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Abstract
T+ Direct Infusion—Mass Spectrometry (DI-MS)<2} 714
giAbAI s Aol ESiste] HAY AEwtEIY 9 oA
2 olgste V&Y WAERY 24 AzE WHeY Agn
7Hd W FA A=k ARSI AAE e
7} Watz] Qe AR 9E 2 Fo A (EAl
gl doe] HER ol % &, F 430 H) B FFO

9l A (P ginseng, P. notoginseng, P. quinquefolius, P,
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Vietnamensis, & 40 )& U= 747 A= v& 4
Agilent triple quadrupole 6460 system, <¢14F: WatersMirco triple

quadrupole mass spectrometer) & ©|&3to] WEH 4S5 Y

i
of\

Liquid chromatography—mass spectrometry (LC—MS) ZA¥=E %3

geld ¥ A& 29 lysophospholipid ¢ ?14F9] ginsenoside =

gelEglon, gld W tAAE tdeE AR & 30 BIEIRS)

EAAZE W st EE AlFske DI-MS 7|REE] A S o] §-3

%/\] AT olF Y RS dHeolHE EdE wdE Rds
&

A9l principal component analysis, partial

to pN

least squares discriminant analysis &} 7]4] &< HH <l random forest,
support vector machine, C5.0 decision tree, neural network % k—
nearest neighbor classifiers & ZAgslgon ¥ walS M7 Hlw
Fkstel, il 24 A, 53 714 S5 olgsAL W 2 Fo B
W4 Fo] el WA el wasgion 53 JAss W F

£

&thel random forest & WY FAEACR WA UA Xek= 5%
ez &9 £ 2 Asx s d g we Ads 3d d3s
olel DI-MS ¢}

A S5E w BE B4 AL

CE
HolFQth ARAOE A AT, 53] W ATl
B &
g a7shs ATE 9% WS Aae Wl

=
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1. Introduction

4 A Fo] &A8t= hAFA (metabolite) & A8t thE A Q)
ok

= A
HFH O 2 X thAFA| S (metabolomics) & 1) AW o] ek 2) 2] ok* 9]
=]

AT AE, DYY AR g, HAEAES 5 TEHS FofolA
tFetAl &8 2 AEHa vt [1]. 53] hArAS 7|ete] A4S
a3 FRUel ol=EE dAMAE ERlsta Z; tiARAEE oAl
TEFe vl 7hsekr]el olE S&% ¥ A Aol EdstA
&3 Aok [2, 3], olgst W EBAS F3 54 tiAbA
kel o A= QRI(e]N AL Wk, oJokEe] HFH )9
FTAAE dotd £ glom  yolrl thARAIZFS]  metabolic
network % metabolic pathway & &otuli= A &3t 7153ttt [4]

ole} #2 =zl ol ¥ oopu gt tjARAISE ZIREe] ¥ A
= A AE el twiste mE dAs FA#AE ] HdoAdo=
Qs A%, oFg&Eo dabA] i, &4 {5 wdH, o ¥3E
9 AgZ B E g &etA o] &5 gt} [5]

WE FAS Qe xZAQ A A4S fEiAe dRbgow
593 4 e Qs g3 BEE U ARAE 24 g
untargeted metabolomics & ©]&3 HIHES AFgstth [6, 71.
A E 4, 778 2D FFHerE 54 7hsdt 7= 7S o®
25 dAAI g &8 7heshAIRE dixbA|stell A Zh AREA o %

AR E = A 7RIS AR5
spectroscopy, NMR) 9} 2 &2
NMR & disEZel gz 24
(reproducibility) % AZFAAS HolTFH g H
7FA 2 Sl FSEtY NMR & =
7}o 32 stable isotope labels &= ©¢]&3tY &
el Rgs FAsE7]e v Agdel, weba ok=e] AW EH
W3l 5 tiAMAl 7], Adgd dTtel EdstA AREE [8].
1



2
=0 2= thabA 2o #Ee)7F AP E7Fs shrlel dske 54
OARAIRES deAor HE FAske 2ol ogeH o= 53
gALA S s 3 wd A4S SAAe AdEE A @
4otk [9] MS + ®W% 53 FEX (accuracy),

# % (sensitivity), S w24 W$ (dynamic range) & 7}A 1L

T A
om 53] #xFoR tisEe AR 7 goldor 13|
=9 AR Eel A 7HE wol ARgEE 24 7PHolt [10].
MS = 4drbdor F7hA dixAdd AL 29 wHd A
IZrtE 7Y (gas chromatography, GO), al ol A]]
I2ZrtE 75 (liquid chromatography, LC)& &7 AR}
GC-MS & opv|x2t, F, Bd3 &3 22 1 2k AR (primary
metabolite) & &A=t ¢ AFe F PHo= e 7T
H= A Zt(retention time) % AFMEFH(mass spectrum)
Adde 7HAa Qdok [11]. F9lrg GC-MS & Hojd
A S 7 23] National Institute of Standards and Technology
(NIST) ¢} #Z2 #golByal7l & FTo2 73y 3lon
olE Fall mA thAkAl el w9 fElstth AT GC-MS €]
A I =2dET Aol Thsste Afeol wE AlsE FH
HAoA F3s FEAS HAFES AAH Aol TJhssithe
S =S 7RA 3 9lth wbE LC-MS & GC-MS ¢ 2] w4
He stA7F AR 919 ™ primary metabolite & A x| A,
otZtRolE = wolxzel e 2 2 thAHA| (secondary
metabolite) 3 HEo] 7hsstth [7]. kAR GC-MS °f H]3j
Aoz Aol "ojAm old olFE  thARAl ol
ol¥ ol werh Idelx =78t LC-MS 7F ojwsh &4
WHEOE g TR dAAE AEAde Aol Thest)
el 53] afst 2 2 gAHAIE HE A EAY wE E4

oI LC-MS = 71 o4l ERhFolzta & = slv [7,12].

f
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ek ol GC E= LC & 22 AR 28 UHes =93 4
MEZY A g3 (matrix effect) =+ o] A (ion suppression) 2+
2o A AR AWARl YEFE A= FAE Y 5T T
Rnow oo wet vlwA G FdF AAE s T Ul
AREA QD tiAA] 24 HA> AHE o] &3 A7 HEE x¥eke
Zlol Bgolty [13]. spAIRE o]&st FAel®= &7sta A& ¢
e AEd MS 9 AAAD R AdgHoez 1
TAAZH(~10-60 min/Al®E)SZ A%t T AR EA
FAgsith= Zojth, A" #4719 A % F%5 5 TH
Ao Avtd dFS Wl AlEFTE N, FAE9] iR
BAS AP Ae 21 Ao R Qd S BAHA
ot T8 olgwo] ZAA R wEY [14]

Direct—infusion MS (DI-MS)& A+ w2H S o]l &34 %4
AEE HIE AFEA7 FY " FAeke WRHoEA Ee
giAbA o] AREY ARE AE T F 2~T4H = ojUE grd
T Atk [15]. =& AE FdE AdgetA d7|el WEHA a3
9 ol AR Qg dlolE] A o] wE Fget Yo
27bs Y ZE SRS 7HA I oy, Abd R4S FEl AIRQ

A HAHE FH3I A3o)A  tandem mass spectrometry
(MS/MS) %! multiple reaction monitoring (MRM) ¥} & 7|HS&
o], EF trtATE Melxog Mulste] BA8 H¢- LC-MS
9 GC-MS & o]&st F+9 =2 g%, A8 (selectivity) 9
JU = (precision) & FH 4 9tk E3E  fragmentation
pattern = S8 T tAAlE TS A s Jbsetet (16,
17]. vAl ZaiA DI-MS 71€9] LC-MS ¥ GC-MS =
A F U= 53 24 S5, UEE, Jgs, Agds R
high—throughput &4 7I¥olzt & 4 St} [14, 18].

DI-MS ¢} #Zo] high—throughput *41 7)o Adox=
ety HEHS 9% 4 Z7 (chemometric tool) 9] i o

Age, 53 BARoR Fu. £ A ol wE Aw

r
o g M

>

v}

1] TR



b EA A (multivariate  statistical — analysis) 2] 7
principal component analysis (PCA, 96%) % partial least
squares discriminant analysis (PLS—DA, 73%)7} %3]
PRl HlEE AREHI low JPE tieAl 7 shF 71
< o<l random forest (RF) & 3% 20% the] w& ARERIE
BolFal gtk [20]. &8 PCA 9 PLS-DA 7} 8 245 9
¢eh A Easdels Al o 7F fley, PCA + 2440
v 2 Azt A gtet Wiloletal 4] o] #-%-w, PLS—DA 9
o
[e)

=
=

A3 (overfitting) =4 2 o]AA (outlier) o] "%
kit AzbE 9SS A JdS ¥ ool B3 E9
a9 22 54 dAAY g o] vl FARSE ARE o=
= 9E B A A3E w4 Qo [21, 22]. oo wet

oo M
O
Lo

120 tAbl el Fol g of
gAtA Wa AR 9 ws s Aqats 77

o o
= =2 =
8t (machine learning) & =3 #¥ 40| tjF5 i vt [23,

24].

1A 2 A AT (artificial intelligent, AD 2] FoFZH,
Wy 2k #AAE A, FEEQ FAS o] gste] REHS &
EAeA 2 d Y (statistical modelling) #+= 24 E4 HA §lo]
dgs HolHERH HARE F5sle] 54 Rds SFoke
duPEFS Ttk A FokoA el A g5 V&S e
AT G wolx=E XTI vl WaE A Ay glo]l Al
A2 7F 7hssin], REe] A 9l o)A Al iAo w
ZHrETE [22]. A=A = §AAS (genomics) 3 2 Hiol L
A3 w g2 (bio—informatiocs) EokellA] 54 Ao Wes 9%
Az mbA dEs fE FE OAREHY ko kel vl



g4 7 da 53

<

tAbAl S WskE tEe of

ﬂll
s
o

taAlet o7 7 jS7E SEa ok [23, 25].
thARA el A o Z1A] Bheg

sk W AT A e Es]
AHEE AL Qli=d], Maione et al & A3 A OZ 7|7 &5 duElS

% RF, support vector machine (SVM) % neural network
(NNet) & ©o]g3ste] & o 4 20 F5 ol&st dikx i &
dEAor Jgsk vp glom Age Mevt AdAoR Aa =

Aol Ag7F AlAEA ESkFeE ETsta st
AZ BTl O]E} [26]. slld d:fL—E 71Al 5ol v AR
9 23E AR 3] 4 T Ues HojFErh

7 Ags =4t % At ’Q(Oryza Sativa L.) % o] 9]9
i 50, 10%, 15%, 20%, 25%, 50%, 75%2]
&2 Ak "éLJJr =S8 ¥ 430 A 9 AE BE 4 7 FFY

Ax ANE (P ginseng, P. notoginseng, P. quinguefolius, P.

ot

ﬂJ

é
Hot

R
off

>,

krtl

of\

H

(2

X

vietnamensis) %< 40 AL o= MS 7|§F, E3] DI-MS

A9 thAbAs i A d=s Aysit A A Q] Oﬂ? &
DLC-MS £ o]£3 untargeted metabolomics & %3], 3}

A4re] ¥ giAkAl R, 2)3E dAME g e® DI-MS
718k 414 BAME A gsto] WE tAbA G 3 JRE ST
Al tALAl xR s 2 EE A, A AHRE UHE
SAEAQ PCA, PLS-DA £ o3 &3, 9 4)7]7 5 7IH<d
RF, SVM, C5.0 decision tree(C5.0), NNet, k—nearest neighbor
(kNN) & o] g3sto] ¥ #A4& dsta gwl=sF FAEA 2 714
i Atk A7 A3, DI-MS &

S5 TR ojUE Al&EH
A% o Qlglor, TIA skE 7INEe] sd #Ao]  binary
classification ¥ o}Y2} multiclass classification °|% 2§ 3H
AgdE F des GJeit. 58 wEo] v 7igER =4

o

o] tRE FAEAC wls VA stEol BA



2. Materials and Methods
2. 1. Materials and reagents

2.1.1. Rice

2014 4, 2015 @ 2 2016 o Ajwje =4k @ FpAE &
7} 80 A= dAell 7h AA Fuliskdv. g - diARA Y ®skE
7] 918l =70 ° C oA R#dt g FE U 77 245 %
o2 J. T. Baker oA wigt HPLC grade acetonitrile,
isopropanol, water & A}gsldtt AHEHS HAYSH] Y3t
WH-E =% 07 Caffeine (Sigma—Aldrich, St. Louis, MO, USA) &
ArEsEith. v A2 Sigma—Aldrich 4] formic acid &
Trjetel W EA o] Hriekdd. FE 5 FEPES Sl
Polytetrafluoroethylene (PTFE) syringe filters with a pore size
of 0.2 pgm(Advantec, Tokyo, Japan) & AF-&3F3it}.

