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24  Abstract

25  Understanding how plant-associated microbiomes interact with host genome variation to
26  influence agronomic traits is essential for advancing microbiomeBassisted crop improvement.
27  In this study, we characterized the phyllosphere and rhizosphere microbiomes of 164 diverse
28  Nicotiana tabacum accessions using 16S rRNA sequencing and integrated these data with
29  host genomic variation and 22 agronomic traits. The two microbiomes exhibited distinct
30 taxonomic structures, diversity patterns, and predicted metabolic functions. Microbiome
31 genomeRwide association studies identified extensive host genetic control over microbial
32 abundance, including 49 shared genomic loci that explained nearly half of the heritable
33 variation in both microbiomes. MicrobiomeBwide association studies revealed biologically
34  meaningful associations between specific ASVs and agronomic traits. However, network
35 analysis demonstrated that microbial subBcommunities, rather than individual taxa,
36  contributed substantially to phenotypic variation. Then, colocalization analysis further
37  identified genetic variants jointly influencing microbial abundance and metabolite traits,
38  highlighting potential host-microbe-trait causal links. Incorporating microbiome data into
39 genomic selection models, we successfully improved prediction accuracy for several traits,
40  especially plant architecture and flowering. Together, this work provides a comprehensive
41  population@level framework linking host genetics, microbiome composition, and agronomic

42  traits in tobacco, offering new insights for microbiomeRinformed breeding strategies.
43
44  Keywords:. Nicotiana tabacum, 16S rRNA sequencing, Microbiome GWAS, Microbiome-

45  wide association study, Genomic selection
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47  Introduction
48

49  Plants harbor diverse microorganisms across various tissues, forming highly structured
50 taxonomic communities(3). These microorganisms establish symbiotic relationships with
51 plants and play pivotal roles in enhancing plant fitness in natural environments, specifically
52 by improving growth, stress tolerance, pathogen resistance, and nutrient acquisition (4-8).
53  Consequently, modulating the plant-associated microbiome represents a promising frontier for
54  enhancing agricultural yields and mitigating diseases (9,10). However, microbial communities
55 are complex, shaped by the interplay between host, environmental conditions, and inter-
56  microbe interactions (11). While recent studies have shown that microbiome composition is
57  significantly influenced by host genetic effects (12-15), the intricate relationship among host
58  genetic variations, the plant-associated microbiome, and agronomic traits variation remains
59  poorly characterized.

60

61 Genome-wide association study (GWAS) provide a powerful, hypothesis-free approach to
62 elucidate the link between genetic variation and complex traits variation (16) in important
63  crops, such as rice, potato, and tomato (17-20). Recently, this framework has been extended
64  to treat the entire microbial community as a complex, heritable trait. This microbiome-based
65 GWAS (MGWAS) approach enables the detection of associations between host genetic loci
66 and microbial composition (12,21-25). For instance, GWAS of the Arabidopsis thaliana
67  phyllosphere microbes identified host loci involved in defense and cell wall integrity (22).
68  Similarly, a study on the rhizoplane microbiota of foxtail millet demonstrated that microbial
69 composition is affected by allelic variations in genes related to immunity, metabolites,
70 hormone signaling, and nutrient uptake (21). While these studies validate the utility of GWAS
71  for host-microbiome genetics, the genetic basis of host-microorganism interactions remains
72 largely unexplored. Specifically, how these interactions translate into host phenotypic traits
73 variation is not well understood, limiting the utilization of microbial engineering for targeted
74 agronomic improvement. Furthermore, because the impacts of microorganisms tend to be

75  specific to plant species and cultivars (26,27) , investigating these dynamics in diverse genetic
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76  backgrounds is essential.
77
78  Nicotiana tabacum (common tobacco) is an important economic crop. Beyond its commercial

79  value, N. tabacum is widely utilized as a model plant for genetic and biological studies due to
80 its high transformation efficiency and extensive phenotypic diversity (29-31). Previous
81  research utilizing quantitative trait loci (QTLs) has identified multiple loci linked to key
82  agronomic traits, such as leaf morphology, nicotine content, plant height, and pathogen
83  defense (32-34). The recent publication of a chromosome-level genome assembly for N.
84  tabacum has further empowered the dissection of complex trait evolution and genetic
85  regulation (35).

