ERIESIRISIERIEIRT (R4 R

AEUSTRITEE

BFHEREDSH, A K-means MEERBERRXIMTE, BFFRN
8. XTI HEGD R, FIIERMEEHNTIL SRR,

#EEE: financial customer clustering_homework.csv, 1 1600 £EFICR.

3.1 2R S TR

IEREIRRREHARE. FREENR 5 17, BEEFESEE

[EFFEE.

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt

from sklearn.preprocessing import StandardScaler
from sklearn.cluster import KMeans, AgglomerativeClustering

from sklearn.decomposition import PCA
from sklearn.metrics import silhouette_score

from scipy.cluster.hierarchy import linkage, dendrogram

# LLEEREIEE B
plt.rcParams['font.sans-serif'] =
plt.rcParams['axes.unicode_minus'] = False

['SimHei']

df = pd.read_csv('financial_customer_clustering_homework.csv')

print('#AR=:

print(' FEHE:

df.head()

FEAE: 1600
FER¥E: 17
customer id

0 HCO00001
1 HC00002
2 HC00003
3 HCO00004
4 HCO00005

# FERLE
df.info()

', df.shape[©@])

', df.shape[1])

age annual income total financial assets

28
42
30
38
59

100882.44
256947.83

67293.44
165390.43
278419.82

190722.03
227393.60
176840.74
161926.11
215147.04

loan_balance
43282.54
618189.98
23752.75
329681.84
291219.21

BREIA ST, AR

credit_score
645.6
735.6
672.1
691.2
651.3



<class 'pandas.core.frame.DataFrame’>

RangeIndex: 1600 entries, @ to 1599
Data columns (total 17 columns):
Column

#

W oo NGOV, WNRO I
1

R R R R R R
UuhwWwWNRO®

16

memory usage:

customer_id

age

annual_income

total_financial_assets

loan_balance
credit_score

credit_card_utilization
overdue_times_12m
monthly_transaction_count
online_banking_ratio
wealth_product_ratio

debt_to_income

investment_asset_ratio
digital activity_score

risk_level

default_flag
true_segment
dtypes: float64(10), int64(4), object(3)

# HEIA LI
df.describe()

count

mean

std
min
25%
50%
75%

max

age
1600.000000
38.627500
9.756895
18.000000
31.000000
39.000000
46.000000
70.000000

Non-Null Count

1600

212.6+ KB

1.560000e+03
1.918873e+05
1.650040e+05
2.926063e+04
9.182098e+04
1.354658e+05
2.200696e+05
1.215178e+06

Dtype
non-null  object
non-null inte4
non-null float64
non-null float64
non-null float64
non-null float64
non-null float64
non-null int64
non-null inte4
non-null float64
non-null float64
non-null float64
non-null float64
non-null float64
non-null object
non-null int64
non-null  object

annual_income total financial assets

1.571000e+03
4.822498e+05
8.942846e+05
1.017037e+04
6.151127e+04
1.249577e+05
3.982867e+05
8.000000e+06

THEJLNEEZRENSMESE, AB T BEIERIS.

cols = ['age’,
‘credit_score’,

‘annual_income"',

"total_financial_assets'
'debt_to_income"]

df[cols].hist(figsize=(12, 8), bins=30)
plt.tight_layout()
plt.show()

)

loan_balance
1.600000e+03
1.696508e+05
1.864282e+05
1.041521e+04
4.351868e+04
8.731685e+04
2.414378e+05
1.274051e+06

credit_score
1568.000000
679.875255
69.963799
448.200000
637.375000
682.950000
730.275000
860.400000

'loan_balance',



annual _income

total_financial_assets
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ST FRIRLENE, HERTERPUEE.

