International Journal of

)ﬁ' Molecular Sciences

Article

Combined Transcriptome and Metabolome Analysis Reveals
Adaptive Defense Responses to DON Induction in Potato

Biao Zhao ''*, Hang Yu >*

,Dan Liu?, Jiaqi Wang 1 Xu Feng 1 Fumeng He 1 Tianshuai Qi l, Chong Du 1

Linlin Wang !, Haifeng Wang ?* and Fenglan Li 1-*

check for
updates

Citation: Zhao, B.; Yu, H; Liu, D.;
Wang, J.; Feng, X.; He, E; Qi, T.; Du,
C.; Wang, L.; Wang, H.; et al.
Combined Transcriptome and
Metabolome Analysis Reveals
Adaptive Defense Responses to DON
Induction in Potato. Int. J. Mol. Sci.
2023, 24, 8054. https://doi.org/
10.3390/ijms24098054

Academic Editor: Sarath Chandra

Janga

Received: 23 March 2023
Revised: 24 April 2023
Accepted: 25 April 2023
Published: 29 April 2023

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

1 College of Life Sciences, Northeast Agricultural University, Harbin 150030, China; zhaob35@outlook.com (B.Z.)
State Key Laboratory for Conservation and Utilization of Subtropical Agro-Bioresources,

College of Agriculture, Guangxi University, Nanning 530005, China

*  Correspondence: haifengwang@gxu.edu.cn (H.W.); lifenglan@neau.edu.cn (F.L.)

1t These authors contributed equally to this work.

Abstract: Phytophthora infestans poses a serious threat to potato production, storage, and processing.
Understanding plant immunity triggered by fungal elicitors is important for the effective control
of plant diseases. However, the role of the potato stress response to Fusarium toxin deoxynivalenol
(DON)-induced stress is still not fully understood. In this study, the metabolites of DON-treated
potato tubers were studied for four time intervals using UPLC-MS/MS. We identified 676 metabo-
lites, and differential accumulation metabolite analysis showed that alkaloids, phenolic acids, and
flavonoids were the major differential metabolites that directly determined defense response. Tran-
scriptome data showed that differentially expressed genes (DEGs) were significantly enriched in
phenylpropane and flavonoid metabolic pathways. Weighted gene co-expression network analysis
(WGCNA) identified many hub genes, some of which modulate plant immune responses. This study
is important for understanding the metabolic changes, transcriptional regulation, and physiological
responses of active and signaling substances during DON induction, and it will help to design defense
strategies against Phytophthora infestans in potato.
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1. Introduction

To date, more than 10,000 varieties of potato (Solanum tuberosum L.) have been cul-
tivated in more than 160 countries and regions, making it the world’s most important
non-cereal food crop [1,2]. Its tubers are rich in starch, dietary fiber, protein, minerals,
vitamins, and other nutrients required by the human body [3]. As a high-yielding crop,
potatoes are widely used as food ingredients, feed processing, bioenergy reserves, and in
environmental material development, playing an important role in ensuring food security
and increasing income. Global losses due to Fusarium infection account for 17.2% of total
potato production, causing huge economic losses [4]. At moderate temperatures (16-22 °C)
and high humidity (over 97%), the pathogen usually infects tubers by being washed down
through soil [5]. Potatoes are susceptible to infection during planting and storage, resulting
in red, brown or granular rot of the tubers, which destroys the entire crop within days
of infection, severely affecting potato quality and yield. Storage rot can also occur if the
pathogen is present, and infections can lead to secondary infections of fungi and bacte-
ria. Although chemical control can play a better role in a short period of time, there are
problems with resistance and pesticide residues. Biological control has the advantages
of being environmentally friendly and less prone to resistance during disease prevention
and control, and it is an important complementary means of chemical control. For ex-
ample, tuber biocontrol of potato late blight was achieved using phenazine-1-carboxylic
acid produced by Pseudomonas spp. [6]. Studies have shown that P. infestans also produces
virulence factors (cell wall-degrading enzymes, virulence-related effector proteins, and
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phytotoxins) such as T-2 toxin, DON, ENN-A, ZEB, and FB, which can promote infestation
while causing disease [7]. DON mainly contaminates cereals (maize, wheat, and barley
etc.) and its stable structural properties have led to its detection in feed, cereal products,
and by-products [8]. As one of the most dangerous natural food contaminants, DON
inhibits protein biosynthesis, mainly by binding to the ribosomal peptidyl transferase [9].
Simultaneously, certain virulence factors can act as elicitors to trigger specific reactions
and activate plant immunity, which has great application in plant disease control [10,11].
Studies have shown that host defence responses can be induced using low concentrations
of DON, which has an elicitor-like effect [12,13].

Pathogens and elicitors can activate plant-induced defenses and produce heritable
resistance [14,15]. In the process of plant resistance to pathogenic bacterial infestation, there
is synthesis and secretion of secondary metabolites through the activation of non-specific
defense response PTI and specific defense response ETI, which, in turn, can interact with
each other to produce a more powerful plant defense response against pathogen infection,
mainly in terms of related gene expression, altered enzyme activity, triggered signaling
pathways, altered ion channels, NO and AOS and ROS bursts, and plant antitoxin accumu-
lation [16,17]. For example, AsES can trigger defense responses against P. griseofulvin in
Arabidopsis [18]; Pseudomonas coronafaciens secretes coronatine, which is structurally similar
to natural hormones and can trigger specific gene expression and synthesis of alkaloids
and isoflavonoid phytoantotoxins [19]; cryptogein secreted by Phytophthora citrophthora
can induce a local hypersensitive response (HR) and systemic acquired resistance (SAR) in
tobacco [20]; and the Valsa mali exciton, VmEQ02, induces tobacco cell death, ROS accumula-
tion, callus deposition, and activation of salicylic acid (SA) and jasmonic acid (JA) induced
immune responses [21].

DON, a virulence factor of Fusarium, contributes to the colonization of P. infestans, and
the study of DON resistance can provide new insights into plant disease resistance [22].
Studies have shown that DON treatment in wheat activates the wheat methionyl tRNA
synthetase (InMetRS) gene, which encodes a novel MetRS with defense and detoxification
effects [23]. TalIGT6 enhances resistance to Fusarium head blight (FHB) and accumulation
of DON in wheat [24]. Additionally, TaCYP72A enhances wheat resistance to DON [25].
DON acts as a precursor toxin to produce deoxynivalenol-3-glucoside (D3G) via D3G
glycosylation reactions to exercise detoxification. The development of FHB and Fusarium
crown rot (FCR) has been reported to be suppressed by limiting the action of DON during
plant glycosylation [26,27].

When plants activate their defenses, secondary metabolites synthesized through pri-
mary metabolites or other biosynthetic pathways regulate adaptive plant growth, mainly
including terpenoid, phenylpropanoid, alkaloid, and polyketide metabolic pathways [28].
The phenylpropane pathway produces various phenolic acids, terpenoids, and flavonoids
with broad-spectrum antimicrobial activity, which play a key role in broad-spectrum dis-
ease resistance [29,30]. For example, the activity of phenylalanine aminolytic enzymes,
hydroxycinnamic acid CoA reductase, and hydroxycinnamic acid dehydrogenase was
enhanced after fungal infection of lily, and phenylalanine aminolytic enzyme (PAL) genes
were found to be important genes for cell wall-mediated immunity and were involved in
broad-spectrum disease resistance [31]. Activation of defense signals leads to the accumu-
lation of SA, which, in turn, activates key plant disease resistance signals [32]. Different
defense modes include the deposition of different glycans, callose [33], phenolics, and
antimicrobial substances; defense against papilla formation [34]; lignification [35] and pro-
duction of reactive oxygen species; and deposition of plant antitoxins against pathogenic
bacteria [36]. For example, flavonoid biosynthesis plays an important role in the response
of Stylosanthes to Colletotrichum infection [37]. Accordingly, pathogens can also use effector
proteins to modulate plant immunity; for example, the Hrp-secretory apparatus of fire
blight can precisely block the expression of enzyme genes encoding the phenanthrene
metabolic pathway in susceptible genotypes of apple [38].
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In recent years, combined transcriptional and metabolic analyses have become an
important tool for discovering new signaling pathways and responses to environmental
stress induction, and they are an effective method for revealing plant stress responses, plant-
pathogen interactions, mechanisms of metabolite synthesis, and identification of resistance
genes [39]. For example, transcriptome analysis of P. infestans infected potatoes revealed
SA-JA-ABA(abscisic acid)-mediated signaling pathways [40]; Li et al. [41] elucidated the
molecular mechanisms of metabolite accumulation and flavonoid biosynthesis in jujube
leaves by metabolomic and transcriptomic analyses; and Yang et al. [42] elucidated the
biosynthetic regulatory network of flavonoid metabolites in Salvia miltiorrhiza stems and
leaves through transcriptional metabolic analysis.

Our previous study found that treatment of potato tubers with low concentrations
of DON also affected resistance to late blight caused by P. infestans [43]. However, the
effects of fungal toxins on potato tuber resistance and the relationship between resistance
and transcriptional and metabolic changes have not been reported, and the molecular
basis and physiological and biochemical changes in potato-induced resistance under DON
induction are not clear. Therefore, in this study, RNA-seq technology and non-targeted
metabolomics were used to study the expression patterns of genes and overall changes in
metabolites under DON stress using Atlantic potato tuber as material. Four time points
were taken under DON treatment at 5 ng/mL to reveal the specific genes regulating
the resistance response under different treatment times as well as the transcriptional
network and major metabolic pathways in response to DON stress in order to further
understand three things—the mechanism of DON stress response in potato, the DEGs in
the transcriptional network, and major metabolic pathways in response to DON stress.

