UeEAERFERS LRI B 2. BRES
SEEFME. BEE, ZETHERI USRI (GBDT). tREHHE 1R T (XGBoost) FENLARMEIZ(RF) KIL4E(KNN)
AP ERE (DT X AP 285%, RA A S A S 80T B3R, iz HStackings
R ] SRS A L B R TRPUARRY , S2uh 45 RF B, StackingZE B AIFEAccuracy (0.7750)- Recall (0.8677)
Precision (0.7824) ) F11£(0.8228)#a45 3L T — 1A, BFREIFREZMAET. &5, EiISHAPHERE
P TRA M E WK REBER: 1T S HEERFE(cat_unique. action_2_freq. item_unique)X}
SEHPEFREEEREW, RBERITA ESEENAFESREMNEREER: AP EBR1E
(age_range. gender) X #4iHBUHE (time_count. cat_count) W FANFRAEE . AT ABTHS
B BRI ERANEACE RS . IREF S BFERRM T AALBREFE RE R

>3 4L
HEHD), SHAPEREME YR, HTRS%, BTN

Prediction and Interpretability Analysis of
E-Commerce Consumers’ Repurchase
Behavior Based on Ensemble Learning

Pan Lj, Jiyu Yang

School of Mathematics and Statistics, Guizhou University, Guiyang Guizhou

SCEGIF: AW, Bk T TR ST I R Y 9 AT N TI B T AR R ST, HT R 55 PRI, 2025, 14(7):
2525-2534. DOI: 10.12677/ecl.2025.1472463


https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2025.1472463
https://doi.org/10.12677/ecl.2025.1472463
https://www.hanspub.org/

iy, MakT

Received: Jun. 13%, 2025; accepted: Jun. 25%, 2025; published: Jul. 29, 2025

Abstract

With the advent of the big data era, the e-commerce industry is facing unprecedented opportunities
and challenges. Leveraging massive user behavior data from e-commerce platforms, in-depth ex-
ploration and accurate prediction of consumer repurchase behavior have become crucial for en-
hancing customer loyalty and operational effectiveness. This study utilizes e-commerce consumer
behavior data from the Alibaba Tianchi Competition to construct a repurchase prediction model
based on ensemble learning and SHAP interpretability mechanisms, aiming to investigate and fore-
cast consumer repurchase behavior. During the data preprocessing phase, the study first addresses
missing values in the original dataset. To tackle the class imbalance issue, random under-sampling
is applied to non-repurchase samples, thereby improving the model’s ability to identify repurchase
cases. Through feature extraction and selection, 18 features are ultimately selected to comprehen-
sively characterize users’ behavioral breadth, diversity, activity level, and platform engagement for
subsequent repurchase prediction and model optimization analysis. Subsequently, based on five base
classifiers—Gradient Boosting Decision Tree (GBDT), eXtreme Gradient Boosting (XGBoost), Random
Forest (RF), K-Nearest Neighbors (KNN), and Decision Tree (DT)—we employed Bayesian optimiza-
tion for automated hyperparameter tuning of each model and adopted a Stacking ensemble learning
strategy to construct the final predictive model. Experimental results demonstrate that the Stacking
ensemble model outperforms individual models across multiple evaluation metrics, including Accu-
racy (0.7750), Recall (0.8677), Precision (0.7824), and F1-score (0.8228), exhibiting superior generali-
zation capability. Finally, SHAP interpretability analysis identifies key factors influencing repurchase:
user behavior diversity features (cat_unique, action_2_freq, item_unique) show significant positive ef-
fects on repurchase prediction, reflecting how behavioral breadth and depth enhance customer loyalty.
In contrast, demographic features (age_range, gender) and certain count-based features (time_count,
cat_count) contribute minimally to prediction accuracy. This research provides e-commerce plat-
forms with data-driven decision support for refining personalized marketing strategies and improv-
ing customer retention, offering practical guidance for business applications.
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Figure 1. The class distribution of samples in the dataset
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Table 1. A detailed description of the key variables in the dataset
1 HIEEFEFHMA

Hym R FE B AR
user_id W4 FEIE— 1D Zmht
item_id T T TR A — R T
cat_id ] o BT o S 1 M — i )
P merchant_id PR IME— 1D $mfig
ITHEE _
brand_id FE i it L ) M — S
time_tamp TSR] (M ;- mmdd)

1540, 1,2,3}, 0FRHd, 1RRBMBIEYE,
2 RN, 3 RN INE e

user_id W4 e — 1D gmiit

FI P ERS VIR . 1. <18 %5 2. [18,24]; 3: [25,29]; 4: [30,34]; 5: [35,39];
6: [40,49]; 7: >50 %; 8: >50 ¥; O Al Null ForAH

action_type

FH P i age_range

gender R R, 0FRRLt, 1R RBME, 28 Null RoRRA
HArAr & label BE{0, 1}, 1RrREELE, 0 RRIEEE LK

AR TACFRRY B, A3 P B R AR AR RS T gender, O A1 Null ¥y R AR A1, SEil 4 EE A 0 f1
Null fIREASEA 95,131 4%, WLIE 2, HREFEAREMHRER 22.43%, AReW L EEMIG, bIRi1H 0 Ha
Nulle XFF P ERREIE gender, 2 A1 Null 33R AR50, 3¢ 2 45 R BRMENR MM EIE G 16,862 4%, 4
SFEAEE 3.98%, [FIFH 2 78 Nulle xF THPATAHEHEE, REFRHE brand_id &G 6 E(E, 3t
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Figure 2. Distribution of age ranges within user profile data
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Table 2. Distribution of gender within the user profiling features
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Table 3. The extracted features along with their corresponding descriptions
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Table 4. The features derived from the feature engineering process

3 4. FHE TR BY4FE
FHIEE FHIE

age_range, gender, time_count, action_count, item_count, cat_count,merchant_count, brand_count, item_unique,
18  cat_unique, merchant_unique, brand_unique, action_0_freq, action_1_freq, action_2_freq, action_3_freq,
time_span, user_merchant_op_count
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Table 6. Space of optimal hyperparameters obtained through Bayesian optimization
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Lt BEHH BitE
learning_rate 0.0274
GBDT max_depth 6
n_estimators 150
learning_rate 0.0132
XGBoost max_depth 9
n_estimators 492
max_depth 11
min_samples_leaf 3
RF
min_samples_split 3
n_estimators 341
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n_neighbors 4

KNN
weights 1
max_depth 11
DT min_samples_leaf 3
min_samples_split 6

Table 7. Comparative analysis of the ensemble learning approach and five individual base classifiers

7. EREF I FESAME S LR REXTEE

it Accuracy Recall Precision F1-Score AUC
GBDT 0.7 0.771 0.771 0.771 0.6168
XGBoost 0.7 0.771 0.771 0.771 0.6455

RF 7250 0.8355 0.7529 0.7921 0.6025

KNN 0.725 0.8677 0.7333 0.7949 0.6993

DT 0.65 0.7387 0.7387 0.7387 0.5416
Stacking 4 mi g 0.775 0.8677 0.7824 0.8228 0.6616

K 3 HEMHL R T S5 AMEA M RE, B 45 R R, Stacking £E R AUTE Accuracy. Precision.
Recall I Fi-score (0.8228) VY MZ Lo fahs EIJRIEAR, X5 L4572 —801.

AN 73 s B B R R AL e 3 T

0.85
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0.65
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VP Al
Figure 3. Comparative trends of evaluation metrics among various models
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Figure 4. Summary plot of SHAP values for consumer characteristics
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