86

87 In this study, we profiled the rhizosphere and phyllosphere microbiomes of 164 diverse N.
88  tabacum accessions using 16S rRNA sequencing. We performed microbiome genome-wide
89  association studies (MGWAS) to uncover the host genetic variations that shape microbial
90 composition. Leveraging a comprehensive dataset of 22 agronomic traits, we subsequently
91 identified genetic loci and specific microbes influencing host phenotype through integrated
92  GWAS and microbiome-wide association studies (MWAS). Moreover, we demonstrated the
93 efficacy of incorporating microbiome data into genomic selection models to enhance trait
94  prediction. This work establishes the reciprocal interactions among host genetic variation,
95 tobacco-associated microbiota, and agronomic traits, offering promising insights into new

96  strategies for improving tobacco productivity through microbiome engineering.

97 Materialsand Methods

98  Plant cultivation and sampling
99

100 A total of 164 germplasm resources that are preserved in the GeneBank of Tobacco hosted at
101  the Tobacco Research Institute, Chinese Academy of Agriculture Sciences were selected in
102  our study.

103
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104 At the year of 2023, we started to phenotype the collection at Qingdao, China (120.45° E,
105  36.38° N) with a randomized complete block design with two replicates. One replication of
106  each line includes two rows, each with 10 replicates of the same genotype. Each row is
107 10 meters in length with a row spacing of 1.2 m and a plant distance of 0.5 m. Detailed
108  description on traits measurements were mentioned in previous studies12,13,87. Briefly
109  speaking, flowering time related traits were obtained by individually counting the days to
110  budding and flowering. Plant architecture traits were manually measured for each plant using
111 ruler and angle ruler. Two mature middle leaves from each plant were harvested and measured
112 for leaf morphological traits and metabolic traits. All phenotypes were measured right before
113  the first flower blooms and averaged within each replicated row. Averaged measurements
114  among ten replicates were adjusted using a linear model, fitting blocks and rows as fixed
115  effects, to calibrate the spatial variation, generating the phenotype records for downstream
116  analysis. Three replicates of roots and leaf were sampled during flowering for 16s Sequencing

117  at Novogene.
118
119 DNA extraction, PCR amplification, and 16sr RNA sequencing

120 Genomic DNA was extracted from all samples and quantified using a Nanodrop
121  spectrophotometer. Amplification of the VV3-V4 region of the 16S rRNA gene was performed.
122 The amplicons were purified using magnetic beads. Purified products were quantified by
123 fluorescence-based methods and then pooled. The library was prepared using the VAHTS
124 Universal DNA Library Prep Kit for Illumina V3 and VAHTS DNA Adapters set3-set6 for
125  Illumina (Vazyme Biotech Co., Ltd, Nanjing, China). Quality assessment was conducted on
126  the constructed library, and qualified libraries were subjected to high-throughput sequencing

127  on the lllumina NovaSeq 6000 platform.

128
129  16srRNA sequencing analysis

130
131  Raw sequences were filtered and demultiplexed based on unique barcode sequences, followed

132 by removal of barcodes and primer sequences. Following these preprocessing steps, we
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133  obtained an average of 121,035 and 125,072 clean reads from the rhizosphere and
134  phyllosphere per sample. Sequences denoising was performed using the DADAZ2 plugin (36)
135  within the QIIMEZ2 pipeline (37) to generate high-quality amplicon sequence variants (ASVs).
136  Taxonomy was assigned to ASVs using the QIIME2 classify-sklearn plugin (38) with a Naive
137  Bayes classifier. The SILVA database (Release 138) (39) was used for classifier training and
138 classification.

