
RESEARCH ARTICLE Open Access

Integrated omics data of two annual
ryegrass (Lolium multiflorum L.) genotypes
reveals core metabolic processes under
drought stress
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Abstract

Background: Annual ryegrass (Lolium multiflorum L.) is a commercially important, widely distributed forage crop
that is used in the production of hay and silage worldwide. Drought has been a severe environmental constraint in its
production. Nevertheless, only a handful of studies have examined the impact of short-term drought stress on annual
ryegrass. The aim of this study was to explore how stress-induced core metabolic processes enhance drought
tolerance, or adaptation to drought, in annual ryegrass.

Results: We profiled the transcriptomes, proteomes, and metabolomes of two annual ryegrass genotypes: the
drought-resistant genotype “Abundant 10” and drought-susceptible genotype “Adrenalin 11.” We identified
differentially expressed metabolites and their corresponding proteins and transcripts that are involved in 23 core
metabolic processes, in response to short-term drought stress. Protein–gene–metabolite correlation networks were
built to reveal the relationships between the expression of transcripts, proteins, and metabolites in drought-resistant
annual ryegrass. Furthermore, integrated metabolic pathways were used to observe changes in enzymes
corresponding with levels of amino acids, lipids, carbohydrate conjugates, nucleosides, alkaloids and their derivatives,
and pyridines and their derivatives. The resulting omics data underscored the significance of 23 core metabolic
processes on the enhancement of drought tolerance or adaptation to drought in annual ryegrass.

Conclusions: The regulatory networks were inferred using MCoA and correlation analysis to reveal the relationships
among the expression of transcripts, proteins, and metabolites that highlight the corresponding elements of these
core metabolic pathways. Our results provide valuable insight into the molecular mechanisms of drought resistance,
and represent a promising strategy toward the improvement of drought tolerance in annual ryegrass.
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Background
Drought is a severe environmental constraint to seed ger-
mination, plant growth, and productivity [1, 2]. Plants em-
ploy physiological and molecular mechanisms of drought
tolerance to cope with water shortages. Indeed, the
drought-response mechanisms developed by plants at the

cellular level are essential, as they allow tolerance in plants
that facilitates cellular homeostasis [3]. Mounting evi-
dence has confirmed that plant species that are more tol-
erant to drought stress maintain higher levels of
unsaturated fatty acids, such as hexadecenoic acid, pal-
mitic acid, pimelic acid, stearic acid, and linolenic acid, all
of which intervene in cases of compromised membrane
fluidity and cellular functions [4–6]. In addition, the syn-
thesis of amino acids, such as valine, leucine, phenylalan-
ine, proline, and histidine, can contribute to turgor
maintenance through osmotic adjustment when plants,
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especially resistant cultivars, are subjected to gradually in-
creasing drought stress [7].
Plants exhibiting high drought tolerance are promising

candidates for studies in drought-related genes, proteins,
and metabolites [8]. Transcriptomic, proteomic, and
metabolomic profiling are highly useful approaches to
dissecting the complex networks of regulatory mecha-
nisms at multiple levels in plants [9, 10]. In addition,
multiple co-inertia analysis (MCoA) is a critical method
for integrating data from several multi-omics datasets
[11]. One of the advantages of MCoA is that it can be
used to analyze a subset of variables (e.g., transcripts,
proteins, and metabolites) that are present in two or
more datasets. Several recent studies using comparative
physiological, metabolomic, and transcriptomic analyses
have provided deep insights into the mechanisms associ-
ated with improving abiotic stress resistance through the
application of exogenous melatonin [12]. Similarly, com-
bined analyses of the transcripts, proteome, and metabo-
lites have been used to understand the manner in which
core metabolic processes enhance carotenoid synthesis
in transgenic maize [13]. “Omics” studies have also been
performed, using large drought datasets for forage
grasses with differing levels of sensitivity, both under
water stress and non-stress conditions [14, 15].
Annual ryegrass (Lolium multiflorum L.), a species

closely related to perennial ryegrass (Lolium perenne), is
a commercially important forage crop that is widely cul-
tivated for the production of hay and silage worldwide
[16], including southern China. In recent years, severe
short-term (daily to monthly) droughts have occurred
frequently over southern China, causing a severe adverse
effect on grass productivity [17, 18]. As such, the eco-
nomic importance of annual ryegrass has encouraged
many researchers to study the physiological and molecu-
lar bases of drought tolerance. Nevertheless, only a
handful of studies have examined the impact of short-
term drought stress on annual ryegrass, using an omics
approach [19].
In our recently published study, we developed two an-

nual ryegrass varieties, Abundant 10 and Adrenalin 11,
with differing degrees of drought tolerance [20]. In order
to explore the molecular mechanism of drought toler-
ance in these two annual ryegrass genotypes, we identi-
fied differentially expressed metabolites and their
corresponding proteins and transcripts that are involved
in 23 core metabolic processes under short-term
drought treatment. The associated regulatory networks
were inferred using MCoA and correlation analysis, to
reveal the relationships among the expression of tran-
scripts, proteins, and metabolites that highlight the cor-
responding elements of these core metabolic pathways.
This study provides valuable insight into the molecular
mechanisms of drought resistance and represents a

promising approach toward the improvement of drought
tolerance in annual ryegrass.

Methods
Plant samples and drought treatments
Two L. multiflorum genotypes, drought-resistant “Abun-
dant 10” and drought-susceptible “Adrenalin 11,” were
used in this study. Seedlings were transplanted 7 days
after germination into Hoagland’s nutrient solution. All
seedlings were grown in temperature-controlled growth
chambers with 16-h photoperiods (25°/18 °C day/night
temperature) and relative humidity of 60%. At day 20,
after germination, the seedlings were divided into four
groups to be used as the control (0 h) and various
drought-treated samples. The drought-treated samples
were placed on plastic trays and naturally air-dried for 1,
2, and 24 h, respectively (Additional file 1 Figure S1).
Ten individual plants from each treatment group were
considered a biological replicate. After treatment, three
biological replicates were used for total RNA and protein
extraction, and six biological replicates were then sub-
jected to gas chromatography–mass spectrometry- (GC-
MS)-based metabolite identification.
Relative water content (RWC) was calculated using the

formula described by Barrs and Kozlowski [21]. The
chlorophyll content was calculated according to the
method described by Lakra et al. [22]. Relative electrical
conductivity (REC) was calculated as the ratio of the ini-
tial electrical conductivity (EC) to the final EC [23]. The
changes and activity of malondialdehyde (MDA) concen-
tration, superoxide dismutase (SOD), catalase (CAT),
and ascorbic acid peroxidase (APX) were each assayed
with MDA, SOD, CAT, and APX assay kits, respectively
(Comin Biotechnology Co. Ltd., Suzhou, China). A one-
way ANOVA was performed using the SPSS Statistics
20.0 software (IBM Corp, Armonk, NY, USA), and
means were compared using the least significant differ-
ence (LSD) test to determine significant differences (P <
0.05).

