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- Furthest neighbor
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- Ward's minimum variance
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k=3
X1 X1
AX|H{A — |2 | bz | 2F=x — | X2
Xp Xpi

Euclidean 72|

= 7HA| AfO[2] RAFHEE 2|2 EEE 4= QICH He 7 HH QAR (similarity)0| HO{ZICE CHS A
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Ced THEN

Manhattan 72|
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HZ35} Euclidean 72|

JHAM[S0]| chish Sl #-S0| Tl 2L 2L0| T 2R H4S BEsf6t 2 722 75t= A

O] o MHSICE TR A2 HHM ZHx|2F i 7HR|S| EZ=S| Euclidean 7{2|0]CH,

X1 EX

/ x ]
dl.j:(gi—gi)(gi—gj)1/2,1i= 2 EX2
xpi EXp

Mahalanobis (Pearson) 72|

CHS A10] 213 ZHAILE #15) ZHAI2| Mahalanobis 7{2[0]31 2= within 78 E4-S= 4 iE =FX|0]

o
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2 = M2 7SS SOEEIE}) 7H= 2 O =2 single-linkage dustering 20| O] 2
=7 P‘F E8%X0|C} Neighbor Method2 single-linkage clustering 2HH = SHLIZ CF2 2&A{01| 2|51 7HA|
=
=

) MB0= 72| =(m)2tF 2] ZEO0] QUL OllE S0 7| 6707 L1 TFZ2 2 7HA| ZF Euclidean
HE|(FAFD)E AlLteh HO|CH X30ll= =82 67H0]Ct.

1 2 3 4
1 0.1 0.7 0.2
2 04 0.6
3 0.3
4

MR, 2) ZEHRISAHDZ 01, 2, 3) 740 A 040ICk (2, 3) W3 21 742l= (3, 2) 74 722t
S50 oz} a2 Sefolct

FAFRGO| 7FE 7PI2(HEI7H 7 R 7P7kR) HRIE 2R 22 J=L0h ofiF(ofiM = (1, 27 |2l

1,2)| 3 4
(1, 2) ? ?

OfH| (1, 2)2 3, 47F HE|S EA Felg A2t

(3) 77 FE22 FO0|H 7HH[RE M2 BHS0ZE ZEIe| RAFES ARG 2 2 RS2 1A
o FAME(HE) S SHot= U2 Cha 57FX[7F QUL
@ Nearest neighbor: &= =&2| Zt 7HA| & 7F&E 71710] = 7HA|2| A2 |(FAFS)
@ Furthest neighbor: & =&12| 2 7HA| & 71 H2| QL= 7HAMI2] 742
® Centroid neighbor: =&10| "Wt 7+o| 72|

@ Average neighbor: §t 12| ZHA|Rt CIE Z & 7HA|S2| 2t 72| W

® Ward's minimum variance: =&12| WrtZt H2|1E 2 2&IQ| THA| 72| 2| &to 2 L= Mg
= st 72|o|Ct,
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RO 7B E VHE ofH E27? 2= Bt O == Tree diagramO| Q0 AN EA2F2 0|8st=
H

HHHO 2= Hotel lings 47 0|Lt Cubic Clustering Criterion 2H1S 0|235HH EICH

S LI CHO|0{a2H (Dendrogram)

HMI2| RARSO| 7S 7M1k FHAIRE ZEet El= 2hEE 2013 = 20Tt 7HK| ] Z0|(=0))= 7HA|
ZF A2 (o] STt 37|0[Ck E F) 7| -> (A, B) > (€ F), D) > (€ F), D)O) -> 2= 7iA[7 sh-t2 Fel
Ct 2HeF =8 7H+=E 2702 SITHA (A B), (C D, E, F) O A - &ist Tt

Dendrogram

Pseudo Hotellings 24X

Hotel lings T2 SAHZS = Tt CHAZ B0l X10|E B SAZ0ICt, 0|5 27 2401 0|83t
=0 02 FAL7HES| HE SAHZS 0I185104 7HA|Q| Z&ZH B 2| X{0|7F 7olSHK| 5o = #ES
x| FoloHH =& 2 FXIsh= oIt

Cubic Clustering Criterion

Searle(1983)0| X|otst BiE1O 2 FAXI0| 7H4-QF CCC(Cubic Clustering Criterion)2| AFEEE T2 CCCO
240] 3 oj&0|1 Z[CH gfel A T ufe| HE| TH=7 t MTSICt.
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0|4 H[O]E] LPGA2008.csv

