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Abstract

In the context of the rapid development of the e-commerce industry, the diverse and abundant user
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behaviors have laid a solid data foundation for building recommendation systems and predicting
purchasing behavior. This study utilizes e-commerce user behavior data provided by Alibaba Tian-
chi as the research material and constructs a sequential model that integrates multiple behavioral
features such as browsing and collecting. The XGBoost algorithm is employed to predict purchasing
behavior, while the SHAP method is introduced to enhance model interpretability and quantitatively
analyze the importance and impact of each feature. The results show that compared with baseline
algorithms such as Logistic Regression, XGBoost demonstrates superior performance across multi-
ple evaluation metrics—including Accuracy, AUC, and F1-score—indicating strong predictive capa-
bility. According to the SHAP analysis, factors such as the total number of browsing actions are key
determinants of purchasing behavior, whereas short-term behaviors and collection actions contrib-
ute relatively less to explaining purchasing decisions.
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BTN VGG R AT 00T, AL T AT S it 1) IS 52 A I 1 3 A 6 R 4 2 9 32 1
G . R R DR T TG FE A LA — AR TE, T PR 7 BLAEA PR AL 2 AR A6 35 45 o 11 182
P21 ST, HLES % STHARLE L AT AR S B3 B0 2 S . 2L, XGBoost 1y — i A
FESRTFRASRY, DR HLAE AL FR AR R MR E 55 2R . 806 0 ) T e L S R0 4 2 B 5y T LA 2
EARA, TR I ST A N PR R R 1B — (3], SUEFEIRE, SHAP J7i AR ke
BT Gi— EPE RO HE S, AT )T R A4 N A T 45 SRR TTR, A BT — B 3R TR 35
WA R AT R, ATTEINIR S P AT WL FR AR 4] AT AR FIR A R, 235 ok
DRI SIS AT g 2 L L MU Mg R 000, R T8 R G I P (04T A 9B D 1) 35
WM. f5 B XGBoost WXL ALKFE AT 2], FE45 4 SHAP 4T HAR RS, 7T BLIR B0t
W SR SR B B AT R, IR — 25 B S SR A AR . IR A BT R T A
PRACE B WS, A SIS RS A AL R R T SR IR AN (R R[S, AT LTS 45 SR (L AE FE 18 2
TERAL T 6P PG SEAT SRR, e S TSR T BT AT R AR P O M R0, TN A7 R A
FAERIF 6 1 B R THR (L o] S0 Bl S 3.

2. NXHkGRR

Fi P28 W 0 5 P I P AR I SEAT O, — B R RSk RS E R O DU . BN 0 2 A
MGG 71, TR OB A R, SRS MRS A TGO FARAE, DA DU O 50 5 0 S
T, ok ARK A S AT BE AT HEIBT[4].  EARILI T IR SR MU BN B T B — e R S, (BAETH
YRS . ARSI REE, LA AT R 1A BT WA T R B R T I, R TR A A AR
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A o P A R B 1 U K DU T SERE ST ROBR T HLE 5% 18T O T I SAT D 0 M IR R B R B8 42
P BEMLARAR S SR [ AL T I 2 B T SRR AR 0 AR I, R T X 22 4y A\ 5 AR R P AR
A EAT REFRIUS]. IR, IXLEHERLIE ¥R G878 70 25 8 P AT AR [0 P AU R T e JE R &R, TR
XEANRIAT AL AT ™ AL IREN RN 1 AR GE % o DA IR L3 ), 2 AT NP SR T 08 52 B R TE
ZITER AT & LR OB NI R SEEEAT 9% R TR 2H 308 Fr BRFAE 45 7 %

HIEh AL S L AR A5 U e B 2 3], WETTRWT, K AT D9 AN N AR Y e 56 25 32 T 5
TS L, RN O PEAIERE SR O S AT PR 2% kA [6]. L M BURE S IR, WLSTM 5
Transformer, W] T FACER B WM 5 AR AZ H R AR (7], AHH AR A 2472 FLAE S B FH P i
M) E R (ERTHEALE WS, SHAP 4% | — B4 — FAF L ST B HESE, Tl T Bofb ANy
AEXS TR 25 R AL BRFE M . 2435 XGBoost S5 WA R 45 5 HIIN . BE % 5 i i 1 #5725 84T DAL A2 H
JU SR A BOAE R, O PRSI AR AR L AT R Bt T AT SRR (2], fER RO, R
KRB ER . PEALHERE SR LU R e G A0 = B 7 R SEAE 55, BT Mz a3k et (8] &5 b, BUAHE
FUAE I W SEFEIN 5 T A 1 B R, (BT AE P T T AN 2 s Fo—, AT NP SRR AP AE B 1H R
Woe v, H=, FERIR TN RE ) 5 TR R 18 Sk Z S ROT % . BT XGBoost 24T N
G4 & SHAP BIRBENESE, DRI $2 T+ 00NA 15 S A ALE W AR (1t 1 2R W AT A2

