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Differential roles of deterministic and
stochastic processes in structuring soil
bacterial ecotypes across terrestrial
ecosystems

Mia Riddley 1,7, Shannon Hepp1,7, FNU Hardeep2, Aruj Nayak2, Meimei Liu3,
Xin Xing 3, Hailong Zhang4 & Jingqiu Liao 1,5,6

Soil bacteria are vital to ecosystem resilience and resistance, yet ecological
attributes and the drivers governing their composition and distribution,
especially for taxa varying in ecological traits and inhabiting different eco-
systems, are not fully understood. Here, we analyzed a large-scale bacterial
community and environmental dataset of 622 soil samples systematically
collected by us from six major terrestrial ecosystems across the United States.
We show that soil bacterial diversity and composition significantly differ
among ecotypes and ecosystems, partially determined by a few universal
abiotic factors (e.g., soil pH, calcium, and aluminum) and several ecotype- or
ecosystem-specific ecological drivers. Co-occurrence network analysis sug-
gests that rare taxa have stronger ecological relevance to the community than
abundant taxa. Ecological models revealed that deterministic processes shape
assembly of abundant taxa and generalists, while stochastic processes played a
greater role in rare taxa and specialists. Also, bacterial communities in
the shrubland ecosystem appear to be more sensitive to environmental
changes than other ecosystems, evidenced by the lowest diversity, least con-
nected community network, and strongest local environmental selection dri-
venby surrounding landuse.Overall, this study reveals ecologicalmechanisms
underlying the bacterial biogeography in terrestrial ecosystems nationwide
and highlights the need to preserve rare biosphere and shrubland ecosystems
amid environmental disturbance.

Soil is a complex, dynamic ecosystem acting as a living interface
between the atmosphere, lithosphere, and hydrosphere, which sus-
tains a wide range of ecological processes (e.g., nitrogen and carbon
cycling) critical for life on Earth. Soil bacteria are diverse and parti-
cipate in a multitude of these ecological processes, contributing to

the resilience and resistance of terrestrial ecosystems1. Growing
evidence has shown that like macroorganisms, bacteria in a wide
range of environments, including soils, display biogeographic pat-
terns, such as the distance-decay relationship2,3. Studying the bio-
geographic patterns of the collective output of all the bacteria
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present in soils (i.e., bacterial communities) offers a unique per-
spective to understanding the ecological consequences of environ-
mental changes mediated by bacteria.

Bacterial taxa vary by ecological traits, representing different
ecotypes. Two ecological traits that have attracted great attention
recently are abundance and habitat range4–7. The former trait defines
abundant taxa (i.e., taxa that have a larger local abundance) and rare
taxa (i.e., taxa that have a smaller local abundance), while the latter
defines habitat generalists (i.e., taxa that have a wider habitat pre-
ference) and habitat specialists (i.e., taxa that have a more limited
habitat range). These ecotypes can vary in metabolic capabilities and
environmental adaptability, performing specialized functions that are
integral to the health and sustainability of ecosystems8. In addition to
ecotypes, soil bacterial communities can vary in diversity and com-
position across the terrestrial ecosystems that they inhabit, where
unique environmental characteristicsmay lead to distinct positive and
negative feedback occurring betweenbacteria and their environment9.
Thus, a comprehensive understanding of soil bacterial biogeography
from a mechanistic standpoint for different ecotypes and terrestrial
ecosystems is essential for maintaining soil ecosystem balance and
functionality and can enhance the predictability of ecological con-
sequences of bacterial communities in response to environmental
disturbance.

However, deciphering the community assembly mechanisms that
structure bacterial diversity and biogeography remains a major
challenge10–13. Fundamental concepts such as niche-based and neutral
theories14 have provided an ecological framework for understanding
community assembly mechanisms. According to the niche theory,
deterministic processes that impose environmental selection trig-
gered by abiotic factors (e.g., nutrients) and biotic interactions (e.g.,
mutualism and competition) play a primary role in community
assembly15. Environmental selection can lead tomore phylogenetically
or taxonