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Running title: From assembly to yield: maize rhizosphere framework

Abstract

Background and aims. The rhizosphere microbiome is an extension of the crop genome, yet the
rules governing its assembly and its statistical links to yield remain unresolved. We asked whether
bacteria and fungi follow kingdom-specific assembly rules across genotypes and stages (RQ1),
which taxa form network backbones (RQ2), and through which statistical pathways microbial

features connect to measured grain yield (RQ3).

Methods. Bacterial and fungal communities of seven maize cultivars were profiled at seedling
(V6) and tasseling (VT) stages, integrating diversity analyses, robustness-validated co-occurrence
networks, FAPROTAX/FUNGuild annotation, BSEM, and machine-learning signature

identification; grain yield was measured and no forecasting was attempted.

Results. Bacterial assembly was dominated by developmental stage (ANOSIM R = 0.90), shifting
from copiotrophic Proteobacteria toward oligotrophic lineages, whereas fungi retained stronger
genotype structure at tasseling (R up to 0.74). Phenotypic and community distances were decoupled
at the genotype level. Proteobacteria and Ascomycota formed network backbones whose removal
eliminated 81.5 % and 93.6 % of edges. BSEM reproduced 68—69 % of yield variance and resolved
coherent phyla — functional guilds — agronomic traits — yield pathways ( = 0.55 for agronomic

traits — yield), with cultivar effects ranging from +0.50 (Nonghua 106) to —0.49 (Dr. King 825).
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Machine learning confirmed complementary yield-associated signatures (Rhodanobacter

ASV1138, p=0.91).

Conclusion. Bacteria and fungi obey kingdom-specific assembly rules; Proteobacteria and
Ascomycota are structurally indispensable network backbones; and a Bayesian structural equation
framework traces interpretable pathways from microbiome features to measured yield, offering

testable hypotheses for microbiome-assisted maize breeding.

Keywords: Bayesian structural equation modeling; co-occurrence network; maize (Zea mays L.);

rhizosphere microbiome; yield-associated microbial signatures

Abbreviations: ACC, 1-aminocyclopropane-1-carboxylate; ANOSIM, analysis of similarities;
ASV, amplicon sequence variant; BSEM, Bayesian structural equation modeling; CFI,
comparative fit index; CI, credible interval; FAPROTAX, Functional Annotation of Prokaryotic
Taxa; FUNGuild, Fungal Functional Guild; HSD, honestly significant difference; IAA, indole-3-
acetic acid; ITS, internal transcribed spacer; LDA, linear discriminant analysis; LEfSe, linear
discriminant analysis effect size; MCMC, Markov chain Monte Carlo; NMDS, non-metric
multidimensional scaling; PCA, principal component analysis; PCoA, principal coordinates
analysis; PERMANOVA, permutational multivariate analysis of variance; RMSEA, root mean
square error of approximation; RQ, research question; SD, standard deviation; SRMR,
standardized root mean square residual; SynCom, synthetic community; V6, six-leaf stage; VT,

tasseling stage; wUF, weighted UniFrac.
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Introduction

The global population is projected to reach approximately 9.7 billion by 2050 (United Nations
2022), placing unprecedented pressure on food security. Maize (Zea mays L.) is among the world's
highest-yielding cereal crops and serves as staple food, animal feed, and industrial raw material, so
its stable production is essential for agricultural sustainability (Ren et al. 2022). However, decades
of intensive fertilization and conventional breeding have been accompanied by diminishing
marginal yield returns, soil degradation, non-point source pollution, and biodiversity loss in many
major production regions (Das et al. 2022; Li et al. 2024), making the transition toward sustainable

crop production an urgent priority.

The rhizosphere—the narrow soil zone influenced by root activity—harbors microbial
communities that are intimately linked to soil fertility, stress tolerance, plant development, and
yield formation (Berendsen et al. 2012; Philippot et al. 2013). Plants allocate 11-40 % of
photosynthetically fixed carbon to the rhizosphere through root exudates, creating a specialized
nutritional niche that drives directed microbial assembly (Sasse et al. 2018; Zhalnina et al. 2018).
In return, microorganisms supply the host with nitrogen fixation, phosphate solubilization,
pathogen suppression, and phytohormone regulation (Feng et al. 2025; Liu-Xu et al. 2024; Sagar
et al. 2021; Vandenkoornhuyse et al. 2015; Wang et al. 2023). The rhizosphere microbiome is
therefore widely viewed as a core functional extension of the host plant and one of the most

promising levers for ecologically sustainable yield improvement (Trivedi et al. 2020).

Host genotype is a well-documented driver of rhizosphere microbiome variation. Landmark studies
in Arabidopsis, rice, and maize have shown that root-associated communities are structured by
host-driven selection and are partly heritable under field conditions (Bulgarelli et al. 2012; Edwards
et al. 2015; Garrido-Oter et al. 2018; Peiffer et al. 2013; Walters et al. 2018). In maize specifically,
rhizosphere taxa are heritable and repeatable across seasons (Peiffer et al. 2013; Walters et al.
2018), and recent work has extended this picture in three directions: locally adapted maize
accessions exert genotype- and environment-dependent genetic control over their root
microbiomes, down to host variants associated with individual keystone bacteria (He et al. 2024);
intraspecific genetic variation modulates even narrow functional groups such as nitrifiers and
denitrifiers under conventional agriculture (Favela et al. 2025); and comparisons of inbred and

hybrid maize indicate that non-genetic factors often outweigh genotype effects, leaving the strength
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of host control context-dependent (Schultz et al. 2023). Developmental stage is an equally powerful
filter: as plants grow, root exudate chemistry shifts from readily assimilable sugars and organic
acids toward more recalcitrant compounds, reordering microbial substrate preferences and
community succession (Zhalnina et al. 2018). Despite this progress, four gaps remain. First,
bacteria and fungi are usually profiled separately, so whether the two kingdoms obey distinct
assembly rules under an identical field design is rarely quantified side by side. Second, co-
occurrence networks are routinely used to nominate keystone taxa, yet their structural
indispensability is seldom validated by systematic removal or attack—tolerance analyses (Banerjee
et al. 2018; Faust and Raes 2012). Third, taxonomic composition does not map one-to-one onto
function, and the functional guilds that plausibly connect microbes to host performance are often
left unexamined (Louca et al. 2016). Fourth—and most consequential for breeding—most studies
remain at the level of descriptive composition or static trait-community correlations, leaving the
statistical pathways from host factors through microbial features to measured yield largely
uncharted; indeed, whether phenotypic differences among genotypes track community differences
at all is rarely tested explicitly. Modern maize cultivars, having undergone intensive artificial
selection, may have inadvertently altered their capacity to recruit beneficial soil microorganisms
(Trivedi et al. 2020; Vandenkoornhuyse et al. 2015); quantifying such cultivar-dependent microbial

effects is a prerequisite for microbiome-assisted breeding.

