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Organic Connection of Holobiont Components and the Essential Roles of Core Microbes in the Holobiont Formation of Feral Brassica napus
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Brassica napus (Rapeseed) is an econfomically important oil-producing crop. The microbial interactions in the plant holobiont are fundamental to the understanding of plant growth and health. To investigate the microbial dynamics in the holobiont of feral B. napus, a total of 215 holobiont samples, comprised of bulk soil, primary root, lateral root, dead leaf, caulosphere, basal leaf, apical leaf, carposphere, and anthosphere, were collected from five different grassland sites in South Korea. The soil properties differed in different sampling sites, but prokaryotic communities were segregated according to plant holobiont components. The structures of the site-specific SparCC networks were similar across the regions. Recurrent patterns were found in the plant holobionts in the recurrent network. Ralstonia sp., Massilia sp., and Rhizobium clusters were observed consistently and were identified as core taxa in the phyllosphere, dead leaf microbiome, and rhizosphere, respectively. Arthropod-related microbes, such as Wolbachia sp., Gilliamella sp., and Corynebacteriales amplicon sequence variants, were found in the anthosphere. PICRUSt2 analysis revealed that microbes also possessed specific functions related to holobiont components, such as functions related to degradation pathways in the dead leaf microbiome. Structural equation modeling analysis showed the organic connections among holobiont components and the essential roles of the core microbes in the holobiont formations in natural ecosystem. Microbes coexisting in a specific plant showed relatively stable community structures, even though the regions and soil characteristics were different. Microbes in each plant component were organically connected to form their own plant holobiont. In addition, plant-related microbes, especially core microbes in each holobiont, showed recurrent interaction patterns that are essential to an understanding of the survival and coexistence of plant microbes in natural ecosystems.
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INTRODUCTION

The interactions between plants and microbes have a profound effect on the growth, productivity, and health of plants (Trivedi et al., 2020). Plant growth-promoting rhizobacteria in the rhizosphere have been the subject of attention because of their abilities to produce phytohormones and siderophores, solubilize phosphorus, fix nitrogen, and improve resistance to pathogens (Lugtenberg and Kamilova, 2009). Recently, many studies have been conducted into microbial communities, not only in the rhizosphere but also throughout plant organs, and the concept of a plant holobiont—the host and its symbiont—has emerged (Vandenkoornhuyse et al., 2015). Multiple microbes inhabit the inside and outside of the plant, as well as its roots, and the diversity and functions of these microbiomes are essential to understanding plant biology and the ecosystems in which the plants are involved. Plant holobiont dynamics are mainly influenced by the host characteristics, the surrounding microbiome, and the environment (Vandenkoornhuyse et al., 2015; Sánchez-Cañizares et al., 2017). However, there has been little research into the dynamics of the plant holobiont across the niches represented by multiple plant organ types (Cregger et al., 2018; Hassani et al., 2018).

Rapeseed (B. napus L.), is an important source of vegetable oils, animal feed, and biodiesel. Various cultivars have been developed to increase the quality and amount of oil produced, and to increase the resistance of the plant to herbicides or insect herbivores (Lombardo et al., 2020). Recently, many studies have focused on the microbial communities associated with B. napus. Rochefort et al. (2019) and Taye et al. (2019) found that core taxa were consistent across their sites and sampling periods, and that small genetic differences in B. napus can cause changes in the microbial content of the rhizosphere and seed microbiome. However, these studies involved samples from plants grown in controlled experimental fields. In South Korea, B. napus has mainly been grown as a representative landscape crop for spring festivals. Recently, however, the unintentional release of genetically modified rapeseed into natural ecosystems has been increasing, and the environmental threat posed by gene transfer during hybridization is also increasing (Kim et al., 2020). Therefore, information about the diversity of microbes coexisting and interacting with B. napus and their functions are essential to an understanding of the potential effects of transgenic rapeseed on the natural ecosystem.

In this study we investigated microbial community dynamics from bulk soil to flower within B. napus under different environmental conditions. We analyzed 215 different holobiont samples from five different grassland sites using amplicon 16S rRNA gene-targeted Illumina MiSeq sequencing. Recurrent microbial network analysis and PICRUSt2 analysis were performed to investigate the microbial interactions and functions in the holobiont of feral B. napus. Structural equation model was constructed to explore the interactions among holobiont components. The following questions were addressed in this study: “What are the differences and similarities of the holobiont components across the region?,” “Are there any consistent patterns and key players in the holobiont microbial community structure?,” “What are the ecological functions of each different holobiont?,” and finally “How are the holobiont components connected and what affects them?”



MATERIALS AND METHODS


Study Site and Sampling Design

Samples were collected between April 14 and April 30, 2021, from five different sites: Buyeo (36°9′12.21′N, 127°0′0.79′E), Gurye (35°13′41.69′N, 127°27′14.48′E), Naju (35°00′3.16′N, 126°42′7.58′E), Sangju (36°26′21.53′N, 128°15′32.85′E), and Seosan (36°42′35.04′N, 126°32′36.90′E; Figure 1A). Five different holobiont samples were collected in Gurye, Naju, Sangju, and Seosan, while four plant samples were collected in Buyeo. However, one dead leaf sample was not available in Buyeo. The minimum distance between sites was 70 km, and the maximum was 200 km. Sampling sites were selected to include natural habitats of B. napus with diverse plant species which had experienced low levels of disturbance by humans (Figure 1B). Plants at the flowering stage, of similar size, were selected, and after digging up each plant with an ethanol-sterilized shovel to minimize root damage, sampling was carried out for each holobiont component: bulk soil, primary root, lateral root, dead leaf, caulosphere, basal leaf, apical leaf, carposphere, and anthosphere (Figure 1C). Bulk soil samples were taken from the soil that fell off the plant following light shaking, and the parts that did not contain the plant debris and root were taken. After collecting the bulk soil samples, the plant was shaken vigorously to remove loosely bound soil, and the root part was divided into the primary root and lateral root. Roots and tightly bound soil were collected together. To collect healthy leaf microbiome samples, a 2 ml tube was used to punch out leaf disks at the various locations of the basal leaf (designated “lower leaf”) and the apical leaf (designated “upper leaf”). The leaves that turn from yellow to brown at the end of their life span were also collected as leaf disks (designated “dead leaf”). For caulosphere samples, stem sections were taken with a sterile blade 5–10 cm above the ground. Flowers and immature fruit were collected to investigate the anthosphere and carposphere. To minimize contamination, the shovel, forceps, and blades were cleaned with 70% ethanol and washed with sterile water between each sample. The samples were stored at −80°C until DNA extraction.
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FIGURE 1. Sampling area and holobiont of Brassica napus. (A) Map showing the sampling sites. (B) Sampling sites with B. napus. (C) Holobiont samples collected in this study. (D) Non-metric multidimensional scaling (NMDS) ordination plot of Bray–Curtis community dissimilarities based on prokaryotic ASVs. Small gray circles represent ASVs.




TABLE 1. Chemical and physical properties of soils in the sampling areas.
[image: Table1]

Bulk soil samples were used for the analysis of soil characteristics. The soil organic matter, total nitrogen, available phosphorus, exchangeable cation composition (K, Ca, Mg, and Na), cation-exchange capacity, pH, electrical conductivity, NaCl concentration, and relative percentages of sand, silt, and clay were measured by the AT Analysis Center Co., Ltd. (Incheon, South Korea) in accordance with the National Institute of Agricultural Science and Technology (NIAST) soil and plant analysis methods (NIAST, 2000).



