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Abstract

This paper discusses the method of predicting user behavior by using the Transformer-LSTM hybrid
neural network algorithm in the field of e-commerce. With the popularity of online shopping, the
large amount of behavioral data generated by users on e-commerce platforms (such as browsing,
collecting, adding to shopping carts, etc.) has become the key information for predicting their pur-
chasing behaviors. Traditional machine learning methods have certain limitations when dealing
with such data that have complex sequentiality and dependencies. Therefore, this paper proposes
a hybrid neural network model combining Transformer and LSTM to improve the accuracy and ef-
ficiency of prediction. The Transformer model is good at capturing long-term dependencies and
parallel computing in sequence data, while LSTM can effectively handle long sequence data and
solve the problems of vanishing and exploding gradients. The model in this paper first encodes the
user behavior data through Transformer to extract key features, and then uses LSTM to model the
extracted feature sequence, ultimately achieving the prediction of user purchasing behavior. The
experimental results show that this model outperforms the traditional LSTM model in terms of in-
dicators such as accuracy rate, precision rate, recall rate and F1-score, demonstrating its potential
and advantages in the prediction of e-commerce user behaviors. Through this improved model, e-
commerce platforms can recommend products to users more accurately, enhancing the shopping
experience of users and the economic benefits of the platform.
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1. 518

AER, FEE TR A, 18 HLT T 55 I S AT FE 2 LR — R RAT I 7 3. FEAEERIE
Yo RErh, PR RE T SK R BT AR T RIS T & B A KB AT 0B, v, ORI
WZE s IXEHRLL & F W I AT I S HE B, B SR Z R A X e, RERE R
Gy PR BT, D T P R SRAT AR BRI REL] -

HER T P P BT AT s TR S5F 6 B R . B BIEE R, P & ] DM e
HERER it SRR A RCR AN R, (RRE 2 A5, HIENN . B, AxZ E AR R
18 55 Ak 2y Gy ia I dh AR %, B TR ER 2R B 5 R R S v U (O HE A L

FRGERINLER 57 21 J7 1%, ABENLARMK . JE 58 B VAR SR ) BEAL(SVM) A, S (e I AT 9 T 77 T B A
TSR BN, A E2]R X LSRR B R TR ST 6 4 A H KB EAT b, Xt
PP AR 2 W SCHEAP R A O, AT 7 SO RHEm R . SKEELF[IHE 1M AT ERE.
1% ARSI SR AR TP W SEAT AR St . BeAh, RS 21T ik AR i U Sk A
40 Vieira S5 [4] R FH IR 2 BLAR 26 A1 E 0 i 4% S SR REAT A28, A B BOR I T 1% 2 (1 R S M BE L AR AR
HH

SR, F AT N BRAEAE R BRI P S IPE R IIOC R, A% GERIHLAS 2 ) MR L 27 2] TN iR AE A B
REAE I A7 A — R JR BRI [5] - Transformer 5784 5 (& FL 5 K (¥ 947 T S BE J1 RO 51 B8 b KU oG 2=
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A A, 76 B IRTE S RS OURIS 7 RN . KA L2 M2 (LSTM)PE A — PR sk AL 76 31
P2 (RNN), REBS G KR PLfE 48 RNN FE AL BR K 57 F10 K00 I R f B2 3 SR FORh BE BRI R, 3 FH T Ak 3
B8] 7 AR P AT s 6]

ASCEHTPEHRE Transformer 5 LSTM AH&S &, #2H —Fh Transformer-LSTM Vi & i 42 o 2% S5 FH T
BT R 45 B P AT TR . %5500 Se P Transformer if B AT MR AT 406G, SRI0OCESAE, SR 518
I LSTM X2 B R AE 7 1 AT 8L, DATSTI A 7 B SEAT O o XA 45 & 7840 K 4% T Transformer 7E4FIE
FEHUN LSTM ZE 7 7 T AR S, A Bt — B a AT R TR HERA B, NP RIS P e iRt
v ) P L HE R IR S

2. BiEHA

ARSI A FA PR S R B By L T2 S Rt KB SE 38 A T84, 618 20,000 44 M1 KE4F 11 1 18 H &
12 7 18 H—"MAMse AT hEdh . SRWMAT NS 4 5B 2087 1D dhi 1D BP0 R i
WIRE AT AT AR E] F7 SR sk IAZ AT 30 “Bl” “WSoc” “ A ZE” A1 “Tgst” .