Transcriptome sequencing and analysis
Total RNA was isolated from samples, using the TRIzol
reagent (Agilent Technologies, Santa Clara, USA). A
mass of 5 μg per sample was collected for cDNA library
construction, using the NEB Next® Ultra™ Directional
RNA Library Prep Kit for Illumina® (NEB, USA). The
cDNA Library was validated by two different methods to
determine the average molecular length: 1) the Agilent
2100 Bioanalyzer (Agilent DNA 1000 Reagents; Agilent
Technologies) and 2) real-time quantitative PCR (QPCR;
TaqMan Probe; Thermo Fisher Scientific, Waltham,
MA, USA). The qualified libraries (average length of
fragment was between 250 and 350 bp) were amplified
on the cBot System to generate the cluster on the flow
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cell using the TruSeq PE Cluster Kit V3-cBot-HS (Illu-
mina, San Diego, CA, USA). The amplified flow cell was
subjected to paired-end sequencing using the HiSeq
2000 sequencing system (Illumina, USA). As a reference
genome had not been previously created, the clean reads
were assembled as the reference genome via the Trinity
software (https://github.com/trinityrnaseq/trinityrnaseq/
wiki) [24]. Read counts per gene were expressed as the
expected number of fragments per kilobase of transcript
sequence per million base pairs sequenced (FPKM). The
P-values were adjusted using the Benjamini and Hoch-
berg’s approach to control the false discovery rate (FDR).
Gene Ontology (GO) enrichment analysis of differen-
tially expressed genes (DEGs) was implemented with the
GOseq R software package, in which the gene length
bias was corrected. The GO terms with DEGs (FDR ≤
0.001 and a fold change ≥2) were used for functional en-
richment analysis. Genes with an adjusted P-value below
0.05, as determined by the DESeq software, were
assigned as differentially expressed, and employed in the
GO and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analyses. The KEGG enrichment analysis of
DEGs in the KEGG database (http://www.genome.jp/
kegg/) and the KOBAS (KEGG Orthology Based Anno-
tation System) software [25, 26] were used to test the
statistically significant enrichment of DEGs in KEGG
pathways.

Protein identification and data analysis
Proteins were extracted from samples at four time points
throughout the drought stress treatments: 0, 1, 2, and
24 h. The extractions were performed with Lysis Buffer
3 containing 1 mM phenylmethylsulfonyl fluoride
(PMSF) and 2 mM ethylenediaminetetraacetic acid
(EDTA), and suspended at 200 W for 15 min. Proteins
were isolated by centrifugation at 30000 g for 15 min at
4 °C, after which 5× volume of chilled acetone and 10%
(v/v) trichloroacetic acid were added at − 20 °C.
After two rounds of centrifugation, the supernatant

was carefully discarded and the precipitate was washed
three times with cold acetone. The protein pellet was
air-dried by lyophilization and dissolved in Lysis Buffer
(7 M urea, 2 M thiourea, 4% NP40, 20 mM Tris-HCl,
pH 8.0–8.5). The protein pellet was then suspended for
15 min and centrifuged at 4 °C at 25000 g for 15 min,
and the supernatant was collected.
To reduce the number of disulfide bonds in the pro-

teins of the supernatant, 10 mM dithiothreitol (DTT)
was added, and the mixture was left for 1 h at 56 °C.
Subsequently, 55 mM iodoacetamide (IAM) was added
to block the cysteines, after which samples were kept in
a dark room for 1 h. The supernatant of the proteins
was kept at − 80 °C. Protein samples of 100 μg each were
added to 2.5 μg Trypsin (Promega, Madison, WI, USA)

with a weight ratio of 40 protein: 1 trypsin, and kept at
37 °C for 4 h. The peptides were vacuum-dried using
Strata-X, and reconstituted in 0.5 M triethylammonium
bicarbonate (TEAB) based on the manufacturer’s proto-
col for the 8-plex iTRAQ reagent (Applied Biosystems,
USA). This solution contained one unit of thawed and
reconstituted iTRAQ reagent in 24 μL isopropanol. The
peptides were labeled with isobaric tags, pooled, and
then vacuum-dried.
Each fraction was re-suspended in buffer A (2% aceto-

nitrile [ACN], 0.1% formic acid [FA]) and centrifuged at
20000 g for 10 min. The final concentration of peptides
was on average approximately 0.5 μg/μL. The super-
natant (10 μL) was evaluated using a LC-20 AD Nano-
HPLC pump (Shimadzu, Kyoto, Japan) with an autosam-
pler, and peptides were eluted onto an analytical C18
column (inner diameter 75 μm and column length
15 cm). The samples were loaded over 4 min, and the
solvent gradient was run from 5% buffer B (96% ACN,
0.1% FA) for 0–8 min, with a linear gradient to 35% buf-
fer B for 8–43 min, maintained at 60% buffer B for 43–
48 min, and returned to 5% buffer B for 55–65 min.
Data acquisition was performed using a Triple TOF

5600 System (SCIEX, Framingham, MA, USA) fitted
with a Nanospray III source (SCIEX) and a pulled quartz
tip as the emitter (New Objectives, Woburn, MA, USA).
Data were acquired using an ion spray with a 2.5 kV
voltage. The curtain and nebulizer gases were set at
30 psi and 15 psi, respectively, and the interface heater
temperature was 150 °C. The mass spectrometer was op-
erated with a resolving power (RP) of 30,000 FWHM
(full width at half maxima) for time-of-flight mass spec-
trometry (TOF/MS) scans. Survey scans were obtained
in 250 ms and up to 30 product ion scans were acquired
(cut-off threshold was 120 counts/s). Raw data files were
transformed into Mascot generic format (MGF) files
using the Proteome Discoverer software.
Raw data files acquired from the Orbitrap analyzer

were converted into MGF files using the Proteome Dis-
coverer 1.2 software (Thermo Fisher). The Mascot 2.3.02
search engine (Matrix Science, London, UK) was used to
identify and quantify proteins. An automatic decoy data-
base search was performed in Mascot, by choosing the
decoy checkbox in which a random sequence database
was generated and tested for raw spectra. The real data-
base was also tested for raw spectra. Only peptides with
a 95% confidence interval from the Mascot probability
analysis were counted as identified. The identification of
each protein involved at least one unique peptide. The
quantitative protein ratios were weighted and normal-
ized using the median ratio determined by Mascot. We
considered only data with values of P < 0.05 and fold
changes > 1.2 as significant. Functional annotations of
identified proteins were performed using the Blast2GO
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program against the non-redundant (NR) protein data-
base. The KEGG and clusters of orthologous groups
(COG) databases were applied to classify the identified
proteins.

