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Abstract
Background: Rice paddy soil-associated microbiota participate in biogeochemical processes that
underpin rice yield and soil sustainability, yet continental-scale biogeographic patterns of paddy soil
microbiota remain elusive. Here, the soil bacteria of four typical Chinese rice-growing regions were
characterized over large-scale space and compared with adjacent non-paddy soils.

Results: The geographic patterns of paddy soil bacteria were signi�cantly different from non-paddy soils,
with lower alpha diversity, unique taxonomic and functional composition, and distinct co-occurrence
network topology. Both stochastic and deterministic processes shaped soil bacteria assembly, but paddy
exhibited a stronger deterministic signature than non-paddy samples, especially due to the roles of
climate determinants. The continental biogeographic variance in bacterial community structure was
driven by the competition between two mutually-exclusive bacterial modules in the co-occurrence
network, and suggested antagonistic species-to-species interactions as potential selective forces may
greatly shape their community structures. Keystone taxa identi�ed in network models, such as
Actinobacteria, Chloro�exi, and Proteobacteria, were demonstrated to be preferentially affected by
environmental factors than other community members and showed high sensitivity to environmental
changes, whereby the environmental factors greatly shaped the paddy soil bacterial communities by
leveraging changes in keystones.

Conclusions: The strong interplay between biotic/abiotic factors may greatly construct paddy soil
microbial community and their uniqueness as compared with non-paddy soils. Microbial biogeographical
analyses with novel insights into underlying determinants investigated on intensively-cultivated paddy
�eld soils may aid in elucidating microbial changes subjected to land-use changes following the
transformation between natural and agro-ecosystem, and also facilitate microbial community
manipulation for better crop productivity and soil sustainability worldwide.

Background
Globally, paddy �elds feed more than half of the world population, and are characterized by intense
anthropogenic interference [1], where the relationship between human activity and rice yields is mediated
by soil microbial communities, which also in�uence key biogeographical processes such as greenhouse
gas emission [2]. Previous studies have investigated the paddy soil-associated microbiome within
treatments (e.g., chemical/organic farming, varied cultivation methods or crop rotation types), across
environmental gradients over small areas, or with a small number of samples [2–4]. However,
understanding continental-scale paddy soil microbial biogeography is limited, despite the fact that paddy
lands cover ~155 million ha globally [1].

The continental and global biogeography of soil microbes has been investigated previously [5–10],
providing a wealth of data regarding the association between microbial community dynamics and their
habitat preferences [5, 7], landscape ecological functions and services [6], and biogeochemistry and plant
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traits [9, 11]. Most of these studies mapped microbial biogeography across natural ecosystems, but the
impact of human interference as challenges to the well-established biogeographic patterns in natural-
occurring settings remains understudied [12–14]. There also has been con�icting data associated with
whether the microbial communities assemble through deterministic or stochastic processes [15, 16],
which can be better informed through a broad scale investigation across multiple �eld sites. Additionally,
identifying statistical co-associations between paddy soil-associated microorganisms remains unclear,
due to the lack of large scale studies across rice growing regions. Exploring such associations and the
potential role of interspecies interactions in shaping community structure could yield insights into the
ecological assemblage of microbial communities associated with competitive niches imposed by
continuous cultivation practices [17–20]. These knowledge could help us understand microbial
landscapes in rice-growing lands at a continental scale, signi�cantly improving our ability to predict
changes in agricultural output.

We hypothesized that bacterial patterns in paddy soils would be distinctly different from natural-
occurring non-paddy soils at both regional and continental scales. We also hypothesized that, due to the
selection pressure associated with paddy farming, there are intensi�ed biotic interactions and unique
keystone bacterial taxa that greatly shaped paddy bacterial biogeographic patterns. To test these
hypotheses, we characterized the paddy soil bacteria from four typical rice-growing regions in China,
which together exceed 5 × 106 km2. Paddy soils and soils from the adjacent non-paddy habitats were
collected simultaneously. The bacterial diversity, community composition, and functional potential of
these soil samples were determined using 16S rRNA amplicon and shotgun metagenomic sequencing.
Through variation partition analysis, random forest models, and co-occurrence network interpretation [21],
we identi�ed and ranked the environmental drivers and ecological processes involved in soil bacterial
biogeographic patterns.

Results
Distinct bacterial geographic patterns in paddy soils. We collected 99 paddy soil samples and 79
adjacent non-paddy soil samples across four typical rice-growing regions in China: Sanjiang Plain,
Lianghu Plain, Taihu Plain and Hani Terrace (Additional �le 1: Figure S1 and Additional �le 2).. The non-
paddy soil samples were mainly collected from naturally-occurring wetlands adjacent to the paddy �elds.
In addition to 16S rRNA amplicon sequencing analyses of these samples, 24 samples (16 from paddy
soil and 8 from non-paddy soils) were randomly selected for shotgun metagenomic sequencing.

