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8.1 Comprehension of CRA_ i

 Definition
 Technique for displaying the associations among the rows and columns of
contingency table in a type of scatterplot or map

 In general, chi-square statistics provide tests for the or
bt rows and columns.

— In addition, CRA accounts more clearly for the relationship bt rows and
columns, graphlcally

« Applications
» Educational Psychology, Medicine, Survey, Social Science, etc.
« Categorical Data Analysis, Text Mining, Big Data

Jean-Paul Benzécri is a French statistician and was born in 1932. He is most famous for the development of the
Correspondence analysis, a statistical technique for analyzing contingency tables. It is widely used in sociological studies of
categorical data. (Wikipedia)



https://en.wikipedia.org/wiki/French_people
https://en.wikipedia.org/wiki/Statistician
https://en.wikipedia.org/wiki/Correspondence_analysis
https://en.wikipedia.org/wiki/Contingency_table

8.1 Comprehension of CRA >

Types of CRA : Simple CRA and Multiple CRA

« Simple CRA is the CRA of the two-way contingency table

3 x 3 Table for the preference of the sizes of car in 3 countries

Large Medium Small
American 37 61 30
European 4 20 21
Japanese ) 61 102 O..=338

* Multiple CRA is the CRA of the multi-way contingency table

[Data 8.4.1] 2 x 2 x 2 Table for customers

Height

Sex Age
tall small

old 1

Male
young

old

= | = | b2
e L N BT

Female
young




8.1 Comprehension of CRA »

[Example 8.2.1] 4 x 4 Table for Premarital Sex and Ability of Teenage(14~16 ages) Birth Control

* [Data 8.2.1] Two-Way Contingency Table(presex.txt ) )
[ ] U Sl (p ) Ask about sexual relations before marriage

Premarital Teenage Birth Control
SexX 0 i o ik e 2 | 4mm Strongly Disagree ~ Strongly Agree
Always wrong 81 68 60 38
Almost wrong 4 26 2 14
Sometimes wrong 18 41 74 ) 0..=926
Not wrong at all 36 57 161 157
[R-code 8.2.2] presex-SCRA.R

# Simple CRA ca() : Matrix for Two-Way Table
O<-matrix(c(81, 68, 60, 38,
24, 26, 29, 14,
18,41, 74, 42,
36, 57, 161, 157), byrow=T, nrow=4)
rownames(0)<-c("Always wrong", "Almost wrong", "Sometime wrong", "Not wrong")
colnames(0)<- c("Strongly Disagree", "Disagree", "Agree", "Strongly Agree")
library(ca)
sca=ca(0)
par(pty="s")
plot(sca, main="SCRA package ca : Two-Way Table")



8.1 Comprehension of CRA i

SCRA package ca: Two-Way Table

Relative positions of the points :
similarities and differences

Most negative

Most positive

among rows and columns
categories.
ASt Qngly Disagree ASt
;\o\ Always wrong Not w
2 : L
N~ H
~ o S~
N < 2 [ N :
S | : :
i Jaree Those who consider premarlt.al
£ sex to be bad(wrong) are against
)] : i . o c
S o\ e ey contraception in their teens.
Negative
S B Positive
I I I I I I

-0.6 -0.4 -0.2 0.0 0.2 0.4

Dimension 1 (92.1%)



8.1 Comprehension of CRA »

« [Example 8.2.3] 5 x 4 Table for Smoking Habits of 193 Staff members
* [Data 8.2.2] Two-Way Contingency Table : data(smoke)

Contingency Table Smoking category
Staff group none| light medium| heavy Sum None : does not smok_e

SM: Senior managers 5M 4 2 3 201 nghF : smokes 1-10 cigarettes a day
JM: Junior managers JM 4 3 T 4 18 Medium : smokes 11-20 C|garett_es a day
SE: Senior employees SE 28 10 12 4 5 Heavy : smokes more than 20 cigarettes a day
3JE: Junior emol JE 18 24 33 13 88

; ployees

SC: Secretaries =L 10 6 7 2 2

Sum 61 45 62 23 1931 0..=193

[R-code 8.2.3] smoke-SCRA.R

# Simple CRA : smoker data

library(ca)

data(smoke)

O=smoke

sca=ca(0)

sca

win.graph()

par(pty="s")

plot(sca, main="SCRA : Staff and Smoking Habits")



8.1 Comprehension of CRA i

Dimension 2 (11.8%)

SCRA : Staff and Smoking Habits

-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3

Dimension 1 (87.8%)

SE and SC are relatively similar
group corresponding to None.