DNA Extraction and Sequencing

DNA was extracted using DNeasy PowerMax® soil kits (Qiagen, Hilden, Germany) according to the manufacturer’s instructions, and the quality and concentration of extracted DNA were checked using a NanoDrop 2000 spectrophotometer (Thermo Scientific, Wilmington, DE, United States). The prokaryotic 16S rRNA gene was amplified using a universal prokaryotic primer set with overhang adapter sequences, 342F/806R (342F: 5′-CTACGGGGGGCAGCAG-3′; 806R: 5′-GGACTACCGGGGTATCT-3′), which targets the V3-V4 region of the 16S rRNA gene (Mori et al., 2014). PCR amplification, purification, and quantification were performed according to the method described in our previous report (Chun et al., 2019). Briefly, TaKaRa Ex Taq™ Hot Start Version (TaKaRa Bio, Shiga, Japan) was used for amplification. Antimitochondrial peptide nucleic acid (mPNA: 5′-GGCAAGTGTTCTTCGGA-3′) and antiplastid peptide nucleic acid (pPNA: 5′-GGCTCAACCCTGGACAG-3′) were added to reduce the amplification of host DNA (0.25 μM final concentration for each PNA; Fitzpatrick et al., 2018). PCR products were purified using a 1:1 ratio of AMPure XP bead (Beckman Coulter, IN), and quantified using Quant-iT™ PicoGreen® dsDNA detection kits (Invitrogen, San Diego, CA, United States). Final products were used for paired-end read sequencing reactions and sequenced using a MiSeq (2 × 300 bp reads) from the Macrogen Corporation (Seoul, South Korea).



Bioinformatic Analysis

To investigate the sequence variants at individual nucleotide positions in a gene, amplicon sequence variants (ASVs) of the 16S rRNA genes were calculated using DADA2 (version 1.16), according to the pipeline tutorial 1.16 in R (Callahan et al., 2016).1 The latest Silva database (release 138) was used to align and classify the sequences of the 16S rRNA gene (Quast et al., 2013). After classifying the sequences, chloroplast, mitochondrial, and eukaryote sequences were removed from the dataset of the 16S rRNA genes. ASVs that comprised only singletons, doubletons, or tripletons were not further analyzed. Rarefaction curves were constructed using the “rarecurve” function in Vegan (Oksanen et al., 2013). For species-level assignments, we analyzed selected ASVs using BLAST against the NCBI 16S rRNA database. If the blast result of an ASV sequence matched with a single species with >99% similarity, the species name was assigned that ASV. If multiple species were matched with an ASV sequence with the same similarity, no species name was designated to that ASV. The raw sequences and accompanying metadata are available in the Sequence Read Archive of the NCBI under the project accession number PRJNA816676.

All statistical analyses were performed using the R software (version 3.4.0; R Core Team, 2013). A Venn diagram was constructed to show the distribution of ASVs among holobiont components, using the webtool developed by Bioinformatics & Evolutionary Genomics.2 Biodiversity indices such as species diversity and richness were calculated using functions in Vegan (Hurlbert, 1971; Oksanen et al., 2013). To normalize the data for diversity indices, the reads were normalized to the lowest number of reads in the “rrarefy” function of Vegan. The Chao1 index and Shannon diversity index were used to estimate microbial diversity and richness for each group. We performed two-way ANOVA and Tukey-HSD test for diversity indices using the “aov” and “tukeyHSD” functions in R. We used non-metric multidimensional scaling (NMDS) analysis with Bray–Curtis distances to order the samples in the prokaryotic community based on their dissimilarity, using the “metaMDS” function in Vegan (Oksanen et al., 2013). The NMDS results were quantitatively evaluated using analysis of similarity (ANOSIM) and permutational multivariate analysis of variance (PERMANOVA) using the “anosim” and “adonis” functions in Vegan, respectively (permutation 999). A phylogenic tree was constructed using a neighbor-joining method in Mega X (Kumar et al., 2018), and bootstrap values were calculated from 1,000 replications.



Network Analysis

To investigate the relationships among prokaryotes, SparCC networks based on the sampling sites were calculated using the R software package SpiecEasi (Kurtz et al., 2015). To reduce the number of rare ASVs in the data set, only ASVs that met the following thresholds for each given dataset were considered: (1) detected in 25% of samples and (2) a relative proportion of >0.01% for at least one sample. Only positive correlations with SparCC values ≥0.5 were selected for further analyses. The network was visualized using the open-source software Cytoscape 3.5.1 (Shannon et al., 2003). To discover recurrent patterns of site-dependent SparCC networks, site-dependent sparCC networks were combined into one network—the microbial recurrent association network (MRAN)—using the method described by Chun et al. (2019). Network topological parameters, including the average number of neighbors, density, heterogeneity, centralization, average clustering coefficient, characteristic path length, and small-world coefficient, were calculated using the Networkanalyzer plugin in Cytoscape (Assenov et al., 2008; Humphries and Gurney, 2008). Furthermore, Erdős–Rényi random networks with the same number of nodes and links that were randomly distributed were used as a null model for comparison with site-dependent SparCC networks using the Network Randomizer plugin in Cytoscape (Tosadori et al., 2016). In this study, the core taxa was defined as ASV that met the following two requirements: (1) ASVs that appeared in more than 70% samples in a specific holobiont component (in case of root samples, ASVs appeared in more than 90% due to the high microbial diversity of root samples) and (2) ASVs that exhibited repeated correlations of more than four times among five different site-dependent SparCC networks.



PICRUst2 Analysis

Ecological function profiles for holobiont samples were predicted using PICRUSt2 (Douglas et al., 2020). Abundance data and sequence information for a total of 27,906 prokaryotic ASVs were used as the input file with default options for analysis using picrust2_pipeline.py. To construct non-metric multidimensional scaling (NMDS) based on the functional profiles, a total of 7,107 predicted KEGG Orthologies were selected. Predicted Enzyme Classification numbers were used to assign the proteins to MetaCyc pathways. The abundances of MetaCyc pathways were categorized at superclass levels, and these data were used to construct a heatmap (Caspi et al., 2014).



Structural Equation Model Analysis

Structural equation modeling (SEM) was used to estimate the relationships among holobiont components, representative bacterial groups, and environmental parameters. To eliminate multicollinear environmental variables, Spearman rank correlation coefficients (ρ) were calculated before SEM analysis. The SEM was constructed by using the “sem” function in the Lavaan package (Rosseel et al., 2017). The conceptual model of the hypothetical relationships was that each holobiont component was highly connected and influenced by other holobiont components. For the holobiont components, the first NMDS axis scores were used in the subsequent SEM analysis (Figure 1D). The analysis of the network led to Rhizobium cluster, genus Ralstonia, and genus Massilia being selected as representative groups of rhizospheres, phyllosphere, and dead leaf microbiome, respectively, since these groups of bacteria appeared in the recurrent network and were major components in the specific niches. To add an individual plant as variable, each plant was given a random number using a random number generator in excel. We used five indices of fitness for our model, including (1) the χ2 test (the model has a good fit when χ2/df ≤ 5 and 0.05 < p ≤ 1.00); (2) the comparative fit index (CFI; 0.95 ≤ CFI < 1.0); (3) the Tucker Lewis Index (TLI; 0.95 ≤ TLI < 1.0); (4) the standardized root mean square residual (SRMR; 0 ≤ SRMR ≤ 0.05); and (5) the root mean square error of approximation (RMSEA; 0 ≤ RMSEA ≤ 0.05; Schermelleh-Engel et al., 2003).




RESULTS


Characteristics of Bulk Soil

The characteristics of the bulk soil from each sampling site are summarized in Table 1. Total nitrogen ranged from 0.06% to 0.12%, and available phosphorus ranged from 57.9–147.8 mg/kg. Organic matter ranged from 1.3% to 3.0%. Pairwise t-tests demonstrated that total nitrogen, organic matter, cation-exchange capacity, pH, and electrical conductivity were not significantly different between the sampling sites. However, available phosphorus was significantly higher in samples from Gurye than in those from Seosan (t-test: p < 0.01). About 74% of soil samples were from sandy loam, and the remaining samples were identified as loam and loamy sand.



