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Abstract

With the rapid growth of the electric vehicle (EV) market, used electric
vehicles have become an emerging segment attracting increasing attention from
both consumers and dealers. However, pricing in the used EV market is
influenced by multiple factors, including brand, vehicle age, mileage, and battery
condition, leading to significant information asymmetry and higher transaction

risks.

This study analyzes Taiwan’s used electric vehicle market using
Python-based data science methods. Exploratory data analysis is conducted to
examine price distributions, brand structures, and the relationships between price,
mileage, and manufacturing year. Correlation analysis and brand stratification are

further applied to reveal the impact of brand premium on price interpretation.

Based on these findings, a Random Forest regression model is developed as
an Al-based pricing tool. Feature importance analysis confirms that brand and
mileage are the most influential factors in price prediction. Finally, the model is
extended to practical applications, including intelligent purchasing evaluation,
depreciation-based inventory strategies, automated marketing copy generation,
and a web-based pricing system. The results demonstrate how data-driven and
Al-powered approaches can support marketing strategy formulation and

decision-making efficiency in the used EV market.
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import seaborn as sns

# {iR&2 Title WE—EEEMME (BIU Tesla, BMW, Porsche)

#i LN FHERNE - BREDBANE AR (Tesla/tesla)# 7 /A B mn i

df clean['Brand'] = df clean['Title Clean'].apply(lambda x: x.split(' ")[0].capitalize())
# BREERUI EENERER

df clean['Price. Num'] = pd.to_numeric(df clean['Price'], errors='coerce')
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df clean['Year Num'] = pd.to_numeric(df clean['Year'], errors='coerce')

df clean['Mileage Num'] = pd.to_numeric(df clean['Mileage'], errors='coerce')

# MIBREDBEBRAWMELRN NaN B - NEBILIAEMANEE - AR FI9E
df clean.dropna(subset=["Price Num', 'Year Num', 'Mileage Num'], inplace=True)

# BERIGER

print(df clean[['Title Clean', 'Brand']].head())
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plt.figure(figsize=(10, 6))

sns.histplot(df clean[Price Num'] / 10000, kde=True, bins=30, color='skyblue")
plttitle( —_FEH BB MHE"

plt.xlabel B (BIT))

plt.ylabel('EZERE]L)

plt.show()
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plt.figure(figsize=(12, 6))

# IKIREEDF

order = df clean['Brand'].value counts().index
sns.countplot(y='Brand', data=df clean, order=order, palette='viridis')
plt.title( B MIE _FBENBEHEHR)

plt.xlabel('E£")

plt.ylabel('RihE")

plt.show()
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plt.figure(figsize=(10, 6))

sns.scatterplot(x=df clean['Mileage Num'], y=df clean['Price Num']/10000,
hue=df clean['Brand'], alpha=0.6)

plttitle( B2 vs BIE FURED

plt.xlabelBiEE (km))

plt.ylabel(fB1E (B7T))

plt.legend(bbox_to anchor=(1.05, 1), loc="upper left') # & FIFZEINE L FRIEE

plt.grid(True, linestyle='"--', alpha=0.5)

plt.show()
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plt.figure(figsize=(12, 6))
# BRIERE 12 SESFIME  BRERKE
top_brands = df clean['Brand'].value counts().nlargest(10).index

df top =df clean[df clean['Brand"].isin(top_brands)]

sns.boxplot(x='Brand', y='Price Num', data=df top, order=top brands)

# R Y BAEBERSET

current_values = plt.gca().get_yticks()
plt.gca().set_yticklabels(['{:,.0f}'".format(x/10000) for x in current_values])

p—

plttitle(FEMEER M (FEELE]))
plt.ylabel(B1& (E7T))

plt.show()
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3.3.31HEAABIZ 1B (Correlation Heatmap)
— athR
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# FEEVEERN

corr_matrix = df clean[['Price Num', 'Year Num', 'Mileage Num']].corr()

plt.figure(figsize=(6, 5))
sns.heatmap(corr matrix, annot=True, cmap="coolwarm', vmin=-1, vmax=1, fmt=".2f")

plt.title(' BB BIAHRA A BUEE")
plt.show()
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42 EXE

import pandas as pd

#1. LK
Ipip install ydata-profiling

#2. W17
from ydata profiling import ProfileReport

# Create a copy of df clean and drop 'Title Clean' to exclude it from profiling.
# This ensures the original df clean remains unchanged.

df profiling = df clean.drop(columns=['Title Clean'], errors='ignore')

# Disable wordcloud generation for text features, if any text columns remain.
# The 'vars' parameter is correctly used for internal configuration of the report.
profile = ProfileReport(df profiling,

title="EV Used Car Analysis",

vars={"text": {"word cloud": False}}
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)

profile.to_notebook iframe()
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Variables
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Title_Clean
Text

Distinct 622

Distinct (%) 100.0%
Missing 0
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Reproduction
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18 Numeric 6
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Brand

Categorical

High correlation
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Price
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Distinct 257
Distinct (%) 41.3%
Missing 0
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Mean 2056291.6
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11 Interactions

L Correlations :

Correlations

Auto

Heatmap Table
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©
2
=

Location
Price_Num
Year_Num

Mileage_Num

12 Correlations
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FhE FEAEYE72%7 (Correlation Analysis)

AEUPHEBFEMSERNARRE BEMBRGREOTERB D ERE - X
AR ERESR ERERmBRAR %G - Bt - FEMABRGEZERRRE
BEHZHAMEBN  IELEREFGAEEEN  BERMEEMRERRTE -
E—LEEMEDEAE-—RBRBRAN  BERSSEHERTERZEE - i
RERER  ERHAFEEBRNEZRER  MmEE=RARREEEHERE TR

BREER  WRREERINZERRHAESEKE -

51 GFIEHEA %R

— - aAA
KRB EEEE - EMEHEEREH =B B G EER - L

RAR BN UERE 2 AR RAREE - WNE 13 PR - AERER - BRELBEMZIRIE
HE (r=032) FoREWENET  EHBEEREMSNS , BHEAERR
AIZIRPEEMEEE (r=-044) BrERERAERENS  E80E 5945
EMSHITERERARENSRERA - It - FHRERICEFESERMHEER
(r=-071) RRFHEBEHBREER -

