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Abstract 24 

Aims 25 

Plant genotype and nutrient availability are key drivers of root microbiome assembly, yet their 26 

relative contribution remains poorly understood in eggplant (Solanum melongena L.).  27 

Methods 28 

In this study, root-associated bacterial communities from four eggplant genotypes, grown under 29 

contrasting nitrogen regimes, were characterized using a combined culture-dependent and 16S 30 

rRNA gene amplicon sequencing approach.  31 

Results 32 

Across all genotypes, Proteobacteria dominated the root microbiome, while host genotype 33 

emerged as the primary determinant of bacterial diversity and community structure. Nitrogen 34 

availability acted as a secondary but consistent environmental driver, reshaping community 35 

composition and promoting the enrichment of Actinobacteriota under fertilized conditions. 36 

Genotypes did not differ in whether their microbiomes responded to nitrogen, but rather in the 37 

magnitude of community restructuring, revealing a continuum from highly constrained to more 38 

plastic microbial assemblages. Notably, one genotype maintained a stable Bacillus-dominated 39 

microbiome regardless of nitrogen availability, suggesting strong host-mediated filtering. 40 

Predicted functional profiles mirrored taxonomic differences, particularly for nitrogen-cycling and 41 

organic matter degradation functions. The integration of culture-dependent isolation generated a 42 

representative collection of dominant bacterial taxa, providing a valuable resource for future 43 

functional studies.  44 

Conclusions 45 
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Overall, these findings demonstrate that eggplant genotype plays a central role in shaping root 46 

microbiome assembly and its responsiveness to nutrient availability, highlighting the potential of 47 

microbiome-informed approaches for improving nutrient-use efficiency and crop performance. 48 

 49 

Keywords:  50 

16S rRNA amplicon sequencing; root endosphere; functional prediction; mesocosms; 51 

Actinobacteria; Bacillus 52 

 53 
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Introduction 54 

Plants host complex and taxonomically diverse microbial communities across the rhizosphere, root 55 

surface and internal tissues, forming integrated plant-microbe systems whose emergent properties 56 

cannot be interpreted from the host genome alone (Vandenkoornhuyse et al. 2015). In this 57 

perspective, the plant holobiont represents a functional evolutionary and ecological unit in which 58 

microbial partners contribute to nutrient acquisition, stress buffering, pathogen suppression, and 59 

the overall regulation of plant performance (Nerva et al. 2022a). Root-associated microbiomes are 60 

particularly relevant, as roots serve as the primary interface between plants and soil, a dynamic 61 

zone where nutrient availability, host metabolism, and microbial competition converge (Bulgarelli 62 

et al. 2013). Recent work has emphasized that roots actively shape beneficial microbiome 63 

assembly through chemically diverse metabolites, exudates that may act as nutrients, signals or 64 

selective filters for specific microbial groups (Uribe-Acosta et al. 2025). Consequently, plant-65 

associated microbial biodiversity is far more than a static descriptor of belowground ecosystems; 66 

it represents a dynamic reservoir of functional traits and a pivotal determinant of crop tolerance to 67 

environmental stresses, ultimately driving agricultural adaptation, productivity and sustainability 68 

(Yu et al. 2022; Sandrini et al. 2022a). 69 

The assembly of root-associated microbiomes is strongly influenced by root-derived resources. 70 

Early experimental evidence showed that artificial root exudates can modify bacterial densities, 71 

metabolic signatures and community genetic structures in bulk soil and the maize rhizosphere, 72 

indicating that soluble organic compounds released by roots are sufficient to redirect microbial 73 

community organization (Baudoin et al. 2003). Nitrogen supply can further modify this interaction 74 

by altering both root exudation and microbial community structure (Hao et al. 2022). In maize, 75 

nitrogen fertilizer rate affected the quantity and composition of root exudates, including sugars, 76 
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sugar alcohols and phenolics, and was linked to changes in the rhizosphere microbiome and 77 

nitrogen-use efficiency (Zhu et al. 2016). These observations support a model in which nutrient 78 

availability influences plant-microbiome interactions both indirectly, by changing plant 79 

physiology and rhizodeposition, and directly, by modifying the ecological constraints experienced 80 

by microbial taxa (Trivedi et al. 2020; Dastogeer et al. 2020). 81 

Host genetic background is another major factor controlling microbiome assembly (Zhang et al. 82 

2023). Evidence from perennial plant systems indicates that host genotype and plant age can shape 83 

both leaf and root microbiomes, reinforcing the idea that plant identity contributes to the selection 84 

of associated microbial communities (Wagner et al. 2016). Root architecture can also structure 85 

rhizosphere microbial associations by creating spatially heterogeneous physicochemical 86 

conditions along the root system and across soil depths (Sandrini et al. 2022b; Galindo-Castañeda 87 

et al. 2024). These mechanisms are particularly relevant for crops selected for contrasting 88 

physiological traits, because differences in root metabolism, architecture or nutrient acquisition 89 

strategies may lead to distinct microbial recruitment patterns from the same soil microbial pool. 90 

Less abundant microbial lineages may also contribute to these processes. Acidobacteriota, for 91 

example, include major soil and peatland prokaryotes with diverse genomic capacities (Dedysh et 92 

al. 2022), while metagenomic analyses at the soil aggregate scale have shown that microbial 93 

communities encode functions involved in nitrogen and phosphorus cycling and that organic 94 

amendments can influence these functional profiles (Wu et al. 2021). 95 

Eggplant (Solanum melongena L.) is an important solanaceous crop worldwide, yet its 96 

microbiome, particularly its endophytic bacterial community, remains markedly understudied 97 

relative to other major crops. Prior work addressed endophytic fungal communities (Kiran et al. 98 

2025), while root-internal bacterial communities remain poorly explored. Recent comparative 99 
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work on rice and eggplant rhizospheric bacteriomes identified microbial features linked to 100 

