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Abstract
Background: Soil microorganisms regulate many critical ecosystem processes and understanding how
soil microbial communities respond to anthropogenic disturbance, such as land-use change, is of great
ecological importance. However, the effects of land-use change on soil microbial community assembly
processes at regional scale are still poorly understood. Using 16S rRNA gene sequencing and quantitative
PCR analysis, we characterized soil bacterial community assembly in agricultural �elds with different
land-use types, (1) open �eld cultivated with main crops or (2) vegetables, and (3) greenhouse cultivated
with vegetables. Greenhouse vegetable production was more intensive than other two use types.

Results: Greenhouse vegetable production decreased the alpha diversity and changed the composition of
soil bacterial community. Co-occurrence network and cohesion analyses showed that the bacterial
community was less closely interconnected under greenhouse conditions. Land-use type sensitive OTUs
were taxonomically diverse, and responded differently to changes in edaphic variables and showed
different co-occurrence patterns. The spatial turnover rates of habitat and bacterial community were
lower for greenhouse cultivated with vegetables. Null model analysis found that the bacterial community
assembly was mainly governed by deterministic processes; however, bacterial community in greenhouse
soils was phylogenetically less clustered and was more sensitive to stochastic processes. Soil pH was
the major factor in shaping bacterial community structure and mediating the balance between stochastic
and deterministic processes.

Conclusions: Overall, this study revealed that agricultural intensi�cation led to loss of biodiversity and
homogenization of soil bacterial communities across spaces. Moreover, intensive greenhouse vegetable
production decreased the habitat heterogeneity, eventually lowering the habitat preference, and thus
increased the relative importance of stochastic processes. These �ndings enhance our understanding of
how soil bacterial communities respond to anthropogenic disturbance, and may provide crucial
implications for improving soil quality and agroecosystem sustainability.

Background
Soils harbor a remarkable diversity of microorganisms that are essential players in terrestrial ecosystem
functioning, such as decomposition of organic material, nutrient cycling and plant growth [1]. Therefore,
maintaining the diversity of soil microbial communities is critical for crop production and agroecosystem
sustainability [2, 3]. The activity and diversity of soil microbial communities are sensitive to changes in
soil characteristics, such as soil pH, moisture, carbon and nutrient availability, and such shifts can alter
the functioning of these communities [3–7]. Moreover, aboveground plant community can affect soil
microbial communities through differences in the quality and quantity of organic materials entering the
soil [1]. Land-use change due to agricultural intensi�cation is one of the most signi�cant anthropogenic
activities that greatly affect soil microbial communities through altering soil edaphic variables and
aboveground plant cover [3]. Studies have shown that land-use intensi�cation can have negative effects
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on the diversity and functioning of soil microbial communities [2, 8, 9]. However, the underlying ecological
processes driving these changes, especially at the regional scale, are largely unexplored.

Understanding the mechanisms governing the assembly of ecological communities is a major theme of
community ecology [10–13]. Deterministic and stochastic processes are two fundamental types of
processes that in�uence the assembly of species into a local community [12–15]. On the one hand, the
niche theory emphasizes that deterministic processes, such as environmental �ltering and biotic
interactions (e.g., mutualisms, facilitation, competition and predation) control local community
compositions. On the other hand, the neutral theory stresses that stochastic processes, such as pervasive
dispersal limitation and ecological drift (random changes in species relative abundance), can explain a
wide variety of biodiversity patterns in nature [12, 14, 15]. Accumulating evidence demonstrates that
deterministic and stochastic processes jointly contribute to the assembly of ecological communities, and
their relative effects vary depending on geographic scales and strength of environmental gradients [10,
16–19].

Recent studies indicate that the balance between stochastic and deterministic assembly processes is
mediated by a variety of environmental factors, such as soil pH [6, 7], soil organic matter [5, 14], soil
nutrient content [20], salinity [21] and air temperature [6]. For example, it has been reported that resource
supply can increase the importance of stochastic processes [5, 12, 14, 20]. Moreover, disturbances (i.e.,
mortality caused by �uctuations in environmental conditions, such as soil acidi�cation, tillage and
drought) may either decrease or increase the importance of stochastic processes depending on the type,
frequency and intensity of disturbance [7, 12, 22–24]. Considering intensi�ed agroecosystems not only
receive high application rates of fertilizers but also frequent mechanized tillage, agricultural land-use
intensi�cation can alter the balance between stochastic and deterministic processes but the effects are
likely to be complex.

It is well established that a wide range of microorganisms exhibit spatial biogeographic patterns [25].
Studies have observed a higher dissimilarity in soil microbial community composition with increasing
geographic distance (known as a distance-decay relationship) in a variety of ecosystems, such as forest,
grassland and agricultural �eld [17, 18, 25–28]. The slope of the distance-decay relationship curve
re�ects the spatial species turnover rate. This microbial biogeographic pattern can be driven both by
stochastic and deterministic processes [25]. For example, selection and drift can accelerate the spatial
turnover rate (i.e., steepen the slope), while high dispersal rate decreases the spatial turnover rate (i.e.,
�attens the slope) [25]. It is reported that anthropogenic activities, such as deforestation, fertilization and
agricultural management regime (organic versus conventional managements) could alter soil microbial
biogeography [28]. Agricultural land-use intensi�cation with high resource use and low crop diversity may
decrease the soil environmental heterogeneity along spatial gradient, therefore, decrease the spatial
turnover rate of soil microbial communities.

Over the past half-century, large areas of open �elds for main crops (such as legumes and cereals)
productions have been converted to greenhouses to meet the demands for vegetables year-round [29, 30].
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Compared with main crop cultivation, vegetable cultivation usually receives higher amounts of manure
and fertilizer [30]. Since more croppings of vegetables are cultivated in the greenhouse per year,
greenhouse production is also characterized by more intensive agricultural management practices, such
as irrigation and tillage operations [30]. The internal environment of the greenhouse is quite different
from outside as greenhouses are covered by glasses or plastic �lms, and the temperature and humidity in
the greenhouse are of relatively small temporal �uctuations. Therefore, the environment conditions may
be more homogeneous across regions in the greenhouse than in the open �eld.