2. Results
2.1. UPLC-MS/MS-Based Quantitative Metabolomic Analysis of the Atlantic Potato Cultivar Tuber

To better understand the dynamics of relevant metabolites during DON stress, total
metabolites were extracted from each sample, and metabolite detection was performed
using UPLC-MS/MS. The mass spectrometry data of each group of samples (CKOh, DONOh,
DON4h, DON12h, and DON48h) were processed using Analyst 1.6.3 software, and a total
of 676 metabolites were detected based on the local metabolic database. The integration
of the peaks and the correction of the chromatographic peaks were performed on the
downstream mass spectrometry results of each sample using MultiaQuant software (v3.0.3)
to obtain the relative content of each substance. The 15 samples were clearly divided into
5 groups by heat map and correlation analysis (Figure 1A), and there was a significant
correlation between the samples within the groups (Figure S1). Additionally, PCA showed
clear separation between the groups (Figure 1B). As shown in Figure 1C, 676 metabolites
could be divided into 13 different categories, but most were concentrated in lipids (17%),
flavonoids (12%), alkaloids (12%), amino acids and derivatives (12%), organic acids (9%),
and others. Overall, the results indicate that DON stress in potato has different metabolite
distributions at different times.

2.2. Metabolomic Changes at Different Time Points

To show the changes in the metabolite content of potato tubers under different DON
stress durations, we used orthogonal partial least squares discriminant analysis (OPLS-
DA) to screen for differential metabolites, and metabolites with fold change >2 or <0.5,
along with VIP > 1, were considered as significantly differential metabolites. Compared
with CKOh, 75, 117, 180, and 197 differential metabolites were identified in DONOh, DON4h,
DON12h, and DONA48h, respectively, and more upregulated metabolites were specific at 48 h
(Figure 2). Among them, six metabolites were upregulated and 69 metabolites were downreg-
ulated in the DONOh treatment compared with the control. In DON4h, 75 and 42 metabolites
were upregulated and downregulated, respectively. A total of 102 and 78 metabolites were
upregulated and downregulated, respectively, in DON12h. In addition, 144 upregulated
metabolites and 55 downregulated metabolites were identified in DON48h.
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Figure 1. Qualitative and quantitative analysis of metabolomics data from samples. (A) Heatmap
of metabolites for quantitative identification. The color scale indicates the level of metabolite accu-
mulation and class indicates the metabolite class. (B) Principal component analysis. (C) Component
analysis of metabolites.
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Figure 2. Differential accumulation of metabolites between CKOh vs. DONOh at 4, 12, and 48 h, with
color scales indicating the level of metabolite accumulation. (A) Heatmaps of DAMs for CKOh vs.
DONOh. (B) Heatmaps of DAMs for CKOh vs. DON4h. (C) Heatmaps of DAMs for CKOh vs. DONOGh.
(D) Heatmaps of DAMs for CKOh vs. DONOh.
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A total of 301 differentially accumulated metabolites (DAMs) in the different samples
were classified into 12 categories, of which the main ones were flavonoids (18.3%), phenolic
acids (16.6%), and alkaloids (16.2%). Most of the DAMs showed large differences at
different times, with 55 of the 82 flavonoids showing variability and significant down-
regulation at 0 h and 12 h; 50 of the 99 phenolic acid metabolites showed variability and
significant accumulation at 12 h and 48 h; and 49 of the 83 alkaloids showed variability
and significant accumulation at 48h (Figure 3A). Notably, there were 15 metabolites that
were differentially synthesized at different times, suggesting that these 15 substances may
play an important role in the response of potato to DON stress (Figure 3B), namely, indole
(C00463), N-benzylformamide (C15561), calystegine A3 (C10850), 2-(formylamino) benzoic
acid (C05653), L-tyrosine (C00082), 3-indoleacrylic acid (C21283), L-tryptophan (C00078),
methoxyindoleacetic acid (C05660), N-acetyl-L-tryptophan, N-caffeoylputrescine (C03002),
p-coumaroylmalic acid, 5-O-caffeoylshikimic acid (C10434), syringaldehyde-4-O-glucoside,
laempferol-3-O-(2-O-xylosyl-6-O-rhamnosyl)glucoside, and quercetin-3-O-rutinoside. To
further understand the in vivo interactions of the differential metabolites in plants, we
annotated and enriched the functions of the differential metabolites based on the KEGG
database and found that all the differential metabolites were mainly annotated in metabolic
pathways and biosynthesis of secondary metabolites. The enrichment results showed
that nine pathways—metabolic pathways, biosynthesis of secondary metabolites, ABC
transporters, biosynthesis of amino acids, 2-oxocarboxylic acid metabolism, aminoacyl-
tRNA biosynthesis, phenylpropanoid biosynthesis, arginine and proline metabolism, and
cysteine and methionine metabolism—were enriched at various time periods under DON
stress (Figure 3C).

Taken together, our results indicate that potatoes under DON stress mainly exhibit
phenolic acid and alkaloid metabolite accumulation patterns, with significant differences in
defense responses for approximately 50% of the metabolites that are directly or indirectly
attributed to the phenylpropane metabolic pathway.
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Figure 3. Accumulation of DAMs in different samples. (A) Histogram of the classification of DAMs
in different samples. (B) Venn diagram showing the number of differential metabolites in each group.
(C) KEGG enrichment plot of differential metabolites.
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2.3. Transcriptional Analysis of Potato Tubers under DON Stress

To study the gene expression profile of potato tubers under DON stress at different
times, we performed RNA-seq on the same samples as those used in metabolomics. Fifteen
samples from five groups of treatments were sequenced with libraries, and each library
of Clean Data was greater than 6 GB, Q30 base percentage was greater than 90%, average
length was 150 bp, and GC content of each sample was greater than 43% (see Table S1
for raw sequencing data composition statistics and Table S2 for quality control details),
indicating that the transcriptome sequencing results were reliable and suitable for further
analysis. We mapped each sample (at least 47 million clean reads) using hisat2 software
(v2.2.1), in which more than 95.85% of the reads were compared to the reference genome,
with a Unique mapped ratio between 51.78% and 52.81% (Table S3), and a Unique mapped
ratio of approximately 50% may be due to the reference genome species being tetraploid
resulted. Unique-mapped assemblies were quantified using the StringTie software (v2.10.5)
to determine the count of each gene, which was reported as transcripts per kilobase per
million (TPM, transcripts per kilobase of transcripts per million mapped reads). After
normalization of expression, a total of 98,701 genes in at least one treatment with TPM > 0
were considered to be expressing genes, and were further analyzed (Figure S2A).

To assess the reproducibility of the RNA-seq data, we calculated Pearson correlation
coefficients between the three biological replicates for each sample. The results showed
that the Pearson correlation coefficients between the three biological replicates ranged
from 0.88 to 0.99, with large differences between groups, and PCA graph also showed
good sample consistency (Figure S2B,C), indicating that the transcriptomic data had a
high reproducibility.

We identified DEGs between the control (CKOh) and other treatments using |log?2 (fold
change)| > 1 and Padj < 0.05 as screening criteria. Compared with the control, 1053, 20,943,
20,347, and 21,172 were identified at 0 h, 4 h, 12 h, and 48 h under DON stress, respectively
(Figure 4A). We found that most DEGs were identified under DON48h treatment, followed
by DON4h, DON12h, and DONOh, compared with CKOh. The fewest DEGs were identified
at DONOh, and the number of upregulated genes was twice as many as the number of
down-regulated genes. The other three treatments (DON48h, DON12h, and DONOh) had
approximately 20 times more DEGs than at DONOh. The number of upregulated DEGs and
the number of downregulated DEGs were similar, indicating that DON induced significant
changes in potato tuber gene expression after 4 h (Figure 4B).

Analysis of DEGs at different treatment times showed that each treatment time had its
specific DEGs, and the highest number of specific DEGs was found at DON4h, followed
by DON48h treatment, whereas 97 and 30 consistently upregulated and downregulated,
respectively, and expressed DEGs were found in the four sets of comparisons, indicating
that these genes may play a crucial role in response to DON stress in potato (Figure 4C,D).
Expression pattern analysis showed that most DEGs under DON stress showed specific
expression over time.

Gene Ontology (GO) and KEGG enrichment analyses of DEGs were performed. All
protein sequences were annotated based on the EGGNOG website, and the Orgdb package
was constructed to functionally annotate and enrich each group of DEGs according to
GO classification. In the GO analysis of the CKOh-DONOh group, 420, 328, and 391 DEGs
were classified as biological processes, molecular functions, and cellular components,
respectively. In the GO analysis of the CKOh-DON12h group, 7854, 6783, and 7846 DEGs
were classified into biological processes, molecular functions, and cellular components,
respectively. In the GO analysis of the CKOh-DON48h group, 8013, 6928, and 7991 DEGs
were classified as biological processes, molecular functions, and cellular components,
respectively. Compared with the CKOh control, DEGs under DON stress from 0 to 48 h
were significantly enriched in the secondary metabolite biosynthetic process (GO:0044550),
phenylpropanoid biosynthetic process (GO:0009699), and phenylpropanoid metabolic
process (GO:0009698) (Figure 5, Tables S7-510).
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Int. J. Mol. Sci. 2023, 24, 8054

8 of 18

DEGs were annotated in the KEGG database to understand their biological functions
and gene interactions. In the CKOh-DONOh group, 423 of the 1053 DEGs were enriched in
27 pathways, including phenylpropanoid biosynthesis, flavonoid biosynthesis, and pheny-
lalanine metabolism (Figure S3A). In the CKOh-DON4h group, 5495 of the 20,943 DEGs were
enriched in 79 pathways, including phenylpropanoid biosynthesis, flavonoid biosynthesis,
and photosynthesis antenna proteins (Figure S3B). In the CKOh-DON12h group, 5928 of the
20,943 DEGs were enriched in 91 pathways, including photosynthesis-antenna proteins,
phenylpropanoid biosynthesis, and photosynthesis (Figure S3C). In the CKOh-DON48h
group, 6036 of the 21,172 DEGs were enriched in 100 pathways, including phenylpropanoid
biosynthesis, photosynthesis antenna proteins, and flavonoid biosynthesis (Figure S3D).
Notably, phenylpropanoid and flavonoid biosynthesis consistently occupied an important
position in the enrichment of DEGs in KEGG during 0 to 48 h of DON stress, which is
consistent with GO and metabolomic analyses. Therefore, phenylpropanoid and flavonoid
biosynthesis may be the main pathways in response to DON stress.