Solanum melongena cultivars, underscoring the relevance of rhizosphere research for productivity 101 

and sustainability (Mandal et al. 2025). However, how the eggplant root-associated bacterial 102 

microbiome relates to host genotype and nitrogen availability remains unexplored, a gap relevant 103 

given that nitrogen limits eggplant productivity (Jilani et al. 2008; Mauceri et al. 2021); improving 104 

nitrogen-use efficiency requires understanding both plant physiological responses and the 105 

microbial assemblages linked to nutrient acquisition (Gralka et al. 2020; Singh et al. 2022). 106 

Here, we investigated the bacterial microbiome associated with roots of four cultivated eggplant 107 

genotypes previously selected for contrasting nitrogen-use efficiency under two nitrogen regimes. 108 

Combining culture-dependent isolation with 16S rRNA gene amplicon profiling, we aimed to 109 

characterize the composition of eggplant root-associated and endophytic bacterial communities, 110 

establish a culturable isolate collection for long-term preservation, assess the contribution of host 111 

genotype to microbial diversity and community structure, and determine how nitrogen availability 112 

shapes these assemblages. This approach positions eggplant within the broader plant holobiont 113 

concept, addresses a crop-specific knowledge gap, and identifies culturable bacterial resources that 114 

could support future defined microbial community (DMC; Koch et al. 2026) approaches to 115 

improve plant performance under reduced or optimized nitrogen inputs. 116 

 117 

Material and methods 118 

Experimental design and plant growth conditions 119 

Four eggplant (Solanum melongena L.) accessions previously characterized under hydroponic 120 

conditions for contrasting nitrogen-use efficiency (NUE) were selected (Mauceri et al. 2020, 121 

2021): 305E40, 67/3, AM194 and AM241. In hydroponic and preliminary glasshouse screenings, 122 
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AM241 and 305E40 clustered among the most N-use efficient accessions, while AM194 clustered 123 

among the inefficient ones. 305E40 and 67-3 showed a milder contrast in low-N response (67-3 124 

being more efficient than 305E40), but were included as parents of a RIL population (Toppino et 125 

al. 2020) mapped for over 70 agronomic traits, with different genome sequence versions and ONT-126 

based sequences available (Barchi et al. 2021, Gaccione et al. 2025), making them useful for future 127 

NUE QTL mapping. 128 

Greenhouse trials in 2021 and 2022 evaluated NUE performance and productivity of the four 129 

accessions under soil-grown conditions. Plants were grown in mesocosms with steam-sterilized 130 

soil mixed with sand (1:1, v/v), across three beds each split into two 5.6 m² sectors of 16 plants 131 

(Figure 1a). All beds received uniform watering and basal P/K fertilization in August, with two N 132 

regimes: 0N (0 U N ha⁻¹) and 3N (200 U N ha⁻¹). Nitrogen was supplied mainly as CaNO3 133 

(YaraTera Calcinit; 15.5% total N, 14.4% nitrate N, 1.1% ammoniacal N, 26.3–26.5% CaO, 134 

diluted), via eight split fertilizations (30 g/L, applied around each plant's roots) between May and 135 

September 2022, matching 100% of the planned 3N dosage. Fruits were harvested from June to 136 

September; auxin-based growth regulators were applied twice weekly from May to promote fruit 137 

set (Figure 1b). Physiological, phenotypic and growth parameters were recorded throughout the 138 

season (Figure 1c). 139 

 140 

Ecophysiological and phenotypic measurements 141 

At the end of the growing season (08 September 2022), plants were phenotypically characterized 142 

for growth-related traits and photosynthetic performance. Growth and yield traits (plant height, 143 

stem diameter, number of fruits, average fruit weight, fruit and stem dry matter) were recorded for 144 

4 plants per genotype × 3 replicates × 2 treatments. Ecophysiological parameters were measured 145 
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with an infra-red gas analyzer (IRGA, ADC-LCi T system; Analytical Development Company, 146 

BioScientific Ltd., UK): net photosynthesis (Pn), transpiration rate (E), intercellular CO2 147 

concentration (Ci), water use efficiency (WUE = Pn/E) and apparent carboxylation efficiency (iCE 148 

= Pn/Ci) were recorded on sunny days between 9:00 and 11:00 am as previously described (Flexas 149 

et al. 2011), on two fully developed, non-senescent leaves per plant (4th–5th leaf from the shoot 150 

apex; 15 measurements per condition and treatment). Ambient conditions were kept within 1,000–151 

1,200 µmol photons m⁻² s⁻¹, 27–30 °C and 420–440 ppm CO2. For each parameter, effects of 152 

genotype, nitrogen treatment (0N, 3N) and their interaction were tested by two-way ANOVA with 153 

Tukey's HSD post-hoc test in R (Nerva et al. 2022b). 154 

 155 

Root sampling and microbial endophytes isolation methods 156 

At the end of the experimental period, root samples were collected from all four genotypes under 157 

both 0N and 3N conditions, for both culturable microbial community isolation and DNA extraction 158 

for culture-independent microbiome characterization (Figure 1d). 159 

For the culturable approach, roots were shaken free of loose soil, washed under sterile conditions, 160 

and surface-sterilized (5 min in 1% NaClO, then 3 washes with sterile water) to remove epiphytic 161 

contamination; elimination of epiphytic bacteria was confirmed by plating 100 µL of the final rinse 162 

water on LB agar. For each genotype, 1 g of root tissue was homogenized in sterile ringer solution 163 

(7.2 g sodium chloride, 0.37 g potassium chloride, 0.17 g calcium chloride per liter) using a sterile 164 

grinder to release root-associated and endophytic microorganisms. Homogenates were diluted 1:5 165 

in sterile ringer solution for microbial isolation. 166 

Two complementary isolation strategies maximized recovery of functionally relevant taxa. Diluted 167 

homogenates were first plated on non-selective, low-nutrient R2A agar to capture the broad 168 
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culturable bacterial community, including putative nitrogen-fixing and plant growth–promoting 169 

taxa, and incubated at 28°C for up to 15 days, with morphologically distinct colonies selected. In 170 

parallel, an Actinobacteria-focused enrichment used mild selective treatments and Actinobacteria-171 

selective media (Sandrini et al. 2024; Bolyen et al. 2019) to recover slow-growing taxa. 172 

