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FIG 5 Ordination of microbial communities. The Bray-Curtis dissimilarity distances are represented using PCoA ordination for archaeal, bacterial, and fungal
communities in tropical seasonal forests (TSF), subtropical broad-leaved evergreen forests (SBEF), temperate deciduous broad-leaved forests (TDBF), and

temperate mixed coniferous-broadleaf forests (TMCF).

Feo/Fed ratio (R? = 0.13, P = 0.002), Fed (R? = 0.08, P = 0.01), total dissolved nitrogen
(R? = 0.07, P = 0.02), humic acid (R?> = 0.06, P = 0.04), and available potassium (R? =
0.06, P = 0.04) (see Table S3). The fungal community composition was dominantly
affected by free aluminum (Ald) (R?> = 0.142, P = 0.001), mean annual precipitation
(MAP) (R? = 0.15, P = 0.002), MAAT (R? = 0.14, P = 0.002), and soil pH (R? = 0.11, P =
0.01) (see Table S4). These observations were confirmed by constrained correspon-
dence analysis (CCA), where the Feo/Fed ratio and Ald were the most important
variables associated with changes in bacterial and fungal communities, respectively
(see Fig. S2 to S4).

To identify additional spatial sources of variation in the microbial communities, we
examined the correlations between community similarity and spatial distance matrices.
When examining entire data sets, we found that geographic distance correlated
positively with bacterial (R?> = 0.06, P < 0.001) and fungal (R? = 0.09, P < 0.001)
community dissimilarities. In contrast, archaeal community dissimilarities were not
correlated with geographic distance (R?> = —0.02, P = 0.105) (Fig. 6). The Mantel test
results showed that dissimilarities in bacterial communities were significantly correlated
with geographic distance (P = 0.012) and dissimilarities in fungal communities were
significantly correlated with environmental variables (P = 0.010) and marginally signif-
icantly correlated with geographic distance (P = 0.051). The partial Mantel test results

FIG 6 Relationships between the Bray-Curtis similarities of archaeal, bacterial, and fungal communities and geographic distance. The lines

represent the linear regression results. The shaded areas show the 95% confidence interval.
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TABLE 1 Mantel and partial Mantel test results for the correlation between community
similarity and environmental and geographic distance

Mantel statistic r (P value) fore:

Effect of Controlling for Archaea Bacteria Fungi
Geographic distance —0.015 (0.657) 0.059 (0.012*) 0.055 (0.051)
Environmental variables —0.044 (0.738) 0.010 (0.398) 0.109 (0.010**)
Geographic distance Environmental variables 0.012 (0.370)  0.054 (0.011*) 0.056 (0.016%)
Environmental variables Geographic distance —0.043 (0.738) 0.026 (0.234) 0.012 (0.314)

aStatistical significance was tested based on 9,999 permutations. *, P < 0.05; **, P < 0.01.

indicated that bacterial and fungal communities were primarily governed by spatial
distance when the variation associated with environmental variables was removed (P =
0.011 for bacteria, and P = 0.016 for fungi) (Table 1).

Associations between dominant OTUs and environmental factors. The re-
sponses of the different taxa to different environmental variables may vary. Therefore,
we calculated the Spearman correlation coefficients between environmental variables
and dominant OTUs in archaeal, bacterial, and fungal communities (Fig. 7; see also
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FIG 7 Correlations between dominant microbial OTUs and edaphic variables. Colors indicate the Spearman’s correlation coefficients, as shown in the key.
Dominant OTUs uncorrelated with any edaphic variables are not displayed. The order, family, and genus names for the corresponding OTUs are shown to the
left of the grids; “NA” indicates unclear classification at the corresponding taxonomic level. pH, soil pH; HA, humic acid; FA, fulvic acid; HA/FA ratio, humic
acid/fulvic acid ratio; TN, total nitrogen; TDN, total dissolved nitrogen; OC, organic carbon; DOC dissolved organic matter; C/N ratio, carbon/nitrogen ratio; AK,
available potassium; Clay, proportion of clay; Silt, proportion of silt; Sand, proportion of sand; Ald, free aluminum; Alo, amorphous aluminum; Feo, amorphous

iron; Fed, free iron; Feo/Fed ratio, amorphous iron/free iron ratio.
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Fig. S5 in the supplemental material). Dominant OTUs were defined as those with
relative abundances above 0.1%. These included 42 archaeal OTUs, 85 bacterial OTUs,
and 108 fungal OTUs. Most of the dominant microbial OTUs were not associated with
any of the environmental variables measured (see Fig. S5). Fifty-four dominant bacterial
OTUs (63.5% of the dominant bacterial OTUs) mainly correlated with the Feo/Fed ratio,
Fed, amorphous aluminum (Alo), and pH. Clay content, DOC, and Ald were the most
crucial environmental variables for 43 fungal OTUs (39.8% of the dominant fungal
OTUs). Soil Ald was the major edaphic variable closely correlated with 9 dominant
archaeal OTUs (21.4% of the dominant fungal OTUs). The dominant microbial OTUs
from the same taxonomic group had similar responses to environmental variables. Ald
was negatively correlated with archaeal OTUs belonging to the genera Nitrososphaera
but positively correlated with the archaeal OTUs belonging to the NRP-J group. One
archaeal OTU belonging to the SAGMA-X group correlated positively with available
potassium. The soil Fed concentrations were positively correlated with the bacterial
OTUs belonging to the orders Acidobacteriales, Actinomycetales, and Solirubrobacterales
but negatively correlated with the OTUs belonging to the order Rhizobiales. The
bacterial OTUs belonging to the order Gaiellales were not correlated with soil Fed
concentrations but were either positively correlated with soil pH or negatively corre-
lated with soil Ald concentrations. The soil Ald concentrations were negatively corre-
lated with the fungal OTUs belonging to the Dothideomycetes and Sordariomycetes.
The fungal OTUs belonging to the Archaeorhizomyces and Mucoromycotina, however,
were correlated with either soil fulvic acid (FA) concentrations or soil pH rather than soil
Ald concentrations. The fungal OTUs belonging to the Eurotiomycetes were negatively
correlated with soil DOC concentrations rather than soil Ald concentrations.

