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5.1 Comprehension of CA _ »

“* Geometrical Representations of 3-dimensinal space

R-Techniques : Analyses based on the matrix of covariance or correlations between

variables. PCA/FA/ |
Q-Techniques : Analyses based on the matrix of distances between

observations. CA/DA/MDS
Students  Mechanics Algebra Statistics W ",
Student 65 85 85 | (<;=,;:.:>)
Student2 65 80 90 o
Student3 30 40 50 o=/ - ﬂ\
Student4 70 83 82 met |\ s
Student5 35 43 52 '
Student6 72 82 92 —_—
Student? 40 43 48
Stugents - - - a) n= 10 points'in p—-space b) o= 3 points’in n-space
Student9 25 32 43
Student10 17 51 35




5.1 Comprehension of CA

Hierarchical Clustering Methods

- single linkage, complete linkage,
average linkage, centroid linkage,

median linkage, Ward's linkage
Nonbhierarchical Clustering Methods

- -means method, /A -median method

- [ -medoids method : PAM(partitioning around medoids)
Statistical Model

- Ell model , VIl model, VEI model, ...




5.2 Association measurements ‘

Association measurement :

/J Similarity or Dissimilarity

Quantitative scale for measuring the|proximity or closeness
between observations or variables.

* For observations of numerical data, the measurements
are used by some sort of distances(Table 1.5.1). === Dissimilarity

‘ Duality

* For observations of binary data, the measurements are
used by some similarity coefficients(Table 5.2.3). ==> Similarity

* For variables, they are usually grouped on the basis of
correlation coefficients or product moment correlation coefficient.

o === Similarity
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5.2 Association measurements
— i

 D1) Distances bt two observations : [Table 1.5.1]
* rth and s th observations: x, =(x,,, ... x,,)" , 2 = (xg, .. x,)"

Basic Conditions

1/2
p
* Euclidean distance d [Z(x — X ) } 1) d,, >0.r=s,
j=1 2) d,, =0,
k :2 /K 3) dm:d‘ar
0 1
* Minkowski distance d,=|>_|x, k>1
=1
k=1 ’

» Euclidean distance
= J(1-2P +(-2-2
=3 +4

=3

e A
+ » Cily block distance
(-1,-2) | p—— =3+
’ : 3 _ 7

|
-
|

» City-block distance

#e> Multivariate Statistics &



5.2 Association measurements

—

* S1) Similarity of two observations of binary variable
* Binary data matrix: x=(z,,), r=1, .., n;j=1, ..., p
1: the characteristic is present.
{0: otherwise

[Table 5.2.2] 2 x 2 Association table

object k
Totals
1 o)
: : a b a + b
object |
0 C a c + d
Totals a +c¢ b +d Jo,




5.2 Association measurements

>

. . a+d
° Slmple matchlng . Equal weights for 1—1 matches and 0—0 matches
P
o 2(a+d
Double matCh'ng . ( ) Double weights for 1-1 matches and 0-0 matches
2(a+d)+b+c
* Roser-Tanimoto : a+d , _
Double weights for unmatched pairs
a+d+2(b+c)
e Rusell-Rao : a
T No 0-0 matches in numerator
P
a
e Jaccard: — . _ No0-0 matches in numerator or denominator
a+b+c

(or blue) box will produce the same grouping.

Note : For the single linkage and complete linkage, any choice of the coefficients in red




5.2 Association measurements

Growth rate > 8.5%

[Example 5.2.1] >

[Table 1.3.1] Economic Views Data _‘

x| Fat Wage increase rate > 12.5%
7 B
Ny 2 3 4 5 6 7 8 9 104
o2 0 1 0 0 0 1 1 1 1
=M=H 1 1 0 1 1 0 1 1 1 1
i 10 . | i | -
d, =3 (&, — z,;,)7 = (017 + (1—-1)7 + + (1—1) = 4
i=1 ) )
[Example 5.2.2] simple matching \
d,. =pll—c.
=MEH f\
1 0 Total
_ ) 1 5 1 6
S22
0 3 1 4
Total 8 2 lﬂ
simple matching coefficient: ¢, = (a+d)/p=(5+1)/10 = 0.6
Similarity vs. Dissimilarit
yl y C’f”f' - CS.S — 1
Cro = T d,, = e — 2¢., + c,, d, =20 —¢,)
0 < . =1 rs d!b > 01 = 8 9




