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Abstract

Continuous sorghum cropping causes yield decline in semi-arid regions. In a two-year 
field experiment conducted on plots previously cropped with sorghum for two years, 
four fertilisation treatments—no fertiliser (SCK), chemical fertiliser (SCF), organic–inorganic 
compound fertiliser (SOIF) and compound microbial fertiliser (SCMF; SOIF supplemented 
with Bacillus subtilis and B. licheniformis)—were compared in terms of grain yield, soil 
physicochemical properties, potential enzyme activities and rhizosphere bacterial and fun-
gal communities. Year, treatment and year × treatment effects were tested using mixed 
models that accounted for repeated measurements of the same plots. The complete SCMF 
formulation was associated with the highest grain yield (10,108.13 kg ha−1 , in 2025), ex-
ceeding those unde SCK, SCF, and SOIF by 42.95%, 11.47%, and 3.59%, respectively. The 
SCMF-SOIF comparison, in which N, P2 O5 , K2 O and organic-matter inputs were identical, 
isolates the microbial inoculants; its yield increment was small and not significant in either 
year (4.27% and 3.59%), so an inoculant-specific yield benefit was not demonstrated. Com-
pared with SOIF, SCMF had higher alkaline phosphatase (ALP) activity in both years and 
higher sucrase (SUS) activity (+36.80%) and available nitrogen (AN; +21.11%) in 2025. In 
2025, SOIF and SCMF reduced the topsoil bulk density relative to SCK and SCF, and SCMF 
shifted the aggregate-size distribution towards the 2–0.25-mm fraction (+47.45–112.62%). 
Fertilisation altered the composition, but not the alpha diversity, of rhizosphere commu-
nities; the treatment effect was larger and more independent of multivariate dispersion 
for fungi (R2  = 0.167, p = 0.009) than for bacteria (R2  = 0.113, p = 0.049). The fungal 
response represents an overall treatment-associated compositional difference with weaker 
statistical evidence in the second year, because treatment differences were significant only 
in 2024 when each year was tested separately. Nitrosospira, a genus containing members 
previously associated with ammonia oxidation, was consistently enriched under SCMF, 
although nitrification was not measured. Overall, the yield benefit was attributable mainly 
to organic–inorganic fertilisation, whereas inoculant-associated differences were found in 
potential enzyme activities and fungal community composition rather than in grain yield.
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1. Introduction
Sorghum (Sorghum bicolor (L.) Moench) is the fifth most important cereal crop globally 

and is cultivated in over 100 countries owing to its remarkable tolerance to multiple abiotic 
stresses, including drought, waterlogging, salinity, alkalinity, low soil fertility, and high 
temperatures [1]. Fenyang–Lvliang, China, is a major sorghum-producing region, where 
production has become increasingly mechanised, larger in scale, and industrialised. Conse-
quently, continuous monocropping has become the dominant cultivation practice in this 
area. However, long-term continuous sorghum cultivation has become a critical factor that 
restricts yield improvement and the sustainable development of local sorghum production.

The constraints associated with continuous cropping arise from systemic dysfunction 
within the soil–plant–microbiome system. Numerous studies have demonstrated that long-
term continuous cropping suppresses plant growth and development, resulting in decreased 
biomass accumulation, grain yield and quality, and an increased incidence of diseases and 
pests [2,3]. At the soil ecosystem level, continuous cropping increases soil bulk density 
(SD), alters soil aggregate size and distribution, disrupts the nutrient balance, promotes 
the accumulation of autotoxins, and facilitates the proliferation of harmful rhizosphere 
microorganisms [3–7]. Further studies on continuous sorghum cultivation have revealed 
that prolonged monocropping decreases plant growth and yield, reduces bacterial richness, 
increases fungal diversity, enriches pathogenic microbes, and reduces the abundance of 
beneficial microorganisms in the rhizosphere [8].

Current agronomic practices for alleviating continuous-cropping constraints include 
crop rotation and intercropping [2,9,10]. Nevertheless, the adoption of these practices 
is often limited by economic considerations and the difficulties in changing traditional 
farming practices [11]. Fertilisation management, a core component of crop production 
systems, is widely recognised as an effective measure for mitigating continuous-cropping 
constraints [12–17]. Different fertiliser types and application strategies can improve the 
soil physical structure and nutrient availability of soil, regulate soil enzyme activities and 
microbial community composition, and restore degraded soil physicochemical properties 
and microbial balance disrupted by continuous cropping. These improvements ultimately 
promote crop growth, increase the yield, and alleviate continuous-cropping constraints.

In continuous-cropping systems for dryland crops such as maize, peanut, soybean, 
and wheat, the regulatory effects of chemical, organic, and microbial fertilisers, as well 
as their combined application, have been extensively investigated. The combined appli-
cation of straw and nitrogen–phosphorus–potassium (NPK) fertilisers in maize cropping 
enhances soil fertility and stimulates microbial growth [18]. In continuous peanut cultiva-
tion, the addition of microbial inoculants or compound microbial fertilisers alongside NPK 
significantly increases urease, catalase, and acid phosphatase activities and promotes the 
abundance of potentially beneficial bacteria and fungi in the rhizosphere compared with 
the NPK application alone [11]. In continuously cropped soybeans, appropriate compound 
fertiliser application improves the light-use efficiency and nitrogen accumulation, thereby 
increasing the yield [19]. Similarly, in continuous wheat-cropping systems, the combined 
application of mineral fertilisers, straw, and organic manure, as well as the application 
of microbial fertilisers, significantly increases soil microbial biomass and optimises rhizo-
sphere microbial community structure [20,21]. A study investigating the use of microbial 
inoculants against continuous-cropping constraints in sorghum also found that inoculation 
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with Bacillus amyloliquefaciens in a pot experiment effectively inhibited the proliferation 
of the harmful fungus Tremellomycetes and alleviated growth inhibition associated with 
continuous cropping [8].

Although the effectiveness of fertilisation in alleviating continuous-cropping con-
straints has been demonstrated in various crops, current research on continuous sorghum 
cropping has mostly focused on single-inoculant or pot-based stimulation experiments, 
whereas systematic field-based evaluation remains scarce. Therefore, a two-year field ex-
periment was conducted in Fenyang–Lvliang using sandy loam soil with a two-year history 
of continuous sorghum cropping. We investigated variations in sorghum yield and yield 
components, soil physical properties, and rhizosphere soil chemical properties and potential 
enzyme activities under four fertilisation treatments. Comparisons of the compound micro-
bial fertiliser (SCMF) with no fertilisation (SCK) and conventional chemical fertilisation 
(SCF) evaluated the performance of the complete formulation, whereas its comparison 
with an organic–inorganic compound fertiliser (SOIF) that supplied identical N, P2 O5 , 
K2 O and organic–matter inputs isolated the incremental effect of the microbial inoculants. 
Furthermore, high-throughput sequencing was used to characterise the composition and 
diversity of rhizosphere bacterial and fungal communities. This study provides insights into 
the relationships among fertilisation, soil properties, rhizosphere microbial communities, 
and sorghum yield and examines how different fertilisation strategies may alleviate the 
constraints of continuous cropping in sorghum. It also provides a theoretical basis and 
technical support for improving measured soil properties and achieving high yields in 
continuous sorghum cropping systems in Lvliang.

2. Materials and Methods
2.1. Experimental Site

The field experiment was conducted in Gaofeng Village, Xiaojiazhuang Town, Fenyang 
City, Shanxi Province, China (37°16′ N,111°56′ E). The experiment soil had a sandy loam 
texture, comprising 11.9% clay, 20.9% silt, and 67.2% sand. The site had been under contin-
uous sorghum cultivation for two years before the experiment. The region is characterised 
by a typical temperate continental climate, and has an elevation of 731.9 m above sea level. 
In 2024, the annual rainfall, mean annual temperature, and annual sunshine duration 
were 454.7 mm, 13.1 °C, and 2414.3 h, respectively; the corresponding values in 2025 were 
581.9 mm, 12.6 °C, and 2449.6 h. Before planting, a composite soil sample was collected and 
analysed for physicochemical properties (Table 1).

Table 1. Physicochemical properties of the experimental soil before planting (2024).