DISCUSSION

Understanding biogeographic patterns requires characterization of the contribu-
tions of contemporary environmental factors versus those made by historical events.
Given that distance decay of community similarity indicates the influence of historical
factors (5), the different influences of geographic distance on archaeal, bacterial, and
fungal community dissimilarities (Fig. 6) imply a discrepancy in the historical effects
upon the different taxa. The distance decay pattern of bacterial community dissimilarity
is consistent with previous observations based on high-throughput sequencing (25) but
not with those using relatively low-resolution community profiling tools, such as
terminal restriction fragment length polymorphism (T-RFLP) (9). Likewise, the correla-
tion between geographic distance and fungal community dissimilarity agrees with
previous observations of the global distribution of soil fungi (2) and protists (26). We did
not observe a distance decay pattern for archaea, as previously reported for trophic lake
sediments (27), or for ammonium-oxidizing archaea, as previously reported for the
agricultural soils of Eastern China (28). However, spatial distance was also not a
significant predictor of archaeal community composition in subpolar and arctic waters
(29). The distance decay pattern of microbial community dissimilarity is generated by
selection effects and drift, counteracted by dispersal, and modified by mutation (14).
The effects of mutation cannot be considered in this data set, due to the highly
conserved nature of the 16S and 18S rRNA marker genes (30). We found that the
archaeal community did not show distance decay at the continental scale and was not
significantly influenced by the selection effects of local environmental variables. Ar-
chaeal species represent a low proportion of total microbial communities and can be
grouped into the rare biosphere (31). When relative abundance is low, selection is
ineffective, and neutral forces shape rare biosphere assemblies (32). These assemblies
may persist in the environment for a long time and exhibit different biogeographic
patterns than groups that are more abundant. However, the lack of a distance decay
pattern for archaea might only be due to their cosmopolitan ability to thrive in a variety
of habits or domain-level resolutions which obscured meaningful correlations at lower
taxonomic levels. The spatial structures of bacteria and fungi may have resulted from
autocorrelated environmental variables or from dispersal limitation. In our study,
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bacterial community similarities were not correlated with environmental variables
regardless of whether the test was controlled by the geographic distance or not,
indicating that the distance decay pattern for bacterial communities related to histor-
ical dispersal limitation. The Mantel test results suggested a selection effect of envi-
ronmental variables on fungal communities (Table 1). However, this correlation of
environmental variables disappeared when the geographic distance was controlled in
the partial Mantel test. Accordingly, the distance decay patterns of fungi can be
predominantly attributed to the autocorrelated environmental variables. The contribu-
tion of historical processes represented by the distance effect may be overestimated, as
a spurious distance effect will be found if some spatial autocorrelated environmental
variables are not measured, such as climatic conditions, countless edaphic variables,
and the disregarded interactions within microbial communities. The correlation be-
tween different compositions in a community influences microbial distributions and
also displays biogeographic patterns (33).

Evidence for distinct biogeographic patterns of the three microbial taxa was also
witnessed through the differentiation of community diversity across vegetation types
(Fig. 3a). Consistent changes in the composition of the dominant taxa may result in
differences in the diversity of microbiomes across environmental gradients. Our results
suggested that the diversity of archaeal, bacterial, and fungal communities was con-
trolled by different environmental variables (Fig. 3b to d). The strong positive influence
of the Feo/Fed ratio on bacterial community diversity and structure is related to its
influence on bacterial succession during soil development (34). The Feo/Fed ratio has
been used for characterizing Fe oxide crystallinity and measuring the proportion of
amorphous Fe in total Fe oxides (35). In global and regional soils, pH was identified as
a major environmental variable that explained bacterial community diversity and
composition (1, 15, 36). Fierer and Jackson (1) reported that pH is probably masking
another environmental variable driving community assembly. The close association
between the Feo/Fed ratio and soil pH (35) suggests that the effects of soil pH on
bacterial community diversity and composition may be related to the soil Feo/Fed ratio.
The direct influence of DOC on fungal diversity agrees with the observed positive
correlation between ectomycorrhizal fungal (EMF) diversity and DOC (37). The global
fungal diversity is strongly affected by soil pH and Ca concentration (2). Notably, the
effect of Ca on fungal community diversity was attributed to the positive influence of
exchangeable Ca on the turnover rate of soil organic matter (38). The large influence of
soil Ald on fungal community diversity suggests that the community diversity may be
controlled by available aluminum, which increases as soil pH declines (39). The previ-
ously reported influence of soil pH on fungal community structure may be attributed
to aluminum toxicity. The tolerance of fungi for aluminum toxicity varies with different
phylogenetic groups (40). The marginally significant influence of TN on archaeal
diversity may be associated with the dominance of Nitrososphaerales, which can drive
nitrification in soils (41).

