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* J. MacQueen: Some methods for classification and analysis of multivariate observations,
Proceedings of 5th Berkeley Symposium on Mathematical Statistics and Probability. 1.
University of California Press. pp. 281-297.
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Given a set of observations (x,, %z, -**, X,), where each observation is a d-dimensional real vector, k-means
clustering aims to partition the n observations into k (= n) sets § = {54, 55, -, 5.} 50 as to minimize the
within-cluster sum of squares (WCSS) (i.e. variance). Formally, the objective is to find:

gmlnzz [l — g | —argm1nZ|S|VarS

i=1 x=5;

where p; is the mean of points in 5. This is equivalent to minimizing the pairwise squared deviations of
points in the same cluster:

k
argmin}_ oo s 2 Ix=y’

X ¥ES;
The Equivalence can be deduced from identity Z I = g, ||* = Z (x — p; )(p; — ¥). Because the
xS x#EyES;
total variance is constant, this is also equivalent to maximizing the squared deviations between points in
different clusters (between-cluster sum of squares, BCSS).[1]

Quatatioin: https://en.wikipedia.org/wiki/K-means clustering
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2.3.2 K-means

= N http://scikit-learn.org/stable/modules/clustering.html
» PRy sklearn.cluster.Kmeans
http://scikit-learn.org/stable/modules/generated/sklearn.cluster.KMeans.html
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kMeans Blobs

from sklearn.cluster import KMeans

from sklearn.datasets import make blobs

X, y = make blobs(n samples=600, n features=2, centers=4, cluster std=1.0, random state=2)
X train, X test, y train, y test = train test split(X, y, test size=1/6, random state=0)
plt.scatter (X train[:,0], X trainf[:,1])
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print (*accuracy =%f * % accuracy_scorely_train, y_train_est)) y_train[0:40]
print (classification_report (v train, ¥_train_est))

accuracy =0.002000 arrav((0, 3,1, 3%,2,1,0,2,2,0,0,0,0,3,3,0,3,3,0,3,3,0,0,
precision recall fl-score  support 33, 1,0,2,1,1,2,0,0,1,2,2, 2,0, 2, 3])
0 0.00 0.00 0.00 130 , .
1 0.01 0.01 0.01 119 sbilin et [13440]
2 0.0oa . 0.00 125
array([z! D! S! I:I! 3! 3! 2! ]! ]! 2! 2! 2! 2! I:Il I:Il 2! I:Il I:Il 2! D! D! 2! 2!
3 0.0 0.0 0.00 126 0, 0,3, 2,8, 8, 3, 1,2, 2,3, 1,1, 1,2, 1, 0])
ave / total 0.00 0.00 0.00 500
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print ( accuracy =%f ° ¥ accuracy scorely_train, h))
print (classification_report (v _train, b))

accuracy =0.496000

precisian recall fl-score  support
0 1.00 1.00 1.00 130
1 ; 0.99 0.97 119
P 0.00 0.00 0.00 125
3 0.00 0.00 0.00 126

avg / total 0.48 0.50 0.49 a00
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» UCI MLR, https://archive.ics.uci.edu/ml/datasets/wholesale+customers
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df = pd.read_csv("https:/sites.google.com/site/datasciencehiro/datasets/Wholesale_customers_data.csv")

Means Wholesale

Channel BR#%, 1: Horeca (Hotel/Restaurant/CaféMDB&#R), 2: /5%
Region BEEDMIE, 1: YRARUH, 2: RILH, 3: Z0Oih

Fresh ERHROFERZE (BEEEA, m.u. = monetary unit)

Milk SR OFEMH BEEA)

Grocery BHHEEDOEMZHGGBEEL)

Frozen AREBMOEMIE GREEA)

Detergents Paper REICHBOERMITH GBEEAL)

Delicassen PEOERXE RREEA)
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clstr = BMeans(n clusters=4).fit _predict (cstmr_data)
I dfZ.plot.bar( alpha=0.6, figsize=(6,4), stacked=True, cmap="5et]")

: <matplotlib.axes. subplots.hxessubplot at Ox19641934080%
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v" S.Guha, R.Rastogi, and K.Shim: CURE: An Efficient Clustering Algorithm for Large Databases, in Proc.

of the ACM SIGMOD International Conference on Management of Data, pp.73-80 (1998)

51

T—RAYATORBRE—=2-2 VSRR
https://www.slideshare.net/SeiichiUchida/22-77834256

ME VSRR T (DSRAB—2H#) :http: //www.kamishima.net/jp/clustering

I
|
T



https://www.slideshare.net/SeiichiUchida/22-77834256
http://www.kamishima.net/jp/clustering/

