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The Proximity Between Objects BN E =
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The Proximity Between Objects 1Bl E =
J a, + oay
— TS \ | \ I! L=
® —E/IZI*@RT%ZETJE’J*E'TM |E ij a, + 6a + P (a2 N a3)
Name 0 A Definition
a;
Jaccard 0 1 d;; =
aq + da> + as
a, +ay
Tanimoto 1 2 dij =
a1+2(a2+a3) + ay
a; + ay
Simple Matching (M) 1 1 dl.j = >
a;
Russel and Rao (RR) - - dl.j = ?
1 2a
Dice 0 _ dl.j — 1
2 2ay + (a2 + a3)
!
Kulczynski - , dl.j —
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> Example: Car Marks 23RS, E X FI oI

1, X > X > head(Carmean)

Yik = 0. othery * A tibble: 6x9
’ cars economic service value price look sporty security easy
<chr> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
# clear variables and close windows A100 3.9 2.8 2.2 4.2 3 3.1 2.4 2.8
rm(list = Is(all = TRUE)) BMW3 4.8 1.6 1.9 5 2 2.5 1.0 2.8
graphics.off() CiAX 3 3.8 3.8 2.7 4 4.4 4 2.6
|ibrary(readr) Ferr 5.3 2.9 2.2 5.9 1.7 1.1 3.3 4.3
Carmean = read_csv("Desktop/2023_Applied Muli - FiUn 2.1 3.9 4 2.6 4.5 4.4 4.4 2.2
col_names = TRUE) FoFi 2.3 3.1 3.4 2.6 3.2 3.3 3.6 2.8
head(Carmean) T ——
x = Carmean|, 2:9]
head(x) > head(x)

# A tibble: 6 x 8
economic service value price 1look sporty security easy
<dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>

3.9 2.8 2.2 4.2 3 3.1 2.4 2.8
4.8 1.6 1.9 5 2 2.5 1.0 2.8
3 3.8 3.8 2.7 4 4.4 4 2.6
5.3 2.9 2.2 59 1.7 1.1 3.3 4.3
2.1 3.9 4 2.6 4.5 4.4 4.4 2.2
2.3 3.1 3.4 2.6 3.2 3.3 3.0 2.8
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> Example: Car Marks 23RS, E X FI oI

b X > X =12 k=12
i — ’ l=1, 24, ..., N, — 1, 2, ...
Vik 0, otherwise P

nr_x = dim(x)[1] # WUUETE (1780

nc_x = dim(x)[2] # T2 (710

colmean_x = apply(x, 2, mean) # it EE5 T 21 F(E
# EX TR R KTFEZ=IERN 1, SNEX O

for (iin 1:nr_x) {

for (j in 1:nc_x) { > head(x)

if (X[i, j] > colmean_x[j]) x[i, j] = 1 # A tibble: 6 x 8

else x[i,j]= 0 economic service value price 1look sporty security easy
} <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
) 1 0 0 1 0 0 0 1
head(x)
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>  Example: Car Marks ${3Eg&E, T\ s — T umimin T
P WSR3 > x[17:19, ] # IX 17~19 X={THf

# A tibble: 3 x 8

Vv, = {1, Xik > J_Ck economic service value price 1look sporty security easy
ik — . <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
0, otherwise 0 . . 0 0 0 0 0
1 0 0 1 0 0 0 1
X[17:19, ] # I 17~19 X =47 %I 0 0 1 o o 0 0 1
a 2
O Jaccard measure d; = dy=5=1
aq + da> + as 0
d, = =0
27 0+3+2
(1.000 0.000 0.333" do=— 1t =1
P = 1.000 0.250 b
J 1 _ 1
2T 1+1+2 4
2
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>  Example: Car Marks ${3Eg&E, T\ s — T umimin T
P WSR3 > x[17:19, ] # IX 17~19 X={THf

# A tibble: 3 x 8

Vv, = 1, Xik > J_Ck economic service value price 1look sporty security easy
ik O, Otherwise <de; <dbli <dbli <de; <dblg <dblg <de; <de;
1 ) 0 1 0 ] 0 1
X[17:19, ] # I 17~19 X =47 %I 0 0 1 o o 0 0 1
o Tanimot d 4T d 2+6
dnimoto measure a;: = 1= =
y a1+2<a2+a3)+a4 2420+4+0)+6
g = 0+3 _ 3
27 0+23+2)+3 13
0+35 5
(1.000 0.231 0.556 d =TT =5
D = 1.000 0.455 345
d = =
\ 1.000, 27 342040)+5
1+4 5
dy3 = =
14+2(1+2)+4 11

246
dy3 =
24+20+0)+6
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>  Example: Car Marks ${3Eg&E, T\ s — T umimin T
P WSR3 > x[17:19, ] # IX 17~19 X={THf

# A tibble: 3 x 8

Vv, = {1, Xik > J_Ck economic service value price 1look sporty security easy
ik — . <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
0, otherwise o . L e . 0
1 ) 0 1 0 ] 0 1
X[17:19, ] # I 17~19 X =47 %I 0 0 1 o o 0 0 1
: - a) + ay 2+6
O Simple Matching d; = djy=——=1
P
J 0+3 __3
12— g 3
0+5 5
(1.000 0.375 0.625) dis = % =2
D = 1.000 0.625 345
\ 1.000 d22=T=1
1+4 5
dpy =—— =—
23 ] ]
2+6
dyy=——=1
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The Proximity Between Objects 1Bl E =

o EFBATSHIERES

. 0 1 5
>  Example: 1% X = <O> , Xy, = <O) , X3 = <5> .

o L, TEHEIREEIERE 4= Y [
(0 1 10) =
10 9 0,

o L, HERIEE N

@2: 1 0
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The Proximity Between Objects 1H{lXE =

o EHEBITSHIES

> NAE

E=

d? = Hx._x.H —
l
l J o

T L, SEERIEE BRI E AR

xR EMEE.

RNEEM L, EHRBLEESTH (HPS > 0)

(- xj)T,Qi (% -x)

» WRFENEN, NEBEATINERERE:

o = diag <s§1

1 —1
X SX2X2

~1
SXX

)_

(1
Sx X,
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>  Example: JEERBm> HEUESR.

setwd("~/Desktop/2023 Applied Multivariate Statistical Analysis/R Codes with data/Data")
library(data.table)

x = read.csv("food.csv", header = TRUE)

(x =x[, 2:7])

il

> (x = x[[, 2:7])
bread veget fruit meat poult milk

1 332 428 354 1437 526 247
2 293 559 388 1527 567 239
3 372 767 562 1948 927 235
4 406 563 341 1507 544 324
5 386 0608 396 1501 558 319
6 438 843 0689 2345 1148 243
7 534 660 367 1620 638 414
8 460 699 484 1856 762 400
9 385 789 621 2366 1149 304
10 655 7706 423 1848 759 495
11 584 995 548 2056 893 518
12 515 1097 887 20630 1167 561

T —— S
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>  Example: JEERBm> HEUESR.
P 2
o EREEEREER: dy=1) 2 (=)
k=1
D 1 = dist(x, method = "euclidean", diag = TRUE, upper = FALSE, p = 2)
round(D_1, digits = 2)
> round(D_1, digits = 2)
1 2 3 4 5 6 7 8 9 10 11 12
1 0.0
2 172.3 0.0
3 762.8 621.8 0.0
4 187.1 152.1 663.9 0.0
5 217.7 135.2 629.3 75.5 0.0
6 1227.6 1095.0 482.5 1128.8 1100.0 0.0
7 410.8 336.2 546.7 237.0 234.6 980.5 0.0
8 601.2 478.4 285.2 465.8 442.4 689.9 303.2 0.0
9 1207.8 1078.2 482.6 1111.0 1086.8 120.5 966.0 672.0 0.0
10 717.6 620.3 453.1 553.0 541.4 764.3 323.1 238.3 754.4 0.0
11 1006.9 874.3 435.9 849.7 819.7 537.1 643.0 422.1 543.0 36l.1 0.0
12 1642.5 1506.0 929.5 1516.8 1483.5 540.7 1335.4 1054.9 564.4 1058.4 732.5 0.0
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> Example: /&

o BVAREERE o = diag (57, sk

sx = scale(x)

= =
=
E=
Emx LEEE.