The nonrandom spatial variation of community composition (Fig. 2) and diversity
(Fig. 3) provides further evidence that archaea, bacteria, and fungi display different
biogeographic patterns. This was clearly observed through the influence of vegetation
type on the relative abundance of dominant taxa. The variation in the relative abun-
dances of Nitrososphaerales indicated that ammonium oxidation activity is higher in
temperate regions (TDBF and TMCF) than in tropical regions (TSF and SBEF). Members
of Nitrososphaerales play a crucial role in ammonia-oxidizing processes in soil (42). The
tendencies of Cenarchaeales and NRP-J suggest that those archaeal groups may re-
spond negatively to ammonium oxidation activities. The members of Cenarchaeales
have yet to be cultured (43), but denitrification genes were found in the genomes of
Cenarchaeales based on metagenomic approaches (44). The uncultured NRP-J in Cre-
narchaeota were identified from soils, but their functions were unknown (45). The
dominant bacterial taxa identified as part of this study were previously reported as
dominant taxa in soils globally (46). In addition to this, we found different distribution
patterns for several of these dominant bacterial taxa between tropical (TSF and SBEF)
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and temperate regions (TDBF and TMCF). For example, the relative abundances of the
classes Acidobacteria and Betaproteobacteria were higher in the temperate regions than
in tropical regions, but vice versa the relative abundances of the classes EC 1113 and
Thermoleophilia were higher in tropical regions than in temperate regions. Although
these groups are ubiquitous in soil microbiomes and our understanding of their
distribution is continually increasing, their functions remain largely unexplored. Inter-
estingly, it has been shown that the profiles of dominant fungal groups in this study are
divergent with previously reported fungal communities in soils globally (2), where half
of the sequences were classified as Agaricomycetes. However, Agaricomycetes se-
quences constituted less than 10% of all fungal sequences in our study. This discrep-
ancy may be attributed to the different resolutions offered by the internal transcribed
spacer (ITS) and 18S rRNA genes. The observed biogeographic patterns of dominant
fungal classes suggested a differentiation of dominant fungal groups across the differ-
ent vegetation types. Since most fungal species are uncultured as yet, their character-
istics and functions are poorly understood. Consequently, multiple alternative interpre-
tations can be made from their biogeographic patterns.

The most important environmental variables for the dominant microbial OTUs,
including Feo/Fed ratio, Ald, and DOC (Fig. 7), were also identified as the best predictors
of community structure in CCA analysis (see Fig. S2 to S4 in the supplemental material).
Recently, studies of bacterial and eukaryotic communities revealed distinct patterns for
dominant and rare biospheres and identified similar controlling factors between dom-
inant OTUs and the entire community (47, 48). Our analysis, however, highlights that
the influence of less important environmental variables cannot be neglected. Although
not important drivers for whole communities, those environmental variables were the
dominant drivers for specific taxonomic groups, e.g., Ald for Gaiellales, FA for Archae-
orhizomyces and Mucoromycotina, and DOC for Eurotiomycetes. The global fungal
biogeographic pattern indicated that, in specific regions, abiotic conditions (such as soil
pH and climatic conditions) have probably stimulated evolutionary radiations in certain
geographic areas (2). Therefore, the dominant OTUs associated with particular envi-
ronmental variables that have smaller contributions to the entire community may be
stimulated by these environmental variables in specific regional areas. Furthermore,
dominant OTUs whose distribution patterns cannot be explained by any measured
environmental variable may lack obvious biogeographic patterns or may be controlled
by environmental variables that were not measured in this study. Another explanation
for this result may be that some OTUs have shorter phylogenetic histories and have not
had sufficient time for long-distance dispersal (49). Although the correlated environ-
mental variables varied in the same taxa, the dominant microbial OTUs belonging to
the same taxonomic groups had similar responses to environmental variables, suggest-
ing that the responses of microbes to environmental variables associate with more
highly resolved phylogenetic relationships.

We showed distinct biogeographic patterns for soil archaeal, bacterial, and fungal
communities in the natural forest sites across the vegetation gradient in Eastern China.
The continental-scale distributions of soil archaea, bacteria, and fungi were correlated
with different edaphic variables. While the similarity of the archaeal communities was
homogenous along geographic distance, the distance decay of bacterial and fungal
community similarities was explained by dispersal limitation and the spatially autocor-
related environmental variables, respectively. These results imply distinct mechanisms
for shaping the biogeographic patterns of different microbial taxa. The microbial
biogeographic patterns inferred from the natural forest soils could provide more
reliable evidence for understanding underlying mechanisms of microbial biogeogra-
phy. Our reconstructions of microbial diversity across the natural forest ecosystems
could provide a guideline for monitoring and evaluating the long-term success of the
forest restoration efforts from cropland that are under way in China (50), as restoring
belowground generally leads to a more successful belowground restoration (51).
Meanwhile, the deviation of soil microbial communities from the corresponding natural
forest state could be used to assess the extent of soil degradation. Moreover, the
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current microbial community states in different vegetation types could be used for
predicting the long-term response of the underground ecosystem to the future
changes of vegetation distribution caused by climate change. Given that the roles of
microbes varied with the taxonomic group, the discrepancy of the biogeographic
patterns for the three microbial taxa suggests different driving processes for various
functions of the soil microbial community.

MATERIALS AND METHODS

Study area and sampling. We collected three soil samples from a 100- by 100-m? plot in natural,
undisturbed forest at each of the 110 sites across Eastern China using a uniform sampling protocol
(Fig. 1). These sites were categorized into four distinct biogeographic regions according to the classifi-
cation of the vegetation regionalization map of China (http://www.nsii.org.cn/chinavegetaion) to include
(i) tropical seasonal forests (TSF; 25 sites), (ii) subtropical broad-leaved evergreen forests (SBEF; 49 sites),
(iii) temperate deciduous broad-leaved forests (TDBF; 17 sites), and (iv) temperate mixed coniferous-
broadleaf forests (TMCF; 19 sites). Samples were collected at a depth of 0 to 15 cm after the removal of
loose debris from the forest floor. Five soil cores were combined to obtain one soil sample, resulting in
three analytical sample replicates per plot. All soil samples were transported to the laboratory on ice.
Coarse roots and stones were removed, and a subset of the soil was air dried for analysis of edaphic
properties. The methods used to obtain values for all measured edaphic variables were described in a
previous study (33).

DNA extraction, PCR, and high-throughput sequencing. Upon the arrival of fresh soil samples at
the laboratory, DNA was extracted from the soil samples using the MP FastDNA spin kit for soil (MP
Biomedicals, Solon, OH) according to the manufacturer’s instructions. Equal concentrations (200 ug) of
DNA extracted from the three replicates were combined to form a composite genetic pool representing
total DNA for each site. DNA purity and concentration were determined using a NanoDrop spectropho-
tometer (NanoDrop Technologies, Inc., Wilmington, DE). Isolated total DNA was stored at —20°C for
microbial diversity and sequence analyses.

We amplified a region of the 16S rRNA gene for archaea and bacteria and a region of the 18S rRNA
gene for fungi using microbial tag-encoded FLX amplicon pyrosequencing (TEFAP) procedures described
previously (52). The archaeal and bacterial 16S rRNA genes were amplified by primer pairs A340F90
(GYGCASCAGKCGMGAAW)/A806R96 (GGACATCVSGGGTATCTAAT) and Gray28F (GAGTTTGATCNTGGCT
CAG)/Gray519R (GTNTTACNGCGGCKGCTG), respectively (33). The fungal 18S rRNA gene was amplified by
primer pair funSSUF (TGGAGGGCAAGTCTGGTG)/funSSUR (TCGGCATAGTTTATGGTTAAG) (33). We used
positive and negative controls throughout our experimental work. Amplified PCR products were
sequenced on the 454 GS-FLX+ platform across 11 plates at the Research and Testing Laboratory
(Lubbock, TX).

Sequence analysis. Raw sequence data were reassigned to samples in QIIME version 1.9.0 based on
the barcodes and trimmed to exclude short and low-quality sequences. The following parameters were
used: min_seq_length 200, max_seq_length 500, min_qual_score 25, max_homopolyer 6, truncate_am-
bi_bases TRUE. The remaining sequences were filtered using the denoiser_wrapper.py script with the
default settings. Sequences were clustered into OTUs using the pick_open_reference_otus.py script (53)
with 97% pairwise identity, using the Greengenes 16S rRNA database (release 13_8) for bacteria and
archaea and the SILVA 111 database for fungi. Chimera detection was performed with the UCHIME
module of USEARCH (version 8.0) (54). Putative chimeric sequences and singletons were discarded. The
OTUs that were not assigned to taxa in archaea, bacteria, or fungi were removed prior to further analysis.

Statistical analysis. Mean annual air temperature (MAAT) and mean annual precipitation (MAP)
values were obtained from the WorldClim database (http://www.worldclim.org). To reduce the bias
associated with differences in library size for different samples, we normalized the microbial count data
using the negative binomial model provided in the R (version 2.3.3) package phyloseq (55). To determine
the direct and indirect effects of climatic and edaphic variables on the Shannon index, we used structural
equation modeling (SEM) in the lavaan package (56). Model fits were explored based on root-mean-
square error of approximation (RMSEA). We included potentially important variables inferred from
multiple regression models and correlations to construct separate SEM models. All direct and indirect
relations between exogenous and endogenous variables were tested.

Bray-Curtis similarity matrices for archaeal, bacterial, and fungal community data were calculated in
vegan. Principal coordinate analysis was used to assess the differences in microbial communities
between sites based on Bray-Curtis similarity matrices. To test for the influence of vegetation type and
environmental variables on microbial communities, we used permutational multivariate analysis of
variance (PERMANOVA) with Bray-Curtis matrices. Canonical correspondence analysis (CCA) was utilized
to explore the relationships between bacterial and fungal communities and environmental variables, as
the longest gradient lengths for preliminary detrended correspondence analysis (DCA) of the bacterial
and fungal communities were all greater than three (DCA1 = 5.4 and 3.7 for bacteria and fungi,
respectively). Redundancy analysis (RDA) was used to explore the relationships between the archaeal
community and environmental variables, as the longest gradient length for the preliminary DCA of
archaeal communities was shorter than three (DCA1 = 2.2). All nonsignificant variables were eliminated
from CCA or RDA. To determine the spatial patterns of alpha- and beta-diversity, we used a kriging
method to interpolate the Shannon index and the first two PCoA axes beyond sampling sites. To
determine the effects of spatial distance and environmental variables on microbial communities, we
carried out standard and partial Mantel tests on the Bray-Curtis distances and Euclidean distances of
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significant variables. All P values were adjusted using the Benjamini-Hochberg false discovery rate (FDR)
controlling procedure (57).

To examine the influence of environmental variables on each dominant microbial OTU, a bipartite
network analysis was conducted between soil properties and dominant OTUs using the maximal
information coefficient in the minerva package in R. Dominant OTUs were identified as OTUs with relative
abundances greater than 0.1%. The network was generated in the igraph package (version 1.0.1) and

mSystems’

visualized in Gephi 0.8.2.
Accession number(s). Sequence data have been deposited in the public National Center for
Biotechnology Information (NCBI) database under BioProject accession number PRINA293484.

SUPPLEMENTAL MATERIAL
Supplemental material for this article may be found at https://doi.org/10.1128/
mSystems.00174-16.

FIG S1, EPS file, 0.2 MB.

FIG S2, EPS file, 0.3 MB.

FIG S3, EPS file, 1.7 MB.

FIG S4, EPS file, 1.8 MB.

FIG S5, TIF file, 1.9 MB.
TABLE S1, DOCX file, 0.04 MB.
TABLE S2, DOCX file, 0.1 MB.
TABLE S3, DOCX file, 0.1 MB.
TABLE S4, DOCX file, 0.1 MB.