3. BWHE
3.1. FiEE

AHTE S AERE T F P P S AT B g F P e SEAT D9 I PR AL o AT S5 4808 Ak — A~ 436
i X TARE— AP , ARE H 2 — BUs TR N AT N A AT NG RRAE, TN R S R A e SEAT
No AR E AT

IEFEARD): ZHPERSEE AN R I E D — R SEAT

FFEA0): ZH P EMEE 1N AR HBAEATIE AT M

TEREAMIE S RE R, DU P R BRALATRER Ao A H P 4% Bz M 24T bRk, R4 SR
3% 7:3 Wthlk 4y, FHEd stratify = y B97 SUARUE IE FAAEA LEAIE I ZRE AT 2 [ AR FF— 2. A&
SCAITASE FH B 800 SR T i) B L B R K A s 5 B A A
(https://tianchi.aliyun.com/competition/entrance/1/informatio), ¥ 75 20,000 Z AP EREFE 11 H 18 HE 12 A
18 FHIE B e BAT Mtk . BRI WAT RidK B AN FEB: HA ID. & ID. H A5 M8 5AT
R AT RN P SR B BAT MBS “WI%E” UG CMAEE” R IS DY,

AT GE AL B B RFE 3 B AR —FOAGTHRAE, FPRARIR W3 15 3 — AT IARAE,
AL LA 2,

Table 1. Description of statistical features
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Table 2. Description of time-related features

= 2. FHE4FETEIR

95 FHIEA PR FHES R
1 7 R SR EL 7 AR BTG ot 0 B K
2 7 RWOE I EL 7 AR P ST T ik ) R B
3 UPSIWEE/ Y€ 7 AR 7 b N T 2 P I

3.2. XGBoost 1EE 52

AHIE G PR FH R AR B A5 FEE S T A AR (X GBoost) Jg T+ ML 284 (18 5 T R 4 FHAE S 1 4 1 o 21 B o AR
BEA TR R PR DL XS 5 T RS 35 o LR AR AR Il i ik AT M i 2 552 21 4%
AR TRBEAL WG AR B, AT T B — AP B ST AL R AR T ASE Y o B AN I GRad A2 DA/ IMb H bR iR B
O, T HFR R BB RIS IE WAL R R e A2 B DR BE % 78 40 OB R AR A, /5 2 B T
R REE, WO EWE RS ESHAECE T, 4070 %% 2] #(learning rate) € N 0.05. MLEUE W EYI
Gtz YE SRR A RE ) 2 (M B BN ERAR ()1 . B KR B (max_depth) X BN 6, FH LASE I B AR (1)
SEMIEARPE, B IR LA R R E . T RAE L5l (subsample) 50 0.8, 7 BI T3 A AL () S 1 5
e k. thAh, NIREERMESEA S, AR A B33 XIHIE(5-fold cross-validation) X 1 84 34T &
GRS . I B I NS ML (early stopping), BIM4IGUFSE AUC FRFRTEZESE 50 Foak AR HIL R
EIRTH, UIZRK BB . SRR Re A Ry IR fE BN R AR v IS S IR, A — 2
& e PO B ) P S

3.3. BITAFIMANE T SHHERIG S &

AW TR BT B AR AT R EEE, N P AT AR ST R S @ . TR
TR OAT N W (type= 1) OB (type =2)~ I (type = 3) LA K K (type = 4).  TEEHE Fikb
H B, B ID MRS, KA AT N H SR R AT HE T, A S B P AT R A
TR P AV EHE . (EF SIS MM SERUG, AT T 7 R & DR E R NGHRE, AHE %2
AT N A A S B SOBR LSS ) AT A FR RS Cn I N 9 2 2 S (A 20) . P (9
BRRHL, UL P AE I R B A U 0] (AN [F) o W B 5, DU R R I S 5 5 308 1. o~
T b P RARAT N AE R (R 4E R B REhAARA, AR TSI NI B B D Geit ik, AN RIS A] X (8] ) 56 5
HHHIAT AT IR . 25RO P AT N AEIE L H BUEEUE A AR, AR B 2 5 1A
PR AN BAT R BATERRAE o BEAh, RIRFHRHES AR E M, IR R 2 R AU SIOE B, SR
BV LE B BE LIz AR s, AR A P AIRHE AT 78— AR B, (S [ A o 3 45— [X (1]
P, AT PR FRLEE 22 S A SR R 52 T

