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Transcriptomic analysis
Total RNA extraction and quality control
Total RNA was extracted from oat leaf samples using TRIzol® Reagent (Invitrogen, Carlsbad, USA) according to the manufacturer’s instructions. RNA concentration and purity were determined using a NanoDrop™ 2000 spectrophotometer (Thermo Fisher Scientific, Wilmington, USA). RNA integrity was assessed using agarose gel electrophoresis and an Agilent 5300 Fragment Analyzer (Agilent Technologies, USA). Samples with an RNA Quality Number (RQN) ≥ 6.5 and a 28S:18S rRNA ratio ≥ 1.0 were considered suitable for library construction. Only RNA samples meeting the quality criteria of concentration ≥30 ng μL⁻¹, OD260/280 between 1.8 and 2.2, and total RNA amount ≥1 μg were used for subsequent transcriptomic analysis.
Library construction and illumina sequencing
RNA-seq library construction was performed by Majorbio Bio-pharm Technology Co., Ltd. (Shanghai, China). Briefly, 1 μg of total RNA was used for mRNA enrichment using Oligo(dT) magnetic beads, followed by fragmentation into approximately 300 bp fragments using Fragmentation Buffer (Ambion). Double-stranded cDNA was synthesized using the SuperScript™ double-stranded cDNA synthesis kit (Invitrogen, CA, USA) with random hexamer primers (Illumina) according to previously described procedures [1]. The synthesized cDNA was subjected to end repair, phosphorylation, 3′ A-tailing, and ligation with Illumina TruSeq™ RNA Single-Index adapters (Illumina, San Diego, CA, USA). Target fragments were purified using AMPure XP beads (Beckman Coulter, Brea, CA, USA) and amplified by PCR using Phusion DNA polymerase (New England Biolabs, USA) for 10–12 cycles. Library quality and concentration were assessed using a TBS380 fluorometer. Qualified paired-end libraries (2 × 150 bp) were sequenced on an Illumina HiSeq X Ten/NovaSeq 6000 platform.
Data quality control and read mapping
Raw sequencing data quality was assessed using FastQC (v0.11.9). Adapter sequences and low-quality reads were removed using fastp (v0.19.5) to generate clean reads for downstream analysis. Clean reads were evaluated based on sequencing quality parameters, including Q20, Q30, and GC content. Each sample generated approximately 6.05 Gb of clean data. Clean reads were mapped to the oat reference genome Avena sativa OT3098 v1 using HISAT2 (v2.1.0) [2], and mapping quality was assessed for each sample.
Functional annotation
Functional annotation of RNA-seq genes was performed against six public databases, including the NCBI non-redundant protein (NR; version 2022.10), Swiss-Prot (version 2022.10), Pfam (version 35.0), EggNOG (version 2020.06), Gene Ontology (GO; version 2022.0915), and Kyoto Encyclopedia of Genes and Genomes (KEGG; version 2022.10). DIAMOND (v0.9.24) was used as part of the sequence-similarity-based annotation workflow.
Differential expression analysis and functional enrichment analysis
Gene expression levels were quantified using RSEM (v1.3.3) and expressed as transcripts per million (TPM) [3]. Differential expression analysis was performed using DESeq2 (v1.24.0). Genes with |log₂FC| ≥ 1 and Benjamini–Hochberg (BH)-adjusted P < 0.05 were considered differentially expressed genes (DEGs) [4]. UpSet analysis was performed to identify shared and comparison-specific LP-responsive DEG subsets among different comparisons.
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were conducted using clusterProfiler (v4.2), GOATOOLS (v0.6.5) [5], and KOBAS (v2.1.1) [6], with the Avena sativa genome annotation used as the background. Multiple testing was controlled using the BH procedure, and terms or pathways with adjusted P < 0.05 were considered statistically significant. For QH444 comparison-specific DEG subsets, enrichment results with nominal P < 0.05 were visualized as exploratory analyses when no terms or pathways remained significant after BH correction.
Proteomic Analysis
Total protein extraction
Oat leaf samples were thoroughly ground in liquid nitrogen. Protein extraction was performed using pre-cooled lysis buffer containing 8 M urea, 1% SDS, and protease inhibitors. Samples were incubated on ice for 30 min with intermittent vortexing and centrifuged at 12,000 × g for 30 min at 4 °C. The supernatant was collected, and protein concentration was determined using a BCA Protein Assay Kit (Pierce, Thermo Scientific, USA). Protein samples were adjusted to 2 μg μL⁻¹, aliquoted, and stored at −80 °C until further analysis. 
Protein digestion and TMT labeling
For each sample, 100 μg of protein was diluted with TEAB buffer to a final concentration of 100 mM. Proteins were reduced with 10 mM TCEP at 37 °C for 1 h and alkylated with 40 mM IAM for 40 min at room temperature in darkness. Proteins were precipitated with six volumes of pre-cooled acetone at −20 °C for 4 h, followed by centrifugation and resuspension in 100 μL of 100 mM TEAB. Protein digestion was performed using trypsin at an enzyme-to-protein ratio of 1:50 (w/w) overnight at 37 °C. The resulting peptides were labeled with TMT 16plex reagents (Thermo Scientific, Rockford, USA) for 2 h at room temperature, quenched with hydroxylamine for 30 min, pooled, desalted, and concentrated by vacuum drying. 
Protein identification, differential-abundance analysis, and functional enrichment
Raw mass spectrometry data quality was evaluated based on peptide-length distribution, precursor mass deviation, unique peptide number, protein sequence coverage, and molecular-weight distribution [7, 8. Protein fold changes (FCs) were calculated as the ratios of mean protein abundance between comparison groups [9].