# BEIRKE
df.isnull().sum()

customer_id

age

annual_income
total_financial_assets
loan_balance
credit_score
credit_card_utilization
overdue_times_12m
monthly transaction_count
online_banking_ratio
wealth_product_ratio
debt_to_income
investment_asset_ratio
digital activity_score
risk_level

default_flag
true_segment

dtype: inté64

# FAUEIRANAKE

for col in ['annual_income',

w N D
N O®©O OO0

O 0O OO OO0

"total_financial_assets',

df[col] = df[col].fillna(df[col].median())

‘credit_score']:




print (" IBANSRISREREME: ', df.isnull().sum().sum())
IEANERIRTAKRME: o

SEENE

loan_balance #1 debt_to_income XKL E0EE MBI ARNE, STRELXEE—T, B
F3 1% 0 99% o {guthailty, EEd E TRIVERIERIAR,

plt.figure(figsize=(8, 4))
plt.subplot(1, 2, 1)
plt.boxplot(df['loan_balance'])
plt.title('loan_balance")
plt.subplot(1, 2, 2)
plt.boxplot(df['debt_to_income'])
plt.title( 'debt_to_income")
plt.tight_layout()

plt.show()

# 1% Fll 99% M E R EE

for col in ['loan_balance', 'debt_to_income']:
low = df[col].quantile(©.01)
high = df[col].quantile(©.99)
df[col] = df[col].clip(low, high)

1e6 loan_balance debt_to_income
o 8
1.2 © -
5]
1.0 4 g
] 61
0.8
0.6 4
0.4 4
2_
0.2
0.0 p— 0- p—

IERERRTE

customer id 29RES, FBEFREEZE, risk level, default flag, true segment RERxR
&, RECEMERERE, AHHRERA. BER 13 1M EZERFAIZFEGRE, HE
ROTF 8 MLENER, RERXIXLTEMITENL.

features = ['age', 'annual_income', 'total financial_assets', 'loan_balance’,
'credit_score', 'credit_card_utilization', 'overdue_times_12m',
'monthly transaction_count', 'online_banking ratio’,



'wealth_product_ratio', 'debt_to_income’,
"investment_asset_ratio', 'digital_activity_score’]

X = df[features]

# InEME

scaler = StandardScaler()

X_scaled = scaler.fit_transform(X)

print(' BFRENTENE: ', len(features))

RATFERENTENH: 13

(Inertia)

SSE

3.2 K-means B2
SR R STAEAIEN K (&, BEERS T,

# ITE k=2 F 10 HJ SSE FIHEFFR#

sse = []

sil = []

k_range = range(2, 11)

for k in k_range:
km = KMeans(n_clusters=k, random_state=42, n_init=10)
labels = km.fit_predict(X_scaled)
sse.append(km.inertia )
sil.append(silhouette_score(X_scaled, labels))

plt.figure(figsize=(12, 4))
plt.subplot(1, 2, 1)
plt.plot(list(k_range), sse, marker='o0")
plt.xlabel('K")

plt.ylabel('SSE (Inertia)')
plt.title('FhiE")

plt.subplot(1, 2, 2)
plt.plot(list(k_range), sil, marker='o")
plt.xlabel('K")

plt.ylabel('HEBZRE")
plt.title('HEBR¥")

plt.tight_layout()

plt.show()

FRIE RERN
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MFBEITEE, SSETE K=4, 5 A TERERE, HEAREXMIE, BERHEX

—ERBIRE. SERITEPAREALAS A LRSS ER, XBik K=5,

# AT K HRAEE

k_best 5

kmeans = KMeans(n_clusters=k_best, random_state=42, n_init=10)
df[ "'kmeans_label'] = kmeans.fit_predict(X_ scaled)

df[ "kmeans_label'].value counts().sort_index()

kmeans_label

0 294
1 322
2 497
3 237
4 250

Name: count, dtype: int64

F3 PCA 1 13 #3552 [%F) 2 4, IBRELERBERLERE.

pca = PCA(n_components=2)
X_pca = pca.fit_transform(X_scaled)

plt.figure(figsize=(7, 5))

plt.scatter(X_pcal[:, @], X_pca[:, 1], c=df['kmeans_label'], cmap="tabl0’

plt.xlabel('E71")
plt.ylabel('EmE52")

plt.title('K-means BEHELER (PCA F&R4E) ')
plt.colorbar(label="255")

plt.show()

, $=10)



In [14]:

K-means BE45R (PCA P&

MHE KA AHENITEIYE, ARNRRNEZEFEIHLE,

print('SRXELHE: ')
print(df['kmeans_label'].value_counts().sort_index())
print()