ACKNOWLEDGMENTS
We thank the graduate students from J.X.'s laboratory for help with soil sample
collection.
This research was financially supported by the National Natural Science Foundation
of China (grant number 41520104001), the 111 Project, and the Fundamental Research
Funds for the Central Universities.

REFERENCES

1.

9.

Fierer N, Jackson RB. 2006. The diversity and biogeography of soil
bacterial communities. Proc Natl Acad Sci U S A 103:626-631. https:/
doi.org/10.1073/pnas.0507535103.

. Tedersoo L, Bahram M, Pélme S, Kéljalg U, Yorou NS, Wijesundera R, Ruiz

LV, Vasco-Palacios AM, Thu PQ, Suija A, Smith ME, Sharp C, Saluveer E,
Saitta A, Rosas M, Riit T, Ratkowsky D, Pritsch K, P6ldmaa K, Piepenbring
M, Phosri C, Peterson M, Parts K, Pértel K, Otsing E, Nouhra E, Njouonkou
AL, Nilsson RH, Morgado LN, Mayor J, May TW, Majuakim L, Lodge DJ,
Lee SS, Larsson K-H, Kohout P, Hosaka K, Hiiesalu I, Henkel TW, Harend
H, Guo L, Greslebin A, Grelet G, Geml J, Gates G, Dunstan W, Dunk C,
Drenkhan R, Dearnaley J, Kesel AD, et al. 2014. Fungal biogeography.
Global diversity and geography of soil fungi. Science 346:1256688.
https://doi.org/10.1126/science.1256688.

. Teeling H, Glockner FO. 2012. Current opportunities and challenges in

microbial metagenome analysis—a bioinformatic perspective. Brief
Bioinform 13:728-742. https://doi.org/10.1093/bib/bbs039.

. Dantas G, Sommer MOA. 2014. How to fight back against antibiotic

resistance. Am Sci 102:42-51. https://doi.org/10.1511/2014.106.42.

. Martiny JBH, Bohannan BJ, Brown JH, Colwell RK, Fuhrman JA, Green JL,

Horner-Devine MC, Kane M, Krumins JA, Kuske CR, Morin PJ, Reysenbach
AL, Smith VH, Staley JT. 2006. Microbial biogeography: putting microor-
ganisms on the map. Nat Rev Microbiol 4:102-112. https://doi.org/
10.1038/nrmicro1341.

. Zhao M, Sun B, Wu L, Gao Q, Wang F, Wen C, Wang M, Liang Y, Hale L,

Zhou J, Yang Y. 2016. Zonal soil type determines soil microbial responses
to maize cropping and fertilization. mSystems 1:@00075-16. https://
doi.org/10.1128/mSystems.00075-16.

. Green JL, Bohannan BJ, Whitaker RJ. 2008. Microbial biogeography: from

taxonomy to traits. Science 320:1039-1043. https://doi.org/10.1126/
science.1153475.

. Andam CP, Doroghazi JR, Campbell AN, Kelly PJ, Choudoir MJ, Buckley

DH. 2016. A latitudinal diversity gradient in terrestrial bacteria of the
genus Streptomyces. mBio 7:€02200-15. https://doi.org/10.1128/mBio
.02200-15.

Griffiths RI, Thomson BC, James P, Bell T, Bailey M, Whiteley AS. 2011. The

January/February 2017 Volume 2 Issue 1 e00174-16

13.

bacterial biogeography of British soils. Environ Microbiol 13:1642-1654.
https://doi.org/10.1111/j.1462-2920.2011.02480.x.

. Liu M, Tian H. 2010. China’s land cover and land use change from 1700

to 2005: estimations from high-resolution satellite data and historical
archives. Global Biogeochem Cycles 24:GB3003. https://doi.org/10.1029/
2009GB003687.

. Fierer N, Ladau J, Clemente JC, Leff JW, Owens SM, Pollard KS, Knight R,

Gilbert JA, McCulley RL. 2013. Reconstructing the microbial diversity and
function of pre-agricultural tallgrass prairie soils in the United States.
Science 342:621-624. https://doi.org/10.1126/science.1243768.

. Blaser MJ, Cardon ZG, Cho MK, Dangl JL, Donohue TJ, Green JL, Knight

R, Maxon ME, Northen TR, Pollard KS, Brodie EL. 2016. Toward a predic-
tive understanding of earth’s microbiomes to address 21st century
challenges. mBio 7:e00714-16. https://doi.org/10.1128/mBi0.00714-16.
van der Gast CJ. 2015. Microbial biogeography: the end of the ubiqui-
tous dispersal hypothesis? Environ Microbiol 17:544-546. https://
doi.org/10.1111/1462-2920.12635.

. Hanson CA, Fuhrman JA, Horner-Devine MC, Martiny JBH. 2012. Beyond

biogeographic patterns: processes shaping the microbial landscape. Nat
Rev Microbiol 10:497-506. https://doi.org/10.1038/nrmicro2795.

. Lauber CL, Hamady M, Knight R, Fierer N. 2009. Pyrosequencing-based

assessment of soil pH as a predictor of soil bacterial community struc-
ture at the continental scale. Appl Environ Microbiol 75:5111-5120.
https://doi.org/10.1128/AEM.00335-09.

. Bates ST, Berg-Lyons D, Caporaso JG, Walters WA, Knight R, Fierer N.

2011. Examining the global distribution of dominant archaeal popula-
tions in soil. ISME J 5:908-917. https://doi.org/10.1038/ismej.2010.171.