In this study, we aimed to address the following questions: (1) Whether and how land-use intensi�cation
in�uence the distance-decay pattern of soil bacterial community? (2) What are the relative roles of
stochastic and deterministic processes in driving soil bacterial community assembly in response to land-
use intensi�cation. To answer these questions, we examined the abundance, composition, geographic
pattern and assembly processes of soil bacterial communities in agricultural �elds with three different
land-use types. We sampled 288 soil samples from 32 sites across China. Each site comprised adjacent
triplets of open �eld cultivated with main crops, open �eld cultivated with vegetables and greenhouse
cultivated with vegetables. The Sloan neutral model [31] and null model [11, 32] approaches were applied
to investigate the ecological assembly processes. The effects of biotic interactions were assessed by
both co-occurrence network and cohesion analyses [33]. Here, we hypothesized that vegetable production
in the greenhouse could (1) decrease the level of spatially structured environmental gradients, and
therefore led to a weaker distance-decay pattern of soil bacterial communities, and (2) change the relative
importance of community assembly processes, particularly decrease the relative importance of
deterministic processes, through altering edaphic variables.

Methods
Soil sampling and edaphic variables analysis

Soil samples were collected in July 2017 from 32 sites located in 12 provinces of China (Additional �le 1:
Figure S1). Each site comprised agricultural �elds with three different land-use types, including open �eld
cultivated with main crops (CF), open �eld cultivated with vegetables (VF) and greenhouse cultivated with
vegetables (VG). Within each site, �elds with different land-use types were adjacent to each other (less
than 1 km apart). For CF and VF treatments, the �eld had been cultivated with main crops or vegetables,
respectively, for more than 20 years, respectively. For the VG treatment, the �eld had been converted to
greenhouse and cultivated with vegetables for three to more than 15 years (Additional �le 1: Table S1). It
should be noted that, all greenhouses of the VG treatment were for soil-based vegetable production,
which mean vegetables were cultivated in the soil, but not for soilless production. Since different crops
were cultivated at our sampling sites (Additional �le 1: Table S1) and plant roots can strongly affect soil
microbial community composition [1], bulk soils were samples in this study. For each kind of land-use
type at each site, three plots with an area of about 50 m2 each were randomly selected, and ten soil cores
per plot were taken from the upper soil layer (0-15 cm) and pooled. Therefore, there were three composite
samples for each land-use type at each site. In total, 288 soil samples were collected. Soils were sieved (2
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mm), and large stones and plant debris were removed. One portion of these sampled soils was used for
edaphic variables analyses (Additional �le 1: Supplementary Methods) and the other portion was stored
at -80°C for DNA extraction.

Soil DNA extraction

Soil DNA was extracted from 0.25 g of soil with the PowerSoil DNA Isolation Kit (MO BIO Laboratories,
Carlsbad, USA) following the manufacturer's instructions. The quality of extracted DNA was checked with
electrophoresis in a 1.2% (w/v) agarose gel and a NanoDrop 2000 spectrophotometer (ThermoFisher
Scienti�c, Wilmington, USA). Each composite soil sample was extracted in triplicate, and the extracted
DNA solutions were pooled.

Quantitative PCR analysis

SYBR Green quantitative PCR assays were used to estimate soil bacterial abundance with the primer set
of 338F/518R, targeting the V3 region of the bacterial 16S rRNA gene [34]. Quantitative PCR assays were
conducted with a qTOWER 3G touch real-time PCR system (Analytik Jena, Jena, Germany) (the detailed
PCR conditions are shown in Additional �le 1: Supplementary Methods). All ampli�cations were
performed in triplicate. The speci�city of the products was con�rmed by melting curve analysis and
agarose gel electrophoresis.

High-throughput amplicon sequencing and data processing

Extracted soil DNA was ampli�ed with the primer set F338/R806, targeting the V3-V4 regions of the
bacterial 16S rRNA gene [35]. Both the forward and reverse primers were tagged with the speci�c
overhang Illumina adapters. Detailed PCR conditions and library preparation protocol are shown in
Additional �le 1: Supplementary Methods. The libraries were sequenced (2×300) on an Illumina Miseq
platform (Illumina Inc., San Diego, USA).

Raw data generated from sequencing were analyzed using the QIIME pipeline [36]. Brie�y, adaptor
sequence, barcode and 30 low-quality bases at the end of each read were removed. Paired reads were
joined (minimum overlapping read length of 20 base pairs) and quality �ltered (Phred score of 20), and
reads with less than 200 base pairs were removed. Chimeras were screened and removed with USEARCH
using the UCHIME algorithm [37]. Sequences with ≥97% similarity were assigned to the same operational
taxonomic unit (OTU) with UPARSE using an agglomerative clustering algorithm [37]. Taxonomies were
assigned to the representative sequence of each OTU using the SILVA database release 128 [38]. OTUs
classi�ed as chloroplasts and mitochondria, and singleton OTUs were removed. To avoid potential bias
caused by sequencing depth, sequence counts of all samples were normalized to a minimum number of
sequences (10,763) per sample.

Statistical analyses

Bacterial community α- and β-diversity analyses
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Unless stated otherwise, statistical analyses were conducted in “R” (v3.6.2, http://www.r-project.org/).
Taxon accumulation curves, Good’s coverage and truncated Preston log-normal model were used to
evaluate the sampling effort of the sequencing data using the “vegan” package [39]. Bacterial community
α-diversity indices, including number of observed OTUs, Shannon index and Faith’s phylogenetic diversity,
were calculated using the “vegan” [39] and “picante” [40] packages.

For bacterial community β-diversity analysis, taxonomy-based Bray-Curtis distance and phylogeny-based
β-mean nearest taxon distance (βMNTD) were calculated using the vegdist function in the “vegan” [39]
and the comdistnt function in the “picante” [40] packages, respectively. Variation in bacterial community
composition was visualized with principal coordinates analysis (PCoA) using the “vegan” package [39].
The proportion of variation in community composition explained by land-use type was quanti�ed by
constrained analysis of principal coordinates (CAP), and statistical signi�cance was tested using the
permutest function with 9999 permutations in the “vegan” package [39]. To test the effects of sampling
sites and land-use types on community dissimilarity, permutational analysis of variance (PERMANOVA)
was performed using the adonis function with 9999 permutations in the “vegan” package [39]. Pairwise
differences between land-use types were tested using the pairwise.adonis function with 9999
permutations and P values were adjusted with the Benjamini-Hochberg (BH) method in the
“pairwiseAdonis” package [41].

