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Abstract
Background: Bacteria in low abundance represent the majority of Earth’s biodiversity and perform vital
ecological functions, but little is known about their biogeography nor the ecological processes that drive
their community assembly in terrestrial ecosystems. Here, we investigated the community compositions
and phylogenies of rare (relative abundance < 0.1%) and abundant (> 1%) soil bacteria along a transect
containing three alpine grassland types (meadow, steppe, and desert) on the Tibetan Plateau.

Results: Our results revealed similar biogeographical patterns of rare and abundant bacteria, with their
community compositions and phylogenies shifting gradually along the transect. The similar patterns,
however, were driven by contrasting community assembly processes, with rare subcommunity being more
heavily in�uenced by stochasticity (72%) than abundant (57%). The composition of abundant
subcommunity (80%) was better explained by local (including soil and vegetation factors), geospatial
and climatic factors than that of rare subcommunity (41%), while the phylogeny of the rare one (36%)
was better explained than that of the abundant one (29%). Variation partitioning analysis indicated that
pure local factors consistently explained a higher proportion of the community composition than
geospatial factors in both rare (12.3% and 8.7%, respectively) and abundant bacteria (18.3% and 14.1%,
respectively). In contrast, the phylogeny of rare subcommunity was explained by local and geospatial
factors equally (11.5% and 11.9%, respectively), while that of abundant subcommunity was more
explained by geospatial (22.1%) than local factors (11.3%). Furthermore, our results revealed a tighter
connection between the community phylogeny and composition in rare than in abundant bacteria.

Conclusions: Our results revealed consistent biogeographical patterns of rare and abundant bacteria in
grassland soils, but their assembly processes were distinct. We further demonstrated that rare
subcommunity was less predictable than the abundant subcommunity by environmental and geospatial
factors. Rare and abundant bacteria responded differentially to factors, which was attributed to the
distinct life strategies. Our study provides novel insights into the assembly processes and biographical
patterns of rare and abundant bacteria in terrestrial ecosystems.

Background
The bacteria in low abundance represent the majority of Earth’s biodiversity [1], and these rare bacteria
contain an enormous pool of genetic novelty [2]. Accumulating evidence has con�rmed the crucial
ecological functions of rare bacteria in terrestrial and aquatic ecosystems. For example, rare bacteria are
responsible for nitrogen and carbon assimilation in freshwater lakes [3–5], they enhance plant defence
against aphids [6], and provide insurance during ecological restoration [7–9]. Therefore, variation in these
low abundance, but functional important microorganisms could cause substantial consequences on an
ecosystem.

Compared to rare bacteria, abundant bacteria present at much higher relative abundance globally, and
potentially exhibit greater tolerance to environmental stresses . Thus, rare bacteria have been identi�ed to
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drive bacterial community structure changes both spatially and temporally [10–12]. Several studies have
examined the biogeography of rare and abundant bacteria in aquatic ecosystems, such as lake reservoirs
[13], subtropical bays [14], the Arctic ocean [15], and the Paci�c ocean [16]. These studies have
consistently reported that the community compositions of rare and abundant bacteria were in�uenced by
geographical and environmental factors differentially, despite exhibiting similar biogeographical patterns
[13, 17]. Speci�cally, the community composition (typically measured using Bray-Curtis dissimilarity) of
rare bacteria was more strongly in�uenced by local environmental factors, while that of abundant
bacteria was predominately explained by geospatial factors [13, 14]. Compared to aquatic ecosystems,
the biogeographical patterns of rare and abundant bacteria in terrestrial ecosystems are less understood.
Furthermore, as soils are non-�uidic and are much more heterogeneous compared to the aquatic
environment [18], the biogeographical pattern of rare bacteria in soil could be different from that of
abundant bacteria.