139

140  For downstream analyses, we focus on 765 high-abundance ASVs, defined as those with at
141 least 3 reads in at least 50% of the samples. To account for varying sequencing depths,
142 samples were rarefied at a threshold of minimum sequence frequency across all samples. The
143  abundances of ASVs were then normalized to relative abundance. Alpha-diversity analysis
144  with Shannon and Simpson indexes was performed by R package ‘vegan’ (40) with
145  Wilcoxon’s rank-sum test. Beta diversity, based on Bray-Curtis distances, was visualized
146  using principal coordinates analysis (PCoA), and the statistical significance of group
147  separation was assessed by PERMANOVA with the adonis function (R package ‘vegan’). The
148  stacked column chart and Linear Discriminant Analysis Effect Size (LEfSe) were completed
149  using Wekemo BioinCloud. The LEfSe analysis (41) utilized the Kruskal-Wallis test and
150  LDA score to identify differentially abundant taxa between groups.

151

152  Functional potential was inferred from 16S rRNA data using PICRUSt2 via the Wekemo
153  BioinCloud platform. Differentially abundant metabolic pathways were identified using
154  STAMP (v2.1.3) based on Welch’s t-test, with $p$-values adjusted for multiple testing using
155 the Benjamini-Hochberg False Discovery Rate (FDR < 0.05). Finally, Mantel tests were
156 employed to evaluate the correlation between host genetic distances and microbiome
157  distances using the ‘vegan’ package.

158

159  Whole-genome sequencing and SNP calling

160
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161  All samples were sequenced on the Illumina HiSeq X Ten platform with 150 bp paired end
162  reads. After quality control, the clean reads were aligned to the N.tabacum reference genome
163  using BWA-MEM (35,42). The aligned reads were processed with SAMtools to sort and
164  remove duplicated reads (43). SNP calling was performed using freebayes with default
165  parameters (44). For each sample, SNPs were filtered with the following parameters:
166 QUAL>20, DP>3, F_MISSING<0.5, and -m2 -M2 by VCFtools (45). Then, SNPs were
167  merged across all samples and further filtered with a missing rate < 0.5. Beagle was used to
168  impute missing genotypes (46). Finally, MAF > 0.05 and pairwise r’< 0.95 in 10 Mb sliding
169  windows were applied to obtain 1,465,715 high-quality SNPs for downstream analysis.

170

171  GWASanalysis on microbiome and agronomic traits

172

173 Before GWAS analysis, the SNP-based kinship heritability of each ASV and agronomic trait
174  was estimated using the GREML-AI method in GCTA software (47). GWAS were then
175  performed in GCTA using the mixed linear model (MLM) to test the associations between
176  SNPs and microbial ASVs abundance and agronomic traits. The significant threshold was set
177  as Bonferroni correction (p < 0.05/number of SNPs). For partitioning phenotypic variance
178  explained (PVE), SNPs were split into two sets: the 49 shared-locus SNPs and the remaining
179  genome-wide SNPs. We computed separate genetic relationship matrices (GRMs) for each
180 SNP set and used GREML in GCTA to estimate the PVE attributable to each GRM by
181  quantifying the relative contribution of the shared loci by the ratio of the genetic variance
182  from the shared-locus GRM to the sum of genetic variances from both GRMs.

183

184 MWASanalysis on agronomic traits

185

186  To evaluate the association between microbial ASVs and agronomic traits, we performed
187  microbiome-wide association studies (MWAS) using a general linear model (GLM)

188  implemented in the R package ‘Im’. The top 10 principal components (PCs) calculated from
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189 the SNP data were included as covariates to control for population structure. The significant
190 threshold was corrected by the Bonferroni method (p < 0.05/number of ASVs).

191

192  Microbial co-occurrence networ k construction and contribution analysis

193

194 A microbial co-occurrence network was constructed by the R package ‘microeco’ (48). The
195  ASVs data table of rhizosphere and phyllosphere was merged, and Spearman rank correlation
196  coefficients were calculated for all ASV pairs. Bonferroni-corrected p-values were used to
197  identify significant correlations and construct the connection edges between ASVs. The
198  resulting network was partitioned into 29 sub-communities using the fast-greedy modularity
199  optimization algorithm.

