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ABSTRACT

Plants produce a variety of metabolites that are essential for plant growth and human health. To fully

understand the diversity of metabolites in certain plants, lots of methods have been developed for me-

tabolites detection and data processing. In the data-processing procedure, how to effectively reduce

false-positive peaks, analyze large-scale metabolic data, and annotate plant metabolites remains chal-

lenging. In this review, we introduce and discuss some prominent methods that could be exploited to

solve these problems, including a five-step filtering method for reducing false-positive signals in LC-MS

analysis, QPMASS for analyzing ultra-large GC-MS data, and MetDNA for annotating metabolites. The

main applications of plant metabolomics in species discrimination, metabolic pathway dissection, pop-

ulation genetic studies, and some other aspects are also highlighted. To further promote the develop-

ment of plant metabolomics, more effective and integrated methods/platforms for metabolite detection

and comprehensive databases for metabolite identification are highly needed. With the improvement of

these technologies and the development of genomics and transcriptomics, plant metabolomics will be

widely used in many fields.
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INTRODUCTION

Metabolomics is an important part of systems biology, which

aims to study small-molecule metabolites and their changes

in organisms, specific tissues, and even single cells (Fiehn,

2002). Plant metabolomics has received much attention as

one of the most important parts of metabolomics. It is

estimated that there are over 200 000 metabolites in the

plant kingdom (Fiehn, 2002; Dixon and Strack, 2003;

Fernie and Tohge, 2017), which can be divided into

primary metabolites and specialized metabolites (secondary

metabolites). The primary metabolites are the type of

metabolites mainly involved in plant growth and

development, which constitutively accumulated in plant cells

(Sulpice and Mckeown, 2015; Fang et al., 2019). While the

specialized metabolites play significant roles in plant

defense, this kind of metabolites mainly exists in a certain

tissue or a given development stage of a plant, resulting in

the diversity of plant metabolites (Carreno-Quintero et al.,

2013; Fernie and Tohge, 2017; Zaynab et al., 2018; Fang

et al., 2019). In addition, the gene function and gene

duplication in different plants altered not only the enzymatic
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characteristics, but also the substrate specificity, making the

plant metabolites extremely complex (Fiehn, 2002).

To fully understand the diversity of metabolites in a certain

plant, a variety of plant metabolites detecting platforms and

approaches have been developed with the advent of the

mass spectrometry technology (Zeki et al., 2020). Among

them, nuclear magnetic resonance (NMR)- and mass

spectrometry (MS)-based methods are the major analytical

platforms used in plant metabolomics (Fernie et al., 2004;

Zeki et al., 2020). The NMR platform is mainly used to

detect metabolites with high abundance (Fernie and

Tohge, 2017). While the MS-based methods, including

gas chromatography-mass spectrometry (GC-MS), and liquid

chromatography-mass spectrometry (LC-MS), are widely

used in metabolomics due to their high resolution and

sensitivity (Gowda and Djukovic, 2014; Fang et al., 2019;
ications 2, 100238, September 13 2021 ª 2021 The Author(s).
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Figure 1. The data-processing procedures of
plant metabolic data.
PCA, principal-component analysis; HCA, hierar-

chical clustering analysis; PLS, partial least squares

analysis; O-PLS, orthogonal to partial least squares

analysis.
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Siddiqui et al., 2020). In GC-MS analysis, metabolites are

separated in GC after derivatization, so it is suitable for

analyzing volatile metabolites, or metabolites easily to volatilize

after derivatization (Fernie et al., 2004). The major metabolites

that can be detected in this platform are primary metabolites,

such as amino acids, sugars, and organic acids (Figure 1)

(Fernie et al., 2004; Fernie and Tohge, 2017). The LC-MS sep-

arates compounds in the liquid phase without the requirement

of sample pre-treatment, making it the most powerful and

comprehensive analytical approach (Fernie and Tohge, 2017).

Most secondary metabolites, such as flavonoids, alkaloids,

and phenylpropanoids, can be detected in this platform

(Figure 1) (Fernie et al., 2004; De Vos et al., 2007; B€ottcher

et al., 2008). Since different kinds of metabolites are

detected in different platforms, it is obvious that a

combination of different analytical tools could uncover the

diversity of compounds in different plants, even in different

tissues (Fernie et al., 2004; t’Kindt et al., 2009; Zeki et al.,

2020).

Except for the analytical platforms, sample preparation steps

also have important influences on the metabolites detected

(t’Kindt et al., 2009). To save time and cost during sample

preparation in a combined metabolomics study, lots of

extraction methods, such as two-phase and three-phase

methods, were developed (t’Kindt et al., 2009; Zeki et al.,

2020). After sample extraction and data acquisition, MS data

are analyzed by the following three steps: raw data

preprocessing, multivariate statistical analysis, and peak

annotation (Figure 1) (Zeki et al., 2020). In many studies, the

presence of false-positive signals in LC-MS analysis (Chetnik

et al., 2020), lacking software for analyzing ultra-large GC-

MS data (Duan et al., 2020), and the absence of a

comprehensive database for annotating plant metabolites

(Shen et al., 2019), are the major challenges for processing
2 Plant Communications 2, 100238, September 13 2021 ª 2021 The Author(s).
of plant metabolic data. In this review, we

briefly introduce several useful strategies

and methods to solve these problems

effectively. Meanwhile, the application of

plant metabolomics, our perspectives

on the major problems existed in plant

metabolomics, and possible solutions are

also discussed.