In this study, we used seven divergent maize cultivars grown in a replicated field trial and sampled
rhizosphere soils at the seedling (V6) and tasseling (VT) stages, profiling bacterial and fungal
communities in parallel. We built an integrated analytical framework with four components: (i)
kingdom-resolved diversity analysis to quantify the relative contributions of genotype and
developmental stage (RQ1); (i1) co-occurrence network analysis combined with phylum-level
removal and attack—tolerance simulations to identify keystone taxa and verify their structural role
(RQ2) (Banerjee et al. 2018; Barberan et al. 2012); (iii) FAPROTAX and FUNGuild functional
annotation to bridge taxonomy and function (Louca et al. 2016; Nguyen et al. 2016); and (iv) a
Bayesian structural equation modeling (BSEM) framework that specifies ecologically informed a
priori structures and resolves directional statistical pathways from source variables through
microbial features and functional guilds to measured grain yield (RQ3) (Merkle and Rosseel 2018;
Rosseel 2012). Grain yield was measured directly in the field. Machine learning was deliberately

restricted to two supporting tasks—identifying yield-associated microbial signatures and cross-
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checking the coherence of BSEM-derived pathways—because the number of genotype-level
observations does not support predictive validation (Topguoglu et al. 2020); throughout this article,
terms such as causal path refer strictly to statistical pathways estimated under the a priori BSEM

structure, not to experimental demonstrations of the underlying biological processes.
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Fig. 1. Experimental design and integrative analytical framework. Seven maize cultivars were grown in a replicated field trial and
rhizosphere-sampled at the seedling (V6) and tasseling (VT) stages (42 samples); bacterial (16S rRNA) and fungal (ITS)
communities were profiled in parallel and integrated through diversity analyses, co-occurrence networks with robustness
validation, functional annotation, Bayesian structural equation modeling (BSEM), and machine-learning-based signature

identification. G1-G7 denote BSEM cultivar codes.

Materials and methods

Study site and plant materials

The field experiment was established in 2022 at the experimental station of the Xing'an League
Institute of Agricultural and Animal Husbandry Sciences, Inner Mongolia, China (45°43'-46°18'
N, 121°53'-122°52" E). Seven maize (Zea mays L.) cultivars with divergent genetic backgrounds
and maturity groups were selected: Jinongyu 198 (G1), Tiannong 9 (G2), Nonghua 106 (G3),
Xianyu 335 (G4), Dr. King 825 (G5), Ruifeng 105 (G6), and Jinyuan Jade 177 (G7) (Table S1).
Cultivars were grown in a wide—narrow row configuration (wide row 80 cm, narrow row 40 cm,
intra-row spacing 24.7 cm) under uniform field management, including basal fertilization
(compound fertilizer N-P.Os—K.O = 15-15-15, 750 kg ha™") and a single topdressing of urea (300

kg ha™); irrigation, pest, and weed control followed local high-yield practice and were identical
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across cultivars and replicates. Each cultivar was represented by three biological replicate plots
(0.20 ha each), and the same plots were sampled at both developmental stages. Rhizosphere soil
was collected on 27 June (seedling stage, V6) and 28 July (tasseling stage, VT) 2022, yielding 42
samples in total (7 cultivars x 2 stages x 3 replicates). Cultivar codes G1-G7 correspond to
sequencing sample prefixes WY2, WY3, WY&, WY9, WY 13, WY 14, and WY 15, respectively
(Table S1).

Rhizosphere soil collection

A five-point sampling scheme was applied within each replicate plot at both stages. Five plants
were selected at random, excavated to 10-20 cm depth with intact root systems, and gently shaken
to dislodge loosely adhering bulk soil. Rhizosphere soil tightly bound to the root surface was
brushed off with sterile brushes and pooled across the five plants into one composite sample per
plot—stage combination. Samples were sealed in sterile bags, immediately flash-frozen in liquid
nitrogen in the field, transported on dry ice, and stored at —80 °C until DNA extraction; sterile

gloves and brushes were changed between samples to prevent cross-contamination.

DNA extraction, sequencing, and bioinformatics

Total community DNA was extracted from rhizosphere soil using a standard commercial soil DNA
extraction kit, treated with RNase, and quantified; extraction blanks were included as negative
controls. The bacterial 16S rRNA V3-V4 region (primers 338F/806R) and the fungal ITS1 region
(primers ITS1F/ITS2R) were amplified with barcoded primers and sequenced on the Illumina
NovaSeq 6000 platform. Raw reads were quality-filtered, adapter- and primer-trimmed, merged,
and denoised, and amplicon sequence variants (ASVs) were inferred with DADA?2 (Callahan et al.
2016), which removes chimeras. Taxonomic classification was performed against the Greengenes2
database for bacteria and the UNITE database for fungi. QIIME 2 (Bolyen et al. 2019) was used to
calculate alpha-diversity (Chaol, Shannon, Simpson, ACE, observed features, and Faith's
phylogenetic diversity) and beta-diversity (Bray—Curtis and weighted UniFrac) indices. ASVs with
relative abundance < 0.01 % were filtered from the feature table. Differentially abundant taxa were

identified using LEfSe with an LDA score threshold of 3.0 (Segata et al. 2011).

Yield and agronomic trait measurement

At physiological maturity, ear number, ear weight, 20-ear weight, cob weight, kernel percentage

(grain ratio), and grain moisture were recorded for each plot, and standardized grain yield was
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calculated as kg per mu (1 mu = 1/15 ha) following national standards for maize variety trials.
Grain yield was therefore an observed field measurement used throughout as the response variable;

no yield forecasting or prediction of any kind was performed.

Diversity statistics and Mantel tests

Differences in alpha-diversity between stages were assessed with Welch's two-sample t-tests, and
genotype effects within each stage with Kruskal-Wallis tests followed by Dunn's post hoc
comparisons. Community differentiation was quantified with ANOSIM and PERMANOVA (9,999
permutations each) on Bray—Curtis and weighted UniFrac distance matrices, testing the factor
developmental stage across all samples and the factor genotype within each stage; non-metric
multidimensional scaling (NMDS) provided ordination. To test whether phenotypic differentiation
tracks community differentiation, Mantel tests (9,999 permutations) were computed between z-
scored agronomic-trait distance matrices and community distance matrices. Because agronomic
traits were measured once per cultivar, the primary Mantel analyses were performed at the genotype
level using 7 x 7 mean matrices (2 kingdoms x 2 distance metrics x 2 stages = 8 tests), which
avoids pseudo-replication; sample-level tests with genotype-assigned traits (a further 8 tests) are
reported for completeness and interpreted with caution. P-values across the 16 tests were adjusted
with the Benjamini—-Hochberg (BH) procedure, and only BH-adjusted P values are reported as

significant.

Co-occurrence network analysis and robustness validation

Co-occurrence networks were constructed separately for each cultivar X stage x kingdom
combination (7 x 2 x 2 =28 networks). Pairwise associations were inferred with SparCC (Friedman
and Alm 2012) and edges were retained at |p| > 0.6 and P < 0.05; the 50 most abundant ASVs in
each network were kept as nodes, and edge sign was assigned by the sign of the correlation (green,
positive; red, negative). Networks were built and analyzed with the igraph package (Csardi and
Nepusz 2006). Topology (nodes, edges, positive/negative edge ratio, density, average degree,
clustering coefficient, and modularity) was recomputed directly from the edge tables; communities
were detected with a greedy modularity-optimization algorithm. Keystone nodes were defined as
the top five nodes by degree centrality in each network, and hub consistency was quantified as the
number of networks in which an ASV recurred in the degree top five. Robustness was assessed in

two complementary ways. First, in phylum-level removal tests, all nodes of a focal phylum with >
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3 nodes were deleted and the resulting changes in edge count, node count, and modularity were
recorded; modularity before and after removal was recomputed de novo from the edge tables for
every network to guarantee numerical validity. Second, attack—tolerance curves were generated for
the functional co-occurrence networks by removing nodes either randomly or in decreasing order
of degree (targeted attack) and tracking the relative size of the largest connected component
(Bastian et al. 2009; Faust and Raes 2012). Network visualization used a force-directed layout with

nodes colored by phylum.