Parameter Value

Soil pH (soil:water; 1:2.5) 8.12
Soil organic matter (g kg−1 ) 11.8

Total nitrogen (g kg−1 ) 0.994
Available nitrogen (mg kg−1 ) 108.0

Available potassium (mg kg−1 ) 125.0
Available phosphorus (mg kg−1 ) 7.7

Bulk density (g cm−3 ) 1.42

2.2. Experimental Design and Crop Management
Brewing sorghum cultivar Jinza 22 was used as the experimental material, and the 

experiment was arranged in a randomised complete block design with four treatments: 
(1) SCK: no fertiliser application; (2) SCF: application of the farmers’ conventional fertiliser, 
with an N: P2 O5 : K2 O fertiliser nutrient ratio of 26:12:10; (3) SOIF: application of an organic–
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inorganic compound fertiliser with an organic matter content ≥20% and an N: P2 O5 : K2 O 
ratio of 15:6:4; (4) SCMF, application of a compound microbial fertiliser with an organic 
matter content ≥20% and an N:P2 O5 :K2 O ratio of 15:6:4, supplemented with Bacillus subtilis 
and Bacillus licheniformis at a viable cell count ≥0.2 × 108  colony-forming units (CFU g−1 ). 
Fertiliser application rates were calculated based on a pure N input of 225 kg ha−1 , with three 
replicates per treatment. The 12 plots (four treatments × three blocks) were maintained 
throughout the whole experiment. Each plot received the same treatment in both 2024 and 
2025 and was sampled in both years; therefore, observations from the two years constituted 
repeated measurements on the same plots. The application rates of N, P2 O5 , K2 O, organic 
matter and microbial inoculants for each treatment are presented in Table 2.

Table 2. Application rates of N, P2 O5 , K2 O, organic matter and microbial inoculants under different 
treatments.

Treatment N
(kg ha−1 )

P2 O5 
(kg ha−1 )

K2 O
(kg ha−1 )

Organic 
Matter

(kg ha−1 )

Microbial 
Inoculants
CFU ha−1 

SCK 0 0 0 0 -
SCF 225 104 87 0 -
SOIF 225 90 60 300 -

SCMF 225 90 60 300 3.0 × 1010 
Note: SCMF treatment was amended with Bacillus subtilis and Bacillus licheniformis inoculants at a 
rate of 1.5 kg ha−1 . “-” indicates no application.

All fertilisers were supplied by Shanxi Liangyuan Jintudi Co., Ltd., Fenyang, China, 
and applied once in bands during sorghum sowing. Sorghum was planted at a density of 
90,000 plants ha−1 , with a row spacing of 50 cm. Each plot measured 7 m × 4 m. Sorghum 
was sown on 7 May and harvested on 3 October 2024; in 2025, sowing and harvesting took 
place on 1 May and 29 September, respectively. Pre-sowing irrigation was applied, and 
other field management practices, including intertillage and chemical pest control, followed 
local agronomic protocols.

2.3. Measurements and Analytical Procedures
2.3.1. Grain Yield and Yield Components

At maturity, 20 representative plants were sampled from each plot to determine the 
panicle grain weight and 1000-grain weight. Grain yield was measured by harvesting the 
entire plot and standardised to a grain moisture content of 14%. The number of grains per 
panicle was calculated as follows:

Grain number per panicle = Panicle grain weight/1000-grain weight × 1000

2.3.2. Soil Sampling Strategy
At maturity, six representative sorghum plants were selected from each plot. The 

shoots were removed at the soil’s surface, and the roots were carefully excavated using 
a spade.

Bulk soil: Loose soil was shaken from the roots, cleared of visible debris, air-dried, 
gently crushed, and sieved. A 1 kg subsample was obtained by quartering for water-stable 
aggregate (SP) analysis.

Rhizosphere soil: Approximately 20 g of rhizosphere soil tightly adhering to the root 
surfaces was collected using a sterile brush and placed into sterile sampling bags. The 
samples were immediately cooled in an ice box and transported to the laboratory, where 
they were stored at −80 °C for subsequent analyses of soil enzyme activities and microbial 
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diversity. An additional 100 g of rhizosphere soil was collected, air-dried, ground, and 
sieved to determine soil chemical properties, including pH, TN, AN, SOM, AP, and AK. 
Rhizosphere soil collected from the six plants in each plot was pooled to form one composite 
sample per plot per year, yielding three samples per treatment per year and 24 samples 
in total.

2.3.3. Determination of Physicochemical Properties and Potential Enzyme Activities 
of Rhizosphere Soil

The SD in each plot was determined at maturity using the ring-knife method. SPs were 
separated using the wet-sieving method (Kemper and Rosenau 1986) [22]. Soil pH was 
measured using a pH meter. TN was measured using the Kjeldahl digestion method. AN 
was measured using the alkali diffusion method. SOM was determined using the potassium 
dichromate external heating volumetric method, with organic carbon converted to SOM 
using a conversion factor of 1.724. AK was extracted with ammonium acetate and measured 
using flame photometry. AP was extracted with sodium bicarbonate and quantified using 
the molybdenum–antimony antispectrophotometric method. All soil chemical properties 
were determined according to the procedures described by Page (1982) [23].

Enzyme activities were determined as potential activities under standardised labora-
tory assay conditions; they reflect the enzymatic capacity of the soil samples rather than in 
situ process rates. Catalase (CAT) activity was determined using ultraviolet spectrophotom-
etry. Urease (UR) activity was measured using the indophenol blue colorimetric method. 
Alkaline phosphatase (ALP) activity was determined using the sodium phenylphosphate 
colorimetric method. Sucrase (SUS) activity was determined using the 3,5-dinitrosalicylic 
acid (DNS) colorimetric method. All soil enzyme activities were assayed as described by 
Tabatabai (1994) [24].

2.4. Soil DNA Extraction and Microbial Sequencing Data
Total genomic DNA was extracted from rhizosphere soil samples using the E.Z.N.A.® 

Soil DNA Kit (Omega Bio-tek, Norcross, GA, USA) following the manufacturer’s instruc-
tions. The extracted DNA concentration and purity were assessed using a NanoDrop 2000 
spectrophotometer (Thermo Fisher Scientific, Wilmington, DE, USA), and DNA integrity 
was verified by 1% agarose gel electrophoresis. Barcoded primers targeting the bacterial 
V3–V4 region of the 16S rRNA gene and the fungal internal transcribed spacer (ITS)2R 
region were used for polymerase chain reaction (PCR) amplification. Reactions were per-
formed in a final volume of 20 μL using TransStart FastPfu DNA Polymerase (TransGen 
Biotech, Beijing, China) on an ABI GeneAmp®  9700 thermal cycler (Applied Biosystems, 
Foster City, CA, USA). The thermal protocol consisted of initial denaturation at 95 °C for 
3 min, followed by 27 cycles of denaturation at 95 °C for 30 s, annealing at 55 °C for 30 s, and 
extension at 72 °C for 30 s, followed by a final extension at 72 °C for 10 min. Amplicons were 
verified by 2% agarose gel electrophoresis, purified using an AxyPrep DNA Gel Extraction 
Kit (Axygen Biosciences, Union City, CA, USA), and eluted in Tris-HCl buffer. Purified 
PCR products were quantified using the QuantiFluor™-ST fluorometric system (Promega, 
Madison, WI, USA) and normalised according to the sequencing volume requirements. 
Library construction was performed using a TruSeq DNA Sample Prep Kit (Illumina, San 
Diego, CA, USA). Paired-end sequencing (2 × 300 bp) was subsequently performed on an 
Illumina NovaSeq 2000 platform (Illumina, San Diego, CA, USA). All sequencing services 
were provided by Shanghai Majorbio Bio-Pharm Technology Co., Ltd. (Shanghai, China) 
through its cloud platform. Raw sequence reads were quality-filtered and denoised to 
generate amplicon sequence variants (ASVs), which were taxonomically annotated using 
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the SILVA database (version 138.1) for bacteria and the UNITE database(version 8.2) for 
fungi through standard pipelines on the Majorbio Cloud Platform.

2.5. Microbiome Data Analysis
All microbiome analyses were performed using the combined 2024–2025 dataset within 

an explicit year × treatment framework. Year was treated as a biologically meaningful fixed 
factor to account for inter-annual differences in climate, crop development and cumulative 
fertilisation. No batch correction was applied. Because samples from the two years were 
sequenced separately, potential run-to-run technical variation was confounded with the 
year effect and could not be separated from it. Year effects were therefore interpreted with 
caution, whereas treatment effects were evaluated within the same sequencing run (i.e., 
within each year) or through the year × treatment interaction.