Metabolome analysis
Six biological replicates of each sample were analyzed
for non-treated and drought-treated seedlings (drought
for 24 h) in the two L. multiflorum genotypes. Approxi-
mately 50 mg of powdered samples were extracted in
1 mL of an 80% methanol, 20% distilled water solution
for 30 min at 4 °C. During the extraction process, the
samples were centrifuged for 10 min at 12,000 g. The
supernatant was removed and the pellet was subjected
to further extraction in 60% methanol, and then in water
at 4 °C, as described above. Metabolite profiling was per-
formed on an Agilent 1290 Infinity Liquid Chromatog-
raphy System (Agilent Technologies) equipped with a
2.1 mm× 100 mm C18 reverse-phase column, with a
1.8-μm particle size (Waters Corp., Milford, MA, USA).
The column was maintained at 40 °C and the injected
sample volume was 4 μL. Mass spectrometry (MS) ex-
periments were performed on an Agilent 6530 Accurate-
Mass Q-TOF/MS (Agilent Technologies) equipped with
an electrospray ionization source. The binary gradient
had a flow rate of 0.35 mL/min, and a gradient elution
from 5% to 95% acetonitrile separated all compounds.
The total run time was 34 min.
The electrospray source parameters were optimized as

follows: positive mode- sampling cone 35 kV, capillary
voltage 4 kV, extraction cone 3 V, source temperature
100 °C, desolvation temperature 350 °C, cone gas flow
50 L/h, and desolvation gas flow 600 L/h. Negative
mode- sampling cone 50 kV, capillary voltage 3.5 kV, ex-
traction cone 4 V, source temperature 100 °C, desolva-
tion temperature 300 °C, cone gas flow 50 L/h, and
desolvation gas flow 700 L/h. For accurate mass acquisi-
tion, a lock mass of leucine enkephalin (Lock mass) at a
concentration of 0.2 ng/mL was used via a lock spray
interface for the positive ion mode ([M +H] + =
556.2771 Da) and negative ion mode ([M −H] − =
554.2615 Da) to ensure accuracy during the MS analysis.
After filtration, a peak table was created that included

information on the retention time (RT), mass, and ion
intensity of all identified components. Raw data were
first preprocessed with a Mass Profiler (Agilent Tech-
nologies) and input to the Simca-P 13.0 program for
multivariate analysis (i.e., principal component analyses
[PCA] and partial least squares discriminant analysis
[PLS-DA]). Data were expressed as the mean ± SD. Vari-
able importance in the projection (VIP) values were ob-
tained for variables in the orthogonal projections to
latent structures discriminant analysis (OPLS-DA)
model in order to select the differentially expressed

metabolites. An independent t-test (P < 0.05) was used
to determine whether the individual metabolites (candi-
date biomarkers) obtained from PLS-DA modeling, ex-
hibited statistically significant differences between
groups at the univariate analysis level. Only the metabo-
lites with a VIP > 1 and a P-value < 0.05 were defined as
differential metabolites. The MS analysis system was
used to identify the characteristic metabolites corre-
sponding to the featured peak in the Metlin database
(http://metlin.scripps.edu) [27]. The KEGG database was
also used to link differential metabolite levels to func-
tional metabolic pathways in the drought-treated groups,
compared to those in the control groups.

Integrative analysis using multiple co-inertia analysis and
gene set enrichment analysis
The MCoA was performed using the Bioconductor soft-
ware package omicade4 [28]. For consistency, we se-
lected 1-, 2-, and 24-h treatments as the drought
treatment groups, and 0 h as the control group. The 0-h
and 24-h metabolomic profiles were used as the control
and drought treatment profiles, respectively. The mean
FPKM in the transcriptomic data (three replicates), ra-
tios in the proteomics data (two replicates), and peak in-
tensity in the metabolic data (six replicates) were used in
the MCoA. All values were log-transformed. The MCoA
can deal with multiple datasets; therefore, we did not
merge the positive and negative channels in the metab-
olite profiling, which resulted in four datasets for each of
genotypes. The Gene Set Enrichment Analysis (GSEA)
software (version 2.2.2) was used for gene set enrich-
ment analysis [29]. The gene set information was col-
lected from GO and KEGG pathway databases, as in the
differential expression analysis. Gene sets containing
more than 1000 or fewer than five candidates were ex-
cluded. A permutation text with 1000 permutations was
used to evaluate the significance of the enrichment re-
sults. The default settings for other parameters were
used.

Quantitative real-time-PCR analysis and western blot
Changes in the expression of 26 genes were verified by
real-time PCR analysis, and detailed information on
these genes is listed in Additional file 2 Table S1. Real-
time RT-PCR was performed on the ABI7500 Real-Time
PCR System (Applied Biosystems) using the SYBR® Pre-
mix EX-Taq™ II kit. Reverse transcription was performed
using the Bio-Rad iScript cDNA Synthesis Kit. The PCR
amplifications were conducted in a volume of 20 μL,
containing 10 μL PCR-mix, 2.5 μL of genomic DNA,
5.5 μL ddH2O, and 1 μL of each primer. The thermocy-
cler was set to touchdown mode according to the fol-
lowing program: 95 °C for 30 s, 1 cycle; 95 °C for 5 s,
40 cycles; and 60 °C for 34 s, 1 cycle. A melting curve
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was generated by heating the sample to 95 °C. Real-time
PCR data was then analyzed by the comparative CT
method.
An equal amount (10 μg) of each protein sample was

loaded for sodium dodecyl sulfate polyacrylamide gel
electrophoresis (SDS-PAGE) (1.5 mm gel thickness). Mi-
gration of proteins in the gel was conducted at 150 V
until the blue band from the sample buffer ran out of
the gel. Protein-Marker IV was also loaded to determine
the molecular weight of the proteins. Proteins were then
transferred onto a polyvinylidene fluoride (PVDF) mem-
brane (Millipore, USA). The following antibodies were
used in the western blot analysis: actin (ACT), chitinase
(CHN), glutamine synthetase (GS1), methionine syn-
thase (MTR), UDP-glucose pyrophosphorylase
(UGPase), glutamate dehydrogenase 1 (GDH1), serine
hydroxyl methyltransferase (SHMT), and glutamine syn-
thetase (GlnA) (Agrisera, Sweden). The PVDF mem-
brane was probed with primary antibodies and
developed using enhanced chemiluminescence detection
(PerkinElmer, Waltham MA, USA). The blots were de-
tected using the BeyoECL Plus (P0018) system. The im-
ages were obtained using the ChemiDoc TM MP
imaging system, and the quantifications were conducted
with the Image Lab TM V5.1 software.

Results
Drought stress induced growth and physiological
changes in L. multiflorum
To determine the morphological and physiological
impact of drought stress on annual ryegrass, both
drought-resistant and drought-susceptible genotypes
were subjected to sustained drought for 5 weeks
(Fig. 1a–b). Differences between the genotypes were
observed in seedling height (SH), chlorophyll (a + b)
content, REC, RWC, root-to-shoot ratio (RSR), mal-
ondialdehyde (MDA) content, catalase (CAT), super-
oxide dismutase (SOD), and ascorbic acid peroxidase
(APX) activities (Fig. 1c–k). The impact of drought
stress on RWC was apparently reduced among treated
seedlings after the 14-day drought treatment, and
there was a significant difference in response between
the two annual ryegrass genotypes (Fig. 1c). The REC
and chlorophyll (a + b) content of the susceptible
plants exhibited a dramatic reduction, in comparison
to those of the tolerant plants (Fig. 1d–e). Prior to
the application of drought stress, MDA content was
invariant among the control samples of the two an-
nual ryegrass genotypes. However, susceptible geno-
type revealed significantly higher MDA contents,
relative to those of the tolerant genotype after 14 days
of drought stress (Fig. 1f ). Higher levels of CAT,
SOD, and APX activity were observed among the tol-
erant genotype exposed to long-term drought (Fig.

