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Materials and Methods

Preparation of paraffin sections
The process begins by collecting root and stem tissues from faba beans affected by Fusarium wilt. Then, the paraffin sections of these tissues are dewaxed. This involves soaking the sections in two different xylene solutions, one after the other for 20 minutes each. After that, the sections are soaked in anhydrous ethanol II for 5 minutes and then in 75% ethanol for another 5 minutes, rinsing with water after each soaking. For staining, the sections are first immersed in a hematoxylin stain for 3-5 minutes and then washed with tap water to remove excess dye. They are briefly treated with a 1% hydrochloric acid solution and rinsed again. The blue color is restored by soaking the sections in a 0.6%-0.7% ammonia water solution. Following a quick rinse under running water, the eosin staining process begins. This involves dehydrating the sections through a series of alcohol solutions and then staining them in an eosin solution. In the final steps, the sections are soaked in a sequence of solutions including anhydrous ethanol I and II and xylene, each for 5 minutes. After being removed from the xylene, the sections are slightly air-dried and then covered with a glass slide using neutral balsam(Lai et al., 2020).
Microbial Community Data Processing and Quality Control
We used a software called QIIME2 (version 2022.08) to initially process the data we collected. We made sure to only keep the best quality data by removing any sequences that were too short (less than 150 base pairs long), had low quality scores (average Phred score below 25), or had unclear bases or too many repeats of the same base (more than 8). Only sequences that matched their barcodes exactly were considered valid. Next, we used another tool called Cutadapt to check the quality of the sequences and to separate them based on their unique barcodes. After removing parts of the sequences that serve as starting points for the sequencing process (primers), we used DADA2 (version 2020.2.0) to further clean up the data by filtering out low-quality sequences, reducing noise, and creating groups of similar sequences (OTUs) along with their feature table.
Detailed Findings from Microbial Community Analysis
In the stage where we analyzed the microbial communities, we focused on samples from broad beans to study the composition of bacteria and fungi within them. We classified the groups of similar sequences (OTUs) using a combination of tools and databases: vsearch (version 2020.2.0), SILVA (release 138), and the NCBI taxonomy database. To make sure our data was accurate, we removed sequences that came from mitochondria and chloroplasts from our bacterial dataset. This process helped us identify a certain number of bacterial and fungal characteristics, enhancing our understanding of the microbial diversity in the samples. We carefully recorded the abundance of each genus and their classification information in a table, providing valuable data for further analysis and comparison.

Statistical Analysis and Diversity Assessment
To dive deeper into the sequence data, we used QIIME2, R software packages (version 3.2.0), and a platform called MicrobiomeAnalyst. We first drew dilution curves to check if the depth of sequencing for each sample was enough to reflect the full diversity of microbes in all samples. By looking at curves that ranked the abundance of genera, we could easily see the distribution of both common and rare genera in the samples, and we removed any genera that made up less than 0.001% of the total sequences in all samples. We also calculated diversity indexes like the Chao1 index and the Simpson index to evaluate the richness and diversity of microbial communities. Moreover, we used Bray–Curtis diversity measures, Principal Coordinate Analysis (PCoA) graphs, paired Adonis tests, and PERMANOVA (with 999 permutations) to analyze the differences in composition between samples, helping us gain deeper insights into the microbial composition differences among samples.










SM table 1 Primers Required for Microbiome Studies
	Gene/Primer names 
	Forward primer (5’-3’) 
	Reverse primer (5’-3’)
	 Purpose

	16S rRNA gene V3-V4 region
	ACTCCTACGGGAGGCAGCA
	GGACTACHVGGGTWTCTAAT
	Microbiome analysis of fungal community

	ITS1-ITS4
	TCCGTAGGTGAACCTGCGG
	TCCTCCGCTTATTGATATGC
	Microbiome analysis of bacterial community

	16S rRNA gene
	AGAGTTTGATCCTGGCTCAG
	GGTTACCTTGTTACGACTT
	Identification of fungi

	16S rRNA gene V3-V4 region
	ACTCCTACGGGAGGCAGCA
	GGACTACHVGGGTWTCTAAT
	Identification of bacteria



