Multivariate Statistics ()

2. Principal Component Analysis (PCA)
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2.1 Comprehension of PCA

T
* Definition of Principal Components (PCs) : & — ($1a cees $p) ~ W)
Algebraic Def.: Particular linear combinations of the original p random variables

kth PC: Pr — Up1dq + L:I;[-gi-‘g‘l_ e UgpdLpy = ﬂixl kzlp

Geometric Def.: Selection of a new coordinate system obtained by rotating the
original system with as the coordinate axes.

* PCA : technique for concerning with explaining the variance-covariance
structure through PCs.

Objectives:
Data (dimension) reduction: p variables —> k PCs (k < p)
Interpretation of variables
Checking the normality and outliers
PCs scores can be used as a new data



2.1 Comprehension of PCA : History ¢

;= (2. 230)" ~ (1= (g )’ Cov(z) = )

= (mi + Ti)t(m?; + ?"3-4)
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7] \'Ul = (v, v10)" st ol =1 ana viw, = 0,(1#£k)

| Kaﬂ Pearson (1 90 1) best fitting subspace based on the orthogonal projection of
a two-dimensional vector onto a one —dimensional subspace

171936 Harold Hotelling (1933): approach for finding the PCs maximizing

Var(p;) = v\ X v, = ﬂf[aa:ﬂlvfi vy = ﬂfawﬂlllvi Uy

A >
1895-1973

Mazx, Emm < Max, nc viv, = Max ﬂkZ'Uk'(:)ﬂ[a:L lkvk“k
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2.1 Comprehension of PCA : Process Steps for PCA .

Step 1] Prepare a multivariate data matrix X

[Step 2] From the X, calculate S (orR)

'Step 3] Obtain the eigenvalues and eigenvectors of S ( or R ) based on the
Spectral Decomposition Elk &
t — > 100 — k=

= 1
m l1+l2‘|‘ +lp t,, — p > 100

[Step 4] Choose the first m(< p) eigenvalues
which are greater than 70% of total sum of eigenvalues

[Step 5] Obtain the PCs with eigenvectors corresponding the selected eigenvalues
In [Step 4] and raw variables.

[Step 6] Calculate PCs scores from the centred data( or standardised data)

[Step 7] Consider PCs scores as a new multivariate data which are dimension
reduction




2.2 Concepts of PCs

Figure 1 gives a plot of 50 observations on two highly correlated variables .
If we transform to PCs p,, p,, we obtain the plot given Figure 2 wrt PCs.
(Jolliffe(2002). Principal Component Analysis, Spring-Verlag, New York)

X2 D2
ix
8 % :;E‘x" ‘ s 5 %
t ® 3-X.l. ‘ £ o 2 7 P1
x(xX x
b |
Figure 1: Plot of 50 observations on x1 and x2 Figure 2: Plot of 50 observations on PCs y1 and y2

Consideration of variations in both x1 and x2:
- Rather more variation in the direction of x2 than x1.
- Clearly there is greater variation in the direction of p, but very little variation in the direction of p,.




2.2 Concepts of PCs

[Example 2.2.1]3 subjects data C e e e e e Plotof Pes Scores

Students math Algebra Statistics " ;Q%Wti IIMU N

Student 65 85 85 17 i g

Student? 65 80 90 " . *

Student3 30 40 50 “1T szuj;e“@&”;im Z | S S0
Student4 70 83 g2 l )
Student5 35 43 52 O |

Student6 72 82 92 9’*_;0 —
Student7 40 43 48

2 20 40 60 80 10{@@@102 o
Student8 68 83 82 L 41%
Student9 25 32 43
80 | —
Student10 17 51 35
) | — p = (- 336248, — 4.2539)
ml — (65- 85' 85) Statistics — f
20 p, = (— 336898, 1.7761)
_ t —
mg - (65- 80- 90) L e A K
pp = (42,6252, —16.3739]
r,, = (10, 17, 35)

Mechanics



2.2 Concepts of PCs

[step 1] Prepare a multivariate data matrix X

[step 2] From the X, calculate S

Mechanics Algebra Statistics

g = Mechanics 453.344 431.511 459.078
Algebra 431.511 484.622 450.244
Statistics 459.078 450.244 487.878

