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(1) mAEH

(2) Bt E

model = KMeans (init = "k-means++", n_clusters = 3)
S8 init RTBREROEI G 28 n_cluster RNED R -

(3) alll#riz Y EA A AU TR A

model. fit (X)
model .predict (X)
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https://www.kaggle.com/harrimansaragih/clustering-data-id-gender-income-spending
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T8 RIS

1 import pandas as pd
2 import matplotlib.pyplot as plt
3 from sklearn.cluster import KMeans
4 from sklearn.preprocessing import LabelEncoder
5 df = pd.read_csv("E:/data/ClusteringHSS.csv")
6 print (df.head())
w 2508
+ 12417 BEARLE -
+ % 517 : #H ClusteringHSS.csv #ia ¥ DataFrame -
%%éuﬁtmﬂ%
+ F 617 FARN head BEREH If WETAZEER -
W HITAER
ID Gender_Code Region Income Spending
e 1 Female Rural 20.0 15.0
1 2 Male Rural 5.8 12.9
2 3 Female Urban 28.0 18.0
3 4 Male Urban 40.8 10.0
4 5 Male Urban 42.0 9.0
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print (df.isnull().values.sum())
print ("BREH: ", df.shape)
print ("BERRMRE  DBIR: ", df.keys())
(
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print ("S—BHNEBRNAS:", df.iloc[0,::])

print (df.dtypes)

W 2305

+ BT ERERN isnul REERREBZEE (NaN) » 20RMAL
BEENSEME True BIAKEE 1 MRERIS2ZEER -

+ E 2% 417 LM shape BRERNER - K keys FARMAL
27 iloc BNEEREMERAR -

+ F 517 ERERE I BERUNERZLE -

W HITHRR

22387 23 8 NaN -

23
ERER: (1113, 5)

EhpIEUEE  H52: Index(['ID', 'Gender_Code', 'Region’, 'Income', 'Spending'], dtype='object")

F-ZPERAS: 0

Gender_Code Female
Region Rural
Income 20
Spending 15
Name: @, dtype: object
D inte4
Gender_Code object
Region abject
Income float64a
Spending float64

dtype: object
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1
2
3

df = df.dropnaf()
LE = LabelEncoder ()
df [ 'Gender_Code']

1

LE.fit_transform(df['Gender_Code'])
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T8 | B
4 LE = LabelEncoder ()
5 df['Region'] = LE.fit_transform(df['Region'])
6 X = df.drop(['ID'],axis=1)
7 print (X.head())
W 2R
+ %147 FHARK dropna RIRER &£ df FTEZE -
+ ZE2%)517:{# A LabelEncoder ### 1z Gender_Code E2 Region
RN FHEAEE -
+ 2617 HROEHRBER » MIERMWALID -

+ F 717 FARR head EREE X WA RELH -

W HITHER
Gender Code Region Income Spending
5] @ 5] 20.0 15.0
1 1 5] 5.0 12.0
2 a 1 28.0 18.0
3 1 1 10.0 16.98
4 1 1 42.0 9.0
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1 model = KMeans (init = "k-means++", n_clusters = 5)
2 model.fit (X)

3 print (model.cluster_centers_)
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+ % 117 {8 KMeans #1317 K-means 2 &t » 5RE init &
k-means+ + @ FRNEE k-means+ +/B&E )% » &RE n_clusters
5 RN S B IEELAEE model o
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+ 22317 #A X Z| KMeans BRAVETTHIAR » #B/RIE 5 BFH9F
OV

[ 5.81930502e-@1 2.89575298e-01 2.31544402e401 1.08391158e+01]
[ 5.61702128e-01 1.00000000e+00 4.51617021e+81 1.14595745e+01]
[ 5.14893617e-01 -1.66533454e-16 1.04723404e4+01 8.259574472+00]
[ 5.50660793e-21 1.00000008e+00 3.35418502e+01 1.13348018e+01]
[ 4.17910448e-01 -1.11822302e-16 1.25149254e+01 1.66865672e+01]]
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1 model .predict (X)
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W MITHER
array([@, 2, 3, ..., 3, 1, @])
<06 BERIRIMLUDEFER
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1 Af["Bf"] = model.labels_
2 print (df.groupby ('&f') .mean())
W F2XERAE

+ T ERRABRESFERIIENE IR TR, -
+ 24T LR B REHACAER  IORE—EFHFIIE



K-means 4> &%

W HITHER
Gender_Code

©.5083846
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©.550661
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Region

. 288462
.@BORee
.0BoRee
. 000008
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Income

23.,134615
45,161702
168.472340
33.541850
12.473684

Spending

16.842308
11.459574

8.259574
11.334882
16.786767

BB ~ 88 ~ FTEEFAERNEME -

S v

1 plt.scatter (X['Income'], X['Spending'], c=model.labels_)
2 plt.xlabel ('Income')

3 plt.ylabel ('Spending')

4 plt.show()
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iner = []
for i in range(2,20):
model = KMeans(init = "k-means++", n_clusters = 1)
model . fit (X)
iner.append(model.inertia_)
plt.plot(range(2, 20), iner)
plt.xlabel ('Number of Clusters')
plt.ylabel ('inertia')
plt.xticks(range(2,20,2))
plt.show()
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model = KMeans (init = "k-means++", n_clusters = 10)
model.fit (X)

plt.xlabel ('Income")

1
2
3 plt.scatter (X['Income'], X['Spending'], c=model.labels_)
4
5 plt.ylabel ('Spending')

6

plt.show()
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WL 481 N & & R% voted-kaggle-dataset.csv °

https://www.kaggle.com/canggih/voted-kaggle-dataset
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Tags Data Type Size License \

5} crime\nfinance CSV 144 MB oDbL
1 association football\neurope SQLite 299 MB 0DbL
2 film csv 44 MB Other
3 crime\nterrorism\ninternational relations CSV 144 MB  Other
4 history\nfinance CSV 119 MB cca
Views Download Kernels Topics \
® 442,136 views 53,128 downloads 1,782 kernels 26 topics
1 396,214 views 46,367 downloads 1,459 kernels 75 topics
2 446,255 views 62,002 downloads 1,394 kernels 46 topics
3 187,877 views 26,309 downloads 608 kernels 11 topics
4 146,734 views 16,868 downloads 68 kernels 13 topics

7 —{@ K-means B2 - ¥ Kaggle EREETHE  BEEAT
R LA IhEE
1. EAERE voted-kaggle-dataset.csv E|—1& DataFrame °
. BEEGEER
(1) BERESEZE BERIH  WULBE F-ZEHRR -
Ep

(2 REGEBANENLBEEEEY  FEHEREN B
275 -

EEIIRER AR ERE

(1) ERERREWA Votes ~ Data Type - License ~ Views Ei
Download » W MIERFTHEZE(E °

(2) A& NAL Views B2 Download FIAR A 442,136 views | £
53,128 downloads ; * AL N EHERAHE -

w

a = X['Views'].str.split(' ')

X['Views'] = pd.Series([int(a[i][0].replace(',',"'")) for 1 in range(len(a))l])

(3) FEBEMIEAL Data Type B2 License » 55 /£ LabelEncoder
B EE -

518 A KMeans #37 K-means #&88Y » s AR E R X EITIAR -
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5. DEER
(1) ERRENEFIE—ERUA "3,  BE—EHAERNIE
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