SXX)

D 2 = dist(sx, method = "euclidean", diag = TRUE, upper = FALSE, p = 2)

round(D_2, digits = 2)

> round(D_2, digits
1 2 3

1 0.00

2 0.86 0.00

3 3.03 2.47 0.00

4 1.21 1.32 2.69 0

5 1.28 1.14 2.39 0@

6 4.62 4.14 1.71 4

7 2.74 2.78 2.89 1

8 2.80 2.55 1.87 1

9 4.30 3.80 1.55 3

10 4.37 4.34 3.62 3

11 5.09 4.77 3.36 4

12 6.98 6.53 4.51 6

= 2)
4 5 6 14 8 9 10 11 12
.00
.46 0.00
.19 3.94 0.00
.59 1.69 3.90 0.00
.87 1.72 2.81 1.28 0.00
.87 3.03 0.88 3.66 2.48 0.00
.25 3.29 3.93 1.68 2.07 3.82 0.00
.02 3.89 3.21 2.76 2.34 3.14 1.72 0.00
.19 5.94 3.41 5.28 4.36 3.46 4.40 2.89 0.00

B EEREN Y
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. FEFE Agglomerative procedures
Hierarchical algorithms 99 _
Splitting procedures
N BN

Partitioning algorithms

> ER—BRAXNABEN!
o R F ik /

F—TWNMMEB—KTR, EFaHDH.

N
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> FIREFFEETEEZTEIPNA. Al R? FESHFH n T R.
> RESETHPRNNRZEEXESR (ERMEES).
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® Partitioning Algorithms 9 X &%

>  k-means RZE: RRBHANDXEE.

O E *ﬁ@’;zk&jj - E/\];WEE% (total intra-cluster distance) EJZ%SZEWI%EIZ@& (squared error

| >k REEN
function).

T O SMiEAA
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® Partitioning Algorithms 9 X &%

>  k-means RZE: RRBHANDXEE.

O k-means FREHNNERE

ze@wzze%{ <’f>} f=1

Tit{E j (i) = argmin @
J

x;, BT j() B (?FJ?E’J)
UCS’“) (1,2, ...,n)

=1

E%ﬁ[lj(tﬂ) = ( oS’(t)> Z X;

lEcs)(t)

—H

B2
W1E, BF

k
HEN § = argminZ Z H X; — H; H ® 8K
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® Partitioning Algorithms 9 X &%

> k-means XK. B AN XEE.
o ZEEHRARZE LEURT EORIHIIEIRRE.
o HfFrEENERIMM.
o MAERIFIIE R HITE ZHIET
o IEMRAILAIRIE B IFRIHIIA

k-means ++

Ilmll
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=
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Y
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R
I

intelligent k-means

genetic k-means



) F/abRF g s

)‘v r u'*; CHINA UNIVERSITY OF PETROLEUM - BEUING AT KARAMAY

® Partitioning Algorithms 9 X &%
X HEANDXEE.

>  Example: X k-means tT/EEEE 8 THRERAME.

eight = cbind(c(-3, -2, -2, -2, 1, 1, 2, 4), c(0, 4, -1, -2, 4, 2, -4, -3))
eight

>  k-means R

eight = eight[c(8, 7, 3, 1, 4, 2, 6, 5), | # #UEEEHHIF

eight

> eight > eight

[,1] [,2] [,11 [,2]
[19] -3 0 [1’] 4 -3
[2,] -2 4 [2’] 2 -4
[3,] -2 -1 [3’] -2 -1
[4,] -2 -2 [4’] -3 0
[5,] 1 4 [5,] -2 -2
[6,] 1 2 [6,] -2 4
[79] 2 -4 [7,] 1 2
[8:] 4 -3 [8,] 1 4

r‘r‘
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>  k-means L B AN D XEE.

> Example: | k-means iR EEETE 8 TRRAME.

plot(eight, type = "n", xlab = " xlim = c(-4, 4), ylim = c(-4, 4), main = "8 points", asp = 1)
p12 = eight[1:2, ]

p12.mean = apply(p12, 2, mean)

, ylab =

segments(p12.mean[1], p12.mean[2], eight[1, 1], eight[1, 2], lwd = 2, col = 'orange") 8 points

segments(p12.mean[1], p12.mean[2], eight[2, 1], eight[2, 2], lwd = 2, col = 'orange') .

p3_8 = eight[3:8, ]

p3_8.mean = apply(p3_8, 2, mean)

segments(p3_8.mean[1], p3_8.mean|[2], eight[3, 1], eight[3, 2], lwd = 2, col = 'green3’)

segments(p3_8.mean[1], p3_8.mean|[2], eight[4, 1], eight[4, 2], lwd = 2, col = 'green3’)

segments(p3_8.mean[1], p3_8.mean|[2], eight[5, 1], eight[5, 2], lwd = 2, col = 'green3’)

segments(p3_8.mean[1], p3_8.mean|[2], eight[6, 1], eight[6, 2], lwd = 2, col = 'green3’)
( )

(

segments(p3_8.mean[1], p3_8.mean[2], eight[7, 1], eight[7, 2], Iwd = 2, col = 'greend'

segments(p3_8.mean[1], p3_8.mean[2], eight[8, 1], eight[8, 2], Iwd = 2, col = 'green3d’) T |
segments(p12.mean[1], p12.mean[2], p3_8.mean[1], p3_8.mean[2], lwd = 2, col = 'grey') )
points(p12.mean[1], p12.mean[2], pch = 16, cex = 1) | —

points(p3_8.mean[1], p3_8.mean[2], pch = 16, cex = 1)
points(eight, pch = 21, cex = 2.7, bg = "white")
text(eight, as.character(1:8), col = "red3", cex = 1)
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Cluster Algorithms BREH %

e Partitioning Algorithms 0 X &%
> TMHSEEZHNE—EHMERND XAEE:
O k-medoids: NB—3x j, B 1EXRITIL

Tull}

S MIBERN—TR x; {FAX

2 ZE 2 medoids.
o k-means ¥ k-medoids FIERTET . k-means B]LAiEE kK T EISIEN

RHVEL, T k-medoids BIEILN HZ k 1N SEFRRYS.

plot(eight, type = "n", xlab =

, ylab =
segments(eight[3, 1], eight[3, 2], eight[1, 1], eight[1, 2], lwd = 2, col = 'orange')

, Xlim = ¢c(-4, 4), ylim = c(-4, 4), main = "8 points", asp = 1)