Alpha diversity (observed richness, Chao1, Shannon and Simpson indices) was cal-
culated from ASV tables rarefied to the minimum sequencing depth (43,239 reads for 16S 
rRNA and 50,753 reads for ITS), with each index averaged across 100 random rarefactions. 
Alpha diversity was analysed using the same linear mixed model as the soil variables 
(Section 2.7).

Beta diversity was quantified using Bray–Curtis dissimilarities calculated from ASV 
relative abundances and visualised by principal coordinate analysis (PCoA). Because 
the same plots were sampled in both years, treatment effects on community composition 
were tested using a split-plot (repeated-measures) permutational multivariate analysis of 
variance (PERMANOVA) [25] with block, treatment, block × treatment (plot), year and 
year × treatment included as terms. Treatment, a whole-plot factor, was tested against the 
block × treatment (plot) mean square by permuting whole plots within blocks while keep-
ing both years together. Year and year × treatment, which varied within plots, were tested 
against the within-plot residual by permuting the two years within each plot. Both sets of 
permutations were enumerated completely (13,824 and 4096 permutations, respectively). 
Homogeneity of multivariate dispersion was assessed using PERMDISP (betadisper; dis-
tances to group centroids; 9999 permutations) [26] for year, treatment, and the eight year 
× treatment groups to distinguish differences in community location from differences in 
within-group dispersion [27]. Treatment effects were also tested separately for each year 
using PERMANOVA, with permutations restricted within blocks.

Treatment-associated (discriminative) genera were identified using the linear discrim-
inant analysis effect size (LEfSe) [28], as implemented in microeco(version 1.10.0) [29]. 
Genus-level relative abundances were analysed using treatment as the class variable, a 
Kruskal–Wallis test (p < 0.05), and an LDA score threshold of ≥2.0. Microeco assigns each 
genus to the treatment with the highest median abundance. Because LEfSe pools data from 
both years, the treatment with the highest mean relative abundance was also determined 
separately for each year. A genus was considered year-consistent if it was enriched under the 
same treatment in both 2024 and 2025. As a complementary multivariate approach, random 
forest classifiers (randomForest; 1000 trees) [30] were fitted to genera present in at least 50% 
of the samples. Classification accuracy was evaluated using nested leave-one-plot-out cross-
validation. In each of the 12 folds, both samples (2024 and 2025) from one plot were held 
out. Prevalence filtering, importance ranking and selection of the 20 most important genera 
were performed using only the training samples before the classifier was refitted and used to 
predict the held-out samples, thereby avoiding information leakage [31]. The significance of 
the cross-validated accuracy was assessed by repeating the entire procedure after permuting 
treatment labels among whole plots within blocks (99 permutations). Genera identified by 
LEfSe that were also year-consistent and ranked among the 20 most important random forest 
features were classified with consistently treatment-associated taxa. Because the LEfSe and 

https://doi.org/10.3390/agronomy16212193

https://doi.org/10.3390/agronomy16212193


Agronomy 2026, 16, 2193 7 of 25

random forest analyses were based on a small dataset (24 samples from 12 plots), these 
taxa were regarded as candidates statistically associated with treatments rather than as 
validated biomarkers; the analyses do not establish that such taxa are functional indicators 
or causal agents.

2.6. Co-Occurrence Networks, Mantel Tests and Structural Equation Model (SEM)
Co-occurrence networks were constructed separately for each treatment using an 

identical procedure. A common pool of candidate genera was defined using all 24 samples 
(prevalence ≥ 75% and mean relative abundance ≥ 0.1%; 184 bacterial and 73 fungal genera), 
ensuring that all treatment networks were based on the same taxa and sequencing data. 
Genus counts were centred log-ratio (CLR)-transformed using a pseudocount of 0.5 to 
account for the compositional nature of amplicon data [32]. Within each treatment (n = 6), 
CLR values were centred within each year to statistically adjust for year as a fixed factor 
and prevent inter-annual shifts from producing spurious correlations. Pairwise Spearman 
correlations were retained as edges when |𝜌| ≥ 0.6 and p < 0.05 (with n = 6 this corresponds 
to |𝜌| ≥ 0.83). To visualise the overall association structure, one network per kingdom 
was also constructed from all 24 samples with the same genus pool and thresholds after 
centring CLR values within each year (with n = 24, |𝜌| ≥ 0.6 corresponds to p ≈ 0.002). The 
numbers of nodes, edges, positive and negative edges, as well as network density, average 
degree, average clustering coefficient and modularity were calculated with igraph. Because 
networks inferred from few samples are fragile [33], the number of edges expected by chance 
was estimated by shuffling the values of each genus within treatment × year (within year 
for the overall networks; 50 randomisations), and differences in edge number between pairs 
of treatments were tested by permuting treatment labels within years (400 permutations 
per pair). Given the small number of samples per treatment network, the network analysis 
was regarded as exploratory, and network properties were interpreted only as descriptors of 
inferred association patterns, not as evidence of biological interactions, improved microbial 
functioning or treatment-specific mechanisms.

Associations between community dissimilarity and individual soil chemical, enzyme, 
aggregate and yield-related variables, as well as the relative abundance of Bacillus, were 
tested using partial Mantel tests (Pearson correlation; Euclidean distances calculated from 
standardised variables) conditioned on a year distance matrix, with permutations restricted 
within years (4999 permutations). p values were adjusted using the Benjamini–Hochberg 
method within each dataset. Spearman correlations among variables were calculated after 
standardising each variable within year.

A structural equation model (SEM) was fitted to explore associations among fertilisa-
tion, soil chemical properties, potential enzyme activities, fungal community composition, 
and grain yield. To remove interannual differences in magnitude, particularly in potential 
enzyme activities, all variables were standardised within the year before composite variables 
were derived. Soil chemical properties (pH, SOM, TN, AN, AK and AP) and potential 
enzyme activities (log-transformed UR, ALP, SUS and CAT) were each summarised by 
their first principal component, which explained 64.1% and 54.5% of the variance, respec-
tively. Fungal community composition was represented by the first axis of the year-centred 
PCoA coordinates, which explained 13.9% of the variance. Treatments were coded using 
three nested contrasts: fertilisation (Fert; SCF, SOIF, and SCMF vs. SCK), organic input 
(Org; SOIF and SCMF vs. SCF and SCK), and microbial inoculant (Inoc; SCMF vs. SOIF). 
To avoid suppression effects, a composite variable was not regressed simultaneously on 
the treatment contrasts and another composite largely determined by the same contrasts. 
Multicollinearity was assessed using variance inflation factors (VIFs), which were below 
5 for all predictors. The model was fitted by maximum likelihood using lavaan [34]. The 
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95% confidence intervals of standardised coefficients were obtained from 1000 bootstrap 
resamples. The χ2  statistic, comparative fit index (CFI), Tucker–Lewis index (TLI), root 
mean square error of approximation (RMSEA), and standardised root mean square residual 
(SRMR) were reported. The model contained 16 free parameters (12 path coefficients and 
4 residual variances) estimated from 24 plot-year observations. Because these observations 
came from only 12 plots, each sampled in both years, they are not independent; as a sensitiv-
ity analysis, each regression equation of the path model was therefore refitted by ordinary 
least squares with cluster-robust (CR1) standard errors clustered by plot, and coefficients 
were tested against a t distribution with 11 degrees of freedom (number of plots − 1). The 
SEM was regarded as a secondary, exploratory analysis subordinate to the experimental 
treatment comparisons.

2.7. Statistical Analysis
Grain yield, yield components, bulk density, aggregate fractions, soil chemical proper-

ties and enzyme activities were analysed using linear mixed models (lme4 and lmerTest [35]) 
with block, treatment, year and year × treatment as fixed effects and plot (block × treatment) 
as a random effect to account for the repeated measurements of the same plots in 2024 and 
2025. F tests used Satterthwaite’s approximation for the denominator degrees of freedom; 
for this balanced design, these tests are equivalent to those from a split-plot-in-time analysis 
of variance. Potential enzyme activities were log-transformed before analysis because activi-
ties in 2025 were an order of magnitude higher than those in 2024 and the variance increased 
with the mean. On the log scale, the year × treatment term tests whether relative treatment 
responses differed between years. Because significant year × treatment interactions were 
detected for several variables, treatment means were compared separately within each year 
using a randomised-complete-block ANOVA followed by Fisher’s protected least significant 
difference (LSD) test (p < 0.05). These within-year comparisons are presented in Table 3 
and Table S1 and Figures 1–4. Comparisons of SCMF with SCK and SCF were interpreted 
as effects of the complete compound microbial fertiliser formulation, whereas the SCMF–
SOIF comparison, in which nutrient and organic-matter inputs were identical, was used to 
evaluate the incremental effect of the microbial inoculants. Differences were considered 
statistically significant at p < 0.05. All analyses were performed in R (v4.2.1) with the pack-
ages lme4, lmerTest, emmeans, agricolae, vegan, permute, microeco, randomForest, igraph, 
lavaan, sandwich and lmtest; the complete R script is available from the corresponding 
author upon reasonable request. Figures 1–3 were prepared using Origin 2022.