B AFeM s gh=mAl FEAE 2 B opler o] niER
g & msh i dfdeEA A, EAsgt HeE Sl

S K, sa 2S C 2 AAS 2014 A AujE 2E
Batch A, 2015 d Ajuj¥ 23 Batch B, 2016 W AujeE &S
Batch C = A% gt} 7414 & Al59] A K= Table 1 ¥ .

grsgt & Alge] 7zt i 2AE Awd & O(K1, K2
K30, C1, C2---. C30), Table 2 ¢} o] R 2 A5 A3 AT
FER T AERE AT GEEAL 2 3 F 2 S5 2 3 F
Egteto] &3 A= ¢ AE A1#). Batch A 9 Batch B 9] 4§
0%, 25%, 50%, 75%, 100%°] & 5 74 319 &3 vj& &

A 55 AZskH Batch C 9] B¢ 0%, 5%, 10%, 15%, 20%, 25% ]
6 7HA 3o HlEe T A AREE AFEH. T5%K AlEel
25%C ANE7F 38 B9 K/25%C 9 o] 7|t} HFHow
Batch A °ll#] 150 €] Al&, Batch B ell#] 100 7, Batch C A
1801 F 43089 3 2 A 87 A EH

<
T
S}

1__

_HJ ESL’F
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Table 1. Sample characteristics: White rice origins, cultivars.

A A= 2014 (Batch A) 2015 (Batch B) 2016 (Batch C)
=7k AR F AR F AR T
71 8 A7) 5 A7) 8
Ak 8 A 4 A 8
2l 4 2l 3 (X 4
- el 4 3% 3 B 4
= El 2 El 2 g 2
A5 2 A5 1 A5 2
Eaa 1 Eaa 1 e 1
e 1 A 1 A 1
=57 13 =57 7 5% 13
e %9 8 ey 6 Zeyd 8
e A2 6 A2 6 Bkl 6
A 3 A 1 A 3
A 60 40 60
Table 2. Sample characteristics: Random mixing sequences.
2014 (Batch A) 2015 (Batch B) 2016 (Batch C)
M1 6+ 21+ 17 M1 11+6+8 M1 16 +9 + 12
M2 6+ 28 + 27 M2 14 + 2 + M2 21+ 3+ 7
M3 4+ 25+ 14 M3 6+ 20+ 12 M3 9+ 8+ 18
M4 17+30+7 M4 9+ 13+ 11 M4 13+ 19 + 16
Mb 23 +6+12 M5 3+12+7 Mb 4+ 18+ 11
M6 26+ 29 +7 M6 9+1+5 M6 13+2+8
M7 14 + 3+ 19 M7 8 + 16 + 19 M7 12 + 25 + 29
M8 12+ 25+5 M8 13+15+7 M8 19 + 23 + 10
M9 11 +15+5 M9 9+ 14 + 16 M9 13+ 21 + 24
M10 11 +28+4 M10 5+15+7 M10 8 + 23 + 10
M11 1+5+23 M11 11+2+4 M11 17+3+5
M12 27 + 15 + 18 M12 18 +9 + 14 M12 27 + 13 + 21
M13 26 +9 + 19 M13 17 + 19 + 13 M13 25 + 28 + 20
M14 5+29+9 M14 11+6+5 M14 16 +8+7
M15 4+5+27 M15 1+14+5 M15 1+22+7
M16 24 + 29 + 10 M16 4+1+9 M16 5+1+ 14
M17 16 +24 +1 M17 3+16+7 M17 4+ 24 + 10
M18 1+ 20+ 27 M18 19+5+9 M18 29 +8 + 14
M19 9+ 24 + 23 M19 4+12+9 M19 6+17 + 13
M20 30 + 18 + 20 M20 10+ 8 + 20 M20 15+ 12 + 30
M21 24 + 26 + 18 M21 1+4+ 14
M22 8+ 25+ 13 M22 12+ 25+ 2
M23 12+ 14+ 7 M23 18 + 13+ 3
M24 2+8+9 M24 7+ 3+ 15
M25 2+6+29 M25 20+ 16 + 2
M26 23+ 9 + 25 M26 17 + 11 + 27
M27 13+ 17 + 10 M27 8+ 7+ 25
M28 21 +1+ 12 M28 14 +7 + 18
M29 6 + 25 + 28 M29 7+ 1+ 23
M30 10 + 22 + 30 M30 9+5+ 29
7



2.1. 2. Ginseng

ZF 10 A9 4 7HX AR 9gE F59 <A A5 (P ginseng, P.
notoginseng, P. quinquefolius, P. vietnamensis)S 3r= 4 HEW
AAol Ax Feetde. &me #WE 24 formic acid &
o] g3l th (Sigma Aldrich, St. Louis, MO, USA). 5%, g 4
717] 2AE Sg SwlEA J. T. Baker oA Fvlldt HPLC grade
acetonitrile, methanol, water & AFE3}3t FEHH S 3]
Polytetrafluoroethylene (PTFE) syringe filters with a pore size
of 0.2 pm (Advantec, Tokyo, Japan) ¥ Oasis® SPE cartridges

(Waters, Milford, MA, USA) & A3}t

2. 2. Sample preparation

2.2.1. Rice

FAAZ, 74 5 FH (425 9 125 ﬂm)§ o] &3 d#x
A Alm 150 mg & AAAR S F2lstr] 93k YWH-EF3F caffeine
Img ¥ A=t} g &3 A8 6 mL 9 75% 1sopropanol S
H7ket § 1007 C o 9H #A oA 2 AlRbEt FESh o] F
FEES 5 B%5¢F 12,000 rpm, A2 7oA AEYE Qs
T AANS 0.2 um PTFE filter 2 ZE Y 3dlo] o= A8E=E
ol g3ttt RE AR &4 AlAAE vHloloAE HA S| S8
A= "ot BAGe]l AGstA A st

2.2.2. Ginseng

FARNZ & &2 2 AU25 W 125 ﬂm)% o] &3 Az
o124k A& 20 mg & 1 mL 100% methanol = ©o]&3] F=3it}.
FE A2oA 30 EEE 2yl 15101]*1 Ayl o] &

8



5 &<k 12,000 rpm, & ZxleA dAE" & +
0.2 #m PTFE filter 2 HE]Y 3to] 74528 vial &2 %A
XEM: uixli & AA, o]F 1 mL ¢ water ° A
Q A FEwe =3¢ G 2 EYAE
solid phase extraction (SPE)E ZF&slH 4 4

thS-3 2l 1)SPE ZFEZ A9 1 mL 2 methanol %
r 5 cAUdE 9o A9gAdE JAgstt 2)1 mL & <
%

ox N
12 o
o o

N ol
A X e o oX e
ot
O
Fﬁ
>
il
1o,

K
ke
T

P2
ol
N
o
off

flo

T~

=5 FLEYR Y 2W3 & 2 mL ¢ 20% methanol &
do] FJIEYAE Aojditt. 3)1 mL 2 methanol & Yol A8E

Aoiyal &g FE=S 10 9 4% s AIREAN ARGIH
[14]. &4 A 2 AJ5e} vi7HA 2 dg AlgAS ol g3t

2. 3. LC-MS analysis condition
2. 3. 1. Rice

48 AR AE S 98te] Batch A, Batch B oA & A 55
Zy7y 20 A dEEiA LC-MS & o] &3 4S5 Mdsisinh. 2
Alg9 LC-MS 42 Agilent triple—quadrupole MS 6460
system (Agilent, USA)S ©o]&3ssitt. AH2 Acquity™ Ultra—
performance liquid chromatography (UPLC) € column (BEH
C18,1.7 ¢m, 2.1 mm x 100 mm)& ©] &3ttt A5 F &3
5 pL = ATt &1 A = water + 0.1% formic acid ©]™
€1 B = acetonitrile + 0.1% formic acid °]th. %2 0.17
mL/min ©|™ gradient =7 Table 3—(a)°l ¥(7]¥ o] At} MS
2 electro spray ionization (ESI) ion source ©]&3}¢]
stelow A =% lock mass & T FA (/2 9

% =
SE9S wASATE MS 9 A5 =12 Table 3—(b) &F #t}.



Table 3. LC—gradient and mass spectometry condition for white rice

analysis.
(@ LC—gradient condition (b Mass spectrometry condition
Lol A (%) &vl B (%) Ion mode Negative

0 min 100 0 Scan time 200 scans/s
5 min 70 30 Accelerator 7V
15 min 30 70 Fragmentor 135V
25 min 25 75 Gas flow 11 L/min
27 min 0 100 m/z range 50—1000
50 min Capillary voltage 4 kV

2. 3. 2. Ginseng

A4 AlRE] LC 7IWF AR F8E 98l HPLC 2795 system
(Waters Corporation, Milford, MA, USA)& AF&3ssith Ay
Perkin—Elmer C18 column (50%X2.1 mm, 1.9 zm, Norwalk, CT,
USA)olth. A& F9 &% 5 pL oty AREE & S/ &
Als EA oA ol gst A3 w3ttt Gradient 2712 Table 4-—
(@)} Zoh. +42 0.17 mL/min o9 A7 & &%+ 30° C &
A AT, MS 42 ESI ion source 7} AH]¥ Micro triple
quadrupole mass spectrometer (Waters Corporation, Milford, MA,
USA) = ol&3] sl on A2 =312 Table 4—(b)el
g Aol Sl

Table 4. LC—gradient and mass spectometry condition for ginseng

analysis.
(a) LC—gradient condition (b) Mass spectrometry condition
L] A (%) Sl B (%) Ton mode Negative
0 min 83 17 Gas flow 500 L/h
17 min 67 33 Source temp 110 ° C
33 min 58 42 m/z range 100-1500
35 min 0 100 Con voltage 90 V
45 min 0 100 Capillary -2 kV

voltage

10



2. 4. DI-MS analysis condition
2.4.1. Rice

B oAlgel F4E ¢8l 94 product ion mode (MS/MS)E
o]-g3sto] ERA "41/\}21]«] :IL/_’\ T4 9 e z¥sta MRM
transition =
A S A . =
Table 3—()el 7|&=d =03 sdsit HZA9 dAkA HE=
93] Negative ion mode Wo| obd positive ion mode &= S
AREaEl o collision energy & 20 eV 2 AAs. #HA 9
Zd = gr3t7] ¢33t  lysophosphatidlycholine (lysoPC) 2]
FA12 positive ion mode & ©¢]4-, lysophosphatidylethanolamine
(IysoPE) 4 lysophosphatidlyglycerol (lysoPG)2 EAS&
$ &l A= negative ion mode & AFE3th 4] =% ion source 9
AL WAE ] Y& 50%2 €9 A = 0.2 mL/min & F5°0%
AL ZedEnh Alge]l Oist d3E 0.25 oA YERA T
Axel Add 2 o9 WAE s FA AR 30 2=
A skl

e
X
o
o
=)
_OL
&
a
1%
o
o
a
X,

lo mlm

1%

2. 4. 2. Ginseng

A A 29 S daughter ion scan mode (MS/MS)E 7 &3
B ARl 2 B, e st & AE FA4
nf ]2 MS %312 Table 4—(b) ¢} &2 FAdsk =34 &

A H=ZE Y& collision energy & A 23}t(m/z 1107, 945 =
40 eV, m/z 1149, 783 = 30 eV). Q4 A5 H$ QEMZHE
o] &3t i eE AHAYA FZE F ion source E HIE A8 E

Flstth Alg F9 £%5= 10 p«L/min & A3}

I8 rg

N
-~
N

11



2. 5. Data treatment

2.5.1. Rice

2E LC-MS ZA¥ dlolH+E .mzdata XEHlo=® A4 <+
MZmine 2.23.= ol&s8f AAgE AP [27]. DI-MS 23}
dolg 9 749 Agilent Mass Hunter Workstation software
version B.06.00 X2 13:S o]& AIMEL intensity JHE
27 s gAY 542 METLIN metabolite database
(http://metlin.scripps.edu/) %' In—laboratory library &
o] g3kt [28].