Paddy soil bacterial pro�les were distinct from non-paddy soils at both continental and regional scales.
By employing UPGMA based on Bray-Curtis distances between pairwise samples (Figure 1A),, we found
73 of 79 non-paddy soil samples (92.4%) formed a distinct cluster, from the paddy soil samples. Paddy
soils clustered by region, with samples from the Sanjiang Plain being the most divergent (Figure 1A)..
Among the top 20 most prevalent genera, 16 had signi�cantly different relative abundances in paddy
soils compared to non-paddy soils, including Geobacter, Anaeromyxobacter, Sideroxydans, Pseudolabrys,
Anaerolinea, Acidibacter, as well as a number of unidenti�ed taxa (Additional �le 1: Figure S2).. Paddy
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soils generally harbored lower bacterial richness (ACE, Chao1, and Observed species), lower diversity (PD
whole tree and Shannon), and reduced evenness than the non-paddy soils in each region, with the lowest
alpha diversity found in Sanjiang Plain (Figure 1B).. Principal coordinates analysis (PCoA) was further
used to visualize gradients of bacterial beta diversity based on classical, phylogenetic and interaction-
adjusted community dissimilarities (Figure 1C and Additional �le 1: Figure S3).. Samples were
signi�cantly differentiated by sampling region and soil type (paddy versus non-paddy; PERMANOVA,
Additional �le 1: Figure S3).. Weighted TINA (Taxa Interaction Adjusted index; 92.0%) provided greater
explanatory power for bacterial community dissimilarity (Figure 1C) than Bray-Curtis (31.2%) and
weighted UniFrac (44.2%, Additional �le 1: Figure S3)..

The paddy soil core-microbiota consisted of 249 OTUs identi�ed across the four regions, accounting for
34.6% of the total (Figure 2A),, and comprised predominantly Proteobacteria, Acidobacteria, and
Planctomycetes (Additional �le 1: Figure S4).. Including Chloro�exi, most members of these four phyla
were also signi�cantly enriched in paddy soil compared with non-paddy soil (Figure 2B).. Paddy soils
were mostly enriched in bacterial genes coding for fermentation, sulfur compounds metabolism, TCA
cycle, methylotrophy, and gluconeogenesis, when compared against non-paddy soils (Figure 2C)..
Speci�cally, paddy soils were associated with fermentation of pyruvate to acids, energy metabolism, and
sulfur and nitrogen cycling, while organic degradation and material transport was enriched in non-paddy
soils (Figure 2C).. We found a strong concordance in the relative proportions of functional genes
identi�ed from the metagenomics and of those predicated using PICRUSt2 (Additional �le 3)..

Determinants of bacterial geographical patterns. Bacterial communities were predominantly
differentiated by region (Sampling_Region, Figure 3A),, and longitude, latitude, mean annual temperature,
and mean monthly precipitation were great determinants (adonis R2, Figure 3A).. The environmental
variables measured in this study had greater explanatory power for paddy bacterial community variance
compared with non-paddy samples (TINA index, Figure 3A)..

Environmental variables were then classi�ed into three groups: edaphic, geographic, and climatic, and
subjected to variation partition analysis (Figure 3B).. For paddy, geographical, climatic, and edaphic
factors uniquely explained 2.0%, 2.6%, and 4.6% of the total variation, respectively. Non-paddy samples
showed the similar results, but geographic and climatic factors had greater interaction in paddy (66.0%
explained) compared to non-paddy samples (22.7% explained, Figure 3B).. To differentiate between
deterministic and stochastic community assembly, the null model-based stochasticity ratios were
calculated (Figure 3C).. In both soil types, stochastic and deterministic processes shaped bacterial
assembly, and stochastic processes dominated (i.e., stochasticity ratio > 50%). However, paddy soils had
a signi�cantly stronger deterministic signature than non-paddy soils (except for soils in Lianghu Plain,
Figure 3C),, which was mainly imposed by homogeneous selection (a subtype of deterministic processes,
Additional �le 1: Figure S5 and Table S1)..

To examine whether biotic factors also in�uenced bacterial geographical patterns, two random forest-
based models were built to predict the relative proportion of each OTU in all samples using (i) other OTU
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proportional pro�les (OTU-based model, MOTU) and (ii) environmental factors (Environmental variable-
based model, MENV, Figure 3D).. The prediction accuracy of MOTU was signi�cantly (Wilcoxon rank sum
test, P < 0.001) greater than that of MENV, where >95% of MOTU succeeded in this comparison.

Bacterial co-occurrence network topology. Statistical co-occurrence networks were constructed to infer
species-to-species associations. The paddy soil co-occurrence network consisted of 67,424 associations
among 3,292 OTUs (Figure 4A),, while non-paddy soil comprised 77,643 associations among 3,385 OTUs
(Figure 4B).. Both networks followed scale-free degree distributions (Additional �le 1: Figure S6).. Most
OTUs captured in network were enriched in paddy soils (i.e., with greater proportions) when compared
with non-paddy soils across regions (Figure 4A).. The paddy soil network had a much greater number of
negative associations (antagonisms) compared to non-paddy soil (34.4% vs 1.0%, Figure 4A&B)..
Furthermore, the associations for each OTU pair involved in the paddy soil network were mainly
strengthened rather than weakened (Figure 4C).. Notably, most of the associations in the paddy soil
network were strengthened in Sanjiang Plain (Figure 4C);; this was veri�ed by using the Chow-Ruskey
algorithm (Figure 4D)..