Protein abundance differences were evaluated using two-sided Student’s t-tests based on quantitative protein-abundance values. Individual-protein significance was further assessed using Benjamini–Hochberg (BH) correction; however, no proteins remained significant after multiple-testing correction. Therefore, proteins with nominal P < 0.05 and FC ≥ 2 or ≤ 0.5 were operationally defined as candidate differentially abundant proteins and were used for exploratory downstream analyses.
Metabolomic analysis
Metabolite extraction
Frozen oat leaf tissues (100 mg) were accurately weighed and transferred into 2 mL centrifuge tubes. A total of 800 μL pre-cooled extraction solvent (methanol:water = 4:1, v/v) was added, and samples were incubated at −20 °C for 5 min. Homogenization was performed using a Wonbio-96c high-throughput tissue crusher (Shanghai Wanbo Biotechnology Co., Ltd.) at 50 Hz for 6 min, followed by vortex mixing for 30 s at 5 °C and ultrasonic extraction at 40 kHz for 30 min. Samples were maintained at −20 °C for 30 min to facilitate protein precipitation and metabolite extraction, followed by centrifugation at 13,000 × g for 15 min at 4 °C. The resulting supernatants were transferred into autosampler vials for LC–MS/MS analysis.
Quality control sample preparation
Quality control (QC) samples were prepared by pooling equal volumes of extracts from all samples to evaluate analytical reproducibility and instrument stability [10]. During LC–MS/MS acquisition, one QC sample was injected after every six experimental samples to monitor system performance and data quality.
Liquid Chromatography-Mass Spectrometry (LC-MS) Analysis
Chromatographic separation of metabolites was performed using an HSS T3 column (100 mm × 2.1 mm i.d., 1.8 µm) prior to mass spectrometry detection (Thermo Fisher Scientific, USA). The mobile phase consisted of phase A (0.1% formic acid in water) and phase B (0.1% formic acid in acetonitrile:isopropanol = 1:1, v/v). Mass spectrometry data were acquired using a UHPLC-Orbitrap Exploris 480 mass spectrometer (Thermo Fisher Scientific, USA) equipped with an electrospray ionization (ESI) source operating in both positive and negative ion modes.
Metabolite separation was performed using an HSS T3 column (100 mm × 2.1 mm i.d., 1.8 μm; Thermo Fisher Scientific, USA). The mobile phase consisted of solvent A (0.1% formic acid in water) and solvent B (0.1% formic acid in acetonitrile:isopropanol = 1:1, v/v). Untargeted metabolomic data were acquired using a UHPLC-Orbitrap Exploris 480 mass spectrometer (Thermo Fisher Scientific, USA) equipped with an electrospray ionization (ESI) source operated in both positive and negative ion modes.
Data Processing and Screening of Differential Metabolites
Raw LC–MS data were processed using Progenesis QI (Waters Corporation, USA) for peak extraction, retention-time correction, and alignment. Features with a relative standard deviation (RSD) > 30% among quality-control (QC) samples were removed, and the remaining abundance data were log10-transformed to generate the final data matrix.
Principal component analysis (PCA) and supervised multivariate analysis were performed using the ropls package (v1.6.2) in R. Partial least-squares discriminant analysis (PLS-DA) was used to evaluate metabolic profile separation among treatment groups, and model robustness was assessed using cumulative R²X, R²Y, and Q² values together with 200 permutation tests [11].
Differential metabolites were identified using a false discovery rate (FDR) < 0.05 combined with a variable importance in projection (VIP) score > 1. No additional fold-change threshold was applied. Venn analysis was used to identify shared and comparison-specific LP-responsive metabolite sets among different comparisons.
KEGG pathway enrichment analysis was performed for differential-metabolite subsets using Fisher’s exact test [12]. Multiple testing was controlled using the Benjamini–Hochberg procedure, and pathways with adjusted P < 0.05 were considered statistically significant. For visualization, enrichment plots additionally displayed pathways with nominal P < 0.05; however, only BH-adjusted results were considered statistically significant. Pathway-topology analysis was used as a complementary visualization of pathway impact and was not used as an independent criterion for pathway significance.
Proteome–metabolome integration analysis
Proteomic and metabolomic datasets were integrated separately for each cultivar. Overall concordance between proteomic and metabolomic configurations was evaluated using Procrustes analysis based on Euclidean-distance matrices, and statistical significance was assessed by permutation testing.
Protein–metabolite associations were further examined using Spearman correlation analysis. These correlations were interpreted as statistical associations rather than evidence of regulatory or causal relationships.
Comparative KEGG pathway analysis was performed to evaluate functional overlap between proteomic and metabolomic responses. Multiple-testing correction was conducted using the Benjamini–Hochberg procedure, and pathways with adjusted P < 0.05 were considered statistically significant. Pathways with nominal P < 0.05 were additionally displayed for visualization. Venn analysis was used to identify pathways shared between the two omics layers.
Proteins and metabolites assigned to overlapping pathways were visualized using KEGG Markup Language (KGML)-based pathway mapping. KGML-derived networks represent annotation-based pathway associations and were not interpreted as experimentally validated regulatory interactions.
Transcriptome–proteome–metabolome integration
Transcriptomic, proteomic, and metabolomic datasets were integrated at the functional pathway level separately for each cultivar. Venn analysis was used to summarize shared and omics-specific KEGG pathway annotations among the three omics layers. KEGG pathway profiles were further compared to identify pathways represented across multiple datasets.
Pathway-associated genes, proteins, and metabolites were assembled into cross-omic association networks based on shared KEGG pathway annotations. Network nodes represented genes, proteins, and metabolites, whereas edges represented pathway-based or statistical associations. These networks were used to visualize cross-omic relationships and were not interpreted as experimentally validated regulatory networks.
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