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As ancient organisms, tree ferns play a crucial role as an evolutionary bridge
between lower and higher plant species, providing various utilitarian benefits.
However, they face challenges such as overexploitation, climate change, adverse
environmental conditions, and insect pests, resulting in conservation concerns. In
this study, we provide an overview of metabolic and transcriptomic resources of
leaves in two typical tree ferns, A. spinulosa and A. metteniana, and explore the
resistance genes for the first time. The landscape of metabolome showed that the
compound skimmin may hold medicinal significance. A total of 111 differentially
accumulated metabolites (DAMs) were detected, with pathway enrichment
analysis highlighting 14 significantly enriched pathways, including 2-
oxocarboxylic acid metabolism possibly associated with environmental
adaptations. A total of 14,639 differentially expressed genes (DEGs) were
found, among which 606 were resistance (R) genes. We identified BAM1 as a
significantly differentially expressed R gene, which is one of the core genes within
the R gene interaction network. Both the maximum-likelihood phylogenetic tree
and the PPl network revealed a close relationship between BAM1, FLS2, and TMK.
Moreover, BAM1 showed a significant positive correlation with neochlorogenic
acid and kaempferol-7-O-glucoside. These metabolites, known for their
antioxidant and anti-inflammatory properties, likely play a crucial role in the
defense response of tree ferns. This research provides valuable insights into the
metabolic and transcriptomic differences between A. spinulosa and A.
metteniana, enhancing our understanding of resistance genes in tree ferns.

KEYWORDS

metabolomics, transcriptomics, tree ferns, resistance genes, differential metabolites,
differential expression

Introduction

Tree ferns (Cyatheaceae) have attracted significant attention due to their diverse utility
values, mainly distributed in mainland China, Southeast Asia and southern Japan. These
ancient organisms, predating dinosaurs, have existed on Earth for hundreds of millions of
years, preceding the evolution of flowering or cone-bearing plants (Cleal and Thomas,
2009). During the Carboniferous period 300-360 million years ago, tree ferns were a
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prominent component of the Earth’s flora when conditions for plant
growth were optimal. Being the closest lineage to seed plants, tree
ferns represent an ancient and highly diverse group (Pryer et al.,
2001). Throughout their extensive evolutionary history, tree ferns
have adapted to changes in paleogeographic environments,
developing mechanisms to cope with environmental stresses,
thereby contributing to further adaptive evolution. In addition to
their evolutionary significance, tree ferns exhibit high ornamental
values and serve as a source of natural products with pharmaceutical
applications (Cao et al., 2017). Traditional medicine utilizes tree
ferns to treat various health conditions, including bacterial skin
infections, kidney diseases, hemorrhoids, varicose veins, and
diabetes (Chaparro-Hernandez et al, 2022). Metabolites in
Alsophila spinulosa have been identified for their anti-tumor and
antibacterial properties 2011;
Tejedor, 2018).

A. spinulosa represents a typical species of tree fern. Studies on

(Ying et al, Longtine and

A. spinulosa, including genome de novo assembly (Huang et al.,
2022), complete chloroplast genome sequencing (Gao et al., 2009),
and full-length transcriptomes (Hong et al., 2022), provide essential
groundwork for further investigations. Notably, the main differences
between A. spinulosa and A. metteniana Hance are evident in
various aspects such as plant morphology, leaves, petioles,
branches, and distribution areas. A. spinulosa typically grows to a
stem height of 6 m or higher, with a diameter ranging from 10 to
20 cm, displaying a tree-like structure. Its leaves are thin and deeply
lobed, while the branches are brown and thorny, commonly
inhabiting ravines, mountain forests close to water sources, and
secluded areas. In contrast, A. metteniana plants are generally
shorter, around 2m in height, featuring thicker leaves with a
distinct waxy layer and shallow lobes. The branches of A.
metteniana are darker, and these plants are typically found in
relatively damp dense forests or crevices among rocks. The
endangerment of A. spinulosa and A. metteniana Hance by
plant-eating insects poses a significant threat to their growth.
Insect mouthpart density varies between the two plant species,
influenced by factors like host defense responses and insect
oviposition selection. Land plant genomes harbor a class of genes
collectively known as Resistance (R) genes, comprising tens to
hundreds of genes per genome. R genes are essential for plant
defense against various biotic stresses, insect pests, and pathogens
(Kaloshian, 2004). To our knowledge, the R genes in Alsophila
species have not yet been reported.

High-throughput omics techniques, specifically transcriptomics
and metabolomics, have become increasingly prevalent in scientific
research (Raza, 2020). By predicting and integrating metabolite-
protein interactions, a deeper understanding of central regulatory
mechanisms can be achieved (Yang et al, 2023). Integrating
metabolome and transcriptome data has been explored in
multiple plants, including tomato, ginkgo, and peanut (Bai et al.,
2021; Lu et al,, 2021; Li et al., 2022a). Gene networks play a crucial
role in various organisms and systems, effectively revealing the
fundamental principles of numerous biological processes and
reactions within organisms (Zhao et al,, 2021a). In this study, we
present an analysis of transcriptomics and metabolomics data
obtained from leaf tissues of the tree ferns A. spinulosa and A.
metteniana. Our investigation aims to characterize differentially
expressed genes and metabolites, as well as explore the
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interactions and evolutionary relationships of R genes. This study
provides insights into the plant resistance mechanisms of tree ferns.

Materials and methods
Experimental materials and tissue collection

The fresh leaves of A. spinulosa and A. metteniana were gathered
in the afternoon of 20 December 2020, at Chishui alsophila national
nature Reserve (109°45’~ 106° 03'n, 28°23°~ 28° 27’e), Chishui,
Guizhou Province, P. R. China. The samples were placed in
microcentrifuge tubes, rapidly frozen in liquid nitrogen, and
stored at —80°C until metabolite and RNA isolation. Three
biological replicates were included for each plant.

RNA extraction, library preparation, and
sequencing

Total RNA was extracted using TRIzol reagent kit (Invitrogen,
Carlsbad, CA, USA) according to the manufacturer’s protocol.
Degradation and contamination of RNA were verified using 1%
RNase-free agarose gel electrophoresis, and the purity and integrity
of RNA was assessed on an Agilent 2,100 Bioanalyzer (Agilent
Technologies, Palo Alto, CA, USA). High-quality RNA (RNA
Integrity Number [RIN] scores >7.5) was used for subsequent
experiments. The messenger RNA (mRNA) was enriched using
Oligo(dT) beads, followed by fragmentation into short fragments
using fragmentation buffer and reverse transcribed into cDNA with
random primers. Second-strand ¢cDNA was synthesized by DNA
polymerase I, RNase H, dNTP and buffer. Subsequently, the cDNA
fragments were purified with QiaQuick PCR extraction kit (Qiagen,
Venlo, Netherlands), end repaired, A base added, and ligated to
Mumina sequencing adapters. The ligation products were size
selected (~300 bp) by agarose gel electrophoresis, PCR amplified,
and sequenced using Illumina NovaSeq 6,000 by Gene Denovo
Biotechnology Co. (Guangzhou, China).