8 points

(
segments(eight[3, 1], eight[3, 2], eight[2, 1], eight[2, 2], lwd = 2, col = 'orange')
segments(eight[3, 1], eight[3, 2], eight[4, 1], eight[4, 2], lwd = 2, col = 'orange')
segments(eight[3, 1], eight[3, 2], eight[5, 1], eight[5, 2], lwd = 2, col = 'orange') “1 ®
segments(eight[8, 1], eight[8, 2], eight[6, 1], eight[6, 2], lwd = 2, col = 'green3')

segments(eight[8, 1], eight[8, 2], eight[7, 1], eight[7, 2], lwd = 2, col = 'green3')
points(eight, pch = 21, cex = 2.7, bg = "white") .
text(eight, as.character(1:8), col = "red3", cex = 1) o
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® Partitioning Algorithms 5 X &%
> THSAENE—EEMERNDS XA
O k-mode: EHREIMIE D KEIREEN—FHEE, BERRE (modes) NEERY
1918.
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® Partitioning Algorithms o X&)%
» MHA/LUNE—LHEHMERNDXGE:
O k-median: 3T TR k-means S FEESERBMIITN—MEE, &
NERERS S W EIRIRERN 2D
o B ARBIITES N ERIIERATE, MEITBEXNLIRHIPAIECE

N\

BxE.
o BHirtREHMEHNE Manhattan IFE, MIEMEKEZENFEAS

x—med‘

= argmm
Jj=1 €S}
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® Partitioning Algorithms 3 X &%

> MHLZLNE—EEMERNDXEE:

O k-median:

3k

plot(eight, type = "n", xlab =
p12 = eight[1:2, ]
p12.median = apply(p12, 2, median)
segments(p12.median[1], p12.median[2], eight[1, 1], eight[1, 2], lwd = 2, col = 'orange’) ]
segments(p12.median[1], p12.median[2], eight[2, 1], eight[2, 2], lwd = 2, col = 'orange’)
p3_8 = eight[3:8, ]
p3_8.median = apply(p3_8, 2, median) -] /
segments(p3_8.median[1], p3_8.median[2], eight[3, 1], eight[3, 2], Iwd = 2, col = 'greend")
segments(p3_8.median[1], p3_8.median[2], eight[4, 1], eight[4, 2], Iwd = 2, col = 'greend")
segments(p3_8.median[1], p3_8.median[2], eight[5, 1], eight[5, 2], Iwd = 2, col = 'greend'
segments(p3_8.median[1], p3_8.median[2], eight[6, 1], eight[6, 2], Iwd = 2, col = 'greend'

(

(

, ylab ="", xlim = c(-4, 4), ylim = c(-4, 4), main = "8 points", asp = 1)

segments(p3_8.median[1], p3_8.median[2], eight[7, 1], eight[7, 2], Iwd = 2, col = 'greend'
segments(p3_8.median[1], p3_8.median[2], eight[8, 1], eight[8, 2], lwd = 2, col = 'greend'
segments(p12.median[1], p12.median[2], p3_8.median[1], p3_8.median[2], lwd = 2, col = 'grey')
points(p12.median[1], p12.median[2], pch = 16, cex = 1)

points(p3_8.median[1], p3_8.median[2], pch = 16, cex = 1)

points(eight, pch = 21, cex = 2.7, bg = "white")

text(eight, as.character(1:8), col = "red3", cex = 1)

)
)
)
)
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® Partitioning Algorithms 9 X &%
> THSAEHNE—LHMERNSXAE
O fuzzy k-means: LT ERTB T HIERKBAENREER T AR
o HENMIBImRENER TRHEIVE

= argrmnz Zuu ” X;— H H

Jj=11€d;

o u;; =REEEN, EEENER I (WNHNNUEN X)) LTR ) PHURE
2

P
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® Partitioning Algorithms 7 X &iA
> MTHSADHNE—LEMERANDXAE:

I~ N

O fuzzy k-means F.;

HE REBEIEMIN—MIARE L), 1 = 1

c ()
21 u;x;
TE KRB B = =

Fiulth: ut) =
i.J

l,] _2
i I = pill \ !
=\ =l

=~

B8
L
EZ I8
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® Partitioning Algorithms 7 X &iA
> DXRERFEN—ERR:
O KW= k WMETIRINNIRE, XrgE=SHHKRLMBRENR
e

o FRFNEEANREALIEIEHAZIRAYZR.




(b)) TR sk XF (b Ak Cluster Analysis

s/ CHINA UNIVERSITY OF PETROLEUM -BEUING AT KARAMAY

e Hierarchical Algorithms, Agglomerative Techniques B8 %E, RERHE
KRB AL EHIEEIME.

1. MEHEDR
T HIERER I
BE

>

4

FIIEBRRITAIME
BFXMEEHN—K
TR ZBRVIEE, [EI—14%/\HIERER O
EZ MMBRIRRET—ENN T

N oo a0 &~ w0 b
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Cluster Algorithms BRZEE %

n

= ) I(x; € P) % P Hh MAKEE.
® Hierarchical Algorithms, Agglomerative Techniqtnp ; ( ) IR

> MRMINRPS Q aFHAE—E, WFHEP+QSHEXRIEBEXN
dR,P+Q)=5dR ,P)+5dR , Q) +8dP , Q) +6,|dR,P)—dR , Q)

KB EERYITE
Name O s o O,
Single linkage % % 0 —%
Complete linkage % % 0 %
Average linkage (unweighted) % % 0 0
Average linkage (weighted) 'jf ’:_Q 0 0
np+ngp np+ngp
] np ng nphg
Centroid m—— e | man) 0
Med 1 1 1
edian 5 5 ~7 0
ng + np g T g ng
Ward Ng+np+ng | ng+np+ng _nR+np+nQ 0
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B TAZERT DA Cluster Analysis

Cluster Algorithms BRZEE %

e Hierarchical Algorithms, Agglomerative Techniques 9 2&%, RE&EHX

» WFHEH Single 1 Complete %1%, 18

1. BEREDR

ITEIERER 9

BE
I D P dE(MFEmS n NEER) BI&R/JVE (Single #i&) StE & A{E (Complete %#z)
MR m M n AEXK, K milnpRaAE—F, FHlRs]VE

EZ PARERAN—RM X 5FE d BB T FKRIKF

S T o A

> ABIERNEETR, NRREEEFEITEEREMEAHITRSE, MAZE
EE—SIPEEITEMNEERAER, XAEXBRIFEANFTU




G IALRT G masi Cluster Analysis
| Cluster Algorithms B85
e Hierarchical Algorithms, Agglomerative Techniques B8 %E, RERHE
> MIRFIEESPVNERRZ, WRERERNWAMTEDERN.
o 15RE (dendrogram): REFFINERRT.
o TEHIRTAM.
O ZHAFRNZE(8]EE.
o RHIK[BIERIAZE FIARFH AR K.
o MRREREIEEIKFLIE, NBNY D ZBIRT N FEMNAIER .
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Cluster Algorithms BRZEE %

e Hierarchical Algorithms, Agglomerative Techniques 9 2&%, RE&EHX

>  Example: 8 =09 Single linkage &%

L > round(d, digits = 2)

d = dist(eight, method = "euclidean", p = 2, diag = TRUE) # KX ECEE B 5[4 1 2 3 4 5 6 7 8
round(d, digits = 2) 10.00

2 2.24 0.00

3 6.32 5.00 0.00
s1 = hclust(d, method = "single") # cluster analysis with single linkage algorithm Zg£ 4762 6.40 1.41 0.00
graphics.off() 56.08 4.47 1.00 2.24 0.00
plot(s1, hang = -0.1, frame.plot = TRUE, ann = FALSE) 6 9.22 8.94 5.00 4.12 6.00 0.00
title(main = "Single Linkage Dendrogram - 8 points", ylab = "Euclidean Distance") 7 5.83 6.08 4.24 4.47 5.00 3.61 0.90