5.2 Association Measurements

. A

e S2) Similarity for two variables in binary data

Variable m
Total
1 0
1 My My, ny+ g,
Variable |/
0 ) My Iy + My
Total ny + 1y n,+ ny n

- mmmmm) Product moment correlation coefficient

MMy = Nyl

?"‘:

[(ryy + 1) (0, +0y,) (0, +0,,) (0, —|—n22}]”2

x° =mnr’ :Chi-square test statistics

‘ Ho : Two variables are independent (or not related)
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5.2 Association measurements

€ Product moment correlation coefficient

[Table 5.2.6] 2 x 2 association table bt two economic views from {Table 1.3.1]

2=GNP
Total
1 0
1 6 4 10
Growth rate : [1=MZEE
0 1 3 4
Total 7 7 14
Ry Mpp = Myt
ro= : ) B3 —4x1 v 10
! = = ~
[y +7,5) (ny +0,,) (04, + 0,02, +1,,)]V° ' [10 x4 % T x 7]1/2 10 0-316

Y- =nxr =14%(0.318)° = 1.4

A

= [ ﬁv—(; ]2 + ( 4;,; ]: + (%] - (%]: =1.4 <3.84=yx7(0.05)

Not reject A, : Growth rates and GNP are not related at 5%
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[STEP 1]-[STEP 2] Find the distance
matrix between 5 individuals.

[STEP 3] Find the shdrtest distance of
two clusters, cafculate their distance,
and merge the'two clusters.

min,, (d; ) = d; =2 : new cluster (35)=(UV)

[STEP 4] New distance matrix
digryy = min (dyy, dyy)
di351; = minlds -ds; ) = min (3.11)=3
min (dys-ds) = min (7. 10) =7

dlﬂ&-]-l = Inin [I‘insfig,_l} == Inln fE}._, B} =3

dlﬂ&l-] -

fﬂf} min i, k [di'k] = d{ﬂf‘;]] =3
Dl;IE-J = o 790 ; .

L : new cluster (135)
[STEP 5] Repeat [STEP 3] and [STEP 4]

dllﬂ&-l".'. = miﬂ[dtaamadu} = min(7,9)=7

I:i|_135_|_1 = II1111 [I:i|_35_|_1 ) d.-]__l} = II1111 [B'.- E} = Ef

)

: new cluster (24)
= mm[fillgﬁ.ﬂad[lg&u} = min [,T-;E} =6

(135)

D35 = 2
4

fillﬁ-ﬁ-]l']

(135) 0
Dllﬁlj-. a4y = [Ea’f} [ED,

m) (135), (24) —— (13524)




5.3 Hierarchical clustering methods —»@singHinkage.

e [STEP 6] Visually look at the merging of the clusters through the Déndrogram.

Single Likage Dendrogram

OB1 OBZ2 OB3 OB4 OBS5
0 9 3 6 11

9 0 7 5 10 ~
37 0 9 2 [
6 5 9 0 8 g

11 10 2 8 0 -

0B1
0B3
0B5
0B2
0B4

D
hclust (*, "single')

[R-code 5.3.1] single linkage and dendrogram(5obsdisit-CAsingle.R)

# Hierachical Cluster Analysis
D<-as.dist(read.table("5obsdist.txt”, header=T))
single=hclust(D, method="single") # Single Linkage
plot(single, hang=-1, main="Single Likage Dendrogram™)
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5.3 Hierarchical clustering methods — complete Iiﬁ' ie .

[Example 5.3.2] between 5 individuals and Dendrogram

e [STEP 1]-[STEP 2] Find the distance

matrix between 5 individuals. (315) 101 0 min; , (dy)= diy =5
D = )
1¢0 (3% 2 11090 : new cluster (24)
D=1(d,)=3|3 70
1416 590 [STEP 5] Repeat [STEP 3] and [STEP 4]
5 \1110RI80
d(gqj(%] = max {dE(EEIIS d4|:35:|J = max U.[] g} =10
e [STEP 3] Find the shortest distance of digay1 = max (dyy . dyy ) = max(9,6)=9
two clusters, calculate their distance,
and merge the two clusters. (35) (0
min,, (d, ) = d,; =2|: new cluster (35)=(UV) ’ 1 ‘1180

* [STEP 4] New distance matrix min, ,(da) = dpg =9:new cluster (124)

d( vyv)yw — max (dUW: dVW) d[124)[35) = Mmax (dl(SE] . d(24)(35) ) = max (]_]_: ]_[]) =11
d(3s); =|max (dy; , dg; ) = max (3,11) =11
di35)2 =|max (dss, dg, ) |= max(7,10) = 10 # (124), (35) —— (12435)

di35)a =|Max (dyy, dgy ) = max(9,8)=09

14




5.3 Hierarchical clustering methods - complete link

I [STEP 6] Visually look at the merging of the clusters through the Dendrdgram.