# G—EXLTERYE
df.groupby('kmeans_label")[features].mean()

(SEEXIN 4N

kmeans_label

0

1
2
3
4
N

294
322
497
237
250

ame: count, dtype: int64

40

3.9

3.0

2.3

2.0

=5

1.5

1.0

0.3

0.0



age annual income total financial assets loan balance credit :

kmeans_label

0 42523810 168094.554728 2.861379e+05 480132.417516 686.0¢
1 46.214286 439620.513882 1.792256e+06  86241.636331 760.8¢
2 38434608 129773.599356 1.346705e+05 81646.418576  680.5¢
3 28.177215 100157.106878 7.140344e+04 58669.441807 659.1¢
4 34564000 102202.179680 6.461408e+04 181747.910060 586.84

3. 3 F\Kaiyk

FeRE N —E D Z A ERMRE (£EMFEABEHRAZEARS) , B Ward linkage 33£50
HEAMUEIRERER, BRIEIF K-means {RIF—EEY 5,

# BEWIHER 120 TMERERKE

np.random.seed(42)

sample_idx = np.random.choice(len(X_scaled), 120, replace=False)
sample_data = X_scaled[sample_idx]

Z = linkage(sample_data, method='ward")
plt.figure(figsize=(12, 5))

dendrogram(Z)

plt.title('BREBEFIRE (FEVIIHEX 120 MEZ, Ward linkage) ')
plt.xlabel ('#¥7")

plt.ylabel('EEE")

plt.show()

BirBAatiRE (MEHLEEL 120 M4, Ward |inkage)

il b

“““““ GASTUR RLAEFHRENAZARRAZ NO " FAPARA IR ESGRMERAARRE S0 B4 sa BER T CEUeSEPARERAHE AT RA S ORRE CE RS AEREF IR YBRAA TR £ 53

# X EEFAR YRR RFEE

agg = AgglomerativeClustering(n_clusters=5, linkage='ward")
df['hier_label'] = agg.fit_predict(X_scaled)

df[ "hier_label'].value_counts().sort_index()



Out[16]: hier_label
0 326
1 327
2 187
3 249
4 511
N

ame: count, dtype: int64

In [17]: plt.figure(figsize=(7, 5))
plt.scatter(X_pca[:, 0], X_pca[:, 1], c=df['hier_label'], cmap='table', s=10)
plt.xlabel('FAE571")
plt.ylabel (' EmMHI2")
plt.title('BERBRRLLER (PcA PELE) ')
plt.colorbar(label="Z5")
plt.show()

BREERBEER (PCA FEH)
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FURTRFPER SR

FARZXERE K-means IERRFIFEARIN KR, BMTERRRSA—ERER, 25
E—HEFRAEAEH D i,

In [18]: pd.crosstab(df['kmeans_label'], df['hier_label'])



hier label 0 1 2 3 4
kmeans_label

0 0 268 0 11 15

1 322 0 0 0 0

4 43 5 6 439

0 11 182 3 41

A W N

0 5 0 229 16

3.4 FUETA
FRRCER AR D BTN TRRERSSAIZNER, BUESEE -1 2 1, B 1 WeBR o RHElismh.

km_score = silhouette_score(X_scaled, df['kmeans_label'])
hier_score = silhouette_score(X_scaled, df['hier_label'])
print('K-means ¥#EFZEEK: ', round(km_score, 4))
print(' BREBREREZREI: ', round(hier_score, 4))

K-means 3ERZA#EN: 0.2517
BREBEREBAL: 0.2358

LRI

HURETE true_segment EXLEFSEIRE, XERAEHM K-means ERMRZNE, EE
REEREREIE (true_segment RAATHERE, IREESEERXK) .

pd.crosstab(df[ 'kmeans_label'], df['true_segment'])

true segment Affluent Wealth Customers High Risk Credit Customers Mass Salary Ci

kmeans label

0 0 14
1 322 0
2 3 17
3 0 6
4 0 244

INGE

IBEFRIME. XIRFTAZEINELS, A K-means FISRERERREDKR T 5 8. F
FHEFIECERRELER ST K=5 RUIERE, PCA BIRE EARREAIAEEED T, PMMTERIRRINE
ETARDEFPHEDEIINATEHEE, SRR



MERNZENETUEHAREFEHERAN. & SRS FERE LNER, X
BN ARTRER. KBxESF. ERUEEZF. SNRERASEFNFREFER. R
TALRLMERNEHE. UEEEEFIERXEIRE].