Functional annotation and functional co-occurrence networks

Bacterial functions were predicted with FAPROTAX (Louca et al. 2016) and fungal trophic modes
with FUNGuild (Nguyen et al. 2016); both assign ASVs to ecologically interpretable guilds.
Functional-group abundances were aggregated per sample, and functional co-occurrence networks
were constructed with the same SparCC-based correlation approach used for the taxonomic
networks. Keystone functional groups were identified from degree and betweenness centrality, and
single-node removal impact scores were computed for the fungal guilds to rank their structural

importance.

Bayesian structural equation modeling

A Bayesian structural equation modeling (BSEM) framework (Merkle and Rosseel 2018; Rosseel
2012) was used to resolve multi-level statistical pathways linking source variables to grain yield.
The a priori structure specified five layers: (i) source variables (cultivar group in the genotype
models; developmental stage in the stage model); (i1) microbial community features (the relative
abundances of the dominant bacterial phyla Proteobacteria, Acidobacteriota, Firmicutes, and
Chloroflexi, and the fungal phyla Ascomycota, Basidiomycota, and Mortierellomycota); (iii)
predicted functional guilds (bacterial nitrogen metabolism, carbon metabolism, aerobic
heterotrophy, and other bacterial functions; fungal organic matter decomposition, nutrient
activation, and other fungal functions); (iv) an agronomic-trait composite score constructed by
standardizing the measured agronomic traits and combining them; and (v) measured grain yield as
the terminal variable. Directed paths were specified from source variables to community features,
from community features to functional guilds, from functional guilds to the agronomic score and
yield, and from the agronomic score to yield, with additional direct paths from source variables to

yield. Two genotype models (one per stage; N = 21 each; 127 paths) and one stage model (both
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stages pooled; N = 42; 73 paths) were fitted. Parameters were estimated by Markov chain Monte
Carlo with weakly informative priors; convergence was assessed via the potential scale reduction
factor and effective sample size, and standardized coefficients with 95 % credible intervals are
reported. Model fit was evaluated with the comparative fit index (CFI), the root mean square error
of approximation (RMSEA), and the standardized root mean square residual (SRMR). Total, direct,
and indirect effects on yield were decomposed per cultivar and for developmental stage, and genus-
level effect decomposition was performed by weighting genus abundances by the corresponding
BSEM path coefficients. Throughout, the term causal path denotes a directional statistical pathway
estimated under this a priori structure; it does not imply experimental verification of the underlying

biological processes.

Machine-learning-based signature identification

Machine learning was applied exclusively for signature identification and for checking the
coherence of BSEM-derived pathways, not for yield forecasting. Random forest (Breiman 2001)
and XGBoost (Chen and Guestrin 2016) feature-importance scores were computed on genotype-
level feature tables at the genus and ASV levels using default hyper-parameters and internal cross-
validation; Spearman correlations between ASV abundances and measured yield were computed
at the sample level (n = 42) and the genotype level (n = 7). Because seven genotype-level
observations cannot support predictive validation (leave-one-out cross-validated R* was negative),
no predictive accuracy is reported anywhere in this study, following current recommendations for
machine learning on microbiome data (Topcguoglu et al. 2020). Genera with the strongest positive
yield associations were compiled into an in silico synthetic-community (SynCom) candidate list,
presented strictly as a hypothesis-generating design for future isolation and inoculation work

(Mueller and Sachs 2015; Singh et al. 2024).

Statistical analysis

Data are presented as mean + SD unless otherwise stated. One-way ANOVA with Tukey's HSD
post hoc test (P < 0.05) was used for multiple comparisons among cultivars. Alpha- and beta-
diversity analyses used QIIME 2 outputs as described above; ANOSIM, PERMANOVA, and
Mantel tests were implemented with 9,999 permutations; networks were computed with NetworkX

and igraph; BSEM was implemented in R; machine-learning analyses used scikit-learn and
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XGBoost. All scripts and the analysis pipeline are available from the authors. Significance levels:

*P <0.05, **P < 0.01, ***P < (0.001; all tests were two-sided.

Results

Phenotypic variation is substantial but decoupled from community distances

Grain yield and agronomic traits differed significantly among the seven cultivars (Table 2; Fig.
2a). Jinongyu 198 (G1) achieved the highest yield (784.25 + 33.91 kg per mu), followed by Ruifeng
105 (G6; 760.48 £ 17.99) and Nonghua 106 (G3; 759.73 + 36.94), whereas Dr. King 825 (G5)
produced the lowest yield (546.84 + 28.00 kg per mu); the across-cultivar coefficient of variation
was 12.6 %. Principal component analysis of z-scored agronomic traits separated the cultivars
along PC1 (56.1 % of variance) and PC2 (26.0 %), with the high-yielding cultivars G1, G3, and
G6 scoring positively on PC1 and the low-yielding G4 and G5 scoring negatively (Fig. 2b, ¢).

To test whether this phenotypic differentiation was mirrored by community differentiation, we
performed Mantel tests between agronomic-trait distances and community distances (Fig. 2d; Fig.
S1; Table S1). At the genotype level—the appropriate unit because traits were measured once per
cultivar—none of the eight tests (2 kingdoms X 2 distance metrics x 2 stages) was significant after
Benjamini—Hochberg correction (|r| < 0.26, adjusted P > 0.30 in all cases; Table S3). Among the
sample-level tests, which re-use genotype-assigned trait values and therefore inflate the effective
sample size, only the bacterial weighted-UniFrac comparison at VT reached significance (r=0.383,
P =0.0002, adjusted P = 0.0016), a pattern consistent with pseudo-replication of genotype-level
traits rather than with genuine within-genotype covariation. Phenotype—microbiome decoupling at
the genotype level therefore stands as a genuine result of this study: cultivar differences in yield
and agronomic traits are not accompanied by proportional shifts in overall community composition,
motivating the pathway-level modeling of the Bayesian structural equation framework presented

below rather than direct trait-community matching.
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Fig. 2. Phenotypic variation, phenotype—microbiome decoupling, and alpha-diversity. (a) Grain yield of the seven cultivars (mean
+ SE, n = 3; uppercase letters denote Tukey HSD groups, P < 0.05). (b) Heatmap of z-scored agronomic traits. (c) Principal
component analysis of agronomic traits (PC1 = 56.1 %, PC2 = 26.0 %). (d) Genotype-level Mantel tests between agronomic-
trait and community distance matrices (7 x 7 mean matrices; 9,999 permutations); no test remained significant after Benjamini—
Hochberg correction (dashed line: r = 0). (e, f) Bacterial and fungal Shannon diversity by developmental stage (Welch's t-test;
NS, not significant). (g) Shannon diversity across cultivar x stage combinations (mean + SEM). V6, seedling stage; VT, tasseling

stage.

Table 2. Grain yield and agronomic traits of seven maize cultivars at maturity. Values are
mean £ SD (n = 3). Different uppercase letters indicate significant differences among

cultivars (P < 0.05, Tukey HSD). 1 mu = 1/15 ha.