Complete Likage Dendrogram

method="“complete” o -

Height

2
|
OB3 j
OBS 4'

OB1
oB2
OB4

D
helust (*, "complete")

15



2.3 Hierarchical clustering methods - average linkage

170
2190
D=1d) =3|370
416 590
5 \M110280
min; ,(d,,) = d5; =2:new cluster (35)=(UV)

1
diys) = avelds,, ds,) = ave(3, 11) = m(ﬁ +11)=7

1
m(? + 10) =85

1 o
m{‘}' +8) =85

dif}ﬁ]!’. = dve {d_'iz! d:-‘,_‘,g}l = al«’&'{7, 1“} =

d (354 = avelds,, ds;) = avel9, 8)

/

(35) (0
1 7 0
‘D[Q‘E'S] - 2 859 0
4 5650

d24)(35) = aveldyss), dyss)) = aveldy; + d,s +d 5 + d )

1
2

2{?+1U+9+8)=8.5

1

min; ,(dy) = dpy =5 :new cIuster(ﬁ,

dzap = aveldy, diy) = (9+6)=75

2x1

0
D35, 24) = (24) (8.5 0
1 7 750

min; ,(dy) =d;35, =7 :new c

J/

uster (135)

d(135)(24) = @veld y35),, d(1354) =aveld,, +dy, +ds, +d;+dy +dsy)

1
329 +7+10+6+9+8)

8.17

_ (135)

0
D{wﬁ., 24) — (24)

8.170

KNP

(135), (24) = (13524)

method="average”

d(UV) w — ave (dUWa

nNigpyv)ynw

de) -

16




5.3 Hierarchical clustering methods —Ward linkage

n. %P Data matrix of kth cluster ¢, : Xy =(xy). k=1, g i=1, 0wy mp j=1, s p

— ! —
K = Xy ooy Xiip) ———> X, = (X4, o X

HE\N & "y
T N N - & | | —
Error sum of squares :| £S5, = > | lxy =2, |7 = D2 > (wpy —ay)’

i=1 i=1f=1

B
Min(£ss = Y | ESs,) method="ward”
k=1

Ward linkage += [R-code 5.3.2]

. _ == L=y i l=Ty AH| o=

7|2t SEB| GNP | 2B | Y | 250 | oy | me | HEBR | oo | A2
Sh=231 8.2 1950 698 650 o8 280 630 3.0 5.7 12.0
o2 9.5 2100 710 620 110 270 640 2.7 4.5 12.0
S el ol 9.0 2000 690 630 100 290 630 2.6 6.0 12.0
A= 7.8 1850 6638 660 88 280 620 3.0 6.4 13.8
=i E o N =) 8.5 1928 710 670 90 290 620 3.0 6.0 10.0
= vl =oks] 9.0 1958 710 615 95 280 603 4.0 6.0 10.0
= o] x}- ==} 8.5 1900 700 610 100 250 620 3.2 5.5 14.0
=4t 2.0 1900 700 640 100 280 640 2.7 5.5 10.0
4173 8.5 1950 700 620 120 300 630 2.7 7.0 12.0
e = | P o B0 7.9 1900 697 645 as 280 610 2.9 6.8 15.0
AlgEgheiata 9.0 2030 700 620 100 275 630 3.0 7.0 13.0
S-AAA AT 85 1950 690 630 90 290 630 2.9 6.0 12.0
T sk 9.9 1870 729 649 123 260 616 3.4 6.1 15.8
S<Jofislae 8.5 1700 700 630 20 260 620 4.0 6.0 14.0

17
Growth /Export/Import/ Black-ink balance/ Foreign debt /Exchange rate/ Unemployed rate /Consumer price rate /Wage increase rate