2.4. Weighted Gene Co-Expression Network Analysis (IWGCNA)

Genes with very low expression (average TPM < 1) were removed from this analysis
to avoid the inclusion of spurious edges in the networks. We screened 52,387 highly
expressed DEGs from 63,883 DEGs using co-expression network analysis. The power values
were first filtered to ensure that the gene distribution conformed to a scale-free network.
Hierarchical clustering of all the samples showed no outlier samples. When the power
value (f3 value) was 20, several genes with similar expression profiles belonging to the
same subnetwork were clustered into the same co-expression modules (Figures 6A and S4).
Finally, 14 modules were generated, with module sizes ranging from 60 to 13,318 genes, of
which 1461 genes were not clustered into co-expression modules (Figure 6B). In addition,
400 genes were selected for visualization to determine the correlation within the module
genes (Figure S5).

We investigated the correlation between differential metabolites and 14 co-expression
modules and found that three modules were significantly correlated with 15 substances
(Irl >0.80, p <0.01): darkseagreenl (6 positive correlations), darkseagreen3 (3 positive cor-
relations), and darkgoldenrod3 (1 positive correlation), and seven modules showed a clear
trend of positive expression. Among all modules, the darkseagreenl module was signifi-
cantly correlated with seven differential metabolites, suggesting that genes in this module
are highly correlated with the resistance mechanism of potato plants under DON stress.
KEGG enrichment of three highly correlated modules revealed that the phenylpropanoid
biosynthesis, oxidative phosphorylation, cysteine and methionine metabolism, necrop-
tosis, and phenylalanine metabolism pathways were significantly enriched (Figure 6C),
suggesting that these pathways may play an important role in the stress response of potato
to DON.

A scale-free network is only linked to a few nodes whose connectivity can represent
the importance of the nodes. Therefore, we used the MCC algorithm in Cytoscape 3.9.1
software cytohubba plug-in to identify all hub genes from the three highly correlated
modules separately and took the top 20 genes as hub genes (Figure 6D-F, Table 54).
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Figure 6. WGCNA of DEGs. (A) Hierarchical clustering tree with 14 modules. A leaf in the tree
represents the DEGs, and each major branch is represented by a module. Note that the module MEgrey
indicates an unassigned gene. (B) Correlation between modules-metabolites and corresponding
p-values (in parentheses). The left color panel shows the number of individual modules and module
member genes. The right color scale shows module-metabolite correlations. (C) Bubble plot of KEGG
enrichment analysis of metabolic pathways of darkseagreenl, darkseagreen3, and darkgoldenrod3
module members, showing the top fifteen pathways. (D-F) Co-expression network analysis of
shared differential metabolite-related modules, with the hub genes being the first 20 nodes of the
(D) darkseagreenl, (E) darkseagreen3, and (F) darkgoldenrod3 modules.



Int. . Mol. Sci. 2023, 24, 8054

10 0of 18

2.5. Validation of Single-Gene Expression

To further verify the accuracy of the data analysis, we randomly selected 15 of these
60 hub genes for qRT-PCR validation. The results showed that the expression of each gene
obtained by qRT-PCR analysis correlated with the TPM values obtained from the RNA-seq

data, confirming the reliability of the RNA-seq data (Figure 7).
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Figure 7. Expression profiles of genes detected by RNA-seq and qRT-PCR. The X-left axis represents
qRT-PCR results (relative quantity calculated by 2724¢T) and Y—right axis represents RNA-seq
results (TPM). The line chart shows the gene expression levels from the transcriptome (TPM) and the
bar chart shows the gene expression from qRT-PCR.

3. Discussion

Late blight caused by P. infestans occurs in nearly all potato-growing regions and
is a major devastating disease for potato production of which the extent of damage is
determined by the local climate of the year [44]. Prevention is made more difficult by the
rapid mutation of the pathogenic fungus to adapt to the environment in which it survives,
by the development of resistance, or by the resulting weakened resistance of resistant potato
varieties [45]. Plant activation of PTI by conserved PAMP molecules recognized by PRRs
and induction of ETI by pathogen effectors recognized by resistance proteins (R proteins)
can enhance plant resistance and adaptation to biotic or abiotic stresses, which involve genes
and pathways associated with different mechanisms [46]. Recently, a high-quality genome
of the Atlantic variety of potato has been reported, which may facilitate our understanding
of the role of stress-induced resistance in potato [47]. In our laboratory, we preliminarily
found that low concentrations of DON could induce resistance to P. infestans in potatoes.
To understand the metabolic changes and regulatory mechanisms of active compounds
during DON induction, we constructed transcriptomic and metabolomic profiles of potato
tubers at different time points under low concentration treatment combined with broad
target metabolomic profiles to investigate DEGs and differentially accumulated metabolites
to explore the mechanisms associated with DON-induced resistance in potatoes.

Studies have shown that DON and nivalenol (NIV) convert toxins to their glucosides
(DONB3G and NIV3G) via xenobiotic detoxification [48]. DON treatment induces ROS pro-
duction in wheat. DON treatment rapidly induced the transcription of some defense genes
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in a concentration-dependent manner [49,50]. Additionally, it causes H,O, production in
the grain, which triggers antimicrobial defense but may also stimulate cell death. Cloning
DON resistance genes or transgenic detoxification-related genes can improve wheat blast
resistance [51]. In 5 ng/mL DON treatment, we found that DEGs at all four time points
were enriched in plant stress-related pathways, such as phenylpropane metabolism and
synthesis and secondary metabolite synthesis, suggesting that the mechanism of potato
defense induced by DON stress is mainly in the phenylpropane pathway. Multiple KEGG
pathways were significantly enriched, with phenylpropanoid biosynthesis being the most
abundant pathway, followed by flavonoid biosynthesis. These changes in the transcriptome
correlated with metabolomic data. However, DON is still more toxic, and the number of
virulence factors is a key element in inducing disease resistance in plants using excitons.
Some studies have shown that both 3-keto-DON and 3-epi-DON show lower toxicity in con-
verting DON to less toxic derivatives, and exhibit similar gene expression profiles to DON
under 3-keto-DON treatment, which provides crucial information for future transgenic
plant applications and development [52].

JA and SA are the major signaling pathways in plants, and these two signaling path-
ways are usually antagonistic; however, synergistic or additive effects have also been
reported [53,54]. In this study, key genes associated with JA transduction, such as JART and
JAZ, were upregulated, while COIT and MYC2 were significantly downregulated, and key
genes associated with SA transduction, such as NPR1, TGA, and PR-1, were significantly
upregulated (Figure 56). Substance accumulation was also reflected in the metabolic data.
As reported in existing studies, DON induction can enhance plant defense by regulating
the gene expression of SA and JA pathways, causing SA accumulation and activation of
pathogenesis-related genes (PR) [55]. Therefore, we hypothesize that DON induces plant
defense through the interaction of SA and JA signaling, and that this process is regulated
by DNA methylation [43,56].

Many changes occur in the primary metabolisms of plants, such as amino acids,
nucleotides, and their derivatives, in response to stress, and the composition and levels
of amino acids affect the resistance of plants [57,58]. Many plant defense compounds are
derived from amino acid precursors, such as secondary metabolites and thioglucosides [59].
In the present study, 31 amino acids and their derivatives were significantly altered in
potato tubers following DON induction. Among them, upregulation was mostly seen in
toxic amino acids or sulfur-containing amino acids, such as L-tyramine, S-(5’-adenosyl)-L-
homocysteine, S-adenosyl-L-methionine, and L-alanyl-L-phenylalanine, which may play
a key role in DON-induced plant defense. Consistent with this finding, genes related to
these amino acids and their derivatives were also induced.

Plant secondary metabolites such as alkaloids, phenolic compounds, and flavonoids
are typical plant antitoxins that play an important role in protection against diseases [60].
However, the content and distribution of secondary metabolites in different species dif-
fer greatly [61]. In our metabolomic analysis, the metabolites varied at different times,
with changes in phenolic acids, flavonoids, terpenoids, lignans, and coumarins. Notably,
phenolic acids, alkaloids, and flavonoids accounted for the highest percentage of the dif-
ferential metabolites in each comparison group. Similarly, Isayenka et al. [62] found that
the phytotoxin thaxtomin A (TA) induced browning of potato tuber flesh due to the ac-
cumulation of phenolic compounds, which may play a role in protecting potato tubers
from Streptomyces scabiei. In addition, it is possible that because the family of tyrosine-
derived metabolites is flavonoids, DON induction caused significant downregulation of
L-tyrosine, resulting in a reduction of 84% of all flavonoids in DAMs, suggesting that
flavonoid levels may be negatively correlated with DON-induced plant defense. Combined
with the transcriptome enrichment results, the phenylpropane synthesis pathway is a rich
source of plant metabolites and a starting point for the production of many other important
compounds such as alkaloids, coumarins, and lignans [31]. Therefore, the accumulation of
gene expression and metabolites associated with phenylpropanoid biosynthesis suggests
that the defense mechanisms after DON induction may be related to phenylpropanoid
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metabolism. This is consistent with the findings of Yogendra et al. [63,64] that metabolic
pathways associated with the biosynthesis of phenylpropanoids, flavonoids, and alkaloids
were strongly induced.

