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Abstract

The multimodal data generated by intelligent connected vehicles provides a new paradigm for precision
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marketing in e-commerce. This study aims to construct a dynamic user profiling system that integrates
vehicle networking data with business logic, and to design an implementable and evaluable precision
marketing strategy framework. This addresses the issue of extensive marketing in the automotive af-
termarket and unlocks the value of data assets. The system establishes a multi-dimensional data ar-
chitecture encompassing vehicle status, driving behavior, in-cabin interaction, V2X, and travel scenar-
ios. It proposes a four-tier refined tagging system comprising basic attributes, dynamic behaviors, in-
terest preferences, and consumption potential, and defines tagging generation methods based on both
rules and machine learning (e.g., K-means, XGBoost). Furthermore, a closed-loop marketing applica-
tion framework of “Data-Profiles-Scenarios-Strategies-Feedback” is designed, with strategies refined
across three dimensions: user lifecycle, travel scenarios, and vehicle type. The results indicate that
intelligent connected vehicle big data serves as a core asset driving the revolution in scenario-based
e-commerce. Through systematic data governance, advanced algorithms, and closed-loop business de-
sign, a qualitative leap in marketing efficiency can be achieved.
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Table 1. Example of refined user profile label system

F 1. RPESRRARUREERRG

4% bRk Akl RibsE X MR SEEE
HAR R4 S0 9>
R AR (R >40 i, PR 1540 VINGG. SRR B
L1: JEREM ‘ T, G5 <15 77)
eV 2 A R VIN T s

N B PEHERT) FEH A XK R R (A 45 B AT GPS ikt

maRk oA 1 DBUEREC L0 oL grs

WA
L S WU %/
PO ek ESE BN SE ETHERIRMEE  GPS Bk, M A
TE K
EEREE R 947 R 4 7 A A
HegE g 8 95 K 0/ X 2 2 1)/ BETH H POI 264 GPS + POI. J&fif =
T PANEAT I 914 5K 2 -
L. IR BV ARIEE, T R R RGN
e T T/ 2258 2B R R RAR —— + -
PRHRLE e s e ey REERSRZHE A
N ETILHEAMEB .
i /1 WSk, Ry, TOOSE Ry
R 6 XGBoost KAl
La: WP . o T BT R YT AR .
UBLARISES GRS o e e (R R A *
! N HT%F OTA F+4&. Thig ZERE APP XX H
Filr J& =]
FRELIR S U /AR VT B ST A H & A

DOI: 10.12677/ecl.2026.155574 763 TR 4TS


https://doi.org/10.12677/ecl.2026.155574

RE

3.3. ETRGSHENEREMRSHSER

EGAERSCKEH R ERE + FREH + S8 PRE .

TR BE: T L2 BT, IEBOCHEARIE (U S 3ot fa 2. B . S A L),
3N H K-means 5 DBSCAN BE#ET 2. ilid %25 2 #(Silhouette Score) 1 Calinski-Harabasz fi7 4
PR SER T E, EHRMAEESREH Ko WRBGERIT IS MBS a4, w “Hiifafdimsm” |
CEIEKIE AR &

HREWWEE: T L4 2008 0hn%s, KM R m A m 8. BAT S0 s 8dE s, DA
L1~L3 EHHE NN, 1 XGBoost B¢ LightGBM 2546 B #& FH R AL BEAT I 2%,  T00l A 7 AR 1) 7H 27 =
JoE X 25 20

P 5 EEAN TR o BHERE B AR A (A0 “BBEYRAE £ 7 ) E s FN L.

FIAEFHU]: EARZE I B B L2 JZAT R AL ST, L3 B2 br % A B 2= TR,
L4 JZ TR0 s AL 5 S (i 22 B0 BB 80E BRI 25 . F P B G2 BT A bR 28 AR R 08 I R s BRI 5 o
4. GRUWBEEHERR ST SHAFIEEER
4.1. “H4E - EBfR - Fx - KR - RIR” FIMER

FEUEE B A R B REHO T — R R 80k BRI I3 R G Z T B A I AR 2 a0 R

FR/EEBRE: WWEERFMIIEEAM, MPASCE =ZFHNE, AT0H 2 IRER M 8shas P
g, NP AL .

R5REE: WERAGNZLII %, vEE G, WL E St - g BUEEE,
A AN A E B R A (B FE L. TRE . ).

PATERBRE: WERRFASH A B M. e RIS AN BARR SIS s (I FENLE . APP
e IR FH P, SR F P 28BS AT B

TESHAE: WZR RGN ERYE BRI VPR R0 5 SRR, IR S i3 [
ZEIRSEBZ, H TSR SR EE, FE T — M ERE .

4.2. BT ZHMHHIA R RREREREAE

Table 2. Precision marketing scenario-strategy matching matrix example
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