Composition-based metrics have traditionally been used to examine microbial community structure
variations, but phylogeny-based community metrics, such as the β-mean nearest taxon distance (β-
MNTD) and UniFrac distance, are receiving increased attention [19, 20]. Compared to composition-based
community metrics, these phylogeny-based community metrics can be used to infer changes in microbial
community function [21–23]. This is based on the assumption that phylogenetically close-related
microorganisms have similar habitat associations [20]. Thus, using phylogeny-based community metrics,
together with the composition-based community metrics, could provide additional insights into the
ecogeographical patterns of rare and abundant subcommunities.

Due to the strong environmental stress tolerance of abundant bacteria and the greater niche
differentiation in terrestrial ecosystems, we hypothesize that rare bacteria could exhibit distinct
biogeographical pattern compared to abundant bacteria in soils. Furthermore, the relative importance of
local environmental factors and geospatial factors on the biogeography of rare and abundant bacteria
could be different from that identi�ed in aquatic ecosystems. To test these hypotheses, the bacterial
community structure was investigated using DNA-based amplicon sequencing targeting the 16S rRNA
gene, and both the community Bray-Curtis compositional dissimilarity and βMNTD phylogenetic distance
were calculated. These metrics were used to compare the community compositions and phylogenies of
rare and abundant bacteria along a 1200 km grassland transect on the Tibetan Plateau.

Results

Taxonomic compositions of rare and abundant bacteria
A total of 7,890 OTUs were identi�ed from the retained 806,358 high-quality sequences at 97% sequence
identity. Rare bacteria (relative abundance < 0.1%) comprised 87.7% of the total bacterial richness (6,923
OTUs), but their total relative abundance accounted for only 10.1% of the entire community. In contrast,
abundant bacteria (relative abundance > 1%) comprised only 1% of the total richness (114 OTUs), but
their relative abundance was 59.4%. Of the retained sequences, 91.3% were classi�ed at the phylum level,
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and 34, 13 and 34 bacterial phyla were identi�ed from the rare, abundant and entire communities,
respectively (Fig. 1A). Across all samples, rare subcommunity was dominated by Proteobacteria (24.8%),
followed by unclassi�ed bacteria (18.1%), Actinobacteria (15.4%), Bacteroidetes (14.9%), and
Planctomycetes (7.7%). In contrast, the abundant and entire communities were both dominated by
Actinobacteria (57.5% and 47.2%, respectively), and exhibited lower relative abundance of Proteobacteria
(12.2% and 18.2%, respectively) than the rare subcommunity.

Community compositions of rare and abundant bacteria
Both rare and abundant OTUs exhibited positive correlations between their relative abundance and the
number of samples they were identi�ed in (Pearson r = 0.84 and 0.36, respectively, both P < 0.001,
Fig. 1B). The abundant OTUs were more widespread geographically than rare OTUs, with over 90% of the
abundant OTUs being detected in > 50% of samples and 54% of the abundant OTUs being detected from
> 90% of the samples. In contrast, the majority (97%) of rare OTUs were only detected in < 50% of samples
analysed.

The community compositions of rare (Fig. 2A), abundant (Fig. 2B) and entire communities (Fig. 2C) were
signi�cantly different among the three grassland types (PERMANOVA, all P < 0.001). The community
compositions of rare, abundant, and entire communities also exhibited gradual shifts along the grassland
transect (from meadow to steppe, and then to desert grassland). The measured local, climatic and
geospatial factors together explained 41%, 80%, and 60% of the community compositions for rare,
abundant, and entire communities, respectively (Figs. 3A, 3B and, 3C, Additional �le 1: Table S1). VPA
analysis revealed that pure local factors consistently explained higher community composition than pure
geospatial factors for both rare and abundant subcommunities, while pure climatic factors explained the
lowest community composition (Figs. 3A, 3B and, 3C). Furthermore, soil pH, TOC, and NH4

+ explained a
higher proportion of the community variation in abundant over rare subcommunities (Additional �le 1:
Table S1).

Mantel tests revealed signi�cant linear correlations of the community composition with local, climatic
and geospatial factors for the rare, abundant and entire communities (Figs. 3D, 3E, and 3F,
Supplementary Fig. 2, and Additional �le 1: Table S2). However, partial Mantel tests indicated that the
correlations between climatic factors and the community compositional dissimilarity were non-
signi�cant. Furthermore, local factors consistently exhibited stronger correlation strength (indicated by
Pearson r) than geospatial factors.

