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Abstract 

Background It has become commonplace to explore the spatial distribution patterns of microbial communities 
in natural ecosystems. However, few have looked at the responses of community diversity, structure, and assembly 
processes from different microbial groups to changes in environmental stress caused by altitude.

Purpose We investigated the spatial and biogeographical patterns of different microbial groups, including bacteria, 
fungi, and protists, from tobacco soil along an altitudinal gradient to evaluate the influence of geographic distance 
and environmental stress on microbial distribution pattern.

Methods DDR (distance decay relationship) model was calculated to evaluate the spatial distribution pattern. Then, 
NCM (neutral community model) and two null-modelling-based approaches, NST (normalized stochasticity ratio) 
and iCAMP (the infer community assembly mechanism by phylogenetic-bin-based null model analysis), were used to 
reveal the importance of stochastic and deterministic processes to microbial community assembly by utilizing high-
throughput sequencing data.

Result Bacterial community α-diversity decreased significantly (P < 0.05) with increasing environmental stress. 
Moreover, all communities exhibited a significant DDR pattern (P < 0.001), with the slope of bacteria (0.146) being 
significantly higher (P < 0.05) than that of fungi (0.059) and protists (0.060). The results of NCM and the two null-
modelling-based approaches revealed the importance of stochastic processes to bacterial (83.4%) and protist (69.9%) 
communities, which were primarily shaped by drift and dispersal limitation, respectively; meanwhile, deterministic 
processes were important to the fungal community (53.7%). Additionally, we found a significant correlation between 
the assembly process and geographic distance (P < 0.05).

Conclusion Our study provides a complementary perspective to the study of multiple hierarchical groups across dif-
ferent spatial scales (i.e., horizontal and vertical scales).
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Graphical Abstract

Introduction
Soil microorganisms, as a vital component in ter-
restrial ecosystems (Fierer et  al. 2003), play critical 
roles in numerous key ecological processes, including 
decomposition and geochemical cycling (Allison et  al. 
2013; Comerford et al. 2013), and in the health of many 
macroorganisms important to agricultural production 
(Naylor et  al. 2020; Toju et  al. 2018). However, envi-
ronmental stress is increasing worldwide (e.g., increas-
ing temperature and changing precipitation patterns) 
(Ramsey et  al. 2005; Yuan et  al. 2021), which strongly 
affects soil microbial communities (Edwards et al. 2015; 
Guo et al. 2018b). Numerous studies have provided evi-
dence that environmental stress could alter microbial 
community composition and create shifts in ecosystem 
function (Hall et al. 2018; Trivedi et al. 2013), by driv-
ing the adaptation and acclimation strategies of the soil 
microbiome, creating physiological costs at the organis-
mal level (Zhong et al. 2022). Understanding the mech-
anisms underlying microbiome assembly is urgently 
needed to mitigate the effects of potential changes in 
ecosystem services (Chen et  al. 2019). However, how 
the assembly processes of the dominant microbial 
groups (i.e., bacteria, fungi, and protists) respond to 

increasing environmental stress remains poorly under-
stood (Hernandez et al. 2021; Zhong et al. 2022).

How to understand and characterize fundamental dis-
tribution patterns within the biosphere is a critical chal-
lenge in ecology (Shade et  al. 2018). Some evidences 
have shown that microorganisms possess biogeographic 
patterns similar to those of macroorganisms, despite 
the differences in their size and diversity (Chalmandrier 
et  al. 2019; Kivlin and Hawkes 2020). Thus, microecol-
ogy faces the same challenge as macroecology. Further-
more, an additional important issue for microecology is 
to investigate the factors controlling microbial commu-
nity assembly (Stegen et al. 2013), which could shape the 
structure, functions, and biogeography of microbial com-
munities (Hanson et  al. 2012; Logares et  al. 2018; Zhou 
and Ning 2017). In general, microbial community assem-
bly is primarily influenced by deterministic and stochas-
tic processes (Zhou and Ning 2017). Some studies have 
indicated that deterministic processes relate to selection, 
which would trigger the relationships between environ-
mental factors and biological species (Lozupone and 
Knight 2007). Meanwhile, niche-based research has indi-
cated that the deterministic processes of microbial com-
munities are due to microbe fitness and different habitat 
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preferences (Lima-Mendez et  al. 2015; Liu et  al. 2015), 
whereas the stochastic processes of community assembly 
are mainly related to dispersal, ecological drift and ran-
dom events of birth–death (Chase and Myers 2011). A 
previous study provided a spatial scale model of biodiver-
sity could adequately document the biological changes at 
a given scale (Green and Bohannan 2006).

Understanding the variation of microbial structure in 
spatial scaling could help in providing insights for set-
ting conservation priorities (Du et  al. 2021). Addition-
ally, many previous studies have provided evidence that 
robust spatial distribution patterns are present in numer-
ous ecosystems (e.g., grassland, river, and tidal wetland) 
(Grundmann 2004; Meyer et al. 2018; Shade et al. 2018). 
The DDR, based on mathematical models of real-world 
observations of the spatial distribution pattern of micro-
organisms (Nekola and White 1999), has been proven 
to be a fundamental law in ecological systems (Horner-
Devine et al. 2004). The slopes of DDR could reflect the 
spatial turnover rates of a community (Du et  al. 2021), 
which describe the similarity of a community with change 
in geographic distance (Nekola and McGill 2014; Nekola 
and White 1999). Spatial distribution patterns have been 
observed not only in bacterial communities but also in 
fungal communities from different ecosystems (Li et  al. 
2020; Liu et al. 2019). However, to date, no experiments 
have been performed to simultaneously investigate the 
spatial turnover of more than two microbial organismal 
groups (Wang et al. 2021).

In order to better understand the assembly patterns of 
soil microorganisms and their potential contributions to 
ecosystem function, it is important for us to evaluate the 
deterministic/stochastic processes of microbial commu-
nities (Bahram et al. 2018; Cline and Zak 2014). The most 
promising ways for understanding how stress and geo-
graphic distance affect microbial community assembly 
are NCM (Sloan et al. 2006) and the two null-modelling-
based approaches of NST (Stegen et al. 2013) and iCAMP 
(Ning et  al. 2019). Previous studies have demonstrated 
the practicality of NCM by evaluating the importance of 
stochastic processes acting on community assembly in a 
variety of ecological systems (Burns et al. 2016; Zhou and 
Ning 2017). In detail, this model supports researchers by 
quantifying the importance of the processes of dispersal 
and ecological drift in microbial community assembly 
(Tong et al. 2019). The other null model approaches clas-
sify organisms into specific niches, based on their niche 
preferences, to predict the deterministic processes of a 
community (Bell 2010; Webb et  al. 2002). Furthermore, 
the processes of neutral-based stochasticity and niche-
based determinism greatly influence microbial commu-
nity assembly (Ferrenberg et  al. 2013; Tian et  al. 2017) 
and could explain the observed patterns of diversity, 

composition distribution, and species interaction within 
communities (Wang et al. 2021). Therefore, it could pro-
vide important new insights for the health assessment 
and management of tobacco soil by revealing the varia-
tion patterns and assembly mechanisms of soil microbial 
communities.

In this study, eight tobacco experimental plots were 
chosen along an altitudinal gradient with a total of 76 col-
lected soil samples. We not only evaluated the specific 
relationship of composition and spatial distance between 
multiple microbial communities but also revealed the 
potential of environmental conditions to mediate com-
munity assembly along an environmental stress gradient. 
We hypothesized that (i) microbial community diver-
sity, composition, and structure will change along an 
environmental stress gradient in a regular pattern, but 
that the response of each community (bacteria, fungi, 
and protists) will be different; (ii) as geographic distance 
increases, the similarity of the microbial community will 
decrease, with the bacterial community displaying the 
highest turnover rates; (iii) the different microbial com-
munities would possess different community assembly 
processes, and that there would be a significant influence 
of geographic distance on the assembly process.

Materials and methods
Study site and soil sampling
The study sites were situated at the Wenshan Zhuang 
and Miao Autonomous Prefecture of Yunnan-Kweichow 
Plateau in Yunnan province, China, and experience a sub-
tropical climate. Annually, average temperature is 19 °C, 
frost-free period 356 days, sunshine 2228.9 h, and rainfall 
about 779 mm. The dominate soil types are classified as 
calcareous soil by FAO (Food and Agriculture Organiza-
tion of the United Nations) (Liu et al. 2009).

The study was conducted in late July, 2021, within 
eight distinct areas, each with a different altitude: 
H1 (23°17′N, 104°37′E, 1200  m high), H2 (23°22′N, 
104°36′E, 1250  m high), H3 (23°43′N, 104°47′E, 
1300  m high), H4 (23°56′N, 104°17′E, 1350  m high), 
H5 (23°34′N, 104°21′E, 1400  m high), H6 (23°56′N, 
104°17′E, 1450 m high), H7 (23°32′N, 104°18′E, 1500 m 
high), and H8 (23°6′N, 104°35′E, 1550 m high). Tobacco 
had been cultivated in the experimental plots (one 
experimental plot per altitude) under a rotation regime 
with potato since 2003, with each plot size being larger 
than 300  m2. All experimental plots received similar 
agronomic management.

Soil samples from each experimental plot were col-
lected using a random sampling strategy as follows: a 
soil auger, of 5-cm inner diameter and able to collect to 
a 20 cm depth, was used at each point to collect soil. By 
referring to the previous method of random sampling 
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(5-point sampling method) (Du et al. 2021), five soil sam-
ples were collected within 1  m2 and then mixed to form 
a composite sample. In total, 76 composite soil samples 
(H1, 8 samples; H2, 10 samples; H3, 10 samples; H4, 9 
samples; H5, 10 samples; H6, 9 samples; H7, 10 samples; 
and H8, 10 samples) were collected in July 2021. Each 
composite sample was divided into two parts: one part 
was used to quantify the soil physicochemical properties, 
while the other part was use for DNA extraction.

Soil physicochemical analysis
The soil physicochemical properties were measured 
using previously described methods (Du et  al. 2021), 
including pH, soil organic matter (TOM), total organic 
carbon (TOC), total nitrogen (TN), total phosphorus 
(TP), total potassium (TK), nitrate nitrogen  (NO3

−-N), 
ammonia nitrogen  (NH4

+-N), available phosphorus (AP), 
and available potassium (AK). Properties were quantified 
at the Institute of Soil Science, Chinese Academy of Sci-
ences (Nanjing, China).

DNA extraction, PCR amplification, and sequencing
Microbial DNA was extracted from 0.5  g of thoroughly 
mixed soil using the Mobio DNeasy® PowerSoil® Kit, fol-
lowing the manufacturer’s instruction. Universal prim-
ers of 16S rRNA genes for bacteria (515F: 5′-GTG CCA 
GCMGCC GCG GTAA-3′, 806R: 5′-GGA CTA CHVGGG 
TWT CTAAT-3′), ITS genes for fungi (5.8F: 5′-AAC TTT 
YRR CAA YGG ATC WCT-3′, 4R: 5′-AGC CTC CGC TTA 
TTG ATA TGC TTA ART-3′), and 18S genes for protists 
(first-step primer: 615F of 5′-AGT GTC GAT TCG GTT 
AAA ARG CTC GTA GTY G-3′, 963R of 5′-:AAG ATC 
GTA CTG AAG ARG AYA TCC TTG GTG -3′; second-step 
primer: 615F of 5′-AGT GTC GAT TCG GTT AAA ARG 
CTC GTA GTY G-3′, 947R of 5′-AAG ARG AYA TCC TTG 
GTG -3′), supplemented with sample-specific barcodes 
(Caporaso et  al. 2012; Yarza et  al. 2014), were used to 
perform PCR. Samples were sequenced on the Illumina 
Hiseq platform at Magigene Biotechnology Co., Ltd. 
(Guangzhou, China).