200

201  After identifying the sub-communities, we assessed their contribution to agronomic traits. For
202  each trait, we calculated the PVE by ASVs within each sub-community using a generalized
203  linear model with the top 10 genetic PCs as covariates. PVE was calculated as the ratio of the
204  variance explained by the ASVs in the sub-community to the total phenotypic variance. To
205  compare the PVE of sub-communities with individual ASVs, we also calculated the PVE for
206  each ASV on the same trait using the same model. To control for the potential bias of
207  increased predictor variables and confirm that the observed PVE was driven by biologically
208  meaningful sub-community structures, we performed a permutation analysis. Specifically, for
209  each sub@community, we randomly shuffled the ASV abundance values across samples while
210  keeping the same set of ASVs and the same model structure 100 times. We then recalculated
211  the PVE using the permuted data. This procedure preserves the number and identity of ASVs
212  but disrupts their ecological coherence.

213

214  Colocalization analysis

215
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216  To identify genetic loci simultaneously associated with microbial ASVs and agronomic traits,
217  we performed colocalization analysis using the R package ‘coloc’ (49). For each pair of
218  microbial ASV and agronomic trait that shared a significant GWAS locus, we extracted
219 summary statistics (effect sizes, standard errors, allele frequencies) for all SNPs within a 1
220  Mb window centered on the lead SNP. The coloc.abf function was then used to calculate the
221  posterior probabilities for five hypotheses: no association with either trait (HO), association
222  with only the first trait (H1), association with only the second trait (H2), association with both
223  traits but different causal variants (H3), and association with both traits and a shared causal
224  variant (H4). A high posterior probability for H4 (PP4 > 0.9) was considered strong evidence
225  for colocalization.
226
227  Microbiome-integrated genomic selection analysis
228
229  The genomic selection analysis was performed using the mixed linear model by incorporating
230  both genetic relationship matrix and microbial relationship matrix by fitting the models below:
Y = u+ ZgeneticUgenetic + € (1)

Y = u+ ZgeneticUgenetic + ZrhizosphereUrhizosphere + Zphyliosphere Uphyliosphere + € (2)

231  Where Y is the vector of phenotypic values, u is the overall mean intercept,

232 Z

genetic Zrhizosphere@Nd Zppytiosphere @€ incidence matrices relating observations to genetic

233 effects ugeneyic, rhizosphere microbial effects w,p,0spnere. and phyllosphere microbial effects

234 Uppyuosphere, TESPECtively. The random effects are assumed to follow normal distributions:
235 Ugeneric~N(0, GO onetic)s Urnizosphere~N(0, Ornizosphere Orhizosphere)

236, Upnytosphere~N (0, Opnyuiosphrere Opnytiosphere) » and e~N(0,103), where G is the genetic
237  relationship matrix calculated from SNP data by GCTA (107), Oypizosphere AN Opnyiiosphere
238 are the microbial relationship matrices calculated from rhizosphere and phyllosphere ASV
239  abundance data by OSCA (50), respectively, I is the identity matrix, and Gf;enetiu G?‘hizospherev

240 cf,hy”osphere and o are the variances of genetic effects, rhizosphere microbial effects,

241  phyllosphere microbial effects, and residuals, respectively.
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242

243  For SNP only model (1), only genetic effects were considered, while for SNP + microbiome
244 model (2), both genetic and microbial effects were included. Three-fold cross-validation was
245  performed to evaluate the prediction accuracy of both genomic selection models. The dataset
246 was randomly divided into three equal parts. In each iteration, two parts were used as the
247  training set to fit the model and estimate the effects, while the remaining part served as the
248  test set to predict phenotypic values. This process was repeated 100 times to ensure robustness,
249 and the Pearson correlation coefficient between observed and predicted phenotypic values
250  was calculated to assess prediction accuracy. The t-test was used to compare the prediction

251 accuracies between the two models across all traits.

252 Reaults

253  Comparison of rhizosphere and phyllosphere microbial community composition for

254  Nicotiana tabacum
255
256 In this study, 16S rRNA gene sequencing was performed for the rhizosphere and phyllosphere

257  for 164 Nicotiana tabacum samples. The flat Rarefaction Curve indicated that the sequencing
258  depth was sufficient to capture the full extent of bacterial diversity (Fig. S1). After quality
259  control and taxonomic assignment (Materials and Methods), a total of 765 ASVs were
260  annotated with 22 phyla, 89 orders, and 114 families.