2.1 REEZI

S B PRI AE 8 4 7 B B I AT RT TN o [ 7], DA 5 B 2 B e TP AP AR S B . FE BRI L
R AN RS THEE W 127 T, S H RSN S BRI ZE . T SEUREA E DU T
E/ 1.8, 1.4, 24, 4515, BTHEMFERE, MEESAETREP LR T YHIrE . R, —
ANHAWEAMFALKI A, AT IE A S H M ENIX LR, aTResa MG I8, BTtk
T IXRHAE8]

2.2. FHETFIE

R, T RGBT ERA N, fRLAgOvRE R R . I ER A -
i AL HAT NG RIE . A SCIRIEARSCHE . AR MR AT ARt = AN SR AT RRAECE 5. PriB ARG, B
RHIE RS 5 7 W SEAT DR 0 5%, BEA R0 I 7 M4 AN ) SE T e 5 AR R DR A6 AR A 22 R A 7 AV
PP W SIS S A AR 3 R AE IU ZESR A AR L 2 WAL 5555 S0, 8 T BRI 45 R . Sk ix
JE, A E 1A AR B AR AE A P R = 280, 31 AMRFAE[9].

BERPRF LA OGNE ), ASCHHSE T T R AR B R AR S R H, DL IR R BEAH ORI XS, R e
FHR R R T 0.8 NBME . X T R EEAH R IARAL, AR AR RE A0S H AR A B s, G #EOR B
FERAR A RENE (RAE o[RS, R 8070 R FEAORRFE BEAT & R B e, WoRAT, SR22. SRELAE, AT
Il RFAIE (8] U AR 15 2 [10] o

i BL R R R AL I AR B AR, SO R T TR AL BAT SR 55 O, AT ROR G T
ZEILLMER S, BRI AL T M R A AR, RS IULE 1.

Table 1. Statistics for modeling

F 1. BTERMZEI

FHIEH A R % 5

FP 1 H R il 1R 25 2852 LI 52 AL 1~4
FP 1 H P RIS il 9 4% 250 B U B A2 AR 5~8
R 3 H PR IZTE il 25 R A LU A2 HARFAIE 9~12

DOI: 10.12677/ecl.2025.1472385 1904 TR 4TS


https://doi.org/10.12677/ecl.2025.1472385

JEISTER

R 3 H AT [RS8 (4 % 2858 B8 A HAFHIE 13~16
P S B (OB MNP ) & A RFAE 17~20
F AR 3 HL S (OB I T T SE) & A it RFAIE 21~24
FP R (O MNP % . 3K & PR AE 25~28
FH P 3 S0 (IR A N 4 e 3K 1 L FH FRFAE 29~31
2.3. AR

NT AR HESE, FIR RSO R BELIE AR R, AR SCTE AR FR B 5 SR T U S

P NGERR S, ASGEPETH 8. 156, 22 KIHIE, X =REF—HEE—K, BARIHN
) 73 HE o ANEEIR B 048 Hh BE LA 20,000 MREAS, 3k 60,000 MEAM BGIZREE . IR —MREAR
e —ANHF - RS ET, FREGTHR SR AT = R IE R, IR R4 05 B R CRIEREAR [ I TR, S
eI H AR AN RN A 4 FH P AT ARRAE

Ak, 2 23 K ¥ 60,000 FEAHE A RS « MRS REA RGN DT, H519R8 2 1 AR Ry
—E MITRIRR, DA B Sk bt i AR R ot T 5 R T B T o N DRAIE B P BEAL I, FERRERORE AR, ARSOR:
T BEHLEIRE 75, SR — RIGEEE PR LR IR A, B IR A O B S B w2 . N T
o AR AN S8 A 1) ) 8, AR SR T SRR R R R AR 45 1 7 25 o o T B /0 R BH MR AR (T S AT A)
BN AR NG AMRE P B, DA R B AT PHEREAR R e 775 RIS, X R £ (KB M
PEAR TG AT ) HEATE 2 R BR ], 38 G L 7E B A rp o 30 40 0 35 1 S e A 2L P I S R ZE VISR 72
A, AR SCIE MR P BEALIME 10% I REASVE N IGAESE , T SER MR IR AL A I 2R R0 Bl Ikt #l 4
o Bh R R 2