Quantification of gene expression level and
differential expression analysis

RNAseq raw reads were trimmed by fastp (v 0.18.0) (Chen et al.,
2018) to remove adapter contamination and reads with high
uncertainty (N > 10%) or low base quality with default
parameters. The gene expression levels were quantified and
differential expression analysis was conducted based on the
reference genome of A. spinulosa (Huang et al., 2022), following
methods described in previous studies (Sun et al., 2020). Briefly,
index of the reference genome was built and paired-end clean reads
were aligned to the reference genome using Hisat2 (v 2.2.1) (Kim
et al,, 2015) with parameters of “--sensitive --no-discordant --no-
mixed -11-X1000”. The reads numbers matrix was generated using
htseq (v 0.12.4) (Anders et al, 2015). We used fragments per
kilobase of exon model per million reads mapped (FPKM)
algorithm (Roberts et al., 2011) to obtain transcriptional profile.
Differentially expressed genes (DEGs) of A. metteniana (H) vs. A.
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spinulosa (S) was identified using the DEseq2 R package (Love et al.,
2014). Genes with FDR values <0.05 and FPKM values showing at
least a 2-fold difference among samples were considered as DEGs.
The hierarchical cluster was performed using R software with
hclust function.

GO and KEGG enrichment analysis of
differentially expressed genes

The Gene Ontology (GO) enrichment analysis and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway analysis
were using clusterProfiler (Wu et al., 2021).

Identification and analysis of differential
metabolites

The QI, Q3, retention time, declustering potential (DP) and
collision energy (CE) were used for metabolite identification. The
SCIEX OSV1.4 software was used to open the downtime mass
spectrum file, and the chromatographic peaks were integrated
and corrected. The chromatographic peaks were screened
according to the minimum peak height of 500, signal-to-noise
ratio of 5, smoothing number of 1 and other information. The
peak area of each chromatographic peak represents the relative
content of the corresponding substance. Finally, the integral data of
all chromatographic peaks are derived to obtain the qualitative and
quantitative results of metabolites (Bai et al, 2021). These
metabolites were annotated using the KEGG database (Kanehisa
and Goto, 2000), HMDB database (Wishart et al., 2013), and
Lipidmaps database (Zhu et al, 2013), separately. PLS-DA
analysis was applied to calculate the corresponding variable
importance in projection (VIP) value. The condition of
differential VIP value of the PLS-DA
model >1 and independent sample t-test’s p-value <0.05.

metabolites was

Heatmap clustering analysis was performed in the R software
with ComplexHeatmap package. KEGG pathway enrichment
analysis of DAMs was examined using KOBAS (v2.0.12) (Xie
et al, 2011). DAMs were considered to be significantly enriched
in metabolic pathways when their p-values were <0.05.

Correlation between genes and metabolites

We adopted a similar method as described in Yang, Sun et al.
(Yang et al., 2023) to integrate metabolomics and transcriptomic
analyses. The expression correlation between genes and metabolites
was evaluated using ‘cor.test’ function under R software (v3.5.1). We
deemed a correlation significant if the absolute value of Pearson
correlation coefficient >0.9 with a corresponding p-value <0.01.

The identification, protein interaction
network, and phylogenetic tree of R genes

As genomic data for A. metteniana is not available, we used the
gene set of A. spinulosa as a reference to study R genes. Using a
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method similar to that described in the eggplant genome study (Li
etal., 2021), we employed the RGAugury pipeline (Li et al., 2016) to
screen the entire gene set for R gene prediction. The default p-value
cutoff for initial R gene filtering was set to le-5 for BLASTP. Protein-
protein interaction (PPI) network was analyzed using the Search
Tool for the Retrieval of Interacting Gene (STRING) database
(Szklarczyk et al, 2018), which included direct and indirect
associations of proteins. The hub gene was determined using
cytoHubba (Chin et al, 2014) with the MCC algorithm. The
amino acid sequences of R genes were computed multiple
sequence alignments using MAFFT (v 7.505) (Nakamura et al,
2018). Subsequently, the maximum-likelihood phylogenetic tree was
obtained by using igtree (v 2.0.6) (Minh et al., 2020) with parameters
of -bb 1,000 -pre igtree -nt AUTO -m MFP -bnni’. The best model
inferred by iqtree was “VT + R9”. The tree was displayed using
Interactive Tree Of Life (Letuni¢ and Bork, 2021).

Validation of gene expression using
quantitative real-time PCR

Quantitative real-time PCR (qQRT-PCR) has been emerged as an
effective method to verify gene expression. We performed qRT-PCR
experiment using a similar approach in the yellowhorn
transcriptome (Zhao et al, 2021b). Total RNAs were reverse-
transcribed using the PrimeScript first-strand cDNA synthesis kit
(Takara, Dalian, China). Specific primers were designed using
Primer-Blast tools (Ye et al., 2012). The qRT-PCR experiment
was carried out using SYBRGreen Fast qPCR Master Mix
(Sangon Biotech, China) on an ABI StepOne Plus Real-Time
System (ABI, USA), following the manufacturer’s instructions.
The quantitative PCR reaction conditions were as follows: 95°C
for 90 s, followed by 95°C for 55, 60°C for 15 s, and 72°C for 20 s
(45 cycles). Three biological replicates were included for each gene.
Actin was used as the internal reference gene to normalize the qRT-
PCR expression data. The 27**°" method (Livak and Schmittgen,
2001) was employed to calculate the relative mRNA abundance in
each sample for every gene. Finally, we estimated the Pearson
correlation coefficient of gene expression between the qRT-PCR

and RNA-seq profiles in R software with “cor” function.

Results

Metabolome profiling of A. spinulosa and A.
metteniana

After collecting fresh leaves from A. spinulosa (S) and A.
metteniana (H) (Figure 1A), the metabolic components were
detected and analyzed. To improve the accuracy of analysis, each
group three identified 373 and
399 metabolites in positive and negative modes, respectively

included replicates. We
(Supplementary Table S1). In A. spinulosa, the top 10 metabolites
with highest metabolite abundance were “2-Caffeoyl-L-tartaric acid
", “Isocitric Acid”, “Kaempferol-3-O-glucoside-7-O-rhamnoside”,
“Kaempferol-3-0O-neohesperidoside”, “Skimmin ", “Luteolin-6-C-
glucoside ", “Demethyl Acid”,
“Methylmalonic acid”, and “Aromadendrin-7-O-glucoside”. In A.

coniferin”,  "y-Linolenic
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FIGURE 1