261

262  Assessments of $\alpha$-diversity revealed significant differences between the two niches,
263  with the rhizosphere microbiome exhibiting markedly higher Shannon and Simpson indices
264  compared to the phyllosphere (p < 0.05; Fig. 1A). These results underscore the greater
265  microbial richness and heterogeneity present within the rhizosphere environment. Principal
266  Coordinates Analysis (PCoA) on Bray-Curtis distances at the orders-level demonstrated clear
267  niche-based clustering, with rhizosphere and phyllosphere samples forming distinct groups
268 (Fig. 1B). This separation confirms that the two microbial communities possess

269  fundamentally different taxonomic structures and compositional profiles.

10
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272  Fig. 1 Analyses of microbial composition and function between the rhizosphere and
273  phyllosphere. (A) Alpha diversity estimates (Shannon and Simpson indices) between two
274 groups (Wilcoxon’s rank-sum test, p < 0.05). (B) PCoA plot based on Bray-Curtis distance of
275  order-level relative abundance of microbiota between two groups (Adonis, R* = 0.77, p =
276  0.001). (C) Top 10 abundant microbial orders in two groups. (D) LEfSe analysis of
277  microbiota in two groups at the orders level (Kruskal-Wallis test; false discovery rate (FDR)
278  <[J0.05, LDA (Linear Discriminant Analysis)[">[13). (E) Functionally predicted pathways
279  differ in abundance in two groups. The bar plot shows mean proportions of pathways. Only p
280 < 0.05 is shown (Welch’s t-test, FDR-adjusted).

281

282 At the order level, the phyllosphere microbiome was dominated by Rhizobiales,
283  Sphingomonadales, Pseudomonadales, and Rickettsiales (Fig. 1C). In contrast, the
284  rhizosphere was primarily composed of Sphingomonadales, Chthoniobacterales, Rhizobiales,
285  Gaiellales, and the class-level group KD4-96. In total, 40 taxonomic orders differed
286  significantly between phyllosphere and rhizosphere (p < 0.05, Fig. 1D, Kruskal-Wallis tests).
287  Specifically, six orders were significantly enriched in the phyllosphere including
288  Pseudomonadales, Sphingomonadales, and Cytophagales, which are frequently associated
289  with nutrient acquisition and polysaccharide metabolism (Fig. 1D). Conversely, the orders
290 enriched in the rhizosphere—such as Acidobacteriales, Gaiellales, KD4-96, and

291  Burkholderiales—are typically linked to soil-specific ecological functions.

11
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292

293  Functional prediction revealed that 44 metabolic pathways differed significantly between the
294  two microbial communities (p < 0.05, Fig. 1E). Of these, 17 pathways were significantly
295  enriched in the rhizosphere, focusing on nutrient cycling and primary metabolism, such as the
296  metabolism of amino acids, carbohydrates, nucleotides, and lipids. Conversely, the 27
297  pathways enriched in the phyllosphere were predominantly associated with host-microbe
298 interactions and environmental adaptation, including stress response, xenobiotic
299  Dbiodegradation, signal transduction, and responses to infectious diseases.

300

301 Genetic determination of the phyllosphere and rhizosphere microbiota composition
302
303  Most ASVs exhibited moderate Kinship heritability, with median value of 0.28 and 0.15 for

304 the phyllosphere and rhizosphere microbiomes, respectively (Fig. S2), , indicating a
305 substantial host genetic influence on microbial recruitment. To elucidate the genetic basis of
306  microbiome composition, we performed microbiome genome-wide association studies
307 (mGWAS) on all phyllosphere and rhizosphere ASVs using a mixed linear model (Table S3,
308 S4). Due to the extensive linkage disequilibrium (Fig. S3), significant SNPs were grouped

309 into 1 Mb genomic bins to facilitate comparison and visualization (Materials and Methods).
310
311 A total of 80 phyllosphere and 516 rhizosphere ASVs were significantly associated with at

312  least one SNP (Fig. 2A, B). Across 4,061 genomic bins, we identified 776 and 1,916 loci
313  associated with phyllosphere and rhizosphere variation, respectively. Notably, 441 loci were
314  shared between both niches (Fig. 2C), suggesting that pleiotropic genetic factors regulate
315  microbial abundance across different plant tissues. Among these, 49 loci were consistently
316 identified at least twice in both microbiomes. Furthermore, the number of associated ASVs in