Pure isolates were maintained on solid media and preserved as glycerol stocks at −80°C. Each 173 

isolate received a unique identifier encoding genotype, nitrogen treatment, and isolation strategy, 174 

and was taxonomically identified by 16S rRNA gene sequencing. Isolates were subsequently 175 

stored in the CREA – Research Centre for Viticulture and Enology microbial bank 176 

(https://www.revine-prima2020.org/vimed) as both lyophilized and glycerol stocks (40% v/v) at 177 

−80°C. 178 

 179 

Root DNA isolation and metabarcoding analysis  180 

DNA was extracted from ~50 mg of the same root samples used for bacterial isolation, following 181 

the manufacturer's protocol for the plant/fungi DNA isolation kit (Norgen Biotech Corp., Thorold, 182 

ON, Canada), using five biological replicates per treatment (randomly selected root fragments). 183 

DNA quantity and integrity were assessed by NanoDrop One spectrophotometry (Thermo Fisher 184 

Scientific, Waltham, MA, USA) and 1% agarose gel electrophoresis, with further quantification 185 

by Qubit 4 Fluorometer (Thermo Fisher Scientific) before sequencing. The V3–V4 region of the 186 

16S rRNA gene was amplified with primers 319F (5′-CCTACGGGNGGCWGCAG-3′) and 806R 187 

(5′-GACTACHVGGGTATCTAATCC-3′). Raw amplicon reads were processed in QIIME 2 188 

(Callahan et al. 2016): ASVs were inferred with DADA2 (Katoh et al. 2013) and placed on a 189 

phylogeny using the align-to-tree-mafft-fasttree pipeline (Price et al. 2010; Bokulich et al. 2018), 190 

and taxonomy was assigned with a Naïve Bayes classify-sklearn classifier trained on SILVA 191 
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(release 138, 99% OTUs) (Quast et al. 2013). Resulting artifacts and metadata were imported into 192 

R (R Core Team, 2020) and analysed with the microeco package (Liu et al. 2021). 193 

Alpha diversity indices were calculated on data rarefied to 10,000 reads per sample (based on 194 

sequencing depth distribution), testing the effects of genotype, treatment and their interaction for 195 

each index. Since Shapiro–Wilk tests showed non-normal model residuals, indices were analysed 196 

by two-way aligned rank transform ANOVA (ART-ANOVA; Wobbrock et al. 2011), with genotype 197 

and treatment as fixed factors. 198 

When the genotype × treatment interaction was non-significant, post-hoc comparisons were 199 

performed separately for genotype and treatment using Holm-adjusted pairwise tests (Lenth et al. 200 

2026); estimated marginal means (± SE) on the original scale were used for data presentation. 201 

Beta diversity was assessed on the rarefied dataset using Bray–Curtis dissimilarity (relative-202 

abundance-based taxonomic composition) and weighted UniFrac distance (incorporating 203 

phylogenetic relationships and abundance) (Lozupone et al. 2007), with phylogenetic distances 204 

computed from the rooted tree generated during sequence processing. Principal coordinate analysis 205 

(PCoA) was applied to both matrices as an exploratory, unconstrained ordination to visualize 206 

community composition; no statistical inference was drawn directly from ordination plots. 207 

Permutational multivariate analysis of variance (PERMANOVA) was performed with a full 208 

factorial model (genotype, treatment, NUE, and their interactions) separately for Bray–Curtis and 209 

weighted UniFrac distances (999 permutations; adonis2, by = "terms"). Homogeneity of 210 

multivariate dispersions was tested for all grouping factors (betadisper), and PERMANOVA 211 

results were interpreted in light of dispersion patterns, particularly where genotypes differed 212 

significantly. 213 
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Taxa driving sample separation were identified by ordinating phylum- or genus-level agglomerated 214 

abundance tables with principal component analysis (PCA). Putative ecological functions were 215 

inferred from taxonomy using FAPROTAX (Louca et al. 2016), which maps taxa to functional 216 

groups based on cultured representatives, applied to the SILVA-classified ASV table via the 217 

trans_func class of microeco (Liu et al. 2021) to compute per-sample functional relative 218 

abundances; as these annotations are taxonomy-inferred rather than measured, they were 219 

interpreted as functional potential rather than realised activity. All plots were generated in R with 220 

ggplot2 (Wickham et al. 2016). 221 

 222 

Plant production traits statistics 223 

Plant production traits (Supplementary Table 1) were summarized using principal component 224 

analysis (PCA) to reduce dimensionality and account for collinearity among correlated variables. 225 

PCA was performed on scaled production traits using the prcomp function in R, with centering 226 

and scaling applied to all variables. The interpretation of PC1 and PC2 was supported by trait 227 

loadings (Supplementary Table 2). 228 

Principal component scores were subsequently used for statistical testing. Normality of model 229 

residuals was assessed using Shapiro–Wilk tests. When assumptions of normality were violated, 230 

differences in principal component scores were tested using aligned rank transform (ART) 231 

ANOVA, implemented with the ARTool package (Kay et al. 2025), including genotype, treatment, 232 

and their interaction as fixed effects. When significant main effects or interactions were detected, 233 

post hoc comparisons were performed using estimated marginal means with Holm-adjusted p-234 

values. In the absence of significant interactions, marginal effects were evaluated; when 235 

interactions were present, simple effects were tested within each factor level. 236 
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 237 
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Results 238 

Ecophysiological responses to genotype and nitrogen treatment 239 

Leaf gas exchange traits were largely unaffected by genotype or nitrogen supply. Pn and iACE 240 

showed no significant effect of genotype, nitrogen, or their interaction (all p > 0.4; Figure 2). 241 

iWUE showed a genotype-level trend (F₃,₁₆ = 2.58, p = 0.090) with no nitrogen or interaction effect 242 