[step 3] Obtain the eigenvalues and eigenvectors of S ( or R ) based on the
Spectral Decomposition

- S= VDV V= (v, ---sv,). VIV= VVI=17
D =diag(ly. ... 1,). |, =---=1, >0
= Eigenvalues: (Z4. I5. I53) = (1369.521. 45.161. 11.162)
* Eigenvectors: V= (v, va. wz)
vy Vs Uz
-0.567 0.426 0.705
-0.576 ~0.817 0.030

-0.589 0.389 -0.708

[0 o]



2.2 Concepts of PCs | ‘

S,
[step 4] Choose the first m(< p) eigenvalues b =7 H;; <100

p

which are greater than 70% of total sum of eigenvalues
- Explanatoy ratios :  96.05%, 3.17%, 0.78%

- m =1, explanatory ratios of eigenvalues{ﬂl =1369.521) is 96.05%

[step 5] Obtain the PCs with eigenvectors corresponding the selected eigenvalues
in [Step 4] and raw variables.

* RawVariable: * = (1. 5. x3)"= (Mechanics, Algebra, Statistics)’
Centred variables: y = (y1. V2 Y3 )*
First PC : p, =viy = —0.567y, — 0.576y, — 0.589y,
Second PC: P> = voy = 0.426y; — 0.817y-> + 0.389y;,



2.2 Concepts of PCs \

[step 6] Calculate PCs scores from the centred data( or standardised data)

y, = (16.3. 22.8, 19.1)°

_|ly. — (16.3. 17.8. 24.1)°
B ‘P: Y Vi - Viay = (’Ulz ’Uz)

Y10 —(—31L.7. —11.2., — 30.9)°

[step 7] Consider PCs scores as a new multivariate data which are dimension
reduction

p, = (—33.6248, — 4.2539)°

p> = (—33.6898, 1.7761)°

Po = (42.6252, —16.3739)°

10



2.3 Algebraic derivation of PCs : [Tablg 231] ¢

RéndomVectbr: xr — (il?lg mp)f ““(,U, — (]_Ll, .U’-p}f? CO'U(’.E) =) > 0)

Spectral decomposition: Z’ — VD VTL — i: [‘F”Ukﬂi
k=1

= (.U1= U—p): V= 1VVi="F Orthogonal matrix
= d?ag([l Zp): [_1 T e. = Zp > () Diagonal matrix with eigenvalues
kth PC: Dy = Upy@y T Vpallo T 0 T U, T, = 'uf;_:c, E=1....p
Py
PC vector: P — — Iﬁﬂ: — CO'U (p) — VZ’ V=D
| Pp ]

11



2.4 Selection and goodness-of-fit of PCs -y

< How many PCs ?

v" Retain only the components whose variances (eigenvalues) are greater than or
equal to 1 for R, or 0 for S(Rule of thumb= Kaiser(1960)’s rule)

v" Percentage of variation accounted for by the first m PCs

(Goodrjn(jss-of-flt). Z_J l,
3 t, =LE—~ ><100]| for A
= for & -
t. = — > 100
m I, 1o+ -+, |

The slope actually increases bt 3
and 4, but then falls sharply

Plot of eigenvalues against components number

12



2.4 Selection and goodness-of-fit of PCs.. 48
| Mble2adPescoctients formerpretationsofpCs

- Random vector L= (@ z,)) ~ Covlz)=X

-kth PC: px vz T - Togz T - T vga,
Correlation coefficient between the kth PC and /th variable :

Vg 1
Corr(ap py) = L I=1,...p, k=1, (2.4.3)

m = T, T Lyeens

Cov(x;. p;)

Var ) /Varo) Importance(contribution) of x; to p;
[ k

(Prooft Corrlz;, p,) =

. -
T P T VT,

- I =e§:r: where EEEZ(U,...515...=[]}t

1

- E'Ug; = E.R:'UR:-

= GOU(:FE: pk} = (?‘OU(E% €L UE;I} = EI%EUI;‘: = fﬁ% Ekuﬁ: = Ekﬂ? Ve — EFSUFSE

- Var(z,) =0y
- Var(p,) =1,
lyv lpv
= (brr(a:;; pk}= RRL \/:’ K

Vou Vi o

13



2.4 Selection and goodness-of-fit of PCs

[Example 2.4.1] Selection of PCs in PCA by Spectral Decomposition of Covariance Matrix