1g–i), whereas no significant changes were noted in
SH when subjected to drought stress (Fig. 1j). How-
ever, a highly significant increase in RSR was ob-
served in the tolerant genotype in comparison to the
susceptible genotype after annual ryegrass seedlings
were treated with drought stress for 21 days (Fig. 1k).

Metabolite profiling of two L. multiflorum genotypes
revealed changes in metabolites under drought stress
The differentially expressed metabolites of the two L.
multiflorum genotypes were identified following ex-
posure to 24 h of drought stress, using LC-MS and
the OPLS-DA model. Different types of compounds
were detected in positive and negative modes includ-
ing: lipids; amino acids; organic acids; carbohydrates
and carbohydrate conjugates; nucleosides, nucleotides,
and their analogs; indoles and their derivatives; alka-
loids and their derivatives; amine compounds, pyri-
dines and their derivatives, among others
(Additional file 3: Figure S2). additional(DEMs) exhib-
ited contrasting expression levels between the
drought-tolerant and drought-sensitive genotypes
under drought stress, particularly lipids, amino acids,
organic acids, amine compounds, and pyridines and
their derivatives. Significant correlations were noted
among the levels of these compounds, according to
Spearman two-tailed correlation analyses (P ≤ 0.05 and
r2 > 0.65 or P ≤ 0.05 and r2 < − 0.65; Additional file 4:
Figure S3). Lipids and amino acids more favorably
ionized in positive ionization mode (Additional file 4:
Figure S3A), whereas organic acids generated higher
signal intensities in positive ionization mode (Add-
itional file 4: Figure S3). We found that lipid levels
exhibited the greatest number of significant correla-
tions with other metabolites, followed by amino acids,
and organic acids.
Among these compounds, a portion of the DEM

scan was mapped onto multiple core metabolic pro-
cesses, for example, valine, leucine, and isoleucine
biosynthesis; valine, leucine, and isoleucine degrad-
ation; α-linolenic acid metabolism; biotin metabolism;
phenylalanine, tyrosine, and tryptophan biosynthesis;
tropane, piperidine, and pyridine alkaloid biosynthesis;
phenylalanine metabolism; sphingolipid metabolism;
fatty acid biosynthesis; phenylpropanoid biosynthesis;
glycerolipid metabolism; pantothenate and CoA bio-
synthesis; histidine metabolism; tryptophan metabol-
ism; galactose metabolism; purine metabolism;
cysteine and methionine metabolism; fatty acid me-
tabolism; arginine and proline metabolism; 2-
oxocarboxylic acid metabolism; cutin; suberin and
wax biosynthesis; biosynthesis of amino acids; and the
citrate cycle (TCA cycle; Table 1).
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Comparative proteomics and transcriptomic profiling
reveals differences in the expression of proteins and
genes regulating core metabolism
To investigate the differentially abundant proteins in-
duced by drought treatment, we performed comparative
proteomics analysis on the two annual ryegrass geno-
types at four different time points 0, 1, 2, and 24 h. A
total of 26,189 unique peptides matching 8224 proteins
were identified by Mascot with a high level of confidence
(all with a 1% FDR), of which 1395 were differentially
abundant between the drought-susceptible and drought-
resistant genotypes (Fig. 2a). To understand further the
function and features of these proteins, differentially
expressed proteins (DEPs) were identified using

Blast2GO and the KEGG database. Most of these pro-
teins were located in organelles, cells, membranes, or
nuclei (Fig. 2b). The KEGG pathway enrichment analysis
revealed that the abundance of DEPs involved in meta-
bolic pathways that are related to the metabolites identi-
fied by LC-MS were dramatically affected by drought
(Fig. 2c). This identified the drought-induced proteins
associated with stress responses that might contribute to
enhanced tolerance or adaptation to drought in annual
ryegrass.
To gain insight into gene expression in annual ryegrass

across all four time points of the drought treatment, we
performed transcriptomic analysis to identify drought-
mediated genes. After filtering out contaminated and

Fig. 1 Representative images of two L. multiflorum genotypes under long term drought stress for 5 weeks (a and b). Morphological and
physiological characters of annual ryegrass were measured after drought stress for 7 to 35 days (c–k). Different letters above bars indicate
significant differences (P < 0.05) between different time points
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Table 1 Differentially expressed metabolites mapped to KEGG metabolic pathways

Metabolite Name HMDB ID KEGGCompound
ID

Fold change (sus_24
vs.res_24)

Pathway Name

Pheophorbide a METPA1634 C18021 0.911 Porphyrin and chlorophyll metabolism

Hexahomomethionine METPA1758 C17233 −1.056168721 2-Oxocarboxylic acid metabolism

Colnelenic acid HMDB30996 C16320 0.688 alpha-Linolenic acid metabolism

Traumatic acid HMDB00933 C16308 0.665 alpha-Linolenic acid metabolism

Stearidonic acid HMDB06547 C16300 −0.965724523 alpha-Linolenic acid metabolism

Caffeyl alcohol METPA1708 C12206 0.689 Phenylpropanoid biosynthesis

Phytosphingosine HMDB04610 C12144 −0.608 Sphingolipid metabolism

Abietinal HMDB34735 C11887 −0.680 Diterpenoid biosynthesis

Picolinic acid HMDB02243 C10164 −1.009229646 Tryptophan metabolism

Palmitoleic acid HMDB03229 C08362 −1.552 Fatty acid biosynthesis

Alpha-Linolenic acid HMDB01388 C06427 0.672 alpha-Linolenic acid metabolism

Guanosine 2’,3’-cyclic
phosphate

HMDB11629 C06194 1.852 Purine metabolism

Hydroxyphenylacetylglycine HMDB00735 C05596 2.027 Tyrosine metabolism

Galactosylglycerol HMDB06790 C05401 1.183 Galactose metabolism
Glycerolipid metabolism