Community phylogenies of rare and abundant bacteria
The community phylogenies of rare (Fig. 4A), abundant (Fig. 4B) and entire bacterial communities
(Fig. 4C) differed signi�cantly among the three grassland types (PERMANOVA, P < 0.001, = 0.003, and < 
0.001, respectively). DistLM analysis revealed that the measured local, climatic and geospatial factors
together explained 36%, 29%, and 44% of the community phylogeny for rare, abundant and entire
communities, respectively (Figs. 5A, 5B, 5C, and Additional �le 1: Table S3). VPA analysis indicated that
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the pure local and geospatial factors contributed equally to the community phylogeny of rare
subcommunity (Fig. 5A, 11.5% and 11.9%, respectively). In contrast, the geospatial factors explained a
larger proportion of community phylogeny (22.1%) than local factors (11.3%) for abundant
subcommunities (Fig. 5B). Consistent with that identi�ed at the community compositional level, climatic
factors explained the lowest community phylogeny in rare, abundant, and entire communities (Figs. 5A,
5B, and 5C).

Mantel tests revealed signi�cant correlations of the community phylogeny with the measured local,
climatic and geospatial factors in rare subcommunity (all P < 0.001, Fig. 5D, Additional �le 1: Table S4,
and Additional �le 2: Fig. S3), but these correlations were not signi�cant for abundant or entire
communities (Figs. 5E and 5F). Partial Mantel tests further revealed that the community phylogeny of
rare bacteria signi�cantly correlated with the local and geospatial factors (P < 0.001 and 0.002,
respectively), but not with climatic factors (P = 0.133). Furthermore, a signi�cant partial Mantel
correlation was detected between the geospatial factors and the community phylogeny of abundant
bacteria (P = 0.007).

Correlation relationships between the community
composition and phylogeny
Signi�cant correlations between community composition and phylogeny were observed in rare, abundant,
and entire communities (Fig. 6). The correlations in rare and entire communities were much stronger than
that in abundant subcommunity (R2 = 0.65, 0.62 and 0.08, respectively, all P < 0.001). In each case, the
observed increase in the community composition was accompanied by a relatively weak change in the
community phylogeny until the community compositional dissimilarity further increased to
approximately 60%, 40%, and 40% for rare, abundant, and entire communities, respectively. After passing
these thresholds, exponential increases in the community phylogenetic distance were then occurred. This
observed delay in the community phylogenetic variation was smaller for rare subcommunity than that in
abundant subcommunity.

Community assembly processes of rare and abundant
bacteria
The ecological processes shaping bacterial community assembly were explored using compositional
(modi�ed stochasticity ratio, MST) and phylogenetic (β-Mean Nearest Taxon Index, βNTI) approaches.
The MST of rare subcommunity was 72±18%, which was higher than that in abundant (57±20%) and
entire communities (66±22%; Additional �le 2: Fig. S4). Furthermore, the within ecosystem community
variations were less in�uenced by stochasticity than those between ecosystems for rare and entire
communities.

The βNTI of rare subcommunity varied from − 8.9 to 8.1, with 66%, 30%, and 4% of which being < -2,
between − 2 and 2, and > 2, respectively. In contrast, the βNTI of abundant and entire communities varied
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from − 8.8 to -4.5 and − 16.5 to 1.7, with 100% and 99% of βNTIs being < -2, respectively (Additional �le 2:
Fig. S5). Signi�cant positive linear correlations of βNTI values with local, climatic and geospatial factors
were detected in rare and entire community, whereas the βNTI values of the abundant subcommunity
only signi�cantly correlated to local factors (Additional �le 2: Fig. S6, Additional �le 1: Table S5).
Furthermore, partial Mantel tests indicated that the βNTI values of rare (P = 0.002), abundant (P < 0.001),
and entire communities signi�cantly correlated only with local factors (P < 0.001), while the correlations
with climatic and geospatial factors were not signi�cant.