317  the two groups showed a strong positive correlation (Fig. 2D).
318
319  Importantly, the SNPs within these 49 shared loci—representing only 1.2% of the genome

320 and 2.0% of the total SNP set—accounted for approximately half of the total heritable

12
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321  variation (median PVE: phyllosphere = 0.46; rhizosphere = 0.49; Fig. 2E). This highlights the
322  presence of genetic "hotspots” that play a vital role in regulating microbial abundance. For
323  instance, a locus on chromosome 14 (12.99-13.99 Mb) exhibited the highest number of
324  associations, linking to 4 phyllosphere and 15 rhizosphere ASVs. This locus contains 21
325 genes enriched in Gene Ontology (GO) terms related to plant immunity and microbial

326 interactions, including responses to external biotic stimuli, fungi, and bacteria (Fig. 2F).
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327

328  Fig. 2 Genetic determination of the phyllosphere and rhizosphere microbial community
329  composition. (A) Manhattan-like plot of the phyllosphere microbiome. Each point represents
330 a genomic bin, with the height of each point indicating the number of ASVs significantly
331  associated with SNPs within that bin. (B) Manhattan-like plot of rhizosphere microbiome. (C)
332 Venn diagram showing the overlap of significantly associated genomic bins between the
333  phyllosphere and rhizosphere microbiomes. (D) Hexbin scatter plot comparing the number of
334  associated ASVs in each bin between the phyllosphere and rhizosphere microbiomes. Each
335 hexbin represents a data area, and its color displays the number of loci in this area. The
336  regression line shows an intercept of 0.15, a slope of 0.10, and a p-value of 6.07x10™*. (E)
337 Box plot illustrating the proportion of ASV variation in the phyllosphere and rhizosphere
338  microbiomes explained by SNPs from the 49 common genomic bins. (F) The most significant
339 30 GO terms related to the biological processes of the genetic loci located at chromosome 14:
340  12,992,799-13,992,799 bp.
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341

342  Microbiota composition is associated with agronomic traits variation
343
344  To investigate the influence of the microbiome on host performance, we performed

345  association analyses between microbial composition and 22 agronomic traits. These traits,
346 which exhibited a median heritability (h? of 0.66 (Table S5), were categorized into five
347  groups: plant architecture, leaf architecture, disease resistance, flowering time, and
348 metabolites (Fig. S4). Mantel tests revealed significant correlations between microbial
349  community structure and host phenotypes. Notably, the phyllosphere microbiome showed a
350 stronger association with plant architecture, whereas the rhizosphere microbiome was
351  primarily linked to metabolites and disease resistance (Fig. 3A).

352

353  To identify specific ASVs linked to these phenotypes, we conducted microbiome-wide
354  association studies (MWAS). Under a rigorous Bonferroni-corrected threshold, only 9
355  phyllosphere and 7 rhizosphere ASVs were significantly associated with agronomic traits (Fig.
356 3B, C; Table S6). Among these, flowering traits exhibited the highest degree of association,
357  linking to nine specific ASVs. A noteworthy finding was ASV5 (Methylobacterium), which
358  was associated with both vegetative growth (plant height) and reproductive onset (budding
359 time). This association is mechanistically plausible, as Methylobacterium species are known
360 to produce phytohormones—such as cytokinins and indole-3-acetic acid—that promote
361  biomass and height in diverse plant species (51,52).

362

363  However, the limited number of significant associations (0.09% of all combinations) suggests
364  that the independent impact of individual microbes on complex trait variation is marginal.
365  This is consistent with the highly polygenic nature of these traits. Consequently, we shifted
366  our focus from individual ASVs to the collective effect of microbial sub-communities. A co-
367  occurrence network was constructed (Fig. 3D; Materials and Methods), identifying 211 ASVs
368  with 509 significant connections. While the network revealed high connectivity among ASVs