Different taxonomic centralities were observed between the networks (Additional �le 1: Figure S7).. At the
order level, Anaerolinaeles, Myxococcales, Bacteroidales, and Desulfuromonadales (which were also
signi�cantly enriched in paddy soil, Figure 2B)had the most positive (13.7%, 4.9%, 3.7% and 2.6%) and
negative associations (13.6%, 4.6%, 4.4%, and 3.5%) in the paddy soil networks, while their contributions
to associations in the non-paddy soils were relatively low (6.5%, 3.7%, 0.47%, and 0.80%). In
contrast,order Planctomycetales (7.4%) and Rhizobiales (6.6%) were the two most networked taxonomic
groups in the non-paddy soil network (Additional �le 1: Figure S7)..

The modularity index of the paddy (0.524) and non-paddy soil networks (0.513) suggested a modular
structure [22]. Paddy and Non-Paddy network nodes were then grouped into 214 and 246 modules,
respectively. 81.3% of the nodes of paddy network were in the �rst two modules (Figure 5A),, while 86.1%
of the nodes of non-paddy network were grouped into the �rst three modules (Additional �le 1: Figure
S8).. The �rst two modules of the paddy soil network (Module P1, 1557 nodes; Module P2, 1119 nodes)
maintained a high degree of negative associations between nodes, while only a few OTUs in Module E1
had negative associations in the non-paddy soil network (Figure 5A and Additional �le 1: Figure S8)..
Moreover, the nodes in these modules were not restricted to certain regions and thus their modularity
features were global (Additional �le 1: Figure S9).. In paddy �elds, the two modules had different
taxonomic member preference for community assembly. The Module P1 was enriched in Chloro�exi,
Gemmatimonadetes, Chlorobi, Planctomycetes and Latescibacteria WS3, whereas the Module P2 was
enriched in Acidobacteria, Actinobacteria, Bacteroidetes and Verrucomicrobia (P < 0.05, Wilcoxon rank-
sum test, data not shown). The functional gene predictions showed that Module P1 was enriched for
sulfur cycle and organic biosynthesis, while Module P2 was enriched for Embden-Meyerhof pathways
and fermentation (Figure 5B).. Bacteroidales, Anaerolinaeles, and Syntrophaceae in Module P1, and
Solibacterales, Clostridiales, Syntrophobacterales, and Myxococcales in Module P2 had the most
associations (Figure 5C).. Further, in terms of topological features, there were signi�cant correlations
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linking environmental factors and bacterial diversity to the difference degrees of the modules in the
paddy soil network (Figure 5D)..

The interplay between biotic interactions and abiotic environmental effects. The interplay of abiotic-biotic
drivers was determined using the PageRank algorithm [23]. Keystones were �rst identi�ed in modularized
networks, most being members of the order Anaerolineales, Ignavibacteriae, and Deltaproteobacteria
(Figure 6A and Additional �le 1: Table S2).. To test whether the environmental factors in�uence bacterial
community structure predominantly by invoking changes in hubs (keystones), we calculated the
Pearson’s correlation coe�cient between PageRank scores and the environmental explanatory powers
(Figure 6B).. The most in�uential OTUs (as ranked by their PageRank scores) were also those most
affected (P < 0.001) by environmental factors. A positive linear relationship was shown between
PageRank scores and the environmental pseudo R2 (Figure 6C).. We also noticed there were some non-
hub OTUs (15.6%, with low PageRank scores), which could also be explained by environmental factors.
By excluding these non-hub OTUs, a stronger correlation was observed (Figure 6C)..

Discussion
We performed a continental-scale biogeographical study of paddy soil bacterial communities. Con�rming
previous large-scale soil studies [5, 7], paddy soil harbored a core microbiota (most members of
Proteobacteria, Acidobacteria, and Planctomycetes, Figure 2),, and was also enriched for Chloro�exi,
which mostly included genera of Longilinea, Levilinea, and Anaerolinea, all belonging to the order
Anaerolineales (Figure 2).. Anaerolinea is involved in the fermentation of various sugars derived from rice
plants (e.g., straw) and is promoted by hydrogenotrophic methanogens [24, 25]. Paddy soil was also
enriched for Desulfuromonadaceae (including Geobacter and Anaeromyxobacter, Figure 2 and Additional
�le 1: Figure S2),, which perform acetate metabolism and can compete with methanogens via
dissimilatory Fe (III)-reduction [26]. Also enriched was the genus Sideroxydans which is a
chemoautotroph using iron or sulfur as energy sources [27]. Harboring these enriched bacteria suggests
why paddy soil metagenomes were enriched for fermentation, organic metabolism, and elemental (such
as iron and sulfur) cycling genes, compared with non-paddy soils (Figure 2C).. Notably, paddy soils were
also enriched for methylotrophy associated genes (Figure 2).. Compared to non-paddy, the regular
�ooding-draining alternation mode of paddy �eld management is conducive to the formation of a
characteristic oxic-anoxic soil pro�le, which selects for unique bacteria and functions.