Cultivar (BSEM Ear Ear weight  20-ear Cob weight  Grain ratio  Moisture Yield
group) number (kg) weight (kg)  (kg) (%) (%) (kg/mu)
Jinongyu 198 (G1) 66.67 £ 20.03 £ 6.02+020 099+0.07 8349+ 27.40 78425+
5.13 AB 0.98 A AB C 1.17 AB 0.46 B 3391 A
Tiannong 9 (G2) 75.00 + 19.64 £ 524+0.11 129+£0.02 7529+ 2734145 695.12+
3.46 A 1.25A BC AB 0.40 D B 55.76 AB
Nonghua 106 (G3) 66.67 £ 21.87+ 6.59+0.58 139+0.19 7839+ 3140+ 759.73 £
5.13 AB 025 A A A 2.11 CD 226 A 36.94 A
Xianyu 335 (G4) 64.67 £ 15.60 £ 4.83+054 090+0.02 8131+ 25.57+ 61021 +

635B 191B C C 1.89 BC 122B 79.25 BC
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Dr. King 825 (GS5) 64.00 = 14.73 + 4.60+0.27 1.00£0.08 7835+ 26.53 £ 546.84 =

2.00B 125B C C 0.62 CD 227B 28.00 C
Ruifeng 105 (G6) 6533+ 19.10 + 585+020 1.11+0.11 8098+ 2383+ 760.48 +

4.16B 0.89 A AB BC 1.79 BC 095B 17.99 A
Jinyuan Jade 177 (G7) 68.33 = 15.73 + 461+0.14 0.65+0.04 86.17+ 17.87 719.48 +

451 AB 0.55B C D 0.63 A 093C 30.24 AB

Kingdom-specific assembly: bacteria follow developmental stage, fungi retain stronger

genotype structure

To resolve the relative strengths of genotype and developmental stage as assembly filters (RQ1),
we compared alpha- and beta-diversity of the two kingdoms across all 42 samples. Bacterial alpha-
diversity increased sharply from V6 to VT across all six indices: Shannon diversity rose from 8.30
+0.07 t0 9.13 £ 0.07 (Welch t = —8.50, P = 1.7 x 107'?), Chaol from 1,018 + 29 to 1,510 + 37 (P
= 7.3 x 107"%), and Faith's phylogenetic diversity from 127 £3 to 182 £ 3 (P =6.2 x 107'5; Fig. 2e,
g; Fig. S2). In contrast, genotype had no detectable effect on bacterial alpha-diversity within either
stage (Kruskal-Wallis P > 0.22 for all indices). Fungal alpha-diversity showed the opposite profile:
no stage effect on Shannon diversity (4.46 £ 0.09 at V6 versus 4.59 + 0.19 at VT, P = 0.55), only
marginal declines in richness estimators (Chaol, P = 0.053; ACE, P = 0.046), and no genotype
effect (P > 0.14; Fig. 2f, g; Fig. S2). Rarefaction curves confirmed adequate sequencing depth for
both kingdoms (Fig. S2).

Community composition shifted accordingly (Fig. 3a, b; Fig. S3). Bacterial communities were
dominated by Proteobacteria, Actinobacteriota, and Acidobacteriota, with a successional shift from
copiotrophic Proteobacteria toward oligotrophic Acidobacteriota, Actinobacteriota, and
Chloroflexi from V6 to VT. Fungal communities were dominated by Ascomycota, with a
conspicuous expansion of Basidiomycota in cultivar WY2 at VT. LEfSe identified 341 bacterial
and 172 fungal differentially abundant features (LDA > 3.0; Fig. 3c; Fig. S4): the strongest bacterial
biomarkers included Proteobacteria and Gammaproteobacteria in WY 14 at V6 (LDA > 5.2), while
the strongest fungal biomarkers were Ascomycota in WY14 at V6 (LDA = 5.43) and the
Sordariomycetes—Hypocreales—Nectriaceae lineage, including Gibberella intricans, in WY8 at

VT.
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Beta-diversity analyses resolved the relative strength of stage and genotype effects (Fig. 3d—f; Fig.
S5; Table S2). For bacteria, principal coordinate analysis on weighted UniFrac distances separated
the two stages along PCI, which alone captured 51.25 % of the variance; accordingly,
developmental stage was the dominant factor (ANOSIM R =0.901, P =0.0002; PERMANOVA F
= 32.32, P = 0.0002), whereas genotype effects were smaller but significant within each stage
(weighted UniFrac: V6 R = 0.417, P = 0.0004; VT R = 0.838, P = 0.0002). On Bray—Curtis
distances, the bacterial genotype effect was significant only at VT (R = 0.470, P = 0.0004; V6: R
=0.095, P =0.186). For fungi, the pattern was inverted: genotype effects (weighted UniFrac: V6
R =0.306, P=0.0006; VT R =0.685, P =0.0002; Bray—Curtis: V6 R =0.393, VT R = 0.738, both
P =0.0002) exceeded the stage effect (weighted UniFrac R = 0.421; Bray—Curtis R = 0.505, both
P =0.0002). Fungal ordination supported this view (PC1 =36.64 %, PC2 = 16.33 %), with cultivar-
level clustering evident within stages (Fig. 3e). Together these results answer RQ1: bacterial
rhizosphere assembly is filtered primarily by plant ontogeny, whereas fungal assembly retains

comparatively stronger genotype-specific structure, particularly at tasseling.

a Bacteria (phylum level) b Fungi (phylum level) ¢ LEfSe biomarkers
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Fig. 3. Community composition and beta-diversity. (a, b) Phylum-level relative abundance of bacterial and fungal communities
across cultivars and stages (top 10 phyla plus remainder). (¢) LEfSe biomarkers (top 14 by LDA score; group membership in
brackets). (d, e) Principal coordinate analysis on weighted UniFrac distances for bacteria (PC1 = 51.25 %, PC2 = 11.98 %) and
fungi (PC1 = 36.64 %, PC2 = 16.33 %). (f) ANOSIM R values for the factors stage (all samples) and genotype (within each
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stage) on Bray—Curtis and weighted UniFrac distances; all cells P <0.0004 except bacterial genotype at V6 on Bray—Curtis (NS).

NMDS ordinations and distance-distribution panels are provided in Fig. S5.

Co-occurrence networks are organized around kingdom-specific backbones that are

structurally indispensable

To determine whether the taxa nominated by network analysis are structurally indispensable
(RQ2), we subjected all 28 networks to phylum-removal and attack—tolerance simulations. All 28
cultivar x stage x kingdom networks (50 nodes each) exhibited non-random, modular topology
(Fig. 4a—c; Fig. S6; Table S4). Bacterial networks carried 426—540 edges (density 0.348-0.441)
with a large majority of positive associations (positive-edge ratio 0.74—0.94). Fungal networks
were comparable in size (417-664 edges) but architecturally distinct: negative associations
accounted for roughly half of all edges in most networks (positive-edge ratio 0.48—0.58 in 12 of 14
networks), indicating a competition-rich interaction structure. Modularity ranged from 0.35 to 0.59

with two to three modules per network (Fig. S6).

Keystone analysis converged on kingdom-specific backbones (Fig. 4d; Table S5). Among the
bacterial degree-based hub ASVs (139 hub assignments across 14 networks), 88 (63 %) belonged
to Proteobacteria, followed by Acidobacteriota (17; 12 %); ASV7 recurred in the degree top five
of four networks and ASV10 in three. Among the 130 fungal hub assignments, 103 (79 %)
belonged to Ascomycota, with Zygomycota (16; 12 %) and Basidiomycota (11; 8 %) contributing

most of the remainder.

