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Progress in Mass Spectrometry—based Metabolomics
Data Analysis Techniques
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(1. Agro-biological Gene Research Center, Guangdong Academy of Agricultural Sciences / Guangdong Key Laboratory
for Crop Germplasm Resources Preservation and Utilization, Guangzhou 510640, China; 2. Institute of
Fruit Tree Research, Meizhou Academy of Agricultural and Forestry Sciences, Meizhou 514071, China )

Abstract: Metabolomics technique, as an important part of systems biology, aims to identify and quantify all
endogenous small molecule metabolites in organisms at certain condition. The continuous iteration of mass spectrometry and
nuclear magnetic resonance system facilitate great progress in metabolomics technologies. Among them, mass spectrometry
and related metabolomic techniques have been the most widely used due to their ability to detect thousands of metabolites in
biological fluids, cells and tissues simultaneously, without complex pre—processing steps for sample preparation. Therefore,

the development of tools for mass spectrometry—based metabolomics data analysis has been a hot topic in metabolomics
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research in the past decade. In this review, we systematically summarized the research progress in four main aspects of gas/
liquid chromatography tandem mass spectrometry (GC/LC—MS)—based metabolomics data analysis, including metabolomics data
preprocessing, statistical analysis of metabolomics data, metabolic pathway enrichment analysis, and identification of unknown
metabolites. We mainly introduced the commonly used analysis strategies and software related with MS—based metabolomic data
analysis; and highlighted the cutting—edge innovation about molecular networking—, artificial intelligence—and databases—based
metabolite identification. Finally we gave a brief future perspective about MS—based metabolomic data analysis, and believe
that new developed strategies, which integrate the known biochemical reactions, molecular networking tools, and genetic loci
information regulating the metabolite biosynthesis, will promote the number and accuracy of identified metabolites. This review
will provide new ideas for deeper exploration of new methods for metabolomic data analysis and biological significance from
metabolomic data.

Key words: metabolomics; mass spectrometry; data preprocessing; database; metabolite identification; molecular network
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Wiy, skl M H A P AR Z R B X ]
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|GE T VT 5 NIE D RS /10 G 2 S 7 1 & NN 1
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BT REUE . S RSB S T
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Rl 52 Y 8 1 o o A BT 4 AU Y e
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spectrometry, LC-MS ) A& H T4 =58
I e )2 B S e A B 4 o GC-MS Sl H T
PEE . GRS AT AR BA 5 A A
Yy, WEEIR. WEZE. A HLRRFNAG TR A5 W AR
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SE VAT D7 THLRA ] ) B B e . LC-MS B
A AR KRR S, S5a AR R T8
L BB R (A S5 2R R AT 0 b, AT LATEAN TS
B IR AVRE i TRAL AT DL T 23 B R S E R R

WEMAERACIY, EHTHRARE . A5
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Powwi . KW MR RNEREE Y o) ik
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Eet7/E 20l el DI 3 L PR DR i 3 =R R S 7 e
Il A 3, IR R AR B2 IROE
AR VI U TR IR il I L M s T A
AR B A o, AR AR sl AR ) A
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FERISRHERR T (o AT RAT FE SR T B AR
T RO R AR . AR AR LS HAEAE ) |
o TE A T 5 R 1 T F BEAT T AR S 11
R ) RSO B SR T B A
BRI BORIBIT 2538, A dle A sfems . %L
PEIAT ARG | R PER ST T

1 s RaH IR TALE

Ji 4 J5 3% B i 6 55 B b ( Mass—to—charge
ratios, m/z ) . {REAIFE] ( Retention time, RT ) Al
SR (Peak intensity ) SFZ2 4R L), RIS TRE
A SEBRACE Y 045 B . 1200 b A B A Ak R
SEMAE B BRSO R RRTE . PR, X DR B A s
HEAT AL B DL ARIBGAERT . T E A R R 1 15
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Table 1 Common software for mass spectrometry data pre—processing