Discussion
Rare and abundant bacteria exhibited similar biogeographical patterns, but were shaped by distinct
assembly processes

Rare and abundant bacteria both exhibited similar community compositional shifts along the meadow,
steppe, and desert grassland transect (Figs. 2 and 4). The similar biogeographical patterns of rare and
abundant subcommunities have also been consistently reported from freshwater lakes [13, 24] and
marine environments [13, 14, 16, 24]. Thus, this consistency suggests that the similar biogeographical
patterns of rare and abundant bacteria are ubiquitous to both terrestrial and aquatic ecosystems.

The stronger in�uence of stochasticity on rare subcommunity (Additional �le 2: Fig. S4) was consistent
with its lower proportion of the community composition explained by environmental factors compared
with abundant subcommunity (Figs. 3A and 3B). The varied in�uence of stochasticity on rare and
abundant bacteria may be related to their different life strategies. The abundant subcommunity was
comprised of more copiotrophic than oligotrophic bacteria. For example, copiotrophic Actinobacteria
were presented at higher relative abundances in abundant than rare subcommunities, while oligotrophic
bacteria such as Acidobacteria and Planctomycetes were more abundant in rare subcommunity (Fig. 1A)
[25]. Copiotrophic bacteria (such as Actinobacteria) are more sensitive to carbon availability than
oligotrophic bacteria [26, 27], which is proposed to be due to a lack of carbon and energy regulatory
system in copiotrophs [28]. The higher sensitivity of abundant bacteria to soil nutrients was further
evidenced by the stronger contribution of soil nutrients (TOC and NH4

+) in explaining the community
composition in abundant than rare subcommunities (Additional �le 1: Table S1).

Rare subcommunity exhibited a stronger correlation between the community composition and geospatial
factors than abundant bacteria (Fig. 3D and 3E), indicating a stronger in�uence dispersal limitation [13].
Dispersal limitation is one of the most important stochastic factors in�uencing bacterial community
assembly, and is dependent on cell numbers [29]. Thus, the low relative abundance at less than < 0.1%
could be the major limiting factor for rare bacteria being dispersed across large geographic distance [9,
13, 14]. The stronger in�uence of dispersal limitation on rare over abundant bacteria at the compositional
level has also been reported in soil fungal community [30].



Page 7/23

Stochasticity has been reported to play less important role than determinism in shaping bacterial
community composition in grassland and polar desert soils [31, 32]. Our results further expand this
phenomenon, and show that the in�uence of stochasticity on community assembly could be lineage-
speci�c. The bacterial lineages that present at low abundance, yet potentially perform vital ecological
functions [9], could be more strongly in�uenced by stochasticity than abundant bacteria. Despite the
dominance of determinism in shaping the community composition of abundant bacteria, substantial
contributions from stochasticity were also observed (Additional �le 2: Fig. S4), consistent with previous
studies [14, 33].

Despite the similar biogeographical patterns, the community compositions of rare and abundant
subcommunities were predominately in�uenced by stochasticity and determinism, respectively. It is
interesting that how two distinct assembly processes lead to consistent biogeographical patterns in rare
and abundant subcommunities. We propose that this may be caused by the co-variation of geospatial
and environmental heterogeneity. Our results showed that the geospatial and local environmental
variations were highly correlated (Additional �le 2: Fig. S7). Thus the co-variation of stochastic
(geospatial) and deterministic (local environmental) processes could lead to the similar biogeographical
patterns of rare and abundant subcommunities observed.

Rare bacteria exhibited a greater community phylogenetic variation than abundant bacteria

Phylogenetically close-related microorganisms have similar habitat associations, thus phylogeny-based
community metrics could infer potential community functional change [20]. The community phylogeny of
rare bacteria was better separated among the three grassland ecosystems than that of abundant bacteria
(Fig. 4A and 4B), potentially suggesting a stronger divergence of ecological functions [34]. Partial Mantel
results demonstrated that the community phylogenies of rare and abundant subcommunities both
exhibited signi�cant correlations with geospatial factors (Figs. 5D and 5E, Additional �le 1: Table S4).
This contrasted to the lack of correlation between bacterial community phylogeny and geographical
distance reported in Wang et al. [35]. The difference could be attributed to the geographical scale, as the
sampling distance was less than 10 km in Wang et al. (2013), which could be too small for substantial
phylogenetic variation to be detected.