WGCNA divided all DEGs into 14 modules, and three modules were highly correlated
with 15 shared DAMs. KEGG enrichment analysis showed that genes of related modules
were mainly enriched in phenanthrene biosynthesis, which is consistent with the above
results. The annotation of hub genes was mainly for functional protein-encoding genes
such as ATTPS6 and COMT [65]. Most hub genes in the three modules were related to the
regulation of plant immune responses. For example, COMT in the darkseagreen3 module is
a key enzyme in phenylpropanoid biosynthesis, catalyzing a variety of phenylpropanoids
and flavonoids, including caffeic acid, caffeol, and 5-hydroxyferulic acid, and catalyzes
the production of melatonin from N-acetyl-5-hydroxytryptamine [66]. The ASMT encoded
N-acetylserotonin methyltransferase in the darkseagreen1l module is the final enzyme in the
biosynthetic pathway that produces melatonin. ASMT is induced in rice by both ABA and
methyl jasmonic acid treatment [67,68]. Studies have shown that melatonin administration
ameliorates the toxic effects of DON in mice [69]. MYB48 encoded transcription factor
plays an important role in regulating stress response in response to JA signaling [70], and a
previous study showed that MYB48 plays a central role in improving tomato tolerance [71]
and a positive response of MYB48 to stress treatment in rice [72,73]. The cytochrome P450
family is not only involved in various metabolic pathways, such as alkaloids, terpenoids,
and phenylpropanoids to form resistance substances in plants and improve plant resistance,
but also acts as an antitoxin detoxification enzyme in plants [74]. CYP71B36 and CYP76C2
belong to the cytochrome P450 family, of which CYP71B has been shown to be involved
in terpene biosynthesis (nerol and geraniol). For example, CYP71BJ1 in rose, which forms
part of the pathway leading to 19-O-acetyl horhammericine, will help elucidate how this
branch point is controlled [75]. CYP76C is a sesquiterpene plant antitoxin hydroxylase
that hydroxylates rishitin in potato to form rishitin-M1 [76]. ABCG22 encodes an ABC
transporter protein and the ABC transporter protein TaABCC3.1 has been reported to
contribute to DON tolerance [77]. gRT-PCR assays showed altered expression of these hub
genes at different times under DON treatment, suggesting that these hub genes may play
an important role in DON-induced plant immune responses. This study has important
implications for the design of defense strategies against P. infestans in potatoes.

4. Materials and Methods
4.1. Plant Materials and Treatments

In this study, Atlantic variety potato tubers were used as experimental material (pro-
vided by Heilongjiang Academy of Agricultural Sciences, Harbin, China). To study the
dynamic response of the whole potato genome and metabolome to DON stress, potato tu-
bers were treated with 5 ng/mL Vomitoxin (DON, purchased from FERMENTEK, Jerusalem
Israel) and sampled at 0 h, 4 h, 12 h, and 48 h (recorded as DONOh, DON4h, DON12h,
DONA48h), and 0 h under sterile water treatment as control (recorded as CK0Oh), and all
samples were frozen in liquid nitrogen and stored at —80 °C. Three biological replicates
were performed for all five groups of samples.

4.2. Metabolite Profiling Using UPLC-MS/MS

The preserved samples were freeze-dried under vacuum using a lyophilizer (Scientz-
100F, SCIENTZ Biotechnology Co., Ningbo, China) and the freeze-dried samples were
crushed to powder form using a grinder (MM 400, Retsch, Verder Shanghai Instruments
and Equipment Co., Ltd., Shanghai, China) at 30 Hz for 90 s. 100 mg of sample powder
was weighed and dissolved in 1.2 mL of 70% methanol extract at 4 °C, and vortexed every
30 min for 30 s for a total of 6 times, and the samples were placed in a refrigerator at 4 °C
overnight. After centrifugation at 12,000 rpm for 10 min, the supernatant was aspirated,
and the sample was filtered through a microporous membrane (0.22 um pore size) and
stored in the injection vial for subsequent UPLC-MS/MS analysis.
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For each sample, three biological replicates were analyzed independently. Chro-
matography mass spectrometry acquisition was performed using ultra performance liquid
chromatography (UPLC, SHIMADZU Nexera X2, Kyoto, Japan) and tandem mass spec-
trometry (MS/MS, Applied Biosystems 4500 QTRAP, Foster, CA, USA).LIT and triple
quadrupole (QQQ) scans were performed by a triple quadrupole linear ion trap mass spec-
trometer (Q TRAP), AB4500 Q TRAP UPLC/MS/MS system. The chromatographic column
was an Agilent SB-C18 (1.8 um, 2.1 mm x 100 mm); mobile phase was ultra-pure water in
phase A (with 0.1% formic acid): acetonitrile in phase B (with 0.1% formic acid); and elution
gradient: 5% in phase B at 0.00 min, linearly increasing to 95% in phase B at 9.00 min and
maintaining at 95% for 1 min (10.00-11.10 min). The B-phase ratio decreased to 5% and
equilibrated at 5% until 14 min, with a flow rate 0.35 mL/min, a column temperature of
40 °C, and injection volume 4 pL. For the mass spectrometry analysis [78], the ESI source
operating parameters were as follows: ion source, turbo spray; source temperature, 550 °C;
ion spray voltage (IS), 5500 V (positive ion mode)/—4500 V (negative ion mode); ion source
gas I (GSI), gas II (GSII), and curtain gas (CUR) were set to 50, 60 and 25.0 psi, respectively,
and the collision-induced ionization parameters were set to high. The instrument was
tuned and mass calibrated in QQQ and LIT modes with 10 and 100 pmol/L polypropylene
glycol solutions, respectively. QQQ scans were performed using MRM mode with the
collision gas (nitrogen) set to medium. Further DP and CE optimization was accomplished
for individual MRM ion pairs, and a specific set of MRM ion pairs was monitored in each
period based on the metabolites eluted within each period.

Metabolites were characterized and quantified based on Metware Biotechnology Ltd.’s
own database MWDB and public metabolite databases (MassBank, KNAPSAcK, HMDB,
MoToDB, ChemBank, PubChem, NIST Chemistry Webbook and METLIN) [79]. The MS
data were characterized by a precise comparison of precursor ion (Q1), product ion (Q3)
values, and retention time (RT). The metabolites were quantified by MRM analysis using
QQQ mass spectrometry. The characteristic ions of each substance were screened by triple
quadruple rods, and the signal intensities (CPS) of the characteristic ions were obtained in
the detector. The integration and calibration of the peaks were performed on the sample
off-board mass spectrometry files using MultiaQuant software (v3.0.3), the peak area (Area)
of each peak represented the relative content of the corresponding substance, and the
integrated data of the area of all peaks were obtained [80].

4.3. Metabolome Data Analysis

Principal component analysis for unsupervised pattern recognition was performed
on the filtered data using the prcomp function (parameter scale = TRUE) in R software
(v4.2.1) [81]; orthogonal partial least squares discriminant analysis (OPLS-DA) was per-
formed by the OPLSR.Anal function in MetaboAnalyst 4.0 software, based on the OPLS-DA
results, combined with the difference fold change values; and the VIP values of OPLS-DA
model were used to screen out the differential metabolites based on the OPLS-DA results,
and the screening criteria were: metabolites with fold change >2 and fold change <0.5 and
VIP > [82]. Metabolites with significant differences were normalized by unit variance scal-
ing (UV), and heatmaps were drawn by the pheatmap package. The differential metabolites
were annotated and enriched using the KEGG database [83].

4.4. RNA-Seq Analysis

Total RNA was extracted from each sample, and RNA-seq libraries were constructed
using [llumina Stranded Total RNA Prep (three biological replicates per treatment) based on
the Illumina Novoseq 6000 system, and the fragment size and concentration of the libraries
were detected by Agilent 2100 Bioanalyzer. QC of the RNA-seq raw data was performed
using FastQC (v0.11.9, https:/ /www.bioinformatics.babraham.ac.uk/projects/fastqc/, ac-
cessed on 27 October 2022) and Trimmomatic (v0.36) to obtain clean reads [84], which
were mapped to the Atlantic potato reference genome [47] by Hisat2 (v2.2.1) [85]. Expres-
sion level quantification was performed using FeatureCounts (v2.10.5) and expression
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normalization was performed with edgeR software (v3.36.1) using the TPM (transcripts
per kilobase per million mapped reads) algorithm [86,87]. Differential gene identifica-
tion was performed using the default parameters of the DESeq2 (v1.38.0) package in R
(v4.2.1), and DEG identification was based on a cutoff value of log2(fold change)| >1
as a screening criterion [88]. GO annotation was performed through the EGNOG online
website (eggNOG-mapper (embl.de) for functional annotation of all protein sequences in
the Atlantic potato genome [89], the AnnotationForge package built the protein annotation
result files into the OrgDB package, and the self-built package was used to perform GO
ORA enrichment analysis of DEGs. The enricher package was used to perform KEGG
enrichment analysis on the DEGs. All results were visualized using R.

4.5. Weighted Gene Co-Expression Network Analysis (WGCNA)

Gene co-expression networks were constructed using R software version 4.2.1 with
WGCNA (v1.71) [90]. Lowly expressed genes (TPM < 1) in DEGs were removed and co-
expression networks were constructed by WGCNA analysis. Based on Pearson correlation
coefficient calculation, the signed function was transformed to construct the correlation
matrix between genes (threshold 0.8). The correlation matrix was transformed into an
adjacency matrix by the power adjacency function. To characterize the nonlinear relation-
ship between genes, a topological overlap matrix (TOM matrix) was constructed from
TOM correlation coefficients, through R software package blockwise Modules function, to
build the coexpression network by dividing modules and merging similar modules to the
module feature vector (MEs matrix) and character matrix in order to analyze the correlation
between the module feature genes and DON processing different time/control processing,
which would estimate the correlation of the module character [91]. The hub genes were
calculated by Cytoscape software (v3.7.2) and network visualization was completed [92].