Table 3. Yield components and yields of continuous-cropping sorghum under different fertilisation 
treatments.

Year Treatments Panicle Grain 
Weight(g)

1000-Grain 
Weight (g)

Grain Number per 
Panicle (Grains 

Spike−1 )

Grain Yield 
(kg ha−1 )

2024

SCK 81.28 ± 2.43 b 34.17 ± 0.06 a 2378.93 ± 67.23 b 7925.05 ± 236.95 b
SCF 84.69 ± 1.41 b 34.38 ± 0.41 a 2463.29 ± 56.88 b 8256.80 ± 137.65 b
SOIF 91.90 ± 2.09 a 34.07 ± 0.92 a 2699.59 ± 120.08 a 8960.15 ± 204.04 a

SCMF 95.82 ± 2.00 a 34.30 ± 0.44 a 2793.67 ± 48.40 a 9342.65 ± 195.33 a

2025

SCK 49.05 ± 6.00 c 31.80 ± 1.10 a 1548.06 ± 244.15 c 7071.33 ± 211.23 c
SCF 62.81 ± 2.98 b 31.68 ± 0.67 a 1981.69 ± 51.42 b 9068.40 ± 203.39 b
SOIF 80.80 ± 2.60 a 33.07 ± 1.10 a 2445.03 ± 104.73 a 9757.63 ± 187.65 a

SCMF 80.86 ± 2.04 a 33.62 ± 0.50 a 2405.85 ± 77.26 a 10,108.13 ± 128.92 a
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Table 3. Cont.

Year Treatments Panicle Grain 
Weight(g)

1000-Grain 
Weight (g)

Grain Number per 
Panicle (Grains 

Spike−1 )

Grain Yield 
(kg ha−1 )

Variation source
Year ** ** ** **

Treatment ** NS ** **
Year × treatment ** NS ** **

Note: Values are means ± standard deviation (SD; n = 3). Within each year and column, means 
followed by different lowercase letters differ significantly (p < 0.05), according to randomised 
complete-block ANOVA followed by Fisher’s protected LSD test. The effects of year, treatment 
and year × treatment were assessed using linear mixed models with plot as a random effect. NS, not 
significant; ** p < 0.01.

Figure 1. Soil bulk density in the 0–40 cm soil layer (A1,B1) and mass fractions of soil water-stable 
aggregates across different size classes (A2,B2) under different treatments in 2024 (A1,A2) and 2025 
(B1,B2). Columns with different lowercase letters indicate significant differences among treatments 
within a year (randomised-complete-block ANOVA followed by Fisher’s protected LSD, p < 0.05). 
Error bars represent ± standard deviation (SD; n = 3).
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Figure 2. Effects of different treatments on soil pH (Aa,Ba), organic matter (Ab,Bb), total nitrogen 
(Ac,Bc), available nitrogen (Ad,Bd), available potassium (Ae,Be), and available phosphorus (Af,Bf) 
under continuous sorghum cropping in 2024 (A) and 2025 (B). Different lowercase letters indicate 
significant differences among treatments within a year (randomised-complete-block ANOVA followed 
by Fisher’s protected LSD, p < 0.05). Error bars represent standard deviations (SD; n = 3).

Figure 3. Effects of different treatments on potential urease (Aa,Ba), alkaline phosphatase (Ab,Bb), 
sucrase (Ac,Bc), and catalase (Ad,Bd) activities in the rhizosphere soil of continuously cropped 
sorghum in 2024 (A) and 2025 (B). Different lowercase letters indicate significant differences among 
treatments within a year (randomised-complete-block ANOVA followed by Fisher’s protected LSD, 
p < 0.05). Error bars represent ± standard deviation (SD; n = 3).
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Figure 4. Rhizosphere bacterial (16S rRNA) and fungal (ITS) alpha and beta diversity in the two 
years. (A,B) Alpha diversity (Chao1, observed richness, Shannon and Simpson indices; rarefied, 
mean of 100 rarefactions) of bacteria (A) and fungi (B) in each treatment × year group (n = 3); group 
names ending in 3 and 4 denote 2024 and 2025, respectively. Different letters indicate significant 
differences among treatments within the same year (randomised-complete-block ANOVA followed 
by Fisher’s protected LSD, p < 0.05). Strip labels give the significance of year (Y), treatment (T) 
and year × treatment (Y × T) from linear mixed models with plot as a random effect (*** p < 0.001, 
** p < 0.01, ns, not significant). (C,D) Principal coordinate analysis (PCoA) of Bray–Curtis dissim-
ilarities of bacterial (C) and fungal (D) communities; ellipses are 95% confidence ellipses of each 
treatment × year group; results of the split-plot PERMANOVA (restricted permutations) and of PER-
MDISP among treatments are given below each panel. SCK, no fertiliser; SCF, chemical fertiliser; SOIF, 
organic–inorganic compound fertiliser; SCMF, compound microbial fertiliser.

3. Results
3.1. Effects of Different Treatments on Sorghum Grain Yield and Yield Components

Year, treatment and their interaction significantly affected panicle grain weight (all 
p < 0.001), grain number per panicle (Year and Treatment, p < 0.001; Year × Treatment, 
p = 0.006) and grain yield (Year, p = 0.001; Treatment and Year × Treatment, p < 0.001), 
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whereas 1000-grain weight was affected only by year (p < 0.001; Treatment, p = 0.253; Year 
× Treatment, p = 0.110) (Table 3). In both years, SOIF and SCMF had higher panicle grain 
weight, grain number per panicle and grain yield than SCK and SCF. Relative to SCK, SCMF 
significantly increased grain yield by 17.89% in 2024 and 42.95% in 2025, respectively. Relative 
to SCF, SCMF increased panicle grain weight by 13.14% and 28.74%, grain number per panicle 
by 13.41% and 21.40%, and grain yield by 13.15% and 11.47% in 2024 and 2025, respectively. 
The yield advantage of SCMF over SOIF, which isolates the effect of the microbial inoculants, 
was small and not statistically significant in either year (4.27% in 2024 and 3.59% in 2025); 
thus, an additional yield benefit of the inoculants was not demonstrated. The significant year 
× treatment interaction for grain yield reflected contrasting interannual trends. From 2024 
to 2025, the grain yield decreased by 10.77% under SCK (p < 0.001), whereas it increased by 
9.83%, 8.90% and 8.19% under SCF, SOIF and SCMF, respectively (all p ≤ 0.001).

3.2. Effects of Different Treatments on Soil Physicochemical Properties
3.2.1. Effects of Different Treatments on Soil Physical Properties Under Continuous 
Sorghum Cropping

Soil bulk density in the 0–20 cm layer was significantly affected by the year (p < 0.001) 
and treatment (p = 0.003) but not by their interaction (p = 0.485). In the 20–40 cm layer, only 
year had a significant effect (p = 0.015; Treatment, p = 0.311; Year × Treatment, p = 0.410).

In 2024, soil bulk density did not differ significantly among treatments in either the 
0–20 or the 20–40 cm soil layer, although it was numerically lowest under SCMF (4.46% 
and 3.07% lower than under SCK, respectively; Figure 1(A1)). In 2025, the SOIF and SCMF 
treatments significantly decreased soil bulk density relative to SCK, by 5.85% and 6.56% 
in the 0–20 cm layer and by 7.75% and 6.12% in the 20–40 cm layer, respectively, with no 
significant difference between SOIF and SCMF (Figure 1(B1)). In the 0–20 cm layer, both 
were also significantly lower than under SCF.