2-Methoxyestradiol HMDB00405 C05302 −0.991682395 alpha-Linolenic acid metabolism

13(S)-HPOT METPA0543 C04785 −1.989038788 alpha-Linolenic acid metabolism

Imidazoleacetic acid
ribotide

HMDB06032 C04437 0.681 Histidine metabolism

5-Methylthioribose HMDB01087 C03089 1.626 Cysteine and methionine metabolism

Pimelic acid HMDB00857 C02656 0.753 Biotin metabolism

Capric acid HMDB00511 C01571 0.835 Fatty acid biosynthesis

Syringin METPA1704 C01533 0.968 Phenylpropanoid biosynthesis

7,8-Diaminononanoate METPA0113 C01037 −0.961929908 Biotin metabolism

Porphobilinogen HMDB00245 C00931 2.258 Porphyrin and chlorophyll metabolism

Sphinganine HMDB00269 C00836 −1.600936161 Sphingolipid metabolism

LPA(0:0/18:2(9Z,12Z)) HMDB07852 C00416 −0.704 Glycerolipid metabolism
Glycerophospholipid metabolism

Guanosine HMDB00133 C00387 1.841 Purine metabolism

Xanthine HMDB00292 C00385 2.484 Purine metabolism

Geranyl-PP HMDB01285 C00341 0.759 Terpenoid backbone biosynthesis

Indoleacrylic acid HMDB00734 C00331 2.158484941 Tryptophan metabolism

Palmitic acid HMDB00220 C00249 −1.552 Fatty acid biosynthesis
Fatty acid degradation
Cutin, suberine and wax biosynthesis
Fatty acid metabolism

L-Valine HMDB00883 C00183 −1.016522341 2-Oxocarboxylic acid metabolism
Biosynthesis of amino acids
Valine, leucine and isoleucine
degradation
Valine, leucine and isoleucine
biosynthesis
Pantothenate and CoA biosynthesis
Aminoacyl-tRNA biosynthesis

Proline HMDB00162 C00148 −1.551840689 Biosynthesis of amino acids
Aminoacyl-tRNA biosynthesis
Arginine and proline metabolism

L-Histidine HMDB00177 C00135 −0.993 Histidine metabolism
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Table 1 Differentially expressed metabolites mapped to KEGG metabolic pathways (Continued)

Metabolite Name HMDB ID KEGGCompound
ID

Fold change (sus_24
vs.res_24)

Pathway Name

Aminoacyl-tRNA biosynthesis
Biosynthesis of amino acids

L-Leucine HMDB00687 C00123 −2.034 2-Oxocarboxylic acid metabolism
Biosynthesis of amino acids
Valine, leucine and isoleucine
degradation
Valine, leucine and isoleucine
biosynthesis
Aminoacyl-tRNA biosynthesis

Anthranilic acid HMDB01123 C00108 1.346 Biosynthesis of amino acids
Tryptophan metabolism
Phenylalanine, tyrosine and tryptophan
biosynthesis

Phenylalanine HMDB00159 C00079 −1.004301822 Phenylalanine metabolismPhenylalanine,
tyrosine and tryptophan biosynthesis
Phenylpropanoid biosynthesis
Tropane, piperidine and pyridine alkaloid
biosynthesis
Aminoacyl-tRNA biosynthesis
2-Oxocarboxylic acid metabolism
Biosynthesis of amino acids

Pyridoxal 5’-phosphate HMDB01491 C00018 1.153 Thiamine metabolism
Vitamin B6 metabolism

Fig. 2 Comparison of upregulated and downregulated proteins in resistant and susceptible genotypes (a); Differentially expressed proteins (DEPs)
were identified by a Gene Ontology (GO) analysis (b); DEPs involved in metabolic pathways related to metabolites identified by LC-MS were dra-
matically affected by drought in annual ryegrass (0, 1, 2, and 24 h) (c)
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low-quality Illumina HiSeq sequencing reads, approxi-
mately 137,708 unigenes were assembled. These anno-
tated unigenes were used to search various functional
databases, and unigenes that encoded transcription
factors (TFs) were classified into different TF families
(Additional file 5: Figure S4). Using a fold change > 2
and FDR < 0.05 as thresholds, transcripts from both
resistant and susceptible genotypes were identified as
DEGs. Many of the upregulated and downregulated
DEGs that were highly expressed following drought
treatment in the two L. multiflorum genotypes at dif-
ferent time points (Additional file 6: Figure S5), were
enriched in various core metabolic pathways. Interest-
ingly, a large number of DEGs that were involved in
the pathway terms “sphingolipid metabolism,” “panto-
thenate and CoA biosynthesis,” “histidine metabol-
ism,” “glycerolipid metabolism,” and “galactose
metabolism,” were observed in both L. multiflorum
genotypes before drought treatment (Fig. 3a). In com-
parison to the drought-susceptible genotype, the ex-
pression of many DEGs were significantly increased

in tolerant genotype after 1 h of drought, including
those associated with “nitrogen metabolism,” “cysteine
and methionine metabolism,” “citric acid cycle (TCA
cycle),” “biotin metabolism,” “arginine and proline
metabolism,” and “2-oxocarboxylic acid metabolism”
(Fig. 3b). Similarly, more than 100 genes involved in
“nitrogen metabolism,” “cysteine and methionine me-
tabolism,” “biotin metabolism,” and “biosynthesis of
amino acids” were significantly enriched in tolerant
genotype subjected to drought for 2 h (Fig. 3c). The
number of DEGs involved in “tryptophan metabol-
ism,” “purine metabolism,” “nitrogen metabolism,” and
“cutin, suberine, and wax biosynthesis” was increased
in tolerant genotype, compared to sensitive genotype
after 24 h of drought stress (Fig. 3d). These results
indicate that the number of genes involved in these
core metabolic processes showed significant changes.
To further confirm the RNA-Seq data, qRT-PCR was

performed. The expression trends of 26 amino acid and
lipid metabolism-related genes were consistent with
RNA-Seq data in the two L. multiflorum genotypes

Fig. 3 Differentially expressed genes involved in core metabolic pathways in two L.multiflorum genotypes at four time points (0, 1, 2, and 24 h)
during drought treatment (a–d)
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(Additional file 7: Figure S6), and fold changes in gene
expression were significantly correlated in both the re-
sistant and susceptible genotypes (r2 > 0.9).

Multiple co-inertia analysis to evaluate the integration of
omics datasets
To demonstrate the relationships among transcripts,
proteins, and metabolites, we collapsed our samples
into control and drought-treated seedlings using the
means of each omics profile. A strong correlation be-
tween the four datasets was observed (Fig. 4a). The
top two MCoA components, responsible for more
than 80% of the total variation (Fig. 4b), clearly sepa-
rated the drought stress sensitive and resistant geno-
types (Fig. 4a) The first and second components
accounted for roughly comparable proportions of the
variation, implying that both genetic background and
drought treatment underlie considerable variation in
the data.

As in the PCA, in which the contributions of variables
(e.g., transcript, protein, and metabolite levels) to a com-
ponent could have been evaluated by their loading vec-
tors, variables with either positive or negative
associations (i.e., with high absolute values) had signifi-
cant influence on the co-inertia components. In contrast
to the PCA, the variables comprising MCoA loading
vectors were derived from all four datasets. In consider-
ation of the biological meaning of the MCoA compo-
nents, we subjected the loading vectors of the two
components to GSEA. Pre-ranked analysis was per-
formed, in which variables were ranked according to
their loadings. The loading vectors for component 1
were significantly and positively associated with amino
acid metabolism and lipid metabolism (P < 0.001; Fig.
4c–d). Taken together, the omics data sets subjected to
MCoA indicated that amino acid and lipid metabolism
play important roles in annual ryegrass drought
response.