Bioinformatics
First, we assigned both the forward and reverse reads 
to different samples according to their barcodes. Then, 
FLASH (Magoč and Salzberg 2011) was applied to merge 
the forward and reverse reads of individual samples, 
and the combined reads were filtered using Btrim (Kong 
2011) to remove the ambiguous sequences. Next, Trim N 
was used to delete sequences containing N, and Trim by 
Sequence Length was used to trim the sequences based 
on the length. The Greengenes database (DeSantis et al. 

2006), ITS RefSeq database (Schoch et al. 2014), and Pro-
tist Ribosomal Reference  (PR2) database (Guillou et  al. 
2012) were used as references to check for chimeras in 
the bacterial, fungal, and protist communities, respec-
tively. Singletons were retained (Jousset et al. 2017), and 
sequences were clustered into operational taxonomic 
units (OTUs) using UPARSE (Edgar 2013) at a 97% 
threshold. Moreover, for ITS gene sequences, the ITSx 
tool was used to identify ITS sequences and extract the 
ITS regions. Random resampling of 60,000, 25,000, and 
30,000 sequences per bacterial, fungal, and protistan 
sample, respectively, was performed to generate a new 
resampled OTU table. The RDP (Ribosomal Database 
Project) classifier was used to assign bacterial, fungal, and 
protistan OTUs with the Greengenes ribosomal database 
(Wang et  al. 2007), UNITE database (Abarenkov et  al. 
2010), and  PR2 database (Guillou et  al. 2012), respec-
tively, with confidence values > 0.8 (Wang et al. 2007).

Statistical analysis
Detailed statistical analyses were carried out using an 
in-house pipeline (http:// mem. rcees. ac. cn: 8080) (Feng 
et  al. 2017). Two measures of alpha-diversity were cal-
culated to assess the biodiversity of microbial com-
munities. Richness index was obtained by counting the 
observed species numbers in the resampled OTU table. 
Phylogenetic diversity was calculated after selecting the 
OTUs both in the tree file and OTU table. The correla-
tion between microbial communities and soil properties 
was calculated by Mantel test (Goslee and Urban 2007). 
Furthermore, we used VPA (variation partitioning analy-
sis), with adjusted R2 coefficients based on CCA (canoni-
cal correspondence analysis), to quantify the relative 
effects of environmental and spatial factors in structur-
ing community variation (Liu et  al. 2015). The commu-
nity’s dissimilarity was tested using MRPP, ANOSIM, and 
PERMANOVA (Anderson 2001). Microbial community 
diversity was visualized by nonmetric multidimensional 
scaling (NMDS) analysis based on Bray–Curtis dissimi-
larity matrix of the bacterial, fungal, and protistan com-
munities. Core OTUs, defined as OTUs present in all 
eight altitudinal gradients, were visualized by Venn dia-
gram using the R package “RColorBrewer.” By ensuring 
the normal distribution, comparisons of soil variables 
and microbial diversities among the eight sites were 
tested using the analysis of variance (ANOVA) imple-
mented through least significant difference (LSD) test 
and Tukey post hoc tests. The Euclidean distance, based 
on the coordinates of sampling sites, was used to esti-
mate the geographical distance matrix.

We evaluated the DDR based on the taxonomic dissim-
ilarity matrix and estimated the distance decay rate (β) by 

http://mem.rcees.ac.cn:8080
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the regression of log-transformed dissimilarity and log-
transformed geographical distance. DDR was calculated 
by the following equation:

Dissim is the community dissimilarity, c is the intercept 
parameter, D is the geographic distance, log was per-
formed using log 10, and β is the slope of DDR or spa-
tial turnover rate. Permutation tests were performed to 
determine the significant differences in turnover rates (β) 
among the communities.

To evaluate the potential importance of stochastic pro-
cesses in shaping the microbial community, NCM was 
used to predict the relationship between OTU detec-
tion frequency and their relative abundance (Sloan et al. 
2006). Next, two null-modelling-based approaches, NST 
and iCAMP, were applied to infer community assembly 
mechanisms.

Results
Quantification of the stress gradient by edaphic 
physicochemical properties
Some of the measured soil physical and chemical prop-
erties showed significant differences across the alti-
tudinal gradient (Fig. S1). pH (R = 0.57, P < 0.001), TN 
(R = 0.46, P < 0.001), TP (R = 0.35, P = 0.002), TK (R = 0.23, 
P = 0.046), AP (R = 0.24, P = 0.035), AK (R = 0.28, 
P = 0.013), and  NO3

−-N (R = 0.38, P < 0.001) decreased 
significantly with increasing altitude (Fig. S2). Moreo-
ver, TP and TN were the most responsive to altitude 
change as there was a significant difference in each pair 
of altitude samples (ANOVA, P < 0.05), followed by AP, 
 NO3

—N, and pH (Fig. S1). Other properties (i.e., SOM, 
TOC,  NH4

+-N), although exhibiting significant dif-
ferences among treatment, did not respond to altitude 
(P > 0.05) (Figs. S1, S2). PCA (principal components anal-
ysis) results of edaphic physicochemical properties dis-
played a significant separation with spatial scale (Fig. S3). 
The above results proved that tobacco soil physical and 
chemical properties had a strong vertical scale distribu-
tion pattern along the altitudinal gradient, specifically in 
nutrient content (i.e., NPK) and pH value. Thus, hereaf-
ter, we identified the environmental stress gradient as fol-
lowing the soil properties of these eight sites.

The response of diversity, composition, and structure 
from multiple microbial communities in tobacco soil 
to the environmental stress gradient
Using a 97% similar threshold, 10,596 bacterial OTUs, 
7387 fungal OTUs, and 10,689 protistan OTUs were 

(1)log(Dissim) = β × log(D)+ C

obtained across the 228 samples (76 soil samples × three 
microbial communities). Bacterial and fungal observed 
richness both showed significant differences among 
the eight altitudes (Fig.  1a, ANOVA, P < 0.001), while 
the protistan observed richness displayed no difference 
(ANOVA, P > 0.05). Comparing the diversity among the 
three microbial groups, bacteria possessed the highest 
observed richness of species, followed by protists, while 
fungi had the lowest diversity (Fig.  1a). In addition, the 
observed richness of bacteria, fungi, and protists all 
decreased with increasing altitude, but only bacterial 
richness exhibited a significant linear correlation to alti-
tude (Fig. S4; P = 0.007). This indicated there was a sig-
nificant altitude gradient in the richness of bacteria, but 
not for fungi and protists. The differences in group struc-
tures were visualized using NMDS (nonmetric multidi-
mensional scaling) based on Bray–Curtis dissimilarity. 
The results showed that altitude significantly changed 
the structure of the soil bacterial (stress = 0.097), fungal 
(stress = 0.185), and protistan (stress = 0.139) communi-
ties, with the β-diversity among different sites showing 
significant separation between groups (Fig.  1b). Further 
analysis of dissimilarity test revealed significant dif-
ferences among different altitudes (Table S1). Overall, 
altitude reshaped the bacterial, fungal, and protistan 
communities in tobacco soil α and β-diversity.

Altitude could also affect the composition of bacte-
rial, fungal, and protistan communities. The core OTUs 
of the three groups were assessed using a Venn dia-
gram, with 684 bacterial OTUs (6.46% of total OTUs), 
259 fungal OTUs (3.51% of total OTUs), and 519 protis-
tan OTUs (4.86% of total OTUs) present at all altitudes 
(Fig. 1c). The relative abundances of taxa at the phylum 
level were calculated for all three microbial groups. The 
dominant bacteria (relative sequence abundance > 1%) 
of all tobacco soil samples were Proteobacteria 
(35.1–43.0%), Actinobacteria (8.6–18.2%), Acidobac-
teria (5.8–13.4%), Chloroflexi (4.3–13.0%), Gemma-
timonadetes (3.3–10.4%), Unclassified (4.9–7.5%), 
Bacteroidetes (3.2–11.0%), Candidatus Saccharibacteria 
(2.1–7.8%), Nitrospirae (0.7–2.3%), Verrucomicrobia 
(0.9–2.1%), and Firmicutes (0.5–1.4%). The dominant 
fungal phyla were Ascomycota (31.9–66.1%), Basidi-
omycota (7.3–44.9%), Unclassified (15.4–29.3%), Zygo-
mycota (1.6–11.5%), and Chytridiomycota (0.4–3.8%). 
The dominant protistan phyla were Archaeplastida 
(52.0–76.2%), Opisthokonta (8.9–22.0%), Rhizaria 
(4.6–18.5%), Amoebozoa (1.8–5.4%), Stramenopiles 
(1.8–8.0%), Alveolata (2.0–3.5%), and Unclassified 
(0.9–2.5%) (Fig. 1d). The above results showed that the 
compositions of the three microbial groups possessed 
great variation among the eight different altitudes.
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Spatial turnovers of bacterial, fungal, and protistan 
community structure in tobacco soil
To calculate and compare spatial turnover of the three 
microbial communities in tobacco soil, their DDRs were 
estimated. First, we evaluated the DDR of all communi-
ties, and the results indicated that the taxonomic compo-
sition dissimilarity (Bray–Curtis distance) of the bacterial 

(R2 = 0.2435, P < 0.001), fungal (R2 = 0.2284, P < 0.001), 
and protistan (R2 = 0.2367, P < 0.001) communities was 
significantly correlated with geographic distance (Euclid-
ean distance) (Fig. 2a), whereby the increased community 
dissimilarity with geographical distance indicated that 
the taxa of these distinct microbial groups exhibited a 
generally similar spatial pattern. Second, the DDR slopes 
(β) indicated significant differences in spatial turnover 

Fig. 1 The diversity, structure, and composition of soil microbial communities in tobacco soil across eight altitudes. a The richness of soil bacterial, 
fungal, and protistan communities and the significance of ANOVA test: different letters indicate significant differences based on the false discovery 
rate P-value (P < 0.05). b Nonmetric multidimensional scaling (NMDS) analysis based on Bray–Curtis dissimilarity matrix of bacterial, fungal, and 
protistan communities (n = 76 per community). Ellipses represented the 95% confidence intervals. c Venn plot of the bacterial, fungal, and protistan 
communities. d Relative abundances of the dominant phyla of the bacterial, fungal, and protistan communities. The upper half circles are sample 
information, and the off-circles are species taxonomic information (phylum level)
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rate among the microbial groups (Fig.  2b). Slope of the 
bacterial community (β = 0.146) was significantly higher 
(ANOVA, P < 0.001) than that of the fungal (β = 0.059) 
and protistan (β = 0.060) communities, while there was 
no difference between the fungal and protistan com-
munities (ANOVA, P > 0.05), indicating that the bacte-
rial community possessed the highest conversion rate in 
tobacco soil.

Relative influence and contribution of environmental 
factors and geographical distance on microbial community 
distribution
To evaluate the impact of environmental factors and 
geographic distance on the soil microbial community, 
the Mantel test (i.e., Bray–Curtis dissimilarity) was used 
(Fig. 3a, b, c). The results showed that the dissimilarity of 
bacterial, fungal, and protistan communities in tobacco 
soil was all strongly correlated with geographic distance 
(i.e., altitude and latitude, P < 0.001) and environmental 
stress (i.e., pH,P < 0.05). The bacterial community was 
significantly correlated with some soil nutrients, i.e., 
SOM (r = 0.177, P < 0.001), TOC (r = 0.180, P < 0.001), 
TK (r = 0.167, P < 0.01), AK (r = 0.093, P < 0.05), and 
 NO3

−-N (r = 0.124, P < 0.01). The fungal community was 
significantly correlated with TN (r = 0.126, P < 0.01), TK 
(r = 0.169, P < 0.001), and  NO3

−-N (r = 0.065, P < 0.05), 
and the protistan community was significantly correlated 
with SOM (r = 0.085, P < 0.05), TN (r = 0.098, P < 0.05), 
TK (r = 0.146, P < 0.01), AP (r = 0.165, P < 0.05),  NO3

−-N 
(r = 0.228, P < 0.001), and  NH4+-N (r = 0.245, P < 0.05). 
These results indicated that in addition to geographic 

distance, environmental stress and soil nutrients had sig-
nificant influence on tobacco soil microbial communities.