2. 4. 2. Ginseng

2= Q4 LC-MS &4 43 dolHe & Amet sdst
g o2 A AHestoh DI-MS A 39 -9 MassLynx program =
o] AIMEY] intensity AEE AH FHIT. A T4

£ In—laboratory library & ©|&3}o] 2133}t

2. 6. Data processing and visualization

g A7 WAHA BYL Figure 1 & 53 FAT &
thHE EA4E224Q PCA 2 PLS—-DA = Metaboanalyst 3

g3ato] ysoh [29]. DI-MS #4& st B djAbA
&

ot
0 =

2 variable importance in projection (VIP) score & 7|50 %

o]
%l
o]l tiAtAE tidew stk RE LC-MS ¥ DI-MS &
T3 do]x Hlo|Eli= PCA, PLS—-DA & o]§3e] ¥ R3]
Aol pareto—scaling algorithm & ©¢]£3] data centering %

scaling & #3)3stc}

l_m»—‘

12


http://metlin.scripps.edu/

Binary classification

Blended rice I

Chinese rice ]

[ Korean rice

P, ginseng ]

[ P, notoginseng ]
]

[ P, quinquefolius [ P, vietnamensis

Target compound group

Target compounds
(lysoPLs)

[

DI-MS

|

Spectral intensities of
the target compound
PCA Featu_re
selection

| DI-MS ]

LC-M

S

VIP
score > 1

Multigroup classification

PLS-DA

|

Target compounds
(ginsenosides)

Target variables

Caret package
Data split (2/3

Caret package

Data split (1/3)

Training sets

Classification model tuning

RF SVM NNet
S - Accuracy

Sensitivity
Specificity
Positive prediction value
Negative Prediction value

C5.0 kNN

3-time 5-fold
Cross-validation

¥

[ Optimal model selection ]

Test sets

Figure 2. The workflow of data collection and analysis.

13



2. 7. Machine learning and discriminant analysis

71A] g5 darglsS dlolH el A-83t7] Aol Boruta R package
version 5.2.0 7|¥F2] wrapper algorithm < ©]&3}o] F2n|3t
tALA A A4S J&@sktt [30]. Wrapper algorithm <

Age] #4 dolEd Agsh A duelEe AgeA o

0,
22
>
kl
Mo
o
jn)
o
i)
i,
&
o
Y
o
M
=
=l

ol
)

P

OAHA ARE 71 stES ol &8k W Ao St
SAREAS 9 dHoly AHulgl Az Wl #4 o)A
Yeo—Johnson transformation 7]%+2e] data centering %! scaling &
A8, B4 A3 67%= training set, 33%= test set O &
AA st RF, SVM, C5.0, NNet 2 kN 9 & 5 7b4] 7]4 8%
duglFES AFEStglon BE 3E ndS Azetr] Ao HZA g
Hgs Ageto] FHAstd dejvelE WH Edo] A gt
ZIA s dagls dH FH4 O drHe e 2k
RF=randomly chosen variables (mtry); SVM=Kkernel smoothing
parameter (sigma) % cost (C); C5.0=trials, model % winnow;
NNet=size, decay % bag; kNN=the number of closest training
examples (k) [31, 32]. st=34F -5 positive group &= A 3s}aL
ZopAE A "l 29l AL pegative group O.F AAEATE AAEH
Ao sjgiu|El= 3—time repeated 5—fold cross—validation <
0] 83t resampling procedure & 3| thr] 3 FHA3 HAHES
AR} Training set & ©o| &3 1 2d A2 T test set &
g5t HEH Rde] A% (accuracy), WAL

5 o] & (specificity), 94 9= %X (positive predictive value, PPV)
4l S Ao =% (negative predictive value, NPV)Z % 7}8F3it}
H B2 caret R package version 6.0—73 2 ©]&3|
JdEstelet [33].

(sensitivity),
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3. Result and discussion

3. 1. Multivariate statistical analysis of the LC-MS
results

3.1. 1. Rice

Zbzk 20 A9 @A & AR 9 SSA A ARE dde®
LC-MS wM<s Aet 5 g7 diabAl =< 918 PLS-DA =
ol g& ¥ ndlL A ZAETE o]&F cross—validation ¥ 1000—

time permutation test & Fd3lo] HAgtE I Hdo] opdS
HSS & VIP score & o]l&3ste] & tAAE AESHh
Figure 2 ¢ PLS-DA Z%3 Zo] 5% w8 A34E g -

9)t}. Cross—validation 2 3¢l goodness of fit (R?), goodness of

prediction (Q%) %X % permutation test 23} T3+ &g PLS—

LC (p < 0.001)
<3 o
r\. (]
< ° ° °
= . e a
~ o5 o P oo
Bl e RS
S| W T
o o &
£
o |
o

Component 1 (28.3%)

R2: 0.953
Q2: 0.896

Figure 2. PLS—DA result of LC—MS analysis for white rice.
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I ¢ o]
- =2 g

_‘d
e

v M=z
=

o

DA Edo] A go] dojupx] ok, st
iy

3id PLS—DA Afelx B A S &lskr] feke] VIP
score 7} 1 ool thAAIwES Aelx o g g9lsgit}t (Table 5).
SulFAI% In-laboratory library ™ METLIN & o]&3% &%
243 2E $E gARIZE lysoPC, lysoPE, lysoPG £ #2
lysophospholipids (IysoPLs) tAFAZ =2 %k},

Table 5. Identified discrimination marker of white rice.

43 3 Mass per charge ratio (m/z) VIP
53 @ AA 2% Adduct ion score

lysoPE(18:3) 474.261 474.262 [M—H]~ 1.777
lysoPE (18:2) 476.277 476.278 [M—H]~ 1.435
lysoPE (18:1) 478.294 478.293 [M—H]~ 1.478
lysoPC(14:0) 512.300 512.299 [M—H+HCOOH] ~ 3.454
lysoPC(16:1) 538.314 538.315 [M—H+HCOOH] ~ 1.416
lysoPC(18:2) 564.332 564.330 [M—H+HCOOH]~ 1.411
lysoPC(16:0) 540.330 540.330 [M—H+HCOOH]~  1.167
lysoPG(16:0) 483.271 483.272 [M—H]~ 2.464

3.1. 2. Ginseng

ZF 10749 QAF A2 LC—MS A4 A3E EgZ£ PLS-DA S
ojgs] #IH =dS A et wz7FAZ cross—validation ¥

1000—time permutation test & Z&slo] 2 3te yhdE o]

%% %, VIP score & ©o]&3to] ¥ tiAbAE Eelskitt

ol A
¥ A3 Figure 33 2ol 459 A= bE A4 FFo] ZE3sHI
AHE RS AT = Q)

16



LC (

p<0.001)

* PG
* PN
* PQ

VG

1

1

Component 2 (24.5%)

.ﬁ.

Component 1 (46.1%)
[ R2: 0.991

Q2: 0.958

Figure 3. PLS—DA result of LC—MS analysis for ginseng.

Table 6 = VIP score 7} 1 o]2+<l

HARAIE e’ Zlolth

Waters MS & o] &3 249 A =7l Agilent MS o H]&|

AeE o

7S5tk 4 B9 BA dAAE

o $-

gojA 22 I

=
574

s

A A2 744

E% ginsenoside & &l¥ gt}

Table 6. Identified discrimination marker of ginseng.

Mass per charge ratio (m/2) VIP
AE T -

573 # Adduct ion score

Ginsenoside Rg2 783.5 [M-H]~ 3.257
Ginsenoside Re 945.5 [M—H]~ 2.456
Ginsenoside Rb1 1107.5 [M-H]~ 2.895
Quinquenoside R1 1149.2 [M—H]" 1.040

17



3. 2. Target compounds characterization

3.2.1.Rice

LC-MS A#E &3 2 9] lysoPL 7} 2 & thAkA7F 2
T SEe FAdsith Bl AR #dl® lysoPL
Phospholipid (PLs) % fatty acid 7} 3tv= T4 PL S 23l
2 U9 lysoPLs & &9 A& AE, 53] amylose 9 Adsto]
starch—lipid 2= S5 F2E5 I4, 29 54 2 FHAE
AYst= wg Fost dio=w dEA Aok [34]. 94 DI-
MS £ o ¢k g7 tAA|E2] daughter ion RS &H, g7
A 2 483 FAlel MRM transition = Ag]3ATh
uFA ©o 7 |lysoPC ¥ positive ion mode 94 2 ZAEE
HoFY lysoPC & A3t Y™ A] lysoPLs ¢ 7% negative ion
mode oA %2 FIEE Uehdle= Bz (A gl71el product
ion scan 2] lysoPC + positive, lysoPE, lysoPG £ negative ion
mode & ©]&3}3tH17]. Figure 4 & #<Is3ls W lysoPC 9
A9 m/z 184.1, [phosphocholine+H]" ion ©] &4 74 4
olzdste] 49 #IAQe] 7M& intensity 7} ¥+ daughter
ion 2% uUetus= e &9 & 5 gk Wb lysoPE ¥
lysoPG ¢ A% &g AEIWY 5AZAQ daughter ion
(lysoPE=m/z196.1, lysoPG= m/z153.1) o|9lo|x AgH 13t
fatty acid &] spectrum ©] 7} intensity 7} %< daughter ion &%
Uikt As A8 5 Ao HFHe® ZF thAAlS product
ion scan mode oA &l ¥ 7} intensity 7} %< daughter ion &

3

3 HEX Al precursor ion ¥ 4 MRM

=
=

-

DI-MS & o]&
transition = A st}
AERAE JAA FH ARG g Ao EASe

A uFAke myristic acid (C14:0, 0.2%), palmitic acid (C16:0,
15.6%), palmitoleic acid (C16:1, 0.2%), stearic acid (C18:0,

1.4%), oleic acid (C18:1, 39.4%), linoleic acid (C18:2, 40.6%),
18



linolenic acid (C18:3, 1.5%)2 vH|&=Z &AstH 54 &4 75
o] 49

lysoPLs =3t
= & Al5A

=

Aupare o] 9lA
=4 ®a 9 o)z

e},

ool uwpz} o

A5k
ZTAgg oz o]Fo]x it} [35].
grobdl ¥ giAbAIQ] lysoPLs 9 A 1 F7F

FAN ez A wE, RS S AA B A=
& lysoPLs & &4 2=y Wy Jide Jdssith
lysoPLs = lysoPC, lysoPE, lysoPG o] 9] of| I=.
lysophosphatidlyinositol (lysoPI), lysophosphathydylserine
(lysoPS) 4 lysophosphatidic acid (lysoPA)<2] subgroup =
7FAl AL Qlth BE lysoPLs 9 & 8k oRE Flely] 95k

product ion scan & &3t fragmentation pattern = 2Q1sH O Z M
A% += adduct o #AES T AE AYE T T 17 FY
= HEHow FAsy 2472l MRM transition <

B} lysoPLs

278ttt (Table 7~10).