3.4. SHAP @R 753%

NIRRT AT TN &5 A A R, A FTSI N Shapley Additive Explanations (SHAP) /7 v T f#T
XGBoost 1R FITFE . SHAP H T VE R0 AR, HAZ 0 B BIFE T4 5 5 RR R 45 8 5t 1912 R T ik,
T B AR AE £ 00 45 S b ) AR R . 7E B St P 3R, B %6 R TreeExplainer 1R MFEA]
SHAP fE 54T,  DLR B0 SEAT 4 P00 52 1) f 6l 35 B AR AIE o 1220 SRR IE R G Mt A8 R R AR CEAE A 2 THI
TIBRE T, MRS ArBe et . BEJE, B B B 4 B (feature importance bar plot) £ IR E H
R SRR I OGRRRAE , IR A R AE AR A R T A AR A . A, it — 20 2 BRRAE 5 e ST
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BER Z A RBESE 2R, A 7T 48] SHAP #C#5i FEI(SHAP dependence plot), M T A 8245 AE HU{R A8 Ak ol A 75
THIN ) EAREE MR o a0, TE AT D SRS W SERE R (O R, T AR IS, O RRMELAR” AR Y
PSEAT RIS, W SRR AR TH NN s T B R B I B — S DX R J5 , FH P I 0 S A v £ SR 300
IR LT . 2 NTE B TR AT R E T e S FE A AR LR M B, A B AR AR AL 1 T IR
SR -

3.5. REVHEIERR

RNATH PP R BE, FEARTUE T, JEHL 1 #ERH 2 (Accuracy)s AUC (R ROC £k FTHIA, Area
Under the ROC Curve) L & Fl-score iX JLANBFREN F BN FEIR . HERA 26 32 2 FH T 1T S A 20 A A Tl 11
IEWRRRE, I P R A B B R DA TR Y, e RO Oy HERA R . Bldn, AT 100 K,
Horb 80 RIEM, WIHERZEN 80%.

HEF AUC, EREW WAL X 3 IEFEAR S TREA I RE 1. AR 2 WA ], TEREAN w4
e, TREAR AR EBIRAE, AUCEHBS, RUTERBEEARS AEH X 7 00 5 oK B0 1 N8

& F Fl-score fatr, LA HE T &2 (Precision) 5 7 4 % (Recall) . 2145 122 T A 1E 1
A, SEPRIIENIEREARMLLE]: A2 R 4RE TR SEhrIERE A, BOBR IR 00 1) LE 5] . F1-score
TEFEAR A A BTN S N EE, FInEREAER LT, EFEARENR D, AFEASEARZ, I Fl score
AE: S A T DA AR 2R 1 R

TP+TN

Accuracy = (1)
TP+TN+FP+FN
Precision = P 2)
TP + FP
TP
Recall = 3)
TP +FN
Fl = 2x Prec.ls.mn x Recall @)
Precision + Recall

Hrh, TP. TN. FP. FN 2 HIFREIER . HAE . BIEFSEAGIEE. Bidsgs g =0, &
WEFCREmE MIERf I« A e ME 5 S e = N 4 VA5 A 7R o 75 FH P ) S T T 4% R R B0

4. TRERSE DR
4.1. EREER

NG RL G RPE, A SCK XGBoost 157 5 Logistic Regression. Random Forest DL & LightGBM
SHLFREIF XL, M Accuracy. AUC Al Fl 1X = Iidgat H T4 GG (FE LR 3). 45 K0,

