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K-means e

K-means 52 —FiE FANERMEREE L, NTEEE D = {z1,zs,...,2,}, EF z; ¢ R¢, FTFEIEEFH K-means &
EXNBHEXN T kM. XN TEEESE D WEDNR o BT — 1% S, )”'J K-means H{AH H AR ?517 PAFRIR N

ammmS‘SWm—umz (1)

1=1 €S,

Hh p, 2% S; PMERE, MEREBEEAEEH, K-means i@ —f X HBEE" RO SHRH T /), f=iXHRh
CRERE RN =2 AN, R DEENERS M ER— T ERE (Metric), HI

dist : M x M — R (2)




K-means

NTERES M P x,y, 2z, PHIEHIAL:

1.dist (z,y) >0 (AEH)

2. dist (z,y) =03 HMNF =z =y (F—%)

3. dist (z,y) = dist (y,z) IFRIE)

4. dist (z,z) < dist (z,y) + dist (y, z) (ZFANFEI)

NTRz=(x1,2,...,2T,) MRy = (y1,¥2,.--,Yn), wHIEEN p FrEARRHTEEE (Minkowski distance) :

1=1

dist (z,y) = (Z @ — yip)
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K-means

Yp=1K, FRzNEBREE (Manhattan distance) BHIFHZERE

n

di st man (CL‘, y) — Z ’CIZZ o yz‘

1=1

Yp=2N, FRZ2HNKAEE (Euclidean distance):

= I A R R B BV BN
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disteq (2,7y) = \ Z (z; — yz’)2

Manhattan Distance
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K-means

T K-means Hi%, BAARRYTHEID
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A K-means H.i%, FATTX iris BAERIFITERIE T, iris BEEERELE T Sepal.Length, Sepal.Width, Petal.Length,

Petal. Width PAMNALRIFRZE
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K-means
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C1: (2.00, 1.00) —> (1.49, 0.26)
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K-means

25- C1: (1.49, 8.26) —> (1.46, 0.25)
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K-means

25- C1: (1.46, 8.25) > (1.46, 0.25)
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K-means
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25- C1: (1.46, 8.25) > (1.46, 0.25) _
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K-means

H1%, B2, BIWMNE 7R (&K HEAGHEER, HPEREL EA 3 AW HIEZR T 3 DAL T
RIFHEE TR RN B, B & SRV SRR AL, BikalR Y 7 AR BT E A G, BT R AR SRE A FBRI A
R RAHBEAIZARINEL T X 57

K-means FAAE—NEGESE L r] DS 2RISR RICR, (HRIN 7GR

1. K-means BiAFREMICIZ BR LT K,

2. K-means &N TEH O RUERA BEBURHYR T, WEANFEREHD RBYEGRA B AT ReF 2 A EIRV R RS R,
3. BpFBAEX K-means FIEHYERIEE 2 MK,

4. HAE s BRI
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K-means

kmeans(x, centers, iter.max = 18, nstart = 1, algorithm = c("Hartigan-Wong", "Lloyd", "Forgy", "MacQueen"),
trace = FALSE)

wHZEAN N RS

Z8 fiid

X L

centers BB
iter.max B IR IR

nstart FEANLGER RO S R &

algorithm  K-means {EHRYETEL, "Hartigan-Wong", "Lloyd", "Forgy", "MacQueen"
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K-means

iris_ < iris[, 3:4] 25-
iris_kmeans < kmeans(iris_, 3, nstart = 25) 2.0-
iris_res < dplyr::bind_cols( g
iris_, >
Cluster = as.factor(iris_kmeans$cluster) D 5.
)
0.5-
ggplot(iris_res, aes(Petal.lLength, Petal.Width)) +
geom_point(aes(color = Cluster, shape = Cluster)) 00-

4 6
Petal.Length

Cluster
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= 3

14



K-means

factoextra::fviz_cluster(iris_kmeans, data=iris_, geom=c("point"))
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L OREHRE AR B IEAREN — T