Fig. 4 Integrative analysis of multiple omics data using MCoA and GSEA. The first two components defined by MCoA (a). The proportion of
variation explained by each component (b). The GSEA of the first loading vector for the lipid metabolism (c) and amino acid metabolism gene
sets (d). Each dot represents a plant genotype; the same genotype from different datasets are linked by segments. The length of segments
connecting annual ryegrass is correlated with the similarity among datasets
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Targeted analysis revealed a significant association
among transcripts, proteins, and metabolites in core
metabolic processes
Correlation analysis was performed among differen-
tially expressed metabolites, proteins, and genes
(Fig. 5). We first matched all transcripts with their
detected proteins, and an intermediate Pearson correl-
ation coefficient of r = 0.724 was observed. The DEGs
with corresponding DEPs were classified into different
groups exhibiting upregulation or downregulation. A
total of 47 DEGs exhibited trends that matched those
of their corresponding proteins in the two annual rye-
grass genotypes subjected to drought stress. These
down-regulated DEG and DEP pairs were involved in
“phenylalanine, tyrosine, and tryptophan biosynthesis,”
“tropane, piperidine, and pyridine alkaloid biosyn-
thesis,” “phenylalanine metabolism,” “phenylpropanoid
biosynthesis,” “biosynthesis of amino acids,” “2-oxo-
carboxylic acid metabolism,” and “glycerolipid metab-
olism.” Similarly, 51 DEGs had contrasting expression
changes with their corresponding proteins under

drought stress, including genes involved in “valine,
leucine, and isoleucine degradation” and “biosynthesis
of amino acids.” In addition, a large number of tran-
scripts or proteins that had no significant regulation
were also observed in core metabolic pathways.
Protein–gene–metabolite correlation networks were

generated to examine responses of the 23 metabolic
pathways in drought-resistant annual ryegrass (Table 2;
Fig. 6). Integrated metabolic pathways were used to ob-
serve changes in enzymes, corresponding to levels of
amino acids, lipids, carbohydrate conjugates, nucleo-
sides, alkaloids and their derivatives, and pyridines and
their derivatives. Several amino acids, such as L-valine,
L-leucine, phenylalanine, L-histidine, and proline, were
found in lower concentrations in the drought-
susceptible genotype than in the tolerant genotype under
drought conditions. This may be a consequence of the
downregulated key enzymes, including branched-chain
amino acid aminotransferase (EC 2.6.1.42), tyrosine ami-
notransferase (EC 2.6.1.5), 5-methylthioribose kinase
(EC 2.7.1.100), ATP phosphoribosyl transferase (EC

Fig. 5 Trends in changes in transcripts and their corresponding proteins and metabolites, displaying the core metabolic processes involved in the
response to drought in annual ryegrass
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Table 2 Differentially expressed proteins and transcripts related to the core metabolism after drought in resistant and susceptible
genotypes

Access ion Description, EC number Protein ratio (sus_vs.res_) Gene ratio (sus_ vs.res_)

Unigene26901_All acetolactate synthase I/II/III large subunit [EC:2.2.1.6] + 1.27 NA

Unigene775_All acetolactate synthase I/III small subunit [EC:2.2.1.6] + 1.35 NA

Unigene23170_All branched-chain amino acid aminotransferase [EC:2.6.1.42] −0.81 NA

Unigene775_All acetolactate synthase I/III small subunit [EC:2.2.1.6] + 1.35 NA

CL2443.Contig5_All phenylalanine/tyrosine ammonia-lyase [EC:4.3.1.25] −0.54 NA

CL16887.Contig1_All tyrosine aminotransferase [EC:2.6.1.5] −0.77 −0.77

CL2086.Contig4_All primary-amine oxidase [EC:1.4.3.21] + 1.28 NA

CL2086.Contig16_All primary-amine oxidase [EC:1.4.3.21] + 1.28 + 9.18

CL15709.Contig1_All phenylpyruvatetautomerase [EC:5.3.2.1] −0.77 NA

CL991.Contig1_All agmatinedeiminase [EC:3.5.3.12] −0.77 NA

CL17035.Contig1_All tryptophan synthase alpha chain [EC:4.2.1.20] −0.81 NA

CL12067.Contig3_All L-tryptophan—pyruvate aminotransferase [EC:2.6.1.99] + 1.23 NA

Unigene30442_All prolyl 4-hydroxylase [EC:1.14.11.2] −0.82 NA

CL14173.Contig1_All prolyl 4-hydroxylase [EC:1.14.11.2] −0.74 NA

CL2487.Contig3_All anthranilate synthase component I [EC:4.1.3.27] −0.81 NA

CL4443.Contig1_All ornithine decarboxylase [EC:4.1.1.17] + 1.79 NA

CL6314.Contig4_All aspartyl-tRNAsynthetase [EC:6.1.1.12] + 1.24 NA

CL11129.Contig1_All alanyl-tRNAsynthetase [EC:6.1.1.7] −0.69 NA

CL6813.Contig1_All dihydropyrimidinase [EC:3.5.2.2] 1.22 NA

CL4336.Contig2_All serine O-acetyltransferase [EC:2.3.1.30] + 1.6 NA

CL5396.Contig1_All 5-methylthioribose kinase [EC:2.7.1.100] + 1.39 NA

CL5396.Contig2_All 5-methylthioribose kinase [EC:2.7.1.100] + 1.39 NA

CL6794.Contig1_All histidinol-phosphatase [EC:3.1.3.15] + 1.23 NA

CL1927.Contig4_All Polyamine oxidase [EC: 1.5.3.14 1.5.3.16 1.5.3.-] −0.79 NA

CL11987.Contig3_All acetyl-CoA carboxylase[EC:6.4.1.2] + 1.34 NA

CL8633.Contig2_All omega-hydroxypalmitate O-feruloyltransferase [EC:2.3.1.188] + 1.33 NA

CL8036.Contig2_All fatty acid omega-hydroxylase [EC:1.14.-.-] −0.5 NA

CL1854.Contig4_All phosphoribosyl-AMP cyclohydrolase [EC 3.5.4.19] − 0.69 NA

CL1854.Contig4_All phosphoribosyl-ATP pyrophosphohydrolase [EC:3.6.1.31] −0.69 NA

CL8479.Contig5_All ATP phosphoribosyltransferase [EC:2.4.2.17] −0.68 NA

CL6952.Contig1_All alpha-galactosidase [EC:3.2.1.22] + 1.23 NA

CL5785.Contig5_All glycerol kinase [EC:2.7.1.30] + 1.27 NA

CL7163.Contig2_All phosphatidatecytidylyltransferase [EC:2.7.7.41] + 1.23 NA

Unigene6361_All phosphatidylserine decarboxylase [EC:4.1.1.65] + 1.32 NA

CL12560.Contig3_All glycerophosphoryldiesterphosphodiesterase [EC:3.1.4.46] + 1.8 NA