In order to further evaluate the relative contribution of 
soil nutrients, environmental pressure, and geographical 
distance to the bacterial, fungal, and protistan communi-
ties, VPA (variance partitioning analysis) was performed. 
The results indicated that environmental and spatial fac-
tors could explain only a portion of the bacterial (30.1%), 
fungal (20.7%), and protistan (21.1%) communities’ varia-
tion (Fig. 3d, e, f ). The VPAs performed on environmental 
stress (i.e., pH), soil nutrients (i.e., SOM, TOC, TN, TP, 
TK, AP, AK,  NO3

—N, and  NH4
+-N), and geographic spa-

tial (i.e., altitude, latitude, and longitude) models showed 
that for the three communities (i.e., bacterial, fungal, and 
protistan communities) in tobacco soil, the pure envi-
ronmental stress explained a mean of 2.1%, 1.4%, and 
1.1%; the pure geographic spatial explained a mean of 
6.0%, 4.4%, and 5.1%; and pure soil nutrients explained 
a mean of 14.6%, 12.7%, and 12.6% of the communities 
variations, respectively. Consequently, the majority of 
variation (69.9%, 79.3%, 78.9% for the bacterial, fungal, 
and protistan communities, respectively) could not be 
explained, indicating the potential importance of neutral 
or stochastic processes for community assembly.

The importance of stochastic and deterministic processes 
in the assembly of different microbial communities 
in tobacco soils
The NCM could evaluate the correlations between the 
OTUs’ occurrence frequency and the variations of rela-
tive abundance (Fig. 4a, Table 1), with 83.4%, 46.3%, and 

Fig. 2 Distance-decay relationship (DDR) for the three soil microbial communities. a DDR based on Sørensen dissimilarity along geographic 
distances for the bacterial, fungal, and protistan communities. Equation for the linear relationships is given in the plot with the corresponding 
P-values, which were corrected for nonindependence of pairwise comparisons using a permutation test. Solid lines are the mean fits, and shading 
represents the 95% confidence intervals. b DDR slope significance test of soil communities and the significance of ANOVA test. Each bar and error 
bar are the mean and standard deviation, respectively. Different letters indicate significant differences based on the false discovery rate P-value 
(P < 0.05). The values on the bars are the slope β of DDR, representing the spatial turnover rate of species
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69.9% of explained community variance for bacterial, 
fungal, and protistan communities, respectively. The 
results of this study show that stochastic processes played 
a very dominate role in shaping the bacterial and protis-
tan communities, while deterministic processes played a 
dominate role in shaping the fungal community.

Furthermore, a null model test, namely null model 
test on Permdisp, was also used to evaluate the relative 
importance of stochastic and deterministic processes in 
shaping the bacterial, fungal, and protistan communi-
ties. The null model test results showed that dissimi-
larities of the bacterial and protistan communities were 
significantly lower than expected based on null expecta-
tions (ANOVA, P < 0.001, Table 1), suggesting the impor-
tance of stochastic processes in community assembly. 
Also, based on null expectation, the dissimilarity of fun-
gal communities was significantly higher than expected, 
which indicated the importance of deterministic pro-
cesses in fungal community assembly. To further quantify 
the relative importance of homogenous selection, het-
erogeneous selection, homogenous dispersal, dispersal 

limitation, and drift processes in shaping succession of 
the soil microbial communities, NST and iCAMP were 
used (Figs. 4b and 5).

NST results showed that while stochasticity was the 
predominant overall mechanism for the bacterial and 
protistan communities, determinism was the predomi-
nant mechanism at three altitudes (H1: 47.4%, H4: 
39.3%, and H6: 46.0%) for the protistan communities. 
Determinism was observed to be the overall predomi-
nant mechanism in the fungal community (Fig.  4b). 
These results revealed that stochasticity was stronger 
in the bacterial community than protistan and was 
weakest in the fungal community. Next, we used a sec-
ond null model approach, iCAMP, which consisted of 
phylogenetic matrices, further clarify different assem-
bly processes and quantify their relative importance. 
We found that drift dominated bacterial community 
assembly (Figs.  5a and S5), while dispersal limitation 
dominated assembly of the fungal and protistan com-
munities (Fig.  5b, c, Fig. S6, and Fig. S7). By combin-
ing the results of NST and iCAMP, we found that 

Fig. 3 Mantel test and the variance partitioning analysis (VPA) between microbial community and geographic/edaphic variables factors. Mantel 
test between the Bray–Curtis dissimilarity of a bacterial, b fungal, and c protistan communities and geographic/edaphic variables factors. The 
geographic distance was calculated by Euclidean distance. Heatmaps show the Pearson correlation between environmental variables, and different 
colored lines show the P-values Mantel correlation, which were corrected for nonindependence of pairwise comparisons using a permutation test. 
Variation partitioning analysis based on CCA illustrating the effects of geographic/edaphic variables factors on the bacterial (d), fungal (e), and 
protistan (f) communities in tobacco soils. The environmental stress group consisted of pH, the soil nutrients group consisted of SOM, TOC, TN, TP, 
TK, AP, AK,  NO3

−-N, and  NH4+-N, and the geographic spatial group consisted of altitude, latitude, and longitude
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only fungal community assembly was more strongly 
impacted by deterministic processes than stochastic 
processes in tobacco soil.

Effects of geographical distance and environmental factors 
on microbial community assembly
Geographic distance, environmental stress, and soil 
nutrients were detectable factors in influencing assem-
bly of the microbial communities. First, we precisely 
distinguished each assembly process (i.e., homogeneous 
selection, heterogeneous selection, homogenizing dis-
persal, dispersal limitation, and drift) over spatial dis-
tance. The results revealed that all assembly processes 

of the bacterial community were significantly correlated 
with geographic distance (P < 0.001), i.e., the percentage 
of dispersal limitation and heterogeneous selection rose 
significantly, while the heterogeneous dispersal, homoge-
neous selection, and drift decreased as distance increased 
(Fig.  5a). Except for heterogeneous selection, all other 
assembly processes of the fungal community were sig-
nificantly correlated with geographic distance (P < 0.001), 
i.e., the percentage of dispersal limitation rose signifi-
cantly, while the heterogeneous dispersal, homogene-
ous selection, and drift decreased as distance increased 
(Fig. 5b). However, for the protistan community, only dis-
persal limitation (P < 0.001) and heterogeneous selection 

Fig. 4 Fit of the neutral community model (NCM) and null model of community assembly. a The predicted occurrence frequencies for bacterial, 
fungal, and protistan communities, respectively. The solid blue lines indicate the best fit to the NCM, and the dashed blue lines represent 95% 
confidence intervals around the model prediction. OTUs that occur more (blue color) or less (red color) frequently than predicted by the NCM are 
shown. Nm indicates the metacommunity size times immigration; R2 indicates the fit to this model. b Normalized stochasticity ratio of bacterial, 
fungal, and protistan communities in different sample groups. Different colors represent different altitudes (from H1 with red color to H8 with hot 
pink color). Each bar and error bar are the mean and standard deviation, respectively. Red dashed lines represent the 50% NST value, which is the 
cut-off value between stochastic and deterministic processes

Table 1 Significance tests of the differences of dissimilarity among the bacterial, fungal, and protistan communities and null model 
simulations and overall stochastic and deterministic ratios

The P-values were corrected for nonindependence of pairwise comparisons using a permutation test and significantly differed at the level of 0.001***

Dissimilarity of actual 
communities

Dissimilarity of the null 
expectations

F P Stochastic ratio Deterministic ratio

Bacteria 0.437 0.596 282.37  < 0.001*** 83.40% 16.60%

Fungi 0.718 0.681 24,785.52  < 0.001*** 46.30% 53.70%

Protist 0.336 0.682 262.6  < 0.001*** 69.90% 30.10%
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(P = 0.009) rose significantly as distance increased 
(Fig. 5c). Together, these results indicated that the influ-
ence of dispersal limitation will strengthen and play an 
increasingly important role in the formation of com-
munity structure for bacteria, fungi, and protists with 
increasing spatial distance in tobacco soil.

Furthermore, we assessed whether environmen-
tal factors could explain the variation or differences 
of community composition during assembly. Mantel 
test results of assembly processes and environmen-
tal factors for the bacterial community showed that 
pH significantly influenced heterogeneous selection 
(r = 0.119, P = 0.004) and dispersal limitation (r = 0.213, 
P = 0.002), TN only significantly influenced dispersal 
limitation (r = 0.196, P = 0.001), and  NO3

−-N only sig-
nificantly influenced homogeneous selection (r = 0.134, 
P = 0.042) (Table S2). For the fungal community assem-
bly processes, heterogeneous selection was significantly 

influenced by TK (r = 0.085, P = 0.008), AP (r = 0.169, 
P = 0.002) and  NO3

−-N (r = 0.243, P = 0.002); homoge-
neous selection was significantly influenced by TOC 
(r = 0.075, P = 0.041) and AK (r = 0.114, P = 0.026); and 
dispersal limitation was only significantly influenced by 
TN (r = 0.120, P = 0.008) (Table S3). While for the pro-
tistan community, only homogeneous selection was sig-
nificantly influenced by pH (r = 0.179, P = 0.016) (Table 
S4).

Discussion
One of the central issues in microecology is to shed light 
onto the underlying processes and mechanisms of com-
plex microbial communities and the relative influence of 
various factors on their assembly (Nemergut et al. 2013; 
Thompson et al. 2017). To date, a number of studies have 
been done on the spatial distribution patterns of soil 
microorganisms, but few of these have considered the 

Fig. 5 The relative percentages of different assembly processes of microbial communities in tobacco soil based on infer community assembly 
mechanisms by phylogenetic-bin (iCAMP) measurement over geographic distances for a bacterial, b fungal, and c protistan communities. Different 
colors represent different assembly processes. Equation for the linear relationships is presented in the plot with the corresponding P-values, 
which were corrected for nonindependence of pairwise comparisons using a permutation test. Solid lines indicate the mean fits, and the shading 
represents 95% confidence intervals
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response of the microbiome assembly process to envi-
ronmental changes caused by altitude (Chen et al. 2019; 
Hanson et  al. 2012; Zhang et  al. 2018). Furthermore, 
many studies have only explored natural ecosystems, 
such as grasslands (Du et  al. 2021; Wang et  al. 2021). 
Previous studies revealed that soil microbial communi-
ties in different habitats have different spatial distribution 
patterns (Martiny et  al. 2011; Wang et  al. 2017). There-
fore, in this study, we evaluated the specific relationship 
between community structure and spatial distance of 
multiple microbial groups in a tobacco soil ecosystem. 
Meanwhile, the potential of environmental conditions 
to regulate community assembly across environmental 
pressure gradients at different taxonomic levels was ana-
lyzed. Our study helps illuminate the spatial patterns of 
microorganisms in farmland ecosystems under anthro-
pogenic disturbance and to reveal their underlying pro-
cesses and mechanisms.

Many previous studies have shown that altitude was 
an important factor shaping soil properties, and dif-
ferent physiochemical soil property gradients will be 
formed along an altitudinal gradient (Feng et al. 2021; Li 
et al. 2022; Shedayi et al. 2016). Our results showed that 
with increasing altitude, soil pH decreased significantly 
(P < 0.05), from neutral to acidic, and soil nutrient (i.e., 
N, P, K) content also decreased significantly (Figs.  S1, 
S2). These changes in soil properties along altitude could 
significantly increase the survival pressure on soil micro-
organisms (Hernandez et  al. 2021); therefore, we regard 
that, in our study setup, increasing altitude shaped an 
environmental stress gradient in the tobacco soil, and the 
higher the altitude, the greater the environmental stress.