The community phylogeny of abundant bacteria was more strongly in�uenced by dispersal limitation
than that of rare bacteria (Figs. 5A). This �nding contradicts the observations at the community
compositional level (Figs. 3A and 3B), but is consistent with the previous phylogeny-based investigation
at the northwest Paci�c Ocean [36]. This suggests the factors in�uence the community composition and
phylogeny could be different. The stronger in�uence of geospatial than environmental factors in shaping
the community phylogeny of abundant bacteria could be explained by their environmental adaptability.
Abundant bacteria have been reported to exhibit strong tolerance to alkaline and saline conditions [37,
38]. This is also evidenced by the wide distribution of abundant bacteria across the transect in the
present study (Fig. 1B) and the dominance of homogenous selection in shaping their community
phylogeny (Additional �le 2: Fig. S5). Thus, dispersal limitation could be the main factor constraining the
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closeness of community phylogeny in abundant subcommunity across the transect (Additional �le 1:
Table S4).

The equal importance of environmental and geospatial factors in shaping the community phylogeny of
rare subcommunity can be attributed to their life strategies [37]. Rare bacteria generally exhibit lower
environmental adaptability and smaller niche breadth [39] than abundant bacteria, which hinder their
colonization in new habitats after being dispersed. This resulted in their community phylogeny being
gradual shifted across environmental gradient (Fig. 4A) and the strong correlation between community
phylogeny and environmental heterogeneity (Additional �le 2: Fig. S3), which was not detected in the
abundant subcommunity. The critical contribution of environmental �ltering on the community phylogeny
of rare bacteria is consistent with that observed in the marine environment [36]. However, unlike aquatic
environment, the non-�uidic soil [18] further constrain the chance of dispersal, thus geospatial factors
exhibited greater in�uence on the community phylogeny of rare subcommunity in soil than in marine
ecosystems [14, 36].

Decoupled community compositional and phylogenetic variations in abundant bacteria

A tighter connection (Fig. 6, larger R2 value) between the community composition and phylogeny was
observed in rare than abundant subcommunities. This is mainly due to the phylogeny of abundant
subcommunity being less sensitive to environmental changes (Figs. 4 and 5). The ability to maintain a
community’s phylogeny could re�ect its ecological niche preservation capacity under changed
environmental conditions [20]. Thus, the decoupling between community composition and phylogeny
indicates that abundant bacteria could be better in preserving ecological niches than rare bacteria. This
could explain the easier loss of narrow niche functions (such as the degradation of toxic compounds,
which is typically performed by rare bacteria) than broad niche functions (such as the degradation of
organic compounds in general, which are performed by all bacteria) [8, 40].

Conclusions
Our study provides novel insights to explain the bacterial distribution patterns of rare and abundant
bacteria in alpine grassland soils. The similar biogeographical patterns of rare and abundant
subcommunities were consistent with that observed in aquatic ecosystems, highlighting their global
consistency. Our results also revealed that the similar biogeographical patterns of rare and abundant
subcommunities could be predominately in�uenced by stochastic and deterministic processes,
respectively. We propose that this could be due to the co-variation of stochastic (geospatial) and
deterministic (environmental) factors. This shall be further investigated to disentangle the contributions
of stochasticity and determinism in other ecosystems with inconsistent changing patterns of geospatial
and environmental factors.