Identi�cation of land-use type sensitive OTUs

Land-use type sensitive OTUs were identi�ed following the procedure described by Hartman et al. [42].
First, indicator species analysis was performed to calculate the point-biserial correlation coe�cient of an
OTU’s positive association to one or a combination of land-use types. This analysis was performed using
the multipatt function with 9999 permutations in the “indicspecies” package [43]. Then, likelihood ratio
test was used to evaluate differential OTU abundance among land-use types with the “edgeR” package
[44] and the P values were adjusted with the BH method. Finally, sensitive OTUs were de�ned as these
validated by both indicator species analysis and likelihood ratio test at P<0.05. A maximum likelihood
tree was constructed based on representative sequences for each sensitive OTU with the “phangorn”
package [45]. Then, the phylogenetic tree with the relative abundances of each OTU in each land-use type
was visualized using the iTOL tool [46].

Co-occurrence network and cohesion analyses

Co-occurrence networks were constructed for all samples and for each land-use type based on relative
abundances of OTUs. Spearman’s correlations between OTUs with relative abundances higher than
0.005% were calculated using the rcorr function in the “Hmisc” package [47] and the P values were
adjusted with the BH method. A correlation coe�cient was considered statistically robust if Spearman’s
correlation coe�cient (ρ) was >0.6 and the P value was <0.01. The Gephi, an open-source software, was
used to visualize the network graphs [48]. The nodes in the networks represent bacterial OTUs, and the
edges represent strong and signi�cant correlations among nodes. Some key topological features of the
networks (including number of nodes and edges, average connectivity, average path length, clustering
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coe�cient, network density and modularity) and topological features of nodes (including degree and
betweenness centrality) were calculated using the “igraph” package [49]. A detailed description of these
topological features is shown in Additional �le 1: Table S). Possible keystone OTUs were those that had
low betweenness centrality and high degree values [50]. To determine whether our networks were
nonrandom, 1000 Erdös-Rényi random networks with the same number of nodes and edges as the
observed networks were constructed, and the topological features of the real and random networks were
compared. The differences in bacterial co-occurrence network structure was determined by PERMANOVA
analysis of the Spearman’s correlational distances matrix as described by Williams et al. [51].

Community connectivity was measured by the cohesion metric following the protocol outlined by Herren
and McMahon [33]. Brie�y, pairwise correlations were calculated between all OTUs in a community. Then,
a null model was used to verify the strength of these correlations. Expected correlations generated by the
null model were subtracted from the observed correlations, yielding positive and negative connectedness
values for each OTU. Finally, cohesion metrics were calculated for each community by taking the sum of
each OTU’s connectedness value multiplied by its abundance in the community, yielding a positive and
negative cohesion metric for each community.

Distance-decay relationship analysis

Geographical distances among sampling sites were calculated from the sampling coordinates. Spatial
turnover rates (i.e., the distance decay of similarity) of bacterial community and habitat were determined
by regressing the pairwise community similarity (1-dissimilarity of the Bray-Curtis or βMNTD metrics) or
habitat similarity, respectively, against the pairwise geographic distance using ordinary least-squares
linear regressions. Habitat similarity was calculated based on edaphic variables [26]: Ed=(1-Eucd/Eucmax),
where Eucd is the Euclidean distance between two sites and Eucmax is the maximum Euclidean distance
between sites in the distance matrix. For edaphic variables (except pH), proportion data were
arcsine(sqrt)-transformed, and others were log-transformed. Mantel tests were used to assess the
signi�cance of the correlation between community similarity or habitat similarity and geographic
distance using the mantel function with the Pearson’s correlation method and 9999 permutations in the
“ecodist” package [52]. Differences of slopes between land-use types were evaluated using the diffslope
function with 9999 permutations in the “simba” package [53].

To evaluate the relationship between bacterial community similarity, geographic distance and
environmental similarity we performed with the partial Mantel test using the mantel function with the
Spearman’s correlation method and 9999 permutations in the “ecodist” package [52]. The environmental
distance matrix was created with non-redundant edaphic variables best explaining bacterial community
dissimilarities, which were identi�ed using the bioenv function in the “vegan” package [39]. To tease apart
the relative importance of land-use type, crop type, and edaphic and geographic variables on bacterial
community β-diversity, multiple regressions on matrices (MRM) was performed with the Spearman’s
correlation method and 9999 permutations using the “ecodist” package [52]. Land-use type and crop type
were transformed into categorical variables. Before applying MRM, variable clustering was used to
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remove redundant environmental variables with the Spearman’s correlation method (cutoff of ρ < 0.6)
using the varclus function in the “Hmisc” package [47]. The partial regression coe�cients (b) of an MRM
model gave a measure of the per-unit effect of an independent variable on the dependent variable
(bacterial community β-diversity) while controlling for the effects of the other independent variables. To
gain a better understanding of the in�uences of edaphic variables on bacterial community β-diversity, a
distance-based redundancy analysis was performed with forward selection of edaphic variables using
capscale and ordiR2step functions in the “vegan” package [39].

Ecological modeling

To evaluate the relationship between OTUs’ niche differences and phylogenetic distances, we used
phylogenetic Mantel correlograms as described by Stegen et al. [11]. Distances between OTUs’
environmental optima were calculated with the abundance-weighted mean approach [11]. The
phylogenetic distance matrix was generated using the cophenetic.phylo function in the “ape” package
[54]. The correlation between phylogenetic distance and the difference in environmental optima was
estimated using the mantel.correlog function with 999 permutations and BH correction in the “vegan”
package [39]. A phylogenetic signal was detected if OTUs’ niche differences were signi�cantly related to
between-OTU phylogenetic distances.

To evaluate the phylogenetic community assembly, the standardized effect size measure of the mean
nearest taxon distance (SES.MNTD) was calculated using the ses.mntd function with the “taxa.labels”
null model and 999 randomizations in the “picante” package [40]. SES.MNTD values greater or less than
zero indicate communities are more distantly or closely, respectively, phylogenetic clustered than
expected by chance [7]. To quantify the potential ecological processes (variable selection, homogeneous
selection, dispersal limitation, homogenizing dispersal or drift) that govern bacterial community
assembly, the null model method was used as proposed by Stegen et al [11, 32]. β-nearest taxon index
(βNTI) and Bray-Curtis-based Raup-Crick (RCbray), which are based on the difference between the
observed βMNTD and Bray-Curtis dissimilarities and their null distributions (999 community
randomizations), respectively, were calculated using R scripts written by Stegen et al. [11] (available at
https://github.com/stegen/Stegen_etal_ISME_2013). For a given community, |βNTI| > 2 and < 2 indicated
the dominance of deterministic and stochastic processes, respectively [11, 32]. Furthermore, the relative
in�uence of variable or homogeneous selection were quanti�ed as the fraction of pairwise comparisons
with βNTI > +2 or βNTI < -2. The relative in�uence of dispersal limitation or homogenizing dispersal were
quanti�ed as the percentage of pairwise comparisons with -2 < βNTI < 2 and RCbray > 0.95 or < -0.95. The
undominated fraction was quanti�ed as the percentage of pairwise comparisons with -2 < β-NTI < 2 and
-0.95 < RCbray < 0.95.