(p = 0.45, 0.70): the low-nitrogen-affinity genotypes 305E40 and AM194 tended toward higher 243 

iWUE (27.4, 29.5 µmol CO₂ mol⁻¹ H₂O) than high-nitrogen-affinity AM241 and 67/3 (21.4, 19.2), 244 

though Tukey HSD contrasts were non-significant (closest, 67/3 vs AM194, p = 0.085). Nitrogen 245 

supply did not significantly alter any parameter. 246 

 247 

Composition of the culturable eggplant root microbiome 248 

Across genotypes and nitrogen regimes, eggplant roots harbored a phylogenetically diverse 249 

culturable microbiome dominated by Firmicutes and Proteobacteria (Supplementary Table 3). The 250 

culturable fraction was largely Bacillus and related genera (Fictibacillus, Mesobacillus, 251 

Metabacillus, Cytobacillus, Neobacillus), consistently isolated across all conditions, indicating a 252 

stable association with the eggplant root niche; Proteobacterial taxa (Agrobacterium, Rhizobium, 253 

Pseudomonas, Sphingobium, Sphingopyxis, Paracoccus, Lysobacter) were recurrent but showed 254 

stronger genotype- and nitrogen-dependent patterns. Actinomycetes (Streptomyces, Nocardia, 255 

Nocardioides, Microbacterium, Lentzea) contributed substantially to culturable diversity, 256 

particularly under fertilized conditions (3N): none were isolated from 305E40 under either regime, 257 

and in 67/3 they were recovered exclusively under 3N, pointing to genotype-specific and, in 67/3, 258 

nitrogen-dependent recruitment of this group. 259 

 260 
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Alpha and β-diversity reveal genotype-dependent community structuring 261 

Alpha diversity was assessed with complementary indices capturing richness (Observed), 262 

diversity/evenness (Shannon), rare-taxa-sensitive richness (Chao1), and evenness (Pielou). 263 

Shannon diversity was significantly affected by genotype and treatment, with no significant 264 

interaction (ART-ANOVA; genotype: F₃,₂₄ = 24.82, p < 0.001; treatment: F₁,₂₄ = 8.68, p = 0.007; 265 

interaction: F₃,₂₄ = 1.97, p = 0.15), indicating treatment exerted a consistent effect across genotypes 266 

despite genotype-level diversity differences. Averaged across treatments, 305E40 and AM194 267 

showed significantly higher Shannon diversity than AM241 and 67/3 (Holm-corrected; Figure 3a), 268 

with 67/3 lowest overall; averaged across genotypes, 3N exceeded 0N (mean ± SE: 5.36 ± 0.04 vs 269 

5.24 ± 0.04; p < 0.01). 270 

Observed richness was significantly affected by genotype (F₃,₂₄ = 11.08, p < 0.001; Figure 3b) but 271 

not treatment or their interaction (p > 0.05), indicating detectable taxon number was genotype-272 

determined and stable across treatments. Post hoc tests showed 67/3 significantly lower than 273 

AM194 and 305E40 (Holm-adjusted p < 0.05), with AM241 intermediate and not significantly 274 

different from either extreme, and AM194/305E40 comparably highest — a clear genotype-driven 275 

richness gradient, lowest in 67/3 and highest in AM194/305E40. 276 

Chao1 richness, in contrast, was significantly affected by genotype, treatment, and their interaction 277 

(genotype: F₃,₂₄ = 9.64, p < 0.001; treatment: F₁,₂₄ = 4.87, p = 0.037; interaction: F₃,₂₄ = 3.91, p = 278 

0.021): post hoc tests showed a genotype-dependent treatment response, with Chao1 significantly 279 

increasing under 3N in 305E40 and AM241 but not in 67/3 or AM194. 280 

Pielou's evenness likewise showed significant genotype, treatment, and interaction effects 281 

(genotype: F₃,₂₄ = 14.08, p < 0.001; treatment: F₁,₂₄ = 21.50, p < 0.001; interaction: F₃,₂₄ = 4.30, p 282 
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= 0.015), with treatment significantly altering evenness only in 305E40 (Holm-corrected p = 283 

0.006). 284 

PCoA on Bray–Curtis dissimilarity (Figure 4a) and weighted UniFrac distance (Figure 4b) showed 285 

clear treatment-based separation with additional genotype-driven clustering. PERMANOVA 286 

confirmed significant genotype, treatment, and interaction effects for both distances (p = 0.001 for 287 

all terms), with genotype explaining the most variance for weighted UniFrac (R² = 0.465; treatment 288 

R² = 0.252; interaction R² = 0.156) and a similar but weaker pattern for Bray–Curtis (genotype R² 289 

= 0.260, treatment R² = 0.155, interaction R² = 0.215). Dispersion did not differ among treatments, 290 

indicating treatment effects reflected compositional shifts rather than dispersion, whereas 291 

dispersion did differ among genotypes, suggesting genotype effects combine centroid and within-292 

genotype variability differences. 293 

Separate within-genotype PERMANOVAs confirmed nitrogen significantly affected community 294 

composition in all genotypes for both distances (adjusted p < 0.05), with effect magnitude varying 295 

by genotype (weighted UniFrac R² = 0.70–0.82; Bray–Curtis R² = 0.47–0.53); dispersion was 296 

again non-significant within genotypes, confirming true compositional shifts. All genotypes thus 297 

respond to nitrogen, but response strength is genotype-dependent. 298 

 299 

Root microbiome composition and diversity across genotypes and nitrogen regimes 300 

Root microbiome composition differed across genotypes and nitrogen regimes, mirroring the 301 

culturable isolates: Actinobacteriota were more abundant under 3N regardless of genotype, 302 

confirming the culture-based pattern; AM194 was consistently enriched in Acidobacteriota 303 

regardless of regime; 67/3 showed stable Firmicutes dominance under both regimes; and 304 

