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Abstract: Metabolomics data contains multiple variables usually processed and evaluated by means of
principal components analysis. The statistical analysis of the multivariate data is involved in abstract, elusory
fitting for the model of hyperspace, complicated theoretical arithmetic and sophisticated transformation of
the data matrix. It is crucialy important to understand the arithmetic mechanism and the properties of the
models fully. In this article, we reviewed the key and puzzling issues in principal components analysis of
the metabolomics data, including the principal components, the scores and loadings of a principal components,
scaling and weighting, partial least sguare projection to latent structures, partial least squares discriminant
analysis, orthogonal projection to latent structure, orthogonal bidirectional projections to latent structures, S-plot,
shared and unique structure plot, and the validation of the model. Hopefully, this article provides a better
understanding of data processing mode, model selection, procedure standardization, and data interpretation for
areliable conclusion.
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Figure 1 The mathematic model of the principa component analysis.
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A: Multi-variates data and the fitting of a space model; B: A

special axis and the first component based on partial least squares projection to latent structure; C: The projection and scores of each
variable in the axis for a specific principal component; D: The loading refers to cosine intersection angle between the two vectors of the
variable and a specific principal component; E: A typical scores plots based on a principal component analysisi®¥; F: A typical loadings

plots based on a principal component
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Figure 2 Scores plots of the sera and plasma samples originated
identically
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Figure 3 Scaling or weighing, mean centering of the multi-
variates data
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Figure 5 The arithmetic structure of orthogonal bidirectional
projections to latent structures (O2PLS)
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BT, R T RS R o MABAR FIAL AR 35
2 MR B p(corn)[1] <& . ik 2 > OPLS
BOX WA RS Y 4 A B R AR, Ak
DA B AE P bl ) T a0 AR AE WS T M B b A 450
BT AR, SR AR B R A AT T Sk B T,
Pl BBz, i WX e e W AR A 2 AR rh ) 22 e AR
FER . thomtiol ~, A& s mENG T AR
A 135°EH 4k b, UiBHTE 2 AN AR b A A I

£ 2 ML SUS-plot B, A A7 & H L AE K]
AN A X, ARG AR B 2 MR R e
DL A AZ L, AL 1 (A vs B) AIFEZAS 2 (A vs C)
XA OPLS A E4T SUS-plot X bk o3 #r, #rik
“unique for B” 1 “unique for C” X3, 451N
XA 5 B AR T R A S C RIS B A B
— M. MREYER AR R T 4A5°RIZE B I ARTE “ shared
structure both up” A1 “shared structure both down”
A B AR EAE AR T A s A A R, R 25
A B EAN T A o X AR g P A ) o A A AR
R DUk . X R HE, 135°R} 2R FftiT, FRvE “shared
structure in opposite directions” ricfi & K45 &, [
FEXT 2 A H B i DTk, R R AE 2 AME R AR

T B IE U AR R
10 HEBYLGIIE

BT AR 2 2 5 B s i e ST R R AT T
My, 8 H T LN TR (0 A KT R R R A AT 56 E
(validation of the model) . % KA 1 56 1iF 7 AL $5 U
JUANT5 T

ARG B2 20T 2 AR MR A (G 2
FHLSY 3BT DModx 430 4T) B A B BR AN R T oK
A FE G B BERE S B PCA A hL THE R E
TU 2 A1), 1% Se R G TEBEAT 3 RS o A i — i T
TS0 DL ) B B . MR B, BEREA
AN B T BB IG IR O B, H 5 R F i RS G B
WA 4 7 E A R B (1 A AN AT SR, BTG
TR R e L E B N, Rk, R SRR AR A0 AT A AR
RUBGIE R B A N . B8R, AR R
FEARFZ IR, TEIRIK L, 2 HT Rk 0 55 R A,
A BETERIF 0N Y 25 2 A R I — R i AR R 3R
Xof e R AR 7t B R . RO REAR I O
— [ E RS 4T DModx 4 #T 2 Ry P9, A
FIH THES6 (4 Hotel T'stest) 7] LU 55 DModx
FEABLI R o

% X IAFE  (cross-validation) Y Py &6 AE (in-
ternal validation), R HT G T B, LEE RN AR
MG, HREE—AERS, BRI 2 MK
AR BT G, SR AR B R R
DL TR QP B A5 4K . #R4E SIMCA p B3t 2 5
WRBTE, — T DU BRSO 2 B, e R
B/ U570 B v /7 B F T g S AR, KRR 1T 8
WHAT IO, I HXA SRR ZIRES, RLHIE
Re. Q°fH. RA. QAT 1, WA Al 52 kb,
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2, BT 0, BT . R, QPR s
g, N T 25 e R A R R AT v AR
RE. QM & b 1. (H— AR, 5 E K
SECE SN, WESL T RAEAKRT 3T 1, A
QM HALEIA — L, ARG PR fEfiE A X
ERASBER, TR RSN E QHETA
BRI, W Q7 {15 Ik sk s, A
T EMAGEE . — AN QP KT 05 it
AR TR LA B AT S e AN TR B, KT 0.9 ARH R
75, H R QPMEEMAKT 02~03 ANif. KM
FERECE BN, B S]N P w2 K, RG]
N A 22 8 3 386 00 2 B 43 S5 B A B P SR (T FE)
BN RE, B HEIN 3 RS A SRR, —
SRULEE I 4 835 5 AN F R o AR A ZEH .

B A (permutation test): 3¢ X EGAIE AT LLEEA
BRI T e 77, AR IE 8GOk T RE 77 24T 4t
R, WIE L AE MM AT S, fERA PLS,
PLS-DA. OPLS. OPLS-DA %5 Bt 47 5 < Bk ok
) 25 BB RS HEAT Sr B i, AT DR B G 0 A
2, AHE I s Hd A2 B O TN AR = Y AT 2k
AT, FEAFH — NN X AR B g g .
HEPTAARE RN, R QAR B 4L A (1 U & L4
12 Y ARbRE AL, RN R RS A LA AR
g WE RCAREEAE N W N TR A B AR, OF
/NF 0.3 (BIF/NT 0.2, BT 0 #lT), Q° AR fE M
B /N TR AR BT, 9N T 0.05. W R
Q* (Ki il /& RO LA ELRAE Y b b a8k i 9 3 xof o
BT R QMME (ELAMES), AR FaEL
LA RE. B TR 5 Gl A AN, 7R 2 3
TRMFERBEERT, SEE T H SR,

HPEBIE (external validation): 32 X E&iF SR FH —
HERIM . A B P Z R TGS 1, BT W
HRIE . HSERR N, R TR 4 O R
BT HIRERY (YIZRBR, training set), X5 4h—4HA
ISR IR B b (test set) HEAT TN, BP “Ah 056
7 o N TIREEEMIES R, EEHNL T, FE
W E & 2R, BARSRHAREREMTEEE, X
BEXF AR EOE A4 e B A RAF e, f&2E R
&, AN E T IAEOE B EAHmCMER, W
J& T AR, IXRE AT I UE I A REH ERS 0
PRt o IR CAVE B, H02mh AR il 7 Sk i T,
S R AT R, T T 2 T
11 R

TR 43 M 7 AR 2 B o i

%, MR ER TR R S MRS B
et 2o AR, oMb A5 R PO O A A v B A R L % Al
N SE PR A, DA, AR SO By 20 W 5 A
TATTHANT, D SERES A TR
Bt b PR A J7 0 o ORI R R, 5 AT TN
S B RO A B S VAR AL B AR AR
SR B AL B AR, AR AT AR SR
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