REDUCING
FALSE-POSITIVE SIGNALS
IN LC-MS ANALYSIS OF
PLANT METABOLOMES

Recently, numerous software have been

developed for analyzing LC-MS data,

including commercial, open-source and on-
line workflows (Wen et al., 2017). The commercial software,

such as MassHunter (Agilent Technologies), SIEVE and

Compound Discoverer (Thermo Scientific), and Progenesis QI

and Markerlynx (Waters), are mainly developed for datasets

acquired from the companies’ own instruments, resulting in a

limited scope of application for these software (Want and

Masson, 2011; Wen et al., 2017; Gorrochategui et al., 2019;

Chetnik et al., 2020). While open-source software is widely

used in the study of plant metabolomics, to process MS data

using these free and open-source software, the acquired raw

data should be converted into appropriate formats, such as

mzXML, mzML, mzData, and netCDF, using available software

(Katajamaa and Oresic, 2007; Want and Masson, 2011; Zeki

et al., 2020). Among the developed freely available software

for processing LC-MS data (Table 1), the R package

XCMS (Smith et al., 2006; Tautenhahn et al., 2012) and

MetAlign (Lommen, 2009), are two powerful tools for

data preprocessing, including peak filtration, identification,

alignment, and quantitation. However, it was time-consuming

for them to analyze large-scale datasets. In MZmine, peaks

are aligned based on the random sample consensus algorithm,

and the data are visualized in multiple visualization modules. To

speed up the calculation process, the distributed computing al-

gorithm was also included in this software (Katajamaa et al.,

2006; Pluskal et al., 2010). AMDORAP is an easy-to-use tool

for detecting more accurate m/z values from raw data. It was

estimated that the m/z errors in AMDORAP was within ±3

ppm, while the errors in some other software were over ±100

ppm (Takahashi et al., 2011). MAIT is a programmatic tool

that allows for a comprehensive statistical study of LC-MS

data. However, the data normalization is not included in MAIT

(Fernández-Albert et al., 2014). OpenMS provides a total of

185 tools and ready-to-use workflows for MS data processing,

visualization, and quantitation. In OpenMS, a highly flexible and

professional software environment is available for users,



Software Description Compatibility Language Reference

XCMS data preprocessing, alignment, and
quantitation; but it is time-consuming

for it to process large-scale datasets

LC-MS, GC-MS R Smith et al. (2006);
Tautenhahn et al. (2012)

MetAlign data preprocessing, alignment, and

quantitation; but it is time-consuming

for it to process large-scale datasets

LC-MS, GC-MS C Lommen (2009)

Mzmine distributed computing algorithm-

based peak alignment and multiple

visualization modules are available for
data visualization

LC-MS, GC-MS Java Katajamaa et al. (2006);

Pluskal et al. (2010)

AMDORAP accurate m/z detection with the m/z

errors within ±3 ppm

LC-MS R Takahashi et al. (2011)

MAIT comprehensive statistical analysis

tool for LC-MSmetabolic data, but the
data normalization is not included

LC-MS R Fernández-Albert et al. (2014)

OpenMS hundreds of workflows are available

for data processing, and a highly
flexible and professional software

environment is provided for users

LC-MS C++ R€ost et al. (2016)

metaX a comprehensive workflow for

untargeted metabolomics data,

including data preprocessing,

metabolites identification, pathway
annotation, and biomarker selection

LC-MS, GC-MS R Wen et al. (2017)

ROIMCR ROI-based peak detection and

integration, and an MCR-ALS method
is used to resolve peaks from mixture

LC-MS MATLAB Gorrochategui et al. (2019)

MetaboAnalyst a powerful platform for metabolomics
data analysis, including enrichment

analysis, pathway analysis, and

statistical analysis; however, the

original data need to be converted
and aligned by other software

LC-MS, GC-MS,
NMR

Java, R Xia et al. (2009)

MAVEN machine learning-based peak quality
assessment, pathway, and isotope-

labeling visualization

LC-MS – Melamud et al. (2010)

apLCMS a hybrid feature detection approach is
used to reduce false-positive and

false-negative peaks, but a known-

feature database is needed

LC-MS R Yu et al. (2009); Yu et al. (2013)

MS-FLO retention time alignment, accurate

mass tolerances, peak height

similarity, and Pearson’s correlation
analysis-based methods to minimize

false-positive peaks

LC-MS Python DeFelice et al. (2017)

rFPF an EIC profile-based method to
remove false-positive features

LC-MS MATLAB Ju et al. (2019)

Peakonly precise peak detection using a
convolutional neural network-based

deep learning method

LC-MS Python Melnikov et al. (2020)

AMDIS data deconvolution; without the
function of peak alignment

GC-MS – Halket et al. (1999); Stein (1999)

ChromaTOF GC-TOF-MS data deconvolution;
without published algorithm

descriptions

GC-MS – –

Table 1. Summary of software for analyzing plant metabolic data.
(Continued on next page)
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Software Description Compatibility Language Reference

MetaQuant target metabolome analysis, but an
established library is required

GC-MS Java Bunk et al. (2006)

MET-IDEA target metabolome analysis, but a list

containing m/z and retention time
pairs is required

GC-MS – Broeckling et al. (2006);

Lei et al. (2012)

TagFinder peak alignment; without the function
of baseline correction and peak

smooth

GC-MS Java Luedemann et al. (2008)

MetaboliteDetector data deconvolution and peak
alignment based on a QT4 graphical

user interface

GC-MS C++ Hiller et al. (2009)

ADAP data deconvolution and peak

alignment using a two-phase

approach

GC-MS C++, R Jiang et al. (2010); Ni et al. (2012);

Ni et al. (2016); Smirnov et al. (2019)

MS-DIAL data deconvolution, peak alignment,

and annotation

GC-MS C Tsugawa et al. (2015);

eRah peak deconvolution and alignment GC-MS R Domingo-Almenara et al. (2016)