AdOSAT DdosAT

0Josi

Palmitic acid (16:0)

Linoleic acid (18:2)

_—
-
S’

Sspunupaspey

—_—
[R—)

(]
A =

Spuony 2

(Phosphacholine] LysoPC(16:0) ( b) (Phosphochnioe] LysoPC(18:2)
184.1 Precursor fon : 496.3 Precursor lon : 520.3
-Hop Intensity of highest spectrum (184.1) : 169163 Intensity of highest spectrum (184.1) : 67390
HOP
1041 Z
3
s
H
E | 1041
_[Palmitic acid-OH] b {Linolelc acki OH] l:g'*;]
o[l ;9531 H.0 [ 330
N1 Phosphocholine] 11 [M+H-Fhosphocholine| 5023
2581 3133 | ] 258.1 337.3
100 200 300 400 500 600 iz 100 200 300 400 500 600
[Palmitic acid W] LysoPE(16:0) (d ) [Linoleic acid-H] LysoPE(18:2)
2552 Precursor fon = 452.3 1 me2 Precursor ion : 476.3
Intensity of highest spectrum (255.2) : $3421 Intensity of highest spectrum (279.2) : 39537
=
E
H
NI-H-Palmitic acid] [M-H] M. Linolele achi] [
L v a5z ! o6 1 4763
L . - — 1 4
% 100 200 300 400 500 o0 /e 100 200 30 A 00 0

!

LysoPG(16:0)
Precursor lon : 483.3
Intensity of highest spectrum (255.2) : 89187

[Palmitic acid-1]
2552

IC)

LysaPG(18:2)

recursor ion : 5073

ILimolee acid 1}

Intensity of highest pdm-n_l‘l‘!l] 11087

Figure 4. The MS/MS fragmentation

presentative lysoPCs.
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Table 7. The m/z of [fatty acid—H] ™ ion in negative ion mode.

14:0 16:0 16:1 18:0 18:1 18:2 18:3
(myristic (palmitic (palmitoleic (stearic (oleic (linoleic (linolenic
acid) acid) acid) acid) acid) acid) acid)
fatty 9975 2852 253.2 283.2 2812 279.2  277.2
acid—H]

Table 8. The m/z of lysophospholipid precursors.

Ton type 14:0 16:0 16:1 18:0 18:1 18:2 18:3
lysoPC M+ 468.3  496.3 494.3 524.3 522.3 520.3 518.3
IM—H]~ 4243 452.3 450.3 480.3 478.3 476.3 474.3
lysoPE
[M—H+HCOOH]~  470.3  498.3 496.3 526.3 524.3 522.3 520.3
[M—H] 455.3  483.3 481.3 511.3 509.3 507.3 505.3
lysoPG
[M—H+HCOOH]~  501.3  529.3 527.3 557.3 555.3 553.3 551.3
IysoP] IM—H]~ 543.3  571.3 569.3 599.3 597.3 595.3 593.3
[M—H+HCOOH]~  589.3  617.3 615.3 645.3 643.3 641.3 639.3
Iys0PS IM—H]~ 468.3  496.3 494.3 524.3 522.3 520.3 518.3
[M—H+HCOOH]~  514.3  542.3 540.3 570.3 568.3 566.3 564.3
[M—H] 381.3  409.3 407.3 437.3 435.3 433.3 431.3
lysoPA
[M—H+HCOOH]~  427.3  455.3 453.3 483.3 481.3 479.3 477.3
Table 9. The list of identified lysophospholipids.
Ton type 14:0 16:0 16:1 18:0 18:1 18:2 18:3
lysoPC [M+H]* 0 0 0 0 0 0 A
lvSoPE [M—H] - 0 0 0 0 0 0 0
v [M—H+HCOOH] X X X X X X X
[M—H] - 0 0 A X 0 0 X
lysoPG  [M—H+HCOOH] X X X X X X X
lvsoPl IM—H]~ X X X X X X X
yso [M—H+HCOOH] X X X X X X X
1vsoPS IM—H]~ X X X X X X X
v [M—H+HCOOH] X X X X X X X
lvsoPA [M—H] X X X X X X X
yso [M—H+HCOOH] X X X X X X X
20



Table 10. The characteristics of 17 targeted phospholipid species.

£ ginsenoside 2] precursor & #x}#o] =

9lt}. Table 11 9 Figure 5 & olgfst A& #
J}]—O%TE]' o:“ E
1149.2 &

T+ ginsenoside Rd ¢] precursor ion ¥}

daughter ion ©]
ginsenoside ¢
quinquenoside R1 2] precursor ion Q1 m/z
B}l © & product ion scan & ¢ 7% ginsenoside Re,
Aol FAd m/z945,
9l ginsenoside Rbl 2] precursor ion 9o A3 L m/~z
1107.5 7} A= s A 5 ook

2 ol¥ygd A§ DI-
MS oA m/z 11075 & Eow EH®E =4

_

~HEY

rlo

21

Ton QB o Precursor Precursor Product ion Product
mode = ion type ion (m/z) type ion (m/z)
lysoPC(14:0) [M+H]* 468.3 [Phosphocholine] * 184.1
lysoPC(16:0) [M+H]* 496.3 [Phosphocholine] * 184.1
Positive lysoPC(16:1) [M+H]* 494.3 [Phosphocholine] * 184.1
lysoPC(18:0) [M+H]* 524.3 [Phosphocholine] * 184.1
lysoPC(18:1) [M+H]* 522.3 [Phosphocholine] * 184.1
lysoPC(18:2) [M+H]* 520.3 [Phosphocholine] * 184.1
lysoPE(14:0) [M—H]" 424.3 [Myristic acid—H] ~ 227.2
lysoPE(16:0) [M-H]~ 452.3 [Palmitic acid—H] ~ 255.2
lysoPE(16:1) [M—H]" 450.3 [Palmitoleic acid—H] ~ 253.2
lysoPE (18:0) [M—-H] "~ 480.3 [Stearic acid—H] ~ 283.2
lysoPE(18:1) [M—H]" 478.3 [Oleic acid—H]~ 281.2
Negative lysoPE(18:2) [M—-H] "~ 476.3 [Linoleic acid—H] ~ 279.2
lysoPE(18:3) [M—H]" 474.3 [Linolenic acid—H]~ 277.2
lysoPG (14:0) [M—H]" 455.3 [Myristic acid—H] ~ 227.2
lysoPG(16:0) [M-H]~ 483.3 [Palmitic acid—H] ~ 255.2
lysoPG(18:1) [M—H]" 509.3 [Oleic acid—H]~ 281.2
lysoPG(18:2) [M—-H] "~ 507.3 [Linoleic acid—H] ~ 279.2
3. 2. 2. Ginseng
LC-MS &4 A3}, F 4 59 ginsenoside 7} ¥ fiAA =
gl ATk sHAIRE 14 A9 & Bl tiARAIQ] lysoPLs 9
2ol Ak H=ZE precursor ion o EA}#3 daughter ion 9
WAkl gAsl FEEE A e, 54 ginsenoside 9



quinquenoside R1 2] daughter ion ¢ %3} ginsenoside Rbl 9]
precursor ion 2 $FHFE EAlo] E3HEA Hrh LC & e AE
TEE A&t A%t A Fole ginsenoside ¢ Fiol uhef
HE5 AlZEe] o]zt whAstm R 52 FAd & FE7 flouy
DI-MS & o4 A% 4% ¥t Agsx gonz 5%
A ERO] oWl ginsenoside EHE fFHlE ZAA &Rl
o H YA = EAIF o] ATt

ThAl el DI-MS oA 57
A A3z =Ed AHERC] e
ion ¥ daughter ion & FA
lysoPLs = &3 ©d AHEY

F= Zolth

A Blow A A
5l ginsenoside ¢ precursor
| o 2 B2 A = =)

54 gielet A4 5 g

o2 M

2

ftlo

Table 11. Fragmentation patterns of the four target ions from ginseng.

Target ion Fragment Fragmentation Target ion Fragment Fragmentation
1107 459.3 aglycone for PPD type 783 459.3 aglycone for PPD type
621.4 783—Glc 621.4 783—Glc
764.7 783—water 637.4 783—xyl,Ara
783.5 945-Glc 783.5 fragment from others

945.5 1107=Glc

1107.5 Rbl+ fragment from others

945 459.3 aglycone for PPD type 1149 459.3 aglycone for PPD type
475.3 aglycone for PPT type 621.4 783—Glc
621.4 783—Glc 765.5 783—water
637.4 783—Glc 783.5 945-Glc
765.5 783—water 926.3 945—water
783.5 945-Glc 945.5 1107-Glc
945.5 parent+ fragment  from 1088.5 1107—water
1107.5 1149- (Acetyl—H)
1149.2 Quingenoside R1
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Ginsenoside Rb1

+
Quinquenoside R1-(Acetyl-H)
PQ (1149) 7S
Ginsenoside Re

100

+
Quinguenoside R:I.—(AcetyI-H)-GlIt:i
- 0§85

179 Intensity : 1.56e6
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Figure 5. Fragmentation pattern of m/z 1149 on DI-MS analysis.

webA ginsenoside 9 2 thARAS] A HEES S 54
s Wl dARAE AAskA ko wE AR 9] precursor ion
2l o]9] daughterion & m/z %k WHE ¥HE AR EH o] & sfjofrt
sof. AAR #E S HHow @ g Fol #H UAAES
THetAl otE m/z FHWEE o] &35t ¥

G

S HEsE= Ao

3. 3. DI-MS analysis and data exploration-box plot
with PCA

3.3.1.Rice

1759 lysoPLs & thAto® % 430 H9 & A g5 243t
FAMAZ Batch A ¢ 5 7| 15 (100%K, 100%C, % <
K/25%C, K/50%C, K/75%C) ZAI}= o]&, PCA =
AFo EEE AFSE o™ ZF ALY intensity 7]HFOE EFA
23S AZsd. Figure 6-(@)5 Aywd 100K 2
100%C 9 A% vz ZgstA #de] dojus 2AE AT F
Atk AT £ A A5 A AR o] BUMsE AER
:L—E*O] THEA A5 &2AT 4 vt Batch B(Figure 6—(b))
TS Batch A 9F wizb7bA] o] A9E HojFa1 Qi

L Eg
o] g

i
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Figure 6. PCA analysis of white rice DI-MS result: (a)Batch A and
(b)Batch B.