8 7.62 8.06 5.83 5.66 6.71 3.00 2.00 0.00

——— E—

Single Linkage Dendrogram - 8 points

1.5 2.0 25 3.0 35 4.0 4.5

Euclidean Distance

]
]
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e Hierarchical Algorithms, Agglomerative Techniques 7285, RERE
>  Example: 8 1" HY Single linkage B4

o WIRBAIEIEE 3.5 WNIERE, MRA=FXEMNERN:
(1,2, {3.4.,5}, {6.7,8}

graphics.off()

plot(s1, hang = -0.1, frame.plot = TRUE, ann = FALSE)

titte(main = "Single Linkage Dendrogram - 8 points", ylab = "Euclidean Distance")
abline(h = 3.5, Ity = 2, col = 'cyan3d') # cut the tree at distance 3.5

Single Linkage Dendrogram - 8 points

Euclidean Distance

1.0 1.5 2.0 25 3.0 3.5 4.0 4.5
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Cluster Algorithms BRZEE %

e Hierarchical Algorithms, Agglomerative Techniques 77 B &%,

> Example: 8 1209 Single linkage &X

dd = d*2 # BXKEE B T 5 IVAERE
round(dd, digits = 2)

s2 = hclust(dd, method = "single") # cluster analysis with single linkage algorithm £ 7-5z 5 3E B
# The dendrogram for the 8-point example, Single linkage algorithm.

graphics.off()

plot(s2, hang = -0.1, frame.plot = TRUE, ann = FALSE)

title(main = "Single Linkage Dendrogram - 8 points", ylab = "Squared Euclidean Distance")

Single Linkage Dendrogram - 8 points

20

15

10

Squared Euclidean Distance

.

>

1
2
3
4
5
6
7
8

Cluster Analysis

RERE

round(dd, digits = 2)

1 2 3 4 5 6 7 8
)

5 0
40 25 O

5841 2 0
37 20 1
85 80 25 1
34 37 18 2
58 65 34 32 45

D ———

5 0
736 0

02513 0
245 9 4 0
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Cluster Algorithms BRZEE %

Al
N

e Hierarchical Algorithms, Agglomerative Techniques 9 2&%, RE&EHX

> single linkage E)5TE X EBIEANMEN R ZBIEBN&R/IVE
dR,P+Q)=min{dR,P),dR,Q)}

> complete linkage BE)ETE X KB EENMEN S Z B FEBAEHANE
dR,P+Q)=max{dR,P),dR,Q}

> average linkage 575 (MNAXELANNIN) TE XK [8] 354 LA R ARIHTH

np o
dR,P+ Q)= dR , P)+ d(R , O)

np‘l‘nQ np‘l‘nQ
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Cluster Analysis

Hierarchical Algorithms, Agglomerative Techniques 43

25E, RERE

/

> centroid EERXBENE REPS O INECDNZ BN L{OEE
dR P+0)=—"F 4R .P)+—2 dR.0)——TC ap.0)
I’lp‘l‘nQ np+7’lQ np+7’lQ
R

T Q@
weighted center of gravity of P + Q

——

——
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Cluster Algorithms BRZEE %

Cluster Analysis

e Hierarchical Algorithms, Agglomerative Techniques 9 2&%, RE&EHX

>  Ward clustering &5 8] FERIITE X

np Mg ng
dR,P+ Q)= dRR , P) + dR , Q) — d(P , Q)
l’lp‘l‘nQ np‘l‘nQ nR+nP+7’lQ

o Ward EAFARFABIEE ZAENERE—I

o MEBERMEZ (measure of heterogeneity) 1 IN&/ L RE—HC

\) 1 5 (4
Iy=— Y d*(x;, Xg) £ R BEL (YE)

o Ward 757458 BRI ES RN ERIER MR T EE/ IR R —iHe: R
ERDEZRIFI TR PTEERIEL
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N7/

e Hierarchical Algorithms, Agglomerative Techniques 7285, R&ERE

> Example: MTRTHEERESE SFREALEREE 20 MLNME, FIARKKESHIT

Ward E:zE.
library(mclust)
data = banknote > XX _ ,
Length Left Right Bottom Top Diagonal
set.seed(3) 5  215.0 129.6 129.7 10.4 7.7  141.8
xx = data[sample(1:nrow(data), 20, replace = F), ] # sample of 20 randomly 186 214.7 130.4 130.0 11.5 10.7 139.4
xX = xx[, 2:7] 140 214.5 130.5 130.2 11.8 10.2 139.6
XX 36 214.6 130.2 130.2 9.4 9.7  141.8
199 214.7 130.7 130.8 11.2 11.2 139.4
107 215.3 130.3 130.1 9.3 12.1 140.2
136 214.8 130.1 130.1 11.9 11.1 139.5
20 214.7 130.2 129.9 8.6 10.0 141.9
74 214.4 129.9 129.6 7.5 10.5 141.8
183 215.0 130.5 130.1 11.0 11.4 139.3
168 215.6 130.4 130.1 9.6 11.2 138.6
48 214.8 129.9 129.7 7.3 10.9 142.0
104 215.0 130.4 130.6 9.9 10.9 140.3
194 215.0 130.5 130.3 9.6 11.0 138.5
37 215.5 130.3 130.0 8.4 9.7 141.8
157 214.2 129.7 129.6 10.3 11.4 139.5
108 214.8 130.1 130.4 9.8 11.5 139.9
200 214.3 129.9 129.9 10.2 11.5 139.6
165 214.3 130.3 130.0 11.4 10.5 139.8
137 214.6 129.8 130.2 10.7 11.1 139.4
T — T
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>  Example: \NTITHEESE S FREALERE 20 TUUNME, FIARREKEESEHIT
Ward K.

## PCA R 01

mean = as.vector(colMeans(xx)) # mean vector

m = matrix(mean, nrow(xx), NROW(mean), byrow = T)
X = XX - m # centering

eig = eigen(cov(x)) # spectral decomposition

20 Swiss bank notes

eva = eig$values # eigenvalues o i

eve = eig$vectors # eigenvectors s "
Xxm = as.matrix(x) : 13;1285‘37 “” -

y = xm %*% eve # PC values % o *

ym =y[, 1:2] # first two PCs

## Plot 1: PCA
graphics.off()
plot(ym, type = "n", xlab = "first PC", ylab = "second PC", main = "20 Swiss bank notes",
ylim = c(-5, 4), xlim = c(-4, 4.5), asp = 1) —— —

text(ym[, 1], ym|[, 2], rownames(xx), cex = 1.2)
abline(h =0, v =0, Ity = 2, col ='orange')
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Cluster Algorithms BRZEE %

e Hierarchical Algorithms, Agglomerative Techniques 9 2&%, RE&EHX

> Example: \TIHEIRESE S HBENIER 20 TYUNE, FIARRKEEHT

Ward BR:E.

## Plot 2: Dendrogram for the 20 bank notes after applying the Ward algorithm

d = dist(xx, method = "euclidean", p = 2) # euclidean distance matrix

dd = d*2 # squared euclidean distance matrix

w = hclust(dd, method = "ward.D") # cluster analysis with ward algorithm

graphics.off()

plot(w, hang = -0.1, frame.plot = TRUE, ann = FALSE)

title(main = "Dendrogram for 20 Swiss bank notes", ylab = "Squared Euclidean Distance", xlab = "Ward algorithm")

Dendrogram for 20 Swiss bank notes

100

80

mmmmmmmmmmmmmmmmmmmm
mmmmmmmmmmmmmmmmmmm

FFFFFFFFFFFFFF
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Cluster Algorithms BREH %

e Hierarchical Algorithms, Agglomerative Techniques 7 E&i%, RERHE

>  Example: \NTITHEESE S FREALERE 20 TUUNME, FIARREKEESEHIT

\]7/
Wa rd ER 20 Swiss bank notes, cut height 60

## Plot 3: PCA with clusters
library(car)
graphics.off()
groups = cutree(w, h = 60)
merg = matrix(c(ym, as.matrix(groups)), nrow = 20, ncol = 3)
merg = merg[sort.list(merg[, 3]), ]
merg1 = merg[1:6, 1:2]
merg2 = merg[7:20, 1:2] — ———
plot(ym, type = "n", xlab = "first PC", ylab = "second PC", main = "20 Swiss bank notes, cut height 60",
ylim = c(-4, 4), xlim = c(-4, 4), asp = 1)
abline(h =0, v =0, Ity = 2, col = 'orange')
text(ym([, 1], ym|[, 2], rownames(xx), cex = 1.2)
dataEllipse(x = merg1][, 1], y = merg1|[, 2], center.pch = 0, col = "red", plot.points = F, add =T, levels = 0.85)
dataEllipse(x = merg2|[, 1], y = mergZ2|, 2], center.pch = 0, col = "blue", plot.points = F, add =T, levels = 0.95)
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e Hierarchical Algorithms, Agglomerative Techniques 7 E&i%, RERHE

> Example: 7EE BB FBEEE.