The proportion of aggregates in the >2 mm fraction was significantly affected by year, 
treatment and their interaction (all p < 0.001). The 2–0.25 mm fraction was affected by 
treatment and the year × treatment interaction (both p < 0.001) but not by year (p = 0.121). 
The 0.25–0.053 mm fraction was affected by year and treatment (both p < 0.001), but not by 
their interaction (p = 0.975). Similarly, the <0.053 mm fraction was affected by year and 
treatment (both p < 0.001), but not by their interaction (p = 0.120) (Table S2).

In 2025, after two consecutive years of fertiliser application, the proportions of ag-
gregates in the >2 mm and <0.053 mm fractions under SCMF were 54.84% and 11.08% 
lower, respectively, than those under SCK. In contrast, the proportion in the 2–0.25 mm 
fraction under SCMF was 112.62% higher than that under SCK and 47.45–93.23% higher 
than those under the other fertilisation treatments (p < 0.05; Figure 1(B2) and Table S1). The 
proportion in the <0.053 mm fraction under SCMF was also 10.41–17.47% lower than that 
under SOIF and SCF (p < 0.05). As no integrated aggregate-stability index was measured, 
these findings are interpreted as a redistribution among aggregate-size classes rather than 
as evidence of a change in overall aggregate stability.

3.2.2. Effects of Different Treatments on the Chemical Properties of Rhizosphere Soil Under 
Continuous Sorghum Cropping

Soil TN (Year, p = 0.010; Treatment, p = 0.008), AN (p < 0.001; p = 0.001), AK (p < 0.001; 
p < 0.001) and AP (p = 0.002; p < 0.001) were significantly affected by both year and treat-
ment, with significant year × treatment interactions for AN (p = 0.014) and AK (p = 0.018). 
SOM was affected by year (p < 0.001) but not by treatment (p = 0.260). Soil pH was affected 
by year (p < 0.001) and by the year × treatment interaction (p = 0.026) but not by treatment 
(p = 0.691). Soil pH increased from 2024 to 2025 under all treatments, with larger increases 
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under the fertilised treatments (5.0–6.8%) than under SCK (2.7%). However, pH did not 
differ significantly among treatments within either year (p > 0.05).

In 2024, SOM and TN contents did not differ significantly among treatments 
(Figure 2(Ab,Ac)). After two consecutive years of fertilisation, the SOM content under SOIF 
and SCMF was significantly higher than that under SCK by 12.23% and 12.62%, respectively, 
and higher than that under SCF by 11.97% and 12.35%, respectively (p < 0.05; Figure 2(Bb)). 
Similarly, the TN content under SOIF and SCMF was significantly higher than that under 
SCK by 23.24% and 20.81%, respectively, and higher than that under SCF by 10.86% and 
8.67%, respectively (p < 0.05; Figure 2(Bc)). In 2024, AN, AK and AP contents under SCMF 
were significantly higher than those under SCK by 52.22%, 18.90% and 117.90%, respectively, 
and higher than those under SCF by 18.66%, 10.64% and 51.83%, respectively (p < 0.05; 
Figure 2(Ad–Af)). These contents remained significantly higher under SCMF in 2025, with 
increases of 48.77%, 41.60% and 85.52%, respectively, relative to SCK, and 11.98%, 15.54% 
and 24.41%, respectively, relative to SCF (p < 0.05; Figure 2(Bd–Bf)). Moreover, AN under 
SCMF was 21.11% higher than under SOIF in 2025 (p < 0.05, Figure 2(Bd)), whereas the 
6.13% higher AK under SCMF than under SOIF was not significant (Figure 2(Be)).

3.3. Effects of Different Treatments on Potential Rhizosphere Soil Enzyme Activities 
of Continuously Cropped Sorghum

Because potential enzyme activities in 2025 were approximately an order of magnitude 
higher than those in 2024, the data were analysed on a logarithmic scale. Year and treatment 
significantly affected UR (Year, p< 0.001; Treatment, p = 0.004), ALP (p < 0.001; p < 0.001) 
and SUS (p < 0.001; p < 0.001). However, the year × treatment interaction was not significant 
for any enzyme (UR, p = 0.091; ALP, p = 0.340; SUS, p = 0.066; CAT, p = 0.536), suggesting 
that relative treatment responses were similar in the two years. CAT activity was affected 
only by year (p < 0.001; Treatment, p = 0.308).

As shown in Figure 3, potential UR, ALP, and SUS activities under SCMF were nu-
merically the highest in both years. In 2024, the UR, ALP, and SUS activities under SCMF 
significantly increased by 22.48%, 18.86%, and 16.17%, respectively, compared to those 
under SCK (Figure 3(Aa–Ac)); in 2025, the corresponding increases were 30.62%, 27.32%, 
and 45.23%, respectively (p < 0.05, Figure 3(Ba–Bc)). Compared with SCF, SCMF increased 
UR activity by 9.89% (not significant) and significantly increased ALP and SUS activities 
by 17.74% and 56.92% in 2024 (Figure 3(Aa–Ac)). In 2025, UR activity was 6.55% higher 
under SCMF than under SCF, but this difference was not significant; ALP and SUS activities 
were significantly higher by 28.67% and 63.39%, respectively (p < 0.05, Figure 3(Ba–Bc)). 
Compared with SOIF, SCMF had significantly higher UR and ALP activities in 2024, with 
increases of 28.43% and 24.74%, respectively (p < 0.05, Figure 3(Aa,Ab)); in 2025, ALP 
and SUS activities were significantly higher by 19.38% and 36.80%, respectively (p < 0.05, 
Figure 3(Bb,Bc)), whereas the 9.32% higher UR activity was not significant (Figure 3(Ba)).

3.4. Rhizosphere Microbial Communities of Continuously Cropped Sorghum Under Different 
Fertilisation Treatments
3.4.1. Rhizosphere Microbial Diversity and Community Composition 
in a Year × Treatment Framework

The 16S rRNA gene dataset contained 11,371 ASV features across 24 samples, with 
read counts ranging from 43,239 to 66,198 per sample. The ITS dataset contained 2856 ASV 
features across 24 samples, with read counts ranging from 50,753 to 87,518 per sample. 
Bacterial communities were dominated at the phylum level by Pseudomonadota, Actinomyce-
tota, Chloroflexota, Acidobacteriota, and Bacillota (Figure S1A). Fungal communities were 
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dominated by Ascomycota, followed by Basidiomycota, Mortierellomycota, and Chytridiomycota 
(Figure S1B).

Neither bacterial nor fungal alpha diversity was significantly affected by treatment (all 
p > 0.16) or by the year × treatment interaction (all p ≥ 0.09), and no differences among 
treatments were detected within either year (Figure 4A,B; Table S3). Observed richness and 
Chao1 of both kingdoms were lower in 2025 than in 2024 (Year, p ≤ 0.003), and the bacterial 
Simpson index was slightly higher in 2025 (p = 0.004), whereas the Shannon index of both 
kingdoms and the fungal Simpson index did not differ between years (p ≥ 0.19).

In the split-plot PERMANOVA, year explained the largest proportion of variation in 
bacterial community composition (R2  = 0.261, p < 0.001) and a substantial proportion 
in fungal community composition (R2  = 0.136, p < 0.001) (Figure 4C,D; Table S3). After 
accounting for the plot structure, fertilisation treatment significantly affected the compo-
sition of both fungal (R2  = 0.167, pseudo-F = 1.68, p = 0.009) and bacterial communities 
(R2  = 0.113, pseudo-F = 1.17, p = 0.049). However, the year × treatment interaction was not 
significant for either kingdom (fungi: R2  = 0.128, p = 0.245; bacteria: R2  = 0.101, p = 0.333). 
PERMDISP showed that multivariate dispersion did not differ among treatments for fungi 
(p = 0.573), suggesting that the fungal treatment effect reflected differences in commu-
nity centroids rather than dispersion. For bacteria, dispersion differed among treatments 
(p = 0.035) and was greatest under SCMF; therefore, the bacterial treatment effect may 
partly reflect differences in within-treatment heterogeneity. Dispersion was greater in 2025 
than in 2024 for fungi (p = 0.005), with a marginal difference for bacteria (p = 0.056). 
When each year was analysed separately, treatment effects were significant in 2024 (fungi: 
R2  = 0.477, p = 0.002; bacteria: R2  = 0.325, p = 0.019) but not in 2025 (fungi: R2  = 0.255, 
p = 0.498; bacteria: R2  = 0.263, p = 0.326). Overall, treatment-associated differences in 
community composition were detectable in the combined two-year dataset, particularly 
for fungi, for which the treatment effect was not accompanied by significant differences in 
dispersion. However, the year-specific analyses did not detect significant treatment effects 
in 2025, when within-treatment variability was greater. The fungal response is therefore 
described as an overall treatment-associated compositional difference with weaker statistical 
evidence in the second year; because each treatment had only three replicate plots, the 
non-significant year × treatment interaction does not establish that treatment responses 
were equivalent in the two years.