To identify the major factors that in�uenced the bacterial community assembly processes, MRM test was
performed with geographic distance and the Euclidean distance matrices of each of the edaphic
variables as independent variables and with the βNTI matrix among samples as the dependent variable.
Partial Mantel tests were used to evaluate the relationship between βNTI and either geographic distance,
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soil pH and edaphic variables excluding pH. To further assess the role of soil pH in driving bacterial
community assembly processes, βNTI values were regressed against Euclidean distance matrix of soil
pH. The statistical signi�cance of the resulting comparisons was determined by Mantel tests with 999
permutations in the “ecodist” package [52].

The Sloan neutral model, which assumes that community assembly is driven solely by chance and
dispersal, was used to determine the potential importance of neutral processes to community assembly
based on the community abundance data [31]. This model was �t to the frequency of detection of OTUs
and their abundances by the parameter m (migration rate), and the �t of the model was assessed with a
generalized R2.

Two-way ANOVA was conducted to analyze the effects of sampling sites and land-use types on bacterial
abundance, α-diversity indices, soil physicochemical properties, SES.MNTD and βNTI. In cases where
data did not satisfy normality and homogeneity of variance, values were arcsine(sqrt)-transformed or log-
transformed before analysis. Means were compared between land-use types based on Tukey’s HSD test.
Spearman’s correlations between bacterial abundance, bacterial community α-diversity indices, relative
abundances of sensitive OTUs and soil physicochemical properties were tested using the rcorr function in
the “Hmisc” package [47] and the P values were adjusted with the BH method.

Results
Edaphic properties and bacterial abundance

Both sampling sites and land-use types had signi�cant effects on soil physicochemical properties (Two-
way ANOVA, P < 0.05) (Additional �le 1: Table S2). Soil pH was lower in VF and VG treatments than in the
CF treatment, with the VG treatment had the lowest value (Tukey’s HSD test, P < 0.05) (Additional �le 1:
Figure S2). The opposite pattern was observed for soil electric conductivity, organic matter, dissolved
organic carbon, nitrate-nitrogen, Olsen phosphorus, available potassium, total nitrogen and total
phosphorus (Tukey’s HSD test, P < 0.05). Soil ammonium-nitrogen was higher in the VG treatment than in
the other two treatments (Tukey’s HSD test, P < 0.05).

Both sampling sites and land-use types had signi�cant effects on soil bacterial abundance (Two-way
ANOVA, P < 0.05) (Additional �le 1: Table S3). Soil bacterial abundance was higher in the VG treatment
than in CF and VF treatments (Tukey’s HSD test, P < 0.05) (Fig. 1a). Spearman’s correlation analysis
showed that bacterial abundance was signi�cantly negatively correlated with soil pH but positively with
soil electric conductivity, organic matter, dissolved organic carbon and nutrient contents (BH-corrected P <
0.05) (Additional �le 1: Figure S3).

Bacterial community α- and β-diversities

High-throughput amplicon sequencing was used for pro�ling the diversity and composition of soil
bacterial communities. Summary of sequencing data and taxonomic patterns of bacterial community are
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described in the supplement (Additional �le 1: Supplementary Results and Figure S4, S5, S6 and S7).
Both sampling sites and land-use types had signi�cant effects on soil bacterial community α-diversity
(Two-way ANOVA, P < 0.05) (Additional �le 1: Table S3). Number of OTUs, Shannon index and Faith's
phylogenetic diversity were lower in the VG treatment than in CF and VF treatments (Tukey’s HSD, P <
0.05) (Fig. 1a). Soil pH was signi�cantly positively correlated with the number of OTUs and Shannon
index, while soil electric conductivity, Olsen phosphorus, nitrate- and ammonium-nitrogen were
signi�cantly negatively correlated with the α-diversity indices (Spearman correlation, BH-corrected P <
0.05) (Additional �le 1: Figure S3).

Bacterial community taxonomic (based on Bray-Curtis distance dissimilarity) and phylogenetic β-
diversities (based on βMNTD distance dissimilarity) varied widely across different sampling sites (Fig.
1b). PERMANOVA showed there were signi�cant effects of sampling sites and land-use types on bacterial
community taxonomic and phylogenetic β-diversities (P < 0.05) (Additional �le 1: Table S4). Moreover,
sampling site explained a larger fraction of the variation in bacterial community β diversity than land-use
type. Pairwise PERMANOVA comparisons detected signi�cant differences among three land-use types for
the taxonomic β-diversity, and between CF or VF and VG treatments for the phylogenetic β-diversity.
Moreover, the taxonomic and phylogenetic similarities were lower in VG than in other treatments
(Additional �le 1: Figure S8). CAP analysis, constrained by land-use type, revealed a distinct bacterial
community β-diversity across different land-use types (Fig. 1c). Land-use type explained a small but
signi�cant fraction of total variation in β-diversity as measured using Bray-Curtis (5.4%; 95% CI = 3.9%,
7.5%; P < 0.001) and βMNTD (9.8%; 95% CI = 5.0%, 17.3%; P < 0.001) distance dissimilarities.

Land-use type sensitive-OTUs

Based on indicator species analysis and likelihood ratio test, 274 OTUs were identi�ed to be sensitive to
land-use type (Fig. 2, Additional �le 1: Figure S9; Additional �le 2). Most of these sensitive OTUs (174
OTUs) were enriched in both CF and VF treatments (which had higher relative abundances in CF and VF
treatments than in the VG treatment, CF_VF-sensitive OTUs hereafter) (Fig. 2a and b). A large number of
sensitive OTUs (55 OTUs) were enriched solely in the VG treatment (which had higher relative
abundances in the VG treatment than in CF and VF treatments, VG-sensitive OTUs hereafter). Only six and
one OTUs were enriched solely in the CF (CF-sensitive OTUs hereafter) and VF treatments (VF-sensitive
OTUs hereafter), respectively. The relative abundances of these sensitive OTUs accounted for 6.48% of
the total sequences. However, no particular taxonomic pattern with land-use type was observed for these
sensitive OTUs (Fig. 2b, Additional �le 1: Supplementary Results and Figure S9).