Robustness validation confirmed that these hub phyla are structurally indispensable (Fig. 4e, f; Fig.
S7; Table S9). Simulated removal of Proteobacteria from bacterial networks eliminated on average
81.5 % of edges (up to 99.8 % in the most affected network) and 61.6 % of nodes (up to 92.0 %),
and reduced network modularity by an average of 16.3 % (de novo recomputed from edge tables).
Removal of Ascomycota from fungal networks eliminated on average 93.6 % of edges (up to 97.4
%) and 73.9 % of nodes (up to 82.0 %), with modularity decreasing by an average of 15.8 %. No
other phylum produced remotely comparable effects: the next largest removals (Basidiomycota and
Zygomycota in fungal networks) eliminated only 17-19 % of edges and changed modularity by
less than 4 % on average. Attack—tolerance simulations on the functional co-occurrence networks
gave consistent results: the dense, positively wired bacterial functional network tolerated random

node removal until approximately 80 % of nodes had been deleted but collapsed when about 50 %
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of nodes were removed in decreasing degree order—a scale-free vulnerability signature—whereas
the sparse fungal functional network began to fragment below 20 % targeted removal (Fig. 4g).

These results answer RQ2: co-occurrence networks are organized around Proteobacteria and

Ascomycota backbones whose loss destabilizes the entire interaction structure.
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Fig. 4. Co-occurrence networks, keystone taxa, and network robustness. (a, b) Representative bacterial (WY13, V6) and fungal
(WY2, VT) networks; nodes are colored by phylum (top six phyla plus remainder), edges by sign (green, positive; red, negative).
(c) Topological properties of all 28 networks (nodes, edges, average degree, clustering coefficient, modularity) by kingdom and
stage. (d) Consistent hub ASVs ranked by the number of networks in which they reach the degree top five. (e) Mean change in
network modularity after phylum-level removal (de novo recomputed from edge tables); only Proteobacteria (bacteria) and
Ascomycota (fungi) exceed 15 % average modularity loss. (f) Modularity change across all 28 networks after removal of the
dominant phyla. (g) Attack—tolerance curves of bacterial and fungal functional co-occurrence networks under random versus
targeted (degree-ordered) node removal; shaded bands denote 95 % confidence intervals across random-removal replicates. Panel

h collects figure legends; the edge-sign key is embedded in panel a.

Functional guilds link taxonomy to host performance

Because taxonomic composition does not map one-to-one onto function, we next asked which
functional guilds dominate the rhizosphere and how they are organized. Predicted bacterial
functions were dominated by heterotrophic carbon cycling: chemoheterotrophy and aerobic

chemoheterotrophy together accounted for 16.4-50.8 % of column-normalized FAPROTAX
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assignments (mean 30.5 %; Fig. 5a; Table S7). Functional composition tracked developmental
stage: the seedling stage was relatively enriched in dark iron oxidation and lignocellulose-
degradation assignments, whereas the tasseling stage was enriched in ureolysis and C1-metabolism
assignments, indicating a shift toward nitrogen transformation and residue decomposition as plants

entered the reproductive phase (Fig. 5g).

Fungal trophic modes were dominated by saprotrophs (28.9 %), mixed pathotroph—saprotroph—
symbiotroph assignments (24.7 %), and pathotrophs (21.0 %), with 13.0 % unassigned and only
12.4 % symbiotrophs (Fig. 5b); obligate symbiotic guilds were nearly absent, consistent with a
chernozem rhizosphere governed mainly by decomposition and pathogen-pressure processes rather
than by mycorrhizal mutualism. The functional co-occurrence networks mirrored the taxonomic
architecture: the bacterial functional network was dense (density = 0.636) and dominated by
positive associations with C1 metabolism forming a tightly connected module, whereas the fungal
functional network was sparse (density = 0.053) with a higher share of negative associations (Fig.
5d—f; Fig. S8). Centrality analyses highlighted nitrogen-metabolism and nutrient-activation groups
as the most central functional nodes (Fig. 5a, c; Fig. S8), and it is precisely these functional guilds—
not bulk taxonomic composition—that the BSEM framework below identifies as the layer

connecting microbes to host performance.
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Fig. 5. Functional guilds and functional co-occurrence networks. (a) Central FAPROTAX-predicted bacterial functional groups by
network degree. (b) FUNGuild trophic-mode composition across samples (saprotroph 28.9 %; pathotroph—saprotroph—
symbiotroph 24.7 %; pathotroph 21.0 %; unassigned 13.0 %; symbiotroph 12.4 %). (c) Keystone FUNGuild guilds by centrality.
(d) Properties of bacterial and fungal functional networks (density, positive-edge ratio, clustering, modularity). (e, f) Attack—
tolerance curves with modularity trajectories for bacterial and fungal functional networks; shaded bands denote 95 % confidence
intervals of the largest connected component (LCC) across random-removal replicates. (g) Stage-resolved abundance of keystone

bacterial functions. Panel h collects figure legends.

A Bayesian structural equation framework resolves statistical pathways from microbiome

features to measured yield

To trace the statistical pathways connecting microbiome features to measured yield (RQ3), we
fitted the BSEM framework (Fig. 6a), which linked source variables (cultivar or developmental
stage) through dominant phyla, predicted functional guilds, and the agronomic-trait composite to
measured grain yield. All three models achieved satisfactory fit (Table 4): the seedling genotype
model (N =21, 127 paths) reached y*/df =0.59 (P =0.85), RMSEA =0.055, CFI=0.92, and SRMR
= 0.050; the tasseling genotype model reached y*/df = 0.62 (P = 0.84), RMSEA = 0.048, CFI =
0.95, and SRMR = 0.046; and the pooled stage model (N =42, 73 paths) reached ¥*/df = 0.99 (P =
0.82), RMSEA = 0.052, CFI = 0.935, and SRMR = 0.048. The models reproduced 68.4 % (V6),
69.3 % (VT), and 50.0 % (stage model) of the variance in measured yield (Table 4).

The pathway structure was highly coherent across models (Fig. 6b, c; Fig. S9; Table S6). The
strongest single path was agronomic traits — yield (B = 0.55, 95 % CI 0.39-0.71, P = 0.002).
Developmental stage influenced yield both directly (B = 0.42, P = 0.003) and indirectly through
agronomic traits (stage — agronomic score B = 0.35, P = 0.008), for a total effect of 0.68, stronger
at VT than at V6. Functional guilds fed into agronomic performance: fungal nutrient-activation —
agronomic score (f = 0.30, P = 0.016), bacterial nitrogen-metabolism — agronomic score (f =
0.28, P=0.021), and nutrient-activation — yield directly (B = 0.28, P =0.021). Upstream, phylum-
to-function paths connected Proteobacteria to carbon metabolism (p = 0.34), Firmicutes to aerobic
heterotrophy (B = 0.33-0.35), and Ascomycota to organic matter decomposition (f = 0.31-0.32)
and nutrient activation ( = 0.28-0.29) at both stages (Fig. 6b; Table S6).

Effect decomposition separated the cultivars along a clear gradient (Fig. 6d). Nonghua 106 (G3)
carried the strongest positive total microbial effect on yield at both stages (V6: +0.495; VT:
+0.504), about half of it indirect through agronomic traits and functional guilds (indirect share 49—
50 %); Jinongyu 198 (G1; +0.484 and +0.370) and Ruifeng 105 (G6; +0.324 and +0.409) also
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ranked positively. Dr. King 825 (G5) showed the most negative total effect at both stages (—0.489
and —0.402), and Xianyu 335 (G4) was likewise negative (—0.253 and —0.278). Genus-level
decomposition assigned the largest per-genus total effects (0.07-0.14) mostly to low-abundance,
partially uncultured lineages (e.g., UTCFXI1, Anaerolineae, Siccirubricoccus; Fig. 6¢),

complementing rather than duplicating the phylum-level picture.