Ui 2% (Figure 7)= SellME pRb7bx el Aobs &9 &
Atk 100%K % 100%C ¢ 7% vlwd st/ trrde 5%
Aol7h EeyAwt 9 2o HAbAl sREE FsiAe Bl

=7Fsel 7Hgh Solst AL diAbAlel w3 A ¥A o] Batch
A (Figure 7—(a)), Batch B(Figure 7— (b)) oA ZA th=2%] thi=
Holrh, Anbzow = oMz lysoPC s&7F EA Yehta
9o 3t #o|x= |lysoPE 7 28 LS HolFu itk =
Ael A lysoPLs o wko] Ao 2 dF= wAA
dom Auj g0l dAA Y] sk, 53] lysoPLs o] kol d&F=
n3teE AS vA X AHE SEA A5 & Ak
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Figure 7. Box plots of the relative differences in 17 lysoPL

concentrations.
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3. 3. 2. Ginseng

4 Fo A=E vgE AdA (P ginsengPG, P. notoginseng;PN,
P.quinquefolius;PQ, P.vietnamensis;VG), < WAooz ZH3
4 F°] ¥ AAIE el ®E Sl precursor ion % daughter
ion & AMEY HAHWE FHPTE QA ARl A9 single ion
monitoring (SIM) & ©]4-3] 413t precursor ion ¥ ¥ thARA =
AFgE w4l daughter ion scan mode = ©]£€3}9] daughter
ion 7FA W dAMAR X3 AFS wel AAE vastelth
Figure 8—(a)+= precursor ion W T tiAlA| 2 AFEES S W] 9
PCA plot ©|™ Figure 8—(b) = precursor ion % ©]2¢] daughter
ion 744 HE AR 23 AZlS W PCA &3 otk F A
EF 4 F AR vgE 4e WH AHRUr ey 59
daughter ion & X3S wlo] Ayt 19X &2 Aol vl

= ]:g
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Figure 8. PCA analysis of ginseng DI—MS result: (a)four precursor

ions and (b)precursor ions with their daughter ions.
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Figure 9. Box plots of the four discrimination precursor ions and their

daughter ions.

3. 4. Machine learning

3.4.1.Rice

Batch A, Batch B & #4] Z3& RF, SVM, C5.0, NNet, kNN 2]
55 %9 A % w8 M A8s] wEe Amshin,

=]
Training set = ©]&3to] ¥ BAlS A239001 test set =
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¥4 AyE EUE Boruta wrapper algorithm & %3 o34 =4
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Figure 10. Feature selection for the white rice discrimination

experiment.
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Table 12 o 3E7]= o] Ut}
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Table 12. The tuning parameters of the selected discrimination models
for 2014 and 2015 white rice.

Discrimination RF SVM C5.0 NNet kNN
Batch A (2014 white rice)
K vs K/25%C
mtry 11  Sigma 0.13  Model Rules  Size 16 k£ 11
C 3.07 Trials 5 Decay 3.9E-5
Winnow False Bag True
K vs K/50%C
mtry 5 Sigma 0.13  Model Rules  Size 16 k£ 11
C 3.07  Trials 5 Decay 3.9E-5
Winnow False Bag True
K vs K/75%C
mtry 1 Sigma 0.02  Model Rules  Size 2 k7
C 0.20  Trials 5 Decay 0.38
Winnow False Bag True
KvsC
mtry 1 Sigma 0.01 Model Rules  Size 1 k 7
C 0.20  Trials 5 Decay 0.29
Winnow False  Bag False
Batch B (2015 white rice)
K vs K/25%C
mtry 1 Sigma 0.13  Model Rules  Size 14 Kk 7
C 35.38  Trials 18 Decay 4.0E-5
Winnow False Bag True
K vs K/50%C
mtry 1 Sigma 0.01  Model Rules  Size 1 k£ 5
C 4.13  Trials 18 Decay 0.016
Winnow False Bag True
K vs K/75%C
mtry 1 Sigma 0.03  Model Rules  Size 1 k£ 9
C 1.08  Trials 18 Decay 0.02
Winnow False Bag True
KvsC
mtry 1 Sigma 0.01  Model Rules  Size 1 k£ 9
C 0.10  Trials 4 Decay 0.02
Winnow  True Bag True
A HelvHE ol gs) E RAe AL, test set & A4
A= obgiel #h (Table 13)
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Table 13. The predictive performance of different classifiers for the test
sets of 2014 and 2015 white rice.

Experiment Method Accuracy Sensitivity Specificity PPV NPV
Batch A (2014 white rice)
K vs K/25%C RF 0.75 0.80 0.70 0.73 0.78
SVM 0.85 0.7 1.00 1.00 0.77
C5.0 0.70 0.60 0.80 0.75 0.67
NNet 0.90 1.00 0.80 0.83 1.00
kNN 0.75 1.00 0.50 0.67 1.00
K vs K/50%C RF 0.95 1.00 0.90 0.91 1.00
SVM 1.00 1.00 1.00 1.00 1.00
C5.0 0.90 1.00 0.80 0.83 1.00
NNet 0.95 0.90 1.00 1.00 0.91
kNN 0.95 1.00 0.90 0.91 1.00
K vs K/75%C RF 1.00 1.00 1.00 1.00 1.00
SVM 0.95 0.90 1.00 1.00 0.91
C5.0 0.95 0.90 1.00 1.00 0.91
NNet 1.00 1.00 1.00 1.00 1.00
kNN 1.00 1.00 1.00 1.00 1.00
KvsC RF 1.00 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00 1.00
C5.0 0.95 0.90 1.00 1.00 0.91
NNet 1.00 1.00 1.00 1.00 1.00
kNN 1.00 1.00 1.00 1.00 1.00
Batch B (2015 white rice)
K vs K/25%C RF 0.92 1.00 0.83 0.86 1.00
SVM 0.92 1.00 0.83 0.86 1.00
C5.0 0.83 1.00 0.67 0.75 1.00
NNet 0.83 1.00 0.67 0.75 1.00
kNN 0.67 1.00 0.33 0.60 1.00
K vs K/50%C RF 1.00 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00 1.00
C5.0 0.92 1.00 0.83 0.86 1.00
NNet 0.92 1.00 0.83 0.86 1.00
kNN 0.83 1.00 0.67 0.75 1.00
K vs K/75%C RF 1.00 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00 1.00
C5.0 1.00 1.00 1.00 1.00 1.00
NNet 1.00 1.00 1.00 1.00 1.00
kNN 0.92 1.00 0.83 0.86 1.00
KvsC RF 1.00 1.00 1.00 1.00 1.00
SVM 1.00 1.00 1.00 1.00 1.00
C5.0 0.92 0.83 1.00 1.00 0.86
NNet 1.00 1.00 1.00 1.00 1.00
kNN 1.00 1.00 1.00 1.00 1.00
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Table 14. The tuning parameters of the selected discrimination models
of 2016 white rice.

Discrimination RF SVM C5.0 NNet kNN
K vs K/5%C
mtry 6 Sigma 0.12 Model Rules  Size 3 k 1
C 3.07 Trials 52 Decay 3.7E-5
Winnow False Bag True
K vs K/10%C
mtry 1 Sigma 0.12 Model Rules  Size 9 k 5
C 3.07  Trials 52 Decay 2.1E-3
Winnow False Bag True
K vs K/15%C
mtry 2 Sigma 0.13 Model Rules  Size 9 k 5
C 3.07 Trials 52 Decay 2.1E-3
Winnow False Bag True
K vs K/20%C
mtry 1 Sigma 0.01 Model Rules  Size 1 k 5
C 6.65  Trials 52 Decay 3.9E-3
Winnow False Bag True
K vs K/25%C
mtry 2 Sigma 6.5E-3  Model Rules  Size 3 k£ 11
C 9.45  Trials 5 Decay 3.7E-5
Winnow False Bag True

Batch C 9] test set & 283 ¥8 ZAi}= Table 15 o4 &g
T Atk Av QA E Batch C ¢ 100%K vs K/25%C A3+ Batch
A, Batch B 9 100%K vs K/25%C A9} A3 FAR A3=
Bol&Et}h Batch C oA % RF ¢ SVM o] 7}4 3 2
duglFor FAHgoer Y LduyEFS K/AH%C g
o]l 918 Agxa #E 7ted FJxe ¢t wE B
A& 3Th KNN 2 K vs K/5%C A= 73 A5 BojFu
O% e wd Ade F4 XSk NNet 9 C5.0 &
IdFelA £ 9 A3E HAh 1A FrEE A3 NNet

fr o my
fo ru o rlo

kNN 9] negative prediction value 7} 25 1.00 & e
Ath= Ao =w o] s T3 Ao 23 ofFnks ddsts
I RdZAE 100% 9 AEEE A3t 2S on| st}
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Table 15. The predictive performance of different classifiers for the test

sets of various mixing ratios of 2016 white rice.

Experiment Method Accuracy Sensitivity Specificity PPV NPV
K vs K/5%C RF 0.80 0.80 0.80 0.80 0.80
SVM 0.90 1.00 0.80 0.83 1.00
C5.0 0.65 0.80 0.50 0.62 0.71
NNet 0.70 1.00 0.40 0.63 1.00
kNN 0.85 1.00 0.70 0.77 1.00
K vs K/10%C RF 0.85 0.90 0.80 0.82 0.89
SVM 0.90 1.00 0.80 0.83 1.00
C5.0 0.75 0.80 0.70 0.73 0.78
NNet 0.75 1.00 0.50 0.67 1.00
kNN 0.70 1.00 0.40 0.63 1.00
K vs K/15%C RF 0.90 1.00 0.80 0.83 1.00
SVM 0.90 1.00 0.80 0.83 1.00
C5.0 0.75 0.80 0.70 0.73 0.78
NNet 0.80 1.00 0.60 0.71 1.00
kNN 0.80 1.00 0.60 0.71 1.00
K vs K/20%C RF 0.90 1.00 0.80 0.83 1.00
SVM 0.90 1.00 0.80 0.83 1.00
C5.0 0.80 0.90 0.70 0.75 0.88
NNet 0.75 1.00 0.50 0.67 1.00
kNN 0.85 1.00 0.70 0.77 1.00
K vs K/25%C RF 0.90 1.00 0.80 0.83 1.00
SVM 0.90 1.00 0.80 0.83 1.00
C5.0 0.80 0.70 0.90 0.88 0.75
NNet 0.85 1.00 0.70 0.77 1.00
kNN 0.80 1.00 0.60 0.71 1.00

3 7§el batch & EF udlSs W RF 9 SVM €a1e]5o]
7 e i dauggo s gl Holo
33



3. 4. 2. Ginsenoside

AL A5S] S T 49 279 HEHE Al 3gs)oF st
I H AEY F7F 10 JHE & vl wf-- Aok 23 & A5 s}
22 boruta wrapper algorithm & ©]&3fo] e on] Q=
Hes m2 A SR gskrlel #d EdS AlFstr) =
Ao FA4 42 e JHEsidr & dn. v
Id5s 7IA sEe w3 FAll wdE A d 2ds
BFrretz] 9% VlEe®A 1 9 1 2 Esks F99 gy g,
5olk, dAHdsE EU SAHAdSEE VIEe®E AFEE7]
FAgetER Agrvks 74 sts dagFY 7Y s ASsH]
st A2 AFESISITE 4 T AR o A AIEE &)
At HA 9 sjefvu]E = Table 16 ¥ Zt.

Table 16. The tuning parameters of the selected discrimination models

of four ginseng cultivars.