5.3 Hierarchical clustering methods —Ward Iinkage‘

(b) Standardized Euclidean Distance from Z

(c) Ward Linkage : Mahalanobis Distance

(a) Ward Linkage : Euclidean Distance

Lo}
=
=
=
=
(]
-
: \
o =12}
[ K
4 ‘ 2 .
— (L
= ‘ T + F
@ 0 T i)
T B ] T
" X I
‘ ™ <-| 4 <-| Y |.|'|0 E}T
e TR ol 4 - =
Ko ’7—‘ al woor g Iy W o= 5
vl i - i 0 0
(= I ] | E - 1 T o= K - Elg il 4 i 2 4 [l i
T m o« e T T UE s Eru S R
o ]| @0l a0 Py o I 9 7
Koo K | R L * 5 @ = Lo S
* = 1 ar || = 1 T R ;J = i) T
w = s = ™ wm| T B G
T_j -4 2] Bl o '1<_
= 0
2 .- i |
IPessimistic Optimistic Critical I
ICriticaI Optimistic Pessimistic I ™
de helust (*, "ward")

hclust (*, "ward") [Figure 5.3.3] (a), (c)




5.3 Hierarchical clustering methods —Ward linkage '}

Hierarchical CA

[Figure 5.3.4]

[Table 5.3.3] = [R-code 5.3.3]

Linkage Method Group C) Group G Group G
_ 1, 2,3,4,5 6,7 10 1097 - 40914
Single
309 A-409] ¥
10917~ 20917
Combl 1, 2,3 4,6 15, 21, 24, 26, 27, 28,
omplete 31, 40, 41, 48, 50 79
1,2,3,4,6,7,8,9, 1051~ 209 ¢ 309 A-4091 ¢
Average 10, 12, 16, 40, 41, 48, 50 21, 23, 24, 55
a4 10917~ 20919 3091 #-40%)
Ward oo 40, 41, 46, 48, 50 23, 24,27, 29

Characteristics

Top ranked players

Middle ranked players

Lower ranked players

19



5.4 Non-hierarchical clustering methods - | ‘

¢ [Example 5.4.1]

method based on the Algorithm [Table 5.4.1]

. iabl
Obhservation x, Vaaiie x,
A4 5 3
V=4 —1 1
” 1 —2
L -3 -2
o A
~
-
N
x
o -
FI| —
o C
T T T
2 0 2 4

x1

[STEP 1 ] Divide n observations into k initial
clusters.(4B), (CD)

[STEP 2] The centroid of each cluster is caIcuIatecl

as the average of the observations
belonging to the cluster.

Cluster — —
€ €L o
5+(—1) 341
(cD) 1+(2—3) R —2+2(—2) _

Coordinates of Centroid :

qgs (2, 2) qlt:*ﬂ -1, -2)

20




5.4 Non-hierarchical clustering methods

. g

2 [Example 5.4.1] k-means method

[STEP 4] Repeat [STEP 2] — [STEP 3] until no
centroids and observations, assign the entity

to the cluster with the closest centroid. Cluster Z, Zs
. (A4) 5 3
A is closer to (AB) than to (CD) e C T NP CH ) P R |
BCD - -
> (4, Clup) = (520 +(3—2)2 =10 e : :
2 _ 2 2 _
d” (4, Clep) )= (6+1)"+3+2)" =6l Checking the reassignment of each observation
—> A > (A) :Notreassigned in final : Squared distances to cluster centroids
Cluster A B C D
B is closer to (CD) than to (AB)
, , ) (A) 0 40 41 89
d°(B.Clup) = (—1-2)"+(1-2)° =10 (BCD) 52 4 5 5
d* (B, Clep)) = (141 + (142 =9 || 42(4,Cy)) = 5-5)°+(3-3)° =0

——> B - (CD) > (BCD) d> (A, Clgepy) = (5+1)° +(3+1)° =52

: Reassigned to (CD) > (A), (BCD)
) 21




Observation X, Zre Ll X,
A 5 3
B -1 1
& 1 —2
D -3 ~2
[STEP 1 ] Divide n observations into K initial
clusters: (4B . (cp)

[STEP 2] The centroid of each cluster is calculated
as the median of the observations in the cluster.

Cluster T x5

5+(—1) 341
(4B) 5 =2 5 =2
(CD) 1+(2—3) _ —2+2(—2) _

Centre coordinate : (/5 =(2.2), Gep=(-1-2)

[STEP 3] After the Euclidean distance, assign
the entity to the cluster with the closest

centroid.