JM and JE are relatively far
from those group.

SM is lying almost midway bt
JM and SE. Anyway SM
correspond to None.

According to staff group,
smoking habits are different.



8.1 Comprehension of CRA

~Interpretations of CRA Map
Characters represent the coordinate points of rows and columns

categories.

>

Distance b.t. two rows ( or columns ) is weighted Euclidean distance and

their closeness.

Distance b.t. row and column can’t be defined and just their the direction

can be interpreted.

If there are some rows in the direction of a column, they are matched or

corresponded.

: A
ABCD /)7

Contin
Gency
Table

o= W N

A\

5

NS——7

D ’-\
|
C At
B 5
C
1 B
b) 3
CRA Map

3 Joint display



8.1 Comprehension of CRA

— Geometric Concept of Simple CRA

(1) Contingency Table Data Matrix : O=1(o;;),0; = 0, ¢
n > p Contingency Table
Rows Column Categories
. Sum
Categories 1 2 ‘e D
1 011 O21  ---  Oip 01.
2 091 Og9y  --- Oay 05
n On1 Ona onp Op
Sum 01 O 0 0.

(2) Correspondence Matrix :

F=(fy) fy= 5t i

+ Total sum : E i ;= 1,1:01p

n><p Two-ways Contingency Table

Rows Column Categories
Sum
Categories 1 2 o}
1 fuu o fa Ffip f1
2 fa1 fao Fop fa
n fnl fn? o fnp fn
Sum fa fo Iy I




I 8.1 Comprehension of CRA -

(3) Profiles :

1 1
N Tp(fslr---:ffﬁ)rz 0.

ith row profile : 7, (D,-l:...:ﬂ,-pJT ct=1,..n

= Data points : 7y, .. ,r, € WE®? by D, '(E? weighted by D)

n

with D, =diag(f.....f,) - pxp diagonal matrix

— Centroid : ¢= (f,.-~.f,) EWE" by D'

n

B .Z%fs. JZE(félr"'?fip)T:Ffln

=1




Geometric Concept of Simple CRA g

Row profiles :
T o Ty = WE? by .D with .D d?ﬂg(f fp)

‘ do'(f,-erk)=||1',-—1‘k||‘i,e-1=(r,-—rk)TDc_l(r,-—rk)

Centroid : | é ‘
Ty n

c=(f1. 1) LA X* =0 3 fd(r.¢)=o. Ef, llr = ell}-
i=1 i=
n O — €:: 2
V24 a, / - 9i; — &ij
/l %L'l f ,-;231 ( V€ij )
'! / 1 .
Y=D '*FD"*=UAV7T : SVD of residual matrix
Spanv, v,)=WE* thF=F—re, c=F71,. r— F1,, D, =diag(f;...... f,.)

Azdiag(Alru.e’\p): UTUZ
Row Coordinates : 4, = D, N> U, A, WES 4= a,,., a,c WES

T
L VIv=1,

Columns of V define the principal axexs for row coordinates A,y and the rows of U,y A(,) define the coordinates




8.1 Comprehension of CRA P o

(4) Some Properties of Profiles :

1) Squared chi-squared distance weighted by weights 7 ;. j=1.....p-

")

i} (f”f{f f.ir}f{fk )

=1 .1'

" dz(rj:rk-}:||rf_rk||gp:1:(r!'_rk)rﬂc r—f‘k:}

. squared chi-squared distance between r, and r,

® d’g(rj:c): ||r,_r_ c”?}}:l: (r!_ C)Tﬂﬂ_l(r‘j—c)

. squared chi-squared distance between r; and centroid e

2) X ?—test statistics

=]

Y _ 2 n
. Xg = EZ ( E ] o Z f!-_”'l"!-— C||QD—1
i=1j=1 \/"—Jz? ’

1=

— 0., zn]f,-.dg(r‘,-:c): 0. Zn:ff.(rf_c)rﬂc_l(r!_c}
i=1 i=1




8.1 Comprehension of CRA _. 3

(5) Optimal Space WE?, s < p and Coordinates Matrix :

- Y=D Y?FD7Y?=pA VT : SVD of residual matrix

- Centered correspondence matrix : F=F—re”
- Centroid : c= FTln L T=F1, = (fy .. fn )\
- Diagonal matrix : D, =diag(f.....f,). D, =diag(fi..... [, )
- Diagonal matrix with singula values : A =diag(A;.....\,)
rT rr— 7Ty
- U U=1,, V' V=1,
- Row Coordinates : @{S.] =D YU, A, € WE*