FEIREZZE  (hierarchical clustering) AT K-means ARFRY

X HIERZE, EENBHERAA R RR BTN, ‘0-
BEIRFFMEM . BIRBERSE BRI TTIEAAR, Al

T NEEER (agglomerative) EIREEFEM A (divisive)

E[\ R N
)'Zi&ﬁ\%;éo

Height

AGNES (Agglomerative Nesting) HikE MR ZEIX
RARFTR, HARKEEWR:

Ll

{ERF—HOTHECR, FRHRT B R RN (7 89, R
AL Bk bl j—l-‘I::I, L] I I%J]ﬁ \ﬁ%ﬁ'f = H y I [h I';I ﬁﬂ IJ_I_FT]
o7 =
/I\ﬂ%ﬁﬁ/‘]ijgéo 0 TOELUFQGNOXOCUCDTO®NOMm® COUSON>STCCCETO®WO T=C
ECDREg ST OoBERCOXxT T cC PS5 mEYoc300EC R el
O SN onaPE>o NS Xgls S oEcozoroN20968C08 55
5 e LI 2TKE VL BEX K8 0l /N K %-“—“%ma-@;é;zgﬁ&“gggw D5 5ER3852 48508 2
! /—‘E[/J é& ~ 30 EDN YO > =0 owZ S>> 00 cosSOco=
SRR 2, BERIRRNITMIRAIERISHEATTEL, <3508 2725388 S5985358° &5 L
Z n =

FoRUR: https://www.datanovia.com/en/lessons/agglomerative-hierarchical-clustering/
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https://www.datanovia.com/en/lessons/agglomerative-hierarchical-clustering/

BREH 8,
A, X+ AGNES BRI S, SREA2aMa B M M EZ BIRYEER, N1k C; Mk C;, & HEEITTEITES:
o /N, RIPRNB N BRI A /U2 TR BE B B/ ) ME -
dist i, = min{dist (z,y)|z € C;,y € C,} (6)
o KB, RIPRBENEREA RUZ TR BH S H oK H -
distmee = max{dist (z,y)|z € C;,y € C;} (7)
o PR, RIS BRI A fUZ 8] EH B Y E(E -
distan, = ‘ Ci‘ly c QZ; yZ(% dist (z,y) (8)
o« LB, BRI PHRELZIERIEEE:
(9)

dist,,.qg = dist (M edianc,, M ediangj)
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IREREREIR, HEARBBWT:
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DIANA (Divisive Analysis) HikE M3

M

1 R EHESE 2R E Ny —
2 MEFRUEF, NT &K AEC, X2 C 5 HAM R
R RBP4 Corgo
3. £ Coig TREI—THERR Chrew I, HIEE/NTRIFE Cog R pi, FPRHEIMAZE Crew Ho
CEHEDE3, HELEKIITERMANR p;, BRI DHE Cog M1 Chew
5. HEEWE 2 MR 3, HEIRFITILAVRIEHHRIVTEL

) -

KNI po, REEJBIE—PHHIE Crew 1, F

) -

<

NG

7E DIANA Bk, ik — Mk O fAh, —ReRIIRAIE R, BRI REA > IR B R % O

, e —y

PR p BPFEERRE,  — oM H I R 2 H AR R eE B )~ 2ME,
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RREK

DL R W cluster § B HLF
=P, ey i\

111 animals ZHESE M, animals ZHEEICSK T 20 AR ERMs1I8Y 6 #FE e, B RHun

1, =K, BV, YE, BEIY, SEL:

FEA \ Rk war fly ver end gro hai

ant 1 1 1 1 2 1
bee 1 2 1 1 2 2
cat 2 1 2 1 1 2
spi 1 1 1 NA 1 2
wha 2 I R B 2 1
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JRIRERR