Proteobacteria dominated across treatments, most strongly in AM241 (Figure 5). 305 
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PCA on genus/phylum-level taxonomic profiles, performed to identify taxa driving sample 306 

separation, corroborated the PERMANOVA results, explaining 43.6% and 33.1% of variance 307 

along PC1 and PC2 (Figure 6). Samples clustered by genotype × treatment; 67/3 formed a clearly 308 

separated cluster along PC2 regardless of treatment, driven by higher loadings of Bacillus and 309 

Pseudoxanthomonas, whereas other genotypes associated more with Lysobacter, 310 

Pseudoduganella, Massilia, and the Polyangium brachysporum group. 311 

This divergence of 67/3 was further resolved in the phylogenetic cladogram analysis (Figure 7), 312 

confirming its distinct composition, characterized mainly by Firmicutes/Bacillus; the 313 

Vicinamibacteria clade was specifically associated with AM194 and Streptomyces with AM241. 314 

Differential abundance analysis (Supplementary Figure 1) further showed Actinobacteriota, 315 

Verrucomicrobiota, and Acidobacteriota significantly enriched under 3N and Bacteroidota under 316 

0N, consistent with the culture-based nitrogen-dependent Actinomycetes recruitment noted above. 317 

Collectively, ordination and differential abundance analyses show host genotype shapes both 318 

taxonomic composition and phylogenetic structure; we next examined whether these communities 319 

also differ functionally. 320 

 321 

Predicted functional profiles associated with genotype-specific microbiomes 322 

Predicted functional profiling revealed genotype-dependent differences in functional potential 323 

(Figure 8): chemoheterotrophy (methylotrophy, nitrification, chitinolysis) and aerobic 324 

chemoheterotrophy (methanol oxidation, aerobic ammonia oxidation) dominated across all 325 

genotypes, reflecting the prevalence of heterotrophic taxa, while nitrogen-related functions (nitrate 326 

reduction, nitrogen respiration), fermentation, cellulolysis, and aromatic compound degradation 327 

varied among genotypes, mirroring compositional shifts. Genotype 67/3's functional profile 328 



17 

 

diverged most, with the lowest aerobic ammonia oxidation and nitrification, indicating its 329 

compositional divergence extends to function; AM194 and AM241 showed higher chitinolysis, 330 

305E40 and AM241 had similar functional profiles, and AM194 had the highest 331 

nitrification/ammonia-oxidation potential. We next tested whether these compositional and 332 

functional differences related to plant production traits. 333 

 334 

Linking root microbiome composition and plant performance 335 

Production traits were summarized by PCA (Supplementary Figure 2): PC1 explained 75.0% of 336 

variance and PC2 an additional 9.95% (85.0% combined). PC1 loaded positively across fruit 337 

production, plant size, and biomass traits (≈0.26–0.33), reflecting overall productivity/vigor, and 338 

was retained as a synthetic host-performance descriptor; PC2, driven by leaf fresh weight 339 

(positive) and shoot dry matter content (negative), reflected biomass allocation and tissue water 340 

content rather than yield. 341 

Since PC1 residuals were non-normal (Shapiro–Wilk p = 0.0009), an ART two-way ANOVA was 342 

used: PC1 was significantly affected by genotype (F₃,₂₄ = 15.94, p < 0.001) and nitrogen (F₁,₂₄ = 343 

65.49, p < 0.001), with a significant interaction (F₃,₂₄ = 3.15, p = 0.043). Post hoc simple-effects 344 

tests (Holm-adjusted) showed nitrogen significantly increased PC1 only in AM241 (p = 0.0296), 345 

with no effect in other genotypes and no significant pairwise genotype comparisons within 346 

nitrogen levels. 347 

Including PC1 as a continuous predictor in a PERMANOVA controlling for genotype and 348 

treatment showed genotype (R² = 0.205, p = 0.001) and treatment (R² = 0.058, p = 0.001) 349 

significantly explained community variation, but PC1 added no explanatory power (R² = 0.024, p 350 
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= 0.251) — microbiome structure was determined by genotype and nitrogen regime rather than 351 

productivity itself. 352 

 353 

Discussion  354 

The increasing attention on plant-associated microbiomes has shifted microbial diversity from a 355 

descriptive inventory of taxa to a functional component of plant adaptation and performance 356 

(Vandenkoornhuyse et al. 2015; Nerva et al. 2022a). This shift is particularly relevant for eggplant, 357 

whose root-associated and endophytic bacterial communities remain poorly characterized despite 358 

its agronomic relevance. 359 

The eggplant root microbiome reflects selection at the interface of host genotype, nutrient 360 

availability and the surrounding microbial pool (Trivedi et al. 2020; Dastogeer et al. 2020), with 361 

genotype-specific metabolites and root architecture generating the niches governing colonization 362 

(Uribe-Acosta et al. 2025; Wagner et al. 2016; Sandrini et al. 2022b; Galindo-Castañeda et al. 363 

2024). Since nitrogen shapes both eggplant productivity (Jilani et al. 2008; Mauceri et al. 2021) 364 

and root exudation/rhizosphere composition (Zhu et al. 2016), differences in nitrogen-use 365 

efficiency may reflect distinct belowground resource-acquisition and microbial-recruitment 366 

strategies. Combining 16S rRNA profiling with culture-dependent isolation resolved dominant and 367 

rarer lineages and yielded a culturable collection for future functional work, converging on one 368 

central finding: eggplant hosts genotype-specific bacterial assemblages, further modulated by 369 

nitrogen availability, rather than one uniform root microbiome. 370 

Root-associated assemblages differed markedly among genotypes, indicating strong host genetic 371 

control over microbiome assembly, likely driven by genotype-specific root traits (exudation 372 

profiles, nutrient-uptake strategies, immune-mediated filtering), as seen in other crops and model 373 
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plants (Uribe-Acosta et al. 2025). Since all plants grew in the same substrate, genotype-dependent 374 

differences reflect differential filtering from a common microbial pool rather than inoculum 375 

variation, strengthening host genetic background as the primary driver of assembly here. 376 