## Load data

setwd("~/Desktop/2023 Applied Multivariate Statistical Analysis/R Codes with data/Data")

library(readr)

fooddat = read_csv("food.csv")

food = as.data.frame(fooddat[, -1]) # delete the first column (types of families)

rownames(food) = ¢("MA2", "EM2", "CA2", "MA3", "EM3", "CA3", "MA4", "EM4", "CA4", "MAS5", "EMS", "CA5") # define types of

e _ _ > round(f, digits = 3)
f = scale(food) # standardize variables bread veget fruit meat poult milk wine
round(f, digits = 3) MAZ -1.070 -1.607 -0.915 -1.136 -1.111 -0.950 0.814

EMZ2 -1.434 -0.914 -0.709 -0.909 -0.946 -1.018 -1.541
CA2 -0.697 0.185 0.345 ©0.155 0.49% -1.052 0.897
MA3 -0.380 -0.893 -0.993 -0.960 -1.038 -0.292 @.535
EM3 -0.566 -0.655 -0.660 -0.975 -0.982 -0.335 -0.078
CA3 -0.081 0.587 1.115 1.158 1.382 -0.984 -0.384
MA4 0.815 -0.381 -0.836 -0.674 -0.662 ©.476 @.535
EM4 0.124 -0.174 -0.127 -0.078 -0.165 ©0.356 0.661
CA4 -0.576 0.301 0.703 1.211 1.386 -0.463 -1.206

MAS 1.944 0.233 -0.497 -0.098 -0.177 1.168 1.636
EM5 1.282 1.390 0.200 0.428 ©.3060 1.364 -0.691
CA5 0.638 1.929 2.314 1.878 1.458 1.731 -1.178

attr(,"scaled:center")

bread veget fruit meat poult milk wine
446.6667 732.0000 505.0000 1886.7500 803.1667 358.2500 368.5833
attr(,"scaled:scale")

bread veget fruit meat poult milk wine
107.14759 189.18005 165.09226 395.75041 249.56064 117.12707 71.78181

L — P
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e Hierarchical Algorithms, Agglomerative Techniques 7'/&

> Example: 7EE BB FBEEE.

## PCA French Food data
mean = as.vector(colMeans(f))
m = matrix(mean, nrow(f), NROW(mean), byrow = T)

CA4 EM2

x=f-m .

eig = eigen(cov(x)) # spectral decomposition

eva = eig$values e
eve = eigdvectors )

xm = as.matrix(x)
y =xm %*% eve
ym = y[, 1:2] # first two eigenvectors

#i# Plot 1: PCA | — e

plot(ym, type = "n", xlab = "first PC", ylab = "second PC", main = "French Food data", ylim = c(-5, 5), xlim = c(-5, 5), asp = 1)
text(ym[, 1], ym[, 2], rownames(f), cex = 1.2)

abline(h =0, v=20, Ity = 2, col = 'orange")
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e Hierarchical Algorithms, Agglomerative Techniques 7285, RERE

>  Example: JEEEBmMBHEIIEESE.

## Plot 2: Dendrogram for the standardized food.dat after Ward algorithm

d = dist(f, "euclidean", p = 2) # euclidean distance matrix

dd = d*2 # squared euclidean distance matrix

w = hclust(dd, method = "ward.D") # cluster analysis with ward algorithm

graphics.off()

plot(w, hang = -0.1, frame.plot = TRUE, ann = FALSE)

titte(main = "Ward Dendrogram for French Food", ylab = "Squared Euclidean Distance")

Ward Dendrogram for French Food

70

60

50

40

30

Squared Euclidean Distance

20
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EM5
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Cluster Algorithms BREH %

e Hierarchical Algorithms, Agglomerative Techniques 7 E&i%, RERHE

>  Example: [5E BB HEIUEE.

## Plot 3: PCA with clusters
groups = cutree(w, h = 60)
merg = matrix(c(ym, as.matrix(groups)), nrow = 12, ncol = 3)
merg = merg[sort.list(merg], 3]), ]
merg1 = merg[1:7, 1:2]
merg2 = merg[8:12, 1:2]
graphics.off()
plot(ym, type = "n", xlab = "first PC", ylab = "second PC", main = "French Food data, cut height 60",
ylim = c(-5, 4), xlim = ¢(-5, 4.5), asp = 1)
abline(h =0, v =20, Ity = 2, col = 'orange")
text(ym[, 1], ym[, 2], rownames(f), cex = 1.2)
dataEllipse(x = merg1[, 1], y = merg1], 2], center.pch = 0, col = "red", plot.points = F, add =T, levels = 0.8)
dataEllipse(x = merg?2[, 1], y = merg2|, 2], center.pch = 0, col = "blue", plot.points = F, add =T, levels = 0.65)
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O fx b2 Efimov & A (2017) 251 69 7 5.

O XIR—MZTERENNTG L, FN&EEZWHTREGMERAE CNOLEH.
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Adaptive Weights Clustering EHiE WX E L
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o WME: {X;} CR”
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O HIMEERE (X, X)HEH d(X,, X,

J

O FIAMET4LEME W= K {,X X BT R — 4
/ 0, X X/%%Tﬂx

O MELEME W= (WU.) RAFARME. A 3 AR T — ANk

o A UM T IR (dab) 6 9= (a(x, X)) watE
i, =1
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Adaptive Weights Clustering B &N IXE L

S D TaRKEERY
o WME: {X;} CR”

eight = cbind(c(-3, -2, -2,-2,1, 1,2, 4), ¢(0, 4, -1, -2, 4, 2, -4, -3)) # BN LR
eight = eight[c(8, 7, 3, 1, 4, 2, 6, 5), | # ZUEEEHHIF
d = dist(eight, method = "euclidean", diag = TRUE, upper = TRUE, p = 2) # iT 5 EKEE
D = as.matrix(d) # B & fE[%
. > round(D, digits = 2) # FEEER
nr = nrow(D) # %Ef% D B91TEX 1 2 3 4 5 6 7 8

nc = ncol(D) # 4EF% D #951%K 10.00 2.24 6.32 7.62 6.08 9.22 5.83 7.62
2 2.24 0.00 5.00 6.40 4.47 8.94 6.08 8.06
W = matrix(0, nrow = nr, ncol = nc) # I EE[FHIY]IA1E 36.325.00 0.00 1.41 1.00 5.00 4.24 5.83
for (i in 1:nr){ 4 7.62 6.40 1.41 0.00 2.24 4.12 4.47 5.66
for (j in 1:nc) { 5 6.08 4.47 1.00 2.24 0.00 6.00 5.00 6.71
. . . 6 9.22 8.94 5.00 4.12 6.00 0.00 3.01 3.00
It (DI, JT < 4) Wi, 1 =1 7 5.83 6.08 4.24 4.47 5.00 3.61 0.00 2.00
} 8 7.62 8.06 5.83 5.66 6.71 3.00 2.00 0.00
round(D, digits = 2) # 5 5 5% oW # HELERE
W # tNE % [,E_L_ZJ)[J] [,4] [,5]1 [,e] [,7] [,8]
[1,] 1 1 0 0 ] (] 0 0
[2,] 1 1 0 (] (] (] 0 0
[3,] (] 0 1 1 1 (] 0 0
[4,] (] 0 1 1 1 (] 0 0
[5,] (] 0 1 1 1 0 0 0
[6,] (] 0 0 ] 0 1 1 1
[7,] 0 0 0 /] 0 1 1 1
[8,] (] 0 0 0 (] 1 1 1

|
|
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Adaptive Weights Clustering B &N IXE L