20084 DI LPGA Bi3444-5 1521 S 14 (12| HIOFIO] 21218, t=(eiz) Hleh

58 Hiz ), 43, BH2IRC 28 TARHHOIEOIC THZ 409| OLf M4S5S B 2 52
o ol 21 Al
RS 67 B HI7421() HOIRI0| QHEHE(), TR MBS, HR MR 20), MSEIR0), M
) HOIH()

+ol0]: b4 20| 2422

~

-2|0] 2ol ZHE

ClloJE S22

lpga<-read.csv('http://203.247.53.31/Stat_Notes/example_data/
lpga2008.csVv',fileEncoding="utf-8")
lpga.subset<-subset(lpga,rank(-lpga$al=)<=40)
names(lpga.subset)

dim(lpga.subset)

subset (lpga,rank(-lpga ) d rank(-lpgadAlt=2) She= A2 37| Y- SHARR)

= oo —

o= FESH T &2IE FO{5IC] subset(z?l<=40)= &=/ 409(2! 414~ (&) HIO|ETH ALBSITY,

o

> names (lpga.subset)

(1] "=9" " "H|0{)|0]_
(5] "Ed _HEs" " " "ME _Ao|E"

[9] "&7I 22Es"

> dim(lpga.subset)
[1] 40 9

e SE N (FAFS) U ALt dist() 4

M7t FAFSHZ)S Alb et ml #H=x0| CHe| Fek0| B2 HF5| SH= 20| HAO|C.
scale(HlO|E{, center = TRUE, scale = TRUE) H# 0, EFHI} =1

True SM2 default 2|0|SIE 2 AFESH| IO™ X5 X2 |EICh:

sHeChatm Skt AMEme ©)
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Chg 2ZEN

dist(x, method = "euclidean") ZHA|Q| HZ| A
manhattan, minkowski B M & 7SS}

lpga.d<-dist(scale(lpga.subset[2:7]),method="euclidean")
head(lpga.d,3)

> choose(40,2)
40 7HA|(M=p)2] A RAFS(HZ]) I 78071 72|04 Ipga.dof| MEEZ|H US. (1, 2) M
20| QAMS 293 (1,3)2 249, (1, 4) M42| LAFMS 3510|C.

> head(lpga.d, 3)

[1] 2.934475 2.482789 3.514831

GlE=2T024 12|7|

THA| A Q129 (linkage) average AFE, hang=-1H Of2 &0j| M~(ZHA|) 0|S0| Z==IC.

lpga.hclust<-hclust(lpga.d,method="average')
plot(lpga.hclust,labels=lpga.subset$=1{ hang=-1,cex = 0.6)

"ward.D", "ward.D2", "single", "complete", "average", "mcquitty"
) ) J J 1) )
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lpga.hclust<-hclust(lpga.d,method="'average')
plot(lpga.hclust,labels=Ipga.subset$=1 hang

rect.hclust(lpga.hclust,k=5,border
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lpga.ca<-cbind(Ipga.subset, cluster)

table(lpga.ca$cluster)

library(doBy)
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cluster<-cutree(lpga.hclust,k=5)

head(cluster,10)
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cluster 7 H|Z|.mean HO{H[O]_ 2l MZE.mean Y HE S .mean
251.9280 .0520 66.9600 28.5412
263.5750 .1250 69.0250 28.8625
255.0625 .3875 62.7625 27.9525
237.8000 .9000 60.2000 26.9500

233.4000 .4500 65.8500 29.0250

.mean ME MO|H.mean & H|72|.sd HO{YO| QHEIE.sd T2l HEE.sd

0.82000 39.004 7.152361 3.6459018 1.6227549
1.01000 42.900 4.254703 0.8770215 1.9015345
0.98375 42.000 8.733668 3.3736108 1.0280877
1.19000 46.400 NA NA NA
0.94500 47.300 5.091169 1.9091883 0.4949747
+.sd ME 3|.sd ME MO|E.sd

TR B0 E0IE R0V &K st 2B 2 AlE) PR B4 286 X S47F E Q5|

!