Ref: [Example 5.4.1] —[Step 3]

A - (A), B> (BCD)

[STEP 4] Repeat [STEP 2] — [STEP 3] until
no more reassignments take place

Cluster ar;il"’r T g’f
(4) 5 3
(BCD) —1_ —2<
—-1. 1. —3 1, —2, —2
Coordinates of centroid : C(,, = (5, 3). Cigep) = (-1, —2)
Cluster A B c D
(4) O 40 41 29
(BCD) 61 9 20 20

22




5.4 Non-hierarchical clustering methods <

Company x1 2| =3 xd| x5 x6 i x3
1. Arizona Public Service 1.06) 9.2 151 54 .4 1.6 QO7¥7 0.0 0.528
[2. Boston Edison Co. | 0.89 10.3 202 57.9| 2.2 5088 25.3[1.555
3. Central Louisiana Electric Co. 143 154 113 53.0 3.4 9212 0.0 1.055
| 4. Commonwealth Edison Co. | 1.02 11.2 1668 56.0 0.3 E423| 4.3 0700
5. Consolidated Edison Co. (NY) 1.49| 8.8 192 51.2| 1.0| 3300/ 15.6[2.044] | 4. Fixed-charge coverage ratio (income/debt)
6. Florida Power & Light Co. 1.32| 135 111 60.0 -2.2 11127 225 1.241 _
i ' 1.22 122 175 67.6 2.2 7642 0.0[1.652| | X2: Rate of return on capital
8. Idaho Power Co. | 110 9.2/ 245]57.0 3.3 13082 0.0 0.309 | y3 cost per KW capacity in place
9. Kentucky Utilities Co. 1.34 13.0 1668 60.4 7.2 8406 0.0 0.862
[10. Madison Gas & Electric Co) 1.12 12.4 197 53.0 2.7 6455 0.623 | X4: Annual load factor
11. Nevada Power Co. 0.75 7.5 51.5 6.5 17441 0.0 0.768 || x5 pgak KWH demand growth from 197 to 1975
12. New England Electric Co. 1.13 10.9 178 62.0 3.7 G154 0.0 1.897
. Northern States Power Co. 1.15 127 199 53.7 6.4 7179 50 2| 0.527 | X6: Sales (KWH use per year)
14. Oklahoma Gas & Electric Co 1.09/12.0] 96 439.8 1.4| 39673 0.0 0.588 | y7. percent nuclear
[15. Pacific Gas & Electric Co | 0.9s 7.6 164 622 -0.1 6468 0.9 1.400
116 Puget Sound Power & Light Co.! 1.16 9.9 252| 56.0) 9.2) 15991 0.0 0.620 | X8:Total fuel costs (cents per KWH)
| 17. San Diego Gas & Electric Co. .| 076 6.4 5 61.9 9.0 5714 8.3 1.920
18. The Southern Co. 1.05 12.6 120 56.7 2.7 10140 0.0 1.1058
19. Texas Utilities Co. 116 11.7 104 54 0 -2.1| 13507 0.0 0.636
| 20. Wisconsin Electric Power Co. | 1.20 11.8 148 59.9 3.5 7287[411]0.702
21 Unpited llluminatina Co | 1.04 8.6 204 61.0 3.5 6650 0.0 2116
[22. Virginia Electric & Power Co. ] 107 93 174 543 59 10093[26.6] 1 306 [R-code 5.4.1]
2E~E golo|ctE 1o)==t 451l
S22 11yjgpc} ER=Ne] fed [ W 10ufjo]s=
7aterorer | C1 | | 1esmme= sE=elct [ - 13 g Ao = [R-code 5.3.4]
K-means 1257 FUE O7HE] 7| 3 || 20914 Ward linkage
155 A= C, 149 Zalsn} 22 =]} )
1740 ] o] 32 18 A7} 1] C [Flgure 5.3.5]
21ftelE = 19 AR 4 Dendrogram
215 =HsHF <%t T2 g f1F] C3 «—> C4
K-8+ = AR Zgell 1) X, KW v]8o] 3P X, A X #jubd wlgo)
U5 2] X, FA=eE | wor B3 x,; wofagol || wor .
o] =} =t




