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K-means j& — R B ANERMENRIREL, NTFEIEE D = {z1,z2,...,2,}, HF z; € RY, FEHEF A K-means
BENBHERN N kMR, N TEIESE D WENR o (UBT 1% S;, W K-means TR HREEER] PAFRIR Y :

k
argmin 3 3 e - 2 (1)
S i=1 TES;

Hr p;, B S FSEARE, METEREEHERL, K-means ZIE —f BEREEFE OB TR, &
XA R R — RIS M2 HE R, T DN ESRERS M ER— 1N ER (Metric) , R

dist : M x M — R (2)

4 /31



(>

V
/)

\/
Al

¢ 2X\)

K-means

MNFEE M FH z,y, 2, NSRRI

0 (IEftt)

04 HMNY z =y ([A—1%)

dist (y,z) CHFRIE)

dist (z,y) + dist (y,z) (ZAAFEID

1. dist (z,y
2. dist (z,y
3. dist (z,y
4. dist (z, 2

1V

)
)
):
) <

NTRz=(z1,22,..., %) IR y = (y1,Y2,---,Yn), ©HBIEEE p HEHRIRHTEEE (Minkowski distance) :

dist (z,y) (Z lz; — yz|p> (3)
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K-means

Y p =10, RZHNE2RHEE (Manhattan distance) B¢ HFHZEREE:
distman (T, Y) Z|wz Yil

Hp=2M0, FRZHNKXEE (Euclidean distance) :

disteq (T,y) = w (s — yi)2
=1

2 B EE B AN PR 2 B LA B PR -

Manhattan Distance
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K-means

XFF K-means Hik, BARRITHREEREIT:

1. F5E BRI EON k, FIFREVLIRE k£ DNREIIFL, X8 S; AN wie

2. WHEWER D = {z1, 29, ..., 2, THE R z; B MEEIT0 p; BIFEE dist (2, 1i)o
3T AR zj, NEBIGDFEAD p,; BIFE B AR ERIR B R SR E AR TR i R PSR B B %
4. N TRIBTE—DEAMNAR Dg, THRIXEREARLRTL, VB0 ul

5. EEPUTHIR 2 2208, 4 EERFHEHOAHE RS EE & RKIERIRE,

B BT, K-means SRR DURAEEAR SRS kiR, HREIRE MRIVERZHD pio

FIH K-means 5%, AN iris BHEEIFITERE T, iris BHELRA S T Sepal.Length, Sepal.Width, Petal.Length,
Petal Width PASACHIRISEEE 5 S8R, O T REMS B BEMAYTER, AR Petal.Length #1 Petal Width PI4I#HE, K-
means & M EZESIFIL, RHBNHFRERRARAESIERIE S 7 N LDE, RN K-means BiEXE—1
X EREPIIE RBURI R, RIRFEREDY TETERICR, fERIMTRERERN DN L =3, 3 DA M ARG
AR = (2,1), pa = (4,2), u3 = (6,1),
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K-means
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25- C1: (2.9@, 1.@3) -> (1.49, 3.26) N .l L]
C2: (4.9@, 2.93) -> (4.47, 1.5@) AdAm .l.l u _ u
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K-means
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K-means
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K-means

SEX
YR
25- C1: (1.46, 8.25) -> (1.46, 0.25) i .l L1
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K-means EX

H1he, F24, BILME 7R (&R HREGHIER, HAREEE EfA 3 HERHIFRR T 3 MRIVHILE
BRI RN E. AP & SRIOVEFTRTRR D, §5Ekiamp By BRI L, SRR SRE AR
HOREA A B EARIFEIR AN A T X 57

K-means BATE —BEGRE bR IR RIS RUERERCR, HERINHF S T in

1. K-means BiAT EAICIRBERE N k.

2. K-means 72 — AN THEH L REGHMEBURIELE, RENFERBEHO AR A B ] sEF 2 AR SRR R,
3. BEEEHEXN K-means FIERIE R R iR,

4. HEER INERIRTE,

12 / 31



7.8
Al Ab

‘;r
w\

K-means

kmeans(x, centers, iter.max = 10, nstart = 1, algorithm = c("Hartigan-Wong", "Lloyd", "Forgy", "MacQueen"),
trace = FALSE)

s HZEUN N ERFR:

S i)
X AT
centers  BERANEK
iter.max  FRAIEFIREL
nstart AL RO YRR
algorithm K-means 5L, "Hartigan-Wong', 'Lloyd', 'Forgy', 'MacQueen’

&
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K-means

iris_ < iris[, 3:4]
iris_kmeans < kmeans(iris_, 3, nstart = 25)
iris_res < dplyr::bind_cols(
iris_,
Cluster = as.factor(iris_kmeans$cluster))
p < ggplot(iris_res,
aes(Petal.lLength, Petal.Width)) +

geom_point(aes(color = Cluster,
shape = Cluster))

print(p)
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K-means

factoextra::fviz_cluster(iris_kmeans, data=iris_, geom=c('point'))
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EIREI (hierarchical clustering) ~[F]T K-means