Proteobacteria dominance across all genotypes is consistent with previous eggplant studies, where 377 

this phylum is a major rhizosphere component across developmental stages (Zhang et al. 2024). 378 

Broad surveys of eggplant rhizosphere microbiota similarly identify Proteobacteria, 379 

Actinobacteriota, Acidobacteriota, Chloroflexi and Firmicutes as dominant, recurrent phyla, 380 

supporting a conserved core microbiome for this crop (Gong et al. 2024). Consistently, other 381 

eggplant rhizosphere analyses report strong dominance of Proteobacteria (particularly 382 

Gammaproteobacteria) and Firmicutes classes such as Clostridia and Bacilli, with comparatively 383 

less abundant Actinobacteria (Mandal et al. 2025). Together, these findings suggest that while a 384 

conserved core microbiome may exist at broader taxonomic levels, specific functional groups' 385 

abundance is highly context-dependent and shaped by nutrient-driven plant–microbe interactions. 386 

This strong genotype effect matches observations in other systems, including tomato, where plant 387 

identity is the primary factor structuring rhizosphere communities (Grunert et al 2019; Ahmad et 388 

al. 2024; Lanzavecchia et al. 2024; Han et al. 2025). Alpha diversity analysis supported this, 389 

identifying genotype as the primary determinant of microbial diversity across all indices. Similar 390 

genotype-driven effects occur in other crops, including wheat, where genetic background strongly 391 

structures microbial communities (Jacquiod et al. 2022). At the community level, beta diversity 392 

confirmed genotype as the primary driver of microbiome structure, explaining more variance than 393 

treatment or their interaction. Dispersion differences among genotypes further suggest host plants 394 

shape not just average composition but also the range of microbial configurations they support, 395 

potentially reflecting differences in ecological stability or filtering strength. 396 
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Nitrogen availability was a consistent, secondary environmental driver of assembly. In our system, 397 

Actinobacteriota occurrence strongly depended on nitrogen availability, detected predominantly 398 

under fertilized conditions, a pattern supported by both amplicon and culture-based data. Nitrogen 399 

inputs can increase microbial biomass and density by enhancing rhizosphere resource availability 400 

(Gieske et al. 2020), and promote plant growth and rhizodeposition, adding carbon substrates that 401 

support microbial proliferation (Zhu et al. 2016). Nitrogen effects on alpha diversity were 402 

correspondingly subtle, with higher diversity under fertilized conditions averaged across 403 

genotypes, suggesting genotype constrains overall assembly while nitrogen modulates diversity 404 

by enabling recruitment of additional taxa. This contrasts with tomato, where unfertilized 405 

conditions showed higher diversity and evenness (Grunert et al. 2019), highlighting the context-406 

dependent nature of microbiome responses to nutrient inputs. The selective enrichment of 407 

Actinobacteria under fertilization warrants closer mechanistic scrutiny beyond general resource 408 

stimulation. Actinobacteria are broadly oligotrophic-to-copiotrophic intermediate strategists, 409 

particularly competitive where carbon and nitrogen are both available (Fierer et al. 2007; Hashim 410 

et al. 2026). Under nitrogen limitation, stoichiometric imbalances may disadvantage slower-411 

growing, high-biomass-yield taxa like Actinobacteria relative to faster-cycling, more nitrogen-412 

efficient groups, even with carbon available from root exudation (Cleveland et al. 2007). Nitrogen 413 

fertilization relieves this limitation, letting Actinobacteria compete and proliferate. Beyond 414 

stoichiometry, Actinobacteria also enrich as producers of secondary metabolites, including 415 

antibiotics and antifungal compounds (Barka et al., 2016; Viaene et al., 2016). Their increased 416 

abundance under fertilization could reshape competitive hierarchies within the root microbiome, 417 

suppressing susceptible taxa and contributing to the higher diversity and evenness under 3N — 418 

positioning Actinobacteria as active community structurers rather than passive responders. This 419 
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matches the broader literature on Actinobacteria as keystone taxa in soil and rhizosphere 420 

ecosystems (Mendes et al., 2011). 421 

Within genotypes, nitrogen consistently altered community composition, but with varying 422 

magnitude — genotypes differ not in whether they respond to nitrogen, but in the extent of 423 

restructuring. Genotype 67/3's markedly low diversity and Firmicutes-dominated composition 424 

across both regimes represents this continuum's extreme, suggesting an unusually strong host 425 

filtering effect. While all genotypes showed nitrogen-dependent compositional shifts, 67/3 426 

maintained a stable, Bacillus-enriched community regardless of treatment, pointing to host-driven 427 

rather than environmentally driven assembly. Several non-exclusive mechanisms could explain 428 

this pattern. First, genotype-specific differences in root exudate quantity and quality could favor 429 

Bacillus-related taxa. This is supported by recent rapeseed evidence, where kaempferol, a 430 

flavonoid root exudate, mediated genotype-specific Bacillaceae enrichment, and a kaempferol-431 

deficient mutant failed to recruit this group entirely (Wang et al. 2026). If 67/3 similarly produces 432 

Bacillus-attracting exudates, this would explain its consistent dominance across nitrogen regimes. 433 

Second, roots deploy pattern-triggered immunity (PTI) and antimicrobial compounds that can 434 

selectively suppress some taxa while promoting others (Lebeis et al. 2015; Pascale et al. 2020). 435 

Differences in these defense pathways could explain the near-complete absence of Actinomycetes 436 

in 67/3 under both conditions, unlike any other genotype. If 67/3 maintains a constitutively active 437 

immune tone, this could suppress copiotrophic, slower-growing taxa like Actinobacteria, while 438 

Bacillus — which has well-characterized immune-evasion mechanisms — remains unaffected 439 