Prokaryotic Community Composition

The proportions of chloroplast, mitochondrial, and eukaryotic sequences were in an average of 82.9% and 7.7% in above-ground and belowground samples, respectively. After filtering the raw sequences, an average of 46,000 reads per sample were obtained from bulk soil, lateral root, and primary root samples, while only an average of 2,500 reads per sample were obtained from above-ground samples (Supplementary Table S1). The rarefaction curves indicated that an adequate number of reads was obtained for analysis (Supplementary Figure S1) A total of 27,906 prokaryotic ASVs were identified in the samples. NMDS ordination showed that samples were clustered according to holobiont components (Figure 1D). Both lateral root and primary root samples were separated in bulk soil samples, and the upper part samples were separated from the belowground samples. Dead leaf samples were located between the upper part samples and the belowground samples. Both ANOSIM and PERMANOVA also indicated that prokaryotic communities differed significantly according to the part of the holobiont in which they occurred (ANOSIM, R = 0.60, p = 0.001 and PERMANOVA, pseudo-F = 8.30, p = 0.001). However, there was no significant difference by sampling site.

Forty-nine phyla were identified, and ~60% of the sequences belonged to the phylum Proteobacteria (Figure 2A). Acidobacteriota in bulk soil was ~14 times more abundant than other samples, and Bacteroidota in root samples was ~3 times higher than in other samples. Most Firmicute ASVs were found in the upper part of the plant (average relative abundance 9.7%), with only 1.1% found below ground. At the family level, the heatmap showed that most of the samples correctly clustered using hierarchical cluster analysis (Supplementary Figure S2). Even in different sampling sites, bulk soil, lateral root, primary root, and carposphere samples clustered together. At the genus level, Pseudomonas, Massilia, and Hymenobacter were the major groups in dead leaf samples, while a Ralstonia and Burkholderia cluster (Burkholderia, Caballeronia, and Paraburkholderia) were major groups in healthy leaf samples (Figure 2B). A Bradyrhizobium, Rhizobium cluster (Allorhizobium-Neorhizobium, Pararhizobium, and Rhizobium), and Devoisa were enriched in rhizosphere samples. The unclassified Wolbachia ASV (ASV20) appeared in 13% of anthosphere and 38% carposphere samples, and did not appear in other components (<4%; maximum relative abundance: 21.9%). Core taxa were designated according to the definition provided in the Materials and Methods section and are summarized in Table 2. Notably, Ralstonia pickettii (ASV1) and Paraburkholderia fungorum (ASV2) were identified as core taxa in phyllosphere. In addition, Pseudomonas (ASV4 and ASV5), Rhodococcus (ASV9), and Massilia (ASV17, ASV21, and ASV180) were identified as core taxa in the dead leaf microbiome. In this study, only 54 archaeal ASVs were detected, with a relative abundance ranging from 0% to 0.6%. Most archaeal ASVs belonged to the family Nitrososphaeraceae and were found in bulk soil samples.

[image: Figure 2]

FIGURE 2. Microbial community composition. (A) Relative abundance of prokaryotic community members at the phylum level. (B) Heatmap of hierarchical clustering of major bacterial groups at the genus level. Dendrograms were calculated using Euclidean distance and the Ward method. Heatmap color (blue to red) displays the row scaled relative abundance (Row Z-score) of each taxon across all samples. The values of the same holobiont components in the same region are averaged. Samples from different holobiont components are displayed according to the color bar above the heat map.




TABLE 2. Appearance ratio (%) and taxonomy of ASVs according to holobiont components.
[image: Table2]

Analysis using Venn diagrams showed that ~50 of ASVs were only found in bulk soil, while 20% were only found in root samples. Only 71 ASVs were identified as unique to the upper part (caulosphere, anthosphere, and carposphere; Figure 3A). About 500 ASVs were only found in dead leaf samples. Diversity analysis showed that both diversity, as measured by the Shannon diversity index, and richness, as measured by the Chao1 index, were significantly higher in bulk soil samples than in the other samples (t-test: p < 0.001; Figures 3B,C). Richness significantly decreased in plant upper part samples compared to samples from below ground (t-test: p < 0.001).

[image: Figure 3]

FIGURE 3. Venn diagram of components, and diversity indices. (A) Venn diagram based on ASVs. (B) Shannon diversity index. (C) The Chao1 index. The letters on the top of the boxes indicates the results of the two-way ANOVA and Tukey-HSD test with the significance threshold of p > 0.05.




Site-Dependent SparCC Networks and Recurrent Network

Five different site-dependent SparCC networks were constructed and visualized (Figure 4A). The topological features of the networks are summarized in Table 3. The networks had 280–370 nodes and 784–1,542 edges. Network heterogeneity, centralization, and average clustering coefficient were higher than those of Erdős-Rényi random networks. Nodes were clustered into three to four groups, corresponding to root, bulk soil, dead leaf, or upper part, in each site-dependent SparCC network. To overcome some of the limitations of conventional network analysis, five different networks were merged into a single network, called a recurrent network, and edges found in at least three different networks were incorporated (appeared ≥3/5; Figure 4B). The recurrent network consisted of 116 nodes and 211 edges, and was divided into three major modules: a root-related module, a dead leaf-related module, and an upper part-related module (Table 3). Bulk soil-related modules were apparent in the site-dependent SparCC networks, but not in the recurrent network. Taxonomically, three ASVs assigned to the genus Ralstonia were major components in the upper part-related module, and ASVs assigned to the genera Massilia and Hymenobacter were major components in the dead leaf-related module (Figure 2B). The major Ralstonia ASV (ASV1) was identified as R. pickettii (sequence similarity 100%) and other Ralstonia ASVs showed lower sequence similarity (97.8%–98.3%) with other isolated strains. Ralstonia pickettii (ASV1) had high recurrent connections between Cutibacterium acnes (sequence similarity 100%) and Paraburkholderia fungorum (sequence similarity 100%) in the upper part-related module. Eleven different Massilia ASVs were observed, and only one Massilia ASV (ASV17) was identified as Massilia aurea (sequence similarity 100%; Supplementary Figure S3), while the other Massilia ASVs had lower sequence similarity (98.5%–99.7%) with other isolated strains. Massilia spp. had a large number of recurrent connections with Hymenobacter, Sphingomonas, Microbacteriaceae, and Kinecoccus in the dead leaf-related module. ASVs belonging to Rhizobiales, especially Devosia, were major components in the root-related module. A large number of recurrent connections were observed among Caulobacter, Sphingomonas, Sphingopyxis, and Mesorhizobium in the root-related module. Six different Massilia ASVs were also found in the root-related module; however, these ASVs were identified as a group of Massilia atriviolacea (sequence similarity 98.6%–100%). The appearance ratio also supported the results of the recurrent network (Table 2). For instance, R. pickettii (ASV1) and Paraburkholderia fungorum (ASV2) were found in over 95% of the phyllosphere samples. In the dead leaf microbiome, Rhodococcus (ASV9) and Sphingomonas (ASV18) appeared in more than 90% of samples.

[image: Figure 4]

FIGURE 4. Structure of site-dependent networks and recurrent network. (A) Site-dependent networks. The node colors represent the composition of holobiont components in each ASV. The node size represents the average total relative abundance. (B) Recurrent network. The thickness of edges represents the recurrence. Diamond nodes represent core taxa.




