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22 A A=Y (Partial Least Squares)

1. & &
S OOoIE (X, Y)2te 3 242 5t foil 0l&™0le MLR (multiple linear
regression)2 2% Il 24 & = UR/UCH SHXIE OIOIHS H==It ZHSHA
sOUD  B=2tel correlation 0l ZotH  LEFEWH 2t MLR - OlA
singularity = Aot LHEHLEA &0 # &gt 2401 =0 B/ Correlation 01 2ot
noise Jt &0l &s& CxXt& OOIHE uncorrelated & XN Xt&2 22 o456t

d
?lof PCA Jb =HEJASH X CIOIEN PCA E HES = 1 score &t T & ol

—

OI2 Y Ol regression otl= PCR (principal component regression)0l =& &0
MLR OIAM ZMHEA singularity SHE HZGSHH ZIJA2LE X 2 variance 8t
HY8l= score T & ol 0| ©=35l Y 2 regression & oIl W20

Z2hHeZ X 2 Y 2 ZAE LEtW=O SAHDE QU HJACH Tetd X <

nio

rr

=1g=3}
=h=]

o

variance £ & 4dY%0olHA Y 22 correlation & EUSE = U

A5 E”R=0 0 2-0l Bt=Z PLS OICH.

2. AR HHE

PLS &2 2H¥2 1975 W 28 2H Herman Wold JI &8t HIOIEHE path
model 0Ol2t £2= g9 dzgsz Ddzl soziM SAHIJCH 2o
OO =5 OI=ct)| <fIoH 2tHot) s&Xe LHE HEZotA=0 0] YyHS =2
NIPALS (Non-linear lterative Partial Least Squares)ct =220 PLS et
HtZ NIPALS UM Lt 220ICt NIPALS ct= EUHOIA iterative = OHIHEH=E

rr
ol
2
rr

iteration ot Fol= 22 &olD partial 0lgt &2 partial regression 2 Jtel2!CF.
1980 WIHEE Svante Wold 2 Herald Martens Ol 2ol Z2Z2&t& HOIE 0l X &St
FPLS 20| JHEEUSCH H. Wold et al.2 PLS 0l ECF H&EE 9

S
o
ol

(

FJl ol ‘Projection to Latent Structures (PLS) cl= ZZ2% AFZ51D]

Ct.

OII

=

X
A

;i

3. PLS i
PCA Ol OIEH HIES S0 X2 Y2 2HE = LEO0l =2 PLS OICH X 2



Y £ mapping ot= transfer matrix & F&ot= ZE U= PLS 20l MultipleLinear
Regression(MLR) 2} Principal Component Regression (PCR) 0l QUCH Ut JH&
del 88512 2= MLR & centering &30 scaling & XAz 0 CHol
collinearity 2 singularity(Wold, S. et al. , 1984)2] 2HE 2t YD PCR2 X 2
score vectors(or PCs)0l CHAH VY 2o BxS 2242 regression AlZ2=
collinearity 2t singularity @M= ZMGHA LXK X £ Jt& & Yot ®H W
PC Ol CH&t score vector Jt'Y € Jt& & £3olelcts 2832 I2EZ2 PCR 2
SHAHIOF UCH CHAl Zot® Y 2 F4dot= OI0IEHS0l I &2 2HE It O
PCR OIMXE X Of CHE: dioIH 32te &2 2HE Iy & ZHsttl
HAM (XM PC) Y Ol CHEH CIOIES 22t2 &bzt 20 KT Ot &2 Y6t =
= SICH. 20l X0l st REM PCOF HE R 898 =& UL

ol

1

B3 Partial Least Squares(PLS)= 4
U= L-HOICH HH X 2 Y 22 MM 220 CHol PCA & Z==ZolAM Ofel

O 20| 2ot ol ZH==2 2H201 CHSt outer relation Ol 2t SHCE.

-

m = m m

n n n
F WM n2 samplex=E, m2 X2 B HxE, p= Y He HE, a=
b
PLS JF PCR 2Lt L2 &2 X 29 score vector(ty)2 Y 2 score vector(up)

AOIU un=bpt, & 22 inner relation 2 2= MHZ0 Ot EFEE SKstls=

O

principal component =& LIEIH

HOICH. Ol inner relation 2 X 2| score vector 22 Y 9 HI0OIE Z22tS & £&¥&

= JAEE FHAII= NE 20IGIEZ X S2H0AM2 BHOIY E O & WHSE =
J[UEF JI20H&O= HS 20/otoIE sttt dg O X 2 score vector =0l
CHoll  weightiwp)& =0 & 22101 Y 2 OOIH 32t2 &4%d6tl= &S
doll=C. 0l PLS £ 0/&Z0%tH score vector =& regression of22
collinearity 2 singularity @M% ZM6tX Z= =0H X 2 Y A A2 HEEE