(Bulgarelli et al. 2013; Pieterse et al. 2014). Third, root architecture and anatomy can determine 440 

microbial access to root tissues, influencing which taxa colonize the endosphere versus remaining 441 

confined to the rhizosphere (Galindo-Castañeda  et al. 2024). Genotype-specific differences in root 442 
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morphology, lateral root density, root hair abundance, or cell wall composition could affect 443 

colonizing bacteria's spatial distribution and diversity, contributing to 67/3's lower richness and 444 

evenness. Whether these mechanisms act independently or synergistically remains untested; future 445 

studies combining exudate profiling, immune-gene transcriptomics, and root architectural 446 

characterization across genotypes would offer mechanistic insight. 447 

The ecological consequences of a constrained microbiome are not straightforward. On one hand, 448 

low diversity and single-taxon dominance could be a functional limitation, reducing the range of 449 

microbial services available to the plant. On the other hand, a tightly filtered, Bacillus-dominated 450 

community may sustain key plant-beneficial functions through alternative pathways. Several 451 

Bacillus species like B. megaterium, B. cereus, B. pumilus, B. subtilis function as diazotrophs, 452 

fixing atmospheric nitrogen (Saxena et al. 2020). A Bacillus strain isolated from an N-use-efficient 453 

rapeseed genotype's rhizosphere was also shown to enhance root biomass and nitrogen uptake in 454 

an N-use-inefficient genotype (Wang et al. 2026). This raises the possibility that 67/3's Bacillus-455 

dominated microbiome sustains nitrogen acquisition through direct plant-growth-promoting 456 

activity rather than community-level cycling a functionally distinct but potentially effective 457 

strategy. Whether the Bacillus strains isolated from 67/3 exhibit measurable nitrogenase activity 458 

remains untested and would be a valuable direction for future functional work. 459 

Among less abundant but noteworthy taxa, Vicinamibacteria were specifically associated with 460 

AM194 regardless of nitrogen regime, while Polyangium brachysporum group members were 461 

enriched in other genotypes. Vicinamibacteriales are reported as dominant in acidic soils and 462 

peatlands, with genomic evidence suggesting roles in phosphorus solubilization and carbon 463 

metabolism via bacterial microcompartments (Dedysh et al. 2022; Wu et al. 2021). Their 464 

enrichment in AM194 may thus reflect genotype-driven recruitment of phosphorus-cycling taxa, 465 
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potentially contributing to this genotype's nutrient-acquisition strategy. However, 466 

Vicinamibacteria's functional role in crop rhizospheres remains poorly characterized, and their 467 

consistent association with AM194 warrants further genome-resolved metagenomics 468 

investigation. 469 

These compositional differences were paralleled by shifts in predicted functional potential. 470 

Functional profiles were derived from taxonomy-based predictive inference rather than direct 471 

metagenomics or metatranscriptomics, and should be interpreted as functional potential rather than 472 

confirmed activity. Functions related to chemoheterotrophy and aerobic chemoheterotrophy were 473 

dominant across all genotypes, consistent with the prevalence of heterotrophic taxa. However, 474 

nitrogen-related functions including nitrification and aerobic ammonia oxidation varied among 475 

genotypes, indicating differing predicted capacity for nitrogen transformations. Microbial 476 

oxidation of ammonia to nitrite, and its conversion to nitrate, are key nitrogen-cycling steps 477 

directly influencing plant nutrient availability (Grunert et al. 2019). Reduced representation of 478 

these functions in 67/3 matches its low Actinobacteriota abundance and suggests limited 479 

community-level nitrogen-cycling potential, whereas their enrichment elsewhere reflects a more 480 

functionally versatile microbiome. Chitinolysis and organic-matter-degradation functions were 481 

additionally enriched in AM194 and AM241, suggesting increased nutrient-turnover capacity. 482 

Chitin degradation contributes to carbon and nitrogen recycling and is mediated by complex 483 

microbial consortia (Wieczorek et al. 2019); enriched chitinolytic potential in these genotypes may 484 

reflect a more dynamic microbial community sustaining rhizosphere nutrient cycling. 485 

Despite these functional differences, no direct association between overall microbiome 486 

composition and plant productivity was detected at the community level. PERMANOVA including 487 

productivity (PC1) as a continuous variable showed microbiome variation was primarily explained 488 
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by genotype and nitrogen regime, with no additional contribution from the productivity gradient. 489 

This suggests microbiome assembly and plant performance are parallel responses to host 490 

background and environment, rather than a direct microbiome-driven effect on productivity. 491 

Nevertheless, genotype-specific patterns suggest a potential indirect link between microbiome 492 

functional potential and host responsiveness. Only AM241 showed a significant productivity 493 

increase under fertilization, and was characterized by higher alpha diversity, 494 

Proteobacteria/Streptomyces enrichment, and broader predicted functional potential. This matches 495 

rapeseed findings, where N-use-efficient genotypes recruited more diverse communities and 496 

specific Bacillus strains actively promoted nitrogen acquisition (Wang et al. 2026), suggesting 497 

microbiome diversity and functional breadth may help the plant–microbiome system respond to 498 

nutrient changes. Causality cannot be inferred from the present data, and these patterns should be 499 

interpreted as hypothesis-generating observations. Beyond productivity, plant gas exchange 500 

provided a complementary readout of host performance. Under our conditions, leaf-level gas 501 

exchange was stable across nitrogen regimes and carbon assimilation did not differ among 502 

genotypes, indicating the contrasting root microbiomes above were not mirrored by large 503 

photosynthetic differences at sampling. The only structured pattern was a non-significant trend 504 

toward higher intrinsic water-use efficiency in the two low-nitrogen-affinity genotypes (305E40, 505 

AM194), reflecting lower stomatal conductance relative to assimilation. Though this separation 506 

didn't reach significance, its independence from nitrogen supply fits a constitutive, genotype-507 

determined water-use strategy rather than a plastic N response — echoing the genotype-driven 508 

structuring seen in the root microbiome. Larger replication would confirm whether low-N-affinity 509 

genotypes are intrinsically more water-use efficient and whether this covaries with their distinct 510 

microbial recruitment. 511 
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Combining amplicon-based profiling with culture-dependent isolation provided a comprehensive 512 

characterization of the eggplant root microbiome. The two approaches converged on the dominant 513 

taxa (Bacillus, Actinomycetes), supporting the ecological relevance of the isolate collection, while 514 

amplicon sequencing additionally captured taxa poorly recovered by culturing, such as 515 