AZEA 36 - APEE Sl - still not clear

library(car)
scatterplotMatrix(~E @ _H|H2|+HO{Y0|_CH&tE+ T8 MNEFE+EH HET+ME_ 3|5
+MME_M|0|E|cluster,data=Ipga.ca,col=1:5)

T T T T

R
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library(cluster)
lpga.clus<-data.frame(lpga.subset$=1,scale(lpga.subset[2:7]))
rownames(lpga.clus)=Ipga.subset$=1

lpga.clusO<-Ipga.clus[2:7]
clusplot(lpga.clusO,cluster,shade=TRUE,lines=0,color=TRUE,labels=2)

d2S 20t 1222 FHE EME dASI =22 0 I% = 1 F RU0{0¢ -E’él 0| £0{7ts

CLUSPLOT( Ipga.clus0 )
@ - .3
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Component 1
These two components explain 62.06 % of the point variability.
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lpga.pca<-prcomp(lpga.subset[2:7],scale=T)
lpga.pca$sdevA2 #0127t £
lpga.pca$sdev/2/sum(lpga.pca$sdevA?) # 1L HIE
lpga.pca$rotation #55t &=

N 220 AR HIES| 82 62.06%= 22| LHEE Of2f 15 7(01& 62.06%2F SLSIT,. Ol= ?{2] LFY
& R0[FgR 1, 2= S0IF7 | Whi=20|Ct.

[1] 1.9208889 1.8024626 1.0146511 0.7110294 0.4095372 0.1414307

[1] ©0.32014815 0.30041044 0.16910852 0.11850491 0.06825620 0.02

A e JERESE, o), el > Fabd 42, Felet Bkt

M2 FdE  Got|H2], Tlofo] b2 > HEE d=,

- —
20| HE 7Fsdo[ A2ER Bl 7HE0| &5 > TEHE

|27+ 30| LR ITH= 242 H|0f4[o]

H
=)

gz _H|AHe| 0.08296889 0.680432765 0.28604147
HO{9[0] 9HEfE ©0.12486882 -0.687649134 0.04128619

a2l HBE 0.60527444 0.035528088 0.35745398
Y7 mE 0.58639791 0.002464521 0.07333627
ME 3|+ -0.48252383 0.078279357 0.27347729
ME Mo|l= -0.18567454 -0.238230864 0.84174482

ShefThalm S7istat PAIS I (14)
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http://wolfpack hnu.ackr/Stat_Notes/example_data/SMSA_USA.csv

Education WEPE
PopDensity QIFYE C
; H|#HolH
s 14012 walyg  AEIEA Nowéhne §}O||§ga}|§|g
&8 Mortality MYE pop/house 7t I1ES
JanTemp 1872 income A5
1= JulyTemp 7872 HCPot HE8E
RelHum dguis= & NOxPot LHUSH2
Rain e S02Pot USH3

smsa<-read.csv('http://wolfpack.hnu.ac.kr/Stat_Notes/example_data/
SMSA_USA.csV')

names(smsa); dim(smsa)
smsa.d<-dist(scale(smsa[c(7:10,12,13)]),method="euclidean’) #8AHd 72|
smsa.hclust<-hclust(smsa.d,method="'ward.D") #linkage - Ward
plot(smsa.hclust,labels=smsa$city_name,hang=-1,cex = 0.6) #HI=E=21 2
rect.hclust(smsa.hclust,k=5,border=1:4) #=2%! 7 2% L gtA O2(7|
cluster<-cutree(smsa.hclust,k=5) #= % H& 204
smsa.ca<-cbind(smsa,cluster) #2 H|O|E{Qt #& HS &tX|7|

library(doBy) #=Z&E A &H H EEEXL
summaryBy(education+pop_density+non_white_ratio+white_color_ratio+person_
houshold+household_income~cluster,data=smsa.ca,FUN=c(mean,sd),na.rm=T
RUE)

library(car) #zZ & A MEE
scatterplotMatrix(~education+pop_density+non_white_ratio+white_color_ratio+p
erson_houshold+household_income|cluster,data=smsa.ca,col=1:5)

library(cluster) #34& =& M
smsa.clus<-data.frame(smsa$city_name,scale(smsa[c(7:10,12,13)]))
names(smsa.clus)

rownames(smsa.clus)=smsa$city_name

smsa.clusO<-smsa.clus[2:7]
clusplot(smsa.clusO,cluster,shade=TRUE,lines=0,color=TRUE,labels=2)
#THE =4

smsa.pca<-prcomp(smsac(7:10,12,13)],scale=T)
smsa.pca$sdevA2 #1127 &
smsa.pca$sdev/A2/sum(smsa.pca$sdev/A2) #1174t HIE
smsa.pca$rotation #5535t £&

o
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cluster education.mean pop_density.mean non_white_ratio.mean