Column Coordinates : 50.;3-. = D}’ A EWE?

cls)

singular value

5
123} /
i <100%. I, =X;, g=min(n—1.p—1).

i}zk N

k=1

» Goodness-of fit :  fit =

principal inertia(eigenvalue)




8.2 Simple CRA

[Table 8.2.2] Algorithm for Simple CRA

[Step 1] n=xp two-way table data matrix: 0o = 'fcri:— 1,

o = 0D,4i=1, _,n;;3=1, _,p

[Step 2] Correspondence Matrix F=1{(f;).

= ! total sum of all elements of O

0. =T ,3%_ 05

= Cenitred correspondence matrix
Row and Colhimn centroids :

N

[Step 3] SVD of residual matrix y=D - 1*Fpp-17

marginal sum of rows f;, = XZ¥%_; f;;. i

- Dr = {ii{lg{,fl_:_..: fr- I »
marginal sum of columnsf ; = =Z7_; fi;.

diagonal matrix with sngular wvalues X

=1, and VIV =1,.

— DG Zdiﬂg{,f_1=___=.f_;,::'.
- _"'1 ={fi{2ﬂ'{}=1:-._:}=; I

7 and 17! orthonormal matrix st

[Step 4] Coordinates of rows and columns of Simple CRA Map
A D-V2graA, B=D- VA

i

= Coordinates of s -dimensional Simple CRA Map
2 U A B = DI " VA

— 1y
r izl

Ay =D fa)e els) (s

[Step b] Goodneszs-of-fit of (= 2)-dimensicnal Simple CRA Map

37 a2
E=1

— 1
.::'E 2
=1

Fit = > 100

bl ]

1:---:
3=

1%---1



8.2 Simple CRA

# Simple CRA @ Two-Wawv Table
O=—matrixic(81. 68, 60, 38,
24, 26, 29, 14,
18, 41, 74, 42,
36, 57, 161, 157), byrow=T, nrow=4)
F <- O/sumiO)
r <— applylF.l.sum); c <- apply(F.Z.sum)
Dr<- diag(l/sqrt(r)); Dc<- diag(l/sqgrtic))
Fres s e

cF=— F-r%+%tic): ¥ <- Dr%+%(cF)%+%Dc
a2vd. Y <- =wvd(Y)

U <— svd.Ysu: V <— svd.YEv: D <- diagi(svd.¥YEd)
A <— (Dr¥a«=%U%+%D)I.1:2]; B <- (Dc%+*%B V% %D, 1:2]

rownames(A) <- c{"Always wrong', "Almost wrong”., "Sometime wrong', "NMot wrong")
rownames(B) <— c{"Strongly Disasgree”, "Disagree”, "Agree", "Strongly Asree")
LGB
gig <— (swvd.Y$Sd4d)}*2
per <— eig/sumieig)=100

gof <— sumi(per[1:2])

rbind(roundieig. 3).reund(per. 3}

par{pty="s"}
lim <-range(pretty(A))

Algorithm : Two-Way Table")

text(B[. 1:2].rownames(B),cex=0.8 col=2,pos=3)
[. 1:2]. pch=16. cocl=4)
text{Al, 1:2].rownames(iA) cex=0.8 pos=3, col=4)
abline(w=0_h=0)

points(A

plot(B[. 1:2], xlab="Diml" ylab="Dim2Z" xlim=lim ylim=lim pch=15 col=2, main="SCRA




8.3 Independence and Homogeneity in.CRA 8

Probability of (/, j) cell

Independence : H, :

)R

i=17=11

J'I'_p

: Homogeneity of rows

| 2

2
~Xdf=(n-1)(p-1)

i'

U —'E

test

: Homogeneity of columns

« [Example 8.2.1] 4 x 4 Table for Premarital Sex and Ability of Teenage Birth Control

Ho : Premarital Sex and Ability of Teenage Birth Control are independent

<:> Ho : There is no association b.t. Premarital Sex and Ability of Teenage Birth Control

<:> Ho : Premarital Sex categories are homogenous

Ho : Ability of Teenage Birth Control categories are homogenous

Chi-square test : X-squared = 128.6836, df =9, p-value < 2.2e-16 | 4=

> chisq.test(O)