RF SVM C5.0 NNet kNN
mtry 26 Sigma 1.02  Model Rules Size 3 k 1
C 23.268  Trials 5 Decay  4.76E—3

Winnow  True Bag True

g AP EES Ea AFY o] test set = =3}
AdreE A A3 RF=0.98, SVM=0.64, C5.0=0.84,
NNet=0.90, kNN=0.97 =Z v I1&F, A2 49 dHoHE

o] g wE md AN YA FFE we Hold W
Ais wolgErh o] F RF 4% kNN o] 53 g 33
duglgor Zefdrh 58] RF © &, ite ¥¥¢ me wd
4 AgeM gEAer M sad U sy durlsow
el =3l
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3. 5. Random forest

#dHs A HAY dugser AA"E RF = AA
Eg] (decision tree)E ©]&3te o
shupoltt. A Ed= A4
s BT A ,
7ted derk A glrh. Rk dHolErt A UA A
& TEsH] ofEE W EREel uF Hasta A%
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4. Conclusion
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Abstract

In this study, we suggest Direct Infusion—Mass Spectrometry
(DI-MS) and machine learning based metabomics strategy. This
strategy presents that are significantly improved in terms of
analysis time and discrimination accuracy, compared with
conventional methods that mainly apply column chromatography
and multivariate statistical analysis. To prove the applicability of
the proposed strategy, two differently originated rice (Korean
rice, Chinese rice, and rice mixed at an arbitrary ratio) and four
different cultivars of ginseng (P. ginseng, P. notoginseng, P.
quinquefolius, and P. Vietnamensis) were analyzed and
discriminated using different analytical devices (rice: Agilent
triple quadrupole 6460 system, ginseng: WatersMirco triple
quadrupole mass spectrometer). The marker metabolites for the
classification were revealed as lysophospholipids of rice and
ginsenosides of ginseng by liquid chromatography—mass
spectrometry (LC—MS) result. After that, the marker
metabolites were simultaneously analyzed using a DI—MS—based
approach, which provided an expeditious analysis time of about
30 seconds per sample and excellent sensitivity. In order to
construct discriminant models based on the acquired data from
DI-MS approach, multivariate statistical analysis (principal
component analysis and partial least squares discriminant
analysis) and machine learning classifiers (random forest,
support vector machine, C5.0, neural network, and k—nearest
neighbor) were applied and evaluated, respectively. As a result
of discriminant analysis, especially, two kinds of rice and four
kinds of ginseng were discriminated more accurately when using
machine learning classifiers. In particular, random forest showed
highly precise discrimination results to discriminate mixed rice
samples mixed into about 5% which cannot be determined by
multivariate statistical analysis. In conclusion, DI-MS and
machine learning based metabolomics strategy for the
discriminant analysis is highly suitable method for experiments
requiring large samples, quick speed, and excellent
discrimination accuracy.

Keywords: Discriminant analysis, Direct infusion—mass
spectrometry, Machine learning
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Supporting information

Table S1. Detailed information of korean white rice cultivars

Ao U= 2014 (Batch A) 2015 (Batch B) 2016 (Batch C)
Korea Label Cultivar Label Cultivar Label Cultivar
KR1 Choochung KR1 Choochung KR1 Ode
KR2 Ode KR2 Samgwang KR2 Hopyeong
KR3 Samgwang KR3 Samgwang KR3 Samgwang
KR4 Senoori KR4 Shindongjin KR4 Samgwang
KR5 Hopyeong KR5 Choochung KR5 Shindongjin
KR6 Hitomebore KR6 Ode KR6 Ilpum
KR7 Ilpum KR7 Ode KR7 Shindongjin
KR8 Shindongjin KR8 Hopyeong KR8 Choochung
KR9 Shindongjin KR9 Shindongjin KR9 Jinsang
KR10 Ode KR10 Ilmi KR10 Ode
KR11 Samgwang KR11 Samgwang KR11 Samgwang
KR12 Ode KR12 Ilpum KR12 Samgwang
KR13 Samgwang KR13 Choochung KR13 Senoori
KR14 Samgwang KR14 Ilmi KR14 Ilmi
KR15 Jinsang KR15 Ilmi KR15 Hitomebore
KR16 Koshihikari KR16 Jinsang KR16 Koshihikari
KR17 Choochung KR17 Hitomebore KR17 Choochung
KR18 Choochung KR18 Koshihikari KR18 Ode
KR19 Samgwang KR19 Choochung KR19 Ode
KR20 Choochung KR20 Ode KR20 Ode
KR21 Ode KR21 Choochung
KR22 Ode KR22 Choochung
KR23 Ilmi KR23 Ilmi
KR24 Ilmi KR24 Samgwang
KR25 Samgwang KR25 Choochung
KR26  Shindongjin KR26 Samgwang
KR27 Ode KR27 Shindongjin
KR28  Ilmi KR28  Ilmi
KR29 Ilmi KR29 Ilmi
KR30 Choochung KR30 Ode
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Table S2. Detailed information of chinese white rice cultivars

An A= 2014 (Batch A) 2015 (Batch B) 2016 (Batch C)

China Label Cultivar Label Cultivar Label Cultivar
CN1 Dongbeidami CN1 Dongbeidami CN1 Dongbeidami
CN2 Zhenzhumi CN2 Zhanglixiangmi CN2 Dongbeidami
CN3 Zhenzhumi CN3 Baijinxiangmi CN3 Youjidami
CN4 Dongbeidami CN4 Zhenzhumi CN4 Zhenzhumi
CNb Daohuaxiang CN5 Youjidami CN5 Baijinxiangmi
CN6 Xuejingdao CN6 Yalujiang 7 xi CN6 Zhenzhumi
CN7 Zhanglixiangmi CN7 Dongbeidami CN7 Dongbeidami
CN8 Wuchangdami CN8 Shengtaidao CN8 Daohuaxiang
CN9 Youjidami CN9 Yatianmi CN9 Daohuaxiang
CN10 Daohuaxiang CN10 Lusedami CN10 Yalujiang 7 xi
CN11 Fuxiangdao CN11 Xuejingdao CN11 Wuchangdami
CN12 Jinjingdao CN12 Fuxiangdao CN12 Yueguangdaoxi
CN13 Dongbeidami CN13 Daohuaxiang CN13 Jinjingdao
CN14 Zhanglixiangmi CN14 Zhanglixiangmi CN14 Xuejingdao
CN15 Yatianmi CN15 Zhenzhumi CN15 Daohuaxiang
CN16 Daohuaxiang CN16  Wuchangdami CN16 Lusedami
CN17 Youjidami CN17 Zhanglixiangmi CN17 Zhanglixiangmi
CN18 Youjidami CN18 Daohuaxiang CN18 Youjidami
CN19 Baijinxiangmi CN19  Youjidami CN19  Youjidami
CN20 Wuchangxiangmi CN20 Daohuaxiang CN20 Yatianmi
CN21 Dongbeidami CN21 Yalujiang 3 xi
CN22 Lusedami CN22 Fuxiangdao
CN23 Shengtaidao CN23 Shengtaidao
CN24 Zhonghuahemi CN24 Zhonghuahemi
CN25 Yueguangdaoxi CN25 Daohuaxiang
CN26 Zhanglixiangmi CN26 Zhanglixiangmi
CN27 Yalujiang 7 xi CN27  Youjidami
CN28 Yalujiang 3 xi CN28 Wuchangxiangmi
CN29 Daohuaxiang CN29 Zhanglixiangmi
CN30  Youjidami CN30 Dongbeidami
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Figure S1. Spectra of targeted lysoPCs for rice discrimination
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Figure S2. Spectra of targeted lysoPEs for rice discrimination
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Figure S3. Spectra of targeted lysoPGs for rice discrimination
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File S1. R based code for making random manner for blended rice

R 7|4Fe] #E=3= RStudio (version 1.0.143)S o]&3}o]
7533l th RStudio & 7124 <1 7|5 otgsel #r}

@ Rstudio o - X
File Edit Code View Plots Session Build Debug Profile Tools Help

Q- c2- @ BB ~ Addins ~ K project: (None) =
(] Untitled1* | svm.test1 ]|l Environment History -
: " IE IHRE
31 | [ [Jsourceonsave | Q 7 ~#Run 5% | Source - & | | (4 import Dataset ~ i |
1 set. seed 1-0 # 1O ref e ) Global Environment =
; ' : L A HolE
3 i 10
4 f 3 in 10 samples / agt "
5- . knn. test2 Factor w/ 2 levels "neg”,"pos"..
6 x - samplec1:10, 3, replace - ) models chr [1:3] "gIm" "1da" "rpartsc.
7 y[i] < paste(x[1],x[2],x[3], sep=" + ") rf.test2 Factor w/ 2 levels "CN","KR": _
8 1 R @ ssummary Large 1ist (6 elements, 4.4 Mb)
9 y # to get the list of 3-sample combined , W o
svm, test2 Factor w/ 2 levels “"neg”,"pos"..
x int [1:3] 37 10
y chr [1:10] "6 + 3 + 4" "7 + 1 .. v
Files Plots Packages Help Viewer =0
B Export ~
AE 3y
g op Level ¢ RSaipt :
Console =0

> a = 10 # total number of samples ~
Z q} sto|
>y =1 # the first value which mean sample 1 =4 = !

> # the below code is for generating random set of 3 in 10 samples
> for (i in 1:a) {

+ x = sample(1:10, 3, replace = F)

+  y[i] <- paste(x[1],x[2] .... [TRUNCATED]

>y # to get the list of 3-sample combined
[1] "6 + 3 +4" "7 +1+2" "3 4+#10+ 5" "S+ 6+ 10" "2 + 6+ 3"
[6] "S+ 1+ 3" "44+8+7 "7+ 10+ 3" S+ 7 4+ 9" "3 47 4 107

233kl Alt+Cntl+Enter &
2Agow Qs g

o o

= =

g Add =2 g

# A= AA
set.seed(10)
- AEE AAetE AoR &35 ke xE vyEA dEHETE

O S el 4.

# A

s

SRl
a=10

# AE AF A Y
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y=1

# A& v A=
for (iin 1:a) {
x = sample(1:10, 3, replace = F)
Y[l] <— DaSte (X[l],X[Z] , X [3], Sep:” + ”)
)

[11"6 +3+4"[2]1 "7+ 1+2"[3] "3+ 10+5" [4] "5 + 6 +
10" [51 "2+ 6+ 3" [6] "5+ 1+ 3" [7] "4 + 8 + 7" [8] "7 +
10+ 3" [9] "5 + 7 + 9" [10] "3 + 7 + 10"
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File S2. Data treatment procedures (LC—MS)

BE LC-MS 4 A¥+= mzdata L0 E A st & MZmine
2.23.5 ol&d AAYE AFsrh 2 AgelM= ofdliel 22
@A 9 Y uEE ol &stel 23 QA B4 A dHolHE
A et Mz gE 5 T AulE olgssirlel -,
A ZFE, base line, noise level 59 FX|7} xfo]7} glor=

dolE] Eqol weh thE A uE S A gatolo} ).

1. Mass detection: Z}Z}e] do]E oA mass spectrum =
stoldt= A © 2| base line & AA 4 noise & A A=

A,
Mass detection & R
MS level 1 1
Mass detector Centroid Centroid
Noise level 1xEb 2.5xEb5

2. Chromatogram builder: mass detection 7oA &<lsl
AWMEHS FAZ M= .

Chromatogram builder & Gl
Min time span 0.1 min 0.2 min

Min height 1xEb 2.5xEb5

m/z tolerance 50 ppm 200 ppm

3. Chromatogram deconvolution: 3+ peak o EAsh=
Be o) AwMERS 247 ehte Wi Agd 4
QES Felahe .

Chromatogram iy Q1A+
deconvolution
Min peak height 5xE3 2xE4
Peak duration range 0.01~2min 0.01~2min
Baseline level 1xE3 1xE4
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4. RANSAC aligner: dlo]¥ z+e] W& A7} base line 9

Zo] =&
hy N

5o TUAA BE dolHE vz g 4.

RANSAC aligner & b,
m/z tolerance 50 ppm 200 ppm
RT tolerance 0.05 min 0.1 min
RT tolerance after 0.1 min 0.2 min
correlation
RANSAC iterations 100000 100000
Min number of points 20% 20%
Threshold value 0.1 min 0.2 min
5. Gap filling: H°IHE 4% 5 #ol Qe F=EFMH=

A9 e G

Gap filling

&

m/z tolerance

100 ppm

6. Export to .CSV: HAg ¥ dolgE A4 3 2oz

LSS v B
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File S3. R based code for machine learning algorithm.