IP4M 62 independent functions for data

preprocessing, peak annotation, and
pathway enrichment analysis

LC-MS, GC-MS Java, Perl, R Liang et al. (2020)

autoGCMSDataAnal TIC peak detection and resolution

using raw data; dynamic
programming algorithm-based

retention time-shift correction

GC-MS MATLAB Zhang et al. (2020)

QPMASS large-scale metabolic data analysis

(alignment, backfill, and quantitation)

GC-MS C++ Duan et al. (2020)

Table 1. Continued
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especially for new users, to reduce potential errors during data

analysis (R€ost et al., 2016). metaX is a comprehensive workflow

for analyzing untargeted metabolomics data, in which data

preprocessing, statistics analysis, metabolites identification,

pathway annotation, and biomarker selection are all included

(Wen et al., 2017). ROIMCR employs the ROIs (the search of

regions of interest) in the m/z domain for peak detection and

integration without the reduction of peak resolution; and the

MCR-ALS method (multivariate curve resolution-alternating

least squares) is used to resolve spectra from mixtures without

the requirement of peak modeling and alignment. Hence, this is

the most useful software to effectively reduce the amount of er-

rors during peak modeling and alignment (Gorrochategui et al.,

2019). For the online workflows, MetaboAnalyst is a powerful

and comprehensive platform for metabolomics data analysis,

including enrichment analysis, pathway analysis, statistical

analysis, and so on. However, the original data needs to be

converted and aligned by other software to obtain a dataset

containing the sample information, such as retention time,

m/z values, and intensity (Xia et al., 2009). Another online

data visualization and annotation software, MAVEN, is

designed for efficient and interactive analysis of LC-MS data

using a machine learning-based method to assess peak quality.

It can automatically analyze isotope-labeled forms, and graph-

ically map data onto metabolic pathways (Melamud et al.,

2010).

Although the great ability of the software mentioned above in the

processing of LC-MS data, there might also exist some false-
4 Plant Communications 2, 100238, September 13 2021 ª 2021 Th
positive signals, including background noise, duplicate peaks,

and contaminants (no-sample sources), which might originate

from sample contamination during sample preparation; column

contamination, chemical and solvent noise, retention time drift,

and un-optimized analytical separation during metabolites identi-

fication; unsuitable settings of alignment parameters and large

variations in peak detection across different software during

data preprocessing (Sauvage et al., 2008; Want et al., 2010; Yu

et al., 2013; Duan et al., 2016; DeFelice et al., 2017; Chetnik

et al., 2020). To minimize false-positive signals, it is necessary

to be careful with sample preparation as the sample

contaminants can co-elute with metabolites. Meanwhile, opti-

mizing instrument conditions and developing an efficient analyt-

ical separation method using a series of test samples are needed

(Want et al., 2010). Following this, an effective filtering method in

the subsequent data preprocessing is critical. The most used

data-filtering methods, such as relative standard deviation

(RSD), missing value thresholds, mean/median value,

correlation approach, and feature clustering across biological

samples greatly reduce the total number of detected peaks

(Want et al., 2010; Broadhurst et al., 2018; Chong et al., 2019;

Alseekh et al., 2021). However, there still remain large

numbers of false-positive peaks after applying these methods

(Chetnik et al., 2020). To effectively solve this problem, lots of

predominant approaches have been developed (Yu et al., 2013;

DeFelice et al., 2017; Ju et al., 2019; Kantz et al., 2019; Chetnik

et al., 2020; Melnikov et al., 2020). For example, a hybrid

feature detection approach was implemented in apLCMS to

improve feature detection sensitivity and to reduce the number
e Author(s).
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Figure 2. The strategy of a five-step filtering
approach for metabolic data.
(A) The flow of the five-step filtering approach.
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correspond to the data-filtering procedures in the

five-step filtering approach, and the retained peaks
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of spurious peaks. However, a known-feature database is

needed in this approach (Yu et al., 2009, 2013). MS-FLO employs

retention time alignment, accurate mass tolerances, peak height

similarity, and Pearson’s correlation analysis to remove the erro-

neous peaks. It was estimated that 15.7% of 1481 peaks, which

was detected by MZmine2 and MS-DIAL, were removed or

marked for users to review (DeFelice et al., 2017). The

rFPF method removes the false-positive features using a

reproducibility constraint, entropy index, and statistical

correlation analysis based on EIC profile. In standard mixture

analysis of metabolites, more than 92% of the false-positive

peaks were removed after applying this method. In urine

sample analysis, nearly 65% of peaks (4660 out of 7182 peaks)

were removed (Ju et al., 2019). With the development of

computing capability, the deep neural network-based machine

learning algorithm has been used in identifying false-positive

peaks in untargeted LC-MS data. It was estimated that nearly

90% of false-positive peaks could be removed by this method.

However, an appropriate number of training sets is highly needed

for thismethod (Kantz et al., 2019). In a recent study, Chetnik et al.

(2020) proposed a machine learning-based method combined

with peak quality metrics to filter low-quality peaks in untargeted

LC-MSmetabolomics data. In the peakonly algorithm, the convo-

lutional neural network-based deep learning method is used to

detect true positive peaks in the raw data (Melnikov et al.,

2020). Except for these useful methods, a hierarchical five-step

filtering approach (Duan et al., 2016) is considered as one of

the most efficient methods (Ju et al., 2019), and has been used

in some recently published works (Wu et al., 2018, 2020; Li

et al., 2019).