369 from different phyla, no connections were observed between phyllosphere and rhizosphere
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370  communities (Fig. S5), reaffirming their distinct ecological structures. The network can be
371  partitioned into 29 sub-communities, with 155 ASVs forming eight primary modules (Fig. 3D;
372  Table S7). Crucially, these sub-communities explained a significantly higher proportion of
373  phenotypic variance (PVE) across all traits compared to individual ASVs or randomly
374  shuffled null models (Fig. 3E). Collectively, these results underscore that agronomic traits are

375  primarily shaped by collective microbial action rather than the influence of isolated taxa.
376
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378  Fig. 3Microbial community composition isassociated with agronomic traitsvariation

379 . (A) Mantel test revealed association between different microbiomes and agronomic traits.
380 The lower triangle heatmap represents Pairwise Pearson correlation coefficients for
381  agronomic traits. The width of the edges corresponds to the Mantel correlation coefficient,
382  and the color represents the significance. Manhattan-like plots of MWAS (Microbiome-Wide
383  Association Study) in the phyllosphere (B) and rhizosphere (C) microbiomes. Each point
384  represents an ASV, with the color indicating the phylum and the shape representing the
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385  associated trait category. (D) Network analysis of the microbial community. Different colors
386  of edges and dots represent distinct sub-communities. The size of the dots corresponds to the
387  number of connections for each ASV. (E) Density plots of the proportion of variance
388 explained (PVE) by ASVs across all traits. The height of each plot reflects the statistical
389  distribution of each class, with higher values indicating greater frequency. The red density
390 plots display the PVE distribution of individual ASVs, the orange density plots show the PVE
391  distribution of ASVs within sub-communities, and the blue density plots represent the PVE
392  distribution of shuffled-abundance ASVs within sub-communities.

393

394  Colocalization of genetic variants associated with microbial and agronomic traits

395

396  To detect genetic variants simultaneously associated with agronomic traits and microbiome
397  composition, we performed GWAS on all 22 agronomic traits. This analysis identified 59 loci
398  significantly associated with agronomic traits (Fig. 4A). Notably, a majority (54%) of these
399 loci were also identified in our rhizosphere mMGWAS, while 24% overlapped with loci from
400 the phyllosphere mMGWAS (Fig. 4B). The high degree of overlap suggests a shared genetic
401  architecture governing both host traits and their associated microbial communities. Among
402 these shared loci, colocalization analysis (Fig. 4C) identified a high-confidence locus
403  associated with ASV141 (KD4-96, PP4 = 0.96) in the rhizosphere and leaf total reducing
404  sugar level (Fig. 4D, E). This finding suggests that the identified genetic variant exerts a
405 pleiotropic effect, simultaneously regulating tobacco sugar content and shaping the abundance
406 of KD4-96 Members of the KD4-96 group are recognized for their roles in herbicide
407  biodegradation, heavy metal tolerance, and nutrient cycling (53-55). By modulating
408  rhizosphere nutrient-toxic element dynamics and influencing plant metal uptake, KD4-96 has
409  been shown to promote plant growth and enhance crop yield (56,57).

410
411
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corresponding trait types. (B) Venn diagram showing the overlap of significantly associated
genomic bins between the phyllosphere and rhizosphere microbiomes and agronomic traits.
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the possibility that signals observed in two different genetic association studies arise from the
same genetic variants. The bars are colored by the different stringency levels for
colocalization PP4. Example of colocalization (PP4=0.96) for a mGWAS locus associated
with ASV141 in the rhizosphere (D) and a GWAS locus associated with total reducing sugar
(E) on chromosome 19. The top colocalized SNP (19: 84250541) was marked as a purple
triangle.

Microbiomes impr ove genome selection accur acy

Genome selection (GS) is a promising technique in agronomic breeding, , enhancing
efficiency by predicting phenotypes based on whole-genome variation rather than relying
solely on labor-intensive phenotypic evaluations. While traditional GS models utilize only

genotype data, the integration of multi-layered data—such as environmental factors and
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"omics" datasets—can significantly enhance prediction accuracy (58). Using

Genomic Best Linear Unbiased Prediction (GBLUP), we assessed whether incorporating

microbiome data could improve the prediction of 22 tobacco agronomic traits.