8.4 Multiple CRA

-

Burt matrix
« [Example 8.4.1] and [Example 8.4.2]
[Data 8.4.1] Customers Data : | ©-- =12
Height
Sex Age
Tall Short
Old 1 3
Male
Young 2 1
Old 1 2
Female
Young 1 1
[Data 8.4.2] Driver Injury Data :| O... = 82,763
Injur
Condition Belt — b : -
None Minimal Minor Major
Yes 12500 604 344 38
Normal
No 61971 3519 2272 237
o Yes 313 43 15 4
Drinking

No 3992 481 370 66




8.4 Multiple CRA

Height
Sex Age
Tall Short
Old 1 3
Male v 5 .
oung Indicator Matrix
Old 1 2
Female
Young 1 1 7= [ z | z ,3']
1] 42|43
Zlf Zl Zlf ZE Zf ZS _— Male Female Old Young Tall Short
B=7'Z=\| Z}Z, ZizZ, Z;Z, 1 g i g é (1)
# + 1 Burt Matrix
Lyl HiZy 232 1 0 1 0 0 1
Male Female Old Young Tall Short 0 L0 R
Male 7 0 4 3 3 4 . 0 o1 oo
1 0 0 1 1 0
Female 0 5 3 2 2 3 1 0 0 1 0 1
Old 4 3 7 0 2 5 0 1 1 0 1 0
Young 3 2 0 5 3 2 0 L L 0 0 !
Tall 3 2 2 3 5 0 ° : : ° ° :
a 0 1 0 1 1 0
Short 4 3 5 2 0 7 0 1 0 1 0 1




8.4 Multiple CRA

Driver Injury Level
Driver Seat Belt
Condition Usages None Minimal Minor Major
Yes 12500 604 344 38
Normal
No 61971 3519 2272 237
o Yes 313 43 15 4
Drinking
No 3992 481 370 66
Z=12|2| z] 0..=82,769
== 4 DEE =HE s 33 A oS
=3 5284 0 4909 375 70 524 385 4305
=y 0 81485| 67999 13486 275 4123 2616 74471
[ B3 = 4909 67999 || 72908 0 303 4000 2642 65963
B = 2E 375 13486 0 13861 42 647 359 12813
B Al 70 275 303 42 345 0 0 0
=4d 524 4123 4000 647 4647 0 0
8 385 2616 2642 359 0 3001 0
= 4305 74471 @ 65963 12813 0 0 78776




Algorithm for MCRA Map

[Table 8.4.1] Algorithm for Multiple CRA

[Step 1] n < ¢ Indicator Matrix : [Z=[Z, [ Z,] -~ | Z, ]}

- .Z], . n»qujr j:]-:...:p
- GZI?]__'_I?Q_'_ —|—qp

[Step 2] gx<¢ Burt Matrix : [B=27Z2= (b;; )|

b
[Step 3] Correspondence Matrix : |P = (p;). p;; = f i.i=1,....q

- b.=21-,2%_ b, : total sum of all elements of B

- Row and Column Centroids : e= P 1r1@

— + Centred correspondence matrix : P = P— ec’

[Step 4] SVD of residual matrix : |¥Y = D Vpp 12—_pAyp”T

+ D=diag(c) = diag(p,.....p,) with p;=21_1p;. j=1.....q

- A=diag( )\ ..... AQ) . diagonal matrix with singular values A, A,

- U and V : ortho-normal matrices st U'U=1, and V' V=1,.



Algorithm for MCRA Map

>

[Step 5] Coordinates of MCRA Map :

— Coordinates of s-dimensional MCRA Map

[Step 6] Goodness-of-fit of s(=

2)-dimensional MCRA Map :

Az=D7"yA

fit=

B
2%

k=1

q
2N
k=1

Ap

5)

_ -1/
De(s] VESJA(E:]




Column profiles : €; = p_ (pu:...:-qu) = f(bl_ja...ebqj)r, 7=1....q EWE‘ by D!
| with D= diag(c) = diag(p,....p,)

d*(¢; ¢ )=(¢;=¢.) "D (¢;—¢;)

Y=D""2PD "2 =pAv7T : SVD of residual matrix

With ?= P_ mT‘ c:P qu, D: d‘ia.q(p.lq.",p-q),
A=diag(\;....A,), U'U=1, V'V=I,

Goodness-of-fit of s(= 2)-dimensional MCRA Map :

