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C;, C;

d(X,y) : X,y
Din (Ci,Cj) =min{d(X, y) | X € C;,y € C;}
Do (G, C ) =max{d(X,y) | X e C;,y € C;}
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S-plus diana

L. Kaufman, P. Rousseuw. " Findling Groups in Data- An

Introduction to Cluster Analysis. "' Wiley Series in Probability and Mathematical Sciences, 1990.
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S k- C={S.S,,--,S}
q(C) = max{diameter(S;)|1=1,---,k }
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opt:min{q(C)|C S k- }

q(C) < 2e0pt K — C




Gonzalez’s farthest point heuristics

e T S
e S C, T
° ]=2,...,k
1. XeS-T T neighbor(X)
X  neighbor(X)
2. C.eS-T

J

(farthest point) T
H ¢, —neighbor(c,) H = max{HS( — neighbor (X)|| X € S —T}
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Gonzalez’s farthest point heuristics
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Multi-dimensional Scaling
Latent Semantic Indexing

Self-Organizing Maps (SOM)

Soumen Chakrabarti. Mining the Web:
Discovering Knowledge from Hypertext Data. Morgan-
Kaufmann Publishers, 352 pages, cloth/hard-bound,

ISBN 1-55860-754-4 4
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Multi-dimensional Scaling
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Latent Semantic Indexing
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Latent Semantic Indexing

A A = Zﬁiai qiT

1<i<k

Frobenius norm
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