Materials And Methods
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Site description and soil sampling
The study area is located on the Tibetan Plateau, between 31 and 33°N latitude and 79 and 93°E
longitude, with an average altitude above 4400 m a.s.l. Soil samples were collected along a 1200 km
transect (Additional �le 2: Fig. S1) in July 2015. The 1200 km transect contained ecosystems classi�ed
as alpine desert grassland (4 sites), alpine steppe (11 sites), and alpine meadow (4 sites) from west to
east, thereby forming a natural gradient with broad environmental conditions. At each sampling site, four
1 m × 1 m quadrats were randomly selected. In each quadrat, approximately 200 g of bulk soils (0–
10 cm) were collected after plant material being removed by sieving (2.0 mm), and were transported on
ice to laboratories at Beijing, then stored at -80 °C until processed. The plant Shannon diversity, plant
above-ground biomass, and plant below-ground biomass were calculated as described previously [41].

Soil physiochemical analysis
Soil pH was measured in a 1:5 soil-to-water suspension using a pH meter (Sartorius, Goettingen,
Germany). Soil nitrate (NO3

−) and ammonium (NH4
+) were extracted with 2 M KCl (1:5) and their

concentrations were determined using a Smartchem200 Discrete Auto Analyzer (Alliance, Frépillon,
France). Total organic carbon (TOC) was measured in the solid-state using a TOC analyzer (Shimadzu,
Kyoto, Japan). The aridity index (potential evaporation/precipitation) of each site was obtained from the
Global Aridity Index dataset (www.cgiar-csi.org) [42]. The mean annual precipitation (MAP) and mean
annual temperature (MAT) were predicted using the meteorological data between 2003 and 2012 from 33
climatic stations (China meteorological Data Sharing Service System; http://cdc.cma.gov.cn/) using the
Kriging interpolation.

DNA extraction, PCR and high-throughput 16S rRNA gene
sequencing
Total DNA was extracted using the MO BIO Power Soil DNA extraction kit (Mo Bio Laboratories, Carlsbad,
CA, USA) according to manufacturer’s instructions. Universal primers 515F (5'-
GTGCCAGCMGCCGCGGTAA-3') and 909r (5'-CCCCGYCAATTCMTTTRAGT-3') with 12 nt unique barcodes
were used to amplify the V4 and V5 hyper-variable regions of the 16S rRNA gene [43]. The PCR mixture
(25 ∝l) contained 1x PCR buffer, 1.5 mM of MgCl2, 0.4 ∝M each of deoxynucleoside triphosphate bases,
1.0 ∝M of each primer, 0.5 U of Ex Taq (TaKaRa, Dalian, China) and 20 ng of DNA template. The PCR
ampli�cation program included an initial denaturation at 94 °C for 3 min, followed by 30 cycles of 94 °C
for 20 s, 56 °C for 30 s, and 72 °C for 45 s, and a �nal extension at 72 °C for 10 min. PCR products were
puri�ed using a OMEGA Gel Extraction Kit (Omega Bio-Tek, Georgia, USA) following electrophoresis. PCR
products from different samples were pooled in equimolar amounts and then used for pair-end
sequencing (2 × 250 bp) on the Illumina MiSeq platform at the Chengdu Institute of Biology, Chinese
Academy of Sciences.

Sequence data processing
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Three samples were not sequenced successfully, generating zero reads. These samples were not re-
sequenced but removed from downstream analysis to avoid arti�cial community structure differences
caused by batch-to-batch sequencing variation. Raw sequence data of the remaining 73 samples were
processed using the MOTHUR pipeline (v. 1.34.3) [44]. Paired-end reads were merged and quality
screened by removing any reads with > 1 mismatch in the primer region, average quality < 30, ambiguous
bases > 0, and homopolymer length > 9 from downstream analysis. The remaining sequences were
aligned against the Silva reference alignment (release 128), which was trimmed to include only the same
region ampli�ed, and those sequences that did not align were removed. Chimeric sequences were
identi�ed using UCHIME [45] and removed. The remaining sequences were classi�ed using the Bayesian
classi�er against the Silva database (release 128), with a minimum con�dence score of 80% [46]. All
archaeal and unknown sequences were removed using the remove.lineage command. The archaeal
sequences were removed due to a recent report showing that the currently used prokaryotic primers may
have poor coverage on the archaeal domain [47]. Finally, sequences were classi�ed into operational
taxonomic units (OTUs) at 97% identity and singletons were removed. To correct for possible uneven
sequencing coverage between samples, samples were randomly sub-sampled without replacement to an
equal depth of 11,046, which was the smallest sample size in the dataset. This ended with a total of
806,358 high-quality bacterial sequences, with an average sequence length of 329 bp. Bacterial richness
was calculated using the summary.single command in Mothur [44].