In the five-step filtering method, it is necessary to prepare the

blank and quality control (QC) samples, which are the mixture of

all the samples to be tested in an experiment. Then a series of

QC mixture dilutions are prepared (Figure 2A). All the blank

samples, QC mixture, and QC dilution series, are analyzed

before the biological samples in LC-MSanalysis. After data acqui-

sition and peak alignment, the false-positive signals are filtered in
Plant Communications 2, 100238, S
the following steps: step 1, the reproducibility

analysis, is used to filter peaks that cannot be

detected in 80% of samples. Step 2, the vari-

ation analysis, is used to filter peaks with a

large variation in the different replicates of

the QC mixture (normally, the filtering

threshold is RSD > 20%). Step 3, the blank

check, is used to filter the contaminative

peaks using the peak area ratio of blank to

QC mixture. Step 4, the correlation analysis,

is used to filter the non-biological peaks using

the correlation of the QC dilution series. Step
5, manual check, is used to filter the disqualified peaks bymanual

inspection (Figure 2A). It was shown that nearly 92.5% of peaks

were filtered as false-positive peaks in the validation experiment

using artificial samples. Specifically, 1053 out of 1342 total peaks

(�78.5%) were filtered by the first step. In step 2, 40 peaks (�3%)

with RSD > 20% were filtered, and 104 peaks (�7.7%) with the

peak ratio of blank to QC mixture over 1% were eliminated in

step 3. Then another 28 peaks (�2%) were filtered in step 4.

Finally, an additional 17 peaks (�1.3%) were eliminated after a

manual check (Figure 2B) (Duan et al., 2016). In the biological

samples of rice seeds, 1542 out of 2162 (�71.3%) peaks were

eliminated using the five-step filtering method, including some

peaks that were considered as potential biomarkers in traditional

metabolomics analysis (Figure 2B). A relative concentration index

method is also introduced in this strategy to increase the accuracy

of quantitation (Duan et al., 2016). Meanwhile, to achieve more

accurate quantitative results in LC-MS analysis, Yu and Huan

(2021) proposed an MRC workflow using a series of QC

dilutions to achieve the best regression model for correcting the

biased signal ratios. The combined utilization of these data-

preprocessing, false-positive signals filtering, and the peak quan-

titation methods will greatly benefit the downstream statistical

analysis and biological hypothesis for further study.

DEVELOPING EFFICIENT TOOLS FOR
ANALYZING LARGE-SCALEGC-MSDATA

GC-MS is another widely used platform for plant metabolomics

analysis (Luo, 2015; Fernie and Tohge, 2017). Compared with

LC-MS analysis, lots of fragment ions for certain metabolites

are generated in GC-MS analysis, making the processing of

GC-MS data more complicated (Duan et al., 2020). Tools

initially developed for processing LC-MS data, such as MZmine

(Katajamaa et al., 2006; Pluskal et al., 2010), XCMS (Smith

et al., 2006; Tautenhahn et al., 2012), and MetAlign (Lommen,

2009), are also used for processing GC-MS data (Robinson

et al., 2007; Fernández-Varela et al., 2015). However, it

seemed that these tools over-interpreted GC-MS data
eptember 13 2021 ª 2021 The Author(s). 5
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(Duan et al., 2020). Now, numerous software have been

developed for analyzing GC-MS data (Table 1), such as the

widely used software AMDIS (Halket et al., 1999; Stein, 1999)

and the commercial software ChromaTOF (LECO, St. Joesph,

MI, USA). These software were mainly developed for peak

deconvolution, and peak alignment cannot be performed in

them (Duan et al., 2020). Other software, such as MetaQuant

(Bunk et al., 2006) and MET-IDEA (Broeckling et al., 2006; Lei

et al., 2012), were mainly developed for target metabolome

analysis. For the untargeted GC-MS-based metabolomics anal-

ysis, software TagFinder (Luedemann et al., 2008), flagme

(Robinson, 2010), APAP (Jiang et al., 2010; Ni et al., 2012,

2016; Smirnov et al., 2019), and MS-DIAL (Tsugawa et al.,

2015) show great performance in peak alignment. However, it is

time-consuming and compute-intensive for most of them to

analyze ultra-large GC-MS data (Duan et al., 2020). To process

large-scale GC-MS data accurately and efficiently, the software

QPMASS was developed (Duan et al., 2020).

In QPMASS, data from different platforms, including gas chroma-

tography time-of-flight mass spectrometry (GC-TOF-MS) and
6 Plant Communications 2, 100238, September 13 2021 ª 2021 Th
GC-quadrupole MS (GC-qMS), can be aligned and quantified.

The workflow of QPMASS is shown in Figure 3A. To align

peaks, the samples are firstly grouped using a furthest-

neighbor joining clustering-based hierarchical clustering method

(Duan et al., 2020). Then peaks are aligned using a dynamic

programming algorithm (Robinson et al., 2007)-based parallel

alignment approach to accelerate the speed of alignment. It

was found that QPMASS only took 2 h to process 200 GC-

TOF-MS data, while the frequently used software XCMS needed

18 h to process the same number of samples. Within 17 h,

QPMASS could process 1000 GC-qMS data, while XCMS could

only process 400 samples in the same time (Figure 3B). At the

same time, a three-parameter strategy was developed in

QPMASS to select an optimal quantitative ion (quant ion) for ac-

curate quantitation. In this strategy, the optimal quant ion should

not overlap with the adjacent peak, and it should have a better

peak shape. If the optimal quant ion cannot be selected using

the two aforementioned parameters, the ion with the highest in-

tensity will be used. It has been shown that the quantitation result

of QPMASS was significantly correlated with the results from

XCMS and ChromaTOF (r2 > 0.99), which are the two major
e Author(s).