4.6. Real-Time Quantitative PCR (qRT-PCR) Validation

Fifteen genes were randomly selected from hub genes for qRT-PCR analysis using the
LineGene 9620 Real-Time PCR system from BIOER, with 3-action as an internal reference
gene. These genes include ABCG22, CYP71B36, SR1IP1, C3H20, PG2, CKX1, CYP76C2,
VSP3, APD2, ADAP, COMT, RBF1, PTPMT1, WD40, L15¢, and the primers are shown in
Table S5. Total RNA was extracted from each treated sample using the Total RNA Rapid
Extraction Kit (ER501-01, TransGen Biotech, Beijing, China) and reverse transcribed to
cDNA using the TransScript® One-Step gDNA Removal and cDNA Synthesis SuperMix
(AT311, TransGen Biotech, Beijing, China). qRT- PCR reactions were performed using the
ChamQ Universal SYBR qPCR Master Mix (Q711, Vazyme, Nanjing, China) kit. data from
three independent replicates were calculated by the 2=t method [93].

Supplementary Materials: The supporting information can be downloaded at: https:/ /www.mdpi.
com/article/10.3390/ijms24098054/s1.

Author Contributions: B.Z. and H.Y.: Writing-original draft, Formal analysis, Writing-review and
editing. D.L., EH., T.Q., C.D. and L.W.: Formal analysis. ].W.: Data curation. X.E.: Conceptualization,
Supervision. H.W.: Conceptualization, Supervision, Writing-original draft. FL.: Conceptualization,
Supervision. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by [The National Natural Science Foundation of China] grant
number [32160142] to H.W. and [U22A20443] to F.L., [Provincial Research Institutes Scientific Research
Business Foundation of Heilongjiang Province] grant number [CZKYF2023-1-B020], [Key R&D
Program Projects of Heilongjiang Province] grant number [GY2023ZB0021], and [The Strategic
Priority Research Program of the Chinese Academy of Sciences] grant number [XDA28030302] to F.L.

Data Availability Statement: The RNA-seq datasets in this study are available from the NCBI
Sequence Read Archive under project PRINA943451. Metabolomics sequencing data are shown in
Supplementary Table S6.

Conflicts of Interest: The authors declare no conflict of interest.


https://www.mdpi.com/article/10.3390/ijms24098054/s1
https://www.mdpi.com/article/10.3390/ijms24098054/s1

Int. . Mol. Sci. 2023, 24, 8054 150f18

References

1.  Camire, M.E.; Kubow, S.; Donnelly, D.]. Potatoes and human health. Crit. Rev. Food Sci. Nutr. 2009, 49, 823-840. [CrossRef]

2. Dolnicar, P. Importance of Potato as a Crop and Practical Approaches to Potato Breeding. Methods Mol. Biol. 2021, 2354, 3-20.
[CrossRef]

3. Akyol, H; Riciputi, Y.; Capanoglu, E.; Caboni, M.F,; Verardo, V. Phenolic Compounds in the Potato and Its Byproducts: An
Overview. Int. |. Mol. Sci. 2016, 17, 835. [CrossRef]

4. Savary, S.; Willocquet, L.; Pethybridge, S.J.; Esker, P.; McRoberts, N.; Nelson, A. The global burden of pathogens and pests on
major food crops. Nat. Ecol. Evol. 2019, 3, 430—-439. [CrossRef]

5. Wu, EJ.; Wang, Y.P; Yahuza, L.; He, M.H.; Sun, D.L.; Huang, YM.; Liu, Y.C,; Yang, L.N.; Zhu, W.; Zhan, J.A.-O. Rapid adaptation
of the Irish potato famine pathogen Phytophthora infestans to changing temperature. Evol. Appl. 2019, 13, 768-780. [CrossRef]

6. Léger, G.; Novinscak, A.; Biessy, A.; Lamarre, S.; Filion, M. In Tuber Biocontrol of Potato Late Blight by a Collection of Phenazine-
1-Carboxylic Acid-Producing Pseudomonas spp. Microorganisms 2021, 9, 2525. [CrossRef]

7.  Bi, K, Liang, Y;; Mengiste, T.; Sharon, A. Killing softly: A roadmap of Botrytis cinerea pathogenicity. Trends Plant Sci. 2023, 28, 211-222.
[CrossRef] [PubMed]

8.  Mishra, S,; Srivastava, S.; Dewangan, J.; Divakar, A.; Kumar Rath, S. Global occurrence of deoxynivalenol in food commodities
and exposure risk assessment in humans in the last decade: A survey. Crit. Rev. Food Sci. Nutr. 2019, 60, 1346-1374. [CrossRef]
[PubMed]

9.  Yao, Y,; Long, M. The biological detoxification of deoxynivalenol: A review. Food Chem. Toxicol. 2020, 145, 111649. [CrossRef]
[PubMed]

10. Paré, PW,; Farag, M.A,; Krishnamachari, V.; Zhang, H.; Ryu, C.M.; Kloepper, ].W. Elicitors and priming agents initiate plant
defense responses. Photosynth Res. 2005, 85, 149-159. [CrossRef]

11. Rani, A.; Rana, A.; Dhaka, RK,; Singh, A.P.; Chahar, M.; Singh, S.; Nain, L.; Singh, K.P.; Minz, D. Bacterial volatile organic
compounds as biopesticides, growth promoters and plant-defense elicitors: Current understanding and future scope. Biotechnol.
Adv. 2023, 63, 108078. [CrossRef]

12.  Blimke, A.; Sode, B.; Ellinger, D.; Voigt, C.A. Reduced susceptibility to Fusarium head blight in Brachypodium distachyon
through priming with the Fusarium mycotoxin deoxynivalenol. Mol. Plant Pathol. 2015, 16, 472-483. [CrossRef]

13. Doppler, M.; Kluger, B.; Bueschl, C.; Steiner, B.; Buerstmayr, H.; Lemmens, M.; Krska, R.; Adam, G.; Schuhmacher, R. Stable
Isotope-Assisted Plant Metabolomics: Investigation of Phenylalanine-Related Metabolic Response in Wheat Upon Treatment
with the Fusarium Virulence Factor Deoxynivalenol. Front. Plant Sci. 2019, 10, 01137. [CrossRef]

14. Héloir, M.C.; Adrian, M.; Brulé, D.; Claverie, J.; Cordelier, S.; Daire, X.; Dorey, S.; Gauthier, A.; Lemaitre-Guillier, C.; Negrel, J.; et al.
Recognition of Elicitors in Grapevine: From MAMP and DAMP Perception to Induced Resistance. Front. Plant Sci. 2019, 10, 1117.
[CrossRef]

15.  Orozco-Mosqueda, M.d.C.; Fadiji, A.E.; Babalola, O.O.; Santoyo, G. Bacterial elicitors of the plant immune system: An overview
and the way forward. Plant Stress 2023, 7, 100138. [CrossRef]

16. Chang, M.; Chen, H,; Liu, E; Fu, Z.Q. PTI and ETI: Convergent pathways with diverse elicitors. Trends Plant Sci. 2022, 27, 113-115.
[CrossRef] [PubMed]

17.  Yuan, M, Jiang, Z.; Bi, G.; Nomura, K.; Liu, M.; Wang, Y.; Cai, B.; Zhou, ].M.; He, S.Y.; Xin, X.E. Pattern-recognition receptors are
required for NLR-mediated plant immunity. Nature 2021, 592, 105-109. [CrossRef]

18. Hael-Conrad, V.; Abou-Mansour, E.; Diaz-Ricci, ].C.; Métraux, ].P; Serrano, M. The novel elicitor AsES triggers a defense response
against Botrytis cinerea in Arabidopsis thaliana. Plant Sci. 2015, 241, 120-127. [CrossRef] [PubMed]

19. Svoboda, ].; Boland, W. Plant defense elicitors: Analogues of jasmonoyl-isoleucine conjugate. Phytochemistry 2010, 71, 1445-1449.
[CrossRef]

20. Tercé-Laforgue, T.; Huet, ].C.; 11, J.C. Biosynthesis and Secretion of Cryptogein, a Protein Elicitor Secreted by Phytophthora
cryptogea. Plant 1992, 98, 936-941. [CrossRef] [PubMed]

21. Nie, J.; Zhou, W,; Liu, J.; Tan, N.; Zhou, ].M.; Huang, L. A receptor-like protein from Nicotiana benthamiana mediates VmEQ2
PAMP-triggered immunity. New Phytol. 2021, 229, 2260-2272. [CrossRef] [PubMed]

22. Nesic, K,; Ivanovic, S.; Nesic, V. Fusarial toxins: Secondary metabolites of Fusarium fungi. Rev. Environ. Contam. Toxicol. 2014,
228,101-120. [CrossRef] [PubMed]

23. Zuo, D.Y; Yi, S.Y;; Liu, RJ.; Qu, B;; Huang, T.; He, WJ; Li, C,; Li, H.P; Liao, Y.C. A Deoxynivalenol-Activated Methionyl-
tRNA Synthetase Gene from Wheat Encodes a Nuclear Localized Protein and Protects Plants Against Fusarium Pathogens and
Mycotoxins. Phytopathology 2016, 106, 614—623. [CrossRef]