It is well-known that gradients of different soil vari-
ables will be formed along an altitudinal gradient (Feng 
et al. 2021; Li et al. 2022; Shedayi et al. 2016). Soil nutri-
ent composition has a significant impact on the diversity, 
composition, and structure of soil microbial communi-
ties (Guo et al. 2018a; Wang et al. 2021). Thus, the most 
obvious phenomenon of increasing altitude was the 
change of soil variables, which subsequently decreased 
community diversity and altered community composi-
tion (Hernandez et  al. 2021; Rocca et  al. 2019; Zhang 
et al. 2021). In our study, diversities of the bacterial, fun-
gal, and protistan communities all decreased (β = 0.663, 
0.043, and 0.842, respectively) with the increasing envi-
ronmental stress caused by altitude (Fig. S4). The NMDS 
and dissimilarity test results indicated that the bacterial, 
fungal, and protistan community structures were also 
significantly different along the environmental stress 
gradient (Fig.  1b, Table  S1). There are several potential 
reasons for why increased environmental stress reduces 
community diversity and alters community structure. 
Firstly, this result might be caused by the variation in 

environmental nutrients (i.e., NPK) and geographic con-
ditions along the altitudinal gradient (Chen et al. 2019). 
Mantel test showed that the bacterial, fungal, and protis-
tan communities were significantly correlated with soil 
nutrients (Fig.  3a, P < 0.05). Secondly, the niche width 
that a habitat could provide has been reduced. Previous 
studies have shown that the niche width of non-native 
species decreased with increasing altitude (Ahmad et al. 
2021). Thirdly,  an environmental filter (e.g., pH) was 
increased along stress gradients from H10 to H8  (Her-
nandez et al. 2021; Zhang et al. 2021). We found that pH 
was significantly correlated with the microbial commu-
nity (Fig.  3a,  P < 0.01). Therefore, as altitude continues 
to increase, more diverse microbial communities will be 
formed along the environmental stress gradients.

Soil variable differences caused by altitude are not the 
only factor that could affect microbial communities. 
Geographic distance also plays an important role in shap-
ing communities (Du et  al. 2021; Liu et  al. 2014; Wang 
et  al. 2021). Previous studies have demonstrated soil 
microbial communities possess clear spatial scaling pat-
terns in DDR (Deng et al. 2016, 2018), but this has rarely 
been shown to occur simultaneously in multiple com-
munities (Du et  al. 2021; Wang et  al. 2021), especially 
for bacteria, fungi, and protists together. In this study, 
we observed a significant DDR for the bacterial, fungal, 
and protistan communities in tobacco soil (Fig. 2a). This 
biogeographical pattern suggested these communities 
have comparable spatial sensitivity (Logares et al. 2013). 
The geographic distance as an indicator of microbial dis-
persal (Xiong et  al. 2012), and our Mantel test results, 
revealed a strong correlation between soil bacterial, fun-
gal, and protistan communities with geographic distance 
(Fig. 3a). Furthermore, previous studies have shown that 
the effects of geographic distance and environmental fil-
tration on microorganisms were covariant (Hanson et al. 
2012; Logares et  al. 2020). Additionally, the Mantel test 
revealed a strong correlation between soil bacterial, fun-
gal, and protistan communities and pH (Fig. 3a). Current 
consensus within the scientific community is that soil 
pH is a critical driver for microbial community diver-
sity and structure at local (Zhou et  al. 2017), regional 
(Liu et  al. 2014), and continental (Bahram et  al. 2018) 
scales. Furthermore, we observed a steeper slope in bac-
terial community, indicating that soil bacteria possessed 
greater dissimilarity over geographic distance than the 
fungal and protistan communities (Fig.  3b). The differ-
ence in spatial turnover patterns between the communi-
ties might be explained by species characteristics (e.g., 
body size) (De Bie et  al. 2012), niche selection (Ahmad 
et al. 2021), and microbial dispersal limitation (Du et al. 
2021). Firstly, in contrast to fungi and protists, bacteria 
experience greater difficultly in dispersal and drift due 
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to their smaller size (De Bie et al. 2012). Secondly, due to 
the differences in ecological niches at different elevations, 
the biomass of different communities may increase with 
the change of soil variables (Bell 2010). Finally, microbial 
dispersal limitation, which describes when the movement 
and colonization of species in a new location is restricted, 
may be another factor leading to more-dissimilar struc-
tures among communities (Zhou and Ning 2017).

Although soil variables and geographic distance were 
identified as playing important roles in reshaping the 
microbial community, our VPA results demonstrated 
that environmental and spatial factors accounted for a 
small proportion (20.7–30.1%) of community variation, 
meaning they had only a minor effect on the communi-
ties (Fig. 3b). Several previous studies that used VPA have 
also found that a large proportion of microbial commu-
nity variation among different habitats are unexplained 
(Chen et al. 2019; Roguet et al. 2015; Zhang et al. 2018). 
This result could have several possible explanations. First, 
although we measured several soil variables, there were 
still a number of variables unaccounted for in this study, 
some of which may be important factors affecting the 
large portion of unexplained community variation (Chen 
et  al. 2019; Lindström and Langenheder 2012; Nabout 
et  al. 2009). Second, biotic interactions are also recog-
nized to be an important mechanism that could influence 
the community distribution based on niche-based theory 
(Zhou and Ning 2017), and these interactions cannot be 
quantified by VPA (Lima-Mendez et  al. 2015; Wei et  al. 
2016). Third, VPA tends to undervalue the contribution 
of environmental variables (Gilbert and Bennett 2010). 
Therefore, caution should be exercised when using VPA 
to measure the contribution of environmental and spa-
tial variables to community variation (Chen et al. 2019), 
and it should be used as an exploratory tool together 
with other approaches. In our study, we used the neutral 
community model (Sloan et al. 2006) and null model (i.e., 
NST and iCAMP) (Ning et al. 2019; Stegen et al. 2013) to 
estimate the relative importance of stochastic and deter-
ministic processes, which could overcome the short-
comings of VPA by relating community composition to 
environmental and spatial variables.

The process of microbial community assembly is deter-
mined by either deterministic or stochastic processes 
(Stegen et al. 2013). NCM could be used to quantify some 
ecological processes that are difficult to observed directly 
but can greatly affect the microbial community (i.e., dis-
persal and ecological drift) (Tong et  al. 2019). The NST 
and iCAMP approaches (Ning et  al. 2019; Stegen et  al. 
2013) allowed us to detect the relative influences of sto-
chastic and deterministic processes based on taxonomic 
dissimilarity. Our results estimated a major part of the 
variation in the bacterial and protistan communities 

(Figs.  4 and 5), suggesting a critical role for stochastic 
balance between the loss and gain of microorganisms 
(e.g., stochastic births, deaths, and immigration) in the 
community assembly process (Hanson et al. 2012; Sloan 
et  al. 2006). Another important impact of stochastic 
processes is that community similarity is predicted to 
decrease along geographic distance gradients due to dis-
persal limitation as calculated by neutral theory (Chase 
and Myers 2011). This was confirmed by the significantly 
strong DDR patterns of microbial communities in our 
study (Fig.  2a). In addition, the fungal community was 
demonstrated to be impacted by deterministic processes 
(Figs. 4 and 5), including both heterogeneous and homo-
geneous selections and partially by dispersal limitation 
(Du et al. 2021; Ning et al. 2019; Zhou and Ning 2017), 
revealing the importance of determinism in shaping the 
tobacco soil community.

Mantel test was used to measure the correlation 
between the assembly processes dissimilarity of the 
microbial communities and environmental factors. The 
results indicated the drift of the bacterial community was 
not influenced by any of the tested soil variables (Table 
S2). However, the deterministic processes of the fungal 
community were dominated by several factors including 
TOC, TN, TP, TK, AP, AK, and  NO3

−-N (Table S3), and 
only pH influenced homogeneous selection of the protis-
tan community (Table S4). These results suggested niche 
selection might be a major factor in shaping the fungal 
community (Bebber and Chaloner 2022; Crowther et al. 
2014), but not for the bacterial and protistan communi-
ties of tobacco soil. Furthermore, not all assembly pro-
cesses of the three communities displayed significant 
correlation with altitude (P > 0.05) (Figs. S5, S6  and S7). 
But all assembly processes in bacteria (P < 0.001), fungal 
assembly, except for homogeneous selection (P < 0.001), 
and dispersal limitation process of the protozoan com-
munities (P < 0.001) were significantly related to geo-
graphic distance (Fig. 5). These results indicated bacterial 
communities were most sensitive to geographic distance, 
followed by the fungal and protozoan communities, 
which may be related to niche selection and organism 
size as mentioned earlier (Ahmad et al. 2021; De Bie et al. 
2012). On the other hand, our results indicated that spa-
tial distance mainly affects fungal and protozoan com-
munities by influencing dispersal limitations (Fig. 5b and 
c), while bacteria were mainly affected by drift (Fig. 5a), 
which may account for why bacteria possessed the high-
est stochastic ratio among the three communities. In 
conclusion, the above results indicated that at a cer-
tain spatial scale, the increase of species turnover in the 
tobacco soil fungal community was mainly due to niche 
selection and dispersal limitation.
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Conclusion
Our study systematically revealed how multiple com-
munities scaled along an altitudinal profile in tobacco 
soil and shed light onto the underlying processes and 
mechanisms. We found highly similar results across the 
communities analyzed along an environmental stress gra-
dient, with biodiversity scaling differently with increasing 
altitude and communities displaying higher diversity at 
lower altitude sites. This was due to the loss of soil nutri-
ents with altitude, niche selection, and the increase of 
environmental filtering (i.e., pH). In addition, all micro-
bial communities displayed clear spatial scaling patterns, 
with bacteria possessing the highest spatial turnover 
rates, which could be driven by drift. Furthermore, fungi 
showed the importance of determinism in shaping the 
community, which could be driven simultaneously by 
both niche selection and dispersal limitation. Our find-
ings provide a complementary perspective to the study 
of multiple communities across different horizontal and 
vertical spatial scales. However, our work has left some 
questions unanswered, with further research still neces-
sary to evaluate which biotic interactions influence com-
munity assembly along environmental stress gradients 
and over geographic distance.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s13213- 023- 01717-8.

Additional file 1: Table S1. The dissimilarity test of microbial community 
structure among all altitudinal samples based on Bray–Curtis distance. The 
significant levels were described as 0.001***, 0.01**, and 0.05*. Table S2. 
Mantel test between the assembly process dissimilarity of bacterial 
community and environmental factors. Environmental factors signifi-
cantly correlated with the assembly process dissimilarity at the levels of 
0.0001***, 0.01**, and 0.05* are in bold. Table S3. Mantel test between the 
assembly process dissimilarity of fungal community and environmental 
factors. Environmental factors significantly correlated with the assembly 
process dissimilarity at the levels of 0.0001***, 0.01**, and 0.05* are in 
bold. Table S4. Mantel test between the assembly process dissimilar-
ity of protistan community and environmental factors. Environmental 
factors significantly correlated with the assembly process dissimilarity 
at the levels of 0.0001***, 0.01**, and 0.05* are in bold. Fig. S1. The soil 
properties of different altitudes, including pH, soil organic matter (TOM), 
total organic carbon (TOC), total nitrogen (TN), total phosphorus (TP), 
total potassium (TK), nitrate nitrogen  (NO3

−—N), and ammonia nitrogen 
 (NH4

+-N), available phosphorus (AP), available potassium (AK). Different 
letters (a, b, c, d, e) indicate significant differences (ANOVA, P < 0.05). Fig. 
S2. Pearson correlation between soil properties and altitude. Shaded areas 
indicate 95% confidence interval. Fig. S3. Principal Component Analysis 
(PCA) of tobacco soil properties. Different colors indicate altitude. Fig. S4. 
Pearson correlation between community diversity (i.e., observed richness) 
and altitude. Shaded areas indicate 95% confidence interval. Fig. S5. Pear-
son correlation between bacterial community assembly processes (i.e., 
heterogeneous selection, homogeneous selection, dispersal limitation, 
homogenizing dispersal and drift) and altitude. Shaded areas indicate 95% 
confidence interval. Fig. S6. Pearson correlation between fungal com-
munity assembly processes (i.e., heterogeneous selection, homogeneous 
selection, dispersal limitation, homogenizing dispersal and drift) and 
altitude. Shaded areas indicate 95% confidence interval. Fig. S7. Pearson 
correlation between protistan community assembly processes (i.e., 

heterogeneous selection, homogeneous selection, dispersal limitation, 
homogenizing dispersal and drift) and altitude. Shaded areas indicate 95% 
confidence interval. Supplementary data 1. The relative abundance of 
bacteria at phylum level. Supplementary data 2. The relative abundance 
of fungi at phylum level. Supplementary data 3. The relative abundance 
of protist at phylum level. Supplementary data 4.