BEEIENE HEUEERTIERRBFNEBR ZHEEN  HMAEERE

OlpEEREETEH - RSN - EAREEHEMRG T - mkEEE (Brand
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Premium ) FEELS O] BEH BRI AENTEUR - ARA B mhE 2 ERERS
KEGFEBREER SEmBZESNORESREEMEZNE - EMmEEFER
HEBNIEDTE - ZIRMS - HRAGEEESITEREL - EREHEERED
HEREEESANEETE ) URBEEDMPMAARRIERISEEET IR

DTZHEN -

— I

import matplotlib.pyplot as plt

import seaborn as sns

#2. st EHERGEEME
# RMREEES—(EREREH . B £ BER
target cols = ['Price Num', "Year Num', 'Mileage Num']

corr_matrix = df clean[target cols].corr()

#3. SHBSE (Heatmap)
plt.figure(figsize=(8, 6))

# cmap="coolwarm": AL &=1FMHEA(—iEENX) - EEB-BMHE(—EEZ RS —EZ/))
# annot=True: TR FEBETRET

# fmt="21": B{FRERE/NEREE ML

sns.heatmap(corr_matrix, annot=True, fmt=".2f", cmap='coolwarm', vmin=-1, vmax=1,

square=True)

plttitle("BIRDHT : B vs F1D vs EIZ, fontsize=15)
plt.show()

#---4. BEIFERTF (B Python HFEHER) -
# HUSHE " B8, AAERRGRE
corr_year = corr_matrix.loc['Price Num', 'Year Num']

corr_mileage = corr_matrix.loc['Price Num', 'Mileage Num']
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print("\n" + "="*30)

print("A {ERHE (BUEEE)"

print("="*30)

print(f"1. 7 vs B HEAGREL {corr year:2f} (HIFL 1| KERFEOHHEHEE)")
print(f2. B2 vs ES MHEAZREL {corr mileage: 2f} (HIEF -1 KAREBEHSHER)")
print("-" * 30)

# CEEABHEAN (REEIERSE - REFENRS)
if abs(corr_year) > abs(corr_mileage):
winner = "1 (Year)"
loser = "EB%2 (Mileage)"
reason = "EBEERMTEMIR (RRH/BMERE) EXREE THE, TAZE T/ DEOE
By o
else:
winner = "1 (Mileage)"
loser = "1 (Year)"
reason = "EXFEERBMERSD  ERESHAS/EMRIES -

print(f"~ =A&SFZ : [{winner}] ")

print(f" EUBEER - BRFE DK {loser} - ")
print(f"< #RIRE : {reason}")

print("="*30)
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BERDHT © E1% vs E5 vs BiZ

1.00

0.75

Price_Num

-0.50

-0.25

-0.00

Year_Num

--0.25

--0.50

-0.75

Mileage_Num

i --1.00
Price_Num Year_Num Mileage_Num

13 BERDHT

Q ERRS (BEER)

1. 1 vs B HEAGE: 032 (H#EA | KREMHEHEE)

2. B2 vs B HEAGRE: -044 (WIFE -1 KXREEUSHER)

< RESEFZE [EBRE Mileage)]

< BBER - THREENAR F (Year) °

< HARR  EXFERERBUNERSD EREEHERBMRE Y

13 BNERERRIZAHERESREREFN ZIEHERERE - R
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EEERLAT  ERHAFETLHENEER ZAREERY — - IERINRBH
EEHENEHASWABRTREENSEER AREZESNRELDEY

HEEARSHERHEEREKE -

52 mhEaE
— - aAA

FEA M GREOTER AMRE-— PRI REEEZERE

\\\

ZERS

BEy) ERFRGRNEZEEAR BARARAEmBEDSTEBREAR

NWEEEBHEmEGE ERMAmBESETERDN  UESHEREET

ERERESEEE  EHEGREERESTEY - Bt - NeBhZBmEsET -

fasE e B R ERE R EF SN E -

ZRAMERARRBLECRY  WUFHHEH BREAMHEIEED

miEH - N8 14 PoR - EmEERBERERDELE  BIEEHEEEL T - K

FlmE 2B FEREEE SEmMENSEETRESERRME  mMPEE

R MRREEN  BREBRIIFEMARERNERERE  MEXE M

EERBBITE - IWERGRP  ERBEmEEZETERBEON - BR L

THETERENLR 828N MERELERR -

AMREEERNEZHAABAREN Tesla FRAERM EHHE—RBEMST

SEBEFD  ERBZMERGRE - 7 TERBN - EEHeE 2B -
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BRAF) ERHZAFAEEHRNZEENEMRES SEmEEERED
THREZIEMEEM - M - AEREE—ME  HEGRIIRKESERS  BRE
BB ERREREEREI  MolERA R EEBRERE KHEEMUK
miGHBEEEERFE -

e LA AR - MRS BEANRERELHEGERENRESR - W HE

mEEEEPHEHEERERNTNEZRE - ILRIFNEL - BEREINA

~

WG an AR AT BB - SUEREN D MR R RS - DURTT BT ERN R e

NAEDWTIBEE -

— ZE

import matplotlib.pyplot as plt

import seaborn as sns

#--- B 1 EXmESEE ---
plt.figure(figsize=(10, 6))
# IRIBEEEGmEHE - EESILLEEE

order = df clean.groupby('Brand')['Price Num'].mean().sort_values(ascending=False).index

sns.scatterplot(
data=df clean,
x="Year Num/,

y='Price. Num',

hue="Brand', # BAE . BEBEE,mE
hue order=order, # REBSEZFESH
palette="tab20', # FAEEEENREE
=100, # RABAIN

alpha=0.7 # BIRE
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plttitle(‘ZR T EHEREGEE ? RS mEERT AR | FER vs HT), fontsize=15)
plt.ylabel B (JT)")

plt.xlabel("ZE17")

plt.legend(bbox to anchor=(1.05, 1), loc="upper left', title='T&Z ")

plt.grid(True, linestyle='"--', alpha=0.5)

plt.show()