Deterministic community assembly processes resulted from combined abiotic (i.e., external
environmental) and biotic �ltering (i.e., bacterial interactions) were stronger in paddy than non-paddy soil
(Figure 3C).. The extensive disturbance experienced in paddy soil may aggravate competition in bacterial
communities, which would �lter out species that could not tolerate local environmental change, favoring
niche-assembly [28]. Alpha diversity was signi�cantly lower than non-paddy soils, possibly due to
extreme selection pressure for speci�c taxa. Given uniform agricultural management practices, the
reduction in site-to-site variability in soil fertility status in paddy �elds (compared to non-paddy) explains
the poor explanatory powers of nutrients and their stoichiometry in shaping bacterial communities
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(Figure 3A).. Bacterial community variance driven by dissolved organic matter availability in paddy soils
is regulated by precipitation [29], and in the present study the bacterial geographic patterns were strongly
associated with temperature, precipitation, and pH (Figure 3A),, similar to other soil systems [30]. The
distinct geographic patterns in bacterial geographic distribution at the continental scale could be
interpreted as being a result of strong deterministic processes found in paddy soils.

Biotic factors, such as other taxa were important in in�uencing overall bacterial community dynamics in
paddy soil (Figure 3D).. This is further supported by the importance of weighted TINA [31], which
outperformed other indices in the interpretation of bacterial variation (Figure 1C and Additional �le 1:
Figure S3).. The explanatory powers of environmental variables on the bacterial communities were
greatly enhanced when interaction signals were incorporated into community matrices by TINA (Figure
3A),, suggesting environmental variables impose strong selections upon overall biological interactions,
rather than upon discrete individuals. These novel insights are the �rst to explore the bacterial
communities of paddy soils at a continental scale.

The paddy soil network had a greater modularity and included more mutual exclusion relationships
compared with the non-paddy soil network. Continuous ploughing and waterlogged conditions could
make this soil habitat more homogeneous, leading to relatively weak niche differentiation [13, 32].
Alternatively, most agricultural soils such as paddy are continuously fertilized [32], which exposes the
microbiota to super�uous exogenous substrate and unbalanced element stoichiometry. These factors
may co-explain the maintenance of two network modules (i.e., Module P1 and Module P2), with clear
negative associations between them (Figure 5A).. Microbial competition is key to both individual and
community success and can regulate the assembly and maintenance of community structure [33].
Therefore, we conclude that the outcomes of paddy soil bacterial biogeographic patterns are determined
by a trade-off between these two modules (Figure 5D).. Interestingly, comparisons also revealed the
coupled functional processes existing in two respective models. For instance, the coupled organic
biosynthesis (Module P2) and polymer hydrolysis/ hydrocarbon degradation (Module P1, Figure 5B)
indicated there were strong trade-offs of the speci�c function and its counterpart, mediated by the distinct
bacteria in different modules. This provides evidence of potential antagonistic interactions in paddy
bacterial communities, however, these biotic interactions will need to be validated, as we have only
demonstrated statistical associations. Despite this, these �ndings provide approximations of the
pronounced interactions to a certain extent.

Central to microbial survival is the ability to acquire nutrient and energy, and to interplay with
environmental conditions [33]. In general, the more in�uential of a speci�c taxon, the more sensitive they
are to environmental dynamics (Figure 6).. Those with the greatest in�uence (keystone taxa, Table S2)
may have particular environmental adaptations that support their in�uence. For example, taxa belonging
to the Anaerolineae can synthesize adherence proteins that promotes cellular attachment, facilitating cell
aggregation and biological interactions [34]; while taxa from the order Desulfobacterales could establish
redox connections with other microbial species through extracellular electron transport pathways
encoded by E-pilin genes [35]. These features convince the roles of these species as the keystones in real
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ecological circumstance. Keystones have been frequently considered as “ecosystem engineers” that their
removal can completely destabilize an ecosystem [36]. Climate variability (especially precipitation)
across geography was especially important in the assembly of bacterial communities in paddy �elds at
the continental scale (Figure 3B);; therefore, the environmental vulnerability of the keystone taxa across
geographic regions suggests that these bacteria may be well adapted to climate variance.