LIgkE SRR S Y LhREfRIA [T
Software MS data type Function description Website
XCMS LC-MS, GC-MS  {5-EEmFa 55, uebh | IGPL IR S e http://bioconductor.org/packages/release/bioc/
html/xems.html

MetAlign LC-MS, GC-MS Bams e, A T o, JRERACIE, UEME . WERRERC 0% http://www.wageningenur.nl/en/show/Met
X 5% Align—1.htm

MZmine 2 LC-MS TR R REBCE AT AT, AR | BRI AR http://mzmine.sourceforge.net
VXS 3%, LB A T M . I3 — b nge it 4 ar

OpenMS LC-MS — A A FOE B AE TE G o AAE RS U IR 0 http://www.openms.de
XI5 AR S8 G B AR

MS-DIAL LC-MS — LT IR FHDE DIA BEE SR H A, BATUEME | W52 hup//prime.psc.riken.jp/
WL, XSS H—{LAE e

AMDIS GC-MS GC-MS T 1% A5 04k 34 65 32 W A R i 22—, 2 — 3R IJBESR K http://chemdata.nist.gov/dokuwiki/doku.
RS BRI, A IR | AR IBURIE B R R VL A5 Tl e php?id=chemdata:amdis

eRah GC-MS — LT H I B 0 A R R A O RS R T, AR IR http://CRAN.R—project.org/package=erah.

WX . R S B 1 SR i Hhe

Metabolite Detector ~ GC-MS

HATRREAR I WS A IRE,

nE A AR AL AR hitp:/metabolitedetector.tu—bs.de.

Kovats P B84 (Kovats Index, KI) 5 IEA4 BEfaii & 1) (1) £ B 15 £
HEAT LR SE B AR A P A T E 1R

[E: AMDIS: ASIHER BHUETE RS,

Note: AMDIS: Automated mass spectral deconvolution and identification system.

1.1 LC/GC-MS #iEsb 18

XCMS J& LC-MS Fi 4 i 4b 2 55 5 FH 09 B2
Z—, ERETRIBFIFEAMN, HXAREZER
(1) SO T A ST T AN (] A AR U DA DU R X6 55 B
2, WiEA T GC-MS £ f Hi4b ¥, XCMS 7] )
SPRT EAE AE E L ETRU) WERR AR, WX SF
FE S AFDIRE, (HAE 73 B KUAAE 5 I LE A
B b Ak, XCMS 7] DL 5 HAlL R 42 41 ggplot2 .,
prcomp Al heatmap2 %5, #8517 22 w4115
Br. RESHES FBHF & B XCMS Online
J& XCMS M BTRRAS , SCRF 2R S50 7 2280808 40
Mr, AT AT EAS AT . AR N ST o
Br A S AR A W 4R 407 11°) o Lommen 1200 /&
T MetAlign % 4, 0] H1 F GC-MS il LC-MS %%
PEFab B, SRR AR S A shie s . TR
FUi A FEZRE , WEREHL, MR LGE 1 000 4
BB IEEXT 5, A B S L2 AR AL
P AT o LA RERE . AN, A R D R AE T[]
iF 3 i GC-MS I LC-MS S5 1% %% 98 A i b 2,
41 Normalyzer 121 | RUV-2[2J  NOREVA 2] #k
PF AT 3& ] F GC-MS Fl LC-MS J5 ¥ #5408 % 01 —
1k Ab B, MetTailor 124! | MetDIA (%) | TracMass
20261 MetFlow 127/ | TP4M 2} | WiPP(Workflow

for improved peak picking) ') S8R FiE H FEME |
WA PR IBURIEE X 55
1.2 LC-MS #EmaiE