10.51765 3539.647 6.882353
11.62000 3526.480 10.836000
10.21250 6549.000 14.425000
10.06667 2874.500 28.750000
11.86667 4248 .000 8.300000
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library(factoextra)
fviz_cluster(list(data=smsa.clusO,cluster,cluster=cluster))
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Model Based to select the optimal cluster size

mclust I{Z |X| O| &

Model based approaches assume a variety of data models and apply maximum likelihood estimation
and Bayes criteria to identify the most likely model and number of clusters.

library(mclust)

fit <- Mclust(scale(smsa[c(7:10,12,13)]))
summary(fit) # display the best model
plot(fit) # plot results

DD |32 H &= 40|Cf. <- oM ZE ZFeHMSl= 5712 sIRRITH 2&e| 72t B

—

Mclust VII (spherical, varying volume) model with 4 components:

log-likelihood n df BIC ICL
-436.0288 59 31 -998.4612 -1005.445

Clustering table:

Model-based clustering plots:

BIC
classification

uncertainty
density

BHetCElm S5t HMSn s (20)
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library(factoextra)

fviz_nbclust(scale(smsa[c(7:10,12,13)]), FUN = hcut, method = "wss") #Elbow

Method

fviz_nbclust(scale(smsa[c(7:10,12,13)]), FUN = hcut, method = "silhouette")

#Average Silhouette Method
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H|AIZA AAEM K-means &2 AR| : SMSA.csv H|O|E{ O] &

smsa<-read.csv('http://wolfpack.hnu.ac.kr/Stat_Notes/example_data/
SMSA_USA.csV')

names(smsa)
smsa.sub0O<-data.frame(smsa$city_name,scale(smsa[c(7:10,12,13)]))
rownames(smsa.sub0)=smsa$city_name
smsa.kmean<-kmeans(smsa.sub0[-1],5, nstart = 25)
fviz_cluster(smsa.kmean, data=smsa.sub0[-1])

names(smsa.kmean)

smsa.kmean$cluster, 3)

Akron, OH Albany-Schenectady-Troy, NY

1 1
Allentown, Bethlehem, PA-NJ
1

Cluster plot

Dim2 (20.3%)

"cluster" "centers" "withinss"

"tot.withinss" "betweenss" "iter"
"ifault"

Dim1 (38.4%)
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Cluster plot

cluster

DImM2 (20.3%)

Dim1 (38.4%)

education pop_density non _white ratio white _color_ratio person_houshold
-0.2126725 -0.1513212 -0.4341051 -0.4933732 0.23922779
-0.7683273 -0.6194062 1.8503538 -0.2636132 ©.83171638
1.1047388 -0.2917474 -0.2889440 0.8183623 -0.77897658
-0.9845406 2.0000897 0.2614366 0.2168320 0.01853149

household_income
-0.43006801
-0.77377319
1.04047924
0.01626783
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smsa.pca<-prcomp(smsa[c(7:10,12,13)],scale=T)
smsa.pca$sdev/?2 #1274 &2
smsa.pca$sdev/A2/sum(smsa.pca$sdev/A?) #1174t HIE
smsa.pcaSrotation #5251 &

education
pop_density

non_white_ratio 0.
white_color_ratio -0.

person_houshold 0.
household_income -0.
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NECYE

swiss data that contains fertility and socio-economic (E44, AFS|X|3) data on 47 French speaking
provinces in Switzerland.

## Fertility Agriculture Examination Education Catholic
## Courtelary 80.2 17.0 15 12 9.96
## Delemont 83.1 45.1 6 9 84.84
## Franches-Mnt 92.5 39.7 5 5 93.40
## Moutier 85.8 36.5 12 7 33.77
## Neuveville 76.9 43.5 17 15 5.16
## Porrentruy 76.1 35.3 9 7 90.57
## Infant.Mortality

## Courtelary 22.2

## Delemont 22.2

## Franches-Mnt 20.2

## Moutier 20.3

## Neuveville 20.6

## Porrentruy 26.6

data(swiss)

swiss.dist<-dist(swiss) # euclidean distances between the rows
fit<-cmdscale(swiss.dist,eig=TRUE k=2) # RESULTS OF mds