#-- B 2 RFE Tesla WAHBGE -
print("\n" + "="*40)

print("/ EHIBAELR . IO Tesla (FFHTHD")
print("="*40)

# EFEEL Tesla HER
df tesla=df clean[df clean['Brand'] == "Tesla']

if len(df tesla) > 0:
# 5tE Tesla RIAERBIREL

corr_tesla = df tesla[['Price Num', "Year Num', 'Mileage Num']].corr()

tesla_year corr = corr_tesla.loc['Price Num', "Year Num']

tesla_mileage corr = corr_tesla.loc['Price Num', 'Mileage Num']

print(f'Tesla BERIZEE: {len(df tesla)} ")
print(f'1. ) vs B1E (Tesla): {tesla_year corr:2f} (RAZEEZE 0.16)")
print(f'2. BB3E vs 1B (Tesla): {tesla_mileage corr:.2f} (RAZEEZ 0.09)")
print("\n « 5 0 ")
if abs(tesla_year corr) > 0.5:
print("—E#HTEE— @R - HEAMRENRT | EBRE 7 TAAREEBER, TE

print("BNE I E mAEEBEMEZRE - OIBENER Tesla WEBSSEMEZRW:FERE
BRI FYEA - )
else:

print("# A2l Tesla FEHR - 518 & Brand WUZEZEEIERE - ")
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1e6 B EAERRRRIE ? AR REERHERR ! (&R vs BF)

FhE
Porsche
Bmw
M-benz
Audi
@ Abarth
Mini
® Jaguar
Lexus
Ford
Volkswagen
® Skoda
Volvo
e Tesla
24 Kia
Hyundai
-~ -t Fiat
14 L Toyota
e Nissan

o o®

o}e "9 00 D @
«

8% (7T)
w
L))
e
TON )

Luxgen

0- Mg

H ; ; ; i ® Citroen

2016 2018 2020 2022 2024 Mitsubishi
FH Cmc

Byd

14 an hE BAE B

7/ BIRAER RO Tesla (FFHAD

Tesla ERIZEE: 165 =
1. 9 vs B4 (Tesla): 0.38 (RAZFEZ 0.16)

2. B2 vs B (Tesla): -0.39 ([RAZFEZ 0.09)

+ = .
Amaf .

BN 8HE m s AHRA IR 218 - aleEfiER Tesla BRI EMEREN:MBMREER
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FAE AR AL GEENEIRREIE
ARE LA

AR - BEZIEUATERZRR/ZL

\ZREBETER  BR
Al MR P HBEFETHPERHREA -

BRERFARMATGHERED
#r GRARmAE ERHEHREBRENTHWAANTE  WE—PRRESRE
HE - BER

BIERTHENEERSEAER - BIEMS - AERERDNT
RREEHEEYRTRORREATHETIR RE Al RRARIUXRARERETS

Erl A EHE CREAERE -

6.1 Al FIZREM

SRR -

ER A EERMmE  EMENEEREE
=& AMRE

B2 288

FEPHEHEER ZRAREE

TEANKRDBEL L BE—EEXSZHEEHNEHEER
B ZEKERDSERBASEAETIR EREEFRFEEREER =
HREEREE - EihiE P BRI RS F S -

KIF IR ANE AR M BET ( Random Forest Regressor ) fEREZ 1

HRINE -
277 RESRORRG A A - BER B IR IR AR M BRI 21

E—RABRERG ZE
b2 - EERAIEEPEER - RS ER RSB RARERRE - WREEAITI DI

JJ A

MELNGEE DR EREZIEAENEZEVR - HEMEB R REGRE(R?)
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BT EERE (MAE ) E1TME - BIHEEAHEREHNBRENABR

FRAIRRE -

REIFFEBZ Al HEREAECRERNLZEHENTGER MRAKGEEE

Il

R EBEERRN LNERRRE  BRERREATEOTRHE

18-
=

— I

from sklearn.model selection import train_test split
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean_absolute error, r2_score

from sklearn.preprocessing import LabelEncoder

#--- 1. BIBREE -
# BE—MERRENRIRIGE
df ml=df clean[['Brand', 'Year Num', 'Mileage Num', 'Price_ Num']].copy()

# HBRBEREEERT - FTLIZEE Brand (XF) Bl #F (HIW Tesla=1, BMW=2)
le = LabelEncoder()
df ml['Brand Code'] =le.fit_transform(df ml['Brand'])

# EERFEH X B BRE (y)
X =df ml[['Brand Code', 'Year Num', 'Mileage Num']]
y =df ml['Price Num']

# UIDAIARE (80% HEM) B AEE (20% EHMA)
X train, X test, y train, y test=train_test split(X, y, test size=0.2, random_state=42)

#---2. BIBFIARARE -
# EFBE AR (Random Forest) -+ EERZIORREMEN - FRAERERERS
model = RandomForestRegressor(n_estimators=100, random_state=42)

model.fit(X train, y_train)
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#---3. BEE (BRREERE) ---
y_pred = model.predict(X_test)

# STE]RE
mae = mean_absolute error(y_test, y_pred)

r2 =12 _score(y_test, y_pred)

print("="*30)

print("@ Al fLERREIRTTAH | ")

print(f'®" EEUERFES] (R2 Score): {r2:2f} CAOE 1.0 - HiSHEE)")
print(f'® FI9FERFRZE (MAE): {mae/10000:.1f} EIT")
print("="*30)

#--- 4. BECHELA (B FER) ---
def predict price(brand, year, mileage):
try:
# A5 AR R RS Y R RV B (UAS
brand_code = le.transform([brand])[0]
# FRA
pred_price = model.predict([[brand_code, year, mileage]])[0]
return pred_price
except:

return None

# R
test brand = "Tesla"
test year = 2022

test mileage = 35000

price = predict_price(test_brand, test year, test mileage)

if price:
print(f"\ne FERIZEA - M
print(f"EZ8W : {test brand}, {test year}TF, BE42 {test mileage}! km")
print(f"< Al fH{E#R : {price/10000:.1f} FIT")
else:
print(f"\nX #5352 : HAFIRHIE '{test brand}' - BHERMAZEER CEBEANE) - ")
print(f"BI A G AE : {list(le.classes )}")
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= BRET :