. Auguet JC, Barberan A, Casamayor EO. 2010. Global ecological patterns

in uncultured Archaea. ISME J 4:182-190. https://doi.org/10.1038/ismej
.2009.109.

. Angel R, Soares MIM, Ungar ED, Gillor O. 2010. Biogeography of soil

archaea and bacteria along a steep precipitation gradient. ISME J
4:553-563. https://doi.org/10.1038/isme;j.2009.136.

. Talbot JM, Bruns TD, Taylor JW, Smith DP, Branco S, Glassman S,

Erlandson S, Vilgalys R, Liao HL, Smith ME, Peay KG. 2014. Endemism and

msystems.asm.org 13

1sanb Ag 2T0Z ‘vg aunr uo /Bio wse swalsAswy/:dny woly papeojumod


https://www.ncbi.nlm.nih.gov/bioproject/PRJNA293484
https://doi.org/10.1128/mSystems.00174-16
https://doi.org/10.1128/mSystems.00174-16
https://doi.org/10.1073/pnas.0507535103
https://doi.org/10.1073/pnas.0507535103
https://doi.org/10.1126/science.1256688
https://doi.org/10.1093/bib/bbs039
https://doi.org/10.1511/2014.106.42
https://doi.org/10.1038/nrmicro1341
https://doi.org/10.1038/nrmicro1341
https://doi.org/10.1128/mSystems.00075-16
https://doi.org/10.1128/mSystems.00075-16
https://doi.org/10.1126/science.1153475
https://doi.org/10.1126/science.1153475
https://doi.org/10.1128/mBio.02200-15
https://doi.org/10.1128/mBio.02200-15
https://doi.org/10.1111/j.1462-2920.2011.02480.x
https://doi.org/10.1029/2009GB003687
https://doi.org/10.1029/2009GB003687
https://doi.org/10.1126/science.1243768
https://doi.org/10.1128/mBio.00714-16
https://doi.org/10.1111/1462-2920.12635
https://doi.org/10.1111/1462-2920.12635
https://doi.org/10.1038/nrmicro2795
https://doi.org/10.1128/AEM.00335-09
https://doi.org/10.1038/ismej.2010.171
https://doi.org/10.1038/ismej.2009.109
https://doi.org/10.1038/ismej.2009.109
https://doi.org/10.1038/ismej.2009.136
msystems.asm.org
http://msystems.asm.org/

Ma et al.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

January/February 2017 Volume 2

functional convergence across the North American soil mycobiome.
Proc Natl Acad Sci U S A 111:6341-6346. https://doi.org/10.1073/
pnas.1402584111.

Levin SA. 1992. The problem of pattern and scale in ecology: the Robert
H. MacArthur Award Lecture. Ecology 73:1943-1967. https://doi.org/
10.2307/1941447.

Ge Y, He JZ, Zhu YG, Zhang JB, Xu Z, Zhang LM, Zheng YM. 2008.
Differences in soil bacterial diversity: driven by contemporary distur-
bances or historical contingencies? ISME J 2:254-264. https://doi.org/
10.1038/isme;j.2008.2.

Zheng YM, Cao P, Fu B, Hughes JM, He JZ. 2013. Ecological drivers of
biogeographic patterns of soil archaeal community. PLoS One 8:€63375.
https://doi.org/10.1371/journal.pone.0063375.

Wu'Y, Ma B, Zhou L, Wang H, Xu J, Kemmitt S, Brookes PC. 2009. Changes
in the soil microbial community structure with latitude in eastern China,
based on phospholipid fatty acid analysis. Appl Soil Ecol 43:234-240.
https://doi.org/10.1016/j.aps0il.2009.08.002.

Thomson BC, Tisserant E, Plassart P, Uroz S, Griffiths RI, Hannula SE, Buée
M, Mougel C, Ranjard L, Van Veen JA, Martin F, Bailey MJ, Lemanceau P.
2015. Soil conditions and land use intensification effects on soil micro-
bial communities across a range of European field sites. Soil Biol
Biochem 88:403-413. https://doi.org/10.1016/j.50ilbio.2015.06.012.
Rodrigues JLM, Pellizari VH, Mueller R, Baek K, Jesus Eda C, Paula FS,
Mirza B, Hamaoui GS, Tsai SM, Feigl B, Tiedje JM, Bohannan BJM,
Nisslein K. 2013. Conversion of the Amazon rainforest to agriculture
results in biotic homogenization of soil bacterial communities. Proc Natl
Acad Sci U S A 110:988-993. https://doi.org/10.1073/pnas.1220608110.
Bates ST, Clemente JC, Flores GE, Walters WA, Parfrey LW, Knight R, Fierer
N. 2013. Global biogeography of highly diverse protistan communities in
soil. ISME J 7:652-659. https://doi.org/10.1038/ismej.2012.147.

Barreto DP, Conrad R, Klose M, Claus P, Enrich-Prast A. 2014. Distance-
decay and taxa-area relationships for bacteria, archaea and methano-
genic archaea in a tropical lake sediment. PLoS One 9:110128. https://
doi.org/10.1371/journal.pone.0110128.

Jiang H, Huang L, Deng Y, Wang S, Zhou Y, Liu L, Dong H. 2014.
Latitudinal distribution of ammonia-oxidizing bacteria and archaea in
the agricultural soils of eastern China. Appl Environ Microbiol 80:
5593-5602. https://doi.org/10.1128/AEM.01617-14.

Winter C, Matthews B, Suttle CA. 2013. Effects of environmental variation
and spatial distance on Bacteria, Archaea and viruses in sub-polar and
arctic waters. ISME J 7:1507-1518. https://doi.org/10.1038/isme;j.2013.56.
Yarza P, Yilmaz P, Pruesse E, Glockner FO, Ludwig W, Schleifer KH,
Whitman WB, Euzéby J, Amann R, Rossell6-Méra R. 2014. Uniting the
classification of cultured and uncultured bacteria and archaea using 16S
rRNA gene sequences. Nat Rev Microbiol 12:635-645. https://doi.org/
10.1038/nrmicro3330.