Metagenomic sequencing
We conducted a comprehensive metagenomic sequencing study at BMK Biotechnology Co., Ltd., located in Beijing, China. The focus was the rhizosphere soil of V. faba, from which samples were collected for detailed metagenomic sequencing. The sequencing procedure was executed on an Illumina HiSeq 2500 instrument(Gurevich et al., 2013, Zhuang et al., 2020, Zhuang et al., 2020), utilizing paired-end reads (2 × 150). For assurance of data integrity, we utilized Trimmomatic software (version 0.33) to maintain the quality control of the raw sequencing tags. Subsequent to adaptor trimming, potential host genome contamination was meticulously eliminated using the bowtie2 software (version 2.2.4), employing default alignment parameters, contingent upon the availability of a host reference genome. The refined, high-quality reads were then assembled using MEGAHIT software (Version 1.1.2), with default parameters, excluding contigs shorter than 300 bp for further comprehensive analysis. The assembly quality was thoroughly assessed with the QUAST software (Version 2.3). For gene prediction within the assembled metagenomes, Meta Gene Mark software (Version 3.26) was applied with default parameters, extracting open reading frames (ORFs) longer than 100 bp from the predicted gene set. These ORFs were then translated into amino acid sequences utilizing the NCBI translation table. To construct a non-redundant gene catalog, CD-HIT software (Version 4.6.6) was employed, setting a sequence identity threshold at 95% and a coverage threshold at 90%. Each gene's abundance in the samples was meticulously evaluated. For a detailed functional annotation, representative sequences from the non-redundant gene catalog were compared against the Nr database (2019-03) using DIAMOND software (version 0.9.24) with a stringent e-value cutoff of 0.00001. Functional categories were assigned using Blast2GO software (version 2.5), based on previous Nr database annotations. Additional annotations of the non-redundant gene catalog were conducted against the KEGG (2017-03), CARD, and N cycle databases using suitable software and tools. This annotation was pivotal for the functional diversity analysis and the identification of specific functional genes or pathways in the metagenomic dataset. To dissect the taxonomic diversity, the lowest common ancestor method was deployed for the taxonomic assignment of genes, offering significant insights into the taxonomic composition and relative abundance of microorganisms in each sample. This comprehensive approach enhanced the reliability and depth of our metagenomic analysis.
Transcriptome sequencing analysis
Roots from V. faba plants, both healthy and those infected with Fusarium wilt, were thoroughly rinsed thrice with distilled water before freezing and thawing three times in liquid nitrogen at -196°C. Total RNA was extracted from these samples using the Trizol method and subsequently treated with RNase-free DNase I to eliminate potential DNA contamination(Lai et al., 2020). We conducted transcriptome sequencing at Beijing Overson Gene Technology Co., Ltd. The integrity and purity of the RNA were validated by analyzing the samples on 1% agarose gels, while the Agilent 2100 Bioanalyzer and the NanoDrop spectrophotometer facilitated RNA quantification and quality assessment, respectively. Sequencing libraries were crafted from 1.5 μg of RNA per sample, utilizing the NEBNext® Ultra™ RNA Library Prep Kit for Illumina®, in adherence to the manufacturer's instructions. Unique index codes were incorporated to associate sequences with their respective samples. Isolation of mRNA from total RNA was accomplished using poly-T oligo-attached magnetic beads, and fragmentation was carried out with divalent cations at elevated temperatures. This was followed by the synthesis of first and second strand cDNA(Wen et al., 2022).The overhangs were modified using exonuclease/polymerase activities to generate blunt ends, and the NEBNext Adaptor was ligated post adenylation of the 3' ends. The AMPure XP system enabled selective purification of cDNA fragments of 200-250 bp. After treatment with USER Enzyme and PCR performance, the resultant PCR products were purified, and library quality was evaluated. These prepared libraries were sequenced on the Illumina Novaseq 6000 platform, generating 150 bp paired-end reads.Initial data processing involved quality control of raw reads, adapter sequence removal, and conversion into clean reads. These clean reads were then mapped to the reference genome, selecting only perfectly matching or single mismatch reads for further analysis. SNP calling was executed using GATK2 software after sorting, deduplicating reads, and merging the BAM alignment results. Gene expression levels were quantified by HTSeq, counting the number of reads mapped to each gene. Differential expression analysis was performed using the DESeq R package, with biological replicate samples. A fold change above 2 in gene expression quantity and a P-value (or FDR) less than 0.05 were set as the threshold for differentially expressed genes (DEGs). Functional information and Pfam function of Unigene were annotated using Diamond and HMMER software, respectively. Pathway analysis was used to determine the distribution of DEGs in the KEGG database. Each procedure was conducted in triplicate(Du et al., 2023).