@ Al HEMIIZR5S A !
@ BRAEEFES] (R2 Score): 0.71 CAD 2 1.0 - S H%E)

® FHFERERE (MAE): 34.8 BT

® sER1Z6)
EB &l : Tesla, 2022 &£, B#2 35000 km

AL THEBSER 1302 BT

6.2 4FHZJZEM (Feature Importance)

— kA

R Al EEREGIRE AMRE-—DOMRBEETERBANR &
MAZHF I ENAEEEY - DOEREIRORRIEE B ERT RS - ]EiE
BB MER IR RS EEZMIEIR ( Feature Importance ) - E{Em& ~ b
MENRAERY-—IRSHHRAGEROTERE - 68 15 FiR -

DITAEREEN - A8 (Brand ) RREEEREEENAR  HEEMHILE
REEER 44.8%  RMMEREETHEEFEDSPHNEREMU ,; ERBERR
( Mileage ) EZMAR 43.0% BrBEREABEATESmINDHEEN N
BREBOEZRRE - HERZT - BBED ( Year ) NEEZMRELD 122% - BRE
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EHmERERHE  FHHEBSNERZEMEAER -

PECHERSEENIERE NENNHERERE - BEAS  HUEE

e

%)

ICAERERIIARE GO mE D BERELTE SEmBREERERS

AERARBEWIRES PR AR ESRUEER R

REHEY -

I

import pandas as pd
import matplotlib.pyplot as plt

import seaborn as sns

#1. SHREEENR
# model = I3 4R IF A MEHE TR AR EL

importances = model.feature_importances

#2. BRIBELRAR
feature names = ['Brand (anh&)', 'Year (F£179)', 'Mileage (£12)"]
df importance = pd.DataFrame({

'Feature': feature_names,

'Importance': importances

1)

# IRIRERMUHF

df importance = df importance.sort values(by="Tmportance', ascending=False)

#3. EE
plt.figure(figsize=(10, 6))

sns.barplot(x="Tmportance', y='Feature', data=df importance, palette='viridis')

plttitle(Al RAHKREE ? (HRHEZMHDH), fontsize=15)
pltxlabel(EZM D E (BFME 1))
plt.ylabel(FLERHER"
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plt.show()

#4. ML BEIREE
print("="*30)
print(" il AI HERMAYHIEES ")
for index, row in df importance.iterrows():
print(f'- {row['Feature']}: {row['Importance']:.1%}")
print("="*30)

=- EESEZNE
A

RRHRER? (KHREERMES)

Brand (Rk%)

Mileage (£12)

Year (£13)

00 o1 02 03 04
EEHSY (IR 1)
15 REEZEDTE

ul AT L ERMAHIETES
- Brand (aah8): 44.8%

- Mileage (272): 43.0%
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- Year (£19): 12.2%

6.3 RZFEHEIE (Data-Driven Decision Making)

AENEERTRREEER E I8 Al EREHE  BoMEREBLEAE
RORITORRTE - AR HEEZRBHE - EFTERBEON - THEME

s NBEBENEEM - DRHERE EFEERTHERSERIER - 2818
MEIERRET - i Al MERBEERGE B EEEETHERER  RAPHEER
B ORRURAEREE -

6.3.1 EBEIREFTER (Al Deal Hunter)

— - aAA
EARPEEHEEREIBILEER AR E—TBFERERARBER

Z181% - Et—E " B2 REFTEM ( Al Deal Hunter ), - LB BN HEN S E &
MEREAWBNEREZRE - B0 BER  BERZWAEMMAME  LBED
BREASZHE 2AABRCIRTNZ Al HEREBHSETSERS -
B R EETIOR -

BHRAERNEREBRABZEE  2MolBlR4A LIRBER - HERZR
SEAFEBEENZER 2R EAERRNER - EFRATESRERRE
B AUREWHUERERN  BERWEEE, k2 FEXRESRERME - R

BAZRZERRE  BRNENETEE -
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ICEANERE Al HEEEEEHRSRPOTH R NSRBI

RPHERBRRZIE LNEAES - EANEEENABEAHERNZSZE

b - WIRDHBEAREER S A EAEMREE -

a

— I

#--—- EE Al RBARRE
def evaluate deal(brand, year, mileage, ask price):
try:
#1. RREBWAER
brand_code = le.transform([brand])[0]

#2. WIUREFE R SIEHE
predicted price = model.predict([[brand_code, year, mileage]])[0]

#3. SIEEE FRAE - FE)

profit margin = predicted_price - ask price

print(f'é® EENEG: {year}F {brand}, 12 {mileage} km")
print(f"@ Al f&{&: {predicted price/10000:.1f} ")
print(f'® BEZXRBIE: {ask price/10000:.1} E")

print("-" * 30)

#4. MUORRER

if profit margin > 0:
print('& R% - [ERBUKE] ")
print(f" ~ BEEEFZER : {profit_ margin/10000:.1f} EIT")
print("/RE : BWEBERES - EABIFE - ")

else:
print(f' X SRE ;. [EREME / BRE]"
print(f"* JEEEPE : {-profit margin/10000:.1f} EIT")
print("[RE : EXFERS - 8RTBTIE ")

except Exception as e:

print(f"#55% | B MIEETE "brand)' EEERE (FEEAIKNE) "
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#--- I A -
# BRERIBE  BEABER—E 2021 8 Tesla - FHE 110 B
print(" [ FH— : HEEF] ")

evaluate deal(brand="Tesla", year=2021, mileage=35000, ask price=1100000)

print(ll\nu + n:vl*40 + "\1’1")

# RR1EE - BEARE 150 BENRE—8&
print(" [ZH_ : BEEAE] ")

evaluate deal(brand="Tesla", year=2021, mileage=35000, ask price=1500000)