The relationship patterns between edaphic variables and relative abundances of land-use sensitive OTUs
differed among different kinds of sensitive OTUs (Fig. 2c). For example, soil pH was negatively correlated
with most VG-sensitive OTUs but positively with most CF_VF-sensitive OTUs (Spearman’s correlation, BH-
corrected P < 0.05). However, soil nitrate-nitrogen was negatively correlated with most CF- and CF_VF-
sensitive OTUs but positively with most VG- and VF_VG-sensitive OTUs (Spearman correlation, BH-
corrected P < 0.05).
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Bacterial co-occurrence patterns and community connectivity

We constructed a meta co-occurrence network for the bacterial communities of all samples (Fig. 3a) and
separate co-occurrence networks for each treatment (Additional �le 1: Figure S10a). The meta co-
occurrence network contained 195 land-use type sensitive OTUs (71% of the total number of sensitive
OTUs). CF_VF-sensitive OTUs had higher average degree while VG-sensitive OTUs had a higher proportion
of negative edges than other kinds of sensitive OTUs in the meta co-occurrence network (Additional �le 1:
Table S6). A higher number of VG-sensitive OTUs was included in the VG network than in CF and VF
networks (Additional �le 1: Table S6, Figure S10). However, more CF_VF-sensitive OTUs were found in the
CF and VF networks. Land-use type sensitive OTUs had low to medium node degrees and betweenness
centralities (Additional �le 1: Figure S10b, Fig. 3b). Moreover, only a few of land-use type sensitive OTUs
were identi�ed as keystone OTUs in co-occurrence network (Additional �le 1: Supplementary Results and
Table S6; Additional �le 2). For all co-occurrence networks, CF_VF-sensitive OTUs tended to interconnect
more frequently among themselves than with other sensitive OTUs in the networks. Meanwhile, VG- and
VF_VG-sensitive OTUs had more connections among themselves (Fig. 3c, Additional �le 1: Figure S10c).

The bacterial co-occurrence patterns differed among treatments (PERMANOVA, Pseudo-F = 275.25, P <
0.001). The VG network contained a larger proportion of negative correlations, but fewer number of
edges, lower average connectivity, clustering coe�cient and modularity than CF and VF networks
(Additional �le 1: Table S5). Moreover, the VG treatment had lower positive cohesion but higher negative
cohesion values than the other two treatments (Fig. 3d).

Distance-decay of bacterial community and habitat similarities

Overall, both bacterial community taxonomic and phylogenetic similarities signi�cantly decreased with
increasing geographic distance for all samples (Additional �le 1: Figure S11) and each treatment (Fig. 4a,
Additional �le 1: Figure S12a). Mantel tests and partial Mantel tests revealed that geographic distance
signi�cantly affected bacterial community similarities (P < 0.01) (Additional �le 1: Table S7 and S8).
Moreover, bacterial community similarities of VG treatment had a weaker correlation with geographic
distance than CF and VF treatments. The slope of distance-decay curve of the VG treatment was
signi�cantly shallower than these of the CF and VF treatments (P < 0.001) (Additional �le 1: Table S8).

The habitat similarity (based on Euclidean distance of edaphic variables) decreased with increasing
geographic distance (P < 0.05), with the VG treatment having a shallower slope of distance-decay curve
than CF and VF treatments (Fig. 4b, Additional �le 1: Table S9). Moreover, the average between sample
similarity of the habitat was higher for the VG treatment than the CF and VF treatments (P < 0.01)
(Additional �le 1: Figure S12b).

Factors contribute to variation in soil bacterial community β-diversity

The MRM models, testing the combined effects of geographic distance, edaphic variables and land-use
types, explained large and signi�cant proportions of the variability in the similarities of the whole
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bacterial community of all samples and communities of each land-use type (R2 = 0.290 to 0.466; P <
0.001) (Additional �le 1: Table S10). Land-use type had a weak but signi�cant in�uence on bacterial
community taxonomic and phylogenetic β-diversities (partial regression coe�cient b = 0.050 and 0.013,
respectively; P < 0.05). Geographic distance had smaller partial regression coe�cients for the VG
treatment than the CF and VF treatments.

Edaphic variables contributed a larger proportion of variation than geographic distance to bacterial
community β-diversity for all samples and each treatment (Additional �le 1: Table S10). Among all
edaphic variables tested, soil pH contributed the largest partial regression coe�cient (b = 0.300 to 0.430;
P < 0.001). These results were con�rmed by the CAP analysis, which showed that soil pH was the most
important edaphic factor in�uencing bacterial community taxonomic and phylogenetic β-diversities (Fig.
4c, Additional �le 1: Figure S13a, Table S11, S12, S13). Moreover, bacterial community taxonomic and
phylogenetic similarities had signi�cant negative relationships with differences in soil pH (P < 0.001) (Fig.
4d, Additional �le 1: Figure S13b).

Ecological processes governing bacterial community assembly

The Mantel correlograms analysis found signi�cant phylogenetic signals at relatively short phylogenetic
distances (Additional �le 1: Figure S14). Therefore, SES.MNTD and βNTI were used to analyze our
bacterial community data because these two metrics emphasize phylogenetic relationships across short
phylogenetic distances [11]. The SES.MNTD values for all treatments were less than zero (Fig. 5a),
suggesting that these communities were more closely phylogenetic clustered than expected by chance
[11]. The mean βNTI values across all samples were less than -2 (Fig. 5a, Additional �le 1: Figure S15a),
indicating that deterministic process played a major role in governing bacterial community assembly [11,
32]. Both SES.MNTD and βNTI values were signi�cantly higher for bacterial communities of VG treatment
than the other two treatments (Tukey’s HSD test, P < 0.05) (Fig. 5a).

By combining βNTI and RCbray metrics, we found homogeneous selection was the most important
process governing bacterial community assembly across all samples and within each land-use type (Fig.
5b, Additional �le 1: Figure S15b). The relative contributions of ecological processes differed among
land-use types (Fig. 5b). The proportions of variable and homogeneous selections were lower while the
proportion of dispersal limitation was higher in the VG treatment than in the CF and VF treatments. The
Sloan neutral model, which ignores microbial community phylogenetic turnover [31], performed well and
explained a large fraction of variation of the metacommunity of all samples and communities of each
land-use type (R2 = 0.738 to 0.807) (Additional �le 1: Figure S16). Moreover, the estimated migration rate
(m) was lower in the VG treatment than the other two treatments.