Metabolome profiling of A. spinulosa (S) and A. metteniana (H). (A) The leaves of A. spinulosa and A. metteniana. (B) The heatmap of metabolites,
each column represents a sample, and each row represents a metabolite. (C) The heatmap of DAMs, each column represents a sample, and each row
represents a DAM. The DAM clustering tree is shown on the left. The color scale shown on the right illustrates the relative expression level across all
samples: red color represents high expression level, blue color represents low expression level. (D) Scatter plot for top 20 KEGG enrichment
pathways of DAMs. The X-axis label represents rich factor. The rich factor is the ratio of DAMs numbers annotated in this pathway term to all metabolite
numbers annotated in this pathway term. The greater the rich factor, the greater the degree of pathway enrichment. A gvalue is the corrected p-value
ranging from O to 1, and a lower value indicates greater pathway enrichment.

metteniana, the top 10 metabolites with highest metabolite
abundance “Skimmin”,  “Isocitric ~ Acid”,  “6-
Methylmercaptopurine”, "y-Linolenic Acid”, "a-Linolenic Acid”,

were

“Spermine”, “Histidinol”, “N-Benzylmethylene isomethylamine”,
“L-Glutamine” and “L-Lysine” (Figure 1B). The quantity of
DAMs was statistically analyzed (Supplementary Table S2).
Clustering heatmaps of DAMs showed significant differences in
111 metabolites. Of these, 82 DAMs were upregulated, and
29 metabolites were downregulated (Figure 1C). To verify the
function of the DAMs, KEGG pathway enrichment was
conducted. A total of 14 pathways were significantly enriched,
including “valine, leucine and isoleucine degradation”, “pyruvate
valine, leucine
and isoleucine biosynthesis”, (TCA cycle)”,
“biosynthesis of amino acids”, “biosynthesis of secondary

» o«

2-Oxocarboxylic acid metabolism”,

»

metabolism”,
“citrate cycle
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metabolites”, “aminoacyl-tRNA  biosynthesis”, “glucosinolate
biosynthesis”, “glyoxylate and dicarboxylate metabolism”, “ABC
transporters”, and so on (Figure 1D). Notably, the pathway with
the most DAM enrichment pathways was the biosynthesis of

secondary metabolites, which had 21 DAMs.

Transcriptomics analysis of A. spinulosa and
A. metteniana

Six ¢cDNA libraries were constructed from fresh leaves of A.
spinulosa (S) and A. metteniana (H), yielding a total of 231.57 Mb of
clean data, with 38.60 Mb obtained for each sample (Q30 > 92.6%).
The mRNA abundance of each gene in each sample was profiled
using FPKM method. A total of 29,060 genes exhibited an FPKM
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FIGURE 2

Transcriptomics analysis of A. spinulosa and A. metteniana. (A) Volcano plots illustrate the magnitude and significance of DEGs. X-and Y-axis present

the log 2 (Fold Change) for the two groups and -log10(padj), respectively. Red (Upregulated) and blue (Downregulated) dots mean that the genes have
significant difference, while the dark blue-gray dots correspond to genes with no significant differences. (B) Scatter plot for top 20 KEGG enrichment
pathways of DEGs. The X-axis label represents rich factor. The rich factor is the ratio of differentially expressed gene numbers annotated in this
pathway term to all gene numbers annotated in this pathway term. The greater the rich factor, the greater the degree of pathway enrichment. The Y-axis
label represents pathway. The size and color of the bubble represent the amount of DEGs enriched in the pathway and the enrichment significance,
respectively. A Q value is the corrected p-value ranging from 0 to 1, and a lower value indicates greater pathway enrichment. (C) GO enrichment circle
plots for the top 20 most significant GO categories. The outer circle shows the relative fold change for each significant RNA feature compared to air
contributing to the GO term with blue dots showing downregulated RNA features and red dots showing upregulated features. The z-score color scale
represents the number of upregulated genes minus the number of downregulated genes for a given GO term divided by the square root of the total
count. The associated tables present the GO term ID and function for the enriched term.

expression value above 1.0 in at least one sample (Supplementary
Figure S1). The hierarchical cluster dendrogram showed the
expression pattern of biological repeats be clustered together
(Supplementary Figure S2). Furthermore, a total of 14,639 DEGs
were identified in the H vs. S comparison, with 7,764 upregulated
genes and 6,875 downregulated genes (Figure 2A). Among the five
most differentially upregulated genes, three genes had defined
functions: YUCCAL

indole-3-pyruvate ~ monooxygenase

Frontiers in Genetics

(YUCCALI), pleiotropic drug resistance protein 1 (PDRI), and
CYP90B27 (CYP90B27).
Correspondingly, all five of the most differentially downregulated
genes had defined functions: 14 kDa zinc-binding protein (ZBP14),
expansin-Al10 (EXPAI0), protein MEN-8 (MEN-8), methyl
jasmonate esterase 1 (MJEI), and mannose-specific lectin (dfa).
The results of DEGs KEGG enrichment analysis indicated that
38 pathways were enriched (Figure 2B; Supplementary Table S3).

cholesterol 22-hydroxylase
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FIGURE 3

Tree scale: 1 +———

The interactions and evolutionary relationships of differentially expressed R genes. (A) The interaction network of top 10 nodes ranked by degree
algorithm. The more forward ranking is represented by a redder color. (B) The maximum-likelihood phylogenetic tree of 551 RGAs. The BAM is highlighted

in red, the FLS2 in yellow, and the TMK in blue.

Furthermore, GO enrichment analysis revealed that the top 20 most
significant GO categories as follows: “regulation of transcription,
DNA-templated”, “protein
metabolic

phosphorylation”,
“defense

“carbohydrate

process”, response”,  “transmembrane
transport”, “membrane”, “transmembrane transporter activity”,
“copper ion binding”, “iron ion binding”, “ADP binding”,
DNA “ATPase activity”,

» o« » o«

“monooxygenase activity”, “protein kinase activity”, “microtubule

“sequence-specific binding”,

binding”, “carbohydrate binding”, “protein serine/threonine kinase
activity”, “DNA binding”, “DNA-binding transcription factor
activity”, “oxidoreductase activity, acting on paired donors, with
incorporation or reduction of molecular” (Figure 2C).

Identification of R genes

A total of 1,290 R genes were identified in the A. spinulosa genome
using a genome-wide scanning pipeline (Li et al, 2016)
(Supplementary Table S4). Among these R genes, 62.2% (803)
belonged to the RLK category, while there were 110 NBS-related R
genes, with 25 being of the TIR type. Further analysis revealed that
839 R genes were expressed in leaf tissue (Supplementary Figure S3).
Of these, 606 R genes overlapped with DEGs, including 426 RLK-
encoding R genes . Ten of the most differentially expressed genes were
as follows: disease resistance protein L6 (L6), receptor-like protein
kinase At1g49730 (At1g49730), disease resistance protein RUNI
(RUNI), leucine-rich repeat receptor-like serine/threonine-protein
kinase BAM1 (BAMI), leucine-rich repeat receptor-like protein
kinase At5g63930 (At5¢63930), salt tolerance receptor-like
cytoplasmic kinase 1 (OsI_16820), G-type lectin S-receptor-like
serine/threonine-protein  kinase SD2-5 (SD25), wall-associated