Database Compatibility Link Description Reference

NIST LC-MS, GC-
MS

https://www.sisweb.com/software/
ms/nist.htm

a most widely used mass spectral
reference library, in which MS/MS

spectra, mass spectra for multiple

ion adducts, compound name,
formula, CAS number, etc., are all

included

–

METLIN LC-MS http://metlin.scripps.edu including nearly one million
molecular standards with MS/MS

data, and supporting multiple

retrieval modes

Smith et al. (2005)

BinBase GC-TOF-MS http://fiehnlab.ucdavis.edu/staff/

wohlgemuth/binbase/

peak filtering and annotation using a

mass spectral metadata-based

filtering algorithm

Fiehn et al. (2005)

MMCD NMR, LC-MS http://mmcd.nmrfam.wisc.edu/ compatible for identifying

metabolites from both NMR andMS
data

Cui et al. (2008)

SIRIUS LC-MS https://bio.informatik.uni-jena.de/

sirius/

comprehensive assessment of

molecular structure using MS/MS
data

B€ocker et al. (2009);

D€uhrkop et al. (2019)

MassBank LC-MS, GC-

MS

https://massbank.eu/MassBank/ a distributed database and ESI-

MS2 data, under different
experimental conditions, are

included

Horai et al. (2010)

ReSpect LC-MS http://spectra.psc.riken.jp/ plant-specific MS/MS-based data

resource and database

Sawada et al. (2012)

CSI:FingerID LC-MS/MS https://www.csi-fingerid.uni-jena.
de/

combining fragmentation tree
computation and machine learning

for molecular structure searching

D€uhrkop et al. (2015)

LC-MS/MS

library

LC-MS/MS http://www.noble.org/apps/

Scientific/WebDownloadManager/

DownloadArea.aspx

ultra-high-performance liquid

chromatography-tandem mass

spectral library of plant natural

products

Lei et al. (2015)

MS2LDA LC-MS http://ms2lda.org/ Mass2Motifs-basedmethod is used

to annotate metabolites without the
necessary of existing reference

spectra; establishing biochemical

relationships between molecules

van der Hooft et al.

(2016)

GNPS LC-MS https://gnps.ucsd.edu/ProteoSAFe/

static/gnps-splash.jsp

a natural product and

metabolomics analysis platform

using molecular networks

Wang et al. (2016)

NAP LC-MS https://gnps.ucsd.edu/ProteoSAFe/

static/gnps-theoretical.jsp

a re-ranking system is used to

increase the annotation rates

da Silva et al. (2018)

MetDNA LC-MS http://metdna.zhulab.cn/ large-scale and ambiguous

identification of metabolites from

LC-MS/MS datasets without the

need of a standard spectral library

Shen et al. (2019)

MMN LC-MS / MicroTom metabolome and

transcriptome dataset

Li et al. (2020)

KEGG – https://www.genome.jp/kegg/ one of the most complete and

widely used databases; containing

metabolic pathways from a wide
variety of organisms

Ogata et al. (1999)

MetaCyc – https://metacyc.org/ experimentally elucidated
metabolic pathway database

Caspi et al. (2020)

Table 2. Summary of available databases for plant metabolites identification and pathway analysis.
(Continued on next page)
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Database Compatibility Link Description Reference

WikiPathways – https://www.wikipathways.org a biological pathway database,
including pathways from more than

30 species

Martens et al. (2021)

PMN15 – https://plantcyc.org/ genome-wide metabolic pathway

databases for 126 plants

Hawkins et al. (2021)

Table 2. Continued
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software used for analyzing GC-MS data at present (Figure 3C).

To reduce the false-positive and false-negative peaks in the

aligned results, peak filtering and backfill methods were also

introduced in QPMASS. Using these methods, the NA rate was

significantly reduced after backfilling, and the total error rate,

including the missing value and misalignment rate, was

reduced to 3.79% (Figure 3D) (Duan et al., 2020).

ANNOTATION OF METABOLITES

To annotate metabolites after data preprocessing, lots of data-

bases and strategies for plant metabolites are available now

(Table 2), and can be grouped into two major categories: library

searching-based and biochemical reaction-based annotation.

For the library searching-based annotation, the NIST mass

spectral database is one of the most widely used mass spectral

reference libraries, and it aims to identify unknown compounds

in GC-MS and LC-MS spectra using library searching. In NIST,

MS/MS spectra collected from multiple collision energy levels,

mass spectra for multiple ion adducts, compound name, formula,

CAS number, etc., are all included. METLIN is another widely

used database, in which nearly a million of metabolite standards

with experimental MS/MS data at multiple energy levels and in

positive/negative modes are included. It supports multiple

retrieval modes, including simple, advanced, batch, fragment,

neutral loss, and MS/MS spectrum match (Smith et al., 2005).

BinBase was developed for automatic annotation of GC-TOF/

MS data, in which a mass spectral metadata-based filtering algo-

rithm is used to match and generate database objects (Fiehn

et al., 2005). MMCD contains over 20 000 metabolites and

small molecules of biological interest, and it is compatible for

identifying metabolites from both NMR and MS data (Cui et al.,

2008). SIRIUS is a powerful tool for metabolite annotation using

isotope pattern analysis in its first version. While the

fragmentation trees and maximum a posteriori estimation are

added in the latter versions to provide a comprehensive

assessment of molecular structure using MS/MS data, in the

latest version (SIRIUS4), the CSI:FingerID, which combines

fragmentation tree computation and machine learning for

molecular structure searching, was integrated via a RESTful

(representational state transfer) web service (B€ocker et al.,

2009; D€uhrkop et al., 2015, 2019). MassBank is a distributed

database, in which ESI-MS2 data under different experimental

conditions are merged to identify metabolites by mass spectra;

and lots of search options are included in this database, such

as a quick search by chemical name, mass, and formula; peak

search by m/z values and relative intensities (Horai et al., 2010).

ReSpect (RIKEN tandem mass spectral database), a plant-

specific MS/MS-based database, including records from the

literature and MS/MS data from authentic standards (Sawada
8 Plant Communications 2, 100238, September 13 2021 ª 2021 Th
et al., 2012). Lei et al. (2015) constructed an ultra-high-

performance liquid chromatography-tandem mass spectral

library of plant natural products, containing thousands of mass

spectra with retention time, formula, and structure.