Acknowledgements
We thank Dr. James Walter Voordeckers for carefully editing the grammar of 
the manuscript and for some valuable suggestions for this manuscript.

Authors’ contributions
PL, TX, QH, and YZ designed the experiments. YY, ZW, XD, BW, and WL took 
samples and performed all data measurement. SG and YY contributed to the 
data analysis. PL and YZ wrote the manuscript. All authors read and approved 
the manuscript.

Funding
This research was supported by the Wenshan Tobacco Company of Yunnan 
Province (2021530000241033) of China.

Availability of data and materials
All 16S rRNA gene libraries from Illumina amplicon sequencing were submit-
ted to the ScienceDB (https:// www. scidb. cn/s/ iq6VZn) under the project 
https:// doi. org/ 10. 57760/ scien cedb. 06737. All ITS gene libraries from Illumina 
amplicon sequencing were submitted to the ScienceDB (https:// www. scidb. 
cn/s/ YzYnau) under the project https:// doi. org/ 10. 57760/ scien cedb. 06738. All 
ITS 18S rRNA gene libraries from Illumina amplicon sequencing were submit-
ted to the ScienceDB (https:// www. scidb. cn/s/ ryuEje) under the project 
https:// doi. org/ 10. 57760/ scien cedb. 06743.

Declarations

Ethics approval and consent to participate
This article does not contain any studies with human participants or animals 
performed by any of the authors.

Consent for publication
All of the authors have read and approved the manuscript. This work has not 
been published previously, nor is it being considered by any other peer-
reviewed journal.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Wenshan Tobacco Company of Yunnan Province, Wenshan, Yunnan, China. 
2 Hunan Agricultural University, Changsha, Hunan, China. 3 Key Laboratory 
for Environmental Biotechnology, Research Center for Eco-Environmental Sci-
ences, Chinese Academy of Sciences (CAS), Beijing, China. 

Received: 4 November 2022   Accepted: 29 March 2023

References
Abarenkov K, Henrik Nilsson R, Larsson KH, Alexander LJ, Eberhardt U, Erland 

S, Høiland K, Kjøller R, Larsson E, Pennanen T, Sen R, Taylor AFS, Tedersoo 
L, Ursing BM, Vrålstad T, Liimatainen K, Peintner U, Kõljalg U (2010) The 
UNITE database for molecular identification of fungi – recent updates 
and future perspectives. New Phytol 186(2):281–285. https:// doi. org/ 10. 
1111/j. 1469- 8137. 2009. 03160.x

Ahmad M, Sharma P, Rathee S, Singh HP, Batish DR, Lone GR, Kaur S, Jaryan V, 
Kohli RK (2021) Niche width analyses facilitate identification of high-risk 
endemic species at high altitudes in Western Himalayas. Ecol. Indic. 
126:107653. https:// doi. org/ 10. 1016/j. ecoli nd. 2021. 107653

https://doi.org/10.1186/s13213-023-01717-8
https://doi.org/10.1186/s13213-023-01717-8
https://www.scidb.cn/s/iq6VZn
https://doi.org/10.57760/sciencedb.06737
https://www.scidb.cn/s/YzYnau
https://www.scidb.cn/s/YzYnau
https://doi.org/10.57760/sciencedb.06738
https://www.scidb.cn/s/ryuEje
https://doi.org/10.57760/sciencedb.06743
https://doi.org/10.1111/j.1469-8137.2009.03160.x
https://doi.org/10.1111/j.1469-8137.2009.03160.x
https://doi.org/10.1016/j.ecolind.2021.107653


Page 14 of 16Li et al. Annals of Microbiology           (2023) 73:20 

Allison SD, Lu Y, Weihe C, Goulden ML, Martiny AC, Treseder KK, Martiny JBH 
(2013) Microbial abundance and composition influence litter decomposi-
tion response to environmental change. Ecology 94(3):714–725. https:// 
doi. org/ 10. 1890/ 12- 1243.1

Anderson MJ (2001) A new method for non-parametric multivariate analysis 
of variance. Austral Ecol 26(1):32–46. https:// doi. org/ 10. 1111/j. 1442- 9993. 
2001. 01070. pp.x

Bahram M, Hildebrand F, Forslund SK, Anderson JL, Soudzilovskaia NA, 
Bodegom PM, Bengtsson-Palme J, Anslan S, Coelho LP, Harend H, Huerta-
Cepas J, Medema MH, Maltz MR, Mundra S, Olsson PA, Pent M, Põlme S, 
Sunagawa S, Ryberg M, Tedersoo L, Bork P (2018) Structure and function 
of the global topsoil microbiome. Nature 560(7717):233–237. https:// doi. 
org/ 10. 1038/ s41586- 018- 0386-6

Bebber DP, Chaloner TM (2022) Specialists, generalists and the shape of the 
ecological niche in fungi. New Phytol 234(2):345–349. https:// doi. org/ 10. 
1111/ nph. 18005

Bell T (2010) Experimental tests of the bacterial distance–decay relationship. 
ISME J 4(11):1357–1365. https:// doi. org/ 10. 1038/ ismej. 2010. 77

Burns AR, Stephens WZ, Stagaman K, Wong S, Rawls JF, Guillemin K, Bohannan 
BJM (2016) Contribution of neutral processes to the assembly of gut 
microbial communities in the zebrafish over host development. ISME J 
10(3):655–664. https:// doi. org/ 10. 1038/ ismej. 2015. 142

Caporaso JG, Lauber CL, Walters WA, Berg-Lyons D, Huntley J, Fierer N, Owens 
SM, Betley J, Fraser L, Bauer M, Gormley N, Gilbert JA, Smith G, Knight 
R (2012) Ultra-high-throughput microbial community analysis on the 
Illumina HiSeq and MiSeq platforms. ISME J 6(8):1621–1624. https:// doi. 
org/ 10. 1038/ ismej. 2012.8

Chalmandrier L, Pansu J, Zinger L, Boyer F, Coissac E, Génin A, Gielly L, Lavergne 
S, Legay N, Schilling V, Taberlet P, Münkemüller T, Thuiller W (2019) Envi-
ronmental and biotic drivers of soil microbial β-diversity across spatial 
and phylogenetic scales. Ecography 42(12):2144–2156. https:// doi. org/ 10. 
1111/ ecog. 04492

Chase JM, Myers JA (2011) Disentangling the importance of ecologi-
cal niches from stochastic processes across scales. Phil Trans R Soc B 
366(1576):2351–2363. https:// doi. org/ 10. 1098/ rstb. 2011. 0063

Chen WD, Ren KX, Isabwe A, Chen HH, Liu M, Yang J (2019) Stochastic 
processes shape microeukaryotic community assembly in a subtropical 
river across wet and dry seasons. Microbiome 7(1):138. https:// doi. org/ 10. 
1186/ s40168- 019- 0749-8

Cline LC, Zak DR (2014) Dispersal limitation structures fungal community 
assembly in a long-term glacial chronosequence. Environ Microbiol 
16(6):1538–1548. https:// doi. org/ 10. 1111/ 1462- 2920. 12281

Comerford NB, Franzluebbers AJ, Stromberger ME, Morris L, Markewitz D, 
Moore R (2013) Assessment and evaluation of soil ecosystem services. 
Soil Horizons 54(3):sh12-10–0028. https:// doi. org/ 10. 2136/ sh12- 10- 0028

Crowther TW, Maynard DS, Crowther TR, Peccia J, Smith JR, & Bradford MA 
(2014) Untangling the fungal niche: the trait-based approach. Front 
Microbiol 5. https:// doi. org/ 10. 3389/ fmicb. 2014. 00579

De Bie T, De Meester L, Brendonck L, Martens K, Goddeeris B, Ercken D, Hampel 
H, Denys L, Vanhecke L, Van der Gucht K, Van Wichelen J, Vyverman W, 
Declerck SAJ (2012) Body size and dispersal mode as key traits determin-
ing metacommunity structure of aquatic organisms. Ecol Lett 15(7):740–
747. https:// doi. org/ 10. 1111/j. 1461- 0248. 2012. 01794.x

Deng Y, He ZL, Xiong JB, Yu H, Xu MY, Hobbie SE, Reich PB, Schadt CW, Kent A, 
Pendall E, Wallenstein M, Zhou JZ (2016) Elevated carbon dioxide acceler-
ates the spatial turnover of soil microbial communities. Glob Change Biol 
22(2):957–964. https:// doi. org/ 10. 1111/ gcb. 13098

Deng Y, Ning DL, Qin YJ, Xue K, Wu LY, He ZL, Yin HQ, Liang YT, Buzzard V, 
Michaletz ST, Zhou JZ (2018) Spatial scaling of forest soil microbial com-
munities across a temperature gradient. Environ Microbiol 20(10):3504–
3513. https:// doi. org/ 10. 1111/ 1462- 2920. 14303

DeSantis TZ, Hugenholtz P, Larsen N, Rojas M, Brodie EL, Keller K, Huber T, 
Dalevi D, Hu A, Andersen GL (2006) Greengenes, a chimera-checked 16S 
rRNA Gene database and workbench compatible with ARB. Appl Environ 
Microbiol 72(7):5069–5072. https:// doi. org/ 10. 1128/ AEM. 03006- 05

Du XF, Deng Y, Li SZ, Escalas A, Feng K, He Q, Wang ZJ, Wu YN, Wang DR, Peng 
X, Wang S (2021) Steeper spatial scaling patterns of subsoil microbiota 
are shaped by deterministic assembly process. Mol Ecol 30(4):1072–1085. 
https:// doi. org/ 10. 1111/ mec. 15777

Edgar RC (2013) UPARSE: highly accurate OTU sequences from microbial 
amplicon reads. Nat Methods 10(10):996–998. https:// doi. org/ 10. 1038/ 
nmeth. 2604

Edwards J, Johnson C, Santos-Medellín C, Lurie E, Podishetty NK, Bhatnagar S, 
Eisen JA, Sundaresan V (2015) Structure, variation, and assembly of the 
root-associated microbiomes of rice. Proc Natl Acad Sci 112(8):E911–
E920. https:// doi. org/ 10. 1073/ pnas. 14145 92112

Feng K, Zhang ZJ, Cai WW, Liu WZ, Xu MY, Yin HQ, Wang AJ, He ZL, Deng Y 
(2017) Biodiversity and species competition regulate the resilience of 
microbial biofilm community. Mol Ecol 26(21):6170–6182. https:// doi. org/ 
10. 1111/ mec. 14356

Feng J, Zeng XM, Qg Z, Zhou XQ, Liu YR, Huang QY (2021) Soil microbial trait-
based strategies drive metabolic efficiency along an altitude gradient. 
ISME COMMUN 1(1):71. https:// doi. org/ 10. 1038/ s43705- 021- 00076-2

Ferrenberg S, O’Neill SP, Knelman JE, Todd B, Duggan S, Bradley D, Robinson 
T, Schmidt SK, Townsend AR, Williams MW, Cleveland CC, Melbourne BA, 
Jiang L, Nemergut DR (2013) Changes in assembly processes in soil bac-
terial communities following a wildfire disturbance. ISME J 7(6):1102–
1111. https:// doi. org/ 10. 1038/ ismej. 2013. 11