Machine-learning analyses, restricted to signature identification, corroborated the yield association
layer from an independent, data-driven direction (Fig. 6f; Fig. S10; Table S8). Of 147 tested ASVs,
the strongest sample-level correlates of measured yield were ASV371 (Spearman p = 0.372, P =
0.015), ASV30, ASV268, and ASV100 (p = 0.33, P < 0.04); at the genotype level, ASV1138,
annotated to Rhodanobacter, reached p = 0.906 (P = 0.005). Random-forest importance rankings
placed ASV139, ASV246, ASV722, ASV260, and ASV261 among the top microbial features (Fig.
S10d). As pre-specified, no predictive accuracy is reported: leave-one-out cross-validation on
seven genotype-level observations yielded a negative R?, confirming that these data support
signature identification but not yield forecasting (Topguoglu et al. 2020). Finally, the eight genera
with the strongest positive yield associations—Variovorax (p = 0.76), Pseudarthrobacter (0.70),
Candidatus Udaeobacter (0.59), Bacillus (0.49), Mucilaginibacter (0.47), Pseudomonas (0.36),
Sphingobium (0.29), and Ellin6067 (0.26)—were compiled into an in silico SynCom candidate list
(Fig. S10c), presented strictly as a hypothesis-generating design for future isolation work.
Together, these results answer RQ3: microbial features connect to measured yield through an
interpretable chain of phyla — functional guilds — agronomic traits, with cultivar-specific total

effects that are reproducible across developmental stages.
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Fig. 6. A Bayesian structural equation framework links microbiome features to measured grain yield. (a) A priori BSEM structure:
source variables (cultivar, growth stage) — dominant phyla — predicted functional guilds — agronomic-trait composite —
measured yield. (b) Top significant paths of the genotype models (V6 and VT; standardized coefficients with 95 % credible
intervals). (c) Top significant paths of the pooled stage model. (d) Cultivar-level decomposition of total microbial effects on
yield into direct and indirect components at V6 and VT. (e) Genus-level total-effect decomposition (top 10 genera). (f) Yield-
associated ASVs identified by machine-learning signature analysis (Spearman p with measured yield; significance stars as in
Table S8). Model fit indices and the fraction of yield variance reproduced by each model are reported in Table 4. Grain yield

was measured in the field; no forecasting was performed. Significance: *P < 0.05, **P < 0.01, ***P <0.001.

Table 4. Fit indices and yield variance reproduced by the three Bayesian structural
equation models. V6, seedling-stage genotype model; VT, tasseling-stage genotype model;

Stage, pooled developmental-stage model. R? refers to measured grain yield.

Model N Paths y2df P() RMS CFI TLI SRM R’
EA R (viel
d)
Cultivar model, V6 21 127 059 0850 0055 0920 0.880 0.050 0.684
Cultivar model, VT~ 21 127 062 0842 0048 0950 0910 0.046 0.693
Stage model 42 73 099 0819 0.052 0935 00902 0.048 0.500

(pooled)
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Discussion

Bacteria and fungi obey kingdom-specific assembly rules

A central finding of this study is that the two microbial kingdoms follow distinct assembly rules
under an identical field design. Bacterial communities were filtered primarily by plant ontogeny:
developmental stage accounted for the dominant share of community variation (weighted-UniFrac
ANOSIM R =0.90; PCoA PC1 =51.25 %), drove a six-index increase in alpha-diversity from V6
to VT, and shifted composition from copiotrophic Proteobacteria toward oligotrophic
Acidobacteriota, Actinobacteriota, and Chloroflexi. This trajectory mirrors the known succession
of root exudate chemistry—from readily assimilable carbon in early vegetative growth toward
more recalcitrant substrates later in development—which reorders microbial substrate preferences
and selects for oligotrophic strategists (Sasse et al. 2018; Zhalnina et al. 2018). Strong ontogenetic
filtering of root-associated bacteria has likewise been reported in rice and maize field studies
(Edwards et al. 2015; Walters et al. 2018), and environmental filtering is a recognized first-order
driver of rhizosphere assembly (Philippot et al. 2013). A practical corollary is that temporal context
matters: microbial diagnostics and inoculant applications are likely to be most effective when

matched to specific developmental windows (Wei et al. 2024).

Fungal communities, by contrast, showed weaker stage discrimination but comparatively stronger
genotype-specific structure, with genotype effects at tasseling (R = 0.68—0.74) exceeding the stage
effect and with no detectable genotype or stage effect on alpha-diversity. This pattern is consistent
with stronger historical contingency and priority effects in fungal assembly, potentially mediated
by genotype-dependent root architecture and exudate profiles (Hamonts et al. 2018), and with the
partial heritability of rhizosphere microbiome composition documented in maize (Peiffer et al.
2013; Walters et al. 2018), as well as with the environment-dependent genetic control of root
microbiomes recently demonstrated for locally adapted maize accessions (He et al. 2024). The
cultivar-specific expansion of Basidiomycota in WY2 at VT illustrates that individual genotypes
can recruit distinctive fungal consortia. Ecologically, this dichotomy agrees with theory: bacteria,
with high dispersal capacity and metabolic plasticity, track contemporary environmental filtering,
whereas fungi retain stronger signatures of historical and host-genetic processes. For crop

management, the implication is twofold—bacterial communities may be steerable through
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agronomic practice within specific developmental windows, whereas fungal communities may

respond more to host genetic selection and long-term soil legacy.

Keystone phyla are structural backbones, and robustness validation is what establishes it

Co-occurrence networks are descriptive summaries unless their key nodes are shown to matter
(Faust and Raes 2012). A methodological contribution of this study is therefore the coupling of
hub detection with two independent robustness analyses. Phylum-level removal showed that
Proteobacteria and Ascomycota—the dominant hub phyla of bacterial and fungal networks,
respectively—are structural backbones: their deletion eliminated 81.5 % and 93.6 % of edges on
average, reduced node counts by 61.6 % and 73.9 %, and eroded modularity by ~16 %, whereas
no other phylum exceeded 19 % edge loss or 4 % modularity change. Attack—tolerance simulations
independently confirmed scale-free vulnerability of the functional networks, with targeted (degree-
ordered) attack collapsing the networks far earlier than random removal. These results move
keystone nomination from statistical convenience to validated structural indispensability, in line
with the recognized role of highly connected taxa in stabilizing microbial interaction webs
(Banerjee et al. 2018) and with trophic-network theory showing that the architecture of root-

associated communities determines their beneficial effects on plants (Wei et al. 2015).

The architectural contrast between kingdoms is equally informative. Bacterial networks were
dominated by positive associations (74-94 %), consistent with cooperative metabolic
complementarity in a carbon-rich rhizosphere, whereas fungal networks carried roughly half
negative edges, consistent with competition and antagonism—possibly mediated by antibiotic
production or niche overlap—as a structuring force in fungal assembly (Hassani et al. 2018). We
stress that co-occurrence edges are statistical associations, not demonstrated biotic interactions
(Barberan et al. 2012; Faust and Raes 2012); the robustness results therefore speak to the structural
organization of the observed community, and the functional consequences of backbone loss remain

to be tested experimentally.