# plot solution

x <- fit$points[,1] ; y <- fit$points[,2]

plot(x, y, xlab="Coordinate 1", ylab="Coordinate 2”, main="Metric MDS", type="n")
text(x, y, labels = row.names(swiss), cex=.7)
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CHHE

library(magrittr); library(dplyr); library(ggpubr)
mds<-as_tibble(cmdscale(dist(swiss)))
colnames(mds) <- ¢("'Dim.1", "Dim.2")

# Plot MDS

ggscatter(mds, x = "Dim.1", y = "Dim.2", label = rownames(swiss),size = 1, repel
= TRUE)
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[¥e)

MDS Z1HE k-means HASHZE U XE

# K-means clustering
clust<-as.factor(kmeans(mds,3)$cluster)
mds<-mutate(mds,groups = clust)

# Plot and color by groups
ggscatter(mds, x = "'Dim.1", y = "Dim.2",

Dim.2

label = rownames(swiss),color="groups’,
palette='jco’, size = 1,

ellipse = TRUE ellipse.type = "convex", repel = TRUE)

groups E] 1 2 E 3
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res.cor<-cor(swiss, method="pearson’)
mds.cor<-as_tibble(cmdscale((1 - res.cor)))
colnames(mds.cor) <- ¢("Dim.1", "Dim.2")
ggscatter(mds.cor, x = "'Dim.1", y = "Dim.2",

size = 1,label = colnames(res.cor),repel = TRUE)

H0| QAMIO| HEIE  (BHE FOFAILE) A HS, (BT HIZ, sYHIE) fAHHS
0.4
Catho.lic
Edycation
* Agriculture
0.2
~ 0.0
S
(&)
Examinatione
-0.2
Fertiity
-0.4 1 Infang.MortaIity
-0.5 0.0 0.5 1.0
Dim.1

(33)



=
o

Kruskal's non-metric multidimensional scaling

library(MASS)

mds.non<-as_tibble(isoMDS(dist(swiss))$points)
colnames(mds.non) <- ¢("Dim.1", "Dim.2")
# Plot MDS

ggscatter(mds.non, x = "Dim.1", y = "Dim.2",

label = rownames(swiss),size = 1,repel = TRUE)
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city<-read.csv('http://203.247.53.31/Stat_Notes/example_data/=A|7{2[.csv')
rownames(city)<-city[,1]
city.df<-city[,-1]
library(magrittr);library(dplyr); library(ggpubr)
mds.city<-as_tibble(cmdscale(dist(city.df)))
colnames(mds.city) <- c¢("Dim.1", "Dim.2")
# Plot MDS
ggscatter(mds.city, x = 'Dim.1", y = "Dim.2",
label = rownames(city.df), size = 1, repel = TRUE)
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© UXE(EEHE)Z HELHOIK|=E Rzl it & HFE MAR STH(R)2| 2tE=

A2 TSR B RHR 24 7|

O

HSEAo| £2X01 7242 1930CH Hirshfeld| ==rARREIAQF 2EHHO| o12tM,
. e
. U= 1950ELCH Chikio Hayashiol] 2|5HA 4255} K|3EHH O 2 7H{Ets|0f B

- T2tA:1960ACH Jean-Paul BenzecriZt 0|11 Xt2 24 BI0| CiRbet 202 EH SR XIRE &2

[l

HMO| 751201 2 1960 Z2EA0]|AM Jean-Paul Benzecriol| QJ5HA] BIFE| QI

= 1 [ Sy Ny

o
Mat=r| S 2A 7|HE 28510 2

Y 1 2 C Total I:D:D:]
X
1| T2 a0 mic T+ %
2| 21 | m22 | - m2c | m2+ [
R mirl mr2 o TIrc T+
Total | m+1 | m+2 | - mC | T+

Homogeneity (S2&1M)

2} 2lloj| Cisf] Fof 227+ ST

-1 o

R Hy ;= m; forall j=12,...,C
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Independence (S52!A)

(X VY= M2 S=lebp £ Ha7t SRR (P(X = x, Y = y) = P(X = x)P(Y = y)0|2&
ASrpe crem 2t

_ d- . J—

=20 Ho T 3 O — =
() 40| BHEBIES O, = ny; 2ol 30| 8 BERIE 88 n, 2 AVBRIE BIS & 2
ZHIEE 5, 2HEl5IAL
ity
Diof E7HE0| HCHH () 22| 7 [HiRIE= K, = OlC}.
Ry
AHEAE TS =——— ~y°df =(R—-1)(C-1))
E;;
*) Cochran Theorem : Alo| 7|CHEIE=7} 50|51l Mo | Hx|| Al = 20% O|2H0|™ i}@g%ﬁ%@xl