Fierer N, Schimel JP, Holden PA (2003) Variations in microbial community com-
position through two soil depth profiles. Soil Biol Biochem 35(1):167–176. 
https:// doi. org/ 10. 1016/ S0038- 0717(02) 00251-1

Gilbert B, Bennett JR (2010) Partitioning variation in ecological communities: 
do the numbers add up? J Appl Ecol 47(5):1071–1082. https:// doi. org/ 10. 
1111/j. 1365- 2664. 2010. 01861.x

Goslee SC, Urban DL (2007) The ecodist package for dissimilarity-based analy-
sis of ecological data. J Stat Softw 22(7):1–19. https:// doi. org/ 10. 18637/ 
jss. v022. i07

Green J, Bohannan BJM (2006) Spatial scaling of microbial biodiversity. Trends 
Ecol Evol 21(9):501–507. https:// doi. org/ 10. 1016/j. tree. 2006. 06. 012

Grundmann GL (2004) Spatial scales of soil bacterial diversity – the size of 
a clone. FEMS Microbiol Ecol 48(2):119–127. https:// doi. org/ 10. 1016/j. 
femsec. 2004. 01. 010

Guillou L, Bachar D, Audic S, Bass D, Berney C, Bittner L, Boutte C, Burgaud G, 
de Vargas C, Decelle J, del Campo J, Dolan JR, Dunthorn M, Edvardsen B, 
Holzmann M, Kooistra WHCF, Lara E, Le Bescot N, Logares R, Mahé F, Mas-
sana R, Montresor M, Morard R, Not F, Pawlowski J, Probert I, Sauvadet AL, 
Siano R, Stoeck T, Vaulot D, Zimmermann P, Christen R (2012) The Protist 
Ribosomal Reference database (PR2): a catalog of unicellular eukaryote 
small sub-unit rRNA sequences with curated taxonomy. Nucleic Acids Res 
41(D1):D597–D604. https:// doi. org/ 10. 1093/ nar/ gks11 60

Guo JX, Li JS, Liu KS, Tang SM, Zhai XJ, Wang K (2018a) Analysis of soil microbial 
dynamics at a cropland-grassland interface in an agro-pastoral zone in 
a temperate steppe in northern China. Catena 170:257–265. https:// doi. 
org/ 10. 1016/j. catena. 2018. 06. 019

Guo X, Feng JJ, Shi Z, Zhou XS, Yuan MT, Tao XY, Hale L, Yuan T, Wang JJ, Qin 
YJ, Zhou AF, Fu Y, Wu LY, He ZL, Van Nostrand JD, Ning DL, Liu XD, Luo 
YQ, Tiedje JM, Yang YF, Zhou JZ (2018b) Climate warming leads to diver-
gent succession of grassland microbial communities. Nat Clim Chang 
8(9):813–818. https:// doi. org/ 10. 1038/ s41558- 018- 0254-2

Hall EK, Bernhardt ES, Bier RL, Bradford MA, Boot CM, Cotner JB, del Giorgio 
PA, Evans SE, Graham EB, Jones SE, Lennon JT, Locey KJ, Nemergut D, 
Osborne BB, Rocca JD, Schimel JP, Waldrop MP, Wallenstein MD (2018) 
Understanding how microbiomes influence the systems they inhabit. Nat 
Microbiol 3(9):977–982. https:// doi. org/ 10. 1038/ s41564- 018- 0201-z

Hanson CA, Fuhrman JA, Horner-Devine MC, Martiny JBH (2012) Beyond bio-
geographic patterns: processes shaping the microbial landscape. Nat Rev 
Microbiol 10(7):497–506. https:// doi. org/ 10. 1038/ nrmic ro2795

Hernandez DJ, David AS, Menges ES, Searcy CA, Afkhami ME (2021) Environ-
mental stress destabilizes microbial networks. ISME J 15(6):1722–1734. 
https:// doi. org/ 10. 1038/ s41396- 020- 00882-x

Horner-Devine MC, Lage M, Hughes JB, Bohannan BJM (2004) A taxa–area 
relationship for bacteria. Nature 432(7018):750–753. https:// doi. org/ 10. 
1038/ natur e03073

Jousset A, Bienhold C, Chatzinotas A, Gallien L, Gobet A, Kurm V, Küsel K, Rillig 
MC, Rivett DW, Salles JF, van der Heijden MGA, Youssef NH, Zhang XW, 
Wei Z, Hol WHG (2017) Where less may be more: how the rare biosphere 
pulls ecosystems strings. ISME J 11(4):853–862. https:// doi. org/ 10. 1038/ 
ismej. 2016. 174

https://doi.org/10.1890/12-1243.1
https://doi.org/10.1890/12-1243.1
https://doi.org/10.1111/j.1442-9993.2001.01070.pp.x
https://doi.org/10.1111/j.1442-9993.2001.01070.pp.x
https://doi.org/10.1038/s41586-018-0386-6
https://doi.org/10.1038/s41586-018-0386-6
https://doi.org/10.1111/nph.18005
https://doi.org/10.1111/nph.18005
https://doi.org/10.1038/ismej.2010.77
https://doi.org/10.1038/ismej.2015.142
https://doi.org/10.1038/ismej.2012.8
https://doi.org/10.1038/ismej.2012.8
https://doi.org/10.1111/ecog.04492
https://doi.org/10.1111/ecog.04492
https://doi.org/10.1098/rstb.2011.0063
https://doi.org/10.1186/s40168-019-0749-8
https://doi.org/10.1186/s40168-019-0749-8
https://doi.org/10.1111/1462-2920.12281
https://doi.org/10.2136/sh12-10-0028
https://doi.org/10.3389/fmicb.2014.00579
https://doi.org/10.1111/j.1461-0248.2012.01794.x
https://doi.org/10.1111/gcb.13098
https://doi.org/10.1111/1462-2920.14303
https://doi.org/10.1128/AEM.03006-05
https://doi.org/10.1111/mec.15777
https://doi.org/10.1038/nmeth.2604
https://doi.org/10.1038/nmeth.2604
https://doi.org/10.1073/pnas.1414592112
https://doi.org/10.1111/mec.14356
https://doi.org/10.1111/mec.14356
https://doi.org/10.1038/s43705-021-00076-2
https://doi.org/10.1038/ismej.2013.11
https://doi.org/10.1016/S0038-0717(02)00251-1
https://doi.org/10.1111/j.1365-2664.2010.01861.x
https://doi.org/10.1111/j.1365-2664.2010.01861.x
https://doi.org/10.18637/jss.v022.i07
https://doi.org/10.18637/jss.v022.i07
https://doi.org/10.1016/j.tree.2006.06.012
https://doi.org/10.1016/j.femsec.2004.01.010
https://doi.org/10.1016/j.femsec.2004.01.010
https://doi.org/10.1093/nar/gks1160
https://doi.org/10.1016/j.catena.2018.06.019
https://doi.org/10.1016/j.catena.2018.06.019
https://doi.org/10.1038/s41558-018-0254-2
https://doi.org/10.1038/s41564-018-0201-z
https://doi.org/10.1038/nrmicro2795
https://doi.org/10.1038/s41396-020-00882-x
https://doi.org/10.1038/nature03073
https://doi.org/10.1038/nature03073
https://doi.org/10.1038/ismej.2016.174
https://doi.org/10.1038/ismej.2016.174


Page 15 of 16Li et al. Annals of Microbiology           (2023) 73:20  

Kivlin SN, Hawkes CV (2020) Spatial and temporal turnover of soil microbial 
communities is not linked to function in a primary tropical forest. Ecology 
101(4):e02985. https:// doi. org/ 10. 1002/ ecy. 2985

Kong Y (2011) Btrim: a fast, lightweight adapter and quality trimming program 
for next-generation sequencing technologies. Genomics 98(2):152–153. 
https:// doi. org/ 10. 1016/j. ygeno. 2011. 05. 009

Li QL, Liu Y, Kou D, Peng YF, Yang YH (2022) Substantial non-growing season 
carbon dioxide loss across Tibetan alpine permafrost region. Glob 
Change Biol 28(17):5200–5210. https:// doi. org/ 10. 1111/ gcb. 16315

Li PF, Li WT, Dumbrell AJ, Liu M, Li GL, Wu B, Jiang CY, Li ZP (2020) Spatial 
variation in soil fungal communities across paddy fields in subtropical 
China. mSystems 5(1):e00704-00719. https:// doi. org/ 10. 1128/ mSyst ems. 
00704- 19

Lima-Mendez G, Faust K, Henry N, Decelle J, Colin S, Carcillo F, Chaffron S, 
Ignacio-Espinosa JC, Roux S, Vincent F, Bittner L, Darzi Y, Wang J, Audic 
S, Berline L, Bontempi G, Cabello AM, Coppola L, Cornejo-Castillo FM, 
d’Ovidio F, De Meester L, Ferrera I, Garet-Delmas M-J, Guidi L, Lara E, 
Pesant S, Royo-Llonch M, Salazar G, Sánchez P, Sebastian M, Souffreau C, 
Dimier C, Picheral M, Searson S, Kandels-Lewis S, Gorsky G, Not F, Ogata H, 
Speich S, Stemmann L, Weissenbach J, Wincker P, Acinas SG, Sunagawa S, 
Bork P, Sullivan MB, Karsenti E, Bowler C, de Vargas C, Raes J (2015) Deter-
minants of community structure in the global plankton interactome. 
Science 348(6237):1262073. https:// doi. org/ 10. 1126/ scien ce. 12620 73

Lindström ES, Langenheder S (2012) Local and regional factors influencing 
bacterial community assembly. Environ Microbiol Rep 4(1):1–9. https:// 
doi. org/ 10. 1111/j. 1758- 2229. 2011. 00257.x

Liu WX, Hang Z, Wan SQ (2009) Predominant role of water in regulating soil 
and microbial respiration and their responses to climate change in a 
semiarid grassland. Glob Change Biol 15(1):184–195. https:// doi. org/ 10. 
1111/j. 1365- 2486. 2008. 01728.x

Liu JJ, Sui YY, Yu ZH, Shi Y, Chu HY, Jin J, Liu XB, Wang GH (2014) High through-
put sequencing analysis of biogeographical distribution of bacterial 
communities in the black soils of northeast China. Soil Biol Biochem 
70:113–122. https:// doi. org/ 10. 1016/j. soilb io. 2013. 12. 014

Liu LM, Yang J, Yu Z, Wilkinson DM (2015) The biogeography of abundant 
and rare bacterioplankton in the lakes and reservoirs of China. ISME J 
9(9):2068–2077. https:// doi. org/ 10. 1038/ ismej. 2015. 29

Liu Y, Chen XT, Liu JX, Liu TT, Cheng JM, Wei GH, Lin YB (2019) Temporal and 
spatial succession and dynamics of soil fungal communities in restored 
grassland on the Loess Plateau in China. Land Degrad Dev 30(11):1273–
1287. https:// doi. org/ 10. 1002/ ldr. 3289

Logares R, Lindström ES, Langenheder S, Logue JB, Paterson H, Laybourn-Parry 
J, Rengefors K, Tranvik L, Bertilsson S (2013) Biogeography of bacterial 
communities exposed to progressive long-term environmental change. 
ISME J 7(5):937–948. https:// doi. org/ 10. 1038/ ismej. 2012. 168

Logares R, Tesson SVM, Canbäck B, Pontarp M, Hedlund K, Rengefors K (2018) 
Contrasting prevalence of selection and drift in the community structur-
ing of bacteria and microbial eukaryotes. Environ Microbiol 20(6):2231–
2240. https:// doi. org/ 10. 1111/ 1462- 2920. 14265

Logares R, Deutschmann IM, Junger PC, Giner CR, Krabberød AK, Schmidt TSB, 
Rubinat-Ripoll L, Mestre M, Salazar G, Ruiz-González C, Sebastián M, de 
Vargas C, Acinas SG, Duarte CM, Gasol JM, Massana R (2020) Disentan-
gling the mechanisms shaping the surface ocean microbiota. Microbi-
ome 8(1):55. https:// doi. org/ 10. 1186/ s40168- 020- 00827-8