De�ning rare and abundant OTUs
Various arbitrary thresholds have been used to de�ne rare and abundant OTUs in literatures. For example,
abundant OTUs have been de�ned as OTUs with relative abundance > 1% or 0.1%, whereas rare OTUs
have been de�ned as OTUs with relative abundance < 0.1%, 0.001% or 0.006% [13, 24, 48–50]. Here, rare
OTUs were de�ned as the OTUs with relative abundance < 0.1% in all samples analysed, whereas
abundant OTUs were de�ned as the OTUs with a relative abundance > 1% in one or more samples. The
latter contained both OTUs that were abundant ubiquitously and occasionally across the transect (Shade
et al., 2014).

Quantifying community structure variation and assembly
process
The community structure variations of the rare, abundant and entire communities were calculated
separately. Bray-Curtis dissimilarity matrices were calculated using the square-root transformed
community abundance matrices, and were used to indicate community compositional dissimilarity
between samples. Weighted β-MNTD distance matrices were calculated to indicate community
phylogenetic distance between samples. The Bray-Curtis dissimilarity was calculated using Primer V6
[51], whereas the β-MNTD distance was calculated using the function ‘comdistnt’ in the package ‘Picante’
in R (http//www.r-project.org), with the exclude.conspeci�c parameter being set to TRUE.

Bray-Curtis dissimilarity-based modi�ed stochasticity ratio (MST) index was calculated using the ‘NST’
package in R (http//www.r-project.org) to represent the contribution of stochasticity to community
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compositional assembly [52]. The MST index ranges from 0–100%, a 0% indicates zero contribution of
stochasticity, whereas 100% indicates the community assembly being completely stochasticity-driven.
We also calculated the β-Nearest Taxon index (βNTI) to quantify the relative contributions of stochastic
and deterministic processes in shaping community phylogenetic assembly [20] using the script provided
in Swenson [53]. βNTI values < − 2 indicate the between-sample phylogenetic distance being signi�cantly
lower than expected by chance (homogeneous selection); βNTI values > 2 indicate the phylogenetic
distance being signi�cantly higher than expected (variable selection) [23, 54]. βNTI values between − 2
and 2 indicate that the observed phylogenetic distance does not signi�cantly deviate from the null model
and the assembly process is not the result of deterministic selection, but due to stochastic processes.

Transformation and normalization of environmental and
geospatial factors
Measured environmental factors were divided into locally measured (local) and climatic factors. The
local factors included soil pH, soil total organic carbon (TOC), ammonium (NH4

+) and nitrate (NO3
−)

concentrations, soil moisture, plant Shannon diversity, plant above-ground biomass, and plant below-
ground biomass. The climatic factors included mean annual temperature (MAT), mean annual
precipitation (MAP), and aridity index. The geographical distances between samples were calculated
from GPS coordinates. This geographical distance matrix was converted into a set of geospatial factors
using the principal coordinates of neighbour matrices analysis (PCNM) [14, 55].

The environmental factors (both local and climatic) and the derived geospatial factors were combined,
and then transformed to reduce data skewness. Speci�cally, TOC, NH4

+, plant above-ground biomass,

plant below-ground biomass, and aridity indices were log-transformed, whereas MAP, NO3
−, and soil

moisture were square-root transformed. The resulting environmental and geospatial factors were further
normalized (x-mean/standard derivation) to improve data normality for multivariate statistical analysis.