Ml
=S
S E =L} BHek 0|£ |8SHH Fisher Exact A& BHHE MISICT

[#I7[ZIClok oR] SE(EL) SH S S5 R X017t AR HE

Men Women | Row total Men Women Row Total
Studying 1 9 10 Studying a b a+b
Not-studying n 3 14 Non-studying c d c+d
Column total 12 12 24 Column Total a+c b+d a+b+c+d(=n)
a+b\[c+d a+b\[c+d
B a c B b d ~(a+d)!(c+ad)! (atc)(b+d)!
B (n) B <n) - al b ¢! d! n!
?:1751%71%: a+c b+d
_(10\ 714 24\ 10! 14! 12! 12!
o ( 1 ) (11)/(12) T 1191 11! 31 24! ~ 0. 001346076
Men Women @ Row Total
Studying 0 10 10

Non-studying 12 2 14

p=()(53) /() ~ 0.000033652  coumnrow 12 2 % | 000138
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fisher.test(rbind(c(1,9),c(11,3)), alternative="less")

Fisher's Exact Test for Count Data

data: rbind(c(1, 9), c(11, 3))
p-value = 0.00138

72l2lE0] 0.00142 O Folet Xf0|7+ RIS, Of2H & HHIE 2ot HAjo| SF HIZ2 83%, 04A2|
FHIE2 75%= ORI} RO H|3H SH5k= HIZ0| RelH o2 o =L,

[,1] [,2]

[1,] ©0.08333333 0.75
[2,] ©0.91666667 0.25

A 21t prvalue(R2[2HE) 0.05ECH MO H 1) B A2 EXNSICE )T 27 f|EICt,

4>

27 ot e HME == B THMEO]| ofgt X{O] siAfetLt.

- RxC /20| BOX|H HHIEO 2|5t oti0] S&SHA| L LZ|=7HENHE

WX AH OfH|

http://203.247.53.31/Stat_Notes/elem stat/EDA/sports.csv

1Y === A of, 2=FEiE|E Al &
29 AlEZ 1=5(FEZER) 2=0}(30|HER) 3=E2(FEER) 4=010|A5} |(1L2|HEER)
3 =RHRIEAIY I, 2=2HIRIE Y &

4% AYBR =5 TGUEE), 2070/ SBR), =REGUEE), 4-010|A5 |22 l0|=FR)
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http://203.247.53.31/Stat_Notes/elem_stat/EDA/sports.csv

Chzy 22X

sport<-read.csv('http://203.247.53.31/Stat_Notes/elem_stat/EDA/sports.csv')
names(sport)

table.sport<-table(sport$Game..Early.,sportSEarly)

chisqg.test(table.sport)

#prop.table(table.sport) # cell percentages

prop.table(table.sport, 1) # row percentages

#prop.table(table.sport, 2) # column percentage

471 = R | = SE|01R, 2V IBR, 2HIRIE SEl01R, 37 IER

"Game..Late."

47|57t 28| SE|01R| XI0f= =71 &, 20| 2|=58 Ble| 52| 7H5 g0 =T H= A
=

2i=0| 20
ARTH 27 B Rt 28R S2[0f

f =2
CHE7H - 27 [ERe 28| = S2(0{R= Xto0[7} UCt

9| X{O|7F RALH.

Pearson's Chi-squared test

data: table.sport
X-squared = 12.616, df

Ot =4t 2= B0 7|0f| S2|(=22 HIZ2 813% 7re =11 =0 7he 2 54.8%0|tt Z=0| =
2 E|=7 52|12 0|01E 7Fsd0] 7+ Hot 218 =2 =01,

1
1 0.3015873 0.6984127

2 0.1875000 0.8125000
3 0.4520548 0.5479452
4 0.3066667 0.6933333
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ARM 7 [ERe Sele|s S2(0iRs R0 GICk 27 [ERet St 2| B S2lofes SEolck
OiE M 47 |5Re 2= S2(01%
table.sport2<-table(sport$Game..Late.,sport$Late)

chisq.test(table.sport?2)

prop.table(table.sport2,1)

F2I2HE 0.015%0|22 #F7HE 7|2, &7 |of 2 2 2|= § 52| HIZ2 X0|7} QICt.