Lozupone CA, Knight R (2007) Global patterns in bacterial diversity. Proc Natl 
Acad Sci 104(27):11436–11440. https:// doi. org/ 10. 1073/ pnas. 06115 25104

Magoč T, Salzberg SL (2011) FLASH: fast length adjustment of short reads to 
improve genome assemblies. Bioinformatics 27(21):2957–2963. https:// 
doi. org/ 10. 1093/ bioin forma tics/ btr507

Martiny JBH, Eisen JA, Penn K, Allison SD, Horner-Devine MC (2011) Drivers 
of bacterial β-diversity depend on spatial scale. Proc Natl Acad Sci 
108(19):7850–7854. https:// doi. org/ 10. 1073/ pnas. 10163 08108

Meyer KM, Memiaghe H, Korte L, Kenfack D, Alonso A, Bohannan BJM 
(2018) Why do microbes exhibit weak biogeographic patterns? ISME J 
12(6):1404–1413. https:// doi. org/ 10. 1038/ s41396- 018- 0103-3

Nabout JC, Siqueira T, Bini LM, Nogueira IdS (2009) No evidence for environ-
mental and spatial processes in structuring phytoplankton communities. 
Acta Oecol Int J Ecol 35(5):720–726. https:// doi. org/ 10. 1016/j. actao. 2009. 
07. 002

Naylor D, Sadler N, Bhattacharjee A, Graham EB, Anderton CR, McClure R, Lip-
ton M, Hofmockel KS, Jansson JK (2020) Soil microbiomes under climate 

change and implications for carbon cycling. Annu Rev Environ Resour 
45(1):29–59. https:// doi. org/ 10. 1146/ annur ev- envir on- 012320- 082720

Nekola JC, McGill BJ (2014) Scale dependency in the functional form of the 
distance decay relationship. Ecography 37(4):309–320. https:// doi. org/ 10. 
1111/j. 1600- 0587. 2013. 00407.x

Nekola JC, White PS (1999) The distance decay of similarity in biogeography 
and ecology. J Biogeogr 26(4):867–878. https:// doi. org/ 10. 1046/j. 1365- 
2699. 1999. 00305.x

Nemergut D, Schmidt SK, Fukami T, O’Neill SP, Bilinski TM, Stanish LF, Knel-
man JE, Darcy JL, Lynch RC, Wickey P, Ferrenberg S (2013) Patterns and 
processes of microbial community assembly. Microbiol Mol Biol Rev 
77(3):342–356. https:// doi. org/ 10. 1128/ MMBR. 00051- 12

Ning DL, Deng Y, Tiedje JM, Zhou JZ (2019) A general framework for 
quantitatively assessing ecological stochasticity. Proc Natl Acad Sci 
116(34):16892–16898. https:// doi. org/ 10. 1073/ pnas. 19046 23116

Ramsey PW, Rillig MC, Feris KP, Gordon NS, Moore JN, Holben WE, Gannon JE 
(2005) Relationship between communities and processes; new insights 
from a field study of a contaminated ecosystem. Ecol Lett 8(11):1201–
1210. https:// doi. org/ 10. 1111/j. 1461- 0248. 2005. 00821.x

Rocca JD, Simonin M, Blaszczak JR, Ernakovich JG, Gibbons SM, Midani FS, & 
Washburne AD (2019) The microbiome stress project: toward a global 
meta-analysis of environmental stressors and their effects on microbial 
communities. Front Microbiol 9. https:// doi. org/ 10. 3389/ fmicb. 2018. 
03272

Roguet A, Laigle GS, Therial C, Bressy A, Soulignac F, Catherine A, Lacroix G, 
Jardillier L, Bonhomme C, Lerch TZ, & Lucas FS (2015) Neutral community 
model explains the bacterial community assembly in freshwater lakes. 
FEMS Microbiol Ecol 91(11). https:// doi. org/ 10. 1093/ femsec/ fiv125

Schoch CL, Robbertse B, Robert V, Vu D, Cardinali G, Irinyi L, Meyer W, Nilsson 
RH, Hughes K, Miller AN, Kirk PM, Abarenkov K, Aime MC, Ariyawansa HA, 
Bidartondo M, Boekhout T, Buyck B, Cai Q, Chen J, Crespo A, Crous PW, 
Damm U, De Beer ZW, Dentinger BTM, Divakar PK, Dueñas M, Feau N, 
Fliegerova K, García MA, Ge Z-W, Griffith GW, Groenewald JZ, Groenewald 
M, Grube M, Gryzenhout M, Gueidan C, Guo L, Hambleton S, Hamelin R, 
Hansen K, Hofstetter V, Hong S-B, Houbraken J, Hyde KD, Inderbitzin P, 
Johnston PR, Karunarathna SC, Kõljalg U, Kovács GM, Kraichak E, Krizsan 
K, Kurtzman CP, Larsson K-H, Leavitt S, Letcher PM, Liimatainen K, Liu 
J-K, Lodge DJ, Jennifer Luangsa-ard J, Lumbsch HT, Maharachchikum-
bura SSN, Manamgoda D, Martín MP, Minnis AM, Moncalvo J-M, Mulè 
G, Nakasone KK, Niskanen T, Olariaga I, Papp T, Petkovits T, Pino-Bodas 
R, Powell MJ, Raja HA, Redecker D, Sarmiento-Ramirez JM, Seifert KA, 
Shrestha B, Stenroos S, Stielow B, Suh S-O, Tanaka K, Tedersoo L, Telleria 
MT, Udayanga D, Untereiner WA, Diéguez Uribeondo J, Subbarao KV, Vág-
völgyi C, Visagie C, Voigt K, Walker DM, Weir BS, Weiß M, Wijayawardene 
NN, Wingfield MJ, Xu JP, Yang ZL, Zhang N, Zhuang W-Y, & Federhen S 
(2014) Finding needles in haystacks: linking scientific names, reference 
specimens and molecular data for fungi. Database 2014. https:// doi. org/ 
10. 1093/ datab ase/ bau061

Shade A, Dunn RR, Blowes SA, Keil P, Bohannan BJM, Herrmann M, Küsel K, 
Lennon JT, Sanders NJ, Storch D, Chase J (2018) Macroecology to unite all 
life, large and small. Trends Ecol Evol 33(10):731–744. https:// doi. org/ 10. 
1016/j. tree. 2018. 08. 005

Shedayi AA, Xu M, Naseer I, Khan B (2016) Altitudinal gradients of soil and 
vegetation carbon and nitrogen in a high altitude nature reserve of 
Karakoram ranges. Springerplus 5(1):320. https:// doi. org/ 10. 1186/ 
s40064- 016- 1935-9

Sloan WT, Lunn M, Woodcock S, Head IM, Nee S, Curtis TP (2006) Quantifying 
the roles of immigration and chance in shaping prokaryote community 
structure. Environ Microbiol 8(4):732–740. https:// doi. org/ 10. 1111/j. 1462- 
2920. 2005. 00956.x

Stegen JC, Lin XJ, Fredrickson JK, Chen XY, Kennedy DW, Murray CJ, Rockhold 
ML, Konopka A (2013) Quantifying community assembly processes and 
identifying features that impose them. ISME J 7(11):2069–2079. https:// 
doi. org/ 10. 1038/ ismej. 2013. 93

Thompson LR, Sanders JG, McDonald D, Amir A, Ladau J, Locey KJ, Prill RJ, Trip-
athi A, Gibbons SM, Ackermann G, Navas-Molina JA, Janssen S, Kopylova 
E, Vázquez-Baeza Y, González A, Morton JT, Mirarab S, Zech Xu Z, Jiang L, 
Haroon MF, Kanbar J, Zhu Q, Jin Song S, Kosciolek T, Bokulich NA, Lefler J, 
Brislawn CJ, Humphrey G, Owens SM, Hampton-Marcell J, Berg-Lyons D, 
McKenzie V, Fierer N, Fuhrman JA, Clauset A, Stevens RL, Shade A, Pollard 
KS, Goodwin KD, Jansson JK, Gilbert JA, Knight R, Rivera JLA, Al-Moosawi 

https://doi.org/10.1002/ecy.2985
https://doi.org/10.1016/j.ygeno.2011.05.009
https://doi.org/10.1111/gcb.16315
https://doi.org/10.1128/mSystems.00704-19
https://doi.org/10.1128/mSystems.00704-19
https://doi.org/10.1126/science.1262073
https://doi.org/10.1111/j.1758-2229.2011.00257.x
https://doi.org/10.1111/j.1758-2229.2011.00257.x
https://doi.org/10.1111/j.1365-2486.2008.01728.x
https://doi.org/10.1111/j.1365-2486.2008.01728.x
https://doi.org/10.1016/j.soilbio.2013.12.014
https://doi.org/10.1038/ismej.2015.29
https://doi.org/10.1002/ldr.3289
https://doi.org/10.1038/ismej.2012.168
https://doi.org/10.1111/1462-2920.14265
https://doi.org/10.1186/s40168-020-00827-8
https://doi.org/10.1073/pnas.0611525104
https://doi.org/10.1093/bioinformatics/btr507
https://doi.org/10.1093/bioinformatics/btr507
https://doi.org/10.1073/pnas.1016308108
https://doi.org/10.1038/s41396-018-0103-3
https://doi.org/10.1016/j.actao.2009.07.002
https://doi.org/10.1016/j.actao.2009.07.002
https://doi.org/10.1146/annurev-environ-012320-082720
https://doi.org/10.1111/j.1600-0587.2013.00407.x
https://doi.org/10.1111/j.1600-0587.2013.00407.x
https://doi.org/10.1046/j.1365-2699.1999.00305.x
https://doi.org/10.1046/j.1365-2699.1999.00305.x
https://doi.org/10.1128/MMBR.00051-12
https://doi.org/10.1073/pnas.1904623116
https://doi.org/10.1111/j.1461-0248.2005.00821.x
https://doi.org/10.3389/fmicb.2018.03272
https://doi.org/10.3389/fmicb.2018.03272
https://doi.org/10.1093/femsec/fiv125
https://doi.org/10.1093/database/bau061
https://doi.org/10.1093/database/bau061
https://doi.org/10.1016/j.tree.2018.08.005
https://doi.org/10.1016/j.tree.2018.08.005
https://doi.org/10.1186/s40064-016-1935-9
https://doi.org/10.1186/s40064-016-1935-9
https://doi.org/10.1111/j.1462-2920.2005.00956.x
https://doi.org/10.1111/j.1462-2920.2005.00956.x
https://doi.org/10.1038/ismej.2013.93
https://doi.org/10.1038/ismej.2013.93


Page 16 of 16Li et al. Annals of Microbiology           (2023) 73:20 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