Frontiers in Genetics

receptor kinase 2 (WAK2), disease resistance protein RPS2 (RPS2)
and L-type lectin-domain containing receptor kinase VIIL1
(LECRKSI). Notably, of the differentially expressed 606 R genes,
551 genes could be further supported by known resistance genes
reference from the latest PRGdb (Osuna-Cruz et al., 2017). These
genes were significantly enriched in “Plant-pathogen interaction” and
“MAPK signaling pathway - plant” pathway. Based on the GO
enrichment analysis, these genes were assigned to 16 GO terms,
such as “protein kinase activity,” “ATP binding,” “protein

» «

phosphorylation,” “defense response,” “protein binding,” and more
(Supplementary Table S5). Using these 551 genes’ protein sequences
as queries, 250 interactions were identified by using the STRING
database (Supplementary Table S6). The first four key genes calculated
by sytoHubba with the MCC algorithm were BAM 1, inactive leucine-
rich repeat receptor-like protein kinase At5g48380 (BIRI), receptor-
like protein kinase BRIl-like 3 (BRL3), and leucine-rich repeat
SOBIRI

(SOBIRI) (Figure 3A). To investigate the phylogenetic relationship

receptor-like  serine/threonine/tyrosine-protein  kinase
between R genes, we constructed an evolutionary tree. The maximum-
likelihood phylogenetic tree showed that the closest relative genes of
BAM1 were LRR receptor-like serine/threonine-protein kinase FLS2
(FLS2) and receptor-like kinase TMK (TMK) (Figure 3B). PPI
network also revealed that BAMI had interaction with FLS2 and
TMK (Supplementary Table S6).

Correlation between DEGs and DAMs
associated with R genes

The expression levels of 14,097 DEGs were significantly
correlated with the abundance of 111 DAMs. Further analysis
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SOBIR1

The interaction network between DEGs and DAMs associated with R genes. (A) Positive regulatory network. (B) Negative regulatory network. A red

line indicates a positive correlation, whereas a blue line indicates a negative correlation between compound content and gene expression. pmp001287:
N-Benzylmethylene, pmb3068: 1-O-p-Coumaroylquinic, pmel816: Neochlorogenic, Hmmn002544: Ferulic, Lmgp003270: Scopoletin-7-
O-glucuronide, pma3724: 1-O-Feruloylquinic, pmb0752: 3-O-Feruloylquinic, Hmpp003270: Luteolin-4'-O-glucoside, mws0089: Kaempferol-7-
O-glucoside, Xmyp005654: Kaempferol-4'-O-glucoside, Hmsn002272: Demethyl, mws1299: Luteolin-8-C-glucoside, Lmtn002796: Aromadendrin-7-
O-glucoside, Zmhn002764: 4-O-(6'-O-Glucosylcaffeoyl)-3,4-dihydroxybenzoic, Lmhp008742: LysoPC, pme0434: Procyanidin, Lmsp004670:
Kaempferol-3-O-glucoside-7-O-rhamnoside, Lmjp002867: Kaempferol-3-O-neohesperidoside, pmb0711: Quercetin-7-O-rutinoside, HIN043:

Cinnamtannin.

showed that 585 significantly differentially expressed R genes were

significantly positively ~correlated with 111 DAMs, while
574  significantly differentially expressed R genes were
significantly  negatively  correlated  with 111 ~ DAMs

(Supplementary Tables S7, S8). Subsequently, we constructed
interaction networks between R genes and DAMs exhibiting
significantly positive correlations, as well as for R genes and
DAMs showing significantly negative correlations, respectively.
According to the results of cytoHubba, in the significantly
positively correlated network, the top 10 core genes are probably
inactive leucine-rich repeat receptor-like protein kinase At5g48380
(BIR1I), receptor-like protein kinase BRII1-like 3 (BRL3), BAMI,
phytosulfokine receptor 1 (PSKRI), leucine-rich repeat protein
kinase family protein (ATIG27190), leucine-rich receptor-like
protein kinase family protein (At5¢46330), SOBIRI, lysm-
containing receptor-like kinase 1 (LYKI, also named as CERKI),
leucine-rich repeat transmembrane protein kinase family protein
(AT1G68400), and Leucine-rich repeat protein kinase family protein
(AT1G67510). The first 10 core metabolites are N-Benzylmethylene
isomethylamine, 1-O-p-Coumaroylquinic acid, Neochlorogenic
acid), Ferulic

1-O-Feruloylquinic

acid  (5-O-Caffeoylquinic

Scopoletin-7-O-glucuronide,

acid-4-O-glucoside,
acid, 3-O-
Feruloylquinic  acid, Luteolin-4’ -O-glucoside, Kaempferol-7-
O-glucoside, and Kaempferol-4'-O-glucoside. In the significantly
negatively correlated network, the top 10 core genes are BIRI, BRL3,
BAMI, At5¢46330, AT1G27190, SOBIR1, Leucine-rich receptor-like
protein kinase family protein (PSYIR), STRUBBELIG-receptor
family 8 (SRF8), LRR receptor-like serine/threonine-protein
kinase HSL2 (HSL2), and PSKRI. The first 10 core metabolites
coniferin, (Orientin),

are  Demethyl Luteolin-8-C-glucoside
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Aromadendrin-7-O-glucoside,  4-O-(6-O-Glucosylcaffeoyl)-3,4-
LysoPC  20:5,
Kaempferol-3-0O-glucoside-7-O-rhamnoside,

dihydroxybenzoic  acid, Procyanidin B2,
Kaempferol-3-
O-neohesperidoside, Quercetin-7-O-rutinoside, and

Cinnamtannin B1 (Figures 4A, B).

Verification of RNA-Seq gene expression

We utilized qRT-PCR to validate the gene expression profiles
identified through Illumina sequencing analysis. Ten DEGs were
randomly selected for validation, including wall-associated
receptor kinase-like 1, leucine-rich repeat receptor-like serine/
BAM2, FLS2, and
(Supplementary Tables S9, S10). The gene expression of all
10 DEGs in the qRT-PCR experiment was consistent with the
expression patterns in RNA-Seq results, with a Pearson

threonine-protein  kinase others

correlation coefficient of the fold change between the qRT-
PCR experiment and RNA-Seq being 0.78 (Supplementary
Figure S4). These results confirmed the reliability of Illumina
sequencing in this experiment.