Pearson's Chi-squared test

data: table.sport2
X-squared = 10.518, df , p-value = 0.01464

OFR 77701 B Al 2|5t £10] S218 318 934%2 718 51, 57 370 5 42| Ho 7|
| 02! 5H80] 79.4%2 75 KL, OFFL= 701 015 o1 7H5 A2 66%2 0P K02 70/5t &
7} I 77H 28 %S Chlsto!

1 2

1 0.20634921 0.79365079
2 0.06521739 0.93478261
3 0.22580645 0.77419355
4 0.18750000 0.81250000
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} - n; o ]
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Al Ol thSEA (WRHE)

o=

L= H|O|E] : housetasks

AT ERh Y, B == 1 OfLh, &, &Ml jointly, WCH alternating

#install.packages(c('FactoMineR", "factoextra"))
library(“FactoMineR”); library("factoextra")
data(housetasks)

library("gplots")
dt <- as.table(as.matrix(housetasks)) #matrix
balloonplot(t(dt), main ="housetasks", xlab ="By whom", ylab="House Works")

shotThetm SAlsta A as (4)
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housetasks

By whom Wife Alternating ~ Husband Jointly

House Works

Laundry 156 14 2 4 176
Main_meal 124 20 5 4 153
Dinner 77 1" 7 13 108
Breakfeast 82 36 15 7 140
Tidying 53 11 1 57 122
Dishes 32 24 4 53 113
Shopping 33 23 9 55 120
Official 12 46 23 15 96
Driving 10 51 75 3 139
Finances 13 13 21 66 113
Insurance 8 1 53 77 139
Repairs 3 160 2 165
Holidays 1 6 153 160
600 254 381 509 1744 H|-Fof CHst 2= E5d
1 G| F=4 marginal &= Z(H1T)2F N E25IRIE. &M HH2 HIEo| »tid 37|,
chisqg.test(housetasks) #chi-square Independence Test
= ef. =4 , 2,

RIS <0.001 Totunt At 2EXI2| 274|= Ol F2lef. Oti= ME, SAIEH|, HH2 +2
shHlsH= 4

FEMF SOILt.

Pearson's Chi-squared test

data: housetasks
X-squared = 1944.5, df = 36, p-value < 2.2e-16
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library("FactoMineR")
res.ca <- CA(housetasks,graph=FALSE) #results of Correspondence
fviz_ca_biplot(res.ca) #bi-plot plot

fviz_ca_row(res.ca, col.row = "cos?2", gradient.cols = c("orange","blue"),repel =
TRUE) #row plot

fviz_ca_col(res.ca, col.col = "cos2", gradient.cols = c("orange","blue"),repel =
TRUE) #column plot
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Row points - CA Column points - CA
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library("factoextra")
get_eigenvalue(res.ca) #eigen values-dim explain

eigenvalue variance.percent cumulative.variance.percent
Dim.1 ©.5428893 48.69222 48.69222

Dim.2 0.4450028 39.91269 88.60491
Dim.3 0.1270484 11.39509 100.00000
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OfiA| 2 : 15CH T A} X Efa WRE

vote<-read.csv('http://wolfpack.hnu.ac.kr/Stat_Notes/example_data/vote15.csv')
rownames(vote)<-vote[,1] #A|= 0|22 Z 3l 0|= H}LY|

vote.df<-vote[-1] #A| = B4 H|Q|

chisqg.test(vote.df)

Pearson's Chi-squared test

data: vote.df
= 7123971, df = 90, p-value < 2.2e-16 => D} Qo512 X|

o SEK SEEO| Rloj= S

- A

par(family="NanumGothic") #for MAC users
library("gplots")
balloonplot(t(vote.table), main ="15CH CHM SES", ylab ="A|E", xlab="FEX}EH")

A2 X124 2K, OIE13t Ol9IN|, ZUThE il Tk, T o M OJE1312 7%, ZeolM Sol2 1)

O, !