5.4 Non-hierarchical clustering methods P

Company : : - s - Eastern Seaboard v
1. Arizona Public Service g —_— S . i ‘ =

2. Boston Edison Co. g)ea% ] J “ , ‘ Québeg
3. Central Louisiana Electric Co. ingion | | TS 1 Ne E’;ﬁ\'d
4] Commonwealth Edison Co. | e eg,Mm} - e E Vi Ottaw W SRR
5. Consolidated Edison Co. (NY) ot | > V ! ¢rn Stat i “ ) Gt |
6. Florida Power & Light Co. “ — . South Pakota 9 St.Peu (= el %
7. Hawaiian Electric Co. 7 . | pierres| 1 *L Wisconsin z' chlg}:‘ New Yor M
8. Idaho Power Co. | | \¢2\ | Wyorfing ,’ odison ||,
9. Kentucky Utilities Co. n . N || ‘ sl el 9_51—3
10/ Madison Gas & Electric Co. | N RN ) o T B, W o e "Ae| Commonwealth on, Ham g =
11. Nevada Power Co. | = il s =5 [ u Mot _Loakanal & o (&t
12. New England Electric Co. i i T el | J * Denver R, S— abinjo
13| Northern States Power Co. | lorado y ae ] D e frginia
" erson City

14. Oklahoma Gas & Electric Co Kansas Mis. , Kentucky T Raleigh
15. Pacific Gas & Electric Co ‘  Nashville NorTm
16 Puget Sound Power & Light Co. Arizona RHaEe CRyons Jennessee
17. San Diego Gas & Electric Co. . - . ma ciy | aGs = s

oenix Mexico e R | oAt South
18. The Southern Co. . issipp Gedaia
19 Texas Ut|||t|es Co ,Dall o M%’“
20 . lonisa Alabama
21 United IIIumlnatlng Co. e — & Tallahassee
22| Virginia Electric & Power Co. 2% P AN | Rouge N .

' e Florida
|§‘ - \ o A A
Monterrey

X1: Fixed-chaggeToverage .atio (income/debt)| X2: Igate of return on capital,;'(B:.Fost per KW capacity in place
X4: Annual load factor, X5: Peak KWH demand growth from 197 to 1975, | X6: Sales (KWH use per year)

X7: Percent nuclear, X8: Total fuel costs (cents per KWH)

24



5.4 Non-hierarchical clustering methods

[Table 5.4.3] aggregate()

T 23 AF KWE 4 8 Soiw #us 4= =

Al 8F o8 wEs  Fae 4 CIE -

(.| 1.49 880 19200 51.20 1.00 3300.00 1560 |2.04 ZolEv]eo] =rl(e]E ok el
.| 1.00 9.33 [176.50| |62.10| 342 6286.00 575 1.76 KWo B]l&o] =r} =2da3s
q’& 168.13 5421 356 333 075 | AF49s, Foiwk =oh(R)
o | 188 1286 157.71  56.57 304 8012.71 [26.76) 0.82 A B8 o] =

X1: Fixed-charge coverage raW
X2: Rate of return on capital

*X3: Cost per KW capacity in place|

Zz

X4: Annual load factor
X5: Peak KWH demand growth fro
X6: Sales (KWH use per year)

9710 1975

7

X7: Percent nuclear

X8: Total fuel costs (cents per KWH)

25



5.4 Non-hierarchical clustering methods

[Example 5.4.5] Economic View Data in [Data 1.3.5]

Mean of 10 Variables for 4 Clusters

Growth /Export/Import/ Black-ink balance/ Foreign debt /Exchange rate/ Unemployed rate /Consumer price rate /Wage increase rate

_ =x  Ew e AH U=
EI o L= = A E',.l._
T | STE GNP B 4 10 on me B o 02 S
<, |8.650 1976 699.75 635.0 101.0 284.38 631.25 [2.83 5960 11.63| Optimistic- Support
<y 8.667 1853 70333 6183 950 2633361433 373 5833 12.67 Pessimistic
Cy 8.975 | 1870 729.00 |649.0| 1230 260.00|/616.00 |3.40| |6.100| (15.80 Critical
Cy 7.8 5ﬂ| 1875 |682.50( |1652.5| (91.5| 280.00(615.00 |2.95| |6.600| [14.40 Critical
. gqe=d Cl [R-code 5.4.2]
Ward link _
ard linkage SExE C3 h
et slelz e
REE A7 B
K-means el | |HeRAETe | meitt g
7 ek
AlghE g
EHAA AT
K-33 h
T 5 v bl )
S HuEAdes |wmE o |Amw o Eew
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5.5 Numbers of Clusters