Discussion

Tree ferns serve as a crucial evolutionary link between lower and
higher plant species (Cao et al, 2017). They are widely utilized
globally for ornamental, medicinal, and occasionally culinary
purposes, but face challenges such as overexploitation, climate
change, harsh living conditions, and insect pests (Dadang et al.,
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2020). These threats have led to 94 Alsophila species being listed on
the TUCN Red List, emphasizing the urgent need for conservation
efforts. R genes, key players in plant defense mechanisms, typically
encode proteins with conserved domains like nucleotide-binding
site, leucine-rich repeat, and Toll/interleukin-1 receptor (van Ooijen
etal., 2007). These genes provide resistance against a diverse array of
organisms including bacteria, viruses, fungi, oomycetes, nematodes,
and insects (Kaloshian, 2004). R gens have been investigated in
multiple important plants, such sorghum (Zhang et al., 2022a),
soybean (Wang et al, 2021b), and rice (Wang et al, 2019). In
sorghum, a total of 308 R genes have been identified, among which
three R genes, including G325100 (NBS-LRR), G131600 (RLK), and
G181300 (RLK), were confirmed to be upregulated in response to
aphids using quantitative real-time PCR (Zhang et al., 2022b).
Furthermore, in a study of a highly resistant selection eggplant
genome, 1023 R genes were identified, with 15 R genes overlapping
with positively selected genes, likely playing a key role in eggplant
self-defense (Li et al., 2021). Enhanced comprehension of R genes
can facilitate the development of more effective strategies to
safeguard the survival of tree ferns in the face of environmental
challenges. Pest-resistant rice could be developed through the
crossbreeding of plants expressing the Xa2l gene with those
expressing both a Bt gene (Pandolfi et al., 2017). We are looking
forward to developing insect-resistant Alsophila to safeguard this
rare plant.

In this study, we
transcriptomic analysis of leaf tissues from two representative

present the metabolomics and
tree fern species, A. spinulosa and A. metteniana, focusing on the
exploration of R genes. Our metabolomics analysis revealed a
high abundance of the metabolite skimmin in both A. spinulosa
and A. metteniana. Skimmin is known to exhibit numerous
bioactive and pharmacological properties, which may be
closely linked to the medicinal significance of Alsophila
species (Zhang et al., 2020; Sun et al., 2023). The DAMs were
significantly enriched in various pathways, including 2-
oxocarboxylic acid metabolism. Interestingly, 2-oxocarboxylic
acid metabolism has been highlighted as a top-5 KEGG
enriched pathway in drought-stressed sugarcane experiment
(Yang et al., 2022) and has been reported to be associated
with cell death and immunity in rice (Zhang et al., 2022a).
The potential connection of 2-oxocarboxylic acid metabolism
to the distinct ecological niches of A. spinulosa and A. metteniana
is worth exploring further. Accordingly, a total of 14,639 DEGs
were obtained. The GO enrichment analysis of DEGs revealed
that defense response was one of the top 20 most significant GO
categories. In the A. spinulosa genome, a total of 1,290 R genes
were identified, with 606 of them being DEGs. Both the KEGG
and GO enrichment analyses indicated that these genes are
significantly associated with disease resistance, including
pathways like plant-pathogen interaction and GO terms
related to defense response. Gene networks play a crucial role
in understanding biological processes and reactions in
organisms. The interactions network analysis revealed that
BAM]I was one of the first four key genes. BAMI has been
reported to be involved in regulation of leaf shape, size and
symmetry in Arabidopsis (DeYoung et al., 2006). On the other
hand, BAMI was also involved in virus-host interactions in
Tobacco (Tran 2021). gene

and Citovsky, A precise
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phylogenetic tree is essential for inferring the origin of genes,
detecting molecular adaptation, and understanding the evolution
of morphological characters (Kapli et al., 2020). The maximum-
likelihood phylogenetic tree indicates a close relationship
between BAMI, FLS2, and TMK, as supported by PPI network
analysis results. FLS2 has been known to enhance disease
TMK plays a
orchestrating plant growth in Arabidopsis (Dai et al., 2013;

resistance in crop plants while role in
Wei et al,, 2020). The study of interactions between cellular
macromolecules is fundamental to the understanding of
biological systems (Raman, 2010). In the gene-metabolite
BAM1
underscoring its significance in the Alsophila species biological

interaction networks emerges as the core gene,
system. The correlation analysis indicates that BAM1 is positively

correlated with DAM:s of neochlorogenic acid and kaempferol-7-

O-glucoside.  Neochlorogenic acid exhibits antioxidant,
antifungal, anti-inflammatory, and anticarcinogenic effects
(Navarro-Orcajada et al, 2021), while Kaempferol-7-

O-glucoside has been reported to possess antioxidant and
anti-inflammatory properties (Wang et al, 2018). Taken
together, BAMI may indeed have a significant impact on the
biology of Alsophila species.

This is the first study to characterize R genes in Alsophila species.
The construction of a pan-genome can serve as a powerful tool for
exploring genomic evolution, the emergence and domestication of
species, and providing valuable insights for enhancing plant traits
(Li et al, 2022b). A pan-genome study on sorghum revealed high
levels of diversity among five sorghum accessions in R genes (Wang
et al,, 2021a). Additionally, the pan-NLRome reported in Arabidopsis
indicated that a high diversity of NLR-integrated domains favor known
virulence targets (Van de Weyer et al, 2019). This suggests that
attention should be given not only to conserved regions but also to
genetic variations among different breeds. Therefore, exploring the pan-
genome in Alsophila species may offer a promising future direction for
studying the functions of R genes. The comprehensive analysis of global
metabolic and transcriptomic changes in the leaves of A. spinulosa and
A. metteniana broaden our understanding of resistance genes in
tree ferns.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Author contributions

WY: Methodology, Writing-original draft, Conceptualization,
Project administration. QH: Writing-original draft, Funding
draft,
Conceptualization. JX: Writing-original draft, Formal Analysis.

acquisition, Resources. LZ: Writing-original

JY: Formal Analysis, Writing-original draft. BC: Formal Analysis,

Writing-original ~draft, Visualization. BZ: Formal Analysis,
Writing-original draft. HC: Writing-original draft, Software. JL:
Writing-original ~ draft, Writing-review and editing. YJ:

Writing-original draft, Methodology, Supervision.

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2024.1398534

Yang et al.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This work
was supported by the Qianlin Kehe (2022), No. 27 grants from the
Forestry research Project of Guizhou Province.

Conflict of interest

Author JL was employed by Biozeron Shenzhen, Inc.

The remaining authors declare that the research was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

References

Anders, S., Pyl, P. T., and Huber, W. (2015). HTSeq-a Python framework to work with
high-throughput sequencing data. Bioinforma. Oxf. Engl. 31 (2), 166-169. doi:10.1093/
bioinformatics/btu638

Bai, C., Wu, C,, Ma, L., Fu, A,, Zheng, Y., Han, J,, et al. (2021). Transcriptomics and
metabolomics analyses provide insights into postharvest ripening and senescence of
tomato fruit under low temperature. Hortic. Plant J. 9, 109-121. doi:10.1016/j.hpj.2021.
09.001

Cao, H., Chai, T.-T., Wang, X., Morais-Braga, M. F. B,, Yang, ].-H., Wong, F.-C,, et al.
(2017). Phytochemicals from fern species: potential for medicine applications.
Phytochem. Rev. 16, 379-440. doi:10.1007/s11101-016-9488-7

Chaparro-Hernéandez, ., Rodriguez-Ramirez, J., Barriada-Bernal, L. G., and Méndez-
Lagunas, L. (2022). Tree ferns (Cyatheaceae) as a source of phenolic compounds - a
review. J. Herb. Med. 35, 100587. doi:10.1016/j.hermed.2022.100587

Chen, S., Zhou, Y., Chen, Y., and Jia, G. (2018). fastp: an ultra-fast all-in-one FASTQ
preprocessor. Bioinformatics 34 (17), i884-i890. doi:10.1093/bioinformatics/bty560

Chin, C.-H., Chen, S.-H., Wu, H.-H., Ho, C.-W., Ko, M.-T., and Lin, C.-Y. (2014).
cytoHubba: identifying hub objects and sub-networks from complex interactome. BMC
Syst. Biol. 8, S11. doi:10.1186/1752-0509-8-S4-S11

Cleal, C. J., and Thomas, B. A. (2009) Introduction to plant fossils.