TABLE 3. Topological characteristics of microbial networks.
[image: Table3]



Ecological Function Analysis by Using PICRUSt2

A total of 7,902 KEGG Orthologies and 441 MetaCyc pathways were predicted in the samples by using PICRUSt2 analysis. The NMDS ordination based on KEGG Orthologies showed that samples were clustered according to the holobiont components, especially in the bulk soil, rhizosphere, and dead leaf samples (Supplementary Figure S3). The predicted functional pathways were consistent for each category in the soil, rhizosphere, and dead leaf samples (Figure 5). Most of the predicted pathways were more expressed in the rhizosphere and dead leaf samples. For instance, pathways related to the degradation of carbohydrates, amino acids, amines, carboxylate, polyamines, aromatic compounds, fatty acids, lipids, and polymeric compounds were more active in dead leaf samples. Pathways involved in inorganic nutrient metabolism and the degradation of secondary metabolites were more active in rhizosphere samples than in bulk soil samples, while functions related to the utilization of C1 compounds and the assimilation and degradation of polymeric compounds were more active in bulk soil samples. In the phyllosphere samples, pathways related to photosynthesis, carboxylate degradation, fermentation, and degradation of aromatic compounds were predicted to be major pathways.

[image: Figure 5]

FIGURE 5. Heatmap of hierarchical clustering of functional groups predicted by Picrust2 analysis.




Structural Equation Model

A SEM was constructed to test a hypothetical link between holobiont components, environmental parameters, and representative bacterial groups (Figure 6). We compared several candidate models, and selected the best fitting model. The final SEM had a χ2 test statistic of 33.9 with 33 degrees of freedom, an RMSEA of 0.037, CFI of 0.993, TLI of 0.980, and SRMR of 0.047 (Figure 6). These indices of fit indicated that the model operated within the acceptable limits, and had a good fit for its purpose. Overall, the model explained 59%–75% of the variance in above-ground holobiont components and the primary root microbiome, while explaining 31%–36% of the variance in bulk soil and the lateral root microbiome. The model identified pH as a major driver of the bulk soil microbiome. Representative groups of bacteria from the recurrent network significantly affected the microbial community of the holobiont. Ralstonia, Rhizobium, and Massilia were the strongest drivers of the microbial community in the phyllosphere, rhizosphere, and bulk soil microbiome, respectively (Figure 6). However, the lateral root microbiome was only affected by individual plant and site. The relationships among the holobiont components showed that the caulosphere was strongly influenced by the primary root and lower leaf microbiome, and in the case of dead leaves, the soil and the caulosphere were direct drivers. The carposphere was found to be significantly affected by the anthosphere, and no factors affecting the anthosphere were found.

[image: Figure 6]

FIGURE 6. Structural equation model (SEM) showing the relationships among holobiont components, environmental factors, and representatives groups of bacteria. The solid arrows represent the positive effects, while dotted arrows represent the negative effects. The width of the arrows indicates the strength of the effect. ***p < 0.001; **p < 0.01; *p < 0.05.





DISCUSSION

Plants always coexist and interact with various microorganisms in natural ecosystems, and the importance of the microbiome in different holobiont components is being increasingly realized (Vandenkoornhuyse et al., 2015; Sánchez-Cañizares et al., 2017). Many studies have been performed to investigate the relationship between B. napus and its microbiome (Taye et al., 2019; Bell et al., 2021; Morales Moreira et al., 2021). However, most of this research has been conducted on plants grown in cultivated fields, rather than in natural ecosystems, such as grassland. A variety of plants and microorganisms coexist and show more intensive interactions in the natural ecosystem than in cultivated fields (Chen et al., 2015; Arunkumar et al., 2019). To our knowledge, few studies focused on the microbial diversity of dead leaves, especially on the fungal diversity on dead leaves of woody plants, in natural ecosystems (U’Ren and Arnold, 2016; Guerreiro et al., 2018). Almost no studies focused on the bacterial community on dead leaves of herbaceous plants. We observed significant differences in microbial community structure and diversity among the different types of holobiont components (Figures 1D, 3B), indicating that the plant holobiont components are a major selective force that shapes the structure of the plant-associated microbiome. Cregger et al. (2018) and Trivedi et al. (2020) showed that prokaryotic diversity increased from leaf, to caulosphere, to rhizosphere, to bulk soil habitats. Consistently, a rapid decrease in diversity from bulk soil to rhizosphere and then to plant phyllosphere was observed in this study (Figure 3B). Higher values of diversity indexes were observed in the dead leaf microbiome than in the other phyllosphere components. The diversity of the leaf microbiome has been reported to be relatively constant, with a slight increase over time (Wagner et al., 2016). However, when defense mechanisms and metabolic activity decrease in old leaves, a rapid shift in the microbial community occurs in the leaf microbiome (Mora-Gómez et al., 2016). We found that ASVs belonging to Massilia were abundant in the dead leaf microbiome, and Ralstonia ASVs were a major group in the healthy leaf microbiome. The two groups showed different patterns of co-occurrence (Figure 2B). Massilia is a well-known rhizospheric bacterium, which plays a key role in the succession of microbes in the early stages of the rhizosphere (Ofek et al., 2012). Massilia has also been identified as a network hub, and contributes to forming distinct microbiomes according to the host plants (Lewin et al., 2021). In this study, a phylogenic tree of the top 20 ASVs of Massilia indicated that distinct clusters of the dead leaf- or rhizosphere-related Massilia spp. existed (Supplementary Figure S3). Massilia correlated with Sphingomonas, Hymenobacter, Kineococcus, and Pseudomonas in the dead leaf microbiome (Figure 4B). Herrmann et al. (2021) showed that harsh environmental conditions, such as UV radiation, desiccation, precipitation, and low nutrient conditions, appear to be the driving force of the dominance of Massilia, Hymenobacter, and Kineococcus in the phyllosphere. These results suggested that unique Massilia ASVs are present in different parts of the holobiont. These microbes could be more adaptable for the aging of plant leaves and lead the transition of the whole microbial community structures of dead leaf microbiome in B. napus (Figure 6).

Functional profiles suggested that the dead leaf microbiome was involved in various degradation processes (Figure 5). The quality of the initial litter, and environmental variables, are critical factors that influence microbial degradation (Bray et al., 2012; Bani et al., 2018). For example, insecticidal proteins produced by a genetically modified plant remain in the litter and affect the surrounding biome, reducing the leaf decomposition rate compared to that of non-transgenic plants (Donegan et al., 1997; Flores et al., 2005). Taken together, these results indicate that the effect of insecticidal proteins on specific Massilia sp. should be considered in the environmental risk assessment of genetically modified plants.

Unlike other plant holobiont components, the flower is a transient microhabitat that interacts with a variety of organisms, such as pollinators and nectar robbers (Vannette, 2020). However, in this study we did not find any recurrent patterns related to the anthosphere. An unclassified Corynebacteriales ASV, ASV68, appeared in 40% of anthosphere samples, but did not appear in other components. The BLAST result showed that ASV68 had 100% similarity with the uncultured bacterial clones KF600023, KF599927, KF599867, and KF599666, which were obtained from beebread produced by honey bees (Apis mellifera; Anderson et al., 2013). Gilliamella sp. (ASV31), known to be a honey bee gut symbiont, was also found in up to 86% of anthosphere samples from Gurye (Zheng et al., 2016). These results suggest that these bacteria were derived from honey bees and could be used as indicator species for the identification of visitation by honey bees. In this study, five different ASVs belonging to the genus Wolbachia were found in the phyllosphere. The genus Wolbachia is one of the most dominant arthropod endosymbionts, and some species belonging to the genus Wolbachia could be transferred to the plants from the host during physical contact between arthropod and plant (Sanaei et al., 2021). Wolbachia can persist within or on the surface of the plant for at least 50 days, and can be transferred to new hosts (Li et al., 2017). Flowers can also be used as an entry route for plant pathogenic bacteria. For example, Erwinia persicina (ASV13), known to be a phytopathogenic bacterium (Zhang and Nan, 2014), was predominant in three anthosphere samples (16%–99%) from Naju (Figure 2B). These results suggest that plant holobiont analysis is essential to understanding these complex interactions in the natural ecosystem, and plants serve as an ecological platform which connects the insect and plant microbiomes (Liu et al., 2019).