Although lots of metabolites can be identified by spectral match-

ing using databases mentioned above, it is inconvenient for most

of them to annotate themajority of plantmetabolites due to lack of

standard MS/MS spectra (Shen et al., 2019). To address

this problem, an unsupervised method MS2LDA, decomposes

fragmentation spectra into co-occurring fragments and losses

(Mass2Motifs), has been developed to annotate metabolites

without the necessity of existing reference spectra. It has also

been used to establish biochemical relationships between mole-

cules (van der Hooft et al., 2016). GNPS (Global Natural Product

Social Molecular Networking) is a natural product and

metabolomics analysis platform. In this database, metabolites

were annotated by MS/MS data-based molecular networking

with the notion that the structurally related metabolites have

similar mass spectra; therefore, a molecular network is

established by the similarity of mass spectra, and the annotation

of unknowns can be conducted based on the molecular

networks (Wang et al., 2016). An integrated tool in GNPS, called

Network Annotation Propagation (NAP), combined the

molecular networks with a re-ranking system to increase the

annotation rates, which is not only suitable for metabolites in mo-

lecular networks with a spectral library match but also useful for

those without spectral matches to reference MS/MS data (da

Silva et al., 2018). The strategy of MetDNA employs a metabolic

reaction network-based recursive algorithm for annotating

metabolites by reaction-paired neighbors, without the need for a

comprehensive standard spectral library. The reaction pair is

defined as the substrate and product in a metabolic reaction,

which are linked by the similarity of their MS/MS spectra. Then,

these reaction pairs are usedas seeds to identify the adjacentme-

tabolites in the metabolic network. The newly identified metabo-

lites can be used as new seeds for recursive analysis. It was esti-

mated that nearly 2000 metabolites could be annotated in an

experiment using this method (Shen et al., 2019). Remarkably,

most annotation tools/methods might have limitations in

annotating isomers at present, since they have same molecular

formula and similar mass spectrum, so a combined annotation

method, using authenticated standards with the methods

mentioned above, is recommended (Alseekh et al., 2021).

Except for the advanced databases or methods for metabolite

annotation, numerous databases for metabolic pathway analysis

were also developed (Table 2). For example, KEGG (Kyoto

Encyclopedia of Genes and Genomes) (https://www.genome.

jp/kegg/) is one of the most widely used databases containing
e Author(s).
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numerous metabolic pathways and regulatory pathways (Ogata

et al., 1999). MetaCyc (https://metacyc.org/) is a database

containing pathways involved in both primary and secondary

metabolism, in which nearly 2800 experimentally elucidated

pathways from more than 3000 organisms are collected (Caspi

et al., 2020). WikiPathways (https://www.wikipathways.org) is a

biological pathways database, containing pathways from more

than 30 species, including Oryza sativa, Zea mays, and so on

(Martens et al., 2021). PMN15 (https://plantcyc.org) is a

genome-wide metabolic pathway database for 126 plants

(Hawkins et al., 2021).

APPLICATIONS OF PLANT
METABOLOMICS

Recently, with the development of genomics and MS, plant me-

tabolomics has been widely used in multiple aspects, such as

species discrimination (Souard et al., 2018), gene function,

metabolic pathway analysis (Hirai et al., 2007; Fang et al.,

2019), population genetic studies (Gong et al., 2013), and

biomarker analysis (Swarbrick et al., 2006; Cañas et al., 2017).

Species discrimination

Metabolic fingerprinting is a promising tool for species discrimi-

nation (Duan et al., 2012; Liu et al., 2016; Souard et al., 2018).

Mojia Huangqi and Menggu Huangqi are two important Chinese

medical herbs, which share great similarities in morphology. To

discriminate these two species, AFLP fingerprinting analysis

and a GC-TOF/MS-based metabolic fingerprinting method

were used. Three candidate AFLP markers, M40E41-5,

M33E41-2 (existing in Mojia Huangqi collections), and M38E35-

3 (only existing in Menggu Huangqi collections) were identified

as candidate DNAmarkers for differentiation of two Huangqi spe-

cies in genetic fingerprinting analysis. In GC-TOF/MS analysis, a

total of 1193 metabolite features were detected, which could

divide Huangqi collections into two distinct clusters (Menggu

Huangqi and Mojia Huangqi). Eight metabolites, including ma-

lonic acid, xylose, pentonic acid, and other five unknown metab-

olites, were identified as candidate biomarkers for distinguishing

Menggu Huangqi and Mojia Huangqi. After assigning detected

metabolites in metabolic pathways and comparing metabolite

levels in different species, it was found that some soluble sugars

were accumulated in Mojia Huangqi, while some fatty acids,

amino acids, and metabolites in polyamine metabolic pathways

were decreased. The different metabolite accumulation patterns

might relate to the specific distribution region of the two different

Huangqi species. The correlation analysis of metabolite features

and AFLP markers showed that there were 122 metabolites

significantly correlated with 21 AFLP markers, indicating a com-

plex correlation network of metabolic pathways and genetic

regulation networks in Huangqi (Duan et al., 2012).

Dissection of metabolic pathways

Metabolite profiling combined with gain-of function and loss-of-

function analysis seem to be powerful tools for plant functional

genomics analysis (Fiehn et al., 2000; Fernie et al., 2004).

Tanshinone diterpenoids produced from Salvia miltiorrhiza

have various pharmacological activities. To thoroughly

investigate the tanshinone metabolism pathway, the role of

diterpene synthases (diTPSs), which are involved in diterpenoid
Plant Commun
biosynthesis, were analyzed in S. miltiorrhiza. It was found that

there were five CPSs (SmCPS1 to SmCPS5) and two KSs

(SmKSL1 and SmKSL2) in the genome of an inbred line bh2-7.