METXRIHIEEE, BN BHRRANFZRR BT 10-

77, BEEIRBIFMEM, BIREERE BRI 75
5], AIPA &S (agglomerative) EIRFEEM R
(divisive) REIRTEHK,

Height

AGNES (Agglomerative Nesting) HikE—FkER 2
IRERKRETR, HAARET:

LR BRSSP R REAR N — o
2. EF—RRUREA, HEN N HEERITHHEE TS

¥, RN, o

3. BEDIR 2, HEKRFIMIZHIRERR N,

[1] B K & : https;//www.datanovia.com/en/lessons/agglomerative-hierarchical-clustering/
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https://www.datanovia.com/en/lessons/agglomerative-hierarchical-clustering/

S L &

K, X AGNES BN S, &REAZNATHEM MR FREER, X1k C; Wik C;, HHNERITETEA:
o BUNEEE, RIS BRI A U R BE B Y i/ ME
distpmin = min{dist (z,y)|z € C;,y € C;} (6)
o BOREEE, BIPNHRERIEAS /i 1A BE 25 Y B R :
distme; = max{dist (z,y)|z € C;,y € C,} (7)

o FRJEEE, BRI BRI R TR B R E

1
dist gy = Z Z dist (z,y) (8)
|CZ ‘ |C]| xzeC; yEC’j
- HOEE, HIMNMEEOZBIRER:
dist neq = dist (Medianc,, Mediancj) (9)
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DIANA (Divisive Analysis) BiEfE—MnrRBREERE, HEARBET:

LR RS Fh BB REA N — o

2 fEB—RUES, N ER7RE C, (3] C S HMRR IS EERIA po, RHBAE— DRI Crew
B, FIRIY AR TERHT RN Cotdo

3. 1% Copq tREN— T EEE R Chrew I, HEB/NTRIE Coq IR pi, HFHIMAZIFE Crew Ho

4. BEE L3, HELRRITERMHA pi, RS DHE Coa M Crewo

5. BEENE2 PR 3, HEIRFITRAIER LR

£ DIANA 8iAmh, #&—7% C (R, —RAMABERNER, IEPEESM M EAZ BEENRAE, #EEC H
= p KPP, — oM A% R 2177 b H A e B Y21
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PAR H cluster § & AHY animals BHEE NG, animals BHEEICF 1 20 A F B HMEIPIH) 6 MUEMEE, BdERH6)

WwRAoR, Flaalh: i, =%, B, e, BHEIW, 8%
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ant 1
bee 1
cat 2
spi 1
wha 2

1
2
1

1
1
2

1
1
1

NA

2
2
1

1
2
2

20 / 31



JRIRRR

HIH AGNES Fil DIANA B3IEX animals ZUER TR
IREE T, A PSR EIRERZE DT HIBRIRE
(dendrogram) , WIEFf/R:

AGNES ®i%

Height
oo o1
-
fro j
r
hee
]ﬂ;}|
cal -
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2an ]_

require(cluster)
data('animals')

animals_agnes < agnes(animals) animals
plot(animals_agnes, which.plot = 2, Agpomersiv Coaficlent = 0.77
in = 'AGNES &%
nain ;ia') DIANA 8%
animals_diana < diana(animals)
plot(animals_diana, which.plot = 2,
main = 'DIANA B3%')

Height
oo 20
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animals
Divisive Coefficient = 0.81
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BT RERERE (density-based clustering) 72— RiEidFEARRTAHEIZE D EREENTTE, ARTETER K-
means FEREBRTTIETEHRRAERBRIRAVERERE, AT HENERIEA DULIME R IR R 2EE,

DBSCAN (density-based spatial clustering of applications with noise) Z—ME T % EIRIL AL, DBSCAN HikEk
BHEAWDNZEN e M1 MinPts, WSO HIE T IUEERE X TR0 S EME, 18X NS0T DI ERE A
TR ERE, N TEIEE D = {21, 22, ..., 2.}, FIAWMEEFIILS:

. € A (e neighborhood)

Ne (z) = {y € X|dist (z,y) < €} (10)
¥F z € D, FiN. (z) 1 o i e Sk
. P (density)
p(z) = N ()| (11)

XNT z e D, ¥ p(z) N x FEE,
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¢ *Z)D‘I{_i (core pOint> ia Dnoise — D\ (Dcore U Dborder); Xﬂ‘ﬂ: T < Dnoise’ IJ_\HJ

. . PR @ MR R
NT xe D, & p(x) > MinPts, Wz N—"

Zlse B D PATAR L RIS SN D eore O, IS RIS RURBIANE R
, 1€ Dncore = D\ Deore NATHAMZLRRIE S

.« J5t s (border point)
Nt xe Dy, cores H Jy € D, i 2
RS N, (CL‘) N D eore (12)