Since soil environmental conditions are highly heterogeneous, soil microbiomes can have a wide range of unique microbial assemblages (Fierer, 2017). However, plant roots and related microbes interact with the surrounding soil microbes to form a relatively constant rhizosphere, in contrast to the bulk soil microbiome (Philippot et al., 2013). Consistent with previous results (Praeg and Illmer, 2020), we found that the phylum Bacteroidetes was significantly more abundant in rhizosphere soils than in bulk soil (Figure 2A). Interactions within the bulk soil microbiome were evident in the site-specific networks (Figure 4A), but not in the recurrent network (Figure 4B). This result suggested that the interactions within the bulk soil microbiome were highly site-specific; however, the interactions within rhizosphere microbes are relatively consistent.

Plant species harbor unique, persistent, core and hub microbes, and these microbes provide useful information about plant fitness and productivity (Trivedi et al., 2020). Taye et al. (2019) and Floc’h et al. (2020) revealed that there are some core microbes, such as Arthrobacter, Bradyrhizobium, Pseudarthrobacter, and Stenotrophomonas, in the rhizosphere of B. napus grown in the field. Consistently, Pseudarthrobacter (ASV6 and ASV12) and Bradyrhizobium (ASV14 and ASV89) were also appeared more than 70% in the rhizosphere samples of feral B. napus (Figure 4; Table 2). ASV172 (Caulobacter sp.) and ASV186 (Duganella sp.) appeared in more than 80% of the rhizosphere samples and <4% of the bulk soil samples. Due to the limitations of the sampling methods, bulk soils usually contain soil particles separated from the roots. Therefore, these results implied that these species could be specialists in the root endosphere, but the origin of these species remains unclear.

All components of a plant are interconnected, and the movement of microbes through the inside and outside of a plant plays an important role in the formation and maintenance of plant holobionts (Kumar et al., 2020). The stem connects the root and the leaf, and most microbial movement is expected to occur through the stem (Zinniel et al., 2002). In this study, the model showed that the microbial structure of different holobiont components influenced the different parts of the holobiont (Figure 6). For example, the caulosphere was influenced by the rhizosphere, and affected the dead leaf microbiome. Representative bacterial groups, such as Ralstonia, Massilia, and Rhizobium, were also identified as major drivers of the formations of holobionts. However, ~37% of ASVs were only found in a single holobiont component, while 2.3% of ASVs were found in at least four different holobiont components, an observation which suggests that even though bacterial strains can translocate to different components of the holobiont, most of them prefer to specialize in a specific habitat. Therefore, the above representative bacterial groups appear to be consistent across regions, and these microbes contribute to build the complex holobiont through the caulosphere.

Alkanes, fatty acids, and phenolic compounds are the major phytochemical groups in the leaves of Brassica species (Velasco et al., 2011; Tassone et al., 2016). Some phenolic compounds and fatty acids have antibacterial activity, and play roles in plant-bacterium signaling in the plant microbiome (McGaw et al., 2002; Pereira et al., 2007; Mandal et al., 2010). The composition of phytochemical compounds is thus one of the major driving forces in the succession of the leaf microbiome. The microbiome of the phyllosphere possessed metabolic abilities related to the fermentation and degradation of carboxylate, fatty acids, lipids, and aromatic compounds (Figure 5). Ralstonia pickettii (ASV1), the most abundant species in the phyllosphere in this study, prefers an oligotrophic environment, and metabolizes various compounds as energy and carbon sources using multi-enzyme pathways such as the Tbu pathway (Mandal et al., 2010). Paraburkholderia fungorum, the second most abundant species identified in the phyllosphere in this study, is known to be a multifunctional plant probiotic, increasing the productivity and quality of strawberry fruits, and possessing antagonistic activities against major phytopathogens (Rahman et al., 2018). The consistent co-occurrence of R. pickettii and Paraburkholderia fungorum could be the foundation of the maintenance and activity of the leaf microbiome of B. napus (Figure 4).



CONCLUSION

We found that the microbial community structure and diversity were significantly different in different components of the plant holobiont. The microbial structure of the different holobiont components influenced the different parts of the holobiont. Despite the long distance between sampling sites, each individual holobiont and its core microbes (mostly the representative bacterial groups) were relatively constant across the region, indicating that the plant species itself, directly or indirectly via its core microbes, determine their own microbiome. Representative bacterial groups, such as Ralstonia, Massilia, and Rhizobium clusters, were one of the major drivers of the formation of the holobionts of B. napus. The anthosphere possessed distinct microbial groups, which posed as the ecological platform of arthropod-plant-bacteria interactions in natural ecosystem. To summarize, each holobiont component was organically connected, and microbes, especially the core microbes, in plant holobiont exhibited holobiont-specific recurrent interaction patterns that are essential for the survival and coexistence of plant microbes in natural ecosystems.



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 at: https://www.ncbi.nlm.nih.gov/, PRJNA816676.



AUTHOR CONTRIBUTIONS

S-JC analyzed the data, wrote the manuscript, conceived and supervised the study. S-HY performed the field sampling. YC verified the analytical methods and analyzed the data. JL conceived and supervised the study. All authors contributed to the article and approved the submitted version.



FUNDING

This research was supported by the National Institute of Ecology (NIE) funded by the Ministry of Environment (MOE) of the South Korea (NIE-A-2022-10).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2022.920759/full#supplementary-material



ABBREVIATIONS

ANOSIM, Analysis of similarity; ASV, Amplicon sequence variants; EC, Enzyme Classification; NIAST, National Institute of Agricultural Science and Technology; NMDS, Non-metric multidimensional scaling; PERMANOVA, Permutational multivariate analysis of variance; RMSEA, Root mean square error of approximation; SEM, Structural equation model; SRA, Sequence Read Archive; SRMR, Standardized root mean square residual.


FOOTNOTES

1https://benjjneb.github.io/dada2/tutorial.html (Accessed: November 2021).

2https://bioinformatics.psb.ugent.be/webtools/Venn



REFERENCES

 Anderson, K. E., Sheehan, T. H., Mott, B. M., Maes, P., Snyder, L., Schwan, M. R., et al. (2013). Microbial ecology of the hive and pollination landscape: bacterial associates from floral nectar, the alimentary tract and stored food of honey bees (Apis mellifera). Phytochemical fingerprinting of vegetable Brassica oleracea and Brassica napus by simultaneous identification of glucosinolates and phenolics. PLoS One 8:e83125. doi: 10.1371/journal.pone.0083125 

 Arunkumar, N., Rakesh, S., Rajaram, K., Kumar, N. R., and Durairajan, S. S. K. (2019). Plant Microbe Interface. Cham: Springer, 309–324.

 Assenov, Y., Ramírez, F., Schelhorn, S. E., Lengauer, T., and Albrecht, M. (2008). Computing topological parameters of biological networks. Bioinformatics 24, 282–284. doi: 10.1093/bioinformatics/btm554 

 Bani, A., Pioli, S., Ventura, M., Panzacchi, P., Borruso, L., Tognetti, R., et al. (2018). The role of microbial community in the decomposition of leaf litter and deadwood. Appl. Soil Ecol. 126, 75–84. doi: 10.1016/j.apsoil.2018.02.017

 Bell, J. K., Helgason, B., and Siciliano, S. D. (2021). Brassica napus phyllosphere bacterial composition changes with growth stage. Plant Soil 464, 501–516. doi: 10.1007/s11104-021-04965-2

 Bray, S. R., Kitajima, K., and Mack, M. C. (2012). Temporal dynamics of microbial communities on decomposing leaf litter of 10 plant species in relation to decomposition rate. Soil Biol. Biochem. 49, 30–37. doi: 10.1016/j.soilbio.2012.02.009

 Callahan, B. J., McMurdie, P. J., Rosen, M. J., Han, A. W., Johnson, A. J. A., and Holmes, S. P. (2016). DADA2: high-resolution sample inference from Illumina amplicon data. Nat. Methods 13, 581–583. doi: 10.1038/nmeth.3869 