Row Coordinates : Az = D, 2y e wES &= q;,.. a,€ WE | i‘l \2



8.4 Multiple CRA

« [Example 8.4.1] 2 x 2 x 2 Table for Customers

GOF =85.31%

& Dim2

MCRA algorithm : Burt Matrix

N
o

0.1

Male

SDhioirt

0.0

Ydaiig
(]

.92%

—

03
|

Female
(o]

-0.2

0.0

Dim1 54.39%

0.1 0.2

é e

> B

Male Female 0ld Young Tall Short
Male 7 0 4 3 3 4
Female 0 o 3 P P 3
Cld 4 3 7 0 P 5
Young 3 2 0 5 3 2
Tall 3 2 b 3 L] 4]
Short 4 3 L] b 0 7
>PFP <- B / zum(B)
> ocm <- apply (P, 2, =sum)
> De<-diag(l/=sgrticm))
> eP <- cm %% t(cm)
> ¥ - (B - eP) 2grt (el)
> ## Singular Value Decompozition
> svd.¥<-zvd(Y)
> Ve—avd.Y¥sv
> Dl<-diag((=svd.¥Ysd)"2)
> lam<- (zvd.¥ed) 2
> Fit<-lam/sum{lam)*100
> rbind(round(lam, 3),round(fit, 3})

[,1] [,2] [,3] [,4] [,3] [.8]
[1,] ©.18%3 0©0.110 ©0.052 0 0 0
[2,] 54.386 30.923 14.690 0 0 0
> Ch<- DcE*3VE*IDL
> rownames (Ch)<-colnames ()
> Ch2=Chb[, 1:2]
= Ch2

[,1] [,2]

Male -0.03553638 0.15971843
Female 0.04375093 -0.223680581
Cld 0.19862898 0.01428748
Young -0.27808057 -0.02000247
Tall -0,27808057 -0.02000247
Short 0.19862898 0.01428748




8.4 Multiple CRA

» [Example 8.4.3] Burt Table for Demographic and Socioeconomic Variables

Sex : Male, Female SEXM SEXF

* Living conditions and aspiration of the French

Level of education :
None/Grade School/Some High School/High school/College:
EDU1 ~ EDUS

*1000 subsamples over 18 years

wo | @z | wmm | 3| sy | Lol HExiRe

SEM SEF EDUI EDUR EDUS EDU4 EDUS LODY LODZ LOD3 LOD4 STO1 STO2 HOUI HOUZ AGE! AGE? AGE3 AGE4 AGES 521 S22 §Z43 4 S Home OwnerShIp

SOM [ 460 0 102 164 69 65 60 62 151 224 32 54 415 35 43 18 111 169 M 87 42 4 81 161 145 Mortgage/Owner/Tenant/Rent Free:
SBF | 0 531 94 163 91 102 81 53 142 302 20 67 464 47 4% 22 136 187 104 82 41 47 94 168 181 _
BDU {102 94 196 0 0 0 0 17 % 105 15 12 184 11 18 9 27 54 47 9 19 17 3B M 55 LOD1 ~ LOD4

B2 | 164 163 0 327 0 0 0 45 116 151 15 26 301 21 306 0 55 15 4 6 4 H 6 10 T

BEU3|(6 9 0 0 160 0 0 16 37 9% 9 19 141 14 M6 M 47 60 27 12 12 1B M 52 4 H .
B4 |65 02 0 0 0 167 0 27 3 8 4 27 M40 19 148 16 62 63 16 10 & 15 1 57 66 OwnerShlp Of StOCkS and Shares .
B |6 8 0 0 0 0 150 15 4 8 § 3 13 17T 13 6 4 14 23 1 8 18 40 8 . —

s B » s | YES/NO : STO1~STO2

1
.- 6 27 1510 0 0 0 11 100 7 13 3 B3 68 0 6 7 N 1

LoD | 151 12 50 16 37 30 4 0 23 0 0 60 233 48 245 9 24 01 0 8 9 B £ T 6
L0DG | 224 302 105 151 08 87 & 0 0 26 0 45 481 23 3 1 180 18 W & 11 2 0 101 2S .

4|3 2 15 15 9 14 8 0 0 0 6 5 5 4 57 6 20 15 9 1 6 5 6 18 2 OwnerShIp Of real estate :
STOL| 54 67 12 026 19 27 37 11 60 45 5 121 0 39 8§ 2 18 35 27 30 4 9 1 36 30

02 | 415 464 134 %01 141 190 13 19 2 41 S5 0 s 4 s 3w wowmow 0w % o owm | YES/NO I HOUL ~ HOU2

HUi |35 47 11021 14 19 17 7T 48 B 4 39 48 8 0 3 11 027 W N T 2 1225 %

Houp | 434 484 185 306 146 M8 133 113 M5 03 57 8 836 0 08 37 236 320 168 M8 76 TS 163 304 300

MGEI |18 29 0 M4 16 1 3 9 N 6 2 B 3 N 4 0 0 0 0 2 4 § 15 1 Age .