=" REREN

[Z6]— : BFEEFE]
& EIEN: 2021 & Tesla, B2 35000 km
@ Al [51E:111.0 B

EXHE: 1100 &

R [EEWE]
BEEMNZER 1.0 &7

RA : EEWEERES - EABRDE -

[P . EEKEE]

a

& EIEN: 2021 & Tesla, B2 35000 km

@ Al [51E:111.0 B
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EXHEME: 1500 B

Xones: (BEnE ERE)
LoEEREREE : 39.0 BT

RE  EXREBRS  sRHEBTE -

6.3.2 EFRIEREIL (Depreciation Analysis)
—- athR

RE—DH Al PMERBARERSELEEEFEIEAR AMREEARE
ERADMARRE_FEHENERINEBD BT ERZ R EWMESEE
BIHWREERE  WFREFRBRE ZMIE - TEMRUENHEH - Fi9mh
SERSMH 2RI NEBEEZENERED -

AAMBERT S LERSGERS Z2EEZmE  LURRIBZmIGENKEBE=R#EE
RE: - RITEMAROERE  SmBERBENEE2IRAERR  KIMERERE
NEE - HERNERASFE 2 mE - KREEBERE T EBER/) BHEERE
Rkt - BEFRERNENER ; B - TEHFBRAREEE - BrEE
BKENRA - ITERERR - BRARKRS 7EFHL  WEKEEARKES
EBRUREERERE -

MEMAROTRERMERRB(EATURENES "BEi ) 8 "sEMkE,

mhE - 1 Al FHAGRE(CAERIANTHEFEERE  BHAESRENER
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EFAENZEMT

I

import matplotlib.pyplot as plt

import seaborn as sns

. ERELTIS L EENEERE BRAIRAZLEL)
top_brands = df clean['Brand'].value counts().nlargest(5).index

df strategy = df clean[df clean['Brand'].isin(top_brands)]

#2. f@BITEBELE (Line Plot)
plt.figure(figsize=(10, 6))

# x =17, y Bi=E1E, hue=mah&
sns.lineplot(data=df strategy, x="Year Num', y='Price Num', hue='Brand', marker='o',

linewidth=2.5)

# FAE Y BERS "B
current_values = plt.gca().get_yticks()
plt.gca().set_yticklabels(['{:,.0f}'".format(x/10000) for x in current_values])

plttitle( Z MG BEITEMR (BFENRELRE), fontsize=16)
plt.xlabel('F1) (HAEHRT))

plt.ylabel(“FiHHERE (B))

plt.grid(True, linestyle='"--', alpha=0.5)

plt.legend(title="rmh%', bbox_to_anchor=(1.05, 1), loc="upper left')

plt.show()

#--- BBELEREEZSR --

print("hl [ EEFRIEEE] ")

print("1. FEEREEN "TRIE,

print(" - ARIFHEFELE (Flat) - URITER - BEHR (ENEF] EERE) °
print(" - ARIREIBELE (Steep) : KFRITER - B [BEREE] - WEERE
")

print("2. Tesla BREEFEBRBTERERE BT EEEZEW Tesla ")

")
FMEEE
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= BRET :

B S EE B (MFRARUERE)

&
=e= Bmw

- M-benz
—eo= Tesla
=e= Porsche
=eo= Audi

500 A

400 4

/
\VRN
AVA NN

F ) \.
100 —— —— —"
./o/.
0 -
2016 2018 2020 022 2024
7 (AR
16 EmhEEEITERRE

ul [EEXRIEEE
1. FBERRMRIRRY TR .
- RIRHERE (Flat) - URIFER - BElA (ENEF] EERE)

- ARIRHEIBELE (Steep) : URITER - BR [BEARER] WEKFEEE

2.Tesla BEETVERBETERGER  ENERTEEBEI Tesla -

6.3.31TIHEREZERE (Marketing Insights)

— aAA
KEE—THBaIT Al BEVBEHEEMSMER HEIRATERERRTT
HBBRIEESE  HRNENUERZEREEEE  AAEEEEX AR &

BRBRAAEEEZEHARENNEREE  EHITHXERT ZEBRIRRF -
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DERER - mEAEESNERERARTOAREARMNU - BEFERES
BIHEEBNEERFOK  ERBHR/ERNMER  EEEMIEREAR - BE
EHERANGRE ; FHARBEMAIIEREEETK - ALUREHEEZEHR S
ZEMEEMROUSFEENGED - BBITTE BT Al DMAAEZEEBEE -

BIERBRTHITRITHRE -

— I

import pandas as pd

#1. BEREHEEY CoRTHIMREFRIEE)
importances = model.feature_importances

features = ['Brand (AR FELIR), 'Year (FE/{RE), 'Mileage (ETZ1EFE)']

#2. BRDITHES
marketing df = pd.DataFrame({'Feature': features, 'Score': importances})

marketing df = marketing df.sort values(by='Score', ascending=False)

#3. BSOS
print("™  [{TIHXZEB(EER] ")
print("fRIE Al DA - EXHRETRBEHFFOD - FHEESITE  \n")

rank = 1
for index, row in marketing_df.iterrows():

feature_name = row['Feature']

score = row['Score']
print(f"Y £ {rank} 7% : {feature name} (FEZE {score:.1%})")

if "Year" in feature name:

print(" < SCEZFRS  RENERHA (F9] B2 [RRERE] '
print(" < #BHI: "2024F I | [RMEREE2030F c EELL ! 1"

elif "Brand" in feature _name:
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print(" < EXKE : 2# (REEE] & [TERE] -1

print(" < FH : "Tesla WMISEE:  ERBREE  REEE! L")

elif "Mileage" in feature name:
print(" < SCERE  BRIFBRBE - BSRIKEASENT - A2EITR - ")
print(" < #H . TENE 5000 AR - RME—Z WMRIEER)- "

print("-" * 30)

rank +=1

v [T EEER]

RIE Al D7 - EXRESHRMBIFNT  FHEESTE

Y % 1 2 : Brand (RIERIB) (BE 44.8%)
- XEFRE & [mEEE] & [AERSK] -

- &6 "Tesla BEREER EXBRPE - REBE !