Correlation and multivariate analyses
Permutational analysis of variance (PERMANOVA) was used to test the signi�cance of community
compositional and phylogenetic differences among the three grassland types [56]. Variation partitioning
analysis (VPA) based on distance-based linear model (DistLM) was used to partition the relative
contributions of local, climatic and geospatial factors, as well as the contribution of each individual
environmental factor (the pure effect) [56]. Then, distance-based redundancy analysis (dbRDA) ordination
plots were used to visualize the associations between bacterial communities and the measured
environmental/geospatial factors [56]. In addition to VPA, Mantel and partial Mantel tests were conducted
to explore the correlations between bacterial community composition dissimilarity (or phylogenetic
distance) and local /climatic/geospatial factors [57]. The PERMANOVA, DistLM and dbRDA ordination
analyses were performed using Primer V6 [51], whereas the Mantel and partial Mantel tests were
performed using the VEGAN package [55] in R (http//www.r-project.org).
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Figure 1

Taxonomic compositions and abundance-occupancy relationships. The taxonomic compositions of rare,
abundant and entire bacterial communities are shown in (A), and the relative abundance-occupancy
relationships of rare and abundant OTUs are shown in (B). Occupancy is the number of samples an OTU
being detected from.
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Figure 2

Community composition comparison for rare (A), abundant (B), and entire (C) bacterial communities. The
community compositional variation is quanti�ed using Bray-Curtis dissimilarity. The proportion of
community variation explained by the measured local, climatic and geospatial factors are calculated
using DistLM analysis, and visualized on dbRDA ordination plots (only the top �ve environmental and
geospatial factors are displayed). TOC, total organic carbon; PCNM1-5 are geographical distance derived
geospatial factors.
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Figure 3

The variation of bacterial community composition explained by local, climatic and geospatial factors.
Variation partitioning analysis for rare (A), abundant (B), and entire (C) bacterial communities. The
variation explained by pure local, climatic and geospatial factors corresponds to the proportion of
community composition explained without the effect of the others by the DistLM analysis. Mantel and
partial Mantel tests for the correlations between community composition and the measured local,
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climatic and geospatial factors using Pearson’s coe�cients for rare (D), abundant (E), and entire (F)
communities. *: P < 0.01, **: P < 0.001, ns: not signi�cant. Local factors include soil pH, soil total organic
carbon, NH4+ and NO3- concentrations, soil moisture, plant Shannon diversity, plant above-ground
biomass, and plant below-ground biomass; the climatic factors include mean annual temperature, mean
annual precipitation, and aridity index. – indicates negative or zero proportion of the community
composition explained.

Figure 4

Community phylogeny comparison for rare (A), abundant (B), and entire (C) bacterial communities. The
community phylogeny variation is quanti�ed using the -mean nearest taxon distance ( -MNTD). The
proportion of community phylogeny explained by the measured local, climatic and geospatial factors are
calculated using DistLM analysis, and visualized on dbRDA ordination plots (only the top �ve
environmental and geospatial factors are displayed). TOC, total organic carbon; PCNM1-5 are
geographical distance derived geospatial factors.
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Figure 5

The variation of bacterial community phylogeny explained by local, climatic and geospatial factors.
Variation partitioning analysis for rare (A), abundant (B), and entire (C) communities. The variation
explained by pure local, climatic and geospatial factors corresponds to the proportion of community
phylogeny explained without the effect of the others by the DistLM analysis. Mantel and partial Mantel
tests for the correlation between community phylogenetic distance and the measured local, climatic and
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geospatial factors using Pearson’s coe�cients for rare (A), abundant (B), and entire (C) communities. *: P
< 0.01, **: P < 0.001, ns: not signi�cant. Local factors included soil pH, soil total organic carbon, NH4+
and NO3- concentrations, soil moisture, plant Shannon diversity, plant above-ground biomass, and plant
below-ground biomass; the climatic factors included average annual temperature, annual precipitation,
and aridity index. – indicates negative or zero proportion of the community phylogeny explained.

Figure 6
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Correlations between the community composition and phylogeny for rare, abundant, and entire
communities. The compositional dissimilarity is measured using Bray-Curtis dissimilarity, whereas the
phylogenetic distance is measured using -mean nearest taxon distance. The correlations are �tted by
power law correlations.
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