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Abstract

Second-hand car transaction price prediction is an important issue in automotive market research,
offering practical significance for pricing strategies of trading platforms and consumer decision-
making. Based on in-store transaction data collected from a domestic second-hand car trading plat-
form, this paper constructs a price prediction model for second-hand car transactions using ensem-
ble learning. The raw data are first preprocessed by outlier removal, missing value imputation, and
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logarithmic transformation to mitigate multicollinearity and heteroscedasticity. Subsequently, fea-
ture engineering is conducted to create new variables such as vehicle depreciation rate and brand-
level price statistics. On this basis, a three-layer stacking ensemble learning framework is designed,
incorporating seven base learners: ExtraTrees, RandomForest, CatBoost, LightGBM, KNeighbors,
MLP, and XGBoost. A 10-fold cross-validation strategy is adopted to reduce the risk of overfitting.
Experimental results show that the proposed model achieves an evaluation score of 0.645 on the
local validation set. Furthermore, feature importance analysis is performed to identify the key fac-
tors affecting second-hand car prices. The proposed model can serve as an effective technical refer-
ence for second-hand car pricing, while discussions on sales cycle analysis and store location opti-
mization are suggested as directions for future research.
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Figure 1. China’s car ownership from 2010 to 2020
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Figure 2. The relationship between used car transaction volume and growth rate

2 ZFERHESHEKENXAR

FERCRIZM, M 2014 SETFAR R BT HE T = F 22 Midy, R A KK 1] Py g BET 2UHE G i 1 &
FATRE B RIS, FI SO G AT BRI S RN, 8 TR RIE R, HREX T
A2 5 RS BT B e tB AT g Tt . B —F 28 5 Wm0 % — F 258 Sy BURIN AN FE[3]
I L BRSNS AN, 1 B LR AL, RS I R, S ERE T4 i
BHEIMAGRN 2. FFENSER 2R ANRRE, AT LURZ)E RMBRIE LT, w5 a4
B, T E AT DU IR, R A ] R 25 A R AT B L

2. BESHH
2.1. HIBWESLE

FEEANFELZS AT T4, A%, E = FREMEAT RS, WERITTERL
S8, BAETEAE, BORNELENE, PRGN, —PERAZAHMR, FORENE,
TR, BEmas[4], XEGRHATYIDIAC R, KBRS EAE, T RURGRRE, EFR XM F )T
WEBATHTE, XSRS R, TR A T K B B AT BRI A AR B

DOI: 10.12677/fia.2026.153072 690 [ bR 2 R


https://doi.org/10.12677/fia.2026.153072

MAETE 45

2.2. RELE

SR B TP R R AR AT AR, X RSN B A R R ) AT A B, Rk
V1o T E S BRE R Y

2.3. ERKIEETT

e B SR BORAE 20% Bh B IO, FLOORAE S 56 AR JaE ) — i R R S [ AR R AR
FEbRAS, [, )RR, ANERNAZE FERS], JFLAON RS, MR O R AR
XN SRR AR . X TR ERAE, S FERES BB ) P S (B SR B AT 3 7E

24. HISSHZMMRHEN

BT B R A SO A A B G R L BOW R A SR EE AR R AR . AR AR, P
oA WM BEAT R B . O BUR A BCR BRI TR GO R, (HIE4E T AZR IR,
BN, Hl9s CRRA SR E . RO ENE.

3. M —FERNNIG
AT ZANEFTIN T AR, BRI TR,
3.1. BETHE

XEENER, SRR, BORME, BoME, P AEEAT R R A RN (A AT
B, N — A AR A BRI IR A R BT T . X A AFAE AT RAAE R X, PRl A
H sklearn ] H B RFIEEFERS B IR, (AACRIFAFRAR . ENLER S I IA B 18T, Bird¥ oIl
—MEE I HAE & T7 H R B ER B A, HSEPRTE AT AN X A FAR, A L Be 193 2 AN i 10
R (55 e B, 7R RELETT TR I EUBLF) o SRR 2Tt R &1 LA 2459 I B DU 8] — AN 5
b B AT A R AR, AR STV AR B AR BV I — A5 70 R AR5 2 TR AT, FAR R 5570 2K
AT LR R A IE (AR
3.1.1. Stacking

18 AN RS AE [ — b _EdbAT Uk, RO RS 22 S 5K, A 2R K] Dy it FA) e 75 T 52 81 R
IR BT AN, BRI 2% AN B0 TR0 45 SREAT DIAUAL B, BE 06 — 5 F FEE RO e 25 A Y o i 32 51 e
PSRy, DLHCRBRARE AR T 22 . JEanEl 3 B

Dense
*
Concat
1 ) T
Random GeoT [..| ML
1 1 T
Inputs

Figure 3. Schematic diagram of stacking structure
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Figure 4. Schematic diagram of multi-layer stacking structure
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Figure 5. Schematic diagram of k-fold cross-validation
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Figure 6. Relationship diagram between model complexity and various metrics
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Table 2. Important influencing factors and their corresponding average deviations
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Figure 9. Frequency chart of vehicle transaction cycle
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Figure 10. Frequency chart of average sales date by vehicle city
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Figure 11. Used car sales volume in different regions
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Figure 12. Average selling price of used cars in different regions
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Table 3. Local and cross-regional flow transactions of used cars in cities of different levels from 2019 to February 2020

52 3.2019~2020 £ 2 AARRIRFWE —FEARMRZ G RFMREXZIBR

A AHAZ G & SRS O

2019 4 [AILEIGEE 2020 4 1~2 H  [FILLIEE 2019 4F  [RILKIEIE 2020 4E 1~2 H A LRI
—&Wm 672,785 —0.1% 94,984 -11.9% 165,024  48.0% 23,762 17.9%
TR 1,784,308 4.0% 248,837 -17.3% 371,119 38.2% 60,633 11.2%
ST 2,199,160 7.2% 340,642 -9.9% 699,346  31.9% 112,324 1.7%
HAl 4,539,049 7.9% 772,189 -5.8% 2,656,839  21.0% 442,358 -0.9%
it 9,195311  6.3% 1,456,752 -9.3% 3,892,328  25.3% 639,087 1.2%

M 3 WL, —4, T4k, SN AMAE 5 BRI EIZE RS, SR ER R LT, H1Y
NG, R AC b R F B B IR, (R IR KOS, AR AL 5 & A b
KK 2019~2020 4 2 AAFEFHIRTT A 5 2 A, RURHEZ S ERIEK. 50K 45
i D ZE A N X IGEEAT AR 32, B — R — F R ac b i B IR, T AR X = F
R BEBEIEEK, HifHXS - FEL BB, EBGFA U AT WA T,
POREAG P S B R E R AR, T RMKRORIE I, Wi — TRt AN B RER K, — T FHR
FRAEAR RN R B 2 1] o

DOI: 10.12677/fia.2026.153072 698 [l bR 2 T H AT


https://doi.org/10.12677/fia.2026.153072

KAESE A

4.4. ZEHRTAR
I python X [F]— & hE A 4240 05 5 R BHI B & 0 [ 7], RT DA B LAR B 2050 5 R, 22 5 ek i)

AT S TR

0.020 -
0015 -

ﬁ 0010
0.005 -

0l

1 2 3 4 5 6 7 8 9 10
Rk

Figure 13. Frequency chart of average selling time of used cars by different brands
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Figure 14. Frequency chart of average selling time of used cars by different usage durations
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Table 4. One-sample statistics
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Figure 15. Trend chart
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