Y % 2 Z : Mileage (BRRIEFE) (HEE 43.0%)
NEXKR  BRIEERERE - FRIMEANEIY - £A2FFTR -

g6l . TR 5000 2B - RWE—K WNRZEER) - .

Y % 3 & Year (EH/IRE) EE 12.2%)
OONEFRR  EBEMAERH [Fh] 2 [[ERERE] !

- #HA o T2024FF | EMREIR2030FE - EBZEN !
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63.4A1 THEXEEL
—» athR

ERAEERTEN FEEZUOTRETHEMERE NMIRE—DRET AL
TR RESS ) FEEBENEBRHRBLEREREERANTEXERA -
HEMNERBGIESRBEMERIKG  BEBTHTESAREEBERNNE &
BATESEAA - WRATHBEN—BUEHEEER

AEAESEWDE - DMED  BREER Al BRABREEN - SHEE
Wi TEHERH (U= ED  BEEImBESR ) SKAREEFaHEZ
T BEVEMSRENERE - EiERASEREEREREHENE -
HEBEEANMAEOAEM RN R  DUKEEL R IBIREMETRAVIBRERK
BN E -

ZHBIEAI - Al AMEMEBKTGE IR BE—SLSATHASTHES -
EDNTAEREEN "EIERE, EHE "EREETE . LEARTHEEEE
B hEEFEMS P WWRRIEITHEHANTHESES - TNRE Al &iliE

RITHEWRAETHBEE LNEHEE -

— I

import random

from datetime import datetime
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def generate killer copy(brand, year, mileage, price prediction):
#1. BEREEE
current_year = datetime.now().year
car_age = current_year - year

avg _mileage per year = mileage / (car_age if car_age > 0 else 1)

#2. FIEREE SR, (Selling Points)
highlights =[]

# SHEED (Al BEZRS)
if car age <=1:
highlights.append(f" ¥ RAFLEHE | IRQITE - SFMBENZIRI 1 ")
highlights.append(f" =~ [REIREFRm - BERRE—HE 1K 1 ")
elif car_age <=3:
highlights.append(f" =&FEH - MERMNERHEZRE | )
highlights.append(f" ¥ FRRIRER - BEL LB 1"
else:

highlights.append(f"' ® CP E®%K - AFSENSEPHE 1 )

# SHEERE

if avg mileage per year < 8000:
highlights.append(f'«a R{EEZE - FIEERAEABH I ")
highlights.append(f'** AR —1% - BERFERE ")

elif avg mileage per year > 20000:
highlights.append(f'sm SEAKERZERE - EMANRKABEGTALAL I ")
highlights.append(f' \ BERENBEELR  ERMEMRES | ")

# HHEmAR (BRMLEEI)
brand_keywords = {
"Tesla": [ SwBEmMNBA", "B oTA TEEEH", & RBEADG", ") BF
MarsERITE"],

"Porsche” ["¥ EHBEIHEE, "R RIRROBIR, 0 ETEE 200%", " BRIE
gl

"BMW": [ REEE, [ EREE, U #HER O BARE,

"Benz': [ SERER, - BRESE," ASEXTR, N BEBHH
gl
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"Luxgen": ["# HEZHE & FEAE—ZE, U =g, B 25
R4S
}

# Y mAE AR - NRLEMABEAE
tech_ words = brand_keywords.get(brand, ["8 #HERK", "O BEREAMEERE")

#3. £ =TEEAEIE

print(f'é® E1ZEH ; {year} {brand} | B2 {mileage:,} km | EZEEE
{int(price_prediction/10000)} ")
print("="*60)

#--- EE A RBRAREE (85 FB {tEALE) ---
print(f" [ @& A . 2BE/AREE (@S FB #HE)] ")
print(f"* {brand} PREBEA | {year)FI FHMEREL ')
print(f'X FEHEHEBEERE ?")

print(f'O BEAREBERE - FAES I ")

print(f"")

print(f"<" {highlights[0]}")

if len(highlights) > 1: print(f"< {highlights[1]}")

print(f"<" {random.choice(tech_words)}")

print(f"")

print(f'<" AT KEUEME : {int(price prediction/10000)} & (BETEE - #OJE ! )"
pring(f" ¢ EEES . AP (ARMAES)")

print(f'\e RAE—& - FI8FE | BS T+, AAFASER"
print(f'# _FEBE #{brand} #EERR #ZEEE")
print("="*60)

#-—- [E1E B BUST/EERK GES 8891/BH) -

print(f" (A& B : BHEDIT/EZER (BT 8391)]1 ")

print(f" [#5EFEE ] {year} {brand} - {int(car age)}FE FHEATRHE")

print(f"")

print(f"’( BERERONT 1 ")

print(f" FMES . {year) FHIRR - {highlights[O].replace('@’ ', ").replace(""V ', ")} ")

print(f'€4 BR2ARRN : B {mileage:,} AB ({MERFIBFY if avg mileage per year
< 15000 else 'TEETHERZ"1)")

print(f'™ RFEEE : {random.choice(tech words).replace('” ', ").replace("™ ', ")}")
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print(f"")
print(f'hl BHEEAEEE ")
print(f"IRIBFHMHY Al HESH - WEFEDH {brand} EERITEHMREIRZENEME -

prinf(" BN ARZE - EZ{(RIREFEHIASZ if brand == 'Tesla' else ")E mIKAY
RER) -

print(f"")

print(f‘ E1(E : {int(price_prediction/10000)} B (JEEE=FHma)")

print("="*60)

#-—- B C: BM/AEERE BS Instagram) ---
pring(f" (@& C : BE/EFRE GBS 1G)] ")
printf("BRHE R - I IELFFRBERE - &)
print(f"")

print(f"%E& {year} {brand} - FRE—HEH ' ")
print(f" B 2R BEERIABE )

print(f"")

print(f" {highlights[0]}")

print(f" {random.choice(tech_words)}")

print(f"")

print((fF" 8B —F - HEBEBE - ZEZ ")
print(F'E5% {(AFEIVARIBH' if brand = 'Tesla' else 'RAREHRAE) ")

print(f"")
print(f"SEE ? 2RISR SAINGE - BHMRIOSEERE - =)
print(f"")

print(f" DM EFELE")
print(f"#{brand} #EV #EB &8 #CarLife #DreamCar")
print("="*60)