Phenotype—microbiome decoupling at the genotype level

To our knowledge, few maize rhizosphere studies have explicitly tested whether phenotypic
differentiation among genotypes tracks community differentiation. Our genotype-level Mantel
analysis returned a clear null result: across both kingdoms, both distance metrics, and both stages,

none of eight tests was significant after multiple-testing correction. The single significant sample-
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level test (bacterial weighted UniFrac at VT, r = 0.383) is best explained by pseudo-replication of
genotype-assigned traits, underscoring why the genotype level is the appropriate unit for this
question. This null result does not contradict the heritability of rhizosphere microbiome features
(Peiffer et al. 2013; Walters et al. 2018): heritability asks whether genotype structures community
composition, whereas our test asks whether overall community composition mirrors integrated
phenotypic output—and the answer is no, at least at the resolution of bulk community distances
with seven genotypes. Recent comparisons of inbred and hybrid maize likewise report that location
and tissue effects often outweigh intraspecific genetic background effects on bacterial communities
(Schultz et al. 2023), indicating that genotype effects, although real, operate within a strongly
context-dependent hierarchy. The decoupling has a direct methodological consequence: attempts
to link microbiomes to yield by simple trait-community matching are likely to fail, whereas
pathway-level models that route microbial influence through functional guilds and agronomic
traits—rather than through bulk composition—can still resolve coherent structure, as our BSEM

results demonstrate.

Functional guilds, not bulk taxonomy, form the layer that connects to yield

Predicted functional profiles provided the conceptual bridge between taxonomy and host
performance. Bacterial functions were dominated by heterotrophic carbon cycling
(chemoheterotrophy and aerobic chemoheterotrophy, mean 30.5 %) and shifted with development
toward nitrogen transformation and residue decomposition at tasseling, paralleling the taxonomic
succession. Fungal trophic structure—dominated by saprotrophs and pathotrophs with near-absent
obligate symbionts—indicates a rhizosphere governed mainly by decomposition and pathogen-
pressure processes, consistent with maize's limited dependence on mycorrhizal mutualism under
fertilized chernozem conditions. Functional redundancy in central metabolism may buffer bacterial
communities against compositional fluctuation while keystone taxa supply non-redundant plant
growth-promoting services (Berendsen et al. 2012; Louca et al. 2016); the competition-rich fungal
network further suggests that steering fungal communities may require suppressing pathogenic
guilds rather than wholesale community engineering (Kinkel et al. 2011). Within the BSEM
models, it was precisely the predicted functional guilds—fungal nutrient activation and organic
matter decomposition, bacterial nitrogen metabolism—that carried the significant paths into
agronomic performance (f = 0.25-0.30), while bulk phylum abundances acted upstream as drivers

of those guilds. Amplicon-based functional prediction is of course approximate (Louca et al. 2016),
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and these assignments should be read as hypotheses at the functional layer rather than measured

activities.

A Bayesian structural equation framework, with machine learning in a validation—not

forecasting—role

The BSEM framework resolved an interpretable chain from source variables through phyla and
functional guilds to agronomic traits and measured yield, reproducing about two-thirds of yield
variance in the genotype models with excellent fit indices (CFI 0.92—0.95; SRMR < 0.05). Three
features of the results deserve emphasis. First, the dominant conduit was the agronomic-trait
composite (agronomic traits — yield B = 0.55), meaning that microbial effects on yield are
expressed largely through measurable plant performance rather than through direct chemistry.
Second, developmental stage exerted a strong total effect on yield (0.68), with the indirect,
microbiome-mediated share increasing at tasseling—consistent with elevated demand for
microbially derived nutrients during the reproductive phase. Third, cultivar total effects were
reproducible across stages: Nonghua 106 (G3) combined a high measured yield with the most
positive total microbial effect (+0.49 to +0.50, roughly half indirect), whereas Dr. King 825 (G5)
combined the lowest yield with a consistently negative effect (—0.40 to —0.49). This concordance
between measured agronomic ranking and modeled microbial effects suggests that some cultivars
possess a heritable capacity to recruit a beneficial microbiome—a trait that could in principle be

selected for (Kinkel et al. 2011; Mueller and Sachs 2015; Trivedi et al. 2020).

Equally important is what we did not do. We did not train models to forecast yield, because seven
genotype-level observations cannot support predictive validation—our own leave-one-out test
returned a negative cross-validated R>—and reporting predictive accuracy under such conditions
is a known pitfall in microbiome machine learning (Topguoglu et al. 2020). Machine learning was
instead confined to identifying yield-associated signatures and checking their coherence with the
pathway model. The two approaches proved complementary rather than redundant: random-forest
rankings and correlation screens highlighted ASV-level markers (e.g., Rhodanobacter-aftiliated
ASV1138 at the genotype level; ASV371 at the sample level) that sit largely outside the dominant-
phylum layer used by BSEM, which is expected given their different inference targets—fine-

grained marker discovery versus pathway estimation (Rodriguez et al. 2019). We regard this
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convergence-in-purpose, divergence-in-scale as a strength: it disciplines interpretation and

prevents over-claiming from either method alone.

Implications for microbiome-assisted breeding

From an applied perspective, three findings translate into breeding hypotheses. First, the cultivar
ranking of total microbial effects identifies G3 (Nonghua 106) as a candidate microbiome-
optimized genotype and G5 (Dr. King 825) as a contrasting negative reference; these two lines are
natural parents for dissecting the genetic basis of microbiome recruitment (Mueller and Sachs
2015; Peiffer et al. 2013). Second, the validated backbone taxa (Proteobacteria, Ascomycota) and
the top yield-associated genera (Variovorax, Pseudarthrobacter, Candidatus Udaeobacter,
Bacillus, Mucilaginibacter, Pseudomonas, Sphingobium, Ellin6067) define a priority list for strain
isolation; our in silico SynCom candidate list is explicitly a design hypothesis to be tested by
cultivation, in vitro assays (nitrogen fixation, phosphate solubilization, IAA and ACC-deaminase
activity; Andy et al. 2023; Dutta et al. 2022; Wang et al. 2023; Zeng et al. 2023), and staged
inoculation experiments, not a field-ready product (Singh et al. 2024). Third, the stage dependence
of both assembly and modeled effects argues for stage-matched microbial interventions rather than
generic formulations (Wei et al. 2024). Closed-loop validation—from sequence-based hypotheses
to cultivation, controlled inoculation, and metagenomic or isotope-based confirmation—will be
essential before microbiome-assisted breeding can move from framework to field (Hassani et al.

2018; Rodriguez et al. 2019).

Limitations

Several limitations bound the interpretation of this study. First, seven genotypes at a single site in
one growing season cannot represent maize diversity or environmental generality; expansion to
larger genotype panels and multi-location trials is needed. Second, only two developmental stages
were sampled, so the temporal resolution of assembly dynamics is coarse. Third, no molecular-
marker-based genetic distances were available, precluding direct tests of phylogenetic signal in
microbiome recruitment. Fourth, co-occurrence networks reflect statistical association, not
measured interaction (Faust and Raes 2012), and functional profiles are predictions from amplicon
data (Louca et al. 2016; Nguyen et al. 2016) that await metagenomic or metatranscriptomic
confirmation. Fifth, BSEM resolves statistical pathways under an a priori structure and cannot

exclude confounding by unmeasured soil or environmental variables (Rosseel 2012); its paths are
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hypotheses with directional support, not experimental demonstrations. Finally, the kingdoms differ
in sequencing depth, database completeness, and trait annotation coverage, which may contribute

to the bacterial-fungal contrasts reported here.