MRM tests showed that pH had the strongest association with bacterial community assembly (βNTI) with
partial regression coe�cients of 0.237 to 0.401 (P < 0.001) for all samples and within each treatment
(Additional �le 1: Table S14). Partial Mantel tests con�rmed that the relationship between soil pH and
βNTI remained signi�cant when controlling for geographic distance and other measured edaphic
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variables (Additional �le 1: Table S15). Signi�cantly positive correlations were observed between pairwise
comparisons of βNTI values and differences in soil pH (P < 0.001) (Fig. 6a, Additional �le 1: Figure S17).
When soil samples were divided into different soil pH categories, the relative importance of homogeneous
selection tended to increase with soil pH (Fig. 6b). Moreover, SES.MNTD values were negatively correlated
with soil pH (P < 0.001) (Fig. 6c, Additional �le 1: Figure S18).

Discussion
Land-use change due to agricultural intensi�cation is enormously threatening global biodiversity [3, 8,
55]. We examined soil bacterial community assembly at regional scale with respect to different land-use
types. In line with other studies [2, 8, 9], our results showed that intensive greenhouse vegetable
production decreased α-diversity and changed the composition of soil bacterial communities. Moreover,
these results con�rmed our hypotheses that greenhouse vegetable production decreased the spatial
turnover of soil bacterial communities and changed the relative importance of community assembly
processes.

4.1 Low spatial compositional variation and high dispersion under greenhouse conditions

Bacterial communities in the VG treatment had a weaker distance-decay relationship than in CF and VF
treatments, indicating that bacterial community composition was more alike under greenhouse
conditions across spaces. This was consistent with previous observations that land-use intensi�cation
and speci�c agricultural management practices, such as fertilization, could cause spatial
homogenization of microbial communities [28, 56, 57]. It is suggested that low spatial turnover rate of
microbial community can be caused by high dispersal rate and small environmental gradients [25]. In this
study, the habitat spatial turnover rate was lower in the VG treatment, and this could decrease the habitat
preference and homogenize the soil bacterial community across spaces [58, 59]. However, the bacterial
community of the VG treatment exhibited a lower migration rate as revealed by the Sloan neutral model
[31]. We speculated that the effect of low spatial habitat heterogeneity overwhelmed that of low dispersal
on the bacterial community distance-decay pattern for the VG treatment. In this study, the spatial turnover
rate of bacterial community taxonomic β-diversity was higher than that of phylogenetic β-diversity, which
indicated that the timescale after conversion to greenhouse might not be su�cient to allow rapid
phylogenetic divergences.

Though soil bacterial community composition was more similar across spaces under greenhouse
conditions, greenhouse vegetable production increased soil bacterial community β-diversity. In other
words, greenhouse vegetable production decreased the overall soil bacterial community similarity. These
results were in line with previous studies showing that environmental perturbations (e.g., disturbance and
fertilization) could promote microbial community dispersion [22, 60]. The increased soil bacterial
community β-diversity might be attributed to the increased stochasticity in the VG treatment as it is
expected that stochastic processes could promote community compositional variance [13].

4.2 Soil bacterial community assembly was mainly governed by deterministic processes
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In this study, several lines of evidence suggested that soil bacterial community assembly was governed
by both deterministic and stochastic processes. First, the signi�cant distance-decay pattern of bacterial
communities indicated the involvement of stochastic processes as Hubbell’s neutral theory predicated
that community similarity would decrease along spatial (distance) gradients due to dispersal limitation
[14]. Second, the Sloan neutral model also showed stochastic processes (such as passive dispersal and
ecological drift) played an important role in shaping the soil microbial community assembly [31]. Third,
the signi�cant relationship between bacterial community β-diversity and edaphic variables revealed the
evidence that deterministic processes were driving bacterial community assembly. Finally, the null models
further con�rmed that deterministic and stochastic processes jointly regulated soil bacterial community
assembly.

The null models showed that soil bacterial community assembly in this study was primarily driven by
deterministic processes relative to stochastic processes. It is generally accepted that the in�uence of
deterministic processes will overwhelm that of stochastic processes if microbial community turnover
correlates more strongly with environmental factors than with spatial distances [19]. In this study, both
partial Mantel and MRM tests revealed that bacterial community β-diversity had a stronger relationship
with edaphic variables than with geographic distance, further indicating that deterministic processes had
a stronger in�uence than stochastic processes.

4.3 Less phylogenetic clustering and enhanced stochastic processes under greenhouse conditions

The relative importance of deterministic processes versus stochastic processes to bacterial community
assembly varied among land-use types. Greenhouse vegetable production increased the relative
importance of stochastic processes. Speci�cally, variable selection and homogeneous selection had
weaker while dispersal limitation had stronger in�uences on bacterial community assembly in the VG
treatment than in CF and VF treatments. These results supported the view that, in systems with low
habitat heterogeneity, which generally have lower habitat preference, the importance of stochastic
processes may increase relative to deterministic processes [59]. The SES.MNTD value was higher in the
VG treatment, indicate that soil bacterial community was less closely phylogenetic clustered than in the
CF and VF treatments. The weak phylogenetic clustering for the VG treatment might be linked to the
decreased importance of deterministic processes since environmental �ltering can generate phylogenetic
clustering [62].

Dispersal limitation causes higher compositional turnover due to a low rate of dispersal [32]. The higher
contribution of dispersal limitation indicated that bacterial communities might be more limited by
dispersal in the VG treatment. This assumption was supported by results of the neutral community model
[31], which showed a lower migration rate in the VG treatment. Soil microorganisms can disperse
passively via air and water �ow [25, 58]. Since greenhouses are covered by glasses or plastic �lms, the
passive dispersal of soil microorganisms across spaces caused by wind and rainfall events would be
minimal for the VG treatment. Thus, the low migration rate might attribute to the semi-closed environment
of the VG treatment.
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Disturbance, which imposes various stresses to soil microbial communities, is an important ecological
factor affecting the assembly of microbial communities [12, 14]. For example, disturbance induced by
drought could promote deterministic processes [63–65]. Vegetables grown in the greenhouse are
frequently irrigated, and thus, soils in greenhouses are exposed to little variations in soil moisture, which
might be linked to the decreased importance of deterministic processes in the VG treatment. Previous
studies have demonstrated that increasing soil fertility could increase the relative importance of
stochastic processes [5, 12, 56]. This is because increasing soil nutrients could weaken niche selection by
reducing competition for resources and enhance stochastic processes by promoting growth of soil
microbial communities [12, 14]. Our quantitative PCR analysis showed an increase in bacterial
abundance in the VG treatment, indicating that increase in soil nutrients due to high application rates of
fertilizers might promoted stochasticity in the VG treatment. Greenhouse vegetables production also
received high frequency of tillage, which has been shown to decrease stochasticity [12, 22]. Our observed
increased stochasticity in the VG treatment suggested that tillage did not drive this pattern or that other
in�uences overwhelmed any impact of tillage, because the in�uence of multiple anthropogenic
disturbances could have synergistic and/or antagonistic behaviors [66].