#--- 4. AIEER ---

# BEEEMALIEENE

# EC15 : price prediction D] FENEAZF - KA _LE/ model.predict &R
sample brand = "Tesla"

sample year = 2023

sample mileage = 15000

# BAESTEE—E Al RAE (RRELEEHKZ 145 8)

sample_price = 1450000
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generate killer copy(sample brand, sample year, sample mileage, sample price)

BR

& EIZEHN : 2023 Tesla| 12 15,000 km | EBZFEEE 145 B

[EfE A SER/IREE (@5 FB 1tE)]

' Tesla FE{ERAN | 2023F T MHIHEREL A
X ey ERBiE ?
O zZoRswEEs  FA%!

SV =22 TERXENHER |

-V BmRER - BB OBEEHRL !

m B A B R

Al REBMEE: 145 B (BEEE - #HUZE!)
7 BHitd A (ARMES)
CRE—& FEE !B T+, DAHAER

#_FEENE #Tesla #BERE #TEEE

[E1E B : BUST/EER (ES 8891)]
[ #52E5035 ) 2023 Tesla - 2F B & fE ATt

oA BB
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FMHED  2023FLM - SF0 - MERUERIHER !

BRI - B 15,000 A8 (ER™H5FII)

mreEE . B ora mEE

ul SAEESERE?

RIBRMAY AL EEDHT - IEFEMRY Tesla EERITEHARIBENER -
RENARZEE - EZRREENALS -

EE 145 B (JEEFE=T7hk)

[ C: BM/EFERSE GBS 16)]
BARUER Ml LENBEaRE -

8 2023 Tesla - AREZ—HE -
EEMBERKNBL

V BRFED - ESNENHER |

4 BREKRSE

BE—N REEEEBE  =EE -

=2 FRANMHAMES

SEE ? SRIERIBAMGE - WHMRAERERE - =
- DM EKFEXNHE

#Tesla #EV #EE B B8 #CarLife #DreamCar
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FtE _FEIEEBERR

AERFAM Al DT EEERREAREREN SN —EQE _FEHE
B8 WebApp - UBRREMRAMRZEH o7l - BRES IR M ZBIEHE
AEE . EREURERNTETRAERMEREN - BIFEE Al BAEEREY
BZTHEENE  AEE—PRAZFARFAREERAGER  RPEEE
BIRR ORRZIBEITHER LNESUR - Wi 54t B B Z PRI R

7m - EREREMREBHERERRAZER -

7.1 ¥Ji& WEB APP
—- atHR

RfERT Al BRIEAETHERARREEREM A RE—DiIFHEIE
SEOENT, WebApp - BE—EUARREN_FEEHEGELRK - BBRAE
NHE FREEFWAERME LMEMETRER - BIoBISEE Al F8lE
ZhiGER RS EEHENEERZNE AR RNERME Y-

EAREL BBl 2B RM TR R R RIS SR ETT 5L
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7 - IEREE ORI ESAAEEER - #%F - B8 Streamlit EFRE

BAGRIENE  S2AE2FRARARTIERNERERE - EIFRMEREBN

FEEB R - 2MRRE SR —EMREI ZXREMERE  RHEEREER
HITHEZEAR

ZEARMInRE T ERERENZMA I RREFEZALL - ERIEAFE
RRBEE(ERER A RREAGER Web B - IL—RREBRER FIEER DT - 2
BERAAREFNTERBAEG MRE Al KR PLEHEHSPZER

olfTiE -

— ZE

1. REHRAEER (Save Model)

import joblib -

#1. fREEE! (Random Forest)

joblib.dump(model, 'rf _model.pkl")

#2. (REmhE4RIEES (Label Encoder) - BEIAHEEM A "Tesla" FEEMHEF
joblib.dump(le, 'label encoder.pkl')

print("® HABEERCRER | HEFLEETER - ")

2. 4% Streamlit HEAABEH LREFHEFTENITE -

Ipip install streamlit -q

I'npm install localtunnel -g # FIZRZEIIMEIE - EE AR

3. EFEREEREI (app.py)

=@ App B3 :
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(1) BIEE . WAZH B2 S
(2) EBE: B Al BEES -

3) MnE : BFEMKPBBEZTHN " TREEXE, -

%% writefile app.py
import streamlit as st
import joblib
import numpy as np
import random
from datetime import datetime
#--- 1. FABRETE -
@st.cache_resource # REVER - MNRBHRE
def'load_model():
model = joblib.load('rf_model.pkl")
le = joblib.load('label encoder.pkl')
return model, le
model, le = load_model()
#---2. ERNFEMRE (M ZAIRVELE) -
def generate _copy(brand, year, mileage, price):
current_year = datetime.now().year
car_age = current_year - year
avg_mileage = mileage / (car_age if car age > 0 else 1)
highlights =[]
if car_age <= 1: highlights.append(" % RAFZHE | IRAFE | ")
elif car_age <= 3: highlights.append(""" EEFMH - TERME | ")
else: highlights.append("® CP EIFR - BBEAE I ")
if avg_mileage < 8000: highlights.append("sa 1B{EEE - B RWFT | ")
return """
#i Al HEBIHENXE
# [EEERDEE ] {year} {brand} - ERfEAFRFHE**
{highlights[0]}
B8 {mileage:,} NE - BENBER
Al H{E1REE : {int(price/10000)} & (GHTI)
*BIFRKEE - B85R {brand} HVBISH | *
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#---3. HENENET (UI) -
st.title("é® Al _ FEHHMLERHA")
st.markdown("### FIFAEIREKZREE - BERAUTHISETIE"
# HEE AR
st.sidebar.header("55 8 A BEERE ")
# HUS M5
available brands = list(le.classes )
brand = st.sidebar.selectbox("#fZmmhE (Brand)", available brands)
year = st.sidebar.slider("tH IR (Year)", 2015, 2025, 2022)
mileage = st.sidebar.number_input("{TEFE42 (km)", min_value=0, value=30000,
step=1000)
#--- 4. ETTER -
if st.sidebar.button("BIAMEE (Predict)"):
try:
# BB FRET
brand_code = le.transform([brand])[0]
# FRA
input_data = [[brand_code, year, mileage]]
prediction = model.predict(input data)[0]
# BRURASSR
st.success(f"@ Al HEEE © **{int(prediction/10000)} EIT**")
# BUNHAIEUEIER
coll, col2, col3 = st.columns(3)
coll.metric("mmh&", brand)
col2.metric("FAR", ' {year} E")
col3.metric("EB32", " {mileage:,} km")
# BURBEINE
st.markdown("---")
st.markdown(generate copy(brand, year, mileage, prediction))
except Exception as e:
st.error(f" 24 FEFR 1 {el")
else:

stinfo(" = FBELAMABMILIZ F "FHiadEE. "

4. FIEH Web App (BUS4B4L)

#1. RS 1P B8 (S— T HEZ[IMR
print("  FBEHTHEH IP B (- MIERREZEHA) 1 "
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7.2

Icurl ipv4.icanhazip.com

print("-" * 30)

#2. BXE) Streamlit I35 tunnel EAEAIHE
print("# [EFERBIAEE.. FHEBTAMN 'yoururlis: ...' EBE")

print("* BHEEELLE - 5

"Tunnel Password' 8 f7R4 -MIMIFE SR 1P")

Istreamlit run app.py & npx localtunnel --port 8501

RMINAEERR RN

WA RWRR
AR (Brand)

Abarth v
R (vear)
—
TRER (km)

35000

BRSATE (Predict)

SA _FEBEHEMGERR
FIRABIBERRY » BERITISTS

oA M : 180 BT

Abarth 2022 F 35,000 km
WAl ERREHE R

[FHRIZER] 2022 Abarth - BEEAEEHR
0 ¥ m2Es  FEBYN | W38 35,000 A2 - FREMA DA {SERE : 180 B (WETHE)
LRSI NE + B8 Abarth AIRITRET) |
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17 Web #HRE 1

WRABRRR
SA _FEIEGERR
— FIAAKBEEREE > BERAHIBTHE
- OA {EHMEE - 173 Mt
TREH
DDDDD 2 =6 p 2]
Tesla 2025 4 35,000 km
BRSEEMN (Predict) )
Al EIREHE R

[FBIZER] 2025 Tesla - BEALEH
& maamesin M | 0 %38 35,000 A2 - 953889 (A (SERHE © 173 W (HT)
IEOFORIE + BB Teslo AOMISREN) |

E 18 Web %#HARE 2
SHEPIEEBZ Al _FEHEMEE Web App ETIIEERBERER
Pigee 2 BRRIFIBIR FOYTHRERER - I8 17 28 18 Firk -
EREZYZEBAEHBAZRDE  ERMENDRTRER - Z4GRANR T E IR
Sl Al REETHR - WREEmMEIRFAMG ZHI5ERE -

BREBIRASN - 2AMELTBEREREMEN  WEHELEHREZ Al #E

#

HEXR REEEREHERERENTHEEANS - BB A mEEFNIRAR

BERAHRS - R maeBmAREEE  ARHEZEAEGRENEER

BAELBERERRELEREN -

flllH

EXRZFRINESEBRIEN  ORREATHEBR=IRINAE - S FRARE

AEEERE LN ERRER HFR Al XiTRPLHEEEMSHEBERE

EERANOTT
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7.3 HRAGREIEANGES D

BEARAIMIRAMINER Al _FEBHEGE Web App - W ERE R EEHETRH
BTIHER LD 1TH - BERIDNEESETIRE - BERARRMAPE—D K

- BT BENER  AMAREREZRBELE FHEERHSRBEE
EARMWAERRE  BWREE  SHCHEAHHEIKHESEN &M
BERZBAE - ER - HRAERBEEERETIIR - SH5ERREEE N
RN E SRR - FRAGER O EFEMRE -

HEZMINEETTE - HAI Web App MESMEEEXRERBE - BEARZER
REWMDH -~ EFEERGAERABRPES - RRoIZRBMAER BB EF
R TERBIRKSERLERES - URA RGO MHEZEY -

REPBREREAERNKRANGEREAE SAKERE—PREATESS

BHERRETEZET] -
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FENE 4

AMAUSE_FEHEMSR/MEHR  BREREBANNT  KIFE
_FEHEERZEERNR  TE-—PEARFONERBRARBEERREBE - B
EBHEZRHENR - _FEHERSENB BN - EmEHAEME - SBikH
ERRRFIERNBRER  EXSELEMERAYE LS EEFEEY - K
RAMREIVZOEE -

EERDTERGE  AMIRBEBREMEERDN - ITEEHERERED
mERBEBET  WE—PHNMEBERAERRE  HMFED 2% - RERR
N EEEIEERRETHN  BSXRIAEnEERRAEENRE B
O SHABE ZBEBEHRERN ,; B AmEoER  BERBEEERZEZRK
ARENENEG BrEREREREDEFE _FEHHERNEZAR M
mE RS EERBNERERIR -

ERAZEREESH - AR RABRSMEEEIETERR -
BEUYERTEGHEELSN  BRSEHEERHE FNEETE - 2
AREN  mERERFHRERRIEERSNERZY  MEMENNFERY
AR - IERAAERDTAAGEE - BrRAEREEREY L BE—
EEHEMY -

ERAER AR/ AFERGRIEBREEHRER - R HEAE - X
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Bl - EEINENTRTHENERZRS G WESREENT Web 24t - &

BEEAECRIR - 2k ARGEIREHRER G ABPEN  BHEER

WERY PR _FEFEXRSZBREFTHNHESZEIR -

RE AMAZBEEROWARIUER RE-—EER_FEIHHERTEMN

BEERRNDITRE - M RAARAEBYRINEE _FEHEHHEREER

HE  ORREHEEMRABHEEARRYISZNOA0 -
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SN
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