2, ARCVEMGET T IZERMIREE p & 2RI o At oL, DARR RS S 10 & BV D 2 R
TEVIZREEN 60,000 MEEAH, BHPEFEASY 100 4, MEMHASER) 60,000 MFEAH, BHEEFEA 112 4.
TP P 1 o0 A S B T SE BRI e S B P AT AR A BRSSO B R i, H SE BRI S AR 2>
B ASCHEBRYI SR FE T, 8 I A AR S5 VARG RO AP, LB m B B /D BB P
AR BT R o

3. rAeEE
3.1. Transformer &%

WIRE 1 R, Transformer 4t #s WAL SR N JE M2 Z gD a 454, = miL e NS H 241
Z: %3k 712 (Multi-head attention). B #1245 [ 4% )2 (Feed-forward neural network). 5% ZE &+ H—1b
JZo XSRS BIRY BEAE X AT R BE EAT S AR S, SRIOGRRE . 2 SkiE N SRR
ANTEAL B ANZ R S AT RBIANIR DT T, AT S8 4 1t R A FH P AT AR K. Transformer 7 2 &AL 1]
1.

3.2. LSTM ®3%

KA WICAZ I 25 (LSTM) A2 — FiRF IR S8 1Y (1) 415 PR 22 X 4% (Recurrent neural network, RNN), #id 5] A
T MCIC A TORR AL G5 RNN B LE b B K 55 270 K008 I 28 2 (1466 B2 1 SR AN FE AR X ) /. LSTM X 4%
L 2,
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Figure 1. Schematic diagram of Transformer
[& 1. Transformer ;REE

©

Figure 2. LSTM network diagram
& 2. LSTM M4 E

e, LSTM MIZE RO = AT TN BT, ST IR 1], XLl B & g )y 8%
M B IR SN, M S B ASKAS 2 44 - LSTM BEAL46 N\ Transformer S FH P 47 MRFIE T 51,
BRI AT N MRS AR AT

HAt ST
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Step 1: B[ :
f, =O'(Wf '[ht—l7xt]+bf)
Step 2: FAI]:
A ZU(Wi '[ht—l’xt]_'_bi)
C, =tanh(W,-[h_;,x]+h,)
Step 3: it :
:G(Wo '[ht—l’xt]_'_bo)
Step 4: KHidiZ:
C =1 -Co+i 'ét
Step 5: FEHAILIZ:
h, =0, -tanh(C,)
Hrp, o FoRBUE AL X RS h, FoRET 2 by bbb, A AUABEETT, I,
MRES, TR E s W, W W, W, 7 R RIES T, N, AHDIRAS i"ﬁl]ﬁ’]ﬂif‘%ﬁﬁﬁi
R R 7 SRR , LA 2 [Ny, X, ] [Pws X B AL 550 3 1A 5 5 (R C,,
AR RHE IR £ 5 [hey, X ) SR T B 2 DUAE 22 B A RRAE Hh R 8 v DLOR B MR AE i, 5 A
U B BT RAE C o Cy 55, IR FLED b — I 2R B IO RHEAN C 5 f, & (M SRR B — I Z1 3% % 1
FAERFIRBIKIIAIZ C, [hey, X, | G it 1145 2 m 0 KWL AZ C, B 2% = B R #EAT 01 %6 /5 4K 21

(AR 24 i ) R B o, o, 5 tanh (C, ) IU4E AR I HATCAZ by B 75 EE (04
PLF & LSTM HIR T S H 0L 3% 2.

Table 2. Model parameter table of LSTM
2. LSTM iR Sk

(LR K EEZH
LSTM J 1 M2 TR 32
Dropout JZ 1 dropout 34 0.1
LSTM LSTM JZ 2 M2 TR 32
Dropout /= 2 dropout %4 0.1
R P& T 3

3.3. Transformer-LSTM E 3%

4 Transformer 25 LSTM BAUAHSE &, Bef® SCHURFIE SR ORI 7 1 A 1) = &k &5 & - Transformer
B B St P AT N BSR4 T dm i, SR SRR R, IR ERHIE RN T AT N A K
RO RAICEAE B o LSTM AR A IX S8 S 4B b7, b — B4 5 41 IR ARG &, AT
SEIRE FH P 0 SEAT g PR 1 T«

¥ Transformer 5 LSTM BAAHLE A itEsk, @@ MBS HL % 3:
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Table 3. Parameter table of Transformer-LSTM hybrid neural network model
= 3. Transformer-LSTM ;E &AM EZERI S H &