3.4.2. Co-Occurrence Networks and Treatment-Associated Taxa
Across all 24 samples, the overall bacterial network linked 152 genera by 474 edges 

(346 positive and 128 negative), far more than expected by chance (48 ± 8), whereas 
the overall fungal network was sparse, with 20 edges among 26 genera (chance level 9 
± 3) distributed over six unconnected components (Figure 5A,B). With identical con-
struction procedures, the treatment-specific bacterial networks contained 1575–2528 edges 
among 184 candidate genera and the fungal networks 253–316 edges among 71–73 genera 
(Figure 5C,D; Table S4). The SCMF bacterial network had the most edges (2528), the high-
est average degree (27.5) and the highest density (0.150), and its edge number exceeded 
the chance level estimated from randomised data (1506 ± 44); the SOIF and SCK networks 
exceeded chance levels by smaller margins (1703 vs. 1512 ± 38 and 1790 vs. 1682 ± 44), 
and the SCF network did not (1575 vs. 1560 ± 49). In permutation tests, the number of 
bacterial edges under SCMF differed significantly from that under SCF (p = 0.020), but 
not from those under SOIF (p = 0.085) or SCK (p = 0.120). The fungal networks did not 
clearly exceed chance levels (observed 253–316 edges vs. 255–290 expected), and the SCMF 
fungal network did not differ from any other treatment (p ≥ 0.18); among fungal networks, 
only SCK and SCF differed (p = 0.035). Hence, with six samples per treatment, a large 
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share of the inferred edges could arise by chance; and neither the bacterial (p = 0.085) 
nor the fungal (p = 0.705) SCMF network differed significantly from the corresponding 
SOIF network (Table S4); the network analysis therefore provides only an exploratory 
description of association patterns and does not indicate SCMF-specific restructuring of 
microbial associations.

Figure 5. Co-occurrence networks and treatment-associated genera. (A,B) Overall genus co-
occurrence networks of bacteria (A) and fungi (B) constructed from all 24 samples (CLR-transformed, 
centred within year; edges, Spearman |𝜌| ≥ 0.6 and p < 0.05). Node size is proportional to degree 
and node colour to mean relative abundance; orange and blue edges denote positive and negative 
correlations; the ten most connected bacterial genera and, where space allowed, fungal genera are 
labelled. (C,D) Topology of the treatment-specific bacterial (C) and fungal (D) networks, constructed 
with an identical genus pool, CLR transformation, within-year centring and thresholds (n = 6 per 
network). Black markers and whiskers in the Edges panels show the number of edges expected by 
chance (mean ± 2 SD of 50 randomisations). In permutation tests, the number of bacterial edges 
under SCMF differed from that under SCF (p = 0.020) but not from those under SCK (p = 0.120) or
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SOIF (p = 0.085); fungal edge numbers under SCMF did not differ from any other treatment (p ≥ 0.18). 
(E,F) Genera identified by LEfSe (Kruskal–Wallis p < 0.05, LDA ≥ 2.0) for bacteria (E) and fungi (F), 
coloured by the treatment in which they were enriched; filled circles, enriched in the same treatment 
in both years (year-consistent); open circles, not year-consistent; asterisks, also among the 20 most 
important random forest features.

LEfSe identified 14 bacterial and 12 fungal genera that discriminated among treatments 
(Kruskal–Wallis p < 0.05, LDA ≥ 2.0; Figure 5E,F; Table S5). Of these, seven bacterial and 
six fungal genera were enriched in the same treatment in both years. Genera consistently 
enriched under SCMF were Nitrosospira (LDA = 3.19) among bacteria and unclassified 
Mortierellaceae (3.18), Plectosphaerella (2.77) and Ramicandelaber (2.07) among fungi; no-
rank Desulfocapsaceae (2.43) and Melastiza (3.12) were consistently enriched under SOIF, 
Pelagibius and Bdellovibrio under SCF, and Paenisporosarcina, Dactylosporangium, Anaero-
columna, Scytalidium and Melanocarpus under SCK. Several genera with high LDA scores, 
including Trichoderma (SOIF), Gibellulopsis (SCMF) and Thiobacillus (SCK), were enriched 
under different treatments in the two years and were therefore not regarded as consistently 
treatment-associated.

Random forest classifiers indicated that the genus-level treatment signal was weak. 
Out-of-bag accuracies were 0.12 for bacteria (802 genera) and 0.33 for fungi (160 genera), 
compared with a random-classification expectation of 0.25. In nested leave-one-plot-out 
cross-validation, with feature selection within each training fold, accuracies were 0.33 for 
bacteria and 0.38 for fungi (permutation p = 0.010 for both). A linear discriminant classifier 
based on the 20 top-ranked genera and validated using the same procedure achieved 
accuracies of only 0.17 and 0.29 for bacteria and fungi, respectively. Genera combining LEfSe 
significance, year consistency and high random forest importance (consistently treatment-
associated taxa) included unclassified Mortierellaceae and Plectosphaerella (SCMF) and 
Melastiza (SOIF) among fungi, and norank Desulfocapsaceae (SOIF), Pelagibius (SCF), 
Dactylosporangium and Anaerocolumna (SCK) among bacteria (Figure 5E,F; Figure S2). 
Given the small dataset, these genera are regarded as candidate treatment-associated taxa 
rather than validated biomarkers.

3.4.3. Associations of Microbial Community Composition with Soil, Enzyme 
and Yield Variables

After conditioning on year and restricting permutations to occur within years, none 
of the individual soil chemical, enzyme, aggregate or yield-related variables was signifi-
cantly associated with bacterial or fungal community dissimilarity after FDR correction 
(all FDR ≥ 0.47; Figure 6). The strongest unadjusted associations were those of fungal 
community dissimilarity with 1000-grain weight (partial r = 0.364, p = 0.044) and the 
>2-mm aggregate fraction (r = 0.349, p = 0.045). For the bacterial community, the strongest 
association was with Bacillus relative abundance (r = 0.520, p = 0.051). This latter asso-
ciation was strongly influenced by a single SCMF sample from 2025 with high Bacillus 
abundance (2.7% compared with 0.05–0.33% in the other samples). Strong associations 
between community dissimilarity and potential enzyme activities were obtained only when 
the year was not accounted for (e.g., bacterial community vs. ALP: Mantel r = 0.67 without, 
but partial r = 0.02 with conditioning on year); i.e., they reflected concurrent between-
year differences in community composition and in the measured variables rather than 
within-year, treatment-related covariation. Within years, the measured variables remained 
intercorrelated: grain yield was positively correlated with AN, AK, AP, UR, SUS and the 
2–0.25-mm aggregate fraction and negatively correlated with bulk density in the 0–20 cm 
layer and the <0.053 mm aggregate fraction (Figure 6).
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Figure 6. Associations among measured variables and with microbial community composition. 
The lower triangle shows Spearman correlations among soil chemical properties, potential enzyme 
activities (log-transformed), bulk density (SD), aggregate-size fractions, yield traits and Bacillus 
relative abundance, calculated after standardising each variable within year (* p < 0.05, ** p < 0.01, 
*** p < 0.001). Lines link bacterial (16S, solid) and fungal (ITS, dashed) community composition to 
each variable; line colour indicates the Partial Mantel’s r between Bray–Curtis community dissimilarity 
and the Euclidean distance of the standardised variable, conditioned on year, with permutations 
restricted within years (4999 permutations), and line width indicates its unadjusted p-value. No 
association remained significant after Benjamini–Hochberg correction.