Dadang, R. J., Casinillo, N. G. B., Coritico, F. P., Simborio, L. T., and Amoroso, V. B.
(2020). Living with endangered species: collection of tree ferns in the forest-reserve of
Marilog district. South. Philipp. doi:10.1016/j.tfp.2020.100041

Dai, N, Wang, W, Patterson, S. E., and Bleecker, A. B. (2013). The TMK subfamily of
receptor-like kinases in Arabidopsis display an essential role in growth and a reduced
sensitivity to auxin. PLoS ONE 8, €60990. doi:10.1371/journal.pone.0060990

DeYoung, B. J., Bickle, K. L., Schrage, K. J., Muskett, P. R,, Patel, K. P., and Clark, S. E.
(2006). The CLAVATAIl-related BAMI, BAM2 and BAM3 receptor kinase-like
proteins are required for meristem function in Arabidopsis. Plant J. Cell Mol. Biol.
45 (1), 1-16. doi:10.1111/§.1365-313X.2005.02592.x

Gao, L., Yi, X, Yang, Y.-X,, Su, Y.-J., and Wang, T. (2009). Complete chloroplast
genome sequence of a tree fern Alsophila spinulosa: insights into evolutionary
changes in fern chloroplast genomes. BMC Evol. Biol. 9 (1), 130. doi:10.1186/1471-
2148-9-130

Hong, Y., Wang, Z., Li, M., Su, Y., and Wang, T. (2022). First multi-organ full-length
transcriptome of tree fern alsophila spinulosa highlights the stress-resistant and light-
adapted genes. Front. Genet. 12, 784546. doi:10.3389/fgene.2021.784546

Huang, X., Wang, W., Gong, T., Wickell, D. A., Kuo, L. Y., Zhang, X,, et al. (2022). The
flying spider-monkey tree fern genome provides insights into fern evolution and
arborescence. Nat. Plants 8, 500-512. doi:10.1038/541477-022-01146-6

Kaloshian, I. (2004). GENE-FOR-GENE DISEASE RESISTANCE: BRIDGING
INSECT PEST AND PATHOGEN DEFENSE. J. Chem. Ecol. 30, 2419-2438. doi:10.
1007/5s10886-004-7943-1

Kanehisa, M., and Goto, S. (2000). KEGG: Kyoto Encyclopedia of genes and genomes.
Nucleic Acids Res. 28 (1), 27-30. doi:10.1093/nar/28.1.27

Kapli, P., Yang, Z., and Telford, M. J. (2020). Phylogenetic tree building in the
genomic age. Nat. Rev. Genet. 21, 428-444. doi:10.1038/s41576-020-0233-0

Kim, D., Langmead, B., and Salzberg, S. L. (2015). HISAT: a fast spliced aligner with
low memory requirements. Nat. methods 12 (4), 357-360. doi:10.1038/nmeth.3317

Letuni¢, L., and Bork, P. (2021). Interactive Tree of Life (iTOL) v5: an online tool for
phylogenetic tree display and annotation. Nucleic Acids Res. 49, W293-W296. doi:10.
1093/nar/gkab301

Frontiers in Genetics

10.3389/fgene.2024.1398534

Publisher’'s note

All claims expressed in this article are solely those of the authors and
do not necessarily represent those of their affiliated organizations, or
those of the publisher, the editors and the reviewers. Any product that
may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fgene.2024.1398534/
full#supplementary-material

Li, D., Qian, J., Li, W,, Yu, N,, Gan, G., Jiang, Y., et al. (2021). A high-quality genome
assembly of the eggplant provides insights into the molecular basis of disease resistance
and chlorogenic acid synthesis. Mol. Ecol. Resour. 21 (4), 1274-1286. d0i:10.1111/1755-
0998.13321

Li, J, Ma, Y., Hu, M., Zhao, Y.-L,, Liu, B., Wang, C,, et al. (2022a). Corrigendum:
multi-omics and miRNA interaction joint analysis highlight new insights into
anthocyanin biosynthesis in peanuts (Arachis hypogaea L.). Front. Plant Sci. 13,
929085. doi:10.3389/fpls.2022.929085

Li, P., Quan, X, Jia, G, Xiao, J., Cloutier, S., and You, F. M. (2016). RGAugury: a
pipeline for genome-wide prediction of resistance gene analogs (RGAs) in plants. BMC
Genomics 17, 852. doi:10.1186/5s12864-016-3197-x

Li, W,, Liu, J., Zhang, H.,, Liu, Z., Wang, Y., Xing, L., et al. (2022b). Plant pan-
genomics: recent advances, new challenges, and roads ahead. J. Genet. genomics = Yi
chuan xue bao 49, 833-846. doi:10.1016/j.jgg.2022.06.004

Livak, K. J., and Schmittgen, T. D. (2001). Analysis of relative gene expression data
using real-time quantitative PCR and the 2(-Delta Delta C(T)) Method. Methods 25 (4),
402-408. doi:10.1006/meth.2001.1262

Longtine, C., and Tejedor, A. (2018) Antimicrobial activity of ethanolic and aqueous
extracts of medicinally used tree ferns Alsophila cuspidata and Cyathea microdonta.