S D TURKAEELS
o WME: {X;} CR”

TR e RS | XX |

o HHHERE (X, X)HESE (X, X,).

o A UM T IR (dab) 6 9= (a(x, X)) watE
i, j=1

O A TIEME W= K { X, , X, & Fl— %
/ 0, XZ,X/%%imx

O MELEME W= (wl.j) RAFARME. A 3 AR T — ANk

O Bl & i, MpayRkC N ik ﬁfTﬁﬁﬂfiéﬁﬁLé( )Xﬁﬁéﬁﬁéé\ﬁﬁfﬁi.

> W # INEIE
(,11 [,2]1 [,3]1 [,4]1 C,5] [,e] [,7] [,8&]
[1,] 1 1 0 0 (] (] 0 (]

2,] 1 1 © © © o o o
3,] © © 1 1 1 © 0 0
(2] 0 o 1 1 1T 2 0 o)
] © © 1 1 1 © 0 0
6,] © © © o o 1 1 1
7, © © © o o 1 1 1
8,] © © © o o 1 1 1
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Adaptive Weights Clustering B &M X E

(1]

\

HX A
ZR I

o 1ZHEESIWMEIEPRIRENE Wi, X XaERR ‘BENNERE" AIEE.
o EMIEF AR ELM CO T, B, ﬁbaméﬁ#@w@)vﬁr&fa

X, B0 35 % d (X,-  X;) AW 8 X

o k21, @itk TV R CTD X MRAT RUER R ENHHERE

wl§.’<), f C l)ﬁaC(" Dostgk—1FSdbx 5x B3R RE

o KMRBE(X,, X)) Sh WBEEX,, X, B, HHE-ABREX, K

RISy AR X R E A — T @R
O RLAMNMELEMSE W R THIRENRESER

O i ik AT E A AT Wb
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NG AT KARAMAY

Adaptive Weights Clustering B1&MN B FR S
* FRRF5
O WMEEZMEEFI h <hy < - <hg, ThET HENEEE LM K
AT F 89 Z e 1R JZ
O Iy M9H—MEATAFANERSE kT S b rkegndi 3FA.

o HFEEWRE, MNLMARE kT LGP, HAX, 5k h 647,509 F
¥z, B k>1 %% 2680358 g K.

N
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Adaptive Weights Clustering B &M X E

i

* HrE

O MBI FIF, KRNFEHE/NELH LRI nyg MR 5 EHEA K.

wl§0) =11|d (Xl- : X]) < max {ho (Xi) , hy <X]> }

o hy(X;) A& X, b5 H 89 ny MNARIE 509 2 5.

O HAVHKIAZLI ng=2p + 2.
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Adaptive Weights Clustering B &M X E

i

(I
Ny
X

* 5k SHIRIEF

O B&XA k—1FHENKEC TR IMmsTE—AE X KRAF R AT 89 E L

(k=1) 5 _
Qrf =12

RERELETHX, M R2 w“”%%ﬂ’&.ﬂﬁw“”mﬁﬁi

wy X, 4y ek 89 R K A X; Aok sy Iy F 45 69 5k
XEB(X hy,_ 1) {x ; d(Xi,x)ghk_l}-/
O ABTRMNF kT T, BMLEF—NERNYFEN, FAAL-—FTHERE

it wid.
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* 5k SHIRIEF

o st wd E KB ARABREA: ML d(X,, X)) <h 9 FE—T i, j, 10
R RGBS, KB CATARR— %

O @F L E X, 5 X, 3T R 89 A AN K69 5 RAR IR B F 29869 5 L AT I

O #X, 5 X AERLHAANE, ARLE—FRHREw ) Rt

= (k)
ETij-

O EX#EXLFABARMKB (X, h_,) FoB(X, b, ) 0T EE RSP i

G

-~‘ .t.é‘ ‘....: 0..'. “e. -o“.’., < N Q.{?‘ ..‘
. XL Sov ALE N B - e
$.‘.‘ ‘.S.s... . ?..0. ' ) s o o;.a.s...

e, € G Keges
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Adaptive Weights Clustering

=PETVENEE

(I

Cluster Analysis
==

A

® 5 kHHBIEF
o st wd EAHEHARABREA: i d(X,, X)) <h 9 FE—AT, j, 40
J B RGBT, KA CAT AR R — k.
ERMEREL NO= Y Dyt
I#i,
' 4 2 IA 152 BE - k) __ k—1 k—1
igmmeEL NO = Y w >I[Xl ¢ B (X, )| +wl D T{X ¢ B (X, b))
I#i,
o an sz Az e NK — VK 4 AR
L e® 3 amlel® o 3 " ® ° (k) - (k) P——— *)
.:, 3.“:.‘?".‘;. .E,-‘.. &N “"8.9 e-.&- Naj ,“'3.;“'0}0 ij
@ .""o..o.’~ .'J - o.. .°."o..
v osee YTl Bnle e enlt i
" : ' O ..': “0 o:o,: g 0: .:. qO. .:.‘.. 0::;0.
? :' .‘. o Satteer ﬁ;kt o~ ““ ‘e* o L e
- s C' C - -
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Adaptive Weights Clustering B &YX E 3

* 5k SHIRIEF

(k)
o N ~ N

o AF =N, FIEMANEEZ 9511-()=Nl<k;’
IVj

o 00 TARAFRAAARMERC; 5 C I T F R 50T E AL

O FEEF EMHEL T, HAT MR EAANFARITF F 0958 B ILFA—NF A
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(I
Ny
X

* 5k SHIRIEF

o Jtuf, fFitE ég@ BAE S 35 3 T # AN FRAR R B4R R 5 5F 4 694k AR 2 th

, /\Jﬁ@_ﬁ I~ HOSFEE A
k—l) d=d(X,.,Xj) ) P A BRAR

Zr AE SR I\ H o
hk—l) ISR 0 R FR

V. (dij ,
2V () = Vi (4

ij °
FBA by, 8 FARIEAR </

Hy: X; 5 X, £ “4”
Hi: X, 5X GE2F Ew

NK) ~ L) —
91.]. Rq =

o #ay w644 A R Ar I {

(k) e (k)
Ni/\j ““8 y € :‘Qo NiAj
-’ \.' s
03 ;. .;’.0 7
.o, P
. MY
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Adaptive Weights Clustering H &MY E L

* 3 kINIERM

KR A et Hy: 00 >q (R “sem”)
O T A T AR BT ] AL €y
0P <q? (ARF R

%_ « jS ]I%i »

v e w’e

'.’A'
.a‘oo Aﬁ:\%‘ > 5 “
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Adaptive Weights Clustering B &N IXE L