Children height and weights: x;:cm, x,: g

Xi-mm, Xy g

[step 2]

covariance matrix

5|

80 44!
4 50)

=l

[step 3]
(Elr EE:]

eigenvetors : V=[(v,, w,)

eigenviaues :

(I;,1,) =(124, 36)

h %
0.707 -0.707
explain rate0.707 0.707

[step 4]

select eigenvalues

explain rate

17.5%, 22.5%

description ratio of m=1 eigenvalue

(ly =124) is 77.5%

(I,.1,) = (8024.369, 55.631)

n o ®%
-0.998 0.055
explain rate 055 -0.998

explain rate, 99319% 0.69%
description ratio of m=1

eigenvalue(l; =8024.369) is 99.34%

[step 5]
PC coefficeint and PC

first PC : p, =0.707z, +0.707z,

first PC : p, = —0.998z, — 0.055z,

interpretation and

explnatory power of PC

The of the first

principal component is 77.5%.

explanatory power

The explanatory power of the first

principal component 1s 99.31%.

14
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2.4 Selection and goodness-of-fit of,:Cs

5-‘ xq p
1 STXZ
/ P1
s . B - —1"1
/ i ;
A -3
Contours of constant probability based on
— {80 44 __ {8000 440)
= = (59 %) <2 (440 S0
P1 =0.707x, +0.707x, P1 = 0.998x, +0.055x,

Difference between PCs for the two scales of measurement in x1

_ Most of the variation is the direction of x1




2.5 Algebraic derivation of sample PCs

[Table 2.5.1] Algebraic Representation of Covariance Matrix and Correlation Matrix

Centered data matrix: Y= HX

Standardized data matrix : Z= HXD,

Covariance matrx -

§= — viy= —

T -
— — X HX

Correlation matnx :

= 1 (Y g —1/2 -t ~y—1/2
R= ——7 7'7= —D;'"X"HXD,

R = D Y25 p71?

Note:

PCA based on the S in the sensitivity of PCS to the measurement units of variances.

16
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2.5 Algebraic derivation of sample PCs

—— [Table 2.5.2] for S
[Table 2.5.3 ] Derivation & Properties of sample PCs based on the Spectral decomposition of R

- nxp data matrix : X= [£q.....z.|". where z,= (z,.....x,)" . i=1,...n.

- nx p standardized data matrix @ Z=[2......2,. |, where z,= (25.....7,,)%, i=1.....n,

— spectral decomposition

Z'Z/(n—1)= R = VDV'i= i 10,V

g=1

- V={(9y......0,) : orthogonal matrix satisfying V' V= V1V =171
- D= dfﬂﬂ[fl,..,fv} D diagonal matrix of sigenvalues satisfying [ = = fv =0

- kE—th P : [.t-".z—: VpiZ1 + Ugoza + 0 + Upp2y = TJE:E.. k:llﬂ] (2.5.2)

P
=V, i=1,....n,
Pin

- PC score ! p; =

= |P= [Py, T = ZV || nxp PC score matrix.

E=1

— Goodness-of-fit : tm = ,3::' > 100

— Correlation coefficient matrix between principal component and wvariakles
I =VDU:2