Among them, SmCPS1 and SmKSL1 led to the biosynthesis of

tanshinones in roots; SmCPS2 and SmKSL1 controlled the

biosynthesis of tanshinones in the aerial; SmCPS4 and SmKSL2

could catalyze the formation of ent-13-epi-manoyl oxide in floral

sepals; SmCPS5 and SmKSL2 were confirmed to be involved in

gibberellin biosynthesis, while there was no product observed

when combining SmCPS3 with either SmKSL1 or SmKSL2. To

further explore the roles of SmCPSs in diterpenoid biosynthesis

in S. miltiorrhiza, RNAi gene silencing was carried out. After

analyzing metabolites in the roots of wild-type and SmCPS1-

RNAi plants, it was found that 39 metabolites obtained from

LC-QTOF/MS and 19 metabolites from GC-QqQ/MS analysis

were significantly decreased in SmCPS1-RNAi lines, while

another four metabolites (from GC-QqQ/MS analysis) were

increased. Most of these differential compounds (21 out of 58

decreasedmetabolites, and 3 out of 4 increased metabolites) de-

tected in the SmCPS1-RNAi plants were diterpenoids. Among 21

annotated metabolites with reduced level in the roots of

SmCPS1-RNAi plants, 2 of them were rearranged abietane diter-

penoids, a further 19 metabolites were tanshinones or plausible

biosynthetic intermediates. These 19 features could further be

divided into 5 main groups according to their structures, indi-

cating a complex tanshinone metabolism network (Cui et al.,

2015). In a further study, CYP71Ds (CYP71D373, CYP71D411,

CYP71D464, and CYP71D375) were identified as candidate

enzymes for tanshinone biosynthesis using a combination

of methods for metabolic analysis of RNAi lines,

genome sequencing, and biochemical analysis. Among

them, CYP71D373 and CYP71D375 were required for

heterocyclization to form the D-ring of tanshinones, and

CYP71D411 was a C20 hydroxylase (Ma et al., 2021). In

Catharanthus roseus, the iridoid synthase was identified as the

enzyme involved in the iridoid biosynthetic pathway by

biochemical assays, gene silencing, untargeted LC-MS analysis,

co-expression analysis, and localization studies (Geu-Flores

et al., 2012). For an un-sequenced species, the comprehensive

analysis of metabolome, environmental, and physical data pro-

vide the information of plant adaption to the environment and

pointing to genome specialization (Meijón et al., 2016).
Population genetic studies

The variation of metabolite abundance in genetic population is

mainly influenced by genetic factors (Toubiana et al., 2012;

Alseekh et al., 2015). Numerous loci or genes underlying

variation of metabolites levels and agronomic traits have been

identified by integrating metabolic profiling and genetic analysis

(Luo, 2015; Fernie and Tohge, 2017). In Arabidopsis, 4213 QTLs

were identified for metabolites that were detected in the 160

recombinant inbred lines (Ler 3 Cvi) (Keurentjes et al., 2006).

Gong et al. (2013) detected 2800 mQTLs (metabolic

quantitative trait loci) for 900 metabolites in a rice population

with 241 recombinant inbred lines. Then 24 candidate genes

were identified for numerous mQTLs based on chemical

structure and pathway analysis. In rice, lots of loci were

detected for the majority of metabolites using GWASs

(genome-wide association studies) in a natural population. Then

36 genes were identified as candidate genes for the variation
ications 2, 100238, September 13 2021 ª 2021 The Author(s). 9
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of metabolites related to the physiological and nutritional

characteristics, in which the functions of five genes were

verified by biochemical analysis (Chen et al., 2014). In maize,

four genes involved in the primary metabolism were functionally

characterized by the combination of metabolic profiling, GWAS,

and qGWAS analysis (quantitative genome-wide association

study, which links the expression levels of genes with the

levels of the identified metabolites) (Wen et al., 2018).

Two glycosyltransferase genes OsUGT706D1 (flavone 7-O-

glucosyltransferase) and OsUGT707A2 (flavone 5-O-

glucosyltransferase) have been proved to be not only involved

in the synthesis or metabolism of flavonoids in rice but also

related to UV tolerance after metabolic profiling, mGWAS, and

biochemical analysis (Peng et al., 2017). To systematically

study the effect of metabolites on tomato flavor, the flavor-

related metabolites, such as sugars, volatile compounds, and

organic acids, were detected among 398 tomato varieties. In

addition, the flavors of different tomato varieties were evaluated

in consumer panels. The correlation analysis showed that there

were 33 metabolites significantly related to consumer

preferences, and 37 metabolites obviously related to tomato

flavor. Then whole-genome sequencing and GWAS were con-

ducted to identify genetic loci for these flavor chemicals. The re-

sults showed that the contents of glucose and fructose were

significantly associated with SNPs on chromosomes 9 and 11,

and both loci were located in a domestication and improvement

sweep (the large S. lycopersicumwith lower nucleotide diversity),

indicating that the sweetness (negatively correlated with fruit

size)-related loci were lost during selection of fruit size. At the

same time, lots of loci for carotenoid-derived volatiles, methyl sa-

licylate, and guaiacol were also identified. The comprehensive

analysis of metabolites and the correlated loci provided the un-

derstanding of the flavor deficiencies in modern tomato varieties

and information for molecular breeding (Tieman et al., 2017).
Other applications

Plants produce a variety of secondary metabolites, and most of

them can be used as allelochemicals (chemical barriers) for de-

fense against herbivores, as well as for sexual communication

(Nishida, 2014). The combination of plant metabolomics with

ecological studies, that is chemical-ecology and eco-

metabolomics, are necessary for dissecting the biochemical basis

of numerous ecological interactions (Peters et al., 2018). At the

same time, most plant secondary metabolites are the major

source of drugs, so the development of plant metabolomics

engineering will have significant influence on the discovery

of new natural products as drugs (Li and Vederas, 2009).

