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Représentation intuitive de I'Inertie Totale du nuage de points




Ok

L 9%(k; 9)

k=




P
B = Ezl d*(ok; 9) Ok

Représentation intuitive de I'lnertie Inter-classes







Représentation intuitive de I'Inertie Intra-classes

0 5 10 15




X0 , X , X X ,
d°(xi; Q) = d“(ok; 9) + d“(Xi; Ok)
=1 k=1 k=1 x; 2Cy




0 ) 8 kjXx2c, = X

B -
:




0 ) 8 kjXx2c, = X

B -
:




4

<

o I
< <
I B,
3 @)
S oV
<

< oo
X %
o o0)
— ~—~
o —

B
T
B
T




4

<

o I
< <
I B,
3 @)
S oV
<

< oo
X %
o o0)
— ~—~
o —

B
T
B
T
4




: )
.’ k

Xij
i2Cy




C(xj) = min  d(xi; «)

_ 1 P
9~ Np i2cXi
(r 1;r)(W) 67
(rir+1) (W) r
r
















W (P (K))




W (P (K))




20

18

16

I
14

12

1:20

I
2 3 45 6 7 8 9 10

I I I I I I
0T 80 90 ¥'0 ¢0 00

10}/enu]








































X




< T <




d(C1; C2) = min (d(xi; X jo))

Xi 2 Cq1;Xjo2 Co

C1=(1;23)




d(C1; C2) = min (d(xi; X jo))

Xi 2 Cq1;Xjo2 Co

C1=(1;23)

d(Cq1;C2) = d(is12) =5




x1

X










Aempit (C1; C2) = max(d(xi; X jo))

Xi 2 Cq1;Xjo2 Co

Omax (C1: C2) = d(iq;is) = 7:81



X










0-OG0O8

) MIN (single link.) (b) MAX (complete link.) (¢) Group average.

Figure 8.14. Graph-based definitions of cluster proximity
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