M AGNES #1 DIANA FHiEX animals Z3REIHTEIR AGNES

AY N /E[Z{ E[\ AY NEHM
LK, n] ISR ERE IR HTHIRIRE | | | -
— . [ L
(dendrogram), WIEIFf7R: = —— . ! -
) - o 8 F S 5
(3] o S
L oS = m L — 1 11
library(cluster) £ g T NTg 58 E£g53oges
TP 1 - £ © - =
data("animals")
animals_agnes < agnes(animals) animals
h . Agglomerative Coefficient = 0.77
plot(animals_agnes, which.plot = 2,
main = "AGNES H;&")
. . . . DIANA
animals_diana < diana(animals) -
|
plot(animals_diana, which.plot = 2, o ' | |
- ~ — — [ ] | ]
main = "DIANA E53%") 5 - —— 5 [ o 2o o
— O L 1))
% g - | | | | - E 1 | | | | | | | - ° o
5238 7% =3 5 @ 28 o =

animals
Divisive Coefficient = 0.81
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ST R 8,

BT EEHES (density-based clustering) J& —FEIIAEA AN TR E X0 BRI 7515, A~
FEIRR R T IR E R REAE AR SR K%, TR ERRE 0] DULIHERETZIRBI R %,

L)
it
|

LT FEERY K-means

)<1rt

[y

DBSCAN (density-based spatial clustering of applications with noise) B —RETHEHIERIRE L, DBSCAN HIKEE
RN ZE0N € 1 MinPts, W NZSEAIRE 1 U NTE X T 00 R BNEIE, 82 800] DA ERE AR 71
IR RS, NTEIRE D = {z1, 29, ...,2,}, TIAW SIS

e € RPIEL (e neighborhood), X+ z € D, ¥ N (z) N x 1 e RBIEL

N, (x) =4y € X|dist (z,y) < €} (10)

o %E (density), NT z € D, ¥ p(z) Nz HIEE,

p(z) = |Ne(z)] (11)
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IRIERR

« %L (core point)

NT x e D, #p(x) > MinPts, WH 2 H— ML,
1% D A0 RGN Dogre, IC
Dy core = D\ Doore NITEIFZOLRRIE S

« 55 (border point)

MNT 2 € Dy _core, H Iye D, THiE

Yy < Ne (33) a Dcore

(12)

Rz ATAERY € RBBARFEMOD R, WFE 2 v D BYIA57

JI{_:T\’ iaﬁﬁﬁﬁqmﬁjﬁﬁqggé\yﬂ Dbordero

« IR R (noise point)

ia Dnoise =D \ (Dcore U Dborder); XTJ‘%

—a

x NMEE R

BEAS Dnoz’se, Ij_\luﬁﬁ

Z N

§ 2
Ky

DR, A5 R RO BN E AR

H

HC N6 ML, By Ml By N2 MU, NA1A4

M o
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« B HIKX (directly density-reachable) o % (cluster)
W+ z,ye D, #x € Degre, FFHye N (), MKy WFAEE T4 C € D, WERF C H—NE, WxTF
T HEHIR, z,y € D MiE:

« B H[IK (density-reachable)

1 EEME (connectivity) : NT z,y € C, Wz Ml y HE

LI E—TDF p1,p2,y .oy pm € D, T pip1 H p; BE HHIES
HIX, WFR p, H py AT, 2. AR (maximality): NT ze C, HyMHzBEA]
« HEMHIE (density-connected) 5, My e Cs
NT z,y,z€ D, #HyMzBH « BEAIX, WKy 2 ARAEAN EAES, DBSCAN FERVEAN: M—MZOR o
et o, FHRE] ¢ BREANAIKTE FEA S
X ={2' € D|z' H x BEFA}, W X RIA— e 2K
%o
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TSR

DBSCAN EEAT:

9.Q
7

Algorithm 1 DBSCAN &%

Require: iﬂﬁﬁ/ﬁ; D, Z¥ (e, MinPts)