The partial Mantel and MRM tests showed that geographical distance accounted for a smaller variation
in bacterial community β-diversity in the VG treatment than in CF and VF treatments. Therefore,
stochastic processes might have played a smaller role in the VG treatment, which contrasted to the
results of the null models. Previous studies demonstrated that caution should be taken to infer the
in�uences of ecological processes with results of such correlation-type analyses [15, 19]. For example, if
there are unmeasured environmental variables that change across sampling sites and govern community
β-diversity, these environmental variables can cause a signi�cant correlation coe�cient relating
community β-diversity to spatial distances. The standard (and incorrect) interpretation would be that the
community assembly is governed by stochastic processes. The null models do not relate community β-
diversity to spatial or environmental variables and therefore are more robust [19]. Thus, our contradictory
results may be due to some unmeasured environmental variables, which were spatially autocorrelated
and had great in�uence on bacterial community assembly.

4.4 pH acted as a major environmental determinant of bacterial community assembly

In this study, edaphic variables, rather than geographical distance, better explained the patterns of
bacterial community β-diversities, and soil pH was the best explainer. These results con�rmed previous
studies reporting that soil pH was a main factor affecting soil bacterial community composition [6, 7, 18,
67]. The majority of soil microorganisms prefer a neutral pH environment and soil bacterial communities
generally have lower diversity in both strongly alkaline and acidic soils [67]. Greenhouse vegetable
production systems usually receive high inorganic fertilizer inputs, which can cause signi�cant soil
acidi�cation [30, 68]. We found that soil pH was positively correlated with soil bacterial taxonomic α-
diversity. Therefore, the decrease in soil bacterial taxonomic α-diversity in the VG treatment may be linked
to the decrease in soil pH caused by high application rate of inorganic fertilizers.
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In this study, edaphic variables had strong association with the βNTI value, with soil pH as the most
in�uential factor. In particular, the βNTI value was negatively correlated with changes in soil pH,
indicating that variations in edaphic variables (especially soil pH) exerted substantial effects on bacterial
community assembly. The βNTI value (< -2) was higher and soil pH was lower in the VG treatment than in
CF and VF treatments, indicating intensive greenhouse vegetable production acidi�ed the soil and
promote stochastic processes. Moreover, soil bacterial communities were less phylogenetic clustered and
subjected to more stochastic assembly processes in acidic soils. The endocellular pH of most
microorganisms is near neutral, therefore it is generally assumed that soil pH deviated far from neutral
would execute deterministic selective effect on soil microbial communities and cause phylogenetic
clustering [7, 67]. However, empirical studies reported contrasting results. For example, the study of
bacterial communities in nonagricultural soils (e.g., glacier, tundra, forest and desert) supported this
assumption and found homogeneous selection dominated in more acidic and alkaline soils, and
stochastic assembly processes dominated in soils with pH close to neutral [7]. However, studies of
bacterioplankton in freshwater lakes [69] and microbial communities in agricultural soils showed an
increased role of stochasticity in acidic environments [4, 17]. This inconsistency among studies might be
due to the differences in the attributes of these ecosystems. Besides its direct effects, soil pH can have
indirect effects on soil microorganisms through altering the solubility of elements (e.g., phosphorus,
aluminum, manganese and iron) and plant growth [70]. Some microbial taxa may response differently to
the direct and indirect effects of soil pH. As such, it is possible that these indirect effects can alter the
direct effect of pH on the assembly of microbial communities. Moreover, agroecosystems are generally
subjected to high level of disturbance, which could interact with environmental factors in determining the
diversity and composition of ecological communities [61, 71]. For example, Barnett et al. [4] found that
land-use type and soil pH had interacting effects on bacterial community assembly and this interaction
varied across pH class (i.e., acidic and neutral soils).

4.5 Soil bacterial community was less closely interconnected under greenhouse conditions

In this study, the modularity values of all co-occurrence networks constructed were higher than 0.4,
suggesting that these networks had modular structures [72]. Compared with the Erdös-Réyni random
networks, all empirical networks had greater values of average path length, average clustering coe�cient
and modularity. Therefore, all constructed networks had characteristics of “small world”, nonrandom and
modular topography. The co-occurrence network of the VG treatment had lower average connectivity and
clustering coe�cient than VF and VG treatments, indicating that the bacterial OTUs were less closely
interconnected in the VG treatment [72]. Since negative cohesion values are related to greater levels of
community complexity [33], the lower negative cohesion value in the VG treatment further indicated the
less complexity of potential interspecies interactions. The number of negative associations was higher in
the VG treatment indicating a higher frequency of antagonistic interactions, such as competition for
limiting resources or direct interference [73]. The observed less complexity and higher negative
associations in the VG treatment might be caused by the high level of disturbance and nutrient contents,
because disturbance has been shown to promote microbial competition [74] and the complexity of
bacterial community network decreased in soils with higher nutrient levels [20, 75].
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The co-occurrence network analysis showed that different kinds of land-use type sensitive OTUs had
different co-occurrence patterns. For example, CF_VF-sensitive OTUs tended to interact more with
themselves than with other kinds of sensitive OTUs. A similar trend was observed for VG- and VF_VG-
sensitive OTUs. Moreover, different kinds of sensitive OTUs responded differently to changes in edaphic
variables. For example, most VG-sensitive OTUs were negatively and positively correlated with soil pH
and nitrate content, respectively. However, an opposite relationship was observed for CF_VF-sensitive
OTUs. Species pairs that co-occur may share similar ecological characters [51]. Therefore, these different
kinds of sensitive OTUs may share different ecological niches and play different roles in agroecosystems.