Conclusion
This study veri�es the uniqueness of bacterial community diversity, structure, and composition in paddy
soils at both continental and regional scales and highlights the importance of taxa interactions in
shaping paddy soil community assembly in comparison with non-paddy soils. The environmental
vulnerability of keystone taxa and the strong biotic-abiotic interplay mediate the large-scale paddy soil
bacterial dynamics. Our �ndings set the stage for various further explorations of agricultural soil
microbiomes at the continental scale, especially with a novel focus on biotic interactions subject to
continuous human-made disturbance. Given the large samples involved and their representativeness, we
believed that our results can be largely extrapolated to similar regions in earth ecosystems. This effort
may also be inspired by our core community identi�ed in paddy soils and their functional potentials,
which required further experimental efforts to understand their real biochemical and ecological traits.
Overall, elucidating the uniqueness of paddy soil bacteria, their strong biotic interaction potentials, and
environmental sensitivities of keystone taxa greatly advances our knowledge about microbial
biogeographic patterns in well-managed agricultural ecosystems.

Methods
Site selection and soil sampling. Soil samples were collected from 99 paddy �elds and 79 surrounding
lands across four typical rice-growing regions of China mostly during the tillering phase of rice growth in
2015 and 2016 (Additional �le 1: Figure S1).. Of the 99 paddy soils, 24 were from Sanjiang Plain, 26 from
Lianghu Plain, 26 from Taihu Plain, and 23 from Hani Terrace; of the 79 soils from surrounding lands,
there were 23 from Sanjiang Plain, 13 from Lianghu Plain, 24 from Taihu Plain, and 19 from Hani Terrace.
Among these sampling regions, we collected completely different samples from those in the early
reported investigation [29] (identi�ed as H2, H4, H6, etc.),, which are uploaded as Supplementary
dataset2. Four regions are different in rice cultivation history, management, and fertilization applications.
In details, the rice cultivation history of Sanjiang Plain, Lianghu Plain, Taihu Plain, and Hani terrace are
around 60, 5000, 4000, 1200 years, respectively. Lianghu and Taihu Plain support two-season rice growth
or rice-wheat rotation, while rice only grows once per year in Sanjiang Plain and Hani Terrace. The
fertilizers used are the highest in Taihu Plain (Nitrogen: 190–300, P2O5: 48–60, and K2O: 59–79

kg/hm2/y) and the lowest in Sanjiang (Nitrogen: 90–165, P2O5: 45–61, and K2O: 40–45 kg/hm2/y)
according to Chinese government statistical bulletins. The soils from all paddy �elds were classi�ed as
three major groups as Submergenic, Gleyed and Hydromorphic Paddy Soils (Chinese soil taxonomy) in
our study. At each sampling site, �ve soil cores (2.5 cm diameter by 15 cm depth) were collected
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randomly within a certain area (5 m × 5 m, in general) and homogenized to yield one single soil sample.
The sample was immediately put into sterilized plastic tubes, sealed and placed in liquid nitrogen or in
dry ice for transportation. After shipping into the laboratory, some tubes were stored at –20 oC or air dried
and ground for soil physical and chemical analyses; others were stored at –80 oC for DNA extraction.
Non-paddy soils were collected in the similar way as for paddy soils. We selected non-paddy soils are
those just adjacent to the paddy soils and may serve as potential “candidates” to be cultivated to growing
rice, most of which belonged to natural wetlands. Previously, we examined the molecular diversities of
soil dissolved organic matter and their correlations with soil microbial communities in paddy �elds, and
more details about soil sampling and pre-treatment can be found there [29]. Environmental variables have
been determined according to standard methods described by Bao [37] or obtained from
local meteorological station, and have been grouped into edaphic variables (i.e., soil moisture, pH,
conductivity, total carbon, total nitrogen, total phosphorus, the ratio of carbon to nitrogen, the ratio of
carbon to phosphorus, the ratio of nitrogen to phosphorus, available phosphorus, soil clay, silt, sand
content), geographical variables (i.e., latitude, longitude, and elevation), and climatic variables (mean
annual temperature, mean annual precipitation, mean monthly temperature, and mean monthly
precipitation, real-time soil temperature, and real-time air temperature). Other variables pertaining to rice
stages or conditions (i.e., rice plant height, �ooding depth, and tiller number) were also recorded.