- DY:=diag(\/l,. ... \J1,): 1, =---=1,>0

17




2.5 Algebraic inducement of sample pc

* [Example 2.5.1] (www.klpga.com, 2006) Seree Graph
[Data 1.3.2] KLPGA player scores (klpga.txt) |5 431(71.83%)
- Raw wvariable | & = (&, &q L5, Ly 50 L)
mp— — — mli= Skt ] 90.47%
= (B2HI2 12X 2 DAoL TEa0l3g B2Es a28) ;
Putting average, Green in regulation %, Par save % , Par break %, Scoring average, Prize rate é
- standardization variable . 2 = [21._ Tgs gy Tys T zﬁ}“ g "
- first PC :p; = viz = —0.2152; + 0.392, + 0.4425 + 0.452, — 0.48z; +0.43z4 - "&2(18-64%)
ot ) . ) —
Do — V52 — 0.84z; + 0.53z, + 0.04z5; — 0.05z, + 0.00z; — 0.07z4 0.33(5.46%)
Plot of PCs Scores ° 1 | | ‘\“’%‘
1 2 3 4 5 6
SCEI . Component Number
1 . 18 player b1 Do
o ° . 1 7264 0.327
S o 2 4566 -0.262 LpEﬂ
3 4230 0810
T baé 4 4612 0.143 ol Rt Tveamondl
(s} D E e
B 5 0832 -0.906
- o 180 © 5]
13240 - o 6 3448 0407
&) 20
o 3 13 7 2500 0592
[s) T o - D P -
18.63%| & w ° 4y 2 | [€1 5 1689 2170
o o
50 9 1432 -1.392
w5l 3 10 1.906 1.633
- - wx °°d°°
R o 47 -2.507 -0.132
21 ° 15 48 -0.742 -0.254
o ° ° . 49 -1852 1.597
O - - >
| | . | 50 -0.699 -0.595 o
-2 0 2 4 6 . . pe
British Open: 2013 — Muirfield, Gullane, Scotland
1st PC 18




2.5 Algebraic inducement of sample PCs ¢

* [Example 2.5.2] [Data 2.5.1] Skull data(22 man, 18 woman of ancient race Nagada from Egypt)

skull L B H OH T S < FH NEBE NWH BL  HL

HF -Z.2700-0.7810-1.7400-1.3300-1.8900-0.9020-1.4800-1.9000-1.4100-1. 06500 1.41Z0 0.4960

A 00364 0.2764 -0.9660-0.6850 0.3166-0.6620-0.9220 0.1855-0.4530 0.4895 0.2161 -1.1200

10F -o. 7070 1.5570 -0.32%0 0.1476-0.4180-0.4010 1.1240 0.5110 0O.6635-0.8000 1.7180 0.2807

131 0,980 14390 -0.6950-0.0960 1.2610 0.1838 1.5570 1.3570 25770 07475 0.2161 -1.6600

variabls Sy === {

L Greatest length M ¥l ”

B Breadth ; i i

H Height \s . | I

OH Auricular height @ B e il [ 5]

U Circumf_e_rence .above the il il AP S "
supsrciliary. ridger i L

5 sagittal circumfersnces '\ ", \

@ Cross—circumference !(}1, NI

FH Upper face height s ' i = r‘m""‘

NE Nasal breadth <;‘ Face Bl neod iengt

NH Nasal height g

BL Cephalic index < Index

HL Eatio of height to length

head breadth
head length i

BL shows the shape of head and classify the pattern of race and people

Cephalic index =

19



2.5 Algebraic inducement of sample PCs

Index I

PC score
e i £
5F 4925 -0.288 -0.671
M 0.830 1.231 1.141
10F  0.238 1.768 -2.052
13M -2.613 3.266 0714
26M -4.388 0779 -1.067
32M 2012 2637 0628
43F 3066 1.197 -0.511
45F 3539 0612 1645
46F 1.682 1.057 -2.5648
52M 0653 0617 0.151
145F -1.904 -1.610 -1.400
146F 1.169 -0933 0.997
148M 0.311 -2109 1.109
131M  1.087 -1.148 -0.596
132M -4170 0.295 -0.575

Head Face

OH
PCs L B H U S Q FH | NB | NH | BL | HL
p= -039| -016| -031| -034| -040| -038| -033| -0.25| -0.25| -017| 021| 0.07
p,=|-003| 050| -038| -022| 012| -020| 015| 018| 032| 020| 039| 038
p;=1| 025] -038| -021| -0.25| 006| -008| -036| 022 011| 011| -048| -049

/

General PC of Size

ot
=0z =
4_
Py =% =

pg = ’U%Z = 0-95,,1 - 038;2 + o _[]-49312

\

—0.39z, — 0.1625 + +++ +0.07zy,

—=0.03z; T 0.0029 =+ —0.382y5

Eigenvalue

Scree Graph

115.46(44.31%)

76.80%

°o—y
—o0
—_

20




2.5 Algebraic inducement of sample pc

LA
=l

(16.78%)