BTy i JEAARR 24 vy R
BWNZ / (128, 10, 4)
N P2 TEHL 64 (128, 10, 64)
ZREENE Ik 8 (128, 10, 64)
H—1b)Z 1 NTEAR 64 (128, 10, 64)
Transformer Dropout Z 1 dropout % 0.1 (128, 10, 64)
PhEE T 128 (128, 10, 128)
R0 ] 4%
PhEE TR 64 (128, 10, 64)
H—1L)Z 2 HATEAR 64 (128, 10, 64)
Dropout 2 2 dropout % 0.1 (128, 10, 64)
R EER SN ik & 08 10 (128, 1, 64)
LSTM Z 1 P22 TOHL 32 (128, 1, 32)
Dropout JZ 3 dropout % 0.1 (128, 1, 32)
LSTM LSTM Z 2 FZE LY 32 (128, 32)
Dropout JZ 4 dropout % 0.1 (128, 32)
R (T E) FHEE TR 3 (128, 3)

4. VR ERAE

X T AR AR, FRATTE R R A it 2 B PR R A A T S 75, BT DATRATT R BH I AR AS T
M (Precision) it #ERf K (Accuracy) 7 815 (Recal) Al F1 B AE AR FER, € XON:

HERFA
Accuracy = TP+ TN @
TP+TN+FP+FN
FEH A
Precision = Ll 2
TP+FP
Al
Recall = —1 T ©))
TP+FN
F1-score:

Fl—2x Prec_ls_loanecaII @)
Precision + Recall

b, PONBHVEREACS S, TP N IEG TN B FH PERE A SR, NP Jy R U= TR A B A AR .
4.1. ZERIH

BT Transformer-LSTM A1 LSTM AR, A] DLW AR AN RRAE AR B RS 1 o R FE B, AT ) b FH
WA SEAT N 52 R RS AE AR B S i EL S SR 28, i SR LK 3.
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Figure 3. Feature importance map
3. FHEEEME

FEER T Transformer-LSTM #1 LSTM #E8 (R AE B BEPELE L, A F B 2300 LR FPAR Y . 76 7
ANFE R, RRAE AR I A0 AT R BHRRAE 17~20 (38 S R0 SO IO ZE . TSN R 21~24 (7
an B = F L G . G NI 2 L S ) 7E /MR 8 T B BRI, X U B R A DR R
AEXHFHI P 47 9 BT B . HbAh, £ Transformer-LSTM #5 RS i, BRAE 29~31 (F /7 30 5. Wik i
NG 208 35 8 L) B R B s A 2, SR B P AT WARHIEAE. Transformer-LSTM A58 Rl iK1 17 58
ZIMRE. AN, £ LSTM B8, Kpfik 5~8 (F /7 1 H oot [F) 28 7 b 19 %% 28 52 HL ) A 13~16 (F
J 3 H A (RIS b 1 &% 858 B B0 I B B A BT N BE . 1X 3R B, Transformer-LSTM BEASFEREHE F P 4T
R AE T TH AT BE B LS. XS5 B, Transformer-LSTM KR 7E Lb 3 HE 775 5% F P AT A TR, R
% SE AT RO AR HE OGN T 00 ) e A 1 R8RS

4.2. GERECB

A BRI AR A RIS USSR R AT d A gt Ik AT T, &, ASCRIA
Transformer-LSTM 5 LSTM 435 T, 3¢ HatAT b HERGR . F#iR . B, Fl-score HItLe, #5H
L3 4.

DOI: 10.12677/ecl.2025.1472385 1909 HLF- 1 45 VF 18


https://doi.org/10.12677/ecl.2025.1472385

JSCER

Table 4. Comparison table of LSTM and Transformer-LSTM effects
%% 4. LSTM 5 Transformer-LSTM R X}tk 5=

i) R TR A2 F1-score
LSTM 0.86 0.83 0.85 0.84
Transformer-LSTM 0.92 0.91 0.93 0.92

5. 58

AR Transformer-LSTM 73285509, 5 10 B 2 B2 f) B0 S P B AT 17 ARpAAE SR EDURT 73 8 2 At

IS5 LSTM St AT Vs b, 133 7 BHEm B 45 5 . @l o AR S R B, X2 rh Gk B A
B — AN AR AT T A BT R 0 A RS O SEAT N B AR OGS HERE R
PERE ) 58 A B AL L= o
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