16S rRNA sequencing and analysis. Soil DNA was extracted using the MoBio PowerSoil DNA extraction
kit and was normalized to the equal concentrations before downstream processing. The V4–V5 region of
the 16S rRNA gene was ampli�ed in triplicate using the F515/R907 primer set and marked with barcodes.
These amplicons were then sequenced on Illumina HiSeq 2500 platform following manufacturer’s
protocol (Novogene, China). QIIME v1.9.1 pipeline [38] was performed for preprocessing of the raw
sequence data. Firstly, barcodes were extracted from the data set, and paired-end reads were merged to
get consensus sequences with quality scores using the default setting. Then, the multi-lane fastq data
were demultiplexed to assign sequences to samples. After stripping the primer pairs and making the 3’
ends aligned for each sequence, quality �ltering was performed using the “fastq_�lter” function in
usearch v10.0.240 [39] with the maximum expected error threshold setting to 1.0. A total of 42,871,532
reads were pooled together with a number over 40,000 for each sample. Dereplication of sequences was
performed using the “derep_fulllength” function in vsearch v2.3.3 [40] with the minimum abundance for
output setting to 2. The nonredundant sequences were clustered into operational taxonomic units (OTUs)
using the “cluster_otus” function in usearch with a 97% consensus threshold [41]. Then, the pooled
sequences were mapped to OTUs using the “usearch_global” function in vsearch with the same
consensus threshold, and the unmapped sequences were removed. Taxonomy assignment was
accomplish with the “parallel_assign_taxonomy_rdp.py" function in QIIME [38] in which RDP’s Classi�er
was used to against the EzBioCloud database [42]. Notably, the database uses typical 16s rRNA
sequence accession to name unclassi�ed taxon levels. The abundance and taxonomic information of
OTUs were then converted to the Biological observation matrix (BIOM) format for further analyses.
PICRUSt2 [43] was used to predict the abundance of KEGG ortholog compositions of the bacterial

file:///C:/Users/Administrator/AppData/Local/youdao/DictBeta/Application/7.5.0.0/resultui/dict/?keyword=immediately
file:///H:/AppData/Local/youdao/DictBeta/Application/7.5.0.0/resultui/dict/
http://xn--parallel_assign_taxonomy_rdp-2t5q.py/
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communities in each sample. The resulted orthologs were then mapped to an associated functional
ontology of FOAM database [44] to describe the functional groups and their hierarchy.

Shotgun sequencing, metagenome assembly, and annotation. Of 24 soil samples (Additional �le 1: Table
S2),, 16 metagenomic sequencing data in our previous study, regarding to 16 paddy soil samples (4
samples from each region) were used. Moreover, 8 samples from non-paddy soils were randomly selected
for shotgun metagenome sequencing using the same protocol. Metagenome sequencing yielded about
14.0 G clean bases per sample after quality control. For functional annotation, metagenome assemblies
were �rst conducted using MEGAHIT v1.1.1, which yielded a total of 41.8 M contigs over 200 bases
length and 10.1 M contigs over 500 bases length. Then, protein translation of genes were predicted from
these contigs using prodigal with “-p meta” [45], and �nally a protein catalog with pooled proteins were
annotated using the FOAM database [44] in order to obtain orthologs which were de�ned in KEGG
Orthology [46].

Random forest-based models. For each OTU with an occupancy not less than 10, we built two models
[i.e., OTU versus other OTUs (MOTU) and environmental factors (MENV)]. Cross-validation regression was
performed using OTU abundance as dependent variable and the abundance of other OTUs or selected
environmental factors as independent variables [47]. For each regression, up to 20 variables were
selected by using the minimum Redundancy Maximum Relevance (mRMR) �lterranking algorithm. Before
data import, the continuous variable data matrix was discretized using the Minimum Description Length
Principle (MDLP) algorithm. Random forest regression was followed by a leave-one-out cross-validation
(using cv.fold = 99 in the function rfcv). The variable subset with the maximum pseudo R-squared (1-
normalized mean square error) was selected. Paired Wilcoxon test adjusted by Benjamini-Hochberg false
discovery rate (BH-FDR) was used to test signi�cance of the differences between three models. R
package randomForest, discretization, stats, and multtest were used for the above analyses.

Network construction. We initially use the derived OTUs for paddy soil samples to construct network of
paddy soils. To eliminate the effect of asymmetric sample size, we chose 13 random samples per
sampling region for paddy soils. We removed OTUs found in less than 9 of these samples. The
abundances of these OTUs were re-calculated according to the �ltered new dataset, while their correlation
matrix was calculated based on all the 99 paddy soil samples using a custom R implementation of
SparCC [48]. The pseudocount value in SparCC was set to 10–6. Adjusted P-values were calculated using
the two-stage Benjamini & Hochberg false discovery rate (TSBH-FDR) controlling procedures (Benjamini
et al., 2006) with the R package multtest. Based on FDR-adjusted P-values and correlation coe�cients, we
constructed co-occurrence network with nodes representing 97% cutoff OTUs and edges representing
correlations between these OTUs. The cutoff of FDR-adjusted P-values was set as 0.001. The cutoff of
correlation coe�cients was determined as 0.62 through random matrix theory-based methods [49] as
implemented in R packageRMThreshold. Using the same procedure, network of non-paddy soils was also
inferred based on the SparCC correlation coe�cients and a cutoff of 0.59. All networks were explored and
visualized with the interactive platform gephi [50]. The nodes in networks represent OTUs and the edges
that connect these nodes represent correlations between OTUs. Network modularity was calculated using
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the gephi built-in algorithm with a resolution of 8. OTUs were regarded as regional speci�c “species” in
the network if their abundances in one region were more than half of the total abundances. To investigate
the in�uence of paddy management, global trends or regional signals on the species-to-species
relationships, samples were divided into groups according to paddy/other soil and sampling region
memberships. The impact of paddy farming or regional in�uence on the correlations value of each edge
in the network was assessed by dividing the omission score (OS) (SparCC correlation value without these
samples) by the absolute value of the original SparCC score. To account for group size, the OS was
computed repeatedly for random and same-size sample sets. The non-parametric P value was calculated
as the number of times that the random OS was smaller than the sample group OS, divided by the
number of random OS (500 for each OTU pair). Each edge was determined as “paddy-speci�c” or “region-
speci�c” when the ratio of OS to absolute original score was below one and TSBH-FDR adjusted P-value
was below 0.05.