(1]
%\hﬂ
X

* 5k SHIRIEF

o= k) — K, Nk L)), (k) Y _1( 9% (k)
o suatas 1= NG KL(0 ) [1(00 <q) -1 (a0 > 4)

1—-0
1 -7

KL(0,n) =910g§+(1 — 0)log
O KL(0,n) A5HH 0F=n b9 ANMa%-H) g2 18 69 Kullback-Leibler (KL) 5~ .
O F, MAAHLA(X,, X)) <h HRAEX X, EMNEHRE wd o T
PR SFBRRALRAE K i ( i )

O G ETO WARFHA BN, RIS EE— LRI, R

CE B0 \m AR, &R LA R R
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Adaptive Weights Clustering B &N IXE L

(I
Ny
X

* SHIEE
O AT RARE WK 9B BHAKRERD, BEERMNLE L6 ikE

O F wi(A) AL LKA A 8 TARIF R 49 R T b L

S() = Z wh(2)

i, j=1
O Mifg A maida® kagR K3k, FA, SU) b2 F K.
O EPU MRS ANM, dBEFE T4 E KBIKZ AT 26— A EAEH 4 14

O AREEMIZLNYFINLT, THRASWRRZET /NI E, AP AT 2
A6 AR

O AXMIFH T, MAAZIA N AT EFKIFIRELSERBATILE
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Cluster Analysis

Adaptive Weights Clustering B &N E S 3L
® HEMNMNERZEXHEAWC

2. WIATCARE: wO =1 [d (% X;) < max <ho (%) h <Xf))]

3. EkLHER

o HETO=NO-KL(0D, ¢)- [I (09 < q®) -1(89 > q(k)>]
i = Ny i 9 i S 4y i~ 9y
5. wh=1 ld (X,- , X.) <1 (T.(k) < ,1)
ij J J

6. EEHITEZEL=K




Cluster Analysis

1(0) BV Z e 10 X il
e CHINA UNIVERSITY OF PETROLEUM - BEUING AT KARAMAY
> BX Sk

Spectral Clustering 15:k3<
o ERXEETENENAEREIERD NEBGHBEEMIIAH (X).
~ . P . P N P s
O FA kAT kB MBI L, TR {x,f € RP AR HHE B
8] A% A8 A 1A : g — a, + oay
Ya +bay+ 2 (a2 + a3)
Z TSR ERAIARE
Name %) A Definition
a, Xik = Xik = 1
Jaccard 0 1 dij = =0 —
a+a,+a; <xik_ ,xjk—
a1+a4 xik=1,)(:']-k=
Tanimoto 1 2 dij =
a1+2(a2+a3)+a4 xl-k=xjk=0
+
Simple Matching (M) 1 1 d; = hT % ( p
p a1é21<xik=xjk=1>
a k=1
Russel and Rao (RR)| - - di; = — E
" p a2é21<xik—0,xjk=1>
. 1 4. = 2a adR k1=91
i o 5 v 2a1 + (a2 + a3) ds 2 kgll (xik =1 > xjk — >
. d _ a1 A 14
Kulczynski - - 1= o +as a, = kgll <xik X = O)
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N X.*; CHINA UNIVERSITY OF PETROLEUM - BEUING AT KARAMAY

o ERASETENSEBHRIESNS N EEEELINE ()

O B EFXNLE, HATERA Luxburg 2007 251 69 45 F.

O /\}\@‘Vaéﬁﬂj’l,,ﬁ%ﬁ 97 %E%ﬁ@@ (undirected graph) ? (% %) 1?1'7'3— _',E\:-‘:P
BT BV, €V X R T8I X,
O 4R d; >0, NE@BAAMAFHANY, FELL v Fov, Z A2 BARE d; .

O REMNPLZEAFK G O—FFX 5, IERE D Em T, A7 F KR8y

O ABMLETEA T IR A & 094R (3£) 34514 (adiacency matrix) W, B AT T W &5 7
Fow; T, wy=0E T &y Aoy, Rik@ (KR4,
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2> %)
xS

— HX A

7 \'

RE

o =

O

J 2K

HIEREEEIRS/NEE IREERE ARG,

BIEEREXRY.

3 d. = w, £1F x; )AL E
2 3L

N

2 = diag (di) =

Cluster Analysis

=1
R AR BT A =

(dl

d,
\
(fl\
]jz\\_/f-—l(x € A)
Ly
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2> %)
xS

FRENGRBEHRERNEEMRETRE

HHEHEEMEEEENX.

def

EmmAE,

A

Cluster Analysis

j=1

O FHACT thRpTrhiliad |A| S A 69T EH A vol(A) = Y d; B#.

o LA=7\A, Jo RRALE W, 517

i€EA,jEA,

IEA

N 3RATE LA %8 Y.
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o EERMEABBEXFMBMRIERETESE £ = D — — W BTIHEDH.

\\

@) Luxburg (2007) th ‘f J},LJ‘JLLIU?#E F$ (Laplacian matrix) é/J 'ﬁn 'F Ii/ﬁ',l‘

1. VfeR", fTo=— Zw,](f f)

1]—
2. LW FNAFIEMAEA 0, pgHiEm L1
3. PR, XK
4. PHnAHFREAEO=4 <A < <4

O RAFEAAY Fi-5Fa AT 4E [ A RAVIAE T —FP A& M £ 38 1 69 T A



(%) JA LR T G R Cluster Analysis
anh 2 (Luxburg 2007) GEBSBEE L ANE). L € 2 — AN EAEf T
B N L 60 AN TRk ETFRGEBUMEA, Ay, ..., A, 943 4
JEAE O 9 HAE S 1 T A X a3 T & 1y, 1y, o, 1y J6JR R F 5

b, BMTAR G 2H k NAMF B A L a3t A 2EH).

R
1. MBGB9S MBI W
2. TTEIMENMRIRIERIETEE £
3. & Z MBIk THHIERE Y, V), ..., ¥
4. EXnxXkEEV = (v, vy, ..., V)
5. BN M5 i 1T1ER Yy, € RY, HORUREMNE ¥,
6. FHA k-means REFBER Y RENC, G, ..., G
T ORMERER: AL Ay A, BRA={j G
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UL

library(kernlab)
?specc
AT 1T EEIUERERERZEREL: rbfdot, polydot,
. . vanilladot, tanhdot, laplacedot, besseldot, anovadot,
RLHOIE, SAALEAFIL splinedot, stringdot

specc(x, centers, kernel = “stringdo”, iterations = 200,

na.actioq = na.omit, ...) (

i N,

26y ] e R ARIEC/RER

XJ NA {EaNol#RAF
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Spectral Clustering TEE £

\!

JIERRNE 8 TREMMK.

eight = cbind(c(-3, -2, -2, -2, 1, 1, 2, 4), ¢(0, 4, -1, -2, 4, 2, -4, -3))
eight

eight = eight[c(8, 7, 3, 1, 4, 2, 6, 5), | # ZIEEEHHIZF

eight

e Example: F,

sc.eight = specc(eight, centers = 2) # & 526
sc.eight

centers(sc.eight) # ZEH)

withinss(sc.eight) # Z£A948 A 75 #]

merg1 = eight[1:2, 1:2] : :

merg2 = eight[3:8, 1:2] — —
plot(eight, col = sc.eight, pch = 16, cex =2, xlab =", ylab =", asp = 1)

ellipse(center = ¢(3, -3.5), shape = matrix(c(1, 0.6, 0.6, 1), nrow = 2), center.pch = 0, col = "red", radius = 1.2)
dataEllipse(x = merg2][, 1], y = mergZ2|, 2], center.pch = 0, col = "blue", plot.points = F, add =T, levels = 0.75)
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iris ZHESEHIRK DT

?hclust

REHiA: ward.D, ward.D2, single, complete,
average, mcquitty, median, centroid

/
hclust}d, method = “complete”)

FH dist AR E A%
FRME, REWAIINE
N TEEE D FANEES, {ESERZEM 0 Fig
/
plot(x, labels = NULL, hang = 0.1, axes = TRUE, frame,plot =
/, FALSE, main = “Cluster Dendrogram”, ...)