CL2234.Contig1_All glucan endo-1,3-beta-glucosidase 1/2/3 [EC:3.2.1.39] −0.71 NA

CL7420.Contig1_All AMP deaminase [EC:3.5.4.6] + 1.25 NA

Unigene21084_All nucleoside-diphosphate kinase [EC:2.7.4.6] + 1.21 NA

Unigene19886_All lipoxygenase [EC:1.13.11.12] + 1.24 NA

Unigene19887_All lipoxygenase [EC:1.13.11.12] + 1.51 NA

CL2477.Contig4_All lipoxygenase [EC:1.13.11.12] + 1.38 NA

CL2477.Contig7_All lipoxygenase [EC:1.13.11.12] + 1.64 NA

CL749.Contig1_All alcohol dehydrogenase class-P [EC:1.1.1.1] + 1.28 NA
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2.4.2.17), phosphoribosyl-AMP cyclohydrolase (EC
3.5.4.19), phosphoribosyl-ATP pyrophosphohydrolase
(EC 3.6.1.31), phenylpyruvate tautomerase (EC 5.3.2.1),
agmatine deiminase (EC 3.5.3.12), prolyl 4-hydroxylase
(EC 1.14.11.2), and the tryptophan synthase alpha chain
(EC 4.2.1.20).
The increased levels of histidinol-phosphatase (EC

3.1.3.15) and primary-amine oxidase (EC 1.4.3.21) corre-
sponded with the observed lower histone and

phenylalanine concentrations. Similarly, a high level of
serine O-acetyltransferase (EC 2.3.1.30) also corre-
sponded with patterns in cysteine and serine metabol-
ism. In addition, high levels of uracil conversion to β-
alanine might have been supported by enhanced activity
of dihydropyrimidinase (EC 3.5.2.2).
Expression of L-tryptophan-pyruvate aminotransferase

(EC 2.6.1.99) is responsible for the formation of trypto-
phan from indolepyruvate, which is then converted into

Table 2 Differentially expressed proteins and transcripts related to the core metabolism after drought in resistant and susceptible
genotypes (Continued)

Access ion Description, EC number Protein ratio (sus_vs.res_) Gene ratio (sus_ vs.res_)

CL17848.Contig2_All hexokinase [EC:2.7.1.1] −0.8 NA

CL2098.Contig1_All alpha-glucosidase [EC:3.2.1.20] + 1.46 NA

CL2521.Contig11_All beta-fructofuranosidase [EC:3.2.1.26] + 0.75 NA

CL2521.Contig3_All beta-fructofuranosidase [EC:3.2.1.26] + 1.3 NA

Unigene30358_All beta-fructofuranosidase [EC:3.2.1.26] + 1.3 NA

Unigene7378_All 12-oxophytodienoic acid reductase [EC:1.3.1.42] + 1.29 NA

CL5130.Contig1_All phospholipase A1 [EC:3.1.1.32] −0.82 NA

Unigene556_All 12-oxophytodienoic acid reductase [EC:1.3.1.42] −0.7 NA

Fig. 6 Establishment of correlation networks for the identification of regulatory mechanisms in drought-resistant L. multiflorum
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anthranilate. The ATP and AMP are directly converted
to ADP and IMP via upregulation of nucleoside-
diphosphate kinase (EC 2.7.4.6) and AMP deaminase
(EC 3.5.4.6), which could result in increased levels of
xanthine, guanosine, and 2′, 3′-cyclic GMP. Interest-
ingly, acetyl-CoA carboxylase (EC 6.4.1.2) plays a vital
role in increasing or reducing concentrations of hexade-
cenoic acid, capric acid, and palmitic acid. In resistant
genotype, galactosylglycerol was significantly accumu-
lated because of increased concentrations of glycerol
kinase (EC 2.7.1.30) and reductions in the hexokinase
pool.
In addition, the higher metabolic levels of alpha-

galactosidase (EC 3.2.1.22), alpha-glucosidase (EC
3.2.1.20), and beta-fructofuranosidase (EC 3.2.1.26) indi-
cated stronger metabolism of galactose. Moreover, col-
nelenic acid, traumatic acid, stearidonic acid, alpha-
linolenic acid, and 13(S)-HPOT (9Z,11E,15Z)-(13S)-13-
Hydroperoxyoctadeca-9,11,15-trienoic acid) are all in-
volved in alpha-linolenic acid metabolism, in which
genes encoding enzymes, such as phospholipase A1 (EC
3.1.1.32), lipoxygenase (EC 1.13.11.12), and alcohol de-
hydrogenase class-P (EC 1.1.1.1) were each either
strongly downregulated or upregulated.

Discussion
Plants subjected to water stress undergo a range of
physiological changes [30]. In our previous study, in
comparison to susceptible genotype, a higher level of
CAT activity was exhibited in resistant genotype against
short-term drought; however, SOD and MDA activity
showed no significant differences between the two L.
multiflorum genotypes when treated with 1 h of drought
[20]. In contrast, in the present study, a significant dif-
ference was noted between the two annual ryegrass ge-
notypes in response to long-term drought (Fig. 1). As
the number of days of drought increased, tolerant plants
exhibited higher levels of CAT and SOD activity, higher
RWC and chlorophyll content, and lower MDA content
(Fig. 1). Research conducted by Mastalerczuk et al. [31]
and Borawska-Jarmujłowicz et al. [32] on perennial rye-
grass showed that significant reductions in chlorophyll
contents were observed after subjecting seedlings to abi-
otic stresses. These findings are consistent with those of
the present study. Thus, the activity of antioxidant en-
zymes and changes in chlorophyll content play import-
ant roles in increasing the tolerance of resistant
genotype to drought stress.
Alterations in membrane lipid composition repre-

sent an important response to environmental stresses
[33, 34]. Drought stress reduces the accumulation of
fatty acids, such as palmitic acid, hexadecenoic acid,
picolinic acid, and stearidonic acid [4, 35, 36], while
substantially increasing the levels of most fatty acids,

with the exception of pimelic acid, capric acid,
(2’E,4’Z,7’Z,8E)-colnelenic acid, alpha-linolenic acid,
traumatic acid (TA) and acetyl-CoA carboxylase
(ACCase) [37]. Tayeh et al. [38] showed that
phospholipase A1 (PLA1) in plants plays important
roles in the hydrolysis of phospholipids during cold
stress. Andrade et al. [39] found that lipoxygenase
(LOX) is involved in defense against drought stress in
rice and sugarcane transgenic plants. Uma and Podile
[40] reported that the transcripts encoding 9-LOX
and a 9-LOX-derived compound, colnelenic acid, are
significantly upregulated in resistant host tomato
plants. Similarly, Cao et al. [41] reported that levels
of alpha-linolenic acid and colnelenic acid were in-
creased following treatment with exogenous methyl
jasmonate (MeJA) . In the present study, phospholip-
ase A1 enhanced the production of alpha-linolenic
acid, which is converted to colnelenic acid; an effect
that was directly induced by lipoxygenase in the toler-
ant annual ryegrass subjected to drought conditions
(Fig. 6). These results showed that alpha-linolenic
acid and colnelenic acid are involved in the regulation
of membrane composition in drought-tolerant
genotype.
In addition, TA is a plant wound hormone that can