15CH CHM E 5
FE21Y 0|3 ZOiE O|AA HIZ FFY LY HUEY

AE
Mg 2394312627309747846 65663 5430| 8975| 5230(5.9e+06
A 11706$820178623756 25581 2252| 2211| 3359P2.1e+06
Ci+ 965607166576173649 16258 1661| 1229| 4108(1.3e+06
ol 470560497839297739 20340 1915| 2356| 1862|1.3e+06
a5 13294754159 5181 1478 154| 660| 273|/.8e+05
cH 199266307493164374 8444| 1028 1352| 9366.8e+05
24t 268657 80671/139615 32135 625| 427 988(5.2e+05
a7l 612108781577071704 47608 7077| 8035 76184.5e+06
a4¢ 358921197438257138 8231| 3201| 1853| 4161{8.3e+05
25 243210295666232254 10232 2784| 2313| 3357|/.9e+05
24 235457483093261802 9604 3011| 4109| 4122(1.0e+06
U5 53114078957 25037| 4189| 943| 4981| 1973|1.2e+06
A 41534231726 18305 2199| 1027| 4790| 2255|1.3e+06
a5 953360210403335087 22382 4177| 2476| 11723)1.5e+06
a4 908808182102515869 27823 3215| 2150| 8047|1.6e+06
Al 100103111009 56014 3856| 551 799| 12452 7e+05

eF008 OeF0 A 9eF 00 TeF03 9e+04 9e+0h Te+u8641992
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library("FactoMineR")

vote.ca<-CA(vote.df,graph=FALSE) #results of Correspondence
plot(vote.ca) # fviz_ca_biplot et= gt= E3E[X| %42 on Mac
fviz_ca_biplot(vote.ca) #bi-plot plot

LS TE= T, TS, 85 i 2A| Olefd2 45, th, =t
(e}

N
I
s
2
N

rlo

CA factor map
:
o |
N |
- |
|
I
|
|
I
I
|
I
N I
o |
I
I
_ _ - 0O|CI%
%.El» %% :ﬂ/&;‘%’ A |L ﬂ
g o | Sk
) 371 CPV:1 -
S AW uzoard, .
X o = &2 2
A :;‘_‘;}ﬁd?"'%ﬂ‘ia" """"""" ‘i’w"r""“*’;"ég“"
py ST ca ALS,;.’, : O|§_17\¥ I%’ET
= :
jm) |
I
! L]
n ! CH++
o ] |
' I
I
|
|
I
|
|
:
|
o |
- |
1 ]
|
|
I
1
T T f I
-1.0 -0.5 0.0 0.5

Dim 1 (88.73%)

("factoextra")

get eigenvalue(vote.ca)

eigenvalue variance.percent cumulative.variance.percent
Dim.1 2.465222e-01 88.73310991 88.73311
Dim.2 2.577412e-02 9.27712510 98.01024
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AR ERREE CHSEA (X1 0l) - ThZ [X] Off x| C|O|E

Tea: E| &% (black, green, flavored)
How : 87| OfA = Zd (alone, w/milk, w/lemon, other)
sugar : &&F H7} 015 (yes, no)

Where : E| 712} 2k (supermarket, shops, both)

library(“FactoMineR”); library("factoextra")

data(tea)

newtea<-tea[, c("Tea", "How", "sugar", "where")]
cats<-apply(newtea, 2, function(x) nlevels(as.factor(x))); cats

> cats

Tea How sugar where

3 4

mcal = MCA(newtea, graph = FALSE)
mcal$eig

CHS AT} 2%19) B210| E3H5H B 33%0t EoiE
calbeig

eigenvalue percentage of variance cumulative percentage of variance
0.3344834 16.724168 16.72417

0.3256352 16.281760 33.00593
0.2989486 14 .947429 47.95336
4 0.2523412 12.617061 60.57042

# data frame with variable coordinates

mcal_vars_df = data.frame(mcal$var$coord, Variable = rep(names(cats), cats))

# data frame with observation coordinates

mcal_obs_df = data.frame(mcai1$ind$coord)

# plot of variable categories

ggplot(data=mcal_vars_df,

aes(x = Dim.1, y = Dim.2, label = rownames(mcal_vars_df))) +

geom_hline(yintercept = 0, colour = "gray70") +
geom_vline(xintercept = O, colour = "gray70") +
geom_text(aes(colour=Variable)) +
ggtitle("MCA plot of variables using R package FactoMineR")
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OZIE[= E|&0M 2222 57} §10] ORAICt,
U712|0]= chain E|£0fM 232t 2=, 737 1S 'E0{ ORULH,

MCA plot of variables using R package FactoMineR

other
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No.sugar
tea 10f
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alone
~ a How
£ a sugar
3 00- chain store
. a Tea
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_0_5-
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sugar
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[ 0 1 2 3
Dim.1
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