Pluskal & 100 JF & T — A~ 5 T Java 1 I I
LC-MS i s TH MZmine2, ‘& 0] LASZBE
B LA FRANZE R TR, B A 2 B s 1Y
PRI, UEME . AR AR i IG DT G AR AL AR T
WEFRTTE. Rost & BUIFFR T —DET C++ s
B IR AR OpenMS, FEHE T 185 A~ T H F AL
A TR T LC-MS Fubiyasb B . mTLAL Al
SESEIIT, A PR TR RS Rl
HYRRAFEREE , LA/ ke A R A v o B 7 Y
FERIIT . Tsugawa 55 12 P& T —3 L THT %
PLBHE AR K A R 4£ ( Data independent acquisition,
DIA ) LC-MS %ififi R 4R MS-DIAL, %4k
PEFREAUENE | DS, WEXT 3R IH—fLAEIIRE.
Delabriere 45 13 FF & T —3H T B KA
22 IR ST 2 LC-MS BUls iR 1F SLAW, %5k
TFEABRFSE AN P, X5, Bt
HAFE . MS2 By 1 {5 B IO [ i R AR
MAEIRE. Guo 5 B IR T — D2 UIRERY Al ZH
AR RE S AL IPA, $RA4Ee T RS Y
FROESS AT BT AR, HA AT LUE 42 M LC-MS
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1.3 GC-MS #EmabE

H1F LC-MS 1 GC-MS PiFh 5 ¥A 76 L B AR |

OG8RI R AR S 5 A 3 22 57
I, WAL 15 T GC-MS i &l 43
M. AMDIS J& GC-MS J5it i B s 11 b 2 45 3
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FEHH GC-MS Hdls Fg 56 ik B AG &R DL L 1+
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source separation, BSS) Y 227458 i 45 A 1Y {0 3% £ 45 1
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ZEHEST PLS Al OPLS BRI #E47 75 2570 Mr, AR
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GEIHERAFRERE AT R LN GE i iRE, (Bl
AR5 A R Ho At A 2H 2 B 73 B D R 3 [+]
— AT AER AR B, W Metabololyzer [64) |
Server L) | MSPrep [ 52) 45,
22 REEFESESH

(R TR I R u A = ) P (15 R vl
( Hypergeometric test ) ¥ Fisher A i i 5 3% 4 37
G 3 R b 22 S AR I e 25 AR W) it
R E RSO, LIRS B U A B AR o
k. Xia 55 100 JFR 18— /Ny 5 5 £ 50
A MSEA ( Metabolite set enrichment analysis ),
B A RN R A A P e S A AR R A By
W O R 0 A W 2 S, B OOT
B R E A H  A TA M AE AR Y 1000
ol EL A RH DG 1) A ) B T R AT e A A AT
MSEA A 4 A 20 7 sE S ik ik 0 A (Over
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sample profiling, SSP) I & & H /T ( Quantitative
enrichment analysis, QEA ) 3 FiAS[A] 1) & 2253 BT o
H1 T MSEA 43 Hr i A% v i 0k o B A5 2 1A
HIPECAS B PR A, I Deng 55167
P T — i e/ ey AR, Ttk R
C=AMCIRY/E SO NS T RN e I 1P T )
o0gPLS 43 1 ( Overlapping group PLS) , '} ogPLS
AR g AR i) e o AT B S P - [
AT -F 5B 70 P B B AR ) WA, D) b P
T, ogPLS Jy ik HA B M HERG 3 . UK
R AR B P 3R B S A AR E M, 1 T S A
W53 Mo Moreno %5 1681 Jf & T —A~3&F ChEBI
( Chemical entities of biological interest ) SZAAR/NY