It is proposed that stochastic processes play a more importance role in structuring an ecological
community with more random species associations [76]. In this study, we found a less closely
interconnected co-occurrence pattern and high contribution of stochastic processes in the VG treatment.
This con�rmed the previous observations [16, 22]. For example, Danczak et al. [16] showed that the
microbial communities were less-interconnected and were more likely to be affected by stochastic
processes in groundwater ecosystems. Wang et al. [22] found that the interspecies interactions increased
while the relative importance of stochastic processes in driving wheat rhizosphere arbuscular mycorrhizal
fungi community assembly decreased by plow tillage. However, these results contradicted the results of
Jiao et al. [17], who found that, compared with maize �eld, microbial co-occurrence associations tended
to be higher but communities were primarily driven by dispersal limitation in rice �eld. These inconsistent
results may be due to the differences in environmental complexity and spatial scale among these studies
as the relative effects of deterministic and stochastic processes depending on geographic scales and
strength of environmental gradients [18, 25, 27]. These also stressed that future works are needed to get a
more general pattern of the relationship between community assembly processes and species
coexistence.

Conclusions
This study provided direct evidence that land-use change altered the diversity and assembly processes of
soil bacterial community in agroecosystems. Agricultural intensi�cation had detrimental effects on soil
bacterial diversity and reshaped soil bacterial community composition by favoring some taxa over others.
Bacterial community assembly was primarily driven by deterministic processes in the tested agricultural
�elds. However, greenhouse vegetable production changed the relative balance of stochastic and
deterministic processes. Speci�cally, greenhouse vegetable production homogenized the soil environment
across spaces, and the bacterial community assembly processes shifted away from strong
environmental selection and became dominated by stochastic processes. Our results also indicated that
the overall response of soil bacterial community assembly to agricultural intensi�cation was complex
and could not be predicted by a single factor. These �ndings enhanced our understandings of soil
bacterial community ecology in agroecosystems and provided references for forecasting how soil
bacterial communities will respond to anthropogenically induced environmental changes.
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Figure 1

Abundance, α- and β-diversities of soil bacterial communities. a Box plots showing differences in
bacterial abundance (estimated by quantitative PCR assays) and α-diversity (observed OTU richness,
Shannon index and Faith's phylogenetic diversity) among land-use types. ns indicates no signi�cant
effect (P > 0.05); *** indicates signi�cant differences at P < 0.001 based on Tukey’s HSD test. b Principle
component analysis and c constrained analysis of principal coordinates of bacterial community β-
diversities based on the Bray-Curtis and βMNTD distance dissimilarities. CF, open �eld cultivated with
main crop; VF, open �eld cultivated with vegetable; VG, greenhouse cultivated with vegetable.

Figure 2

Occurrence of land-use type sensitive OTUs and their response to edaphic variables. a The ternary plot
showing relative abundances of land-use type sensitive OTUs. Each circle represents an OTU. Its position
represents its relative abundance with respect to each land-use type, and its size is proportional to its
mean relative abundance across all samples. Colored circles represent sensitive OTUs and gray ones
represent insensitive OTUs. b Relative abundances of sensitive OTUs summarized at the
phylum/Proteobacteria class level. Numbers in the brackets indicate the number of sensitive OTUs. c
Spearman’s correlations between relative abundances of sensitive OTUs and edaphic variables. Only
signi�cant correlations (BH-corrected P < 0.05) are shown. CF, open �eld cultivated with main crop; VF,
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open �eld cultivated with vegetable; VG, greenhouse cultivated with vegetable. DOC, dissolved organic
carbon; SOM, soil organic matter; EC, soil electric conductivity; K, available potassium; NH4, ammonium-
nitrogen; NO3, nitrate-nitrogen; P, Olsen phosphorus; TN, total nitrogen; TP, total phosphorus.

Figure 3

Potential interspecies interactions of soil bacterial communities. a The meta co-occurrence network
showing signi�cant correlations (ρ > 0.6, BH-corrected P < 0.001) between OTUs. The size of each node is
proportional to the relative abundance of the OTU; the edge thickness is proportional to the value of the
Spearman’s correlation coe�cient. OTUs are colored by their association to land-use types and gray color
is for insensitive OTUs. b Degree-betweenness centrality plot of OTUs in the co-occurrence networks.
Keystone OTUs have yellow background. Side panels recapitulate the distributions of node degrees and
betweenness centrality for sensitive OTUs compared to the density of all. c The co-occurrence network of
sensitive OTUs. d Positive cohesion and negative cohesion metrics for each treatment. ns indicates no
signi�cant effect (P > 0.05); *** indicates signi�cant differences at P < 0.001 based on Tukey’s HSD test.
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CF, open �eld cultivated with main crop; VF, open �eld cultivated with vegetable; VG, greenhouse
cultivated with vegetable.

Figure 4

Bacterial community and habitat spatial turnovers and drivers of soil bacterial community phylogenetic
β-diversity. a Distance-decay curves of bacterial community (based on βMNTD distance) and b habitat
(based on Euclidean distance of edaphic variables) similarities. Solid lines represent the linear regression
models. *** indicates signi�cant correlation at P < 0.001. c Constrained analysis of principal coordinates
revealing edaphic variables in�uencing bacterial community phylogenetic β-diversity. Samples are
colored according to soil pH. SOM, soil organic matter; TN, total nitrogen; EC, Soil electric conductivity; P,
Olsen phosphorus; NH4, ammonium-nitrogen; NO3, nitrate-nitrogen; TP, total phosphorus. d Relationships
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between the βMNTD distance similarities and differences in soil pH. CF, open �eld cultivated with main
crop; VF, open �eld cultivated with vegetable; VG, greenhouse cultivated with vegetable.

Figure 5

Ecological processes governing bacterial community assembly within each land-use type. a Boxplots
showing difference in SES.MNTD and βNTI values among land-use types. * and *** indicate signi�cant
differences at P < 0.05 and P < 0.001 based on Tukey’s HSD test, respectively. b Relative contributions of
ecological processes governing bacterial community assembly within each land-use type. CF, open �eld
cultivated with main crop; VF, open �eld cultivated with vegetable; VG, greenhouse cultivated with
vegetable.
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Figure 6

Relationships between SES.MNTD or βNTI of soil bacterial communities and soil pH. a Relationships
between βNTI and differences in soil pH across all samples. The solid red line represents the linear
regression model. b Boxplots showing βNTI distributions over different categories of soil pH. Horizontal
dashed grey lines indicate lower and upper signi�cance thresholds at βNTI = -2 and +2, respectively. b
Relationships between SES.MNTD and soil pH across all samples. Solid red lines represent the linear
regression models. Shaded areas represent the estimated 95% con�dence intervals.
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