Compared to models using genotype data alone, the inclusion of microbiome data

significantly improved prediction accuracy for eight traits, showed no significant change for

five traits, and resulted in a slight reduction for nine traits. Notably, traits related to plant

architecture and flowering time exhibited the strongest potential for improvement. These

results suggest that integrating microbiome data into breeding programs is particularly

effective for predicting complex morphological and phenological traits, offering a novel

strategy for microbiome-enhanced crop improvement.
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447  Discussion

448 In this study, we characterized the rhizosphere and phyllosphere microbiomes of tobacco,
449  identifying significant differences in community diversity, taxonomic composition, and
450  predicted metabolic functions. Our findings reinforce the established paradigm that distinct
451 plant compartments serve as unique ecological niches, selectively recruiting specialized
452  microbiota (59-62). Specifically, the significantly higher a-diversity observed in the
453  rhizosphere compared to the phyllosphere aligns with the broader understanding that
454 belowground environments—influenced by complex soil matrices and root exudates—harbor
455 richer microbial communities than the more exposed and nutrient-limited aboveground niches
456 (60,62,63).

457

458  The composition of these microbiota was markedly distinct between the two nitches. In the
459  phyllosphere, we found a significant enrichment of Rhizobiales, Sphingomonadales,
460  Pseudomonadales, and Rickettsiales, which are consistent with dominant taxa reported in
461  other major crops (64). For instance, in wheat, these groups are linked to organic acid
462  metabolism and nitrogen input, suggesting a conserved role in mediating plant nutrient
463  responses (65). Interestingly, Rhizobiales and Sphingomonadales also maintained dominance
464  within the tobacco rhizosphere. Members of the order Rhizobiales are well-documented plant
465  growth-promoting bacteria that facilitate nutrient uptake (66), while many Sphingomonadales
466  species enhance growth and stress tolerance (67,68). The prevalence of these core taxa across
467  both niches suggests they fulfill fundamental ecological roles essential for tobacco fitness,
468  regardless of the tissue-specific environment.

469

470

471  In the rhizosphere, the enrichment of Gaiellales and the KD4-96 group further characterizes
472  the niche's functional profile. Gaiellales are known to decompose soil organic matter and
473  facilitate phosphate acquisition (69),while KD4-96 has been positively correlated with

474  enhanced plant growth and yield (56,57). Additionally, the enrichment of Acidobacteriales
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475  and Burkholderiales suggests a community geared toward biogeochemical cycling and plant
476  health promotion (70) (71). Our functional inference analysis supports this niche
477  differentiation: while the rhizosphere focuses on the degradation and conversion of organic
478  substrates, the phyllosphere is specialized for environmental stress adaptation and signal
479  transduction. This aligns with the understanding that leaf microbiota are frontline players in
480  plant defense and atmospheric adaptation (73,74)

481

482  While host genetics have been shown to shape the microbiome in crops like maize and rice
483  (21,23,24,75), our study provides the first high-resolution map of the tobacco microbiome's
484  genetic architecture. Despite the distinct ecological pressures of the rhizosphere and
485  phyllosphere, the discovery of partly shared genetic loci highlights a concentrated host
486  mechanism that regulates microbial communities across different tissues. For instance, the
487  shared locus on chromosome 14, enriched with immune-related and host-microbe interaction
488  genes, confirms that the plant immune system is a primary “gatekeeper" for microbial
489  colonization (76-78). While individual ASV associations were sparse, treating microbial sub-
490 communities as integrated units significantly increased the proportion of phenotypic variance
491  explained. This suggests that complex agronomic traits are influenced by microbial consortia
492  rather than isolated taxa. The co-selection of host traits and specific microbial networks
493  suggests a joint host—microbiome basis for agronomic performance. Finally, the successful
494  incorporation of microbiome data into genomic selection (GS) models—particularly for plant
495  architecture and flowering—demonstrates a tangible path for microbiome-informed breeding.
496  To transition these findings into routine practice, future research must prioritize functionally
497  relevant and stable microbial predictors, validate these models across multi-environment trials,
498  and develop high-throughput profiling methods.

499

500 As the first large-scale study of its kind in tobacco, this work outlines a reciprocal interplay
501  between host genetics and the microbiome, establishing a framework for the next generation

502  of microbiome-assisted crop improvement.
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