AE |11 136 27 55 47 6 56 23 M4 180 20 18 29 11 236 0 M7 0 0 0 13 16 ¥ 12 8

AGE3|160 197 54 15 6 8 4 e o 1/ 15 35 m 27 3 o o0 36 0 o 3 % noww <25 25-34, 35-49, 50-64, 65<: AGE1l ~ AGE5
MCEA| 84 1M 47 84 27 16 14 20 8 7 0 17 161 20 168 0 0 0 18 0 25 W % 60 I

MES| 87 B2 9 6 12 10 25 6 8 8 11 39 130 2 48 0 0 0 0 18 12 13 36 52 36

sz £ 4 1 # 12 8 1 7T % I 6 4 T 7 7 2 133 2% 128 0 0 0 0 i : .
S|4 4 17 ¥ 1315 8 0 B M S 9 W/ 12T o4 16 M N B3O & 0 0 0 Slze Of town (Number of Inhabltants).

SZ3 (81 % 3 6 M 2 B 2 &£ 0 6 2 18 1216 8 M 7% 3% 0 0 150 0 <2000, 2,000-20,000, 50,000-100,000, 100,000< :
Sz4 [161 168 70 110 32 57T 40 48 T 191 18 36 203 25 34 15 102 100 60 2 0 0 0 320 0 ~

S75 [ 145 181 55 T3 49 66 83 18 6 A5 26 50 276 26 300 11 8 120 57 6 0 0 0 0 3% SIZ1 ~ SIZ5

Ruralization «= Urbanization




8.4 Multiple CRA >

GOF =27.39% MCRA algorithm : Burt Matrix

N
o
High educations(edu3-edu5) are
o sizl | related with rather young(agel-
° Male | edwz |19t age3) and urban part(siz4-siz5).
h O
O S—afex 4
= lod2 ° L ﬁgﬁg el
°© g © age2
N ageb ed‘»&q\gy
£ ° siz5 ©
o o]
—
1o ey Yo
houl
N o ot Stocks(sto1), [real estate(houl) homeownership(lod2)
S 7] Fernale and ruralizatipn(siz1) are related with old ages(4-5)
and low edudations(edul-edu?2).
™
@
I I I I I
0.3 0.2 0.1 0.0 0.1 0.2

Diml



8.4 Multiple CRA

[Example 8.4.4] Input Data - Three-Way Table acdtable<-read.table("accidenttable.txt”, header=T)

table=xtabs(BlE ~ HIE+E2 A+ 27X data—acdtable)

Injury 24 .
Condition | Belt : : mjca(table)
exag | we | Nome | Minimal | Minor | Major plot(mjca(table), main="MCRA: A& Z2stg")
s da s34 S
Yes
e 12500 604 344 38 -
Normal S Drivers who did not wear seatbelts and had been dr|nk|ng
A A No g _ are suffered more injuries
- 61971 3519 2272 237
o=
Yes .
_ 313 43 15 4 Not Injur
Drinking =g - : jury
%-JF— No S :
e 3992 481 370 66 _
=
(=]
235 e 24 P =
s 28 Eixsy 12500 s 2 - : &3
Ay ag 1y 604 @ Drlnklng No Belt Normal Belt
B4 28 F34 T 5
P g 34 3 0 :
B vl e 61971 Driver Condition
A} BIETS A} 3519 Pl :
o vl F74 2272 i :
g v|zhg s 237
= 218 A= 313
XS g A3 43
= 2k 78 15 N
=5 zhg Z ) 4 Q@
o= S EAX = ale 3992
=5 v|2hg s 481 . , , i i |
2 SRS FAA 370
o= . ey 66 04 -03 -0.2 -0.1 0.0 0.1

[Data 8.4.4] accidenttable.txt : Cell position type Dimension 1 (89.1%)



8.5 MCRA of Classification Variables Qata‘

» [Example 8.5.1] Economic View and Policy Preference

120 subsamples over 19 years with questions for Survey Sex : 1(Male), 2(Female)
~ Age : 1(<30), 2(30< =)

