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» Wine quality prediction dataset

P. Cortez, A. Cerdeira, F. Almeida, T. Matos and J. Reis. Modeling wine preferences by data mining from
physicochemical properties. In Decision Support Systems, Elsevier, 47(4):547-553, 2009.
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e 0 - red or white

1 - fixed acidity

2 - volatile acidity

3 - citric acid

4 - residual sugar

5 - chlorides

6 - free sulfur dioxide

7 - total sulfur dioxide

8 - density

9 -pH

10 - sulphates

11 - alcohol

. BN
e 12 - quality (score between 0 and 10)
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par ikt

o I IEEHTIIEIED

> datal<-read.csv('seiseki.csv',header=Frow.names=1)
> datal.l2=dist(datal) #1—2oUw Ribgk
> datal.l2

Sato
Suzuki
Honda
Ueno
Yoshii
Saito

Tanaka  Sato Suzuki Honda Ueno Yoshii
68.65858

33.77869 81.11104

60.13319 64.14047 52.67827

28.47806 60.75360 21.30728 47.10626

63.37192 12.40967 75.66373 54.31390 56.38262
67.88225 38.10512 87.53856 91.53142 67.72739 45.58509

> datal.ll=dist(datal,method="manhattan”) #L1ib&f
> datal.ll
Tanaka Sato Suzuki Honda Ueno Yoshii

Sato
Suzuki
Honda
Ueno
Yoshii
Saito

144

47 173

102 132 95

57 131 42 83

136 22 165 110 123

118 68 165 200 127 90
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® F*ﬁﬁé& hclust Cluster Dendrogram

> (datal.hc<-hclust(datal.l2)) o |

Call: #

hclust(d = datal.l2) z o

Cluster method : complete ] |

Distance . euclidean O .
Number of objects: 7 A

> plot(datal.hc,hang=-1)

datai.l2
helust (%, "complete”)

Cluster Dendrogram

> (datal.hc<-hclust(datal.l2,method="centroid"))

Call:
hclust(d = datal.l1, method = "ward")

15 20 25 30 35 40 45

Height

Cluster method : ward ] —
Distance : manhattan
Number of objects: 7 sz oz 3
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s BENI—T T UATHIDER BRI —
> datal.hc<-hclust(data1.I2) :
> cophenetic(datal.hc)

Tanaka  Sato Suzuki  Honda  Ueno Yoshii 3
Sato  91.53142 ) |
Suzuki 33.77869 91.53142 / — ‘ ‘
Honda 60.13319 91.53142 60.13319

Ueno 33.77869 91.53142 21.30728 6
Yoshii 91.53142 12.40967 9 42 91.53142 91.53142
Saito 91.53142 45.58509 91.53142 91.53142 91.53142 45.58509

datal.l2
helust (*, "complata”)
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> cor(datal.l2,cophenetic(datal.hc))
[1] 0.8944869
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k-means

Fuzzy c-means
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AR NIIVISRBFI) D
NEwOESIL (pLSI, LDA)

NMF (Non-negative Matrix Factorization)
Bt~y T

Mean-shift 75 X5U>70
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def kMeans(dataSet, k, distMeas=distEclud, createCent=randCent):
m = shape(dataSet)[0]
clusterAssment = mat(zeros((m,2)))#create mat to assign data points
#to a centroid, also holds SE of each point
centroids = createCent(dataSet, k) # =>4 ACHIEAE
clusterChanged = True
while clusterChanged:
clusterChanged = False
for i in range(m):#for each data point assign it to the closest centroid
minDist = inf; minIndex = -1
for j in range(k):
dist]JI = distMeas(centroids[j,:],dataSet[i,:])
if distJI < minDist:
minDist = dist]JI; minIndex = j
if clusterAssment[i,0] '= minIndex: clusterChanged = True
clusterAssment[i,:] = minIndex,minDist**2
print centroids
for cent in range(k): #recalculate centroids
ptsInClust = dataSet[nonzero(clusterAssment[:,0].A==cent)[0]]#get all the point in this cluster
centroids[cent,:] = mean(ptsInClust, axis=0) #assign centroid to mean
return centroids, clusterAssment
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(test.py)

import numpy as np
import matplotlib.pyplot as plt
import kMeans

dataMat=np.mat(kMeans.loadDataSet('testSet.txt'"))
dataMat.shape
myCentroids, clustAssign = kMeans.kMeans(dataMat,4) #k=4

fig = plt.figure()

ax = fig.add_subplot(111)
ax.scatter(np.array(dataMat[:,0]),np.array(dataMat[:,1]),5s=150,¢
ax.scatter(np.array(myCentroids[:,0]),np.array(myCentroids[:,1]
plt.show()
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o k-means++ [Arthur & Vassilvitskii, 2007]
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» Bisecting k-means
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» K-means Clustering via Principal Component Analysis [Ding &
He, ICML2004]

o k=255, k-meansDFLERIIPCAD ch .‘
ABBEDH (E—Ek7D) DIEEE—IK ”_ff —

Figure 1. (A) Two clusters in 2D space. (B) Principal
component vi(i), showing the value of each element ¢
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o SESLIERDTN (Gaussian Mixture Model, GMM)
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