24. He, Y,; Wu, L.; Liu, X,; Jiang, P; Yu, L.; Qiu, J.; Wang, G.; Zhang, X.; Ma, H. TaUGT6, a Novel UDP-Glycosyltransferase Gene
Enhances the Resistance to FHB and DON Accumulation in Wheat. Front. Plant Sci. 2020, 11, 574775. [CrossRef] [PubMed]

25.  Gunupury, L.R.; Arunachalam, C.; Malla, K.B.; Kahla, A.; Perochon, A; Jia, J.; Thapa, G.; Doohan, EM. A wheat cytochrome P450
enhances both resistance to deoxynivalenol and grain yield. PLoS ONE 2018, 13, €0204992. [CrossRef] [PubMed]

26. Mandala, G.; Tundo, S.; Francesconi, S.; Gevi, E; Zolla, L.; Ceoloni, C.; D’Ovidio, R. Deoxynivalenol Detoxification in Transgenic

Wheat Confers Resistance to Fusarium Head Blight and Crown Rot Diseases. Mol. Plant Microbe Interact. 2019, 32, 583-592.
[CrossRef] [PubMed]


https://doi.org/10.1080/10408390903041996
https://doi.org/10.1007/978-1-0716-1609-3_1
https://doi.org/10.3390/ijms17060835
https://doi.org/10.1038/s41559-018-0793-y
https://doi.org/10.1111/eva.12899
https://doi.org/10.3390/microorganisms9122525
https://doi.org/10.1016/j.tplants.2022.08.024
https://www.ncbi.nlm.nih.gov/pubmed/36184487
https://doi.org/10.1080/10408398.2019.1571479
https://www.ncbi.nlm.nih.gov/pubmed/30761910
https://doi.org/10.1016/j.fct.2020.111649
https://www.ncbi.nlm.nih.gov/pubmed/32745571
https://doi.org/10.1007/s11120-005-1001-x
https://doi.org/10.1016/j.biotechadv.2022.108078
https://doi.org/10.1111/mpp.12203
https://doi.org/10.3389/fpls.2019.01137
https://doi.org/10.3389/fpls.2019.01117
https://doi.org/10.1016/j.stress.2023.100138
https://doi.org/10.1016/j.tplants.2021.11.013
https://www.ncbi.nlm.nih.gov/pubmed/34863646
https://doi.org/10.1038/s41586-021-03316-6
https://doi.org/10.1016/j.plantsci.2015.09.025
https://www.ncbi.nlm.nih.gov/pubmed/26706064
https://doi.org/10.1016/j.phytochem.2010.04.027
https://doi.org/10.1104/pp.98.3.936
https://www.ncbi.nlm.nih.gov/pubmed/16668767
https://doi.org/10.1111/nph.16995
https://www.ncbi.nlm.nih.gov/pubmed/33037676
https://doi.org/10.1007/978-3-319-01619-1_5
https://www.ncbi.nlm.nih.gov/pubmed/24162094
https://doi.org/10.1094/PHYTO-12-15-0327-R
https://doi.org/10.3389/fpls.2020.574775
https://www.ncbi.nlm.nih.gov/pubmed/33178244
https://doi.org/10.1371/journal.pone.0204992
https://www.ncbi.nlm.nih.gov/pubmed/30312356
https://doi.org/10.1094/MPMI-06-18-0155-R
https://www.ncbi.nlm.nih.gov/pubmed/30422742

Int. . Mol. Sci. 2023, 24, 8054 16 of 18

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Tian, Y,; Tan, Y.; Liu, N,; Yan, Z; Liao, Y.; Chen, J.; de Saeger, S.; Yang, H.; Zhang, Q.; Wu, A. Detoxification of Deoxynivalenol
via Glycosylation Represents Novel Insights on Antagonistic Activities of Trichoderma when Confronted with Fusarium
graminearum. Toxins 2016, 8, 335. [CrossRef]

Dixon, R.A. Natural products and plant disease resistance. Nature 2001, 411, 843-847. [CrossRef]

Vogt, T. Phenylpropanoid biosynthesis. Mol. Plant 2010, 3, 2-20. [CrossRef]

Wang, L.; Shi, Y,; Chang, X; Jing, S.; Zhang, Q.; You, C.; Yuan, H.; Wang, H. DNA methylome analysis provides evidence that the
expansion of the tea genome is linked to TE bursts. Plant Biotechnol. |. 2019, 17, 826-835. [CrossRef]

Yadav, V.; Wang, Z.; Wei, C.; Amo, A.; Ahmed, B.; Yang, X.; Zhang, X. Phenylpropanoid Pathway Engineering: An Emerging
Approach towards Plant Defense. Pathogens 2020, 9, 312. [CrossRef] [PubMed]

Zhou, ].M.; Zhang, Y. Plant Inmunity: Danger Perception and Signaling. Cell 2020, 181, 978-989. [CrossRef] [PubMed]
Chowdhury, J.; Schober, M.S.; Shirley, N.J.; Singh, R.R.; Jacobs, A K.; Douchkov, D.; Schweizer, P.; Fincher, G.B.; Burton, R.A;
Little, A. Down-regulation of the glucan synthase-like 6 gene (HvGsl6) in barley leads to decreased callose accumulation and
increased cell wall penetration by Blumeria graminis f. sp. hordei. New Phytol. 2016, 212, 434-443. [CrossRef] [PubMed]

Kwon, C,; Neu, C; Pajonk, S.; Yun, H.S.; Lipka, U.; Humphry, M.; Bau, S.; Straus, M.; Kwaaitaal, M.; Rampelt, H.; et al. Co-option
of a default secretory pathway for plant immune responses. Nature 2008, 451, 835-840. [CrossRef] [PubMed]

Zhao, R.; Nakamura, T,; Fu, Y.; Lazar, Z.; Spector, D.L. Gene bookmarking accelerates the kinetics of post-mitotic transcriptional
re-activation. Nat. Cell Biol. 2011, 13, 1295-1304. [CrossRef] [PubMed]

Ahuja, I; Kissen, R.; Bones, A.M. Phytoalexins in defense against pathogens. Trends Plant Sci. 2012, 17, 73-90. [CrossRef]

Jiang, L.; Wu, P; Yang, L.; Liu, C.; Guo, P; Wang, H.; Wang, S.; Xu, F.; Zhuang, Q.; Tong, X.; et al. Transcriptomics and metabolomics
reveal the induction of flavonoid biosynthesis pathway in the interaction of Stylosanthes-Colletotrichum gloeosporioides.
Genomics 2021, 113, 2702-2716. [CrossRef]

Venisse, ].S.; Malnoy, M.; Faize, M.; Paulin, ].P; Brisset, M.N. Modulation of defense responses of Malus spp. during compatible
and incompatible interactions with Erwinia amylovora. Mol. Plant Microbe Interact. 2002, 15, 1204-1212. [CrossRef]

Li, P; Ruan, Z; Fei, Z.; Yan, ].; Tang, G. Integrated Transcriptome and Metabolome Analysis Revealed That Flavonoid Biosynthesis
May Dominate the Resistance of Zanthoxylum bungeanum against Stem Canker. ]. Agric. Food Chem. 2021, 69, 6360-6378.
[CrossRef]

Duan, Y.; Duan, S.; Armstrong, M.R; Xu, J.; Zheng, J.; Hu, J.; Chen, X.; Hein, L; Li, G.; Jin, L. Comparative Transcriptome Profiling
Reveals Compatible and Incompatible Patterns of Potato Toward Phytophthora infestans. G3 2020, 10, 623-634. [CrossRef]

Li, S.; Deng, B.; Tian, S.; Guo, M.; Liu, H.; Zhao, X. Metabolic and transcriptomic analyses reveal different metabolite biosynthesis
profiles between leaf buds and mature leaves in Ziziphus jujuba mill. Food Chem. 2021, 347, 129005. [CrossRef]

Yang, H.; Li, H.; Li, Q. Biosynthetic regulatory network of flavonoid metabolites in stems and leaves of Salvia miltiorrhiza. Sci.
Rep. 2022, 12,18212. [CrossRef] [PubMed]

Shi, Y.;; Qin, Y.; Li, E; Wang, H. Genome-Wide Profiling of DNA Methylome and Transcriptome Reveals Epigenetic Regulation of
Potato Response to DON Stress. Front. Plant Sci 2022, 13, 934379. [CrossRef]

Leesutthiphonchai, W.; Vu, A.L.; Ah-Fong, A.M.V,; Judelson, H.S. How Does Phytophthora infestans Evade Control Efforts?
Modern Insight into the Late Blight Disease. Phytopathology 2018, 108, 916-924. [CrossRef] [PubMed]

Fry, WE.; Birch, PR.; Judelson, H.S.; Griinwald, N.J.; Danies, G.; Everts, K.L.; Gevens, A.].; Gugino, B.K.; Johnson, D.A;
Johnson, S.B.; et al. Five Reasons to Consider Phytophthora infestans a Reemerging Pathogen. Phytopathology 2015, 105, 966-981.
[CrossRef]

Naveed, Z.A.; Wei, X,; Chen, J.; Mubeen, H.; Ali, G.S. The PTI to ETI Continuum in Phytophthora-Plant Interactions. Front. Plant
Sci. 2020, 11, 593905. [CrossRef] [PubMed]

Hoopes, G.; Meng, X.; Hamilton, J.P.; Achakkagari, S.R.; de Alves Freitas Guesdes, F.; Bolger, M.E.; Coombs, ].J.; Esselink, D.;
Kaiser, N.R,; Kodde, L.; et al. Phased, chromosome-scale genome assemblies of tetraploid potato reveal a complex genome,
transcriptome, and predicted proteome landscape underpinning genetic diversity. Mol. Plant 2022, 15, 520-536. [CrossRef]
[PubMed]