: Coding type of Survey Data Income : 1(< 10008}, 2(1000%t < =)
Economic View : 1(Optimistic), 2(Pessimistic)

id sex age income view policy Economic Policy : 1(agree), 2(oppose)
1 1 2 2 2 2 w | !
2 1 1 1 1 2 =
3 2 1 1 1 1
4 1 2 2 2 2 Economic View | Economic Policy
5 2 1 1 2 2 ¥ :

3 :
6 1 2 1 2 1 S Optimistic 329:;
’ : : : 2 2t o AN % ) A4 anpme2
8 1 2 2 2 2 £ o : 1000 < =

c :
9 1 1 1 1 2 8
10 2 1 1 1 1 & :

------ g —
115 2 1 1 1 1
116 1 2 2 2 2 o Age
117 2 1 1 2 2 o :
118 1 2 1 2 1
119 1 1 1 2 2
120 2 1 1 1 1
| I I
0.5 0.0 05

Dimension 1 {85.2%)



8.6 R for CRA : Practice Time

R-Code: CRA CRA
library(ca) library(ca)
ca() mjca()
SCRA Algorithm : MCRA Algorithm :
Two-Way Table Z: Indicator Matrix
B: Burt Table

Classification Variables Data
Three-Way Table



8.6 R for CRA : Practice Time

R-code list of Chapter 8 Correspondence Analysis

presex-SCRAalgorithm. R
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8.6 R for CRA : Practice Time

# Simple CRA - Two-WWay Table
O =<-matrix(c(81, 68, &0, 28,
24, 26, 29, 14, [Step 1]
i8, 41, 74, 42,
36, 57 161, 157 bvrow=T, nrow=-<)

F <- O/ sumi(O)
r <- apply(F.1,sum) presex-SCRA.R
< === apply{F,2,Sur‘T‘l} n non non n onL "
Dr<=- diag(l/sqrt(r)) rownames(0)<-c("f LLIE", "AOILIE", "ZFLIE", "HE ULUE") [Step 2]
Dc<- diag(l/sqrt(c)) colnames(0) <-c("Dyt", "rCy", "RbAd" "OfZH")
r;lc__::Dr;IE:)cr% orrr library(ca)
o F = - — . s
Y <- Dr2o**2%(cR)2o* 2% Do @I [Step 3]
swd.¥Y <- swd(Y) par(pty="s")
U <- swvd.¥3%u plot(sca, main="SCRA package ca: 0|2 2t H")
Wo<— swdY hw
D < diag{swd Y $d) [Step 4]
A <—- (Dree*2ollU2s* D), 1:2]

B <- (IDco9a*2aWVea*2al N1 -]

rownames(A) <- c("Oj 2L, "ZHo|Ljpees w2 pEur =S QL fpEe)
rownames(B) <- c("OH2r", "2FCH”, k", "Of FEET)

AcB

eig <- (swvd.¥$d)~2
per <- eig/Ssumiieig) 100 [Step 5]
gof <- sum(per[l:-27)

rbind(round(eig, 3).round(per, 3))

par(pty="s")
lirm <-range(pretby(A))
plot(B[, 1:2], xlab="Diml1".yvlab="Dim2" xlim=limm,ylim=Ilim,pch=15,col=2,
main="SCRA Algorithm : O]l =<3 ™)
text(B[, 1:2].rownames(B),cex=0.8,col=2,pos=3)
points{(Al 1:2L.pch=16, col=4)
text(AL 1:2].rownames(A),cex=0.8,pos=3, col=4)
abline(v=0,h=0)



8.6 R for CRA : Practice Time @ W

[R-code 8.4.1] MCRA Algorithm for Customers Data(customer-MCRAalogrithm.R)

# MCRA : Burt Table from Indicator Matrix ## Singula[ Value Decomposition
Z<-matrix(c(1, 0, 1, 0, 1, 0, i
REEEE svl.Y<-svd(Y)
10,100 1 V('SVd.Y$V
1,0,100 1, Di<-diag((svd Y$d)*2)
i- g g i i g lam<-{svd Y§d)*2
1: 0: 0: 1: 0: 1: fit<-lam/sum(lam)*100
01,1010 rbind(round(lam, 3)round(fit, 3)
0,1,1.001 Cb<- Dc%*%V%*%DI
011001 rownames(Ch)<-colnames(Z)
01,0110
01,0, 1 0, 1), byrow=T, nrow=12) (b2=Ch], 12]
colnames@)<-c("", "0f", "FHE", "Hayd" 712", "7|1%e") | (b2
Z :II n
B <- t(Z) %*% 7 Par(pty 5)
- lim<-range(pretty(Ch))
P < B/ sum(B) plot(Ch2, ¥lab="Dim1", ylab="Dim2", xlim=lim, ylim=lim, main="MCRA algorithm :
cm < apply(P, 2, sum) Burt Matrix")
LEE ) text(Ch2, colnames(Z), pos=3, col=1)
eP <- cm %*% t(cm) ,
Y <- (P - eP) / sqrt(eP) abline(v=0, h=0)