[bookmark: _Hlk147167496]RT-PCR analysis                                            
[bookmark: _Hlk147235416]To verify the accuracy of transcriptome sequencing technology, sequences of 11 differentially expressed genes were obtained from sequencing of the Fusarium wilt V. faba. Three to four days post-inoculation, samples were taken from both the Fusarium wilt-infected faba bean root tissue (F group) treated with FOF and from the untreated plants (CK group). RNA was extracted using an RNA extraction kit (TianGen BioTech Co., LTD, China), and was transcribed into cDNA using a reverse transcription kit (Solarbio BioTech Co., LTD, China). Gene-specific primers were utilized on a CFX Connect (Bio-Rad, USA) to conduct qRT-PCR analysis. The abundance of the EF1a gene was used to normalize the quantity of the target gene. The qRT-PCR reaction was carried out on a CFX96 Real-Time PCR Detection System. The program for the QPCR reaction was as follows: 95℃ for 180 seconds, followed by 39 cycles of 95℃ for 10 seconds and 58℃ for 30 seconds. To verify the reliability of transcriptome sequencing technology, sequences of 11 differentially expressed genes were obtained from the sequencing of the Fusarium wilt-infected V. faba. Three to four days post-inoculation, samples were collected from both the Fusarium wilt-infected root tissue (F group) treated with FOF and the untreated plants (CK group). RNA was extracted using an RNA extraction kit (TianGen BioTech Co., LTD, China) and transcribed into cDNA using a reverse transcription kit (Solarbio BioTech Co., LTD, China).Gene-specific primers were used on a CFX Connect instrument (Bio-Rad, USA) to conduct qRT-PCR analysis. The abundance of the EF1a gene was used to normalize the quantity of the target gene. The qRT-PCR reaction was carried out on a CFX96 Real-Time PCR Detection System(Du et al., 2023). The QPCR reaction program was as follows: 95℃ for 180 seconds, followed by 39 cycles of 95℃ for 10 seconds and 58℃ for 30 seconds










[bookmark: _GoBack]    SM table 2 Primers Needed for RT-PCR
	;
	The Sequence of Forward Primer 5'—3'
	The Sequence of Reverse Primer 5'—3'

	Vfaba.Tiffany.R1.1g334280(Arginine and proline metabolism)

	CACTGTTGTTTGGAAGGGCG

	CCCACCTTTGAGCTTCCAGT


	Vfaba.Tiffany.R1.1g012120(Arginine and proline metabolism)
	AATCGCCCTCCACAACAACT

	TTGATCGGAGGAGATTGGCG


	Vfaba.Tiffany.R1.4g066480(Arginine and proline metabolism)

	CAGGAGTAGAGCAGGGACCT

	CCTCCAGCTTCCAGTGTAGC


	Vfaba.Tiffany.R1.5g074640(Alanine, aspartate and glutamate metabolism)

	GCGAAAGGAGGGATAGGGTG

	GGCCCTGTTCCCATATCAGG


	Vfaba.Tiffany.R1.4g122400(Alanine, aspartate and glutamate metabolism)

	CCACTTGCTGCCACAGTAGA

	CAATCCATTTGCCCTGCACC


	Vfaba.Tiffany.R1.1g180480(Alanine, aspartate and glutamate metabolism)
	GGGTTCGTGTGTTGGAGCTT
	ATGGCTAACCGTTGGTGTGC

	Vfaba.Tiffany.R1.5g043080(Biosynthesis of unsaturated fatty acids)
	GTTGACATCGGAGGAGCAGG
	GCATGAAACGGGAATTCGGC



Methods for Constructing Network Graphs
In this study, we employed advanced network graph visualization techniques to reveal patterns of correlations within a bioinformatics dataset. This process involved multiple sophisticated data processing and visualization steps, utilizing the Python 3.8 programming language in conjunction with professional scientific computing and data visualization libraries, including Pandas, NetworkX, Matplotlib, and Seaborn.
The dataset, containing correlations and corresponding statistical significances (P-values) among a series of biomarkers (e.g., genes, metabolites, and proteins), was first loaded and pre-processed using the Pandas library. Each biomarker was assigned different colors and shapes based on its biological category (e.g., "R_" for RNA, "S_" for small molecules, etc.) to ensure clear differentiation in the visualization. The construction of the network graph was achieved through the NetworkX library, where each node represents a biomarker, and edges represent correlations between biomarkers. The color and thickness of the edges were set according to the direction and strength of the correlation, with positive correlations displayed in red, negative correlations in blue, and the thickness of the edges proportional to the absolute value of the correlation.To optimize the network graph's layout and readability, we employed a force-directed spring_layout algorithm, which effectively reduces overlaps between nodes and intuitively reveals the interactions among biomarkers.