-

—

2nd PC

Volume

(a) Plot of PCs Scores

(b) Plot of PCs Scores

L) o )
13M 6ol o U 136M
321 1 200 o V124FF @
o 21F
“} 58F |® 59F 45F
83F 0Fz o 93["-"1 o ] %m
o g % 0 T BF o
2R SVEEE 43R o 3le 32M -
o d5oM121F  45F - © = o e
153&-1 TR o I o 1 o a5 ° o
o6 913§@,p§3F o & - —152M 1§]F£§M o| 151Mgam*3F  &F
H]dBF < geif ﬁﬁﬁ o 54 Al eme ° 70F
14‘%%?”' o o 70F S
| | | | | | I | |
- -2 0] 2 4 ) -2 0 2 4
1st PC(44.31%) 1st PC
. o
General size | . 1360 ]
112M 137F &
2 3 1£ééznm
—_ &9F = 5BA =
5 148M -::»145F1§9MD T a ©
i 144F 138Mynom 2 32m13M
(15.71%) = 646 geh, B52M O o
o o 14387 e © 66
. N 5F [152Mg 93M
Ratio of Shape f%c 26M
148F " 6aF
1 1 a =]
P L] o 10F
LT .l =
I I I I I
2 A 0 1 2 3
2nd PC
21

Volume




2.6 Visualizations of PCA

>

92

Biplot : Gabriel(1971)

plots of the n observations and p variables in 2-dimensional
pace with providing relationships between them.

V= UAV = f} \ )
k=1

V=U(VA) = GH! Factorization

SVD: Singular Value Decomposition

Geometric Properties : Choi and Shin(2013, Chapter 1)

) Ih;l7=s3:

H=1A Z(ul/‘il.

e VLA Z[hl- e )t

p

D o

€—> (n—1)S=Y'VY=H'H

(7 = E':(ul ‘Hrp) :(91 gn]

t

ly, =P = [(y,—9, 'Sy, —9,) = (n—1)lg, — g,IP

Remark:

PC scores Matrix: P=YV=UAVIV=UA=GA == P =G I

22



2.6 Visualizations of PCA 4

e [Example 2.6.1]5subjects-Pcbiplot

(@) S Subjects (b) 88 Students
o
T [tatistics @ 23 a1
wy — analysi o — 15
Og"@ 2 T2
algebr %54 85
ULz 65 8 87
o © O 4 3870 a8
o
> vectors % o 13 5 Z 11 %;g
ol To . S 124 ﬁg%?
(18.21%) - 10 16 9 .
' 14 73
© _hechanics 1
' o
65?5
m —
- c? ]
| ' | | | | | | | | |

-15 -10 -5 0 5 10

23



2.6 Visualizations of PCA

e [Example 2.6.1]5subjects-Pcbiplot

(d) biplot function
15 10 5 0 5 10 15

| | | I I |

© To]

o o

- Ty
O
(N

- © o
&

- % ©

¥ 1 S

™ amechanics '

66?6 | w0

g :

| I I I I |

24



2.6 Visualizations of PCA

2nd PC(18.64%)

-2

Biplot for KLPGA Data
-1 0

1
|

Goodness-of-fit

A

m
PP
k=1

t =
TN HF A+

+ A

- 100
P

e 4 o O
12 50
5 14{g540
28
® 17 26,
15 21
8
[ I [
-2 -1 0 1

1st PC(71.83%)

25




2.7 R for PCA : Practice Time

R-code: RJoNENT I

Spectral Decomposition of S or R
SVD of Yand Z

klpga-PCAfunctions.R
klpga-PCAsteps.R
kull-PCAsvd.R

princomp()

prcomp()
PCA

PC Biplot

" R-code list of Chapter 2 Principal Component Analysis

S5subjects-PCbiplot

3subjects-PCAsteps. R

[R-=2= 2.2.1]

[== 1.1.1]=] [PCA ==3H1A]

Ssubjects-PCAsteps. R

[R-=1= 2.2.2]

[== 1.3.1]=2] [PCA ==3H1A]

Ssubjects-PCAsteps-scree. R

[27] 2.2.2]

[Cr5] 24112 S~=3=]a=

exampleZ24 1 -PC Asteps. R

[R-52= 2.4.1]