Bryta, M.; Ksieniewicz-WoZniak, E.; Michatowska, D.; Waskiewicz, A.; Yoshinari, T.; Gwiazdowski, R. Transformation of Selected
Trichothecenes during the Wheat Malting Production. Toxins 2021, 13, 135. [CrossRef]

Desmond, O.].; Manners, ].M.; Stephens, A.E.; Maclean, D.J.; Schenk, PM.; Gardiner, D.M.; Munn, A.L.; Kazan, K. The Fusarium
mycotoxin deoxynivalenol elicits hydrogen peroxide production, programmed cell death and defence responses in wheat. Mol.
Plant Pathol. 2008, 9, 435-445. [CrossRef]

Walter, S.; Brennan, ].M.; Arunachalam, C.; Ansari, K.I.; Hu, X.; Khan, M.R,; Trognitz, F,; Trognitz, B.; Leonard, G.; Egan, D.;
et al. Components of the gene network associated with genotype-dependent response of wheat to the Fusarium mycotoxin
deoxynivalenol. Funct. Integr. Genom. 2008, 8, 421-427. [CrossRef]

Perochon, A.; Vary, Z.; Malla, K.B.; Halford, N.G.; Paul, M.].; Doohan, EM. The wheat SnRK1« family and its contribution to
Fusarium toxin tolerance. Plant Sci. 2019, 288, 110217. [CrossRef] [PubMed]

Li, X.Z.; Hassan, Y.I; Lepp, D.; Zhu, Y.; Zhou, T. 3-keto-DON, but Not 3-epi-DON, Retains the in Planta Toxicological Potential
after the Enzymatic Biotransformation of Deoxynivalenol. Int. J. Mol. Sci. 2022, 23, 7230. [CrossRef] [PubMed]

Li, N.; Han, X.; Feng, D.; Yuan, D.; Huang, L.J. Signaling Crosstalk between Salicylic Acid and Ethylene/Jasmonate in Plant
Defense: Do We Understand What They Are Whispering? Int. J. Mol. Sci. 2019, 20, 671. [CrossRef]


https://doi.org/10.3390/toxins8110335
https://doi.org/10.1038/35081178
https://doi.org/10.1093/mp/ssp106
https://doi.org/10.1111/pbi.13018
https://doi.org/10.3390/pathogens9040312
https://www.ncbi.nlm.nih.gov/pubmed/32340374
https://doi.org/10.1016/j.cell.2020.04.028
https://www.ncbi.nlm.nih.gov/pubmed/32442407
https://doi.org/10.1111/nph.14086
https://www.ncbi.nlm.nih.gov/pubmed/27364233
https://doi.org/10.1038/nature06545
https://www.ncbi.nlm.nih.gov/pubmed/18273019
https://doi.org/10.1038/ncb2341
https://www.ncbi.nlm.nih.gov/pubmed/21983563
https://doi.org/10.1016/j.tplants.2011.11.002
https://doi.org/10.1016/j.ygeno.2021.06.004
https://doi.org/10.1094/MPMI.2002.15.12.1204
https://doi.org/10.1021/acs.jafc.1c00357
https://doi.org/10.1534/g3.119.400818
https://doi.org/10.1016/j.foodchem.2021.129005
https://doi.org/10.1038/s41598-022-21517-5
https://www.ncbi.nlm.nih.gov/pubmed/36307498
https://doi.org/10.3389/fpls.2022.934379
https://doi.org/10.1094/PHYTO-04-18-0130-IA
https://www.ncbi.nlm.nih.gov/pubmed/29979126
https://doi.org/10.1094/PHYTO-01-15-0005-FI
https://doi.org/10.3389/fpls.2020.593905
https://www.ncbi.nlm.nih.gov/pubmed/33391306
https://doi.org/10.1016/j.molp.2022.01.003
https://www.ncbi.nlm.nih.gov/pubmed/35026436
https://doi.org/10.3390/toxins13020135
https://doi.org/10.1111/j.1364-3703.2008.00475.x
https://doi.org/10.1007/s10142-008-0089-4
https://doi.org/10.1016/j.plantsci.2019.110217
https://www.ncbi.nlm.nih.gov/pubmed/31521211
https://doi.org/10.3390/ijms23137230
https://www.ncbi.nlm.nih.gov/pubmed/35806249
https://doi.org/10.3390/ijms20030671

Int. . Mol. Sci. 2023, 24, 8054 17 of 18

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.
75.

76.

77.

78.

79.

80.

Zhao, Z.; Fan, ].; Yang, P; Wang, Z.; Opiyo, S5.0.; Mackey, D.; Xia, Y. Involvement of Arabidopsis Acyl Carrier Protein 1 in
PAMP-Triggered Immunity. Mol. Plant Microbe Interact. 2022, 35, 681-693. [CrossRef] [PubMed]

Yang, Y.; Yang, X.; Guo, X,; Hu, X,; Dong, D.; Li, G.; Xiong, X. Exogenously applied methyl Jasmonate induces early defense
related genes in response to Phytophthora infestans infection in potato plants. Hortic. Plant J. 2022, 8, 511-526. [CrossRef]

Yu, H.; Cui, N; Guo, K.; Xu, W.; Wang, H. Epigenetic changes in the regulation of carotenoid metabolism during honeysuckle
flower development. Hortic. Plant . 2022, in press. [CrossRef]

Gutsche, A.; Heng-Moss, T.; Sarath, G.; Twigg, P; Xia, Y.; Lu, G.; Mornhinweg, D. Gene expression profiling of tolerant barley in
response to Diuraphis noxia (Hemiptera: Aphididae) feeding. Bull. Entomol. Res. 2009, 99, 163-173. [CrossRef]

Li, J.; Shen, J.; Wang, R.; Chen, Y.; Zhang, T.; Wang, H.; Guo, C.; Qi, J. The nearly complete assembly of the Cercis chinensis
genome and Fabaceae phylogenomic studies provide insights into new gene evolution. Plant Commun. 2023, 4, 100422. [CrossRef]
Fan, J.; Crooks, C.; Creissen, G.; Hill, L.; Fairhurst, S.; Doerner, P.; Lamb, C. Pseudomonas sax genes overcome aliphatic
isothiocyanate-mediated non-host resistance in Arabidopsis. Science 2011, 331, 1185-1188. [CrossRef]

Erb, M.; Kliebenstein, D.J. Plant Secondary Metabolites as Defenses, Regulators, and Primary Metabolites: The Blurred Functional
Trichotomy. Plant Physiol. 2020, 184, 39-52. [CrossRef]

Soltis, N.E.; Kliebenstein, D.J. Natural Variation of Plant Metabolism: Genetic Mechanisms, Interpretive Caveats, and Evolutionary
and Mechanistic Insights. Plant Physiol. 2015, 169, 1456-1468. [CrossRef]

Isayenka, I.; Beaudoin, N. The Streptomyces scabiei Pathogenicity Factor Thaxtomin A Induces the Production of Phenolic
Compounds in Potato Tubers. Plants 2022, 11, 3216. [CrossRef] [PubMed]

Yogendra, K.N.; Dhokane, D.; Kushalappa, A.C.; Sarmiento, F; Rodriguez, E.; Mosquera, T. StWRKY8 transcription factor
regulates benzylisoquinoline alkaloid pathway in potato conferring resistance to late blight. Plant Sci. 2017, 256, 208-216.
[CrossRef]

Yogendra, K.N.; Kumar, A.; Sarkar, K.; Li, Y.; Pushpa, D.; Mosa, K.A.; Duggavathi, R.; Kushalappa, A.C. Transcription factor
StWRKY1 regulates phenylpropanoid metabolites conferring late blight resistance in potato. J. Exp. Bot. 2015, 66, 7377-7389.
[CrossRef]

Khakdan, F.; Nasiri, J.; Ranjbar, M.; Alizadeh, H. Water deficit stress fluctuates expression profiles of 4Cl, C3H, COMT, CVOMT
and EOMT genes involved in the biosynthetic pathway of volatile phenylpropanoids alongside accumulation of methylchavicol
and methyleugenol in different Iranian cultivars of basil. ]. Plant Physiol. 2017, 218, 74-83. [CrossRef] [PubMed]

Byeon, Y.; Lee, H.Y.; Lee, K.; Back, K. Caffeic acid O-methyltransferase is involved in the synthesis of melatonin by methylating
N-acetylserotonin in Arabidopsis. . Pineal Res. 2014, 57, 219-227. [CrossRef]

Byeon, Y.; Choi, G.H.; Lee, H.Y.; Back, K. Melatonin biosynthesis requires N-acetylserotonin methyltransferase activity of caffeic
acid O-methyltransferase in rice. J. Exp. Bot. 2015, 66, 6917—-6925. [CrossRef] [PubMed]

Park, S.; Byeon, Y.; Back, K. Functional analyses of three ASMT gene family members in rice plants. J. Pineal Res. 2013, 55, 409—415.
[CrossRef] [PubMed]

Fan, H.; Wang, S.; Wang, H.; Sun, M.; Wu, S.; Bao, W. Melatonin Ameliorates the Toxicity Induced by Deoxynivalenol in Murine
Ovary Granulosa Cells by Antioxidative and Anti-Inflammatory Effects. Antioxidants 2021, 10, 1045. [CrossRef]

Zhang, Y.; Li, Y,; Hassan, M.].; Li, Z.; Peng, Y. Indole-3-acetic acid improves drought tolerance of white clover via activating auxin,
abscisic acid and jasmonic acid related genes and inhibiting senescence genes. BMC Plant Biol. 2020, 20, 150. [CrossRef] [PubMed]
Ashrafi-Dehkordi, E.; Alemzadeh, A.; Tanaka, N.; Razi, H. Meta-analysis of transcriptomic responses to biotic and abiotic stress
in tomato. Peer] 2018, 6, e4631. [CrossRef]