Acidobacteriota (Rappé et al. 2003) and Vicinamibacteria, whose functional roles remain a priority 516 

for future metagenomic work. Overall, host genotype shaped both microbiome composition and 517 

predicted functional potential, with nitrogen availability acting as a consistent secondary 518 

modulator, indicating that eggplant genotypes differ in the microbial taxa they recruit and in their 519 

degree of microbiome plasticity. Building on the resulting bacterial isolate collection, future work 520 

should link microbial identity to function through DMCs and controlled inoculation experiments, 521 

testing whether genotype-associated consortia contribute to nitrogen-use efficiency and plant 522 

performance, ultimately supporting tailored DMC strategies for sustainable crop management. 523 

 524 
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Figure titles and legends: 765 

 766 

Figure 1 - Experimental design and analytical workflow. (A) Four eggplant (Solanum melongena) 767 

genotypes: AM241, 305E40, 67/3 and AM194 were grown in a 1:1 soil:sand substrate across three 768 

beds, each divided into two sectors of 5.6 m² (16 plants per sector; 3.2 plants m⁻²), under two 769 

nitrogen regimes (0N, unfertilised; 3N, nitrate-fertilised). (B) Timeline of the 2022 growing season 770 

(May–September) showing management and sampling events: nitrate fertilisation (solid line), 771 

auxin spraying (hatched line), potassium and phosphorus fertilisation (dots), fruit harvest, 772 

ecophysiological and phenotypic measurements (dashed line), and destructive root sampling (star). 773 

(C) Leaf gas exchange was measured on the 4th–5th leaf from the shoot apex between 09:00 and 774 

11:00 using a portable open-flow gas-exchange system, recording net photosynthesis (Pₙ), 775 

transpiration (E) and intercellular CO₂ concentration (Cᵢ), from which intrinsic water-use 776 

efficiency and apparent carboxylation efficiency were derived. (D) Root-associated bacteria were 777 

characterised through a dual approach: culture-dependent isolation on non-selective and 778 

Actinobacteria-selective media, followed by strain isolation, identification and deposition in a 779 

cultivable-strain database; and culture-independent amplicon sequencing, comprising DNA 780 

extraction, 16S rRNA gene sequencing, and data integration including PCA linked to plant 781 

performance and functional prediction. 782 
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 784 

Figure 2 - Leaf gas-exchange traits of four eggplant genotypes under two nitrogen regimes. 785 

Net photosynthesis (P_n; µmol CO₂ m⁻² s⁻¹), intrinsic water-use efficiency (iWUE = P_n/g_s; 786 

µmol CO₂ mol⁻¹ H₂O) and intrinsic carboxylation efficiency (iACE = P_n/c_i; mol m⁻² s⁻¹) 787 

measured in genotypes AM241, 67/3, 305E40 and AM194 grown under nitrogen limitation (0N) 788 

and nitrogen fertilization (3N). Bars represent the mean of three biological replicates (n = 3) and 789 

error bars denote ± standard deviation; fill colour indicates each genotype × nitrogen combination. 790 

Traits were compared by two-way ANOVA (genotype × nitrogen) followed by Tukey's HSD. The 791 

absence of letter groupings reflects the lack of significant pairwise differences (Tukey's HSD, P > 792 

0.05). 793 
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 795 

Figure 3 - Alpha diversity indices across genotypes (A–B). Shannon diversity index (A) and 796 

observed richness (B) were calculated on rarefied data. Alpha diversity was analysed using two-797 

way aligned rank transform ANOVA (ART-ANOVA) with genotype and treatment as fixed factors. 798 

As no significant genotype × treatment interaction was detected, post hoc comparisons were 799 

performed for genotype using Holm-adjusted pairwise tests. Different letters indicate significant 800 

differences among genotypes (p < 0.05). Data are presented as estimated marginal means (± SE) 801 

on the original scale, and points represent individual samples. 802 
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 803 

 804 

Figure 4. Principal coordinate analysis (PCoA) of microbial community composition based on 805 

Bray–Curtis dissimilarity (A) and weighted UniFrac distance (B). Samples are colored by 806 

treatment and shaped by genotype. Ellipses represent 95% confidence intervals. Statistical 807 

significance of group differences was assessed using PERMANOVA. 808 
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 810 

Figure 5. Relative abundance of dominant bacterial phyla across genotypes and treatments. 811 

Bar plot showing the top 10 most abundant phyla based on relative abundance. Taxa are displayed 812 

as proportions of total reads per sample. Bars represent mean relative abundance across samples 813 

within each group. Phyla outside the top 10 are grouped as “Others.” 814 
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 816 

Figure 6. PCA biplot of taxonomic composition aggregated at the Genus level. Samples are colored 817 

by genotype × treatment group. Arrows represent taxa loadings, indicating taxa contributing most 818 

to the ordination structure.  819 
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 821 

Figure 7. LEfSe cladogram showing taxonomic lineages differentially enriched between genotypes 822 

(305E40, Green; 67/3, Orange; AM194, Purple; AM241, Pink). Nodes represent taxa significantly 823 

associated with each genotype.  824 
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 826 

Figure 8 – Putative microbial functional groups were inferred from 16S rRNA gene amplicon 827 

sequence variants using the microeco implementation of the FAPROTAX database. Functional 828 

annotations were calculated from taxonomic assignments and expressed as abundance-weighted 829 

relative abundances (%). Boxplots show the distribution of predicted functional groups across 830 

samples for each genotype (305E40, 67/3, AM194, and AM241). Differences among genotypes 831 

were assessed using one-way ANOVA. Different letters indicate statistically significant differences 832 

between genotypes (p < 0.05). Boxes represent the interquartile range, horizontal lines indicate 833 

medians, and whiskers represent 1.5 × the interquartile range. 834 
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