Conclusions

This study integrated kingdom-resolved diversity analysis, robustness-validated co-occurrence
networks, functional annotation, a Bayesian structural equation framework, and disciplined
machine-learning signature identification across seven maize cultivars and two developmental

stages, leading to three principal conclusions.

(1) Bacteria and fungi obey kingdom-specific assembly rules: bacterial rhizosphere communities
are filtered primarily by plant developmental stage, shifting from copiotrophic to oligotrophic
dominance, whereas fungal communities retain comparatively stronger genotype-specific

structure, especially at tasseling.

(2) Co-occurrence networks are organized around Proteobacteria and Ascomycota backbones
whose simulated removal eliminates 81-94 % of network edges and erodes modularity by ~16 %,
establishing their structural indispensability; at the same time, bulk community composition is
decoupled from phenotypic distances at the genotype level, so pathway-level modeling—not direct

trait-community matching—is required to connect microbiomes to yield.

(3) The Bayesian structural equation framework reproduced about two-thirds of measured yield
variance and resolved an interpretable route from microbial phyla through predicted functional
guilds and agronomic traits to grain yield, with cultivar Nonghua 106 showing the strongest
positive total microbial effect and Dr. King 825 a consistently negative one. Machine learning,
explicitly barred from forecasting, supplied complementary yield-associated signatures and an in
silico SynCom candidate list. Together these results provide a reproducible analytical framework

and testable hypotheses for microbiome-assisted maize breeding.
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825 Supplementary Material

826 Table S1. Details and codes of experimental materials. Cultivar codes G1-G7 are used in

827 the BSEM models; WY prefixes are used in sequencing sample IDs.

Item Jinongyu Tiannong Nonghua Xianyu Dr. King Ruifeng Jinyuan
198 9 106 335 825 105 Jade 177

Seedling stage (V6) WY2.627 WY3.627 WY8.627 WY9.627 WY13.627 WY14.627 WY15.627

Tasseling stage WY2.728  WY3.728 WY8728 WY9.728  WYI13.728 WY14.728 WY15.728
(V1)
BSEM group Gl G2 G3 G4 G5 G6 G7

828

829 Table S2. Community differentiation (ANOSIM and PERMANOVA, 9,999 permutations)
830 on Bray—Curtis and weighted UniFrac distances. Stage was tested across all samples;

831 genotype was tested within each stage.

Kingdom Distance Factor (subset) ANOSI  ANOSI PERMA PERMA
MR MP NOVA NOVA
F P
Bacteria Bray—Curtis Stage (all) 0.322 0.0002 1.261 0.0002
Bacteria Bray—Curtis Genotype (V6) 0.095 0.1858 0.980 0.7244
Bacteria Bray—Curtis Genotype (VT) 0.470 0.0004 1.023 0.0370
Fungi Bray—Curtis Stage (all) 0.505 0.0002 11.178 0.0002
Fungi Bray—Curtis Genotype (V6) 0.393 0.0002 1.874 0.0002
Fungi Bray—Curtis Genotype (VT) 0.738 0.0002 4.481 0.0002
Bacteria Weighted Stage (all) 0.901 0.0002 32.319 0.0002
UniFrac
Bacteria Weighted Genotype (V6) 0.417 0.0004 2.324 0.0004
UniFrac
Bacteria Weighted Genotype (VT) 0.838 0.0002 3.404 0.0002
UniFrac
Fungi Weighted Stage (all) 0.421 0.0002 13.095 0.0002

UniFrac




Fungi Weighted Genotype (V6) 0.306 0.0006 1.986 0.0006

UniFrac
Fungi Weighted Genotype (VT) 0.685 0.0002 4.871 0.0002
UniFrac
832
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833
834  Fig. S1. Mantel tests between agronomic-trait and community distance matrices (9,999 permutations). (a) Genotype-level tests on
835 7 x 7 mean matrices (primary analysis; 8 tests). (b) Sample-level tests with genotype-assigned traits (secondary analysis; 8 tests).
836 Points show Mantel's r with Benjamini—Hochberg-adjusted P values across all 16 tests; the dashed line marks r = 0. Only the
837 sample-level bacterial wUF test at VT remained significant after adjustment (r = 0.383, adjusted P = 0.0016), a pattern attributed

838 to pseudo-replication (see the first Results subsection).
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840  Fig. S2. Alpha-diversity indices and rarefaction. (a—e) Chaol, Simpson, ACE, observed features, and Faith's phylogenetic diversity
841 for bacteria and fungi at V6 and VT (boxplots with per-sample points; Welch's t-test between stages). (f, g) Rarefaction curves
842 of observed features for bacteria and fungi (mean per cultivar x stage group; legend in panel d). Bacterial indices increased

843 strongly at VT; fungal indices showed no significant stage difference.
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845  Fig. S3. Genus-level community composition. Heatmap of row z-scored relative abundances for the top 25 bacterial and top 18

846 fungal genera across cultivar X stage groups (genus names in italics; unclassified taxa labeled at the lowest resolved rank).
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848  Fig. S4. LEfSe differentially abundant features (LDA > 3.0), top 50 per kingdom. (a) Bacteria (top 50 of 341 significant features).
849 (b) Fungi (top 50 of 172). Bars show LDA scores; group membership is given in brackets (e.g., [WY 14;V6]). Numerical suffixes,

850 e.g., "Fungi (3)", distinguish biomarkers reported at multiple taxonomic ranks that resolve to the same display name.
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Fig. S5. Weighted UniFrac distance distributions and NMDS ordinations. (a, b) Within-stage and between-stage wUF distances for
bacteria and fungi (Mann—Whitney U test; *P < 0.05, **P < 0.01, ***P < 0.001). (c, d) NMDS ordinations on Bray—Curtis
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860  Fig. S7. Network robustness across six metrics after phylum-level removal. (a—e) Percentage of nodes retained, edges retained, and
861 percentage changes in average degree, density, and clustering coefficient across all 28 networks. (f) Percentage change in

862 modularity recomputed de novo from edge tables (only removals of phyla with > 3 nodes shown).
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Fig. S8. Centrality and single-removal diagnostics of functional co-occurrence networks. (a) Degree versus betweenness centrality

for bacterial functional groups (top four labeled). (b) Distribution of centrality scores. (¢) Degree versus betweenness for fungal
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Standardized paths of the growth-stage BSEM (top 40 by |B; red P<0.05, orange P<0.1)
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Fig. S9. Stage-model BSEM paths. Standardized coefficients (B with 95 % credible intervals) of the 40 largest paths in the pooled
developmental-stage model (N = 42, 73 paths). B:, bacterial; F:, fungal; Nutr. act., nutrient activation; Org. dec., organic

decomposition; Carbon m., carbon metabolism; Nitrogen m., nitrogen metabolism; Aerobic h., aerobic heterotrophy.
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a Genus differential abundance b Yield-associated ASVs
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Fig. S10. Machine-learning signature identification (no forecasting performed). (a) Volcano plot of genus-level differential
abundance between high- and low-yield cultivar groups; no genus passed the significance thresholds (dashed lines: P = 0.05,
[log2 fold change| = 1), a genuine null result. (b) Yield-associated ASVs (Spearman p with measured yield versus —log10 P); the
four strongest correlates are labeled. (c) In silico SynCom candidate design (top eight genera by positive yield association, with

proposed functions; hypothesis-generating only). (d) Random-forest feature importance (top 15 ASVs; in-sample ranking).