L, Alverdy J, Amato KR, Andras J, Angenent LT, Antonopoulos DA, Apprill 
A, Armitage D, Ballantine K, Bárta Jí, Baum JK, Berry A, Bhatnagar A, Bhat-
nagar M, Biddle JF, Bittner L, Boldgiv B, Bottos E, Boyer DM, Braun J, Brazel-
ton W, Brearley FQ, Campbell AH, Caporaso JG, Cardona C, Carroll J, Cary 
SC, Casper BB, Charles TC, Chu H, Claar DC, Clark RG, Clayton JB, Clemente 
JC, Cochran A, Coleman ML, Collins G, Colwell RR, Contreras M, Crary 
BB, Creer S, Cristol DA, Crump BC, Cui D, Daly SE, Davalos L, Dawson RD, 
Defazio J, Delsuc F, Dionisi HM, Dominguez-Bello MG, Dowell R, Dubinsky 
EA, Dunn PO, Ercolini D, Espinoza RE, Ezenwa V, Fenner N, Findlay HS, 
Fleming ID, Fogliano V, Forsman A, Freeman C, Friedman ES, Galindo G, 
Garcia L, Garcia-Amado MA, Garshelis D, Gasser RB, Gerdts G, Gibson MK, 
Gifford I, Gill RT, Giray T, Gittel A, Golyshin P, Gong D, Grossart H-P, Guyton 
K, Haig S-J, Hale V, Hall RS, Hallam SJ, Handley KM, Hasan NA, Haydon SR, 
Hickman JE, Hidalgo G, Hofmockel KS, Hooker J, Hulth S, Hultman J, Hyde 
E, Ibáñez-Álamo JD, Jastrow JD, Jex AR, Johnson LS, Johnston ER, Joseph 
S, Jurburg SD, Jurelevicius D, Karlsson A, Karlsson R, Kauppinen S, Kellogg 
CTE, Kennedy SJ, Kerkhof LJ, King GM, Kling GW, Koehler AV, Krezalek 
M, Kueneman J, Lamendella R, Landon EM, Lane-deGraaf K, LaRoche J, 
Larsen P, Laverock B, Lax S, Lentino M, Levin II, Liancourt P, Liang W, Linz 
AM, Lipson DA, Liu Y, Lladser ME, Lozada M, Spirito CM, MacCormack WP, 
MacRae-Crerar A, Magris M, Martín-Platero AM, Martín-Vivaldi M, Martínez 
LM, Martínez-Bueno M, Marzinelli EM, Mason OU, Mayer GD, McDevitt-
Irwin JM, McDonald JE, McGuire KL, McMahon KD, McMinds R, Medina 
M, Mendelson JR, Metcalf JL, Meyer F, Michelangeli F, Miller K, Mills DA, 
Minich J, Mocali S, Moitinho-Silva L, Moore A, Morgan-Kiss RM, Munroe P, 
Myrold D, Neufeld JD, Ni Y, Nicol GW, Nielsen S, Nissimov JI, Niu K, Nolan 
MJ, Noyce K, O’Brien SL, Okamoto N, Orlando L, Castellano YO, Osuolale O, 
Oswald W, Parnell J, Peralta-Sánchez JM, Petraitis P, Pfister C, Pilon-Smits E, 
Piombino P, Pointing SB, Pollock FJ, Potter C, Prithiviraj B, Quince C, Rani A, 
Ranjan R, Rao S, Rees AP, Richardson M, Riebesell U, Robinson C, Rockne 
KJ, Rodriguezl SM, Rohwer F, Roundstone W, Safran RJ, Sangwan N, Sanz 
V, Schrenk M, Schrenzel MD, Scott NM, Seger RL, Seguin-Orlando A, Seldin 
L, Seyler LM, Shakhsheer B, Sheets GM, Shen C, Shi Y, Shin H, Shogan BD, 
Shutler D, Siegel J, Simmons S, Sjöling S, Smith DP, Soler JJ, Sperling M, 
Steinberg PD, Stephens B, Stevens MA, Taghavi S, Tai V, Tait K, Tan CL, Tas¸ 
N, Taylor DL, Thomas T, Timling I, Turner BL, Urich T, Ursell LK, van der Lelie 
D, Van Treuren W, van Zwieten L, Vargas-Robles D, Thurber RV, Vitaglione 
P, Walker DA, Walters WA, Wang S, Wang T, Weaver T, Webster NS, Wehrle 
B, Weisenhorn P, Weiss S, Werner JJ, West K, Whitehead A, Whitehead 
SR, Whittingham LA, Willerslev E, Williams AE, Wood SA, Woodhams DC, 
Yang Y, & The Earth Microbiome Project C (2017) A communal catalogue 
reveals Earth’s multiscale microbial diversity. Nature 551(7681):457–463. 
https:// doi. org/ 10. 1038/ natur e24621

Tian JQ, Qiao YC, Wu B, Chen H, Li W, Jiang N, Zhang XL, & Liu XZ (2017) Eco-
logical succession pattern of fungal community in soil along a retreating 
glacier. Front Microbiol. 8. https:// doi. org/ 10. 3389/ fmicb. 2017. 01028

Toju H, Peay KG, Yamamichi M, Narisawa K, Hiruma K, Naito K, Fukuda S, Ushio 
M, Nakaoka S, Onoda Y, Yoshida K, Schlaeppi K, Bai Y, Sugiura R, Ichihashi 
Y, Minamisawa K, Kiers ET (2018) Core microbiomes for sustainable 
agroecosystems. Nat Plants 4(5):247–257. https:// doi. org/ 10. 1038/ 
s41477- 018- 0139-4

Tong XZ, Leung MHY, Wilkins D, Cheung HHL, & Lee PKH (2019) Neutral pro-
cesses drive seasonal assembly of the skin mycobiome. mSystems 4(2). 
https:// doi. org/ 10. 1128/ mSyst ems. 00004- 19

Trivedi P, Anderson IC, Singh BK (2013) Microbial modulators of soil carbon 
storage: integrating genomic and metabolic knowledge for global 
prediction. Trends Microbiol 21(12):641–651. https:// doi. org/ 10. 1016/j. 
tim. 2013. 09. 005

Wang Q, Garrity GM, Tiedje JM, Cole JR (2007) Naïve Bayesian classifier for 
rapid assignment of rRNA sequences into the new bacterial taxonomy. 
Appl Environ Microbiol 73(16):5261–5267. https:// doi. org/ 10. 1128/ AEM. 
00062- 07

Wang XB, Lü XT, Yao J, Wang ZW, Deng Y, Cheng WX, Zhou JZ, Han XG (2017) 
Habitat-specific patterns and drivers of bacterial β-diversity in China’s dry-
lands. ISME J 11(6):1345–1358. https:// doi. org/ 10. 1038/ ismej. 2017. 11

Wang YC, Lu GX, Yu H, Du XF, He Q, Yao ST, Zhao LR, Huang CX, Wen XC, Deng 
Y (2021) Meadow degradation increases spatial turnover rates of the 
fungal community through both niche selection and dispersal limitation. 
Sci Total Environ. 798:149362. https:// doi. org/ 10. 1016/j. scito tenv. 2021. 
149362

Webb CO, Ackerly DD, McPeek MA, Donoghue MJ (2002) Phylogenies and 
community ecology. Annu Rev Ecol Syst 33(1):475–505. https:// doi. org/ 
10. 1146/ annur ev. ecols ys. 33. 010802. 150448

Wei GS, Li MC, Li FG, Li H, Gao Z (2016) Distinct distribution patterns of 
prokaryotes between sediment and water in the Yellow River estuary. 
Appl Microbiol Biotechnol 100(22):9683–9697. https:// doi. org/ 10. 1007/ 
s00253- 016- 7802-3

Xiong JB, Liu YQ, Lin XG, Zhang HY, Zeng J, Hou JZ, Yang YP, Yao TD, Knight 
R, Chu HY (2012) Geographic distance and pH drive bacterial distribu-
tion in alkaline lake sediments across Tibetan Plateau. Environ Microbiol 
14(9):2457–2466. https:// doi. org/ 10. 1111/j. 1462- 2920. 2012. 02799.x

Yarza P, Yilmaz P, Pruesse E, Glöckner FO, Ludwig W, Schleifer K-H, Whitman 
WB, Euzéby J, Amann R, Rosselló-Móra R (2014) Uniting the classification 
of cultured and uncultured bacteria and archaea using 16S rRNA gene 
sequences. Nat Rev Microbiol 12(9):635–645. https:// doi. org/ 10. 1038/ 
nrmic ro3330

Yuan MM, Guo X, Wu LW, Zhang Y, Xiao NJ, Ning DL, Shi Z, Zhou XS, Wu LY, 
Yang YF, Tiedje JM, Zhou JZ (2021) Climate warming enhances microbial 
network complexity and stability. Nat Clim Chang 11(4):343–348. https:// 
doi. org/ 10. 1038/ s41558- 021- 00989-9

Zhang WJ, Pan YB, Yang J, Chen HH, Holohan B, Vaudrey J, Lin SJ, Mcmanus GB 
(2018) The diversity and biogeography of abundant and rare intertidal 
marine microeukaryotes explained by environment and dispersal limita-
tion. Environ Microbiol 20(2):462–476. https:// doi. org/ 10. 1111/ 1462- 2920. 
13916

Zhang GL, Bai JH, Tebbe CC, Zhao QQ, Jia J, Wang W, Wang X, Yu L (2021) Salin-
ity controls soil microbial community structure and function in coastal 
estuarine wetlands. Environ Microbiol 23(2):1020–1037. https:// doi. org/ 
10. 1111/ 1462- 2920. 15281

Zhong YQW, Liu J, Jia XY, Tang ZS, Shangguan ZP, Wang RW, Yan WM (2022) 
Environmental stress-discriminatory taxa are associated with high C and 
N cycling functional potentials in dryland grasslands. Sci. Total Environ. 
817:152991. https:// doi. org/ 10. 1016/j. scito tenv. 2022. 152991

Zhou X, Guo Z, Chen C, Jia Z (2017) Soil microbial community structure and 
diversity are largely influenced by soil pH and nutrient quality in 78-year-
old tree plantations. Biogeosciences 14(8):2101–2111. https:// doi. org/ 10. 
5194/ bg- 14- 2101- 2017

Zhou JZ, & Ning DL (2017) Stochastic community assembly: does it matter in 
microbial ecology? Microbiol. Mol Biol Rev. 81(4). https:// doi. org/ 10. 1128/ 
mmbr. 00002- 17

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1038/nature24621
https://doi.org/10.3389/fmicb.2017.01028
https://doi.org/10.1038/s41477-018-0139-4
https://doi.org/10.1038/s41477-018-0139-4
https://doi.org/10.1128/mSystems.00004-19
https://doi.org/10.1016/j.tim.2013.09.005
https://doi.org/10.1016/j.tim.2013.09.005
https://doi.org/10.1128/AEM.00062-07
https://doi.org/10.1128/AEM.00062-07
https://doi.org/10.1038/ismej.2017.11
https://doi.org/10.1016/j.scitotenv.2021.149362
https://doi.org/10.1016/j.scitotenv.2021.149362
https://doi.org/10.1146/annurev.ecolsys.33.010802.150448
https://doi.org/10.1146/annurev.ecolsys.33.010802.150448
https://doi.org/10.1007/s00253-016-7802-3
https://doi.org/10.1007/s00253-016-7802-3
https://doi.org/10.1111/j.1462-2920.2012.02799.x
https://doi.org/10.1038/nrmicro3330
https://doi.org/10.1038/nrmicro3330
https://doi.org/10.1038/s41558-021-00989-9
https://doi.org/10.1038/s41558-021-00989-9
https://doi.org/10.1111/1462-2920.13916
https://doi.org/10.1111/1462-2920.13916
https://doi.org/10.1111/1462-2920.15281
https://doi.org/10.1111/1462-2920.15281
https://doi.org/10.1016/j.scitotenv.2022.152991
https://doi.org/10.5194/bg-14-2101-2017
https://doi.org/10.5194/bg-14-2101-2017
https://doi.org/10.1128/mmbr.00002-17
https://doi.org/10.1128/mmbr.00002-17

	Spatial distribution pattern across multiple microbial groups along an environmental stress gradient in tobacco soil
	Abstract 
	Background 
	Purpose 
	Methods 
	Result 
	Conclusion 

	Introduction
	Materials and methods
	Study site and soil sampling
	Soil physicochemical analysis
	DNA extraction, PCR amplification, and sequencing
	Bioinformatics
	Statistical analysis

	Results
	Quantification of the stress gradient by edaphic physicochemical properties
	The response of diversity, composition, and structure from multiple microbial communities in tobacco soil to the environmental stress gradient
	Spatial turnovers of bacterial, fungal, and protistan community structure in tobacco soil
	Relative influence and contribution of environmental factors and geographical distance on microbial community distribution
	The importance of stochastic and deterministic processes in the assembly of different microbial communities in tobacco soils
	Effects of geographical distance and environmental factors on microbial community assembly

	Discussion
	Conclusion
	Anchor 24
	Acknowledgements
	References