Results
Histopathological Analysis of Faba Bean Seedlings Reveals Distinct Vascular Changes in Fusarium Wilt Infection
After hematoxylin and eosin (H&E) staining of the cross sections of the stem base and roots of faba bean seedlings, the following characteristics were observed: The cross section of the stem base of a healthy faba bean seedling (S-CK) showed normal vascular tissue structure, with vascular bundles composed of orderly arranged xylem and phloem, and the surrounding parenchyma cells were normal with no signs of cytoplasmic aggregation or nuclear degradation, reflecting no significant physiological disturbance in the plant. The cross sections of the roots of healthy faba bean seedlings (S-F and R-CK) exhibited clear demarcations between the cortex and the stele, as well as the integrity of the cellular structure, with no thickening of cell walls or abnormal cell division, suggesting the absence of pathogen infection. However, the cross section of the root of a diseased faba bean seedling (R-F) displayed disorganized cellular structures, which may be attributable to pathogen invasion, resulting in tissue necrosis, abnormal thickening or degradation of cell walls, and accumulation of defensive secondary metabolites. These pathological changes are typical cytological features in the progression of plant diseases.
[image: ]
[bookmark: OLE_LINK1]SM file Figure1.Hematoxylin and Eosin (H&E) Stained Cross Sections of Paraffin-Embedded Fava Beans. (a) Paraffin section of the stem base of a healthy faba bean seedling (S-CK); (b) Paraffin section of the root of a healthy fava bean seedling (S-F); (c) Paraffin section of the root of a healthy faba bean seedling (R-CK); (d) Paraffin section of the root of a diseased fava bean seedling (R-F).

Boosting Plant Resilience to Pathogens with Targeted Treatment Insights into Antioxidant Enzyme Activation and Stress Markers
In this plant study, plants in the F group, after being subjected to a specific treatment, showed a significant increase in the activity of key antioxidant enzymes—catalase (CAT), peroxidase (POD), and superoxide dismutase (SOD)—as well as chitinase (Chi). These enzymes play crucial roles in reducing oxidative stress and enhancing defense against pathogens. The graphical data demonstrated that, compared to the control group (CK), the height of the green bars for the F group's leaf samples was significantly higher, indicating a positive physiological adaptation to the treatment. Additionally, an increase in malondialdehyde (MDA) levels, especially in leaves, suggests an increase in lipid peroxidation, typically associated with stress-induced cellular damage. The increase in electrolyte leakage further confirms damage to cell membranes, likely a result of the plants bolstering their defense mechanisms in response to pathogen invasion.Overall, the data shows that after the specific treatment, F group plants enhanced their defense response against pathogen invasion by increasing the activity of defense enzymes and markers of cellular damage, with the response being more pronounced in the leaves. This could have important implications for agricultural practices and plant science research.

[image: ]
SM file Figure 2: The graphs present a comparison of antioxidant enzyme activities in the leaves and roots of two groups of plants: the control group (CK) and the treated group (F). The enzymes tested include catalase (CAT), superoxide dismutase (SOD), peroxidase (POD), and chitinase. Bar charts also depict levels of electrolyte leakage and malondialdehyde (MDA), which serve as indicators to assess the stability and damage of cell membranes, respectively. Data indicate significant increases in the activities of CAT, SOD, and POD in both leaves and roots of the treated group F, with a less pronounced increase in chitinase activity. Additionally, levels of electrolyte leakage and MDA are also elevated in the treated group, suggesting potential increased damage to cell membranes. The number of asterisks on the graph denotes different levels of statistical significance: * for p < 0.05, ** p < 0.01, and ***for p < 0.001.
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SM file Figure 3:(a) This is a Partial Least Squares Discriminant Analysis (PLS-DA) score plot, used to display the results of multivariate analysis of the data. Different shapes (squares, triangles, and circles) represent different groups or conditions within the dataset, and their position on the plot indicates the degree of difference based on the first two principal components (t[1] and t[2]). The ellipse represents a confidence interval, showing the variability or dispersion of the scores. The label "SIMCA-Ellipse: Hotelling's T2 (0.95)" refers to a statistical method used to identify outliers within multivariate data.(b) This is a model validation graph. It shows the results of permutation tests for the PLS-DA model, which is a non-parametric statistical test used to determine the significance of the model. The histogram represents the distribution of R2 and Q2 values from the permutation test, which are metrics used to evaluate the goodness of fit and predictive power of the model. The blue squares (R2) and green circles (Q2) in the graph represent the actual performance of the model compared to the permuted models. The dashed line at the top with the "intercepts" label indicates the R2 and Q2 values when the labels are randomly permuted, which should be close to zero if the model is valid. (c) is a pie chart showing the distribution of certain types of compounds or categories within the dataset. The numbers likely represent the count or proportion of each type of compound, with the color legend explaining what each color represents (for example, "Lipids and lipid-like molecules", "Organic acids and derivatives", etc.).
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