Love, M. L, Huber, W., and Anders, S. (2014). Moderated estimation of fold change
and dispersion for RNA-seq data with DESeq2. Genome Biol. 15 (12), 550. doi:10.1186/
513059-014-0550-8

Ly, J., Xu, Y., Meng, Z. S., Cao, M,, Liu, S.-L., Kato-Noguchi, H., et al. (2021).
Integration of morphological, physiological and multi-omics analysis reveals the
optimal planting density improving leaf yield and active compound accumulation in
Ginkgo biloba. Industrial Crops Prod. 172, 114055. doi:10.1016/j.indcrop.2021.114055

Minh, B. Q., Schmidt, H. A., Chernomor, O., Schrempf, D., Woodhams, M. D., von
Haeseler, A., et al. (2020). IQ-TREE 2: new models and efficient methods for
phylogenetic inference in the genomic era. Mol. Biol. Evol. 37 (5), 1530-1534.
doi:10.1093/molbev/msaa015

Nakamura, T., Yamada, K. D., Tomii, K., and Katoh, K. (2018). Parallelization of
MAFFT for large-scale multiple sequence alignments. Bioinformatics 34, 2490-2492.
doi:10.1093/bioinformatics/bty121

Navarro-Orcajada, S., Matencio, A., Vicente-Herrero, C., Garcia-Carmona, F., and
Lopez-Nicolds, J. M. (2021). Study of the fluorescence and interaction between
cyclodextrins and neochlorogenic acid, in comparison with chlorogenic acid. Sci.
Rep. 11, 3275. d0i:10.1038/s41598-021-82915-9

Osuna-Cruz, C. M., Gallart, A. P., Donato, A. D., Sundesha, V., Andolfo, G., Cigliano,
R. A, etal. (2017). PRGdb 3.0: a comprehensive platform for prediction and analysis of
plant disease resistance genes. Nucleic Acids Res. 46, D1197-D1201. doi:10.1093/nar/
gkx1119

Pandolfi, V., Neto, J. R. C. F,, da Silva, M. D., Amorim, L. L. B., Wanderley-Nogueira,
A. C, de Oliveira Silva, R. L., et al. (2017). Resistance (R) genes: applications and
prospects for plant Biotechnology and breeding. Curr. protein & peptide Sci. 18 4,
323-334, doi:10.2174/1389203717666160724195248

Pryer, K. M., Schneider, H., Smith, A. R,, Cranfill, R, Wolf, P. G., Hunt, J. S,, et al.
(2001). Horsetails and ferns are a monophyletic group and the closest living relatives to
seed plants. Nature 409, 618-622. doi:10.1038/35054555

Raman, K. (2010). Construction and analysis of protein—protein interaction networks.
Autom. Exp. 2, 2. doi:10.1186/1759-4499-2-2

Raza, A. (2020). Metabolomics: a systems biology approach for enhancing heat stress
tolerance in plants. Plant Cell Rep. 41, 741-763. doi:10.1007/500299-020-02635-8

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2024.1398534/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2024.1398534/full#supplementary-material
https://doi.org/10.1093/bioinformatics/btu638
https://doi.org/10.1093/bioinformatics/btu638
https://doi.org/10.1016/j.hpj.2021.09.001
https://doi.org/10.1016/j.hpj.2021.09.001
https://doi.org/10.1007/s11101-016-9488-7
https://doi.org/10.1016/j.hermed.2022.100587
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1016/j.tfp.2020.100041
https://doi.org/10.1371/journal.pone.0060990
https://doi.org/10.1111/j.1365-313X.2005.02592.x
https://doi.org/10.1186/1471-2148-9-130
https://doi.org/10.1186/1471-2148-9-130
https://doi.org/10.3389/fgene.2021.784546
https://doi.org/10.1038/s41477-022-01146-6
https://doi.org/10.1007/s10886-004-7943-1
https://doi.org/10.1007/s10886-004-7943-1
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1038/s41576-020-0233-0
https://doi.org/10.1038/nmeth.3317
https://doi.org/10.1093/nar/gkab301
https://doi.org/10.1093/nar/gkab301
https://doi.org/10.1111/1755-0998.13321
https://doi.org/10.1111/1755-0998.13321
https://doi.org/10.3389/fpls.2022.929085
https://doi.org/10.1186/s12864-016-3197-x
https://doi.org/10.1016/j.jgg.2022.06.004
https://doi.org/10.1006/meth.2001.1262
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1016/j.indcrop.2021.114055
https://doi.org/10.1093/molbev/msaa015
https://doi.org/10.1093/bioinformatics/bty121
https://doi.org/10.1038/s41598-021-82915-9
https://doi.org/10.1093/nar/gkx1119
https://doi.org/10.1093/nar/gkx1119
https://doi.org/10.2174/1389203717666160724195248
https://doi.org/10.1038/35054555
https://doi.org/10.1186/1759-4499-2-2
https://doi.org/10.1007/s00299-020-02635-8
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2024.1398534

Yang et al.

Roberts, A., Trapnell, C., Donaghey, J., Rinn, J. L., and Pachter, L. (2011). Improving
RNA-Seq expression estimates by correcting for fragment bias. Genome Biol. 12 (3),
R22. doi:10.1186/gb-2011-12-3-r22

Sun, C.-f, Li, J., Dong, J., Niu, Y., Hu, J,, Lian, J., et al. (2020). Chromosome-level
genome assembly for the largemouth bass Micropterus salmoides provides insights into
adaptation to fresh and brackish water. Mol. Ecol. Resour. 21, 301-315. doi:10.1111/
1755-0998.13256

Sun, Y., Jiang, Y., Zhang, R., and Wang, J. (2023). A sensitive LC-MS/MS method for
the simultaneous determination of skimmin, a potential agent for treating postpartum
stroke, and its metabolite umbelliferone in rat plasma. . AOAC Int. 106, 1010-1016.
doi:10.1093/jaocacint/qsad012

Szklarczyk, D., Gable, A. L., Lyon, D., Junge, A., Wyder, S., Huerta-Cepas, J., et al.
(2018). STRING v11: protein—protein association networks with increased coverage,
supporting functional discovery in genome-wide experimental datasets. Nucleic Acids
Res. 47, D607-D613. doi:10.1093/nar/gky1131

Tran, P.-T., and Citovsky, V. (2021). Receptor-like kinase BAM1 facilitates early
movement of the Tobacco mosaic virus. Commun. Biol. 4,511. doi:10.1038/s42003-021-
02041-0

Van de Weyer, A.-L., Monteiro, F., Furzer, O. ], Nishimura, M. T., Cevik, V., Witek,
K., et al. (2019). A species-wide inventory of NLR genes and alleles in Arabidopsis
thaliana. Cell 178, 1260-1272. doi:10.1016/j.cell.2019.07.038

van Ooijen, G., van den Burg, H. A,, Cornelissen, B. J. C., and Takken, F. L. W.
(2007). Structure and function of resistance proteins in solanaceous plants.
Annu. Rev. phytopathology 45, 43-72. doi:10.1146/annurev.phyto.45.062806.
094430

Wang, B., Jiao, Y., Chougule, K., Olson, A. J., Huang, J., Victor, L., et al. (2021a). Pan-
genome analysis in sorghum highlights the extent of genomic variation and sugarcane
aphid resistance genes. bioRxiv. doi:10.1101/2021.01.03.424980

Wang, J.,, Fang, X, Ge, L., Cao, F., Zhao, L., Wang, Z, et al. (2018). Antitumor,
antioxidant and anti-inflammatory activities of kaempferol and its corresponding
glycosides and the enzymatic preparation of kaempferol. PLoS ONE 13, e0197563.
doi:10.1371/journal.pone.0197563

Wang, L., Zhao, L., Zhang, X., Zhang, Q,, Jia, Y., Wang, G., et al. (2019). Large-scale
identification and functional analysis of NLR genes in blast resistance in the Tetep rice
genome sequence. Proc. Natl. Acad. Sci. 116, 18479-18487. doi:10.1073/pnas.
1910229116