Table 3. Algorithm results
3. BAEAR

it Accuracy AUC F1
Logistic Regression 0.8832 0.8334 0.9379
Random Forest 0.8888 0.8261 0.9395
LightGBM 0.8827 0.8360 0.9377
XGBoost 0.8915 0.8502 0.9407
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TREARRIRA ST, XGBoost 157 GE % T AR E HIOKE IX P ZRFEA X 43 FF K. Hh4h, XGBoost 1%
Accuracy Fl Fl-score [EFEA7JE#%H . XGBoost A5 B 7E TN J7 {5 R HLH X Fp ] FRARAS . X — g5 Rt —F
BIAIE 1 2T FE SR A SR A B2, 7 A 2R A ] B2 00 JR K B DA K R B 2 A8 BLRFAE RS, B BA
EHEH . FFH, XIS RS S T VE RS 2 AT N ARFE,  RER8 SRS A b S B P S ) e 3K

=
4.2. FHERB S

M 2 ATELE Y, BERLRG AT DY U O AR D “ RS BRI A “ Uil
P AR DL CTEIRREL” o IXESRHER T SHAP H B3 m T HARAR R, RETAER P IWEAT A
MITEAE 25 o BT SR g ke Forb, BRSO B, R AT O AE
A SAT T R R rp BAT Sk FLOCHR A AR o PP 0SBy, TR LT T i P 3 JRE AR, F
FEE BRI E e sy, AT S AT RE ™ A AT

RN I A R SIS R I SN . AT I AR T BRI B I S R S
BRIERAR, NS AR TR B . DRI, RO, AR Sk T B0 S R . U]
FE RO R HEA LAY, BT B R DS R, BRI ST RE M . DR R
KT AR RIS R R R, 6 A A R 2R R S o0 E T REF R BE 2 W Sl . bAh, 0%
BRRE L BRI, SO P & R SRR 5T G RTE B UIAE O . IS BRI [H]
FACHI T, Ho A e v 5 G HOBUREIE 3 S v, AT BE 8 5 7 AR W SEAT O . 455141 1 i SHAP 73 Al
By ChdE— D 2, AR R (BT P BAET b 7n) 38 F X ML IR 1Y) SHAP i, LA a2 3 ik
B B IRE AR “TEERREL SEAT O ML, & BRI SR . MR, RIEI
ERMRCE O, 24 SHAP (H& PR 7R XK, RIVBURK T IAT 82 5 B A L DLW e i 1 5K
. 25 b, IXEeAIRILERR: SEE, RREerioR. B BTN, RIS RS ST N
R, T AT 9 LB S SR 1 P T 6 P 2 ok B 0 0 S T M

BT RTSCINA M E R, “7 RBXEL” “7 RINMEYI 4“7 RYUGEIXED” S RIAT
FRAE, DL “ RO SRR S A AT Jvdahs, H SHAP [EREMA K, A5 00 45 2R ) 11 17 B
B [ MR P AT PR o I AR, SRR AL AR T P A 75 e 287 AR W AT I s kAT e e 5, =2
DL AR E TE S HR I TEA R SRS ml o SET R ST OV EER, W DUARUR LA AT B . E 58, A
AT N BAT B35 I I, DARSE SR T P B (I SRR . N WSO BN AN ) 4= S AT N AR A N
IV B N & 32 20 el P EHERE . AR, FHIMOSE 2 N E N, AR AT I B R B L
Ve FEIAT VI R U AS L IR BN N SRR I 23R T . Bildn,  FH P R] REAE (e 849 s EAT K0 W
ERAIFEAR T H. L, KRR E = e S RoE v, A AR R X A I o 472 ECH 1 ) 9000
(e

R, WOBRSRAT il S B 95 R R R ) AR AU BE BRI WSO i 2 2 T 0 “ X4 bRid”
P L. ORI . PR IA S 2 AT A RERC AL 9 SERR I S 7 Wl 2R3 IR FE R A B o
“CREWORE AL IR, AEAFUGRAT JAE TAE 55 oh s LR TR 25 5Tk ik, ik
“RGRIRE” R T RUGRIXEL”  He SHAP AR S 1 WOBAT S AE AT FE 400 o (10 55 56t RN
S5 =, FEIAT 9 DA AR RE OV e o 5 AL, D SR BT NS b R
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RIGEIR