Network topological feature analysis. Topological features of the generated networks were calculated
with the igraph package [51]. We generated sub-networks for each soil sample from community networks
by preserving OTUs presented in each site using subgraph functions in R package igraph. Network-level
topological features provided in package igraph were calculated for each sub-network.

Statistical analysis. Bacterial alpha-diversity was measured by considering community richness (i.e., ACE,
Chao1 and Observed OTUs), diversity (i.e., PD whole tree and Shannon), evenness (Pielou’s evenness)
and coverage (Good’s coverage) using QIIME 1.9.1 [38]. Beta-diversity was measured using count-based
indices (i.e., Chao’s Jaccard and Bray-Curtis), phylogenetic indices (i.e., unweighted UniFrac and weighted
UniFrac), and two novel interaction-adjusted indices (i.e., unweighted TINA and weighted TINA [31]). PCoA
was conducted with following PERMANOVA (permutational analysis of variance) performed using
the adonis function. Partial RDA was used to calculate the independent in�uences of environmental
factors grouped within different categories. All above analyses were conducted using the R package
vegan [52]. Spearman’s rank correlation coe�cient was used for correlation analysis of bacterial network
topological features and environmental factors. Core microbiomes (de�ned as OTUs appeared in 100%
samples) of paddy soils were analyzed using Venn diagrams. The enrichments of these OTUs as
compared with non-paddy soils based on the relative abundances were analyzed using metagenomeSeq
analysis and then illustrated using Manhattan plots. The differential functional potentials between
bacterial communities of paddy and non-paddy soils were further examined using LEfSe [53].
Comparisons were conducted with a LDA threshold of 2.5. The differential functional potentials between
the two main modules of bacterial network in paddy soil were also examined using LEfSe [53] with the
same parameters but a LDA threshold of 2.0. To assess the concordance between the FOAM ontologies
derived from the real metagenomic data and those predicated by PICRUSt2, Pearson’s correlation
coe�cients were calculated. Normalized Stochasticity Ratio [54], betaNTI and RC.bray [55] were
calculated to quantify the relative importance of stochastic and deterministic processes in shaping the
bacterial community assembly.
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Additional File Legends
Additional �le 1: Supporting �gures and tables. Figure S1 Geographical locations of sampling sites in
four typical rice-growing regions in China: Sanjiang Plain, Lianghu Plain, Taihu Plain, and Hani Terrace.
Figure S2 Boxplots showing differential partitioning of the top 20 genera’s relative abundances. Figure S3
PCoA plots of samples based on other distance matrices, including Bray-Curtis and Weighted UniFrac.
Figure S4 The extended information of Venn diagram illustrated in Figure 2A. Figure S5 Jitter plots of
betaNTI distributions for paddy soils collected from four sampling regions. Figure S6 The distributions of
the degree for co-occurrence network of paddy �eld soils (A) and the adjacent soils from other lands (B)..
Figure S7 Different taxonomic patterns (at the order level) within the co-occurrence networks of paddy
soils and adjacent soils from the other lands. Figure S8 Co-occurrence network of the non-paddy soils.
Figure S9 Co-occurrence network of microbial community in paddy soils (A) and the non-paddy soils (B)..
Table S1 Two indices (betaNTI and RC.bray) determined for paddy samples. Table S2 Hubs (keystone
taxa) identi�ed in paddy soil bacterial network implemented with PageRank algorithm. Table S3 Statistic
information of metagenomic assembly.

Additional �le 2: Site geographic and climatic conditions and the basic physico-chemical properties
assoicated with each of soil samples collected in this study.

Additional �le 3: The correlations between each FOAM ortholog using metagenomic data and that
predicted by PICRUSt2. Pearson’s correlation coe�cient (cor) was used for the correlation estimation with
the pvalue shown. All identi�ed FOAM orthlogs were examined.
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Figure 1

A. We employed UPGMA based on Bray-Curtis distances between pairwise samples. B. C. We employed
UPGMA based on Bray-Curtis distances between pairwise samples
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Figure 2