H hclust 529X &R
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iris ZHESEHIRK DT

rm(list = Is(all = TRUE))

X = iris

head(x)

d = dist(x[, 1:4]) # 1T EIE R 5E*

iris.hc1 = hclust(d, method = "complete") # S <R %
plot(iris.hc1, hang = -1) # Z2ZEH

Cluster Dendrogram

prEtE e

~—— foy —

hclust (*. "complete")
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iris ZHESEHIRK DT

re1 = rect.hclust(iris.hc1, k = 3) # BREN D=2

Cluster Dendrogram

e

hclust (*. "complete")
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iris ZHESEHIRK DT

Rel1# o =3£MNER

> re # THR=ERNER

C[11]

[1] 51 52 53 55 57 59 64 66 69 71 73 74 75 76 77 78 79 84 86 87 88 92 98 101 102 103 104 105
[29] 106 108 109 110 111 112 113 114 115 116 117 118 119 120 121 122 123 124 125 126 127 128 129 130 131 132 133 134
[57] 135 136 137 138 139 140 141 142 143 144 145 146 147 148 149 150

LL2]1]
[1] 54 56 58 60 61 62 63 65 67 68 70 72 80 81 82 83 85 89 90 91 93 94 95 96 97 99 100 107

[[31]
[1] 1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38

[39] 39 40 41 42 43 44 45 46 47 48 49 50

iris.id1 = cutree(iris.hc1, 3) # JRAL =4H
table(iris.id1, x$Species) # 772525 I EL

> iris.id = cutree(iris.hcl, 3) # &BH=4A
> table(iris.id, x$Species) # PHELERINILE

iris.id setosa versicolor virginica

1 50 0 0
2 0 23 49
3 0 27 1

C— ———
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iris ZHESEHIRK DT

iris.hc2 = hclust(d, method = "centroid") # ZE /)%
plot(iris.hc2, hang = -1) # Z2ZEH

Cluster Dendrogram

3.0

25

2.0

Height
1.5

1.0

0.5

—
i}
sgp

NS

~ B T T e e S e S R ~— T v ~

00X Ox—000<I<]

S

hclust (*. "centroid")
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iris ZHESEHIRK DT

re2 = rect.hclust(iris.hc2, k = 3) # BREWN D =2

Cluster Dendrogram

25

2.0

Height
1.5

1.0

NG

Ty Al -~

q Y :
<hmmwmwwmmumvﬂwmv«; <% i

| v T T T T T v

| Rl I,

d
hclust (*. "centroid")
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iris BUEENREDSW

re2 # DR =ENERE

> re2 # DR=KNER

C[1]]

[1] 1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38
[39] 39 40 41 42 43 44 45 46 47 48 49 50

C[2]]
[1] 118 132

L0311

[1] 51 52 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 68 69 70 71 72 73 74 75 76 77 78
[29] 79 80 81 82 83 8 85 8 87 88 89 90 91 92 93 94 95 96 97 98 99 100 101 102 103 104 105 106
[57] 107 108 109 110 111 112 113 114 115 116 117 119 120 121 122 123 124 125 126 127 128 129 130 131 133 134 135 136
[85] 137 138 139 140 141 142 143 144 145 146 147 148 149 150

iris.id2 = cutree(iris.hc2, 3) # JRAL =4H
table(iris.id2, x$Species) # 772525 It

> table(iris.id2, x$Species) # PHEELERIILL

iris.id2 setosa versicolor virginica

1 50 0 0
2 0 50 48
3 0 0 2

R — E—
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iris ZHESEHIRK DT

iris.hc3 = hclust(d, method = "median") # 1%

Cluster Dendrogram

25

2.0

1.5

Height

1.0

0.5
I

1
=

hclust (*. "median")
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iris ZIBENREDT

re3 = rect.hclust(iris.hc3, k = 3) # EREN D =2

Cluster Dendrogram

25

2.0

1.5

Height

1.0

0.5

ceaty [l

OO OO OO0 ADOT T SERION OOSOONN. F - OO ON—OSHLONON000 N

Wi iezas

N
xxxxxx LOOX!

=
|

hclust (*. "median")
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iris BUEENREDSW

re3 # RN =RRIER

> re3 # DHR=3KNER

C[1]]

[1] 1 2 3 4 5 6 7 8 910 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 30 37 38
[39] 39 40 41 42 43 44 45 46 47 48 49 50

LL2]1]
[1] 51 53 55 59 66 69 71 73 76 77 78 84 87 83 101 102 103 104 105 106 108 109 110 111 112 113 114 115

[29] 116 117 118 119 120 121 122 123 124 125 126 127 128 129 130 131 132 133 134 135 136 137 138 139 140 141 142 143
[57] 144 145 146 147 148 149 150

L0311
[1] 52 54 56 57 58 60 61 62 63 64 65 67 68 70 72 74 75 79 80 81 82 83 8 86 89 90 91 92
[29] 93 94 95 96 97 98 99 100 107

iris.id3 = cutree(iris.hc3, 3) # JRAL =4H
table(iris.id3, x$Species) # 77225 2T EL

> table(iris.id3, x$Species) # LRIt

iris.id3 setosa versicolor virginica

1 50 0 0
2 0 14 49
3 0 36 1

T — R
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?kmeans

REE, BRI

/
kmeans(x, centers, iter.max = 10, nstart = 1, algorithm = c("Hartigan-Wong",

"Lloyd", *“Forgy", *“MacQueen”), trace = FALSE)

\

LHERE RS
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USArrests 20EE

## S EREEIE kmeans()

rm(list = Is(all = TRUE))
library(factoextra)
library(cluster)

df = USArrests # # )\ Z11E
df = na.omit(df) # IR B REENEUIE, ZEIIEE LB HRIIE
df = scale(df) # #7/E{t

head(df)
fviz_nbclust(df, kmeans, method = "wss") # REHNES DN F LMK RE], REE k NIEFEDRFEHFEENRYE K = 4

gap_stat = clusGap(df, FUN = kmeans, nstart = 25, K.max = 10, B = 50) # iRIERENEITEZESITE
fviz_gap_stat(gap_stat) # REME S EESITENRAE, REHN K NAFRFEEESITERANNE k = 4
km_df = kmeans(df, centers = 4, nstart = 25) # 2/y 4 249 kmeans i1t

km_df # EERELER

fviz_cluster(km_df, data = df) # £ E

aggregate(USArrests, by = list(cluster = km_df$cluster), mean) # it 55— £ SHhELE0911(E
final_data = cbind(USArrests, Cluster = km_df$cluster) # J5 58252 %;,J\JJEIJJE&MSI}E%EP

final _data
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spirals ZUEERIRE DT

## 1B R KK specc()

rm(list = Is(all = TRUE))

library(kernlab)

data(spirals) # N\ £03E

X = spirals

head(x)

plot(x, xlab =", ylab =", pch = 16, cex = 1.5) # ZIEEAE S E]
sc.x = specc(x, centers = 2) # B2l 2 ZERYIEERZE

scx # WELGR

centers(sc.x) # RN

size(sc.x) # BE—EXPEIERNE=Z

withinss(sc.x) # &—ZEA9AHAF 5

plot(x, xlab =", ylab =", pch = 16, cex = 1.5, col = sc.x) # 1ZIB 2L 45 RV = &