 Caspi, R., Altman, T., Billington, R., Dreher, K., Foerster, H., Fulcher, C. A., et al. (2014). The MetaCyc database of metabolic pathways and enzymes and the BioCyc collection of pathway/genome databases. Nucleic Acids Res. 42, D459–D471. doi: 10.1093/nar/gkt1103 

 Chen, Y. H., Gols, R., Stratton, C. A., Brevik, K. A., and Benrey, B. (2015). Complex tritrophic interactions in response to crop domestication: predictions from the wild. Entomol. Exp. Appl. 157, 40–59. doi: 10.1111/eea.12344

 Chun, S. J., Cui, Y., Lee, C. S., Cho, A. R., Baek, K., Choi, A., et al. (2019). Characterization of distinct cyanoHABs-related modules in microbial recurrent association network. Front. Microbiol. 10:1637. doi: 10.3389/fmicb.2019.01637 

 Cregger, M. A., Veach, A. M., Yang, Z. K., Crouch, M. J., Vilgalys, R., Tuskan, G. A., et al. (2018). The Populus holobiont: dissecting the effects of plant niches and genotype on the microbiome. Microbiome 6:31. doi: 10.1186/s40168-018-0413-8 

 Donegan, K., Seidler, R., Fieland, V., Schaller, D., Palm, C., Ganio, L., et al. (1997). Decomposition of genetically engineered tobacco under field conditions: persistence of the proteinase inhibitor I product and effects on soil microbial respiration and protozoa, nematode and microarthropod populations. J. Appl. Ecol. 34, 767–777.

 Douglas, G. M., Maffei, V. J., Zaneveld, J. R., Yurgel, S. N., Brown, J. R., Taylor, C. M., et al. (2020). PICRUSt2 for prediction of metagenome functions. Nat. Biotechnol. 38, 685–688. doi: 10.1038/s41587-020-0548-6 

 Fierer, N. (2017). Embracing the unknown: disentangling the complexities of the soil microbiome. Nat. Rev. Microbiol. 15, 579–590. doi: 10.1038/nrmicro.2017.87 

 Fitzpatrick, C. R., Lu-Irving, P., Copeland, J., Guttman, D. S., Wang, P. W., Baltrus, D. A., et al. (2018). Chloroplast sequence variation and the efficacy of peptide nucleic acids for blocking host amplification in plant microbiome studies. Microbiome 6:144. doi: 10.1186/s40168-018-0534-0 

 Floc’h, J. B., Hamel, C., Lupwayi, N., Harker, K. N., Hijri, M., and St-Arnaud, M. (2020). Bacterial communities of the canola rhizosphere: Network analysis reveals a core bacterium shaping microbial interactions. Front. Microbiol. 11:1587. doi: 10.3389/fmicb.2020.01587

 Flores, S., Saxena, D., and Stotzky, G. (2005). Transgenic Bt plants decompose less in soil than non-Bt plants. Soil Biol. Biochem. 37, 1073–1082. doi: 10.1016/j.soilbio.2004.11.006

 Guerreiro, M. A., Brachmann, A., Begerow, D., and Peršoh, D. (2018). Transient leaf endophytes are the most active fungi in 1-year-old beech leaf litter. Fungal Divers. 89, 237–251. doi: 10.1007/s13225-017-0390-4

 Hassani, M. A., Durán, P., and Hacquard, S. (2018). Microbial interactions within the plant holobiont. Microbiome 6:58. doi: 10.1186/s40168-018-0445-0 

 Herrmann, M., Geesink, P., Richter, R., and Küsel, K. (2021). Canopy position has a stronger effect than tree species identity on phyllosphere bacterial diversity in a floodplain hardwood forest. Microb. Ecol. 81, 157–168. doi: 10.1007/s00248-020-01565-y 

 Humphries, M. D., and Gurney, K. (2008). Network “small-world-ness”: a quantitative method for determining canonical network equivalence. PLoS One 3:e0002051. doi: 10.1371/journal.pone.0002051 

 Hurlbert, S. H. (1971). The nonconcept of species diversity: a critique and alternative parameters. Ecology 52, 577–586. doi: 10.2307/1934145 

 Kim, I. R., Lim, H. S., Choi, W., Kang, D. I., Lee, S. Y., and Lee, J. R. (2020). Monitoring living modified canola using an efficient multiplex PCR assay in natural environments in South Korea. Appl. Sci. 10:7721. doi: 10.3390/app10217721

 Kumar, A., Droby, S., Singh, V. K., Singh, S. K., and White, J. F. (2020). Microbial Endophytes. San Diego, CA: Elsevier, 1–33.

 Kumar, S., Stecher, G., Li, M., Knyaz, C., and Tamura, K. (2018). MEGA X: molecular evolutionary genetics analysis across computing platforms. Mol. Biol. Evol. 35, 1547–1549. doi: 10.1093/molbev/msy096 

 Kurtz, Z. D., Müller, C. L., Miraldi, E. R., Littman, D. R., Blaser, M. J., and Bonneau, R. A. (2015). Sparse and compositionally robust inference of microbial ecological networks. PLoS Comp. Biol. 11:e1004226. doi: 10.1371/journal.pcbi.1004226 

 Lewin, S., Francioli, D., Ulrich, A., and Kolb, S. (2021). Crop host signatures reflected by co-association patterns of keystone Bacteria in the rhizosphere microbiota. Environ. Microbiome. 16:18. doi: 10.1186/s40793-021-00387-w 

 Li, S. J., Ahmed, M. Z., Lv, N., Shi, P. Q., Wang, X. M., Huang, J. L., et al. (2017). Plantmediated horizontal transmission of Wolbachia between whiteflies. ISME J. 11, 1019–1028. doi: 10.1038/ismej.2016.164 

 Liu, H., Macdonald, C. A., Cook, J., Anderson, I. C., and Singh, B. K. (2019). An ecological loop: host microbiomes across multitrophic interactions. Trends Ecol. Evol. 34, 1118–1130. doi: 10.1016/j.tree.2019.07.011 

 Lombardo, L., Trenti, M., and Zelasco, S. (2020). GMOs. Cham: Springer, 35–68.

 Lugtenberg, B., and Kamilova, F. (2009). Plant-growth-promoting rhizobacteria. Annu. Rev. Microbiol. 63, 541–556. doi: 10.1146/annurev.micro.62.081307.162918

 Mandal, S. M., Chakraborty, D., and Dey, S. (2010). Phenolic acids act as signaling molecules in plant-microbe symbioses. Plant Signal. Behav. 5, 359–368. doi: 10.4161/psb.5.4.10871 

 McGaw, L., Jäger, A., and Van Staden, J. (2002). Antibacterial effects of fatty acids and related compounds from plants. S. Afr. J. Bot. 68, 417–423. doi: 10.1016/S0254-6299(15)30367-7

 Mora-Gómez, J., Elosegi, A., Duarte, S., Cássio, F., Pascoal, C., and Romaní, A. M. (2016). Differences in the sensitivity of fungi and bacteria to season and invertebrates affect leaf litter decomposition in a Mediterranean stream. FEMS Microbiol. Ecol. 92:fiw121. doi: 10.1093/femsec/fiw121 

 Morales Moreira, Z. P., Helgason, B. L., and Germida, J. J. (2021). Environment has a stronger effect than host plant genotype in shaping spring Brassica napus seed microbiomes. Phytobiomes J. 5, 220–230. doi: 10.1094/PBIOMES-08-20-0059-R

 Mori, H., Maruyama, F., Kato, H., Toyoda, A., Dozono, A., Ohtsubo, Y., et al. (2014). Design and experimental application of a novel non-degenerate universal primer set that amplifies prokaryotic 16S rRNA genes with a low possibility to amplify eukaryotic rRNA genes. DNA Res. 21, 217–227. doi: 10.1093/dnares/dst052 

 NIAST. (2000). Methods of Soil and Plant Analysis. Suwon: National Institute of Agricultural Sciences and Technology.