Rz FTERY e RBIMPFAERDA, AR 2 9 D #Y
LR, IEATERIE RIS Dyordero

. []':'ﬁlj_:f . . . . ‘ . ‘
A (noise pomt) Hrh O 6 MDA, By Al By 92 MARA, NN

1 MR A
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ﬁﬂ: B f*tr H,‘JHS( >k 0
= J oS HYZRIS F
. BEHIKX (directly density-reachable) . #% (cluster)
NF z,y€ D, & x € Deore, HFHye N (), N NTAEZ=F5H C € D, WRFR C H—DE, NXT
PRy H =z BEEHIX, z,y € DIHRE:
. BJEnA[IX (density-reachable) 1. E#M (connectivity) : MFz,ye C, Nz
» R ” iy T AR,
FAFAE— [ 3 p1,p2, .-y Pm € D, 12 piy1 H 2. KM (maximality) @ X T zeC, HyHl
Di %Eﬁﬁ, 'J_\”Jﬁ\' Pm EE D1 %Eﬂﬁo T %Eﬂﬁ '}_\”J y € C,
. BEME (density—connected) *ETEQHJ:*E%J/?:, DBSCAN B EHEEA R . — A0S
. S7 o B RE T e o A A
X;J‘;J: T,y,2 c D, % y ;H] p il}]EH . %Eﬂiﬁ, l)_\”JﬁJ_( i H:IIE, %?Xi” Wi ﬁgﬂﬁﬁqﬁﬁﬁﬁjgzmﬁqﬁm

X = {z' € Dlz’ B = BEAHA}, M X HN—MNEE

Rl 2 BRI,
Y = KI5,
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DBSCAN BEE R

Algorithm 1 DBSCAN &&

Require: 2EE D, S (e, MinPts)
Ensure: 55|90 C = {C1,C2,...,C:}
1: procedure DBSCAN(D, €, MinPts)

N

10:
11:

IR RES:
fori=1tondo

NTFHERN z;, £ e B N, ()

if p (z;) > MinPts then

U {a:z}

end if
end for
VIR RETEL: k0
Vs RipEZIES: D
#ETX

12: end procedure

1: procedure DBSCAN(D, €, MinPts)

2 #IELEX
3: while do
4: SEIAARINEERES:
5:
{p}
6 \ {p}
7 while do
8 HIRAE
9: if p > MinPts then
10: N.()nN
11: U
12: \
13: end if
14: end while
15: kEk+1
16: £ R Cr o1 \
17: \ Ck

18: end while
19: return C = {C1,C,,...,Ci}

20: end procedure

%

FBAER— T 20 R p €, FHIIRE—TEAT
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FHEE K-means 31, DBSCAN BEiEAW M

L AT EFISCIEE BT ko
2. o] AR IME R ARAY %,
3. X M BUIE A BUR

RLEM L K-means, DBSCAN HIEGEZNE, HEXN
FTAREIREIEE, DBSCAN HiENZSE e fl MinPts
A IR MEE BRI,

— MNEERIEBERIEEE 57 5IF] FH DBSCAN FIEF K-
means BIEHI TR, XN ELERWME R
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dbscan(x, eps, minPts = 5, weights = NULL, borderPoints = TRUE, ...)

s HZEUN R
28 1k
X B
eps P [T B/ NP
minPts MTFHE — D R S N DR IIREAR L

borderPoints TURE N> —f% DBSCAN %%, FALSE MIPKE A5 i 24 fE a5 Ab P
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library(dbscan)

set.seed(123)
a < seq(@, 2*pi, by = pi/50)

1 <~ 18 * cos(a) + runif(length(a), 8, 1)
1 < 18 * sin(a) + runif(length(a), 8, 1)
2 < 5 * cos(a) + runif(length(a), 8, 1)
2 < 5 * sin(a) + runif(length(a), 6, 1)

points < data.frame(
x = c(x_1, x_2),
y = c(y_1, y_2)

7.8
Al Ab

Q;V
w\

points_dbscan < dbscan(
points, eps = 3.5, minPts = 10)

points_dbscan

#t# DBSCAN clustering for 202 objects.

## Parameters: eps = 3.5, minPts = 18

## Using euclidean distances and borderpoints = TRUE
it The clustering contains 2 cluster(s) and 0 noise po
ints.

B 1 2

## 101 101

## Available fields: cluster, eps, minPts, dist, borde
rPoints
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points_plt < dplyr::bind_cols(
points,
Cluster=as.factor(points_dbscan$cluster))

p < ggplot(points_plt, aes(x, y)) +

geom_point(aes(color = Cluster,
shape = Cluster))

print(p)

’P‘
4&i¢h
R
o ? R Y ]
i'- - Ab *e
i ety
s 4L 4 » Cluster
ry »
0- % % ﬁ ; s ]
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. ™ ft z
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