CCC

: Tl B
= 5 - s
g 1° / o n\ -E
o] \ —_— . \o
3 : ) T
(a) CCC (b) Dindex
1-E(RY Vnp'
CCC=1In - —
1-R* | (0.001+E(RY))"

0.1

oo

0.1

[Example 5.5.1] Utility Data : initial number k of clusters in K-means

\/"

2

3

4 5 5] T g

Mumber of clusters




5.5 Numbers of Clusters w

[Result 5.5.1] [R-code 5.5.1](utility-CAnclusterindex.R) :

# Index for the Number of Clusters in K-Means CA: Public Utilities 26 Indices
|| library(NbClust)
Datab.3.1<-read table("utility.txt", header=T)
X<-Data5.3.1[-1]

Tk kdkihid ik bbb dddh bk kbbb bk ik kb bk bk kb bk bk bk bk kA b E kA

* Among all indices:

Z<-scale(X) * 4 proposed 2 as the best number of clusters
company=Data5.3.1[ 1] * 1 proposed 3 as the best number of clusters
#CCC Index * 10 proposed 4 as the best number of clusters
_ ) _ # 1 proposed 6 as the best number of clusters
ccc<-NbClust(Z, distance="euclidean”, min.nc = 2, max.nc = 8, + 4 proposed 7 as the best number of clusters
method = "kmeans", index = "ccc”) * 3 proposed 8 as the best number of clusters
CccC #akk Conclusion ##+*
plot(2:8, type="b", ccc$Allindex, xlab="Number of Clusters", * According to the majority rule, [the best number of clusters is 4 |
y'IEI b: "CCC "] koo ko b ke ok kbbb

#Dindex Index
dindex<-NbClust(Z, distance="euclidean", min.nc = 2, max.nc = §,

method = "kmeans", index = "dindex")
dindex

#All Indices

allindex<-NbClust(Z, distance="euclidean", min.nc = 2, max.nc = §,
method = "kmeans", index = "all", )

allindex )3




5.5 Numbers of Clusters

[Example 5.5.2] Iris flower data in [Data 1.3.4]

1.0

0.8

Dindex Values

0.6
o
0/

0.4

Second differences Dindex Values

0—o__
o

Number of clusters

0.4

0.3

0.2

0.1

0.0

\/\O/"\O
8

2 4 6

Number of clusters

10

3k 3k sk sk 3k 3k 3k sk sk sk sk 3k 3k 3k sk sk 3k 3k 3k sk sk sk 3k sk sk sk 3k 3k sk sk sk ok 3k sk sk sk 3k 3k sk sk ok ok sk ksk sk k ki sk

* Among all indices:
* 2 proposed 2 as the best number of clusters

* 15 proposed 3 as the best number of clusters

* 5 proposed 4 as the best number of clusters
* 1 proposed 6 as the best number of clusters
* 1 proposed 8 as the best number of clusters
* 3 proposed 10 as the best number of clusters

%k ok %k %k %k ConC|USi0n %k %k %k %k %k

* According to the majority rule,[the best number of clusters is 3

%k %k 3k 3k 3k 3k %k >k ok 5k ok 3k %k >k >k %k 5k %k >k ok 5k 5k %k >k >k 5k 5k %k >k 3k 5k %k %k >k 3k 5%k %k %k >k %k %k %k %k >k %k >k *k k %k

Table 5.5.1] clusters of -means method

ristype
1
2

3

setosa
0
0
50

versicolor
2
48
0

virginica

36
14
0

—

ity
[R-code 5.5.2] complete linkage

APER3 = (2 + 14 + 0)/150 x 100% = 10.67%
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B.7 R for CA : Practice Time

(g e LIH CA(Hierarchical, Nonhierarchical, Statistical model) and Number of clusters

hcluster(, method="single”) Hierarchical CA
method=“complete”/”average”/”ward”
kmeans(), aggregate() Non-hierarchical CA
library(cluster), - k-means method
pam() - K-median method
- K-medoids(partitioning around)
method
library(NbClust), CCC(cubic clustering criterion), Dindex

NbClust(, index="all”