[227] 2.4.1]=] [PCA =alcbAll=et A== o AL

kKlpga-PCAsteps. R [R-Z== 2.5.1] [ZF= 1.3.1]=2] A== lafjo]] 215 [PCA == A]]
skull-PC Asteps. R [R-== 2.5.2] = Alee] 2w =g  Balo]] 2l$F [PCA ==3SviA]]
skull-PCAsvd. R [R-== 2.5.3] | =715 =}= o] u|"a=x1grss)eo]] 2|5t [PCA —=s0A]]
Ssubjects-PCbhiplot. R [R-F= 2.6.1] = FER] Al AZ = el el S E s aE e
Klpga-PCbilpot. R [R-7= 2.6.2] | KLPGA == s =lo] mH5 si=e
Klpga-PCAftunctions B [R-== Z2.7.1] KLPGA A5 4dHe) SE8849E A% &5

princomp(}=} prcomp()= =25

censustract-PCbhiplot. R

[ASEA 2.7]

617 =|e2] SRNF =~} dataFe] S=HdEaddA =

turtle-PCbhiplot. R

[FA5==A] 2.11]

F2e] Swtx] xpme] FpEaraEedl oivr SaEw
= 26




2.7 R for PCA : Practice Time

[R-code 2.5.1] klpga-PCAsteps.R :

# PCA Steps for KLPGA

#[Step 1] Data Matrix X
Datal.3.2<-read.table("klpga.txt”, header=T)
X=Datal.3.2

rownames < -rownames (x)

#[Step 2] Cowvariance Matrix S(or Correlation Matix R)
R=round(cor(X).3)
R

#[Step 3] Spectral Decomposition
eigen.R=eigen(R)

round(eigen.R$values, 2) # Eigenvalues
V:round(eigen.Rﬂ;vectors, 2) # Eigenwvectors

#[Step 4] Choice of Eigenvalues and Eigenvectors
gof=eigen.R$values/sumieigen.R$values)*100 # Goodness-of fit
round{gof, 2)

#[Step 5] PCs : liner combination of original wvariables
V2 =N[1:2]

W2

#[Step 6] PCS, PCs Scores and New Data Matrix P
Z=scale(X, scale=T) # Standardized Data Matrix

z

P=/26*%\2 # PCs Scores

round(P, 3)

#[Step 7] Plot of PCs Scores

plot(P[,1], PL 2]. main="Plot of PCs Scores”, xlab="1st PC”, vlab="2nd PC")
text(P[.1]., PL 2]. labels=rownames, cex=0.8, col="blue”, pos=3)

abline(v=0, h=0)

#Correlations bt PCs and wvariables
D=diag(sqrt(eigen.R$values[1:2]))

corr=V2%*%D 27
corr




2.7 R for PCA : Practice Time
.

Singular Value Decomposition

# PCA Steps based on the SVD for Skull Data
#[Step 1] Data Matrix X
Datal.2.2<-read.table("skull.txt", header=T)
f=as.matrix(Datal.3.2)

rownames <-rownames(Z)
colnames<-colnames(Z)

n=nrow(/)

#[Step 2] Singular Values Decomposition
svd.Z=svd(7F)

U=svd.Z$u # Right singular vectors

V=svd.Z$v # Left singular vectors : Eigenvectors
round(V, 2)

D=diag(svd.Z$d)

#[Step 3] Choice of Singular Values and Eigenvectors
round(svd.Z$d, 2)

eigen=(svd.Z$d)* 2

round(eigen/(n-1), 2)

gof=eigen/sum(eigen)*100 # Goodness-of fit
round(gof, 2)

#[Step 5] PCs : liner combination of original variables
V3=V[1:3]

V3

round(t(V3), 2)

#[Step 6] PCS, PCs Scores and New Data Matrix P

Z # Standardized Data Matrix

P=U%"*%D # PCs Scores : P=/%*%V3
round(P, 3)