3.4.4. Structural Equation Model Linking Fertilisation, Soil Properties, Fungal Community 
Composition and Grain Yield

The exploratory structural equation model (Figure 7) was not rejected by the χ2 
test (χ2 (6) = 12.28, p = 0.056) and showed an acceptable comparative and residual fit 
(CFI = 0.957; SRMR = 0.025). However, the TLI (0.870) and RMSEA (0.209) indicated im-
portant limitations in model fit; because 16 free parameters were estimated from 24 plot-year 
observations of only 12 plots, the model was interpreted as exploratory and secondary to the 
experimental comparisons. All standardised path coefficients lay within [−1, 1] (maximum 
|𝛽| = 0.84), and all VIFs were < 5. The fertilisation (𝛽 = 0.46, p < 0.001) and organic-input 
contrasts (𝛽 = 0.53, p < 0.001) were positively associated with the soil chemical composite, 
whereas the inoculant contrast (SCMF vs. SOIF) was not (𝛽 = 0.10, p = 0.276). Potential 
enzyme activity was strongly associated with the inoculant contrast (𝛽 = 0.74, p < 0.001; 
95% bootstrap CI 0.47–0.97) and only weakly with soil chemistry (𝛽 = 0.21, p = 0.089). 
Fungal community composition was associated with organic input (𝛽 = 0.82, p < 0.001) 
and, in the opposite direction, with the inoculant contrast (𝛽 = −0.84, p < 0.001); i.e., the 
first axis of the year-centred fungal PCoA mainly separated SOIF from the other treatments. 
Within-year variation in grain yield (R2  = 0.86) was associated with the soil chemical 
composite (𝛽 = 0.56, p = 0.001; 95% CI 0.16–0.99) and the fertilisation contrast (𝛽 = 0.30, 
p = 0.018), but not with potential enzyme activity (𝛽 = 0.17, p = 0.131) or fungal community 
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composition (𝛽 = −0.01, p = 0.934); thus, fungal community composition did not explain 
the yield response. When the dependence between the two observations of each plot was 
taken into account (plot-clustered standard errors, t tests with 11 degrees of freedom), the 
significant paths from the treatment contrasts to the soil chemical, enzyme and fungal com-
posites and the path from the soil chemical composite to grain yield remained significant 
(all p ≤ 0.006), whereas the fertilisation → yield path became marginal (p = 0.056) and the 
enzyme (p = 0.062) and fungal (p = 0.95) paths to yield remained non-significant.

Figure 7. Exploratory structural equation model (SEM) linking fertilisation contrasts, soil chemical 
properties, potential enzyme activities, fungal community composition and grain yield (n = 24). All 
variables were standardised within year before analysis. Treatments are coded as nested contrasts: Fert 
(SCF, SOIF and SCMF vs. SCK), Org (SOIF and SCMF vs. SCF and SCK) and Inoc (SCMF vs. SOIF). 
Soil chemical properties (pH, SOM, TN, AN, AK and AP) and potential enzyme activities (UR, ALP, 
SUS and CAT; log-transformed) are first principal components; fungal community composition is the 
first axis of year-centred PCoA coordinates. Numbers are standardised path coefficients (* p < 0.05
*** p < 0.001); red and blue solid arrows, significant positive and negative paths; grey dashed arrows 
and grey labels, non-significant paths. Red upward arrows in the lower part of each box indicate 
positive loadings of the variables on the composite. R2  is the variance explained for each endogenous 
variable. The model is exploratory: 16 free parameters were estimated from 24 plot-year observations 
of 12 plots, and the observations from the two years of each plot are not independent (see Section 3.4.4 
for the plot-clustered sensitivity analysis).

4. Discussion
Across two consecutive seasons, the organic-based treatments (SOIF and SCMF) pro-

duced the highest grain yields. In 2025, the complete SCMF formulation yielded 42.95% 
more than SCK and 11.47% more than SCF, primarily through a greater panicle grain weight 
and grain number per panicle rather than the 1000-grain weight [36,37]. Similar responses to 
organic or biologically amended fertilisers have been reported in other continuous-cropping 
systems [38] and are generally attributed to an improved sink formation and grain fill-
ing [39,40]. Two components of this response should, however, be distinguished [16,41]. 
The first is the broader benefit associated with the organic-based fertilisation strategy: SOIF 
and SCMF both produced higher grain yields than SCF and SCK in both years and, in 2025, 
had higher SOM, TN, AP and AK contents and a greater proportion of aggregates in the 
2–0.25 mm size class. Because SCF supplied more P2 O5  and K2 O than SOIF and SCMF but 
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contained no organic matter, the differences between SCF and the organic-based treatments 
reflect both organic matter inputs and differences in mineral P and K supply; therefore, these 
differences cannot be attributed to the fertiliser type alone. The second is the additional 
effect specifically associated with the microbial inoculants, which can be evaluated only 
from the SCMF–SOIF comparison, because these treatments received identical N, P2 O5 , 
K2 O and organic-matter inputs. This additional effect was modest and not significant for 
grain yield (+4.27% in 2024 and +3.59% in 2025), so an inoculant-specific yield benefit was 
not demonstrated, but it was clearer for some soil variables: compared with SOIF, SCMF 
had higher ALP activity in both years, higher UR activity in 2024, and higher SUS activity 
and a higher AN content in 2025. Consistently, in the path model, the inoculant contrast 
was strongly associated with enzyme activities but not with the soil chemical composite or, 
independently, with yield. Under the conditions of this two-year trial, the yield gain was 
therefore attributable mainly to the organic–inorganic fertilisation strategy, whereas the 
effects associated with the inoculants were expressed in potential enzyme activities rather 
than in grain yield.

The soil responses also require cautious interpretation. Continuous cropping is com-
monly associated with nutrient depletion and deterioration of the soil structure [4,42,43], 
and the higher SOM, TN, AP and AK contents under the organic-based treatments are 
consistent with their additional organic inputs. The reduction in topsoil bulk density under 
SOIF and SCMF was statistically significant in 2025, and the changes in aggregate size 
fractions under SCMF—fewer >2 mm and <0.053 mm aggregates and more 2–0.25 mm 
aggregates—represent a redistribution among size classes. Because no integrated stability 
index (e.g., mean weight diameter) was measured, these changes do not demonstrate im-
proved aggregate stability. Similarly, the enzyme assays quantify potential activities under 
standardised conditions. Thus, the higher ALP, SUS and UR activities under SCMF indi-
cate a greater potential for P mineralisation, carbohydrate hydrolysis and urea hydrolysis, 
respectively, rather than higher in situ rates of nutrient cycling.

When analysed with an explicit year × treatment framework, fertilisation affected the 
composition rather than the alpha diversity of rhizosphere communities. Year was the 
largest source of variation in bacterial community composition, whereas the treatment effect 
was greater for fungi (R2  = 0.167) than for bacteria (R2  = 0.113). The fungal effect was 
not accompanied by differences in multivariate dispersion and therefore reflects shifts in 
community location, whereas the bacterial effect coincided with greater heterogeneity under 
SCMF and should be interpreted more cautiously [27]. Stronger or more distinct responses 
of fungal than of bacterial communities to rhizosphere conditions and fertilisation have 
been reported previously [44–46], and fungi play central roles in residue decomposition 
and root-associated processes in continuously cropped soils [6]. The sensitivity of soil 
microbial communities to agricultural management is consistent with recent evidence show-
ing that crop-management practices can alter bacterial and fungal community structure, 
reflecting the close coupling between management-induced changes in the soil environment 
and microbial community assembly [47]. The absence of a significant year × treatment 
interaction indicates that the treatment-associated differences did not differ significantly 
between years, but, with only three replicate plots per treatment, this does not establish 
that the responses were equivalent in the two years; nor does it indicate greater ecological 
stability of the fungal community [48]. Such fertilisation-dependent microbial responses 
are consistent with evidence showing that the fertiliser regime and application intensity 
can modify soil microbial diversity and functional profiles through concomitant changes 
in the soil chemical environment [49], with the view that fungal communities respond to 
management mainly through shifts in decomposer and root-associated guilds [50]. Indeed, 
when each year was tested separately, treatment effects were significant in 2024 but not 
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in 2025, when within-treatment dispersion was greater. The fungal response is therefore 
best described as an overall treatment-associated compositional difference with weaker 
statistical evidence in the second year, rather than as a stable or persistent response, and 
longer observation is needed to establish whether these differences are maintained.

Co-occurrence network complexity has been related to crop growth and nutrient avail-
ability in other systems [51,52]. However, with only six samples per treatment, the networks 
inferred here were fragile [33]: a large share of the inferred edges could arise by chance, 
fungal networks were largely indistinguishable from chance-level association patterns, and 
neither the bacterial (p = 0.085) nor the fungal (p = 0.705) SCMF network differed signifi-
cantly from the corresponding SOIF network. Moreover, positive and negative associations 
can arise from shared environmental preferences, indirect effects, common treatment re-
sponses or the compositional nature of sequencing data [32,33]. Such associations do not 
demonstrate cooperation, competition or improved microbial functioning. The network 
analysis is therefore retained only as an exploratory description of inferred association 
patterns; it provides no evidence of improved microbial interactions and does not identify a 
distinctive mechanism underlying the performance of SCMF.