Taxonomic and functional characteristics of paddy and non-paddy soil microbiota. (A) Overlapped
bacterial OTUs among paddy soil samples in different regions using Venn diagram. OTU numbers and
their percentages of the total are shown in each segment. (B) Manhattan plot showing OTUs enriched in
paddy soils compared with non-paddy soils. Signi�cantly enriched OTUs are depicted as full circles. The
dashed line corresponds to the FDR-corrected P value threshold of signi�cance (α = 0.05). The color of
each dot represents the taxonomic a�liation of OTUs at the phylum level and the size corresponds to
their relative abundances. Grey boxes are used to denote the different taxonomic groups at the order
level. (C) Functional differences between paddy and non-paddy soils based on metagenomic analysis
using LEfSe statistical tools. The functions were based on FOAM pathways and have been classi�ed into
four levels. Non-signi�cantly different functions or their relative abundances less than 1% were not
shown. Within each level, functions are listed in a decreasing order according to their relative
abundances. Functions in level 1 are labeled on the clustering dendrogram.
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Figure 3

Associations between soil bacterial communities and environmental factors. (A) Individual environmental
factors as drivers of bacterial community assembly. They are listed in a decreasing order according to
adonis R2, the proportion of variance in bacterial communities explained. Variance in bacterial
communities was assessed according to three indices (Jaccard/Bray-Curtis, UniFrac, and TINA), weighted
or unweighted. (B) The in�uences of environmental groups (edaphic, geographical, and climatic factors)
on bacterial communities estimated using distance-based partial redundancy analysis (db-pRDA). The
proportion of variance explained by each group is shown. Shared effects are indicated by the overlap of
circles. Factors used for db-pRDA are indicated by color bars marked on the right side of (A). (C) The
relative importance of stochastic and deterministic processes in shaping bacterial community assembly
estimated by stochasticity ratio. Boxes and whiskers indicate quartiles (10%, 25%, 75%, and 95%) and
cross-box lines indicate mean values. Differences between paddy and non-paddy soils were examined
using a Wilcoxon rank sum test. (D) The comparisons of the pseudo R2 values between two types of
random forest models, predicting each OTU in bacterial assembly based on other OTUs (OTU-based) or
environmental factors (environment-based). Models are grouped according to the occupancies of their
targeted OTUs in paddy or non-paddy soil samples. Violin plots show the probability density of the data
using kernel density estimation. The horizontal line in each violin plot indicates the median value.
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Figure 4

Different interaction patterns within the co-occurrence networks of OTUs in respective paddy soils and
adjacent soils across four typical rice-growing regions in China. Co-occurrence networks visualize the
different bacterial OTU interaction patterns for (A) paddy soils and (B) adjacent soils. The nodes
represent OTUs. The size of the node is proportional to the base-10 logarithm of the OTU abundance,
normalized by averaging the values of each region for each soil type. Node color indicates habitat
preference as revealed by OTU enrichment ratio of paddy soils to adjacent soils. A connection between
two nodes represents that there is a strong and signi�cant (P < 0.001) correlation between each OTU pair.
The edge color indicates positive (pink) or negative (green) correlations. (C) Frequency of bacterial co-
occurrence associations (edges) speci�c (strengthened or weakened) in paddy soils across four regions
(left panel), and solely strengthened within each region (right panel), as compared with non-paddy soils.
(D) Weighted Venn diagrams illustrating the inclusion relationships between paddy-farming speci�c and
regional speci�c co-occurrence associations (edges) with the Chow-Ruskey algorithm implemented. The
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area is proportional to the number of the speci�ed edges shown in each segment. Areas are colored in the
order yellow, orange, and red with the increasing overlap degree.

Figure 5

Comparison of the two major modules derived from the paddy soil network. (A) Co-occurrence network
colored according to the top 5 modularity classes (ranked by node numbers, with the top 2 labeled). See
Figure 4A for details. (B) LEfSe showing functional differences between Module P1 and Module P2.
Functions enriched in Module P1 are colored in blue and those enriched in Module P2 are colored in red.
The functions were based on FOAM pathways and have been classi�ed into four levels. See Figure 2C for
details. (C) Taxonomic comparisons between Modules P1 and P2 using circos plot at the order level. The
size of the segment is proportional to the relative abundance of the order normalized by averaging the
values of each region, and the size of the ribbon is proportional to the number of links (copresence and
exclusion). (D) Heatmap of Spearman’s rank correlation coe�cients between Module P1 to P2
topological index ratios (y-axis) and environmental factors or the �rst two PCoA axes based on bacterial
community composition (x-axis).
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Figure 6

Correlation between node PageRank scores in the paddy soil network and the environmental explanatory
powers. (A) Co-occurrence network of bacterial community in paddy soils, with nodes colored according
to their PageRank scores. See �gure 4 for details. (B) Pearson’s correlation coe�cients between
PageRank scores and the environmental explanatory powers (Pseudo R2) within 100 successive nodes
with the nodes moving from 0 to 574. (C) Linear relationships between PageRank scores and the
environmental Pseudo R2 within node sets “1 to 100”, “51 to 150” and “100 to 200”. The blue line is the �t
line of all nodes, and the black line is the �t line of black nodes only (with the exclusion of the blue
nodes). Nodes were ranked by their descending abundances. Blues nodes are identi�ed as those
distributed in the outskirts of the modules.
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