Ensure: /%X C = {C1,C2,...,C}
1: procedure DBSCAN(D, e, MznPts)
2. BN RES: [+ o

3: fori=1tondo

4: NFRER z;, A e BB N, (z;)
5: if p (z;) > MinPts then

6: I <+ 1U {CEZ}

7: end if

8: end for

9:

MR EE R %5(:‘ k< 0
10  FIEtEARVIAEIES: U<+ D
1:  //#=m X

12: end procedure

1: procedure DBSCAN(D, €, MinPts)
//¥& X
while I # @ do
HETCNVIRBREARE S Uyg < U
FENLIEEAZ O M p € I, FFFIGEHEAAT Q < {p}
U« U\ {p}
while Q # @ do
g+ Q HRNE
if p > MinPts then
R+ N.(¢ggNU,Q+ QUR, U+ U\R
end if
end while
k< k+1
—JﬂZ%’E Cr < Ugyg \ U
I+ T\C
16: end while
17 return C = {C4,C,,...,C}}

18: end procedure

—_ R e
IS D e

—_ =
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S BRI i

FHEL K-means B, DBSCAN HEFHU ML aetete e,
£ A
1. AFE RS E AL o PO ot VLA
2. 7] AR BT E AR BT 7 > :; % } R
3. X M B A U LN Mapsp !
A“QAA NE ¢
REM L K-means, DBSCAN BEiIEHIRZILHE, HEXNT _10__40 i A5“ ; 10
A FEIFVEFES, DBSCAN BHIEXHIZEN € M1 MinPts A IR x
ELEEHFICAE
— M AEEKTE 5 BRI 725 A ] DBSCAN 5HIAA] K-means 0 et T g
BIEHATRIE N, MELEERANEFTR: .- .,.-"’ KAA*MQ "-.. o
A R S
L. "‘“&ué‘k KL
- ..00... N ) o°

-10 -5 0 5 10
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dbscan(x, eps, minPts = 5, weights = NULL, borderPoints = TRUE, ...)

W HZEAN R RS

§ 28
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X L

eps 1 E RSB i /) R B

minPts | THE — D RIE G O R EY

borderPoints  TRUE NN —f% DBSCAN BL7%, FALSE NI 5 S S E a2 Ab FE
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TSR

library(dbscan) points_dbscan < dbscan(

points, eps = 3.5, minPts = 18)
set.seed(123)
a < seq(0, 2*pi, by = pi/50) points_dbscan

DBSCAN clustering for 202 objects.

Parameters: eps = 3.5, minPts = 10

Using euclidean distances and borderpoints = TRUE

The clustering contains 2 cluster(s) and 8 noise points.

x_1 < 18 * cos(a) + runif(length(a), 6, 1)
y_1 < 18 * sin(a) + runif(length(a), 6, 1)
x_2 < 5 * cos(a) + runif(length(a), 6, 1)
y_2 < 5 * sin(a) + runif(length(a), 8, 1)

points < data.frame( 81 @2
x = c(x_1, x_2), 161 161
y = c(y1, y_2) . . . . .
) Available fields: cluster, eps, minPts, metric, borderPoints
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points_plt < dplyr::bind_cols( - .
pOintS, 10~ . ..- o0 © 'o-.:..
Cluster=as.factor(points_dbscan$cluster) N : o %
) o’ A e
5 - o’ AN ‘&A ;L;‘ °,
° A o’
ggplot(points_plt, aes(x, y)) + N e “ﬁ :
geom_point(aes(color = Cluster, shape = Cluster)) % A A A ",
2 0- .n h& :“ -
® ‘* 4 “
K N £ 4 .
® .’ h}* ;‘;l“# o
5- . 2
@ % ®
o L Y
* Lo o s *° o %
_10-
10 5 0 5 10
X
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Cluster

o 1
A 2
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