TEERRH . SR U7 17 7 o 50550 ) S RE R 2 P B GBS 4 5 BT o ISR IIRFAEAE SHAP 73 A
I EREEE, AL HAE AT R 7T RIS, AT S AT OV IR KM A R
AR RO R . BRJE . FESKEBR LR SRR AR, F T B SEAT Dyt H el A S i 4 S TR A R
2, MRIAT OGRS BIAERT o — U3 S AR A A N AT JE S e s W SR 2R, BE 2 S sk
BERE P R M5 5 . SHAP 45 R ERFEUT B B, RUIH O Ml 21X — AT e BIKHIAT
DI LR S B B R R P R SEAB RS o 2R L, REHIAT DR IE S MACE SR AE LE AT T A I S TRINAE:
ST IR, BB W AR IEA R B R A AR B, AT S, KT N R
PP R € B e ARSI, B e AR v LA S S A AR 1) S I i S5 RV & i T 5 1

IBEZHE, IR 7R RAE S STANFAT 2R ) EE AR I P A ) A B 2

Feature value
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Figure 1. Overview of SHAP
1. SHAP #FiR[&

x=sxs [N
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Figure 2. Bar chart of global feature importance
2. EEYFHEEEMETE
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4.3. ITAFHEER 4T

M —MMERE,  “7 RBRE” “7 RINGWGERE” ST L, B “ SRR
7“7 RWGEIRED” S50 RO EE, HoF SHAP EHEAMmMAL, ALK TTMBCN AR, X
RY, AT N RSCRRAT J9 72 AR T T S DR ST AR TR e g . AR 55 WAORAT 9 B 2 AR B
TEAEER, AR W SER K BTt T AT B BT Y A i I PR SR M sh BRI
SR ARG S S P P BRI St . AREL 2R, R R s L3 AT, i i B R i e
P2k H, AEAB 7S P S SR R 5 T s SRR AR o X SRR, 7R R T I AT e T
ek, NS T B L BT 9 5 B AR R T B G sl T R B AT DAL, AT B THE A 3T
00 RS PR S T A

5. &t

AR TEEET TG 1 2 AT T AR, ¥ XGBoost 141 5 SHAP Jrikgs & N, LRSI 4 #r
SN P W SEAT N R BRI R - Il Id SHAP (B0 Al &0, S0 SE 8 e 42 8, il e s 0
PASZ IR BR R H, & TG 2 M SKAT N AL OV AIE o FEIXSERFAE R, D0l AN AP 44T e F Y DA% i
A B i A W SE Y e AR AR DTk de R, AR 17 LA I S R SR B A v RO B A T o 5 Il B R B AR
WP AT 6 EIRZ RSB, SRR BRI P X1 6 OB BEAN S AR ACT . XS K R THT
DRI EL AN FFAEXT - W SR REPE S B A B8 i IR s . AL R, JEHAT R AR “7 RJBEIR
BT RIMEAERE” YA MOEAT 91 HE ELE R B, R I RIIAT i sl B 2 4 B v LURS € T
TR P (S b S B o KT I B Fp 1 BBl R AL RE S B 4 T 3t 20 P (A S i), DA AR i f
BRI EER TN B . AEZATNFHINT, KRB RBUFIERIE R BT e Pt I, Refs e B 2
B 0 SEABT 17 R R S 2. RV ARSI FUAE 2247 9 7 S BdiE 2 il 1455 XGBoost #7845 SHAP J5 74
R SEAT AT T R G0, BAEAEE TR, T EES RS SHE I P LUAEHEEE. H5%k,
PE AR, AHT TR R L S A TT B i F AT B, HLH P AR AR AT T G da E A AT R
FEAERFENE, DR EHIE TE S5 A At oL 1 65 BOAN (7] P 7 B T RS P P o 72— P BRiE . HK, AR WETT
It (RS BRI 1 X0 IO SORR B SRS A% O AT D, AR AT T At B i e S DR B TR L
DRIZR S QA RS e S M L AR SR E B PEAL I 55, BR A 1 B R AR E 77 ) A T 1 » 641, XGBoost
EAEAL B AR L OC R AN R 4R RS AE T TR B R, (ELEL T RE AT AT AT 32 S B0 B R I R 880 2 A
SN, RO FEAS SRR AT NP ST BEAFAE € R ZE . Fa, AWETTEET SHAP Jiid xR RHAIE DT Rk
BEATAERE, {H SHAP M 8T Frll RO R S A AR 8, 0 HAt SRR (IR JEE e S A 2 )
EE AT N ER, AR E A5 R AR (@ VE T REAFAE — € SRR o ARRBIE T AT 25 P& I T B dls R
SINEZAT N EAERAE, HFRR SRR E RS G IIE, LR K2 AL RE A S bR B HE .
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