eliminate the negative effects of salt stress and oxidative
stress in Chlorella vulgaris [42, 43]. Consistent with our
previous results, a high TA content was detected in the
resistant plants, indicating that the metabolite contrib-
utes to enhanced stress tolerance in drought-treated an-
nual ryegrass. Moreover, levels of acetyl-CoA
carboxylase (ACCase) and omega-hydroxypalmitate O-
feruloyl transferase in the annual ryegrass plants were
enhanced by drought treatment. We found that re-
ductions in the levels of palmitic acid and hexadece-
noic acid were controlled by ACCase. The changes
observed in ACCase and palmitic acid in lipid metab-
olism were consistent with the results of Kwan et al.
[44].
Most free amino acids accumulate under drought

stress [45], and this is thought to be an important adap-
tation [46, 47]. In the present study, downregulated
branched-chain aminotransferase (BCAT) directly re-
duced L-valine and L-leucine levels. Anthranilate syn-
thase (AS) causes a leucine-to-proline change, which
leads to a reduction in the proline content of annual rye-
grass. In addition, the upregulation of histidinol-
phosphatase is involved in L-histidine degradation. Fur-
thermore, tyrosine amino transferase and phenylpyruvate
tautomerase might be jointly involved in the degradation
of phenylalanine. This finding has not been observed in
previous studies.
The response of 5-methylthioribose to drought

stress in drought-tolerant annual ryegrass is induced
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by cysteine and methionine metabolism, which was
controlled in the present study by the two downregu-
lated enzymes, tyrosine aminotransferase and 5-
methylthioribose kinase. Moreover, this compound
has not been associated with drought tolerance in
previous studies. Anthranilate acts as a precursor for
tryptophan biosynthesis and reduces indoleacetic acid
(IAA) synthesis [48]. Anthranilate formation resulted
in indirect induction of IAA production, a novel find-
ing in annual ryegrass that was consistent with the
results of Hartmann and Zimmer [49].
The behavior of 2′,3′-cyclic nucleotide variants has

been characterized in animal tissues, but not in plant
materials [50]. According to our research, only 2′,3′-cyc-
lic GMP was detected in annual ryegrass, which is in-
volved in guanine production. Glucosylglycerol, found in
many cyanobacteria, and galactosylglycerols (floridoside
and isofloridoside) accumulate in eukaryotic algae under
salt stress conditions [51]. In the present study, galacto-
sylglycerol production was involved in glycolysis and
fructose/mannose metabolism in response to drought,
indicating that the concentration of galactosylglycerol
plays a role in drought tolerance of annual ryegrass. In
another study, galactose levels in drought-resistant po-
tato genotypes were observed to be much higher than
those in corresponding controls [52], a finding that is
consistent with our results.
Transcription factors involved in transcriptional and

post-transcriptional mechanisms regulate the accumu-
lation of various metabolites by activating the expres-
sion of biosynthetic enzymes. Based on our omics
data, various TF families, including MYB, bZIP, and
bHLH, might regulate core metabolic processes dur-
ing drought stress. The R2R3-MYB transcription fac-
tor AtMYB41 is induced in response to desiccation,
and activates cuticle biosynthesis In Arabidopsis thali-
ana under biotic stress conditions [53]. In addition,
AtMYB96 positively regulates the expression of lipid-
transfer protein 3 (LTP3) via direct binding to the
LTP3 promoter, and thereby enhances plant drought
stress tolerance [54].
In response to drought stress, many plant species ac-

cumulate high levels of compatible osmolytes, such as
Pro (proline), Gly betaine, or sugar alcohols, which are
thought to be associated with stress adaptation. In
higher plants, L-Pro is synthesized from L-Glu via delta-
1-pyrroline-5-carboxylate (P5C) by two enzymes, P5C
synthetase (P5CS) and P5C reductase (P5CR) under
drought stress. The L-Pro is metabolized to L-Glu via
P5C by two enzymes, Pro dehydrogenase (ProDH) and
P5C dehydrogenase, during recovery from stress [55,
56].
Satoh and colleagues [57] first identified the group

of S bZIP TFs, such as AtbZIP11, AtbZIP44, AtbZIP2,

and AtbZIP53, which become involved in Pro metab-
olism by binding to the cis-acting element ACTCAT
in the ProDH promoter. Later, Hanson and colleagues
[58] reported that AtbZIP11 could affect amino acid
metabolism by regulating the expression of ASPARA-
GINE SYNTHETASE1 and ProDH2 during low energy
stress. Post-transcriptional regulatory mechanisms are
also very important for drought stress tolerance in
plants. It has been reported that AtbZIP1 and Atb-
ZIP53 can be specifically heterodimerized with group
C bZIP TFs to bind directly to the promoters of AS-
PARAGINE SYNTHETASE1 and ProDH2 [59]. In
addition, the Arabidopsis type-B response regulator 18
(ARR18) physically interacts with AtbZIP63; an inter-
action that negatively interferes with the transcrip-
tional activity of AtbZIP63 on the ProDH1 promoter
under osmotic stress [60]. Recently, the key TF
AtbHLH112 involved in Pro metabolism was identi-
fied by Liu et al. [61]. AtbHLH112 could activate the
expression of P5CS and repress the expression of
P5CDH and ProDH to increase Pro levels under abi-
otic stress tolerance. Taken together, the omics data
suggest that post-transcriptional and transcriptional
regulation of TFs that affect proteins and enzymes
could mediate lipid and amino acid metabolism,
thereby promoting adaptation to drought stress in an-
nual ryegrass.
Over the last few decades, extensive efforts have

been made to produce drought-tolerant ryegrass ge-
notypes using molecular and biotechnological
methods, such as the production of genetically modi-
fied or transgenic plants, with a focus on lipid and
amino acid metabolism [62, 63]. Transgenic expres-
sion of some drought stress-related genes involved in
lipid and amino acid metabolism could provide a
more rapid strategy to achieve improved drought
stress tolerance in ryegrass.

Conclusions
In order to explore the molecular mechanism associated
with drought tolerance in two annual ryegrass geno-
types, we identified differentially expressed metabolites
and their corresponding proteins and transcripts that are
involved in 23 core metabolic processes, in response to
short-term drought stress. The regulatory networks were
inferred using MCoA and correlation analysis to reveal
the relationships among the expression of transcripts,
proteins, and metabolites that highlight the correspond-
ing elements of these core metabolic pathways. This
study provides useful insights into the molecular
mechanisms of drought resistance and represents a
promising approach toward enhancing drought toler-
ance in forage grass.
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