N Sy dudEs o owd we ALE 984 R 7))
NANAEE A B FueEe Ao,

# 7)1 A A
install.packages (c ("modeval","mlbench","caret"))
- Modeval, melbench ¥ caret #7]X = A X,

# 714 =&
library (modeval)
library (mlbench)

library (caret)
- ZH7Ee HrIAE Y.

# Holy 2=
data (Riceclassification)
- A YA HolHE X HolH W2 dgE 4T F
Qlom H Ao+ ‘Riceclassification” & AFE.

# dolg ~Zd (Edold A, HAE Al)
set.seed (0704)
- AEE AAeE R #3F <k wAE vEA YT
A s AE vdo] A4,

inTraining <—
createDataPartition (Riceclassification$rice, p = 2/3, list
= FALSE)

- AAE AEE stE R Edold A, HAE AO®E Holy
JEAS F. p=2/3 > Edold Mo H&S 67%,
HAE Aol vl&& UrA p=1/3 (33%) 2% Fth= 2v],

training <— Riceclassification [inTraining,]
testing <— Riceclassification[—inTraining,]
x <= training[,—9]

y <— training[,9]

x_test <— testing[,—9]
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y_test <— testing|, 9]
AE Egold A 2 HAE A WAS 7Heks) b=

A

suggest_transformation (x)
- Data transformation W & A9 HHS = dAE,
B Ao = Yeo—Johnson ©] A4,

# Edlold M-S o] &t i nd A%

sSummary <— add_model(sSummary, x, y, c("knn",
"nnet", "qda"), modelTag = "Nonlinear", tf="t{2",

’

tunelLength = 10)
sSummary <— add_model (sSummary, x, vy, c("rf",
"rpart", "treebag"), modelTag = "TreeBased", tf="tf2",

tunelLength = 10)

sSummary <— add_model(sSummary, X, vy,

c ("svmLinear", "svmRadial", "svmPoly"), modelTag =
"svmFamily", tf="tf2", tuneLength = 10)

O A S FAES o dtel wE 2d A,
9o] IEE o] gato] HALeh whale] WAl oy dueE
(Nonlinear=Kknn, nnet, qda; Tree based= rf, rpart,
treebag; svmfamily=svmLinear, svmRadial, svmPoly) &
288 sl BAlGl E A glor] ma AL, F7
NS OF A S e

# 717 st daels e &8 vl (Visualization)

suggest_auc (sSummary, time = TRUE, “TreeBased” )

Qe daElFe] a5 Ws wWAsk] dags 1HY

a& Hlal.

- Receiver operating characteristic (ROC) curve 2] Area
under the curve (AUC) 7|HFo. 2 7} &ag]&9]
HAEHUAE F7bsta H24 2 2dS AAE (AUC 7F 1 @

MHerE e ww).

# <dagls ¥ cut—off 474
suggest_probCut (sSummary, "pos")
suggest_probCut (sSummary, "pos", modelTag =
"symFamily")

54



- AFE #4 2d ROC curve 9 cut—off value & &3l
A 29O sensitivity, specificity & &1 o] & F3l
71A s dagls He] HEwA vlurt 7he

# 249 gain ¥ lift &<l

suggest_gain (sSummary, "pos", modelTag =
"svmFamily")
suggest_gain (sSummary, "pos", type = "Gain") &+
suggest_gain (sSummary, "pos", type = "Lift") T+
suggest_gain (sSummary, "pos", type = "PctAcc") HE+=
suggest_gain (sSummary, "pos", type = "Pct")

- B e S A uEl gain B ift s 9
ke AEE AHS s

# 0 RdS 9% VA s dads A 2 HAE A AES
% W oY FUt

knn.test]l <— predict(sSummary$knn_tf2_Nonlinear,
newdata = x_test, type = "prob")

knn.test2 <— predict (sSummary$knn_tf2_Nonlinear,
newdata = x_test)

confusionMatrix (knn.test2, y_test)

rf.testl <— predict(sSummary$rf_tf2_TreeBased,
newdata = x_test, type = "prob")
rf.test2 <— predict (sSummary$rf_tf2_TreeBased,
newdata = x_test)
confusionMatrix (rf.test2, y_test)

- $19 ZE+= k—nearest neighbor ¥ random forest &
AdE ghd mdof gHAE AlS AEs7] fot A4

- HXE Al HE 3 accuracy, sensitivity, specificity,
positive prediction value, negative prediction value #t<

S 2= o)l o
Orj—a“[“/s)\u
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File S3. Interpret machine learning results

Random forest 2} Support vector machine & F7}4] o & =
Avg, yHx] 714 st G sE sdet Ao w g &

ATt
<100%K vs K/25%C>

Random forest

# File S2 o 249 Az A& Jgstd ofgie} T2 dolg 7}
EEdh

40 samples

13 predictors

2 classes: 'A', 'B'

- 40714 Edeold A Uo ME F v 2/3 & AA Edo]

Y AoR FEeta 1/3 & AA HAE Aoz AAsh o
2 13 70Y predictors ((HS=, of7]o| 4= lysoPLs) & ©|&
st el Az 4l wd 7k (validation) X8, g A
HAE AS A&et7] A HAo 2as A&sr] .

= =5 A BE T 2

>

Pre—processing: centered (13), scaled (13)
Resampling: Cross—Validated (5 fold, repeated 3 times)
Summary of sample sizes: 32, 32, 32, 32, 32, 32, ...
Resampling results across tuning parameters:

mtry ROC Sens Spec
1 0.9458333 0.8833333 0.8500000
2 0.9375000 0.9166667 0.8000000
5 0.9583333 0.9666667 0.8333333
6 0.9500000 0.9666667 0.8166667
7 0.9583333 0.9333333 0.8500000
10 0.9666667 0.9333333 0.8666667
11 0.9708333 0.9333333 0.8500000
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ROC was used to select the optimal model using the largest value.
The final value used for the model was mtry = 11.

- Efolgd AE ol&st Yl Az A F, Asdoer nd
Walglo]d Aol HaH, thekst HolH normalization,
cross—validation & &3] 9= v S A|zst &
sensitivity, specificity 7]¥F2] ROC curve ¥ cut—off at=

N CEEECIER T
Confusion Matrix and Statistics

Reference
Prediction AB

A 83

B27

Accuracy : 0.75
95% CI : (0.509, 0.9134)
P—Value [Acc > NIR] : 0.02069

Sensitivity @ 0.8000
Specificity : 0.7000

Pos Pred Value : 0.7273

Neg Pred Value : 0.7778
Prevalence : 0.5000
Detection Rate : 0.4000
Detection Prevalence : 0.5500
Balanced Accuracy : 0.7500

'Positive' Class : A

- Bd AR o] 20 7l HAE AS AE&E. e #ol
A8 A accuracy, sensitivity, specificity & 7S 74
F7HE sk ddulg ghs g1 7 9lS.
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Support vector machine

# vA7MA R File S2 ¢ 29 A& 3}

dolE 7t =& Eh

40 samples
13 predictors
2 classes: 'A'

' '
,'B

sl

(o]
o= %l

Ayt offel 22

Pre—processing: centered (13), scaled (13)
Resampling: Cross—Validated (5 fold, repeated 3 times)
Summary of sample sizes: 32, 32, 32, 32, 32, 32, ...
Resampling results across tuning parameters:

sigma

0.01263747
0.01603859
0.02219815
0.02368055
0.02802167
0.04611226
0.07868608
0.08953489
0.09875071
0.12820073

ROC was used to select the optimal model using the largest value.
The final values used for the model were sigma = 0.1282007 and

C = 3.065753.

C
9.453257e+00
7.452380e+00
3.623044e—-02
1.997966e—-01
6.650491e+00
8.447141e+00
6.147596e—01
7.816633e+01
1.010494e+03
3.065753e+00

ROC
0.9125000
0.9125000
0.1083333
0.8916667
0.9208333
0.9291667
0.9083333
0.9333333
0.9333333

Sens
0.9333333
0.9000000
0.1500000
0.8500000
0.9166667
0.9166667
0.8500000
0.9166667
0.9000000

Spec
0.8166667
0.8333333
0.1666667
0.8333333
0.8333333
0.8166667
0.8666667
0.8500000
0.8500000

0.9541667 0.9166667 0.9000000

Confusion Matrix and Statistics

Reference

Prediction A
A 7
B 3

B
0
10
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Accuracy : 0.85
95% CI: (0.6211, 0.9679)
P—Value [Acc > NIR] : 0.001288

Sensitivity : 0.7000
Specificity : 1.0000

Pos Pred Value : 1.0000

Neg Pred Value : 0.7692
Prevalence : 0.5000
Detection Rate : 0.3500
Detection Prevalence : 0.3500
Balanced Accuracy : 0.8500

'Positive' Class : A

- Suppor vector machine &

Ao BT FA9 HolHE 9 5 9L,

=
)
m[N
o
of
%
_
[ab)
jm
[N
o
8
o
=
@
u
o

o o A g5 duElF UE HA < ROCE T3]
&3t v = Aolshy (RF=randomly chosen
variables (mtry); SVM=kernel smoothing parameter
(sigma) ¥ cost (C); C5.0=trials, model % winnow;
NNet=size, decay % bag; kNN=the number of
closest training examples (k)), #2 ¢ ¥H nd
AAE f1E Yy 29 w1 ves Fa @
2do] 93 e e e 5 EE FUHE
#1841+ ROC curve, AUC % cut—off value 9]

sensitivity, specificity & ©]&3st= Zo] 7} /83
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File S4. Definition of accuracy, sensitivity, specificity, positive predictive value, and negative predictive value

Condition Positive | Condition Negative
(Korean rice) (Blended rice)

Test outcome True positive (TP) False positive (FP) Positive
positive Korean rice -> Blended rice -> predictive value
(Detected as Detected as Detected as (PPV)
Korean rice) Korean rice Korean rice =TP/(TP+FP)
Test outcome False negative (FN)  True negative (TN) Negative
Negative Korean rice -> Blended rice -> predictive value
(Detected as Detected as Detected as (NPV)
Blended rice) Blended rice Blended rice =TN/(FN+TN)
Sensitivity Specificity
= TP/(TP+FN) = TN/(FP+TN)

Accuracy: Overall correct prediction (TP+TN/TP+TN+FP+FN)
Sensitivity: The proportion of Positive that are accurately identified
Specificity: The proportion of Negative that are accurately identified

PPV: Collection rate of positive test (Korean rice/Detected as Korean rice)

NPV: Collection rate of negative test (Blended rice/Detected as Blended rice)
60
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File S5. Application of multivariate statistical analysis

Principal component analysis (PCA) ¥

discriminant analysis

X&sl7] 98] metaboanalyst &
et gt

2 2=
=R

1. Metaboanalyst.ca

2. Data type: peak intensity table A€

(PLS-DA)ZE  tjxs+=
ol gy, TAAS

partial least square—
g B2

A=

Format: samples in columns (unpaired) A&l

? MetaboAnalyst interpretation

ﬁ 1) Upload your data

a comprehensive tool for metabolomics analysis and

+ Processing

Tab-delimited text (.txt) or comma-separated values (.csv) file:

Data Type: Concentrations

Normalization

sne:tralmnsl ® Peak intensity table |

» Statistics. Format: Samples in columns (unpared)

Dovnload pataFile: || =

Exit

Zipped Files (.zip) :

DataType: NMR peaklt MS peak list

Data File: ELE

Pair Fill: ED)

MS spectra

® ARESh oAl vl g

Name of samples

NAME _[1A 18 1C 2A 28 2C
LABEL [B c D C D
TysoPC(1] 6561 6540 | epeling#03 6041 6121
plysoPC(1] 32033 31533 29839 31888 20683 28879
3lysoPC(1| 64997 63246 61339 64801 63446 61724
4lysoPC(1| 177995 177982 182395 181184 177680 179410

Name of [ ocal s 596 577 617 640 597

variables [eysopc(i] 12106 12022 12020 13395 12975 12926
TlysoPG(I| 2512 2702 2944 2522 2531 2317
BlysoPE(1 195 225 230 190 226 241
|9IzsoPE(1 1475 1565 1631 1513 1693 1958
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3. Missing value estimation & 3%t

Data Integrity Check:

1. Checking the class labels - at least three replicates are required in each class.
2 |fthe samples are paired, the pair labels must conform to the specified format.
3. The data (except class labels) must not contain non-numeric values.