Consistent with the modest cross-validated classification accuracies, relatively few 
genera discriminated among the treatments, and fewer still were enriched in the same 
treatment in both years. Nitrosospira, which contains members previously associated with 
ammonia oxidation and nitrification [53], was enriched under SCMF in both years. How-
ever, because nitrification rates, amoA gene abundance and N2 O fluxes were not measured, 
this enrichment does not demonstrate that SCMF increased N cycling. Other discrimi-
native taxa include members previously associated with sulphur transformations, such 
as Thiobacillus and Desulfocapsaceae [54,55]. The SCMF-associated fungi taxa, unclas-
sified Mortierellaceae and Plectosphaerella, belong to groups previously associated with 
plant growth promotion, saprotrophy or plant association [56,57]. All such functional 
interpretations remain putative. These genera are therefore regarded as taxa consistently 
associated with particular treatments in a small dataset, not as validated biomarkers or as 
organisms with experimentally demonstrated functional effects; their enrichment does not 
demonstrate increased nitrification, nutrient cycling, pathogen suppression or beneficial 
microbial activity.

After accounting for the year, community dissimilarity was not significantly associated 
with any individual soil, enzyme or yield variable after FDR correction, although potential 
enzyme activities, aggregate fractions and yield traits remained intercorrelated within years. 
Combined organic and inorganic fertilisation has been reported to increase enzyme activities 
together with bacterial community changes [58]; in our exploratory structural equation 
model, which is secondary to the experimental comparisons, potential enzyme activity was 
mainly associated with the inoculant contrast, whereas within-year variation in grain yield 
was associated with the soil chemical composite and fertilisation rather than with potential 
enzyme activity or fungal community composition (𝛽 = −0.01). Thus, fungal restructuring 
does not explain the yield response. Inference from this model is further limited by the 
small number of observations relative to the 16 estimated parameters, by its imperfect fit 
(RMSEA = 0.209; TLI = 0.870) and by the dependence between the two observations from 
each of the 12 plots; although the main paths were robust to plot-clustered standard errors, 
the fertilisation → yield path then became marginal. These results do not support a causal 
sequence from inoculation through microbial restructuring and enzyme-mediated nutrient 
supply to yield. More broadly, these relationships are consistent with the concept that plant 
nutrition provides a functional interface linking changes in the soil–microbiome system 
with plant performance, although the direction and causality of these interactions require 
direct experimental validation [59].
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Because the SCMF product contained Bacillus subtilis and B. licheniformis, Bacillus-
related signals deserve separate consideration. Bacillus-containing inoculants have been 
linked to nutrient mobilisation and enzyme responses [60,61] and to broader changes in 
microbial communities [62,63]. In the present study, however, Bacillus relative abundance 
was only weakly associated with bacterial community dissimilarity after accounting for 
the year (p = 0.051), and this association was largely driven by a single SCMF sample. 
Moreover, genus-level 16S rRNA amplicon data cannot track the establishment, persistence 
or activity of the inoculated strains. Therefore, the community differences observed under 
SCMF cannot be attributed to the introduced strains, and Bacillus should not be regarded as 
a demonstrated driver of the treatment response.

Finally, SOIF and SCMF produced similar yields but different rhizosphere fungal 
compositions: the first axis of the year-centred fungal PCoA separated SOIF from the 
other treatments, and the inoculant contrast was associated with this axis in the direction 
opposite to that of the organic-input contrast. Organic fertilisers containing different ad-
ditional components may thus be associated with overlapping yet distinct rhizosphere 
patterns [16,64,65]. This suggests that biologically oriented fertilisers do not necessarily 
influence the same components of the soil–plant–microbe system even when their yield 
benefits are comparable. However, the present design cannot separate the contribution of 
inoculant activity from that of other product properties.

This study has several limitations. First, the results are based on one site, two growing 
seasons and three replicate plots per treatment. Inter-annual weather differences may have 
influenced crop, soil and microbial responses, and the two-year duration is insufficient to 
evaluate the long-term sustainability of SCMF. Second, SCF received more P2 O5  and K2 O 
than SOIF and SCMF; therefore, comparisons involving SCF combine the effects of fertiliser 
type and nutrient rate. Third, year-related differences in the microbiome data may include 
sequencing-run variation, which cannot be separated from inter-annual biological variation. 
Fourth, the enzyme assays measured potential activities, which differed by approximately 
an order of magnitude between years; therefore, enzyme activities were compared within 
years and analysed on a logarithmic scale. Fifth, co-occurrence networks inferred from 
six samples per treatment are fragile, fungal networks were largely indistinguishable from 
chance-level association patterns, and SCMF networks did not differ significantly from 
SOIF networks. Sixth, all relationships among the microbiome, soil properties and yield are 
correlative; the roles of individual taxa, network properties and the inoculated Bacillus strains 
were not experimentally verified. Seventh, the SEM path model was fitted to 24 plot-year 
observations from only 12 plots; these observations are not independent, and with 16 free 
parameters and an imperfect fit, the model can only be regarded as exploratory. Future 
studies should combine longer-term field trials with strain-specific tracking, functional-gene 
or metagenomic analyses and controlled inoculation experiments.

5. Conclusions
Over two growing seasons of continuous sorghum cropping, organic–inorganic fertili-

sation with or without microbial inoculants (SOIF and SCMF) increased the grain yield 
relative to no fertilisation and conventional chemical fertilisation and, in the second year, 
was accompanied by higher SOM, TN, and available P and K, lower topsoil bulk density and, 
under SCMF, a redistribution of aggregates towards the 2–0.25 mm fraction. The complete 
SCMF formulation produced the highest grain yield, but its advantage over SOIF—the 
treatment with identical nutrient and organic-matter inputs, which isolates the inoculant 
effect—was small and not significant; an inoculant-specific yield benefit was therefore 
not demonstrated, and the additional effects associated with the inoculants were most 
evident as higher potential enzyme activities and higher available N in the second year. 
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Fertilisation was associated with shifts in rhizosphere community composition rather than 
diversity, more clearly for fungi than for bacteria; the fungal shift represents an overall 
treatment-associated compositional difference with weaker statistical evidence in the second 
year. Co-occurrence networks, treatment-associated taxa and SEM path-model associations 
are exploratory and correlative and do not establish a causal sequence from inoculation 
through microbial restructuring and nutrient supply to yield. Given the two-year duration, 
SCMF cannot yet be regarded as a sustainable fertilisation strategy; it is nevertheless a 
promising option for continuous sorghum cropping in the Lvüliang region that warrants 
longer-term evaluation.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/agronomy16212193/s1. Table S1 Mass fractions of soil water-
stable aggregates across different size classes under different treatments; Table S2 Linear mixed-model 
tests of Year, Treatment and Year × Treatment for yield, soil physical and chemical properties and 
enzyme activities; Table S3 Effects of Year, Treatment and Year × Treatment on rhizosphere bacterial 
and fungal alpha diversity, community composition and multivariate dispersion; Table S4 Properties 
of the treatment-specific and overall co-occurrence networks, edge numbers expected by chance and 
permutation tests of differences in edge number; Table S5 Treatment-associated (discriminative) 
genera identified by LEfSe, with year consistency and random forest importance; Figure S1 Phylum-
level composition of rhizosphere bacterial ((A); 16S rRNA) and fungal ((B); ITS) communities in each 
plot under the four fertilisation treatments in 2024 and 2025 (the ten most abundant phyla; remaining 
phyla pooled as Others). Group names ending in 3 and 4 denote 2024 and 2025, respectively; _1, _2 
and _3 denote blocks. SCK, no fertiliser; SCF, chemical fertiliser; SOIF, organic–inorganic compound 
fertiliser; SCMF, compound microbial fertiliser; Figure S2 Random forest classification of fertilisation 
treatments from genus-level relative abundances. Bars show the 20 most important genera (mean 
decrease in Gini impurity; randomForest, 1000 trees) for bacteria (A) and fungi (B), shaded by 
importance. Out-of-bag and nested leave-one-plot-out cross-validated accuracies are given above 
each panel; permutation tests are reported in Section 3.4.2.
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