30



B.7 R for CA : Practice Time

R-code list of Chapter 3 Cluster Analysis

. . AAEAEZ|E AAAYL] AREF=2I
economuicview-distances R [R-7 = 52.1]
4712 A=Ak
5obsdisit-CAsingle R [R-Z= 53.1] |59 7RAI7He] A d23H3] gl== 13
. A7 AA|HTe] 3712 A2
" r_ r _ - o
economicview-CAward R [R-F 5.3.2] et Sl e] W= =g
- - KLPGA M4 4Ho| EF8 f2es A
klpga-CAamlinkages R [R5 5.3.3] 2Zlof| st A=z ZREAH] d=z 7
3 _ - FoysAb Ahzo] wEs g2els A
utility-CAward R [R-F= 53 4] et Sh=cize] W= =g
—'—‘:" AL Algre| T = =
utility-CAKmeansKmedoids R [R-F= 54.1] 1B A2 Faes= el
gt K-HHa K-tfj3e7l =
Al 7|02 dEES = z
economicview-CAKmeansKmedoids R | [R-F.= 5.4.2] IR 1) P AEEE AR
gt K-H 13 K- 327l &
F3|A} 22| BFE3} FF2s= A2
utility-CAnclusterindex R [R-Z= 55.1] | W5t K-HAHAA 23 =5 25 A4
5171
iris-CAindex R [R-Z= 552] |[1Y 552]& 95 R-FZ=
Al iris flower) A}=22 L olst
iris-CAmodel R [R-FE= 5.6.1] ~ AL ) A=E] SAERge <

oA 31




B.7 R for CA : Practice Time

# AMCA : AM Linkages

Datal.3.2<-read table("klpga.tet", header=T)

X<-Datal.3.2
X<-as.matrix(Datal.3.2)
M2 <-rownames(X)

n<-nrow(X)

xbar<-t(X)%"%matrix(Ln1)/n # EF4H

[<-diag(n)

J<-matrix(Lnn)
He-l-1/n?)

Y<-H%*%X
S<-t(Y)%"%Y/(n-1)
D<-diag(1/sqrt(diag(S)))
Z<-Y%*%D
colnames(Z)<-colnames(X)

~, OSt
M

Bl okl oHd oA
Hu
oSt
M

>+

foj=1x

e |

e .

HU

o=t iy

ny 1o
15

H= H= M= M

==

ot rEl - kek ok
(n}=1
s

MHA HA HT o= o=

# Heot R3o|E AL
ds <- as.matrix(dist(Z, method="euclidean"))
ds <- as.dist(ds)

round(ds, 3)

*H2AAZE

sinle=hclust(ds, |method="single")
plot(sinle, labels=4 <=, hang=-1, main="(a) Sinle Linkage")
#Q1H of A

L =24

complete=hclust(ds, [method="complete")

plot(complete, labels={13=, hang=-1, main="(b) Complete Linkage")
#o 10| HAHH

Ol - =2d

average=hclust(ds, [method="average")
plot(average, labels=/44=, hang=-1, main="(c) Average Linkage")
#QACH A H

ward=hclust(ds, | method="ward")

plot(ward, labels=/1%=, hang=-1, main="(d) Ward Linkage")
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5.7 R for CA : Practice Time @ W

[R-code 5.4.1] utility-CAKmeansKmedoids.R based on the Non-hierarchical Methods

# K-Means & K-Medoids(Partitioning Around Medoids)CA for Public Utilities
Data5.3.1 <-read.table("utility.txt”, header=T)

X<-Data5.3.1[,-1]

Z<-scale(X)

company=Data5.3.1[,1]

# K-means Method

kmeans <-|kmeans(Z, 4)| # 4 cluster solution
cluster=data.frame(company,cluster=kmeans$cluster)
Cl=cluster[{cluster[,2]==1).]
C2=cluster[(cluster[,2]==2).]
C3=cluster[{cluster[,2]==3),]
Cad=cluster[({cluster[,2]==4),]

C1;C2;C3;C4

# Get cluster means
aggregate(X, by=list(kmeans$cluster),FUN=mean)

# K-medoids Method
library(cluster)
kmedoids <- pam(Z, 4, metric="euclidean") |# 4 cluster solution
cluster=data.frame(company,cluster=kmedoids%cluster)
Cl=cluster[{cluster[,2]==1),]

C2=cluster[{cluster[,2]==2).]

C3=cluster[{cluster[,2]==3),]

CaA=cluster[(cluster[,2]==4).]

C1;C2;C3;C4

# Get cluster means

aggregate(X,by=list(kmedoids$cluster),FUN=mean)
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