Wang, W, Chen, L., Fengler, K. A, Bolar, ], Llaca, V., Wang, X., et al. (2021b). A giant
NLR gene confers broad-spectrum resistance to Phytophthora sojae in soybean. Nat.
Commun. 12, 6263. doi:10.1038/s41467-021-26554-8

Wei, Y., Balaceanu, A, Rufian, J. S., Segonzac, C., Zhao, A., Morcillo, R. J. L., et al.
(2020). An immune receptor complex evolved in soybean to perceive a polymorphic
bacterial flagellin. Nat. Commun. 11, 3763. doi:10.1038/s41467-020-17573-y

Frontiers in Genetics

10

10.3389/fgene.2024.1398534

Wishart, D. S., Jewison, T., Guo, A. C., Wilson, M., Knox, C., Liu, Y., et al. (2013).
HMDB 3.0-the human metabolome database in 2013. Nucleic Acids Res. 41 (Database
issue), D801-D807. doi:10.1093/nar/gks1065

Wu, T., Hu, E., Xu, S., Chen, M., Guo, P., Dai, Z., et al. (2021). clusterProfiler 4.0: a
universal enrichment tool for interpreting omics data. Innovation 2, 100141. doi:10.
1016/j.xinn.2021.100141

Xie, C., Mao, X, Huang, J., Ding, Y., Wu, J., Dong, S., et al. (2011). KOBAS 2.0: a web
server for annotation and identification of enriched pathways and diseases. Nucleic
Acids Res. 39 (Web Server issue), W316-W322. doi:10.1093/nar/gkr483

Yang, S., Chu, N. M., Zhou, H.-k, Li, J., Feng, N., Su, J., et al. (2022). Integrated
analysis of transcriptome and metabolome reveals the regulation of
chitooligosaccharide on drought tolerance in sugarcane (saccharum spp. hybrid)
under drought stress. Int. J. Mol. Sci. 23, 9737. doi:10.3390/ijms23179737

Yang, S., Sun, Z., Zhang, G., Wang, L., and Zhong, Q. (2023). Identification of the key
metabolites and related genes network modules highly associated with the nutrients and
taste components among different Pepino (Solanum muricatum) cultivars. Food Res.
Int. 163, 112287. doi:10.1016/j.foodres.2022.112287

Ye, J., Coulouris, G., Zaretskaya, 1., Cutcutache, L, Rozen, S. G., and Madden, T. L.
(2012). Primer-BLAST: a tool to design target-specific primers for polymerase chain
reaction. BMC Biainfarma. 13, 134. doi:10.1186/1471-2105-13-134

Ying, C., Fengzheng, C., and Xingjin, H. (2011). Isolation of three chemical
constituents from Alsophila spinulosa stalks for the first time. Med. Plant 2, 5-7.

Zhang, F., Fang, H,, Wang, M, He, F,, Tao, H., Wang, R,, et al. (2022a). APIP5 functions as
a transcription factor and an RNA-binding protein to modulate cell death and immunity in
rice. Nucleic Acids Res. 50, 5064-5079. doi:10.1093/nar/gkac316

Zhang, G., Cai, X,, He, L., Qin, D,, Li, H,, and Fan, X. (2020). Skimmin improves

insulin resistance via regulating the metabolism of glucose: in vitro and in vivo models.
Front. Pharmacol. 11, 540. doi:10.3389/fphar.2020.00540

Zhang, H., Huang, J., and Huang, Y.-S. (2022b). Identification and characterization of
plant resistance genes (R genes) in sorghum and their involvement in plant defense
against aphids. Plant Growth Regul. 96, 443-461. d0i:10.1007/s10725-022-00797-x

Zhao, M., He, W., Tang, J., Zou, Q., and Guo, F. (2021a). A comprehensive overview
and critical evaluation of gene regulatory network inference technologies. Briefings
Bioinforma. 22, bbab009. doi:10.1093/bib/bbab009

Zhao, Y., Liu, X,, Wang, M., Bi, Q,, Cui, Y., and Wang, L. (2021b). Transcriptome and
physiological analyses provide insights into the leaf epicuticular wax accumulation
mechanism in yellowhorn. Hortic. Res. 8, 134. doi:10.1038/s41438-021-00564-5

Zhu, Z.-]., Schultz, A. W., Wang, J., Johnson, C. H., Yannone, S. M., Patti, G. ], et al.
(2013). Liquid chromatography quadrupole time-of-flight mass spectrometry
characterization of metabolites guided by the METLIN database. Nat. Protoc. 8 (3),
451-460. doi:10.1038/nprot.2013.004

frontiersin.org


https://doi.org/10.1186/gb-2011-12-3-r22
https://doi.org/10.1111/1755-0998.13256
https://doi.org/10.1111/1755-0998.13256
https://doi.org/10.1093/jaoacint/qsad012
https://doi.org/10.1093/nar/gky1131
https://doi.org/10.1038/s42003-021-02041-0
https://doi.org/10.1038/s42003-021-02041-0
https://doi.org/10.1016/j.cell.2019.07.038
https://doi.org/10.1146/annurev.phyto.45.062806.094430
https://doi.org/10.1146/annurev.phyto.45.062806.094430
https://doi.org/10.1101/2021.01.03.424980
https://doi.org/10.1371/journal.pone.0197563
https://doi.org/10.1073/pnas.1910229116
https://doi.org/10.1073/pnas.1910229116
https://doi.org/10.1038/s41467-021-26554-8
https://doi.org/10.1038/s41467-020-17573-y
https://doi.org/10.1093/nar/gks1065
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1093/nar/gkr483
https://doi.org/10.3390/ijms23179737
https://doi.org/10.1016/j.foodres.2022.112287
https://doi.org/10.1186/1471-2105-13-134
https://doi.org/10.1093/nar/gkac316
https://doi.org/10.3389/fphar.2020.00540
https://doi.org/10.1007/s10725-022-00797-x
https://doi.org/10.1093/bib/bbab009
https://doi.org/10.1038/s41438-021-00564-5
https://doi.org/10.1038/nprot.2013.004
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2024.1398534

	Transcriptomics and metabolomics analyses provide insights into resistance genes of tree ferns
	Introduction
	Materials and methods
	Experimental materials and tissue collection
	RNA extraction, library preparation, and sequencing
	Quantification of gene expression level and differential expression analysis
	GO and KEGG enrichment analysis of differentially expressed genes
	Identification and analysis of differential metabolites
	Correlation between genes and metabolites
	The identification, protein interaction network, and phylogenetic tree of R genes
	Validation of gene expression using quantitative real-time PCR

	Results
	Metabolome profiling of A. spinulosa and A. metteniana
	Transcriptomics analysis of A. spinulosa and A. metteniana
	Identification of R genes
	Correlation between DEGs and DAMs associated with R genes
	Verification of RNA-Seq gene expression

	Discussion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