Fierer N, Breitbart M, Nulton J, Salamon P, Lozupone C, Jones R, Robeson
M, Edwards RA, Felts B, Rayhawk S, Knight R, Rohwer F, Jackson RB. 2007.
Metagenomic and small-subunit rRNA analyses reveal the genetic diver-
sity of bacteria, archaea, fungi, and viruses in soil. Appl Environ Microbiol
73:7059-7066. https://doi.org/10.1128/AEM.00358-07.

Pedrés-Alio C. 2007. Dipping into the rare biosphere. Science 315:
192-193. https://doi.org/10.1126/science.1135933.

Ma B, Wang H, Dsouza M, Lou J, He Y, Dai Z, Brookes PC, Xu J, Gilbert JA.
2016. Geographic patterns of co-occurrence network topological fea-
tures for soil microbiota at continental scale in eastern China. ISME J
10:1891-1901. https://doi.org/10.1038/isme;j.2015.261.

Cui J, Meng H, Nie M, Chen X, Li Z, Bu N, Li B, Chen J, Quan Z, Fang C.
2012. Bacterial succession during 500 years of soil development under
agricultural use. Ecol Res 27:793-807. https://doi.org/10.1007/s11284
-012-0955-3.

Chi G, Chen X, Shi Y, Zheng T. 2010. Forms and profile distribution of soil
Fe in the Sanjiang Plain of northeast China as affected by land uses. J
Soils Sediments 10:787-795. https://doi.org/10.1007/s11368-009-0140-7.
Xiong J, Liu Y, Lin X, Zhang H, Zeng J, Hou J, Yang Y, Yao T, Knight R, Chu
H. 2012. Geographic distance and pH drive bacterial distribution in
alkaline lake sediments across Tibetan Plateau. Environ Microbiol 14:
2457-2466. https://doi.org/10.1111/j.1462-2920.2012.02799.x.

Pena R, Offermann C, Simon J, Naumann PS, Gessler A, Holst J, Dannen-
mann M, Mayer H, Kogel-Knabner |, Rennenberg H, Polle A. 2010.
Girdling affects ectomycorrhizal fungal (EMF) diversity and reveals func-
tional differences in EMF community composition in a beech forest. Appl
Environ Microbiol 76:1831-1841. https://doi.org/10.1128/AEM.01703-09.

Issue 1 e00174-16

38.

39.

40.

41,

42,

43,

44,

45,

46.

47.

48.

49.

50.

51.

52.

53.

54,

55.

56.

57.

mSystems’

Reich PB, Oleksyn J, Modrzynski J, Mrozinski P, Hobbie SE, Eissenstat DM,
Chorover J, Chadwick OA, Hale CM, Tjoelker MG. 2005. Linking litter
calcium, earthworms and soil properties: a common garden test with 14
tree species. Ecol Lett 8:811-818. https://doi.org/10.1111/j.1461-0248
.2005.00779.x.

Gahoonia TS. 1993. Influence of root-induced pH on the solubility of soil
aluminium in the rhizosphere. Plant Soil 149:289-291. https://doi.org/
10.1007/BF00016620.

Thompson GW, Medve RJ. 1984. Effects of aluminum and manganese
on the growth of ectomycorrhizal fungi. Appl Environ Microbiol
48:556-560.

Tourna M, Stieglmeier M, Spang A, Kénneke M, Schintimeister A, Urich T,
Engel M, Schloter M, Wagner M, Richter A, Schleper C. 2011. Nitrosospha-
era viennensis, an ammonia oxidizing archaeon from soil. Proc Natl Acad
Sci U S A 108:8420-8425. https://doi.org/10.1073/pnas.1013488108.
Stieglmeier M, Klingl A, Alves RJE, Rittmann SKMR, Melcher M, Leisch N,
Schleper C. 2014. Nitrososphaera viennensis gen. nov., sp. nov., an aero-
bic and mesophilic, ammonia-oxidizing archaeon from soil and a mem-
ber of the archaeal phylum Thaumarchaeota. Int J Syst Evol Microbiol
64:2738-2752. https://doi.org/10.1099/ijs.0.063172-0.

Cavalier-Smith T. 2002. The neomuran origin of archaebacteria, the neg-
ibacterial root of the universal tree and bacterial megaclassification. Int J
Syst Evol Microbiol 52:7-76. https://doi.org/10.1099/00207713-52-1-7.
Nelson MB, Berlemont R, Martiny AC, Martiny JB. 2015. Nitrogen cycling
potential of a grassland litter microbial community. Appl Environ Micro-
biol 81:7012-7022. https://doi.org/10.1128/AEM.02222-15.

Barton HA, Giarrizzo JG, Suarez P, Robertson CE, Broering MJ, Banks ED,
Vaishampayan PA, Venkateswaran K. 2014. Microbial diversity in a Ven-
ezuelan orthoquartzite cave is dominated by the Chloroflexi (class Kt-
edonobacterales) and Thaumarchaeota group L1c. Front Microbiol
5:615. https://doi.org/10.3389/fmicb.2014.00615.

Janssen PH. 2006. Identifying the dominant soil bacterial taxa in libraries
of 16S rRNA and 16S rRNA genes. Appl Environ Microbiol 72:1719-1728.
https://doi.org/10.1128/AEM.72.3.1719-1728.2006.