 Ofek, M., Hadar, Y., and Minz, D. (2012). Ecology of root colonizing Massilia (Oxalobacteraceae). PLoS One 7:e40117. doi: 10.1371/journal.pone.0040117 

 Oksanen, J., Blanchet, F. G., Kindt, R., Legendre, P., Minchin, P. R., O’Hara, R., et al. (2013). Package “vegan”. Community ecology package, version 2(9). 1–295.

 Pereira, A. P., Ferreira, I. C., Marcelino, F., Valentão, P., Andrade, P. B., Seabra, R., et al. (2007). Phenolic compounds and antimicrobial activity of olive (Olea europaea L. Cv. Cobrançosa) leaves. Molecules 12, 1153–1162. doi: 10.3390/12051153 

 Philippot, L., Raaijmakers, J. M., Lemanceau, P., and Van Der Putten, W. H. (2013). Going back to the roots: the microbial ecology of the rhizosphere. Nat. Rev. Microbiol. 11, 789–799. doi: 10.1038/nrmicro3109 

 Praeg, N., and Illmer, P. (2020). Microbial community composition in the rhizosphere of Larix decidua under different light regimes with additional focus on methane cycling microorganisms. Sci. Rep. 10:22324. doi: 10.1038/s41598-020-79143-y 

 Quast, C., Pruesse, E., Yilmaz, P., Gerken, J., Schweer, T., Yarza, P., et al. (2013). The SILVA ribosomal RNA gene database project: improved data processing and web-based tools. Nucleic Acids Res. 41, D590–D596. doi: 10.1093/nar/gks1219 

 R Core Team. (2013). R: A Language and Environment for Statistical Computing.

 Rahman, M., Sabir, A. A., Mukta, J. A., Khan, M., Alam, M., Mohi-ud-Din, M., et al. (2018). Plant probiotic bacteria Bacillus and Paraburkholderia improve growth, yield and content of antioxidants in strawberry fruit. Sci. Rep. 8:1. doi: 10.1038/s41598-018-20235-1

 Rochefort, A., Briand, M., Marais, C., Wagner, M.-H., Laperche, A., Vallée, P., et al. (2019). Influence of environment and host plant genotype on the structure and diversity of the Brassica napus seed microbiota. Phytobiomes J. 3, 326–336. doi: 10.1094/PBIOMES-06-19-0031-R

 Rosseel, Y, Oberski, D, Byrnes, J, Vanbrabant, L, Savalei, V, Merkle, E , et al. (2017). Package “lavaan”. Retrieved 17 Jun, 2017.

 Sanaei, E., Charlat, S., and Engelstädter, J. (2021). Wolbachia host shifts: routes, mechanisms, constraints and evolutionary consequences. Biol. Rev. Camb. Philos. Soc. 96, 433–453. doi: 10.1111/brv.12663 

 Sánchez-Cañizares, C., Jorrín, B., Poole, P. S., and Tkacz, A. (2017). Understanding the holobiont: the interdependence of plants and their microbiome. Curr. Opin. Microbiol. 38, 188–196. doi: 10.1016/j.mib.2017.07.001 

 Schermelleh-Engel, K., Moosbrugger, H., and Müller, H. (2003). Evaluating the fit of structural equation models: tests of significance and descriptive goodness-of-fit measures. Methods Psychol. Res. 8, 23–74.

 Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: a software environment for integrated models of biomolecular interaction networks. Genome Res. 13, 2498–2504. doi: 10.1101/gr.1239303 

 Tassone, E. E., Lipka, A. E., Tomasi, P., Lohrey, G. T., Qian, W., Dyer, J. M., et al. (2016). Chemical variation for leaf cuticular waxes and their levels revealed in a diverse panel of Brassica napus L. Ind. Crop. Prod. 79, 77–83. doi: 10.1016/j.indcrop.2015.10.047

 Taye, Z. M., Helgason, B. L., Bell, J. K., Norris, C. E., Vail, S., Robinson, S. J., et al. (2019). Core and differentially abundant bacterial taxa in the rhizosphere of field grown Brassica napus genotypes: implications for canola breeding. Front. Microbiol. 10:3007. doi: 10.3389/fmicb.2019.03007 

 Tosadori, G., Bestvina, I., Spoto, F., Laudanna, C., and Scardoni, G. (2016). Creating, generating and comparing random network models with NetworkRandomizer. F1000Res 5:2524. doi: 10.12688/f1000research.9203.3 

 Trivedi, P., Leach, J. E., Tringe, S. G., Sa, T., and Singh, B. K. (2020). Plant–microbiome interactions: from community assembly to plant health. Nat. Rev. Microbiol. 18, 607–621. doi: 10.1038/s41579-020-0412-1 

 U’Ren, J. M., and Arnold, A. E. (2016). Diversity, taxonomic composition, and functional aspects of fungal communities in living, senesced, and fallen leaves at five sites across North America. PeerJ 4:e2768. doi: 10.7717/peerj.2768 

 Vandenkoornhuyse, P., Quaiser, A., Duhamel, M., Le Van, A., and Dufresne, A. (2015). The importance of the microbiome of the plant holobiont. New Phytol. 206, 1196–1206. doi: 10.1111/nph.13312

 Vannette, R. L. (2020). The floral microbiome: plant, pollinator, and microbial perspectives. Annu. Rev. Ecol. Evol. Syst. 51, 363–386. doi: 10.1146/annurev-ecolsys-011720-013401

 Velasco, P., Francisco, M., Moreno, D. A., Ferreres, F., García-Viguera, C., and Cartea, M. E. (2011). Phytochemical fingerprinting of vegetable Brassica oleracea and Brassica napus by simultaneous identification of glucosinolates and phenolics. Phytochem. Anal. 22, 144–152. doi: 10.1002/pca.1259 

 Wagner, M. R., Lundberg, D. S., Del Rio, T. G., Tringe, S. G., Dangl, J. L., and Mitchell-Olds, T. (2016). Host genotype and age shape the leaf and root microbiomes of a wild perennial plant. Nat. Commun. 7, 1–15.

 Zhang, Z., and Nan, Z. (2014). Erwinia persicina, a possible new necrosis and wilt threat to forage or grain legumes production. Eur. J. Plant Pathol. 139, 349–358. doi: 10.1007/s10658-014-0390-0

 Zheng, H., Nishida, A., Kwong, W. K., Koch, H., Engel, P., Steele, M. I., et al. (2016). Metabolism of toxic sugars by strains of the bee gut symbiont Gilliamella apicola. MBio 7, e01326–e01316. doi: 10.1128/mBio.01326-16 

 Zinniel, D. K., Lambrecht, P., Harris, N. B., Feng, Z., Kuczmarski, D., Higley, P., et al. (2002). Isolation and characterization of endophytic colonizing bacteria from agronomic crops and prairie plants. Appl. Environ. Microbiol. 68, 2198–2208. doi: 10.1128/AEM.68.5.2198-2208.2002 


Conflict of Interest: The 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.

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.