#[Step 7] Plot of PCs Scores

par(mfrow=c(2,2))

plot(P[1], P[, 2], main="(a) Plot of PCs Scores", xlab="1st PC", ylab="2nd PC")
text(P[,1], P[, 2], labels=rownames, cex=0.8, col="blue", pos=1)

abline(v=0, h=0)

plot(P[,1], P, 3], main="(b) Plot of PCs Scores", xlab="1st PC", ylab="3rd PC")
text(P[,1], P[, 3], labels=rownames, cex=0.8, col="blue", pos=1)

abline(v=0, h=0)

plot(P[,2], P[, 3], main="(c) Plot of PCs Scores", xlab="2nd PC", ylab="3rd PC")
text(P[,2], P[ 3], labels=rownames, cex=0.8, col="blue", pos=1)

abline(v=0, h=0)

#Correlations bt PCs and variables
D=diag(svd.Z$d[1:3]/sqrt(n-1))
corr=V3%*%D

round(corr, 3)
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2.7 R for PCA : Practice Time
.

# PC Biplots for 5 Subjects Exam # Biplots
library("MVT") par(mfrow=c(2,2))
data(examScor) oD
. par(pty="s")
=examScor .
n <- nrow(X) liml <- range(pretty(H))
rownames(X) plot(H[,1]H[,2] xlab="1st PC"ylab="2nd PC", main="(a) 5 Subjects",
colnames(X) xlim=lim1ylim=lim1,pch=15,col=2, type="n")
joinnames=c(rownames(X),colnames(X)) abline(v=0,h=0)
Y <- scale(X,scale=F) text(H[,1], H[,2],colnames(X),cex=0.8,col=1,pos=3)
# Biplot based on the Singular Value Decomposition LR L R B e o= [eaii=in
svd.Y <- swd(Y) lim2 <- range(pretty(G))
5 j_‘ ::j:‘(’;‘j plot(G[1],G[, 2] xlab="1st PC"ylab="2nd PC", main="(b) 88 Students",
D < dia-g(svd.\r’fsd} | xlim=lim2,ylim=lim2,pch=16, type="n")
G <- (sgrt(n-1)*U)[1:2] abline(v=0,h=0)
H <- (sgrt(1/(n-1))*V%*%D)[1:2] text(G[,1],G[,2] rownames(X),cex=0.8,pos=3)
C<- rbind(G, H) _
rownames(G)<-rownames(X) lim3 <- range(pretty(C))
rownames(H)<-colnames(X) plot(C[1],C[,2]xlab="1st PC"ylab="2nd PC", main="(c) 5 Subjects and 88
rownames(C)<-joinnames Students”,
# Godness-of-fit xlim=lim3,ylim=lim3,pch=16, type="n")
eig <- (svd.Y$d)~2 abline(v=0,h=0)
per <- eig/sum(eig)*100 text(C[1],C[,2] joinnames,cex=0.8,pos=3)
gof <- sum(per(1:2]) arrows(0,0,C[89:93,1],C[89:93,2],col=2,code=2, length=0.1)
per
gof biplot(G,H, xlab="1st PC"ylab="2nd PC", main="(d) biplot function",

xlim=lim2,ylim=lim2,cex=0.8,pch=16)
abline(v=0,h=0) 29



2.7 R for PCA : Practice Time -~

[R-code 2.7.1] klpga-PCAfunctions.R : princomp(), prcomp()

Datal.3.2<-read.table("klpga.txt”, header=T)
X<-Datal.3.2

# PCA based on the SD using princomp( )
pca.R<-princomp(X, cor=T)

summary(pca.R, loadings=T) # dH=H, F=MHEH
round(pca.R$scores, 3) # FAHEX =
screeplot(pca.R, type="lines”) # ~3c|1 &

# THAEZ A8
biplot(pca.R, scale=0, xlab="1st PC"ylab="2nd PC",
main="PC Biplot for KLPGA Data ")

abline(v=0, h=0)

# PCA on the SVD using prcomp( )
pcasvd.Z<-prcomp(X, scale=T)
summary(pcasvd.Z) # AHZH
round(pcasvd.Z$rotation, 3) # FTHAEH
screeplot(pcasvd.Z, type="lines") #A3 2|1 ¢

# FHE dEE
biplot(pcasvd.Z, scale=0, xlab="1st PC"ylab="2nd PC",
main="PC Biplot for KLPGA Data ")

abline(v=0, h=0) 30