Gong J, Shi F, Ma B, Dong J, Pachiadaki M, Zhang X, Edgcomb VP. 2015.
Depth shapes a- and B-diversities of microbial eukaryotes in surficial
sediments of coastal ecosystems. Environ Microbiol 17:3722-3737.
https://doi.org/10.1111/1462-2920.12763.

Liu L, Yang J, Yu Z, Wilkinson DM. 2015. The biogeography of abundant
and rare bacterioplankton in the lakes and reservoirs of China. ISME J
9:2068-2077. https://doi.org/10.1038/ismej.2015.29.

Layeghifard M, Peres-Neto PR, Makarenkov V. 2012. Using directed
phylogenetic networks to retrace species dispersal history. Mol Phylo-
genet Evol 64:190-197. https://doi.org/10.1016/j.ympev.2012.03.016.
LG Y, Fu B, Feng X, Zeng Y, Liu Y, Chang R, Sun G, Wu B. 2012. A
policy-driven large scale ecological restoration: quantifying ecosystem
services changes in the Loess Plateau of China. PLoS One 7:€31782.
https://doi.org/10.1371/journal.pone.0031782.

Kardol P, Wardle DA. 2010. How understanding aboveground-
belowground linkages can assist restoration ecology. Trends Ecol Evol
25:670-679. https://doi.org/10.1016/j.tree.2010.09.001.

Sun Y, Wolcott RD, Dowd SE. 2011. Tag-encoded FLX amplicon pyrose-
quencing for the elucidation of microbial and functional gene diversity
in any environment. Methods Mol Biol 733:129-141. https://doi.org/
10.1007/978-1-61779-089-8_9.

Rideout JR, He Y, Navas-Molina JA, Walters WA, Ursell LK, Gibbons SM,
Chase J, McDonald D, Gonzalez A, Robbins-Pianka A, Clemente JC,
Gilbert JA, Huse SM, Zhou HW, Knight R, Caporaso JG. 2014. Subsampled
open-reference clustering creates consistent, comprehensive OTU defi-
nitions and scales to billions of sequences. PeerJ 2:e545. https://doi.org/
10.7717/peerj.545.

Edgar RC. 2010. Search and clustering orders of magnitude faster
than BLAST. Bioinformatics 26:2460-2461. https://doi.org/10.1093/
bioinformatics/btq461.

McMurdie PJ, Holmes S. 2014. Waste not, want not: why rarefying
microbiome data is inadmissible. PLoS Comput Biol 10:e1003531.
https://doi.org/10.1371/journal.pcbi.1003531.

Rosseel Y. 2012. lavaan: an R package for structural equation modeling.
J Stat Softw 48:1-36. https://doi.org/10.18637/jss.v048.i02

Benjamini Y, Krieger AM, Yekutieli D. 2006. Adaptive linear step-up
procedures that control the false discovery rate. Biometrika 93:491-507.
https://doi.org/10.1093/biomet/93.3.491.

msystems.asm.org 14

1sanb Ag 2T0Z ‘vg aunr uo /Bio wse swalsAswy/:dny woly papeojumod


https://doi.org/10.1073/pnas.1402584111
https://doi.org/10.1073/pnas.1402584111
https://doi.org/10.2307/1941447
https://doi.org/10.2307/1941447
https://doi.org/10.1038/ismej.2008.2
https://doi.org/10.1038/ismej.2008.2
https://doi.org/10.1371/journal.pone.0063375
https://doi.org/10.1016/j.apsoil.2009.08.002
https://doi.org/10.1016/j.soilbio.2015.06.012
https://doi.org/10.1073/pnas.1220608110
https://doi.org/10.1038/ismej.2012.147
https://doi.org/10.1371/journal.pone.0110128
https://doi.org/10.1371/journal.pone.0110128
https://doi.org/10.1128/AEM.01617-14
https://doi.org/10.1038/ismej.2013.56
https://doi.org/10.1038/nrmicro3330
https://doi.org/10.1038/nrmicro3330
https://doi.org/10.1128/AEM.00358-07
https://doi.org/10.1126/science.1135933
https://doi.org/10.1038/ismej.2015.261
https://doi.org/10.1007/s11284-012-0955-3
https://doi.org/10.1007/s11284-012-0955-3
https://doi.org/10.1007/s11368-009-0140-7
https://doi.org/10.1111/j.1462-2920.2012.02799.x
https://doi.org/10.1128/AEM.01703-09
https://doi.org/10.1111/j.1461-0248.2005.00779.x
https://doi.org/10.1111/j.1461-0248.2005.00779.x
https://doi.org/10.1007/BF00016620
https://doi.org/10.1007/BF00016620
https://doi.org/10.1073/pnas.1013488108
https://doi.org/10.1099/ijs.0.063172-0
https://doi.org/10.1099/00207713-52-1-7
https://doi.org/10.1128/AEM.02222-15
https://doi.org/10.3389/fmicb.2014.00615
https://doi.org/10.1128/AEM.72.3.1719-1728.2006
https://doi.org/10.1111/1462-2920.12763
https://doi.org/10.1038/ismej.2015.29
https://doi.org/10.1016/j.ympev.2012.03.016
https://doi.org/10.1371/journal.pone.0031782
https://doi.org/10.1016/j.tree.2010.09.001
https://doi.org/10.1007/978-1-61779-089-8_9
https://doi.org/10.1007/978-1-61779-089-8_9
https://doi.org/10.7717/peerj.545
https://doi.org/10.7717/peerj.545
https://doi.org/10.1093/bioinformatics/btq461
https://doi.org/10.1093/bioinformatics/btq461
https://doi.org/10.1371/journal.pcbi.1003531
https://doi.org/10.18637/jss.v048.i02
https://doi.org/10.1093/biomet/93.3.491
msystems.asm.org
http://msystems.asm.org/

