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« The literature suggests that R? values of 0.67, 0.33, and 0.

9 are

substantial, moderate, and weak, respectively

* Q2 >0 implies the model has predictive relevance, whereas Q2 < 0
represents a lack of predictive relevance.

Using partial least squares in operations management research: A practical guideline and
summary of past research

Chin, W.W., 1998. The partial least squares approach to structural equation modeling. In:
Marcoulides, G.A. (Ed.), Modern Methods for Business Research. Lawrence Brlbaum
Associates, Mahwah, NJ, pp. 295-336.

« Because R? is embraced by a variety of disciplines, scholars must rely on a

“rough” rule of thumb regarding an acceptable RZ,with 0.75, 0.50, 0.25,

respectively, describing substantial, moderate, or weak levels of predictive
accuracy

Partial least squares structural equation modeling (PLS-SEM) An emerging tool in business
research

Hair, J.F., Ringle, C.M. and Sarstedt, M. (201 1), “PLS-SEM: indeed a silver bullet” , Journal
of Marketing Theory and Practice, Vol. 19 No. 2, pp. 139-151.

Henseler, J., Ringle, C.M. and Sinkovics, R.R. (2009), “The use of partial least squares path
modeling in international marketing” , Advances in International Marketing, Vol. 20, pp. 277-
320.

« A robust model should have R?>0.5, Q2>0.5, and |R?-Q?|<0.2-0.3

Predictive Approaches in Drug Discovery and Development: Biomarkers and In Vitro / In Vivo
Correlations (Wiley Series on Technologies for the Pharmaceutical Industry)
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VIP(Variable Importance in Projection)
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51 Z IL. II-Gyo Chong et al, “Performance of some variable selection methods when

multicollinearity is present” , Chemom. Intell. Lab. Sys., 78 (2005) 103-112
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«  “A major drawback of the VIP index is its lack of theoretical
background. (VIP |33 :ma94RMIC R T 3)

* Boulesteix AL, Strimmer K. Partial least squares: a versatile tool for the
analysis of high-dimensional genomic data. Brief Bioinform. 2007
Jan;8(1):32-44. £ Y) 5| A




FEANY) Y I ZDOFES (I)

c ABABDORE

s BBAIILEZNAAZTY /) —IL(H bIFERED/NNAF T IH
LCERINETY/—ILEEICBEWT, ZILa—R¥rx¥
J—IILBE %, EHRIZART FIL(NIRS) T— I LHEET S
JILD—RISBERORERTHY . BREERMHINTY / —IL
ThH5

+ LK< IE, B.Liebmann, A. Friedl, K.Varmuza, “Determination of glucose and ethanol in
bioethanol production by near infrared spectroscopy and chemometrics” , Analytica Chimica

Acta, 642(1-2),pp |71~ 78(200‘7)%%!%@
. 5 — 9 DA
« BEATE : A X, MNE. bOEOOIVEME LTI
2= LEBE T T\, RKRBIHAHT | 150 52285nm = i 7R 5h
ﬁ%%ﬁ%%?ﬂib\%%ﬂt%%ﬁ®@®DM%%%
T—F v L TW5
e 166 >TIL, 235FHDOT—4

« BWER 73— 19/ —ILORE(g/L)ERAE I O
RIS 74 -—TRIELEHEONLT—F



PLSEI (1)

cpls/IN Y =T T =9I DiAHAH
library(pls)
library(chemometrics)
data(NIR)

« T — 9 DA
X <- NIR$xNIR
y <- NIR$yGICETOH[,2] # =5 / — L
# y <- NIR$YyGICEtOH[,I ] # 7L 32— X

« FT— 9ty FORE(ANE3/L. TR NI JL)EE
index <- seq(l,length(y),4)



PLSEJZ(2)

o FfRT — %
X_train <- X[-index,]
y_train <- y[-index]

* PLSEIFDEE
pls <- plsr(y~., data=data.frame(X_train,y=y_train),20,
validation="LOO", scale=TRUE)

» BEREEDEK
PRESS <- as.vector(pls$validation$PRESS)
plot(PRESS, type="b")
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PLSEIR (4)

@ % 1 Qo
-— — NV E’ o | i ‘gc;o
e TAMT—% b e
. ‘\Q = o o 0o
X_test <- X[index,] oo &°
V) g
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predicted <- predict(pls, ncomp= Ivhum,

newdata=data.frame(X_test))

plot(y_test,predicted)



PLSEE(5)

o RZ\ QZ
R2(pls, estimate = "train")$val[,,lvnum+ | ]
R2(pls)$val[,,lvnum+ 1] # cross-validation
R2(pls, newdata=data.frame(X_test, y=y_test))
$vall,,Ilvnum+ 1] # test set

- BElFREB

beta <- pls$coefficients[,,lvnum]




(%] VIPOEE

« X)L
source("https://mevik.net/work/software/VIP.R")
#pls/ v r—VHABEDOYA LY
pls <- plsr(y~., data=data.frame(X_train,y=y_train),
20,validation="CV", scale=TRUE, method = "oscorespls")
vip <- VIP(pls)[lvhum,]

- E1E
source("C:/R/vip.R") # oscorespls 2 X > 77 b
pls <- plsr(y~., data=data.frame(X_train,y=y_train),
20,validation="CV", scale=TRUE)
vip <- VIP(pls)[lvhum,]
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