8.6 R for CRA : Practice Time

»

accident<-read.table("accident.txt”, head=T)
B<-as.matrix(accident)
rownames(B)<-colnames(B)

B

P <-B / sum(B)

cm <-apply(P, 2, sum)
Dc<-diag(1/sqrt(cm))

eP <-cm %*% t{cm)

Y <-(P -eP) / sqrt(eP)

## Singular Value Decomposition
svd.Y <-svd(Y)

V<-svd.Y$v
Dl<-diag((svd.Y$d)"2)
lam<-(svd.Y$d)"2
fit<-lam/sum(lam)*100
rbind(round(lam, 3), round(fit, 3))
Ch<-Dc%*%V%*%DI
rownames(Cb)<-colnames(B)
Cbh2=Cb[, 1:2]

Ch2

limy <-range(pretty(Cb2))
limx<-c(-1, 1)

"] accident - M 2EF

DUF BEE MAO) 27V SSU(H)
=T 4 0[=E =8 =S4 =44 dAe glE
5284 0 4909 373 70 524 385 4305
0 81485 67999 13486 275 4123 2616 74471
4909 67999 72908 0 303 4000 2642 ©5963
375 13486 0 13861 42 647 3539 12813
70 273 303 42 3435 0 0 0
524 4123 4000 c47 0 4647 0 0
385 2616 2042 359 0 0 3001 0
4305 74471 65963 12813 0 0 0 78776
T sccigentianis - ol
_Eui%é:) ﬁ’é}l(:;éﬁél(c)) _':'!:2_-?’) E%ﬂiﬁﬂz
=1 2F =r= A= 12500
=1 oAb == e 504
=1 AF =r= ==& 344
= AE =r= = 38
= &b o= = 61971
= o o|=r=  ZaF 3519
E=p~ nj=t= ==&y 2272
E=p~ oj=t= ==F 237
==X == Exbs a3
accidenttable-MCRA.R == == =Fe 15
acdtable<-read.table("accidenttable.txt”, header=T)

table=xtabs(Blx ~ HIE+E2 A+ 2% data—acdtable)

mijca(table)

plot(Cb2, xlab="Dim1", ylab="Dim2", xlim=limx, ylim=Ilimy, main="MCRA algorithm:

Burt Matrix™)
text(Cb2, rownames(Chb), col=1, pos=3)



8.6 R for CRA : Practice Time @ W

[R-code 8.4.1] MCRA Algorithm for Customers Data(customer-MCRAalogrithm.R)

# MCRA : Burt Table from Indicator Matrix ## Singula[ Value Decomposition
Z<-matrix(c(1, 0, 1, 0, 1, 0, i
REEEE svl.Y<-svd(Y)
10,100 1 V('SVd.Y$V
1,0,100 1, Di<-diag((svd Y$d)*2)
i- g g i i g lam<-{svd Y§d)*2
1: 0: 0: 1: 0: 1: fit<-lam/sum(lam)*100
01,1010 rbind(round(lam, 3)round(fit, 3)
0,1,1.001 Cb<- Dc%*%V%*%DI
011001 rownames(Ch)<-colnames(Z)
01,0110
01,0, 1 0, 1), byrow=T, nrow=12) (b2=Ch], 12]
colnames@)<-c("", "0f", "FHE", "Hayd" 712", "7|1%e") | (b2
Z :II n
B <- t(Z) %*% 7 Par(pty 5)
- lim<-range(pretty(Ch))
P < B/ sum(B) plot(Ch2, ¥lab="Dim1", ylab="Dim2", xlim=lim, ylim=lim, main="MCRA algorithm :
cm < apply(P, 2, sum) Burt Matrix")
LEE ) text(Ch2, colnames(Z), pos=3, col=1)
eP <- cm %*% t(cm) ,
Y <- (P - eP) / sqrt(eP) abline(v=0, h=0)