=SS0t contribution 2 &2 weight € =0 X&83dl2=2 PCR 0N MAH
SHE 2N 2=Ch =880z PCA M2l loading vector 2 covariance

#HH(S=X'X)2 DR YEHSO0IS0|l PLS 2 loading vector €2 (X'Y)(YX)2 1S

PLS £ &X HEZE Mz PCA OGIA AIEHE NIPALS €cI&W HI=x<g

22 dNeEsS 0|80 MM O3Sl &2 outer relation & PCA

]

X=TP"+E=)t,p,’

h=1

Y=UQ +F*=>u,q, +F*

h=1

ro

OIIM [F* & Jtse & = GlgA Y 8 88 & AZS 10k StH SAlO
XY Qo g 2HE HUH= 20l =HO0ICt. Inner relation 2 2 PC OICH Y
block 2 score u 2t X block 2| scoret2 ZHE WHZ== 210|CH.
ﬁh:bhth
T
u, t,

T
h “h

coefficient <& ZCh. otXI2 OIE A Ct oA O Z2Eol Jr&

solution € =012 2 £ QICt LtstsH PC JF 22 block OIA O2M@ 2

HIIM b, = 2 7 &= U220 0l= MLR ¥ PCR ZZ0UIAMEl regression

o
—

]
Ol

HAT B2 M2 weak relation £ =0 U2tM X, Y AZ20H EEE =0 &2t
3| &M E component Jtb regression line Ol 2&ot&S offECh. 0|2 st PLS

algorithm 2 LSt Z2CF.

o
]

1) €& XY HO0IElE mean—centering ot scaling

For each component:

2) set u equal to a column of Y



In the X block:
3) X2 2 HAZ ull EHAIA w2 P&
w' = u'X / u'u (regress columns of X on u)
4) Normalize w to unit length
5) X2 2t sample 2 woll £SHAIAH scoretS &L

t=Xw/ww

In the Y block:
6) YOl 2t Bi=E Xblock OlA 78 t0l SHAIA ' S F&CH
q' =t'Y / t't (regress columns of Y on t)
7) Normalize g to unit length
8) Y2 2 sample 2 q Ul £SZAIHA score usS FSHCH.
u=Yq/q'q

Check convergence:
9) step 5)IM 28t t @ OI& iteration WA PIMUE t £ HlWotH 22H step
10) ©2 4E0iJtnD DX €20 step )=z 2HCEH 8tk Y plock Ol
Tt 0l g=1 Ol2t §1 step 6)FH YNK= MsE £ U2 O 0/42

tXI & =C.

ol

iteration 0] 2

I0lA P8 t= orthogonal 6t &I W20 =& Q! algorithm 0] Z 26}CF.
10) X loadings: p = X't/ t't

11) Normalize p to unit length
12) t,., =tp|
9w vl

0iJIA p’, q', w' = prediction 2 <l XNZ I0{O0kSHCH.

14) inner relation S <ol regression coefficient b & 7 8tL}.

b=u't/t"t



Calculate residual matrices: 2t component # 0l CHot(H

T

15)E, =E,  —t,p, . X=E,

T

16)F, =F,, —bt,q, . Y=F,
17) TS component & 1otJ| ol step2)2 2tCH HEMW component & &t &

2UAMAX Y= E 2 Fr2 wWHECH

step 10) OI&2 HFUMAHMYA t = N2 ZFEBE wEH22M PCA <
NIPALS OIM 2t el HustAl &&= t 0IXI2H step 10)~12) HEUHAMY t = 0SS

2
ChAl HWote=s B0 & A0ILh Huwol= t = &/ UOCOF ot= A2 OtLIXIEF

PLS & PCA WMHME a Ji2 PLS &=2=2 Z&dl0F dt=0dl Ol 0l At=dl=
8t 2 cross validation 2t PRESS 22 S AH&E 28 0|C.

4. Properties of the PLS factors

1 ] =lai =1

—

2) w,’ = orthogonal

3) t,= orthogonal

4) 2W!E2=2 29 algorithm MM & u, q, t, w = 22 YY'XX'u, Y'XX'Yq,
XXTYY't, X'YY'Xw £ eigenvalue decomposition =2 @ JI& 2 eigenvalue 0

& ol= eigenvector @ =2 olCk.



5. Prediction
QazifA 28 p',q", w', b E 0I5t
M2 X0l tiotd =38t Y= G 201 +8tCt.

HE 22 zA NSY (Kernel Partial Least Squares in RKHS)

MHI

KPLS(Rosipal and Trejo, 2001)= RKHS oBl0IlA Jis
space UM PLS 2 282 HIAE AL HSLHHOICH US BIAMUHME

ool Chet Ol Hcal &M Hixl ZEOOIEt2l ZFEo=s Z2UE JIES
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