metaP—

FHAREHAT & 50 T H BiNChE, % T HAE
fit 2 T ChEBI #fj {4,524 ( ChEBI Role Ontology )
8%, ChEBI %5 #4 52 {& ( ChEBI Structural Ontology )
M) T SR AR R Be AT, A7 B TR R A4 2
ol Hofh R G R WA oE 15 o T AR B R /Ny
T, SR U EXERRR, JET S A5
I HEREUR BN 454 XK Fr . MetaboAnalyst4.0 £
TF I 10 414 K C 2o AT 24 A b (o FH e
JTZEE (30 T ) Z2—, 2 LC-MS J&
GRS R AL BRI —1k . gt AR
T G B AR AT AT, B R S ERCIAE 2 a
O30T, 4R /N R E EE ) A 12 DL 2 1) Y iR
%‘ [69] R
23 REMEE
231 ATHEESRORBHELT YL
FE ST RS A R 4 2E B 5T e EL R R () 2
R, RS I HER P TR AR KRR L BT
NIy QN DRz T AL I iy Y W VS 2R R L
FEE ETEIR R R MUY 5 i R
e, A% 5 PR e L3R 2.
NIST 54 A 2 3% i 46 2% vh o B 92 ) I
T R B 2 —, AT LA T A R DL )
GC-MS Fl LC-MS i iy AR k4549, NIST %X
PR & 2R RE R AR 1) % (MS/MS)
FOEE L REING S TSR SR,
5 FUR CAS B4 (F R 000 HMDB & 6T A
AN AR RN E S, #E 20224F 9 H
ZEAR AL 220 945 IR EE IR A PEC Y
{5 B., [6 i & 4 DrugBank. T3DB. SMPDB #l
Food DB 4 /> F4da 2 vl i H T 2549 . 2544
Yy, R, WY NS SR
Y5 R FSE 7 . GNPS & —ANF 41 M
LER R IR PR o, ELAT A2 2 i o A
I fE, H WK 3% T Massbank. HMDB. NIST %5 45
SHBERIFERNE R, UL RENILA YIS
A ek 2 A BH AL A SR 04 B B e, S
MS/MS i i B fs H = Dy g L2 . METLIN & 55 —
AN )2 A8 0 o BE S A, W T AN
REFE BRI AN IE / AR S5 T REERT MS/MS &3
AT AR B P i 7 B HoR A RRAE S
A E W R bRic 2 A i K, AR
YIS e i R R 2 CEEVE T 173, MassBank %§
WAL S TR ARFISLRE . ARG DL
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Table 2 Common databases for metabolites identification

B PO EdEE R TIREMRI (EEiR
Database MS data type Function description Website
L5 ol R M % R R ] =3 AWK
NIST LC-MS, GC-MS SR "2 MR, AR Y1 “RIRE . 2T E i http://www.sisweb.com/software/ms/nist.htm

amars. 1. CAS SAEFE

PN~ AWI S 4 €1y S R 1R oS 7/ o S TN = VI £ 2 oo 3 N R 1

HMDB LC-MS, GC-MS niee
PFIEEAFE L

http://www.hmdb.ca/

RIRRRT AT MG B, T MR8l e, BAy

http://gnps.ucsd.edu/

http://metlin.scripps.edu/

ONPS — LCMS. GOMS i sgeom oot sy b7 i

VRIS Leis E TR . AT R IR I I / st PR A0 L
LN LC-MS W TR, RSO TR AT G HISURUR R (3 B

b e TG BRI . 5 K RO I GC-MS HEFE, HE LR AT

JERAGH, il sk I A P RS B

http://gmd.mpimp-golm.mpg.de/

— AL AR A AN E R AR e, 0 2022 4F 9 A% 47 718 Fh

LipidMaps ~ LC-MS

RO ARBE Y, S BRI AR BT S

http://www lipidmaps.org/

E BN AEYE RSB EZ —, WEFRER . O SRR 4 Y,

KEGG LC-MS, GC-MS

TR E WA A B AR AR LA A R AR Z B C R B AL

http://www.genome.jp/kegg/

T NIST: 2 EZ bR S AT BB fe; HMDB: AR LA ; ONPS: Bk KAR =Pkt &0 F % GMD: Golm {CIHH B 1

KEGG: HUERIER LR [T Rl 42

Note: NIST: The National Institute of Standards and Technology; HMDB: Human Metabholome Database; GNPS: Global Natural Products Social Molecular
Networking; GMD: The Golm Metabolome Database; KEGG: Kyoto Encyclopedia of Genes and Genomes.

AR S S B T REN 29058 S TR
S A, B P T DL A A4 R
JRES, BT m 2 TR TR, BE
2022 4% 9 H#H R a5 T 15 075 R 90
190 i g, Ay 68 941 A~ TS A,
LAY EIEE AR . GMD jE—MEYR
WEdERE, SRR GC-MS
Bl CRepl AT AeE ), APl LR ARE S
) GC-MS Ells A THH AR LU A e o 28 AR
WSRO AL, I & A = Y A )
HAYR (S L (5] ReSpect 42 53— Ml P15
B, S SCHkTE S DA B ELSERRUE S Y MS/MS
Bl o), BT IEZEMI, Lipid Maps & — M
A WA S R AR R B, A 2022 4F
9 HALE T 47 718 FMRRIR 4ty , 25 b
BRI A SEERPE. CREm IR IR, &
%, &G4 . 4. InChIKey 1745 5% Lipid
Map 45 TR R 70, BbAh, A —2eH LY
ETAWIGE GERD) FRES MEdREE, o
MetaboLights L) | PubChem 7! | mzCloud |*/ |
Fiehn 8] | MoNA %) | LipidIMMS Analyzer %3’ &5

JRUAE N R B e g PR R DG B AT LSS
e ZHRY, AYA VE 2GR T bR
HE i MS/MS [ 3 o DA SE 2 ok, Pk, BEF
TR R T I & B EE R 2 A4 . KEGG J&: i
HEMNEDGE BB —, W 1A

RS A JERFIE a5 B . B 2022
10 H 9 H, KEGG Xda e &4 558 24l i
118 991 MU =Py Afb 2= 45 (5 ., it Xy 4R
YA 73 R A LA I B 190 2 S B ARG
YIRERE 34 o MetaCyc J&2—MMEL & T HIHFNRH
B R B R, Hoh e TR A 3 000 £
Pl AP 2 800 AR E #% 1557 . PlantCyc 9.5 %X
$&  J%E (https:/planteyc.org/databases/plantcyc/9.5 )
PRALHE T 350 Al AN 800 AR ERR B, &
TARHE R AR EE R, DA R AR
W, [R) I 1 A% A £ O I SO
£ 45 MetaCyc 40 22 v Jir A7 04 4 400 AR 51 3 3%
WikiPathways £ 7 30 Z R g fCHHE B, QK
& (Oryza sativa) . EK ( Zea mays) 55 1%,

232 ATHFME&HERGKRHFHET 2012
4, Watrous 58 7 IRIF L T 00 ML T
IR S e, R T Bk A 2 Eis 43 A i)
— GRS, X —T7 Rk A MS/MS 3% & %
b, FEELATE R f L3S EARRUE il 4 iy
2, IR R TERE . 4> F M4 D7 L REf%
ARHA O A EE, W GNPS Hh AR sl i R R
(R0 eSS e BEECS 4 6 e S NTTRE E DR AW K7
PEERERE S (2, B, A2k T M
2% T HATF R I H T LC-MS/MS a3 AL
W RE. BN, FEXTE A B BT T o A
I, Bt b e Mk Gy (Bl E
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52 ) BEAEAR A A OGP B . Allard
e (s8] R T — b4 I 45 IR SR P2 R4 MS/
MS % F B2 (in—silico MS/MS database, ISDB) A
AWM EAEERNE, JHH X — KT 7Y
FECRAEEY), 25 RRWIBL MS/MS 5% 5 558 2
REMEA RS Bh 2 F 45 1 . BT 45
FAARALLE B 43 X 4 A 7 FH 1 B e A HOURE
O AR, NI L RERE ) (0

BEXF K AR 7= W) B9 % %, Mohimani 45 19091
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Table 3 Software for molecular networking—based metabolite identification

Bt Ifefi EZ PN
Software Function description Reference
GNPS —AHETE R N H RS0 | AbIHal TERERY MS/MS BRIl i I s IRl iR PR [72]
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T T 2 R TR
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X BT A (47 1
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