Cui, N.; Chen, X; Shi, Y.; Chi, M.; Hu, J; Lai, K.; Wang, Z.; Wang, H. Changes in the epigenome and transcriptome of rice in
response to Magnaporthe oryzae infection. Crop J. 2021, 9, 843-853. [CrossRef]

Zhao, W.; Wang, X.; Zhang, Q.; Zheng, Q.; Yao, H.; Gu, X,; Liu, D,; Tian, X.; Wang, X.; Li, Y.; et al. H3K36 demethylase JM]710
negatively regulates drought tolerance by suppressing MYB48-1 expression in rice. Plant Physiol. 2022, 189, 1050-1064. [CrossRef]
Bolwell, G.P,; Bozak, K.; Zimmerlin, A. Plant cytochrome P450. Phytochemistry 1994, 37, 1491-1506. [CrossRef]

Giddings, L.A.; Liscombe, D.K.; Hamilton, J.P; Childs, K.L.; DellaPenna, D.; Buell, C.R.; O’Connor, S.E. A stereoselective hydroxylation
step of alkaloid biosynthesis by a unique cytochrome P450 in Catharanthus roseus. J. Biol. Chem. 2011, 286, 16751-16757. [CrossRef]
Camagna, M.; Ojika, M.; Takemoto, D. Detoxification of the solanaceous phytoalexins rishitin, lubimin, oxylubimin and
solavetivone via a cytochrome P450 oxygenase. Plant Signal. Behav. 2020, 15, 1707348. [CrossRef]

Walter, S.; Kahla, A.; Arunachalam, C.; Perochon, A.; Khan, M.R.; Scofield, S.R.; Doohan, EM. A wheat ABC transporter
contributes to both grain formation and mycotoxin tolerance. J. Exp. Bot. 2015, 66, 2583-2593. [CrossRef] [PubMed]

Chen, W.; Gong, L.; Guo, Z.; Wang, W.; Zhang, H.; Liu, X.; Yu, S.; Xiong, L.; Luo, ]. A novel integrated method for large-scale
detection, identification, and quantification of widely targeted metabolites: Application in the study of rice metabolomics. Mol.
Plant 2013, 6, 1769-1780. [CrossRef] [PubMed]

Wang, A.; Li, R,; Ren, L.; Gao, X.; Zhang, Y.; Ma, Z.; Ma, D.; Luo, Y. A comparative metabolomics study of flavonoids in sweet
potato with different flesh colors (Ipomoea batatas (L.) Lam). Food Chem. 2018, 260, 124-134. [CrossRef] [PubMed]

Fraga, C.G.; Clowers, B.H.; Moore, R.J.; Zink, E.M. Signature-discovery approach for sample matching of a nerve-agent precursor
using liquid chromatography-mass spectrometry, XCMS, and chemometrics. Anal. Chem. 2010, 82, 4165-4173. [CrossRef]


https://doi.org/10.1094/MPMI-02-22-0049-R
https://www.ncbi.nlm.nih.gov/pubmed/35343247
https://doi.org/10.1016/j.hpj.2022.04.003
https://doi.org/10.1016/j.hpj.2022.11.003
https://doi.org/10.1017/S0007485308006184
https://doi.org/10.1016/j.xplc.2022.100422
https://doi.org/10.1126/science.1199707
https://doi.org/10.1104/pp.20.00433
https://doi.org/10.1104/pp.15.01108
https://doi.org/10.3390/plants11233216
https://www.ncbi.nlm.nih.gov/pubmed/36501257
https://doi.org/10.1016/j.plantsci.2016.12.014
https://doi.org/10.1093/jxb/erv434
https://doi.org/10.1016/j.jplph.2017.07.012
https://www.ncbi.nlm.nih.gov/pubmed/28787649
https://doi.org/10.1111/jpi.12160
https://doi.org/10.1093/jxb/erv396
https://www.ncbi.nlm.nih.gov/pubmed/26276868
https://doi.org/10.1111/jpi.12088
https://www.ncbi.nlm.nih.gov/pubmed/24033370
https://doi.org/10.3390/antiox10071045
https://doi.org/10.1186/s12870-020-02354-y
https://www.ncbi.nlm.nih.gov/pubmed/32268884
https://doi.org/10.7717/peerj.4631
https://doi.org/10.1016/j.cj.2020.10.002
https://doi.org/10.1093/plphys/kiac095
https://doi.org/10.1016/S0031-9422(00)89567-9
https://doi.org/10.1074/jbc.M111.225383
https://doi.org/10.1080/15592324.2019.1707348
https://doi.org/10.1093/jxb/erv048
https://www.ncbi.nlm.nih.gov/pubmed/25732534
https://doi.org/10.1093/mp/sst080
https://www.ncbi.nlm.nih.gov/pubmed/23702596
https://doi.org/10.1016/j.foodchem.2018.03.125
https://www.ncbi.nlm.nih.gov/pubmed/29699652
https://doi.org/10.1021/ac1003568

Int. . Mol. Sci. 2023, 24, 8054 18 of 18

81.

82.

83.
84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

Luo, Y;; Yang, Y; Yang, X.; Sun, C.; Chen, H. Quality evaluation of Tetrastigma hemsleyanum different parts based on quantitative
analysis of 42 bioactive constituents combined with multivariate statistical analysis. Phytochem. Anal. 2022, 33, 754-765. [CrossRef]
[PubMed]

Chong, J.; Soufan, O.; Li, C,; Caraus, I; Li, S.; Bourque, G.; Wishart, D.S.; Xia, ]. MetaboAnalyst 4.0: Towards more transparent
and integrative metabolomics analysis. Nucleic Acids Res. 2018, 46, W486-W494. [CrossRef] [PubMed]

Kanehisa, M.; Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000, 28, 27-30. [CrossRef] [PubMed]
Bolger, A.M.; Lohse, M.; Usadel, B. Trimmomatic: A flexible trimmer for Illumina sequence data. Bioinformatics 2014, 30, 2114-2120.
[CrossRef]

Kim, D.; Paggi, ].M.; Park, C.; Bennett, C.; Salzberg, S.L. Graph-based genome alignment and genotyping with HISAT2 and
HISAT-genotype. Nat. Biotechnol. 2019, 37, 907-915. [CrossRef] [PubMed]

Liao, Y.; Smyth, G.K,; Shi, W. featureCounts: An efficient general purpose program for assigning sequence reads to genomic
features. Bioinformatics 2014, 30, 923-930. [CrossRef] [PubMed]

Robinson, M.D.; McCarthy, D.J.; Smyth, G.K. edgeR: A Bioconductor package for differential expression analysis of digital gene
expression data. Bioinformatics 2010, 26, 139-140. [CrossRef]

Love, M.I,; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome
Biol. 2014, 15, 550. [CrossRef]

Cantalapiedra, C.P,; Herndndez-Plaza, A.; Letunic, I.; Bork, P; Huerta-Cepas, J. eggNOG-mapper v2: Functional Annotation,
Orthology Assignments, and Domain Prediction at the Metagenomic Scale. Mol. Biol. Evol. 2021, 38, 5825-5829. [CrossRef]
Langfelder, P.; Horvath, S. WGCNA: An R package for weighted correlation network analysis. BMC Bioinform. 2008, 9, 559.
[CrossRef]

Haas, B.E.; Horvath, S.; Pietildiinen, K.H.; Cantor, RM.; Nikkola, E.; Weissglas-Volkov, D.; Rissanen, A.; Civelek, M.;
Cruz-Bautista, I; Riba, L.; et al. Adipose co-expression networks across Finns and Mexicans identify novel triglyceride-associated
genes. BMC Med. Genom. 2012, 5, 61. [CrossRef] [PubMed]

Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape: A
software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498-2504. [CrossRef]
[PubMed]

Yang, Z.; Zhang, R.; Zhou, Z. Identification and Validation of Reference Genes for Gene Expression Analysis in Schima superba.
Genes 2021, 12, 732. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1002/pca.3127
https://www.ncbi.nlm.nih.gov/pubmed/35383426
https://doi.org/10.1093/nar/gky310
https://www.ncbi.nlm.nih.gov/pubmed/29762782
https://doi.org/10.1093/nar/28.1.27
https://www.ncbi.nlm.nih.gov/pubmed/10592173
https://doi.org/10.1093/bioinformatics/btu170
https://doi.org/10.1038/s41587-019-0201-4
https://www.ncbi.nlm.nih.gov/pubmed/31375807
https://doi.org/10.1093/bioinformatics/btt656
https://www.ncbi.nlm.nih.gov/pubmed/24227677
https://doi.org/10.1093/bioinformatics/btp616
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/molbev/msab293
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1186/1755-8794-5-61
https://www.ncbi.nlm.nih.gov/pubmed/23217153
https://doi.org/10.1101/gr.1239303
https://www.ncbi.nlm.nih.gov/pubmed/14597658
https://doi.org/10.3390/genes12050732
https://www.ncbi.nlm.nih.gov/pubmed/34068362

	Introduction 
	Results 
	UPLC-MS/MS-Based Quantitative Metabolomic Analysis of the Atlantic Potato Cultivar Tuber 
	Metabolomic Changes at Different Time Points 
	Transcriptional Analysis of Potato Tubers under DON Stress 
	Weighted Gene Co-Expression Network Analysis (WGCNA) 
	Validation of Single-Gene Expression 

	Discussion 
	Materials and Methods 
	Plant Materials and Treatments 
	Metabolite Profiling Using UPLC-MS/MS 
	Metabolome Data Analysis 
	RNA-Seq Analysis 
	Weighted Gene Co-Expression Network Analysis (WGCNA) 
	Real-Time Quantitative PCR (qRT-PCR) Validation 

	References