Copyright © 2022 Chun, Cui, Yoo and Lee. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fmicb-13-920759-g005.jpg
W Bulk, Soil 1 Caulosphere
M Lateral root M Lower leaf
W Primary root [ Upper leaf’
M Dead leaf [ Anthosphere
[ ] Carposphere

ization and Assimilation

i
{istdine, pune,and pyimidine biosynihesis
_ Photosynifesis

ghean Biosmivc
§ 2enosyl-L-meihionine biosynthesis
sparaic Supepaiivay
Amnaci g

Gheolyss andihe T Doudoroft pathway

x e

L oyl e
Gieolyrs Fyruvme dedrogenase, TCA, and ghorylae bypass
dlyamine Biosymihesis
e Digmdaion
Nucleic Acid Processin

‘Amine and Polyaiine Degradatio
({:lnclcnud:ga ‘Begradation

Lire Biosynthesis

Compound Degradation

' [SRS L —
e Ack Biosihe

Cofictor, Prosthetic Jectron Carrier, and Viamin Biosynihesis

Noriouriae i Nocloon” ¥ piosyiess

Fatly Acid and Lipd Biosynthe

-

Priney ot Seowtn (-9
Dead e, Sanghs (-
Anlbospoer, Seostn (-9
‘Capotbers, Sangit (-9
Cposber, Sonim (59





OPS/images/fmicb-13-920759-g006.jpg
7=33.9,P=042,df=33
CFI =0.993, TLI = 0.980,
RMSEA = 0.037, SRMR = 0.047

0.84"

0.54™

Dead leaf

Bulk soil
R=0.36






OPS/images/fmicb-13-920759-g003.jpg
Bulk soil

Caulosphere,
anthosphere,
and carposphere

Lower and upper leaf

Lateral and primary root

T

8

S
o

Shannon Diversity Index

Species richness
H g 8

3






OPS/images/fmicb-13-920759-g004.jpg
A Site-dependent sparCC networks
Buyeo  » .

Recurrent network (appeared 23/5)

— Anthosphers =
Upper part-related
Carpospiere i

L Y

Uppeskat

Dead leaf-related
‘module
Y

[re—
355

—

Root-related module
5 -

W Bulk soil B Lateral root M Prirmary root B Dead leaf  Caulosphere M Lower leaf 1 Upper leaf 11 Anthospherc M Carposphore

Upper part-related module
(Caulosphere, upper and oer e, anhosphers,seresphers)  Ront-related module (Bulk sl sl nd pivery o)

v

Recurrence Bacterial orde
[ Burkholderiales (] Cytophagales g Pseudomonadales g Sphingobacteriales
¥ a5 s BCsalibacionaics @ Microooconles. | @ithizobiala:






OPS/images/fmicb-13-920759-t003.jpg
Topological
characteristics

Nodes
Edges

Diameter

Average number of
neighbors

Network density

Network heterogeneity
Network heterogeneity,
random

Centralization
Centralization, random
Average clustering
coefficient (C)

Clustering coefficient,
random (C)
Characteristic path length
L

Characteristic path length,

random (L)

C/C,

L

Smail-world coefficient
SW)

Buyeo
355
1,542
1065
004
035
016
042
003

52

Gurye
370
1,434
85
003
102
036
0.12
043
002
49
31
215

13.6

Naju
280
1,044
892
005

0.97
0.38

33

13

10.3

Sangju
328
992
6.86
003
093
0.41
0.1
043
002
54
3.4

215

135

Seosan

340

784

503

0.02

0.92

0.48

0.09

0.02

0.02

53

39

17.0

12,5

MRAN (3/5)
116
21
4.16
007
097
044
023
016
002
327

38





OPS/images/fmicb-13-920759-t001.jpg
Sites Gurye (n=5) Naju (n=5) Buyeo (n1=4) Sangju (n=5) Seosan (1=5)
Organic matter (%) 28+10 30:21 1703 1308 24210
Total nitrogen (%) 0122004 012008 0080.02 0,06 0.03 0112005
AP (mg/kg) 147.8+399 997389 1268 £ 496 579:178 736+183
Ex. K (cmol/kg) 0.21£0.06 031017 0.29 £ 0.02 0.13+0.04 035024
Ex. Ca (cmolkg) 47:18 77224 77564 20£02 58+18
Ex. Mg (cmol/kg) 0442022 092051 083201 036+0.10 083+0.29
Ex. Na (cmolkg) 0142002 0212006 0102002 014001 0132002
CEG (cmolrkg) 70£14 90£45 78+03 44520 81:20
pH 66+06 6807 70£07 57£02 6604
EC (dS/m) 0076 +0.020 01430072 0003+ 0,054 0043 0012 0099 +0.058
NaCl (%) 0008 +0.001 0,006 0,002 0002 +0.000 0,008 £ 0.001 0004 0,001
Sand (%) 762269 60.416.1 598+1.3 80837 6812116
Sit (%) 12138 2272110 206227 94x12 171584
Clay (%) 17232 16855 156£21 9824 14833

Values are mean = standard deviation. EX, exchangeable; CEC, cation-exchange capacity: AR available phosphorus; EC, electrical conductivity.
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ASVs BS LR PR oL Cau uL T Ant Car Coretaxa Taxonomy (Class; Genus)

ASV1 13 8 58 74 %2 100 100 100 100 o Gammaproteobacteria; Ralstonia
pickettii

ASV2 0 0 29 70 %2 100 % 7 100 o Gammaproteobacteria;
Paraburkholderia fungorum

ASV4 21 17 21 83 2 17 8 8 0 o Gammaproteobacteria; Pseudomonas
viicilava

ASVS 4 8 21 78 8 8 4 0 4 o Gammaproteobacteria; Pseudomonas

ASV6 100 100 100 52 54 2 17 33 17 Actinobacteria; Pseudarthrobacter

ASV7 63 92 75 52 a2 17 13 21 4 Bacill; Bacillus

ASV 75 8 88 100 63 46 29 33 38 Actinobacteria; Rhodococcus

ASV10 % 100 % 65 67 2 17 25 17 Bacili; Bacills

ASV11 4 0 13 65 8 7 21 42 58 o Actinobacteria; Cutibacterium

ASV12 100 88 % 57 17 29 29 17 21 Actinobacteria; Pseudarthrobacter

ASV14 100 100 100 43 33 25 13 25 8 Alphaproteobacteria; Bradyrhizobium

ASVIT 0 o 0 74 17 21 4 8 0 o Gammaproteobacteria; Massita

ASV18 21 4 2 91 46 8 8 13 8 o Alphaproteobacteria; Sphingomonas

ASv21 0 0 4 74 8 17 8 4 0 o Gammaproteobacteria; Massifa aurea

ASV29 % % 75 39 67 17 8 25 13 Bacili; Bacills

ASV45 13 25 8 87 13 o 17 21 17 Alphaproteobacteria; Rhizobium cluster

ASV49 50 46 33 70 21 21 17 17 0 Bacteroidia; Pedobacter agri

ASVSB 58 100 88 4 13 4 0 4 8 o Alphaproteobacteria; Caulobacter

ASV59 88 % 88 9 8 13 0 0 8 o Alphaproteobacteria; Devosia

ASVE3 8 8 13 78 17 17 0 13 8 o Actinobacteria; NA

ASVE3 46 %2 2 0 13 4 0 0 4 o Alphaproteobacteria; Sphingopyxis

ASVET 88 100 6 4 21 4 0 0 0 Actinobacteria; Streptomyces

ASVE9 100 100 2 17 13 0 4 0 0 o Alphaproteobacteria; Bradyrhizobium

ASVO6 29 83 %2 0 4 0 0 0 0 o Alphaproteobacteria; Sphingomonas

ASV123 21 92 il 4 8 0 o o 0 [ ] Alphaproteobacteria; Mesorhizobium

ASV129 38 %2 7 4 0 0 0 0 0 o Actinobacteria; Streptomyces

ASV154 79 100 2 4 0 0 0 4 0 o Alphaproteobacteria; Rhizobium cluster

ASV172 4 % 8 9 8 0 0 0 0 o Alphaproteobacteria; Caulobacter

ASV180 0 0 o 70 13 4 0 13 0 Gammaproteobacteria; Massiia

BS, bulk soil: LR, lateral root; PR, primary root; DL, dead leaf: Cau, caulosphere; LL, lower leaf: UL, upper leaf: Ant, anthosphere; Car, carposphere. Appearance ratio >70% are highlighted in bold.
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