4. The presence of missing values or features with constant values (i.e. all zeros)

Data processing information:
Checking data content .. passed
Samples are in columns and features in rows.
The uploaded file is in comma separated values (.csv) format.
The uploaded data file contains 80 (samples) by 145 (peaks(mz/rt)) data matrix.

Samples are not paired.

2 groups were detected in samples.

Only English letters, numbers, underscore, hyphen and forward slash (/) are allowed.
All data values are numeric.

A total of 0 (0%) missing values were detected.

By default. these values will be replaced by a small value.

Click Skip button if you accept the default practice

Or click Missing value imputation to use other methods

Missing value estimation m I

w

3 G ogto] E=ASA 9= AL Bahu, ¥
Al thre otglare 7 4+ glomw wolE A sl
AASAG A Sz gAHelor . B AFeHE Abde
Az AA A4S AWeA/el ASH AL wE WA

o
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4. Data filtering

Data Filtering:

The purpose of the data filtering is to identify and remove variables that are uniikely to be of use when modeling the data. No phenotype information are used in the filtering process.
50 the result can be used with any downstream analysis. This step is strongly recommended for untargeted metabolomics datasets (i.e. spectral bnning data. peak lists) with large

number of variables, many of them are from baseline noises. Filtering can usually improve the results. For details, please refer to the paper by Hackstadt et al

Non-informative variables can be characterized in three groups: 1) vanables of very small values (close to baseline or detection imit]

or median; 2) vanables that are near-constant values throughout the t (housekeeping or } - these vanables can be detected using standard

deviation (SD); or the robust estimate such as interquantile range (IQR); and 3) variables that show low repeatability - this can be measured using QC samples using the relative

standard deviation{RED = SDimean). Features with high percent RSD should be removed from the subsequent analysis (the suggested threshold is 20% for LC-MS and 30% for GC-

MS). For data filtering based on the first two categories, the following empirical rules are applied during data filtering:

* Less than 250 variables: 5% will be fitered

* Between 250 - 500 variables: 10% will be filtered;
* Between 500 - 1000 variables: 25% wil be fittered:
* Over 1000 variables: 40% will be fiterad;

Please note, in order to reduce the computational burden to the server, the None option is only for less than 4000 features. Over that. if you choose None, the IQR filter will still be

sppiied. In addition, the maximum afiowed number of variables is 000. If aver 8000 variables were lef sfter fitering, only the top 8000 wil be used in the subsequent analysis.

these variables can be detected using mean

4

¥ Fittering festures i their RSDs are > LN 25 % in OC samples |

None (less than 5000 features)
Interquantile range (IQR)
Standard deviation (SD)

5 Median absolute deviation (MAD)

Relative standard deviation (RED = SD/mean) I

Non-parametric relative standard dewiation (MAD/median)

Mean intensity value

Median intensity value

g AA A BB Aow g Hb W AAG

95k 29 2 interquantile range (IQR), standard deviation (SD),

median absolute deviation (MAD), relative standard deviation
RSD) 9 7S Tl Ry EdQs oIS 713
HAEES AL = S, 2 AFoqd= QC sample =

o] g3to] 25% o]Ate] RSD & 7HAE WFES A A%
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5. Normalization

Sample normalization
@ None
Sample-specific normalization (i.e. weight, volume) Click here to specify
Normalization by sum

Normalization by median

Normalization by reference sample (PQN) CN1
Normalization by a pooled sample from group CN

Normalization by reference feature 1

Quantile normalization

Data transformation
» None
Log transformation {generalized logarithm transformation or glog)

Cube root transformation (take cube root of data values)

Data scaling
o None
Mean centering (mean-centerad only)

Auto scaling  (mean-centered and divided by the standard deviation of each variable)

Pareto scaling (mean-centerad and divided by the square root of standard deviation of each varable) I

Range scaling (mean-centered and divided by the range of each variable)

— 2 |

HolHE HAstes dAEA DUy ZFEdses ole
B4, 2) do]¥ transformation, 3) H°|¥ scaling }d& *
Hlo]8 transformation < H|°|H&E Z1 T+ cube root ¥

|
WA 7]+= Floly, Hlo]E scaling & HOlEE W3k A A}

ro

b HeolH

mlo
)
o

M,
lo fu ¥

XS B 0, AP 1 o] HEE AWA sk A4
Transformation % scaling ¢ HZ&2 W9 TS FY3HA
F7ketr] flsk HAgole & & 9,2% 2 ATA = UF 2F5Ed
caffeine & o]&3to] AAHFozZ dHolg HAS Pk,

transformation < %134 3}4] %.TL pareto scaling (mean—centered
and divided by the square root of standard deviation of each
variables) & ©]&3}o] Hloly RAS 3,
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6. Statistics

Univariate Analysis

Fold Change Analysis T-tests \olcano plot

One-way Analysis of Variance (ANOVA)
Correiation Analysis Pattern Searching
Chemometrics Analysis

Pringipal Component Analysis (PCA)

Partial Least Squares - Discriminant Analysis (PLS-DA)

isgriminant Analy

Orthogonal Partisl Least Squares - Discriminant Analysis (orthoPLS-DA}

Feature Identification

Significance Analysis of Microamay (and Metabolites) (SAM]

Empirical Bayesian Analysis of Microarray (and Metabolites) (EBAM)
Cluster Analysis

Hierarchical Clustering: Dendrogram Heatmaps

Partitional Clustering: K-means Self Organizing Map (SOM)

Classification & Feature Selection
Random Forest

Support Vector Machine (SVM

dolg ®HA o]F t—test, ANOVA ¢ &
2] (univariate analysis)E H|%E3}o] PCA, PLS—-DA,
DA ¢} 2 uvpiE A (multivariate analysis) %
forest & 7 714 85 7IWH& 485k Zlo] e
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o .

principal component °] W& A30] ZFE(score plot), &4
-

Z 5% (loading plot) 2 vho] % (biplot) & FRIE 5 Y&

K

FRLOLE

WEOPCLED o EECCODE

1 S * | mEOCER

S yeoPELs . EECOBE

| hysoPCLEL . mECOOE.
t et . wEcoEm
E H:D m] yorrciaz . mECCEE l

-1 yropELaL . mECCEE

yaPCLLD .
e o somgamares iySoPELSD -

yeobEL | e momces |
yeesoiso | ® =l i =
varoin | @
yaspCist

WsePsLL0

.
aeesial |8
.
T

PCA ¢} n}z7FA 2 component ©f W& A5 ZEES Qg
T S5, 53] PLS—-DA oA+ wxE 74 (cross—validation) %
=479 H (permutation test) 5 F3 EES FHUEE Ao
sk olg1d AAE B8 299 accuracy, goodness of fit (R?),
goodness of prediction (Q%) % permutation test ¢ p—value =
e T e = 54 Wy Wl m A= gEE variable
importance in projection (VIP) score & %3 =43t= 7o)
7} &
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File S6. Phospholipids in rice

Ao = A5, w@ia 9 Ao XHg FAE o, FE
Aol A(bran, 19.4%~25.5%) 2 & +(germ, 34.1%~36.5%) °I
ForEo] vk AEE 579 38F 3o wet acylglycerol, free
fatty acid, wax, phospholipid (PL), glycolipid 5°.% &% +=1)
olgst A& FolA PL & H7IBECA AH  o]FS(lipid
bilayer) & @At YA Qo zAM ALY E & T JT=
ddsict & A4 g F oo 10 =5 AAskeE PL &
glycerophospholipid (GPL) % sphingophospholipid (SPL) 9]
TF7HA ZHEHag R FHEEEE ZeAe= GPL 9] EANEO]
sIETE S FALE GPL & AW 5 otdE e~ iy A
53 -4 (starch—lipid complex) & 33/‘46}0% A7)
>4, 797-‘,3 gelatinization %, A%, WAje 7S o] *
Avst s v [42]. 53] o]#d GPL 9] ¢ 7HelaL
1ysophospholipid (lysoPL)& 2ol F9o X ZAZM oldZ A9}
Aztel= AE-A- 50% olds AAsta e 1%9
lysoPL Rbo] A3} AgstA of2 Fel= AT F2 head
group © choline ©] ZAgHE 3FHeel
(lysoPC) % head group ©°l ethanolamine ©] A%
lysophosphatidylethanolamine  (lysoPE)¢]  #lujof  ZA|3h=
T AE-AA FHE LA Atk 53] & AFelA
DAY= & gl AdE-A2 AdEel X HHF(fatty acid) 9
el palmitic acid(C16:0, 48~63%), linoleic acid(C18:2,
25~42%), oleic acid(C18:2, 5%), myristic acid(C14:0, 5%),
stearic acid(C18:0, 1%)ol™ &g AWAke] w4 9 o|xAdst
A7} lysoPL oA FdatAl EAE gl [43,44]. S & AF-0A
AR lysoPLs & dAE—Adolgt & 4 Q.

lysophosphatidylcholine
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AR -2 oldzerel  Asgtsle] A
granule) 2 A3t} opd=EoeAsE YAHAFS 4
ZHA AL glom Aol ol e s FHO FE
acid carbon chain & A% AHZ A webA 54
AA €] head group < FE HMEZHOE whHUR FEHolH o]F
obl 7 @ A —x]2 23+A)] (amylose—lipid complexation) ©] 2}

oF [45]. ARE-AALE opdRoeAvt opUEAHS HE R
e WAshE FAlel ofdEeAVE FIEHE A
ox &Y AR EAS AAse v T
ddste 245 sk A

2y et A5 AUt
ol&= tAl e el T4 7| (ripening period)

Aol &L AR, 53| opdEeA FLEE

w2t non—waxy EFS] 2]

14~18%%1 A& dsdS o, A
ol otdEeA FE Erko] ofyzt o]et Adtst=
= vA Zow 5T F Utk HAAR

Mano, et al &] A7+ F& SN Aujd & 2 wsest 8 oA
A 2As o ®E dAE-AdY E oE txd stHay F
3l Ex3F X HHAF(polyunsaturated fatty acid, PUFA) 9]
SEE SAsIYL F& A AuE Bo] miEdt ol A
A & Boh A5 e §Fe PUFA 55 7HS F9sisiv
[48]. T8t A& T 279 PLs w4 7o wz=2d Ay 2%
Z79] cholinephosphotrasferase ¢ 2 54 49 4L
HgAIl o2 A2 x7o] PLs 9 w5 F S7MAS el
[49,50]. ¥ A9 A tfdQl b= 2 2 F5 A9 lysoPLs &
EPAle® o W4 Ade] mEW lysoPE, lysoPG & T3 &olA
F2 EEE, lysoPC & @5 AolA £ sEE HolFi vk
Head group &¥el welt Ao Wgrt depx = 5 ol A7l
HlalA & o 538 S HolZle= sAIRE, A9 lysoPLs 9

E o
il
s

N

lo
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