In addition, plant metabolomics has been widely used in

identifying biomarkers for biological processes or traits of

interest, which will greatly benefit the rapid phenotypic screening

and crop breeding. For example, metabolites, such as leucine,

isoleucine, aspartate, and glutamate, are correlated with the leaf

age and the leaf senescence in Arabidopsis. The different ratio of

glycine/serine can even be observed before any senescence

symptoms in the rosettes, indicating it could be used as

predictive indicator for plant senescence traits (Diaz et al., 2005).

The metabolites related to disease resistance in barley were

also identified by analyzing metabolites among different

susceptibility and resistance barley varieties (Swarbrick et al.,

2006). Chlorogenates (reversibly biosynthesized from quinic acid
10 Plant Communications 2, 100238, September 13 2021 ª 2021 Th
and shikimate) appear to be important biomarkers for selecting

larger kernels in maize (Cañas et al., 2017).
PERSPECTIVES

With the development of genomics, transcriptomics, and MS,

metabolomics developed rapidly in recent years, and has been

widely applied in the study of pharmacology, toxicology, and dis-

ease diagnosis (Bar et al., 2020; Suceveanu et al., 2020), as well

as in gene function analysis, and in improvement of crop yield and

quality (Keurentjes et al., 2006; Schauer et al., 2006, 2008; Zhu

et al., 2018). Normally, hundreds or even thousands of

biological samples need to be analyzed in these studies.

To fully understand the biological significance contained in

these datasets, numerous research platforms, and data

preprocessing, multivariate analysis, and metabolic pathway

analysis methods or databases have been developed. Despite

the prominent advantages of these methods and databases,

there are still some problems currently existing in plant

metabolomics, such as lack of rapid detection methods for

trace substances, effective method for sample preparation,

complete database for plant metabolites, and so on. Hence, it

is necessary to develop a more broad-spectrum, in situ, and

real-time detection method for plant samples based on existing

technologies, such as mass spectrometry imaging technology

(DESI-MSI). At the same time, an integrated platform is also

needed for rapid and efficient analysis of the ultra-large MS

data and annotation metabolites from different platforms. With

the improvement of these technologies, and the combination of

genomics and transcriptomics, plant metabolomics will play

more important roles in gene function analysis, crop quality anal-

ysis, and many other studies in the future.
FUNDING
This research was supported by the Strategic Priority Research Program

of the Chinese Academy of Sciences (XDB27010202), the National Natural

Science Foundation of China (31920103003), and the National Key

Research and Development Program of China (2016YFD0100904).
ACKNOWLEDGMENTS
No conflict of interest declared.

Received: March 13, 2021

Revised: July 31, 2021

Accepted: September 2, 2021

Published: September 4, 2021

REFERENCES
Alseekh, S., Aharoni, A., Brotman, Y., Contrepois, K., D’Auria, J.,

Ewald, J., Ewald, J.C., Fraser, P.D., Giavalisco, P., and Hall, R.D.

(2021). Mass spectrometry-based metabolomics: a guide for

annotation, quantification and best reporting practices. Nat. Methods

18:747–756.

Alseekh, S., Tohge, T., Wendenberg, R., Scossa, F., Omranian, N., Li,

J., Kleessen, S., Giavalisco, P., Pleban, T., Mueller-Roeber, B.,

et al. (2015). Identification and mode of inheritance of quantitative

trait loci for secondary metabolite abundance in tomato. Plant Cell

27:485–512.

Bar, N., Korem, T., Weissbrod, O., Zeevi, D., Rothschild, D., Leviatan,

S., Kosower, N., Lotan-Pompan, M., Weinberger, A., Le Roy, C.I.,

et al. (2020). A reference map of potential determinants for the

human serum metabolome. Nature 588:135–140.
e Author(s).

http://refhub.elsevier.com/S2590-3462(21)00140-1/sref1
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref1
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref1
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref1
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref1
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref2
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref2
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref2
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref2
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref2
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref3
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref3
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref3
http://refhub.elsevier.com/S2590-3462(21)00140-1/sref3


Mining plant metabolomes Plant Communications
B€ottcher, C., von Roepenack-Lahaye, E., Schmidt, J., Schmotz, C.,

Neumann, S., Scheel, D., and Clemens, S. (2008). Metabolome

analysis of biosynthetic mutants reveals a diversity of metabolic

changes and allows identification of a large number of new

compounds in Arabidopsis. Plant Physiol. 147:2107–2120.

B€ocker, S., Letzel, M.C., Lipták, Z., and Pervukhin, A. (2009). SIRIUS:

decomposing isotope patterns for metabolite identification.

Bioinformatics 25:218–224.

Broadhurst, D., Goodacre, R., Reinke, S.N., Kuligowski, J., Wilson,

I.D., Lewis, M.R., and Dunn, W.B. (2018). Guidelines and

considerations for the use of system suitability and quality control

samples in mass spectrometry assays applied in untargeted clinical

metabolomic studies. Metabolomics 14:72.

Broeckling, C.D., Reddy, I.R., Duran, A.L., Zhao, X.C., and Sumner,

L.W. (2006). MET-IDEA: data extraction tool for mass spectrometry-

based metabolomics. Anal. Chem. 78:4334–4341.

Bunk, B., Kucklick, M., Jonas, R., M€unch, R., Schobert, M., Jahn, D.,

and Hiller, K. (2006). MetaQuant: a tool for the automatic

quantification of GC/MS-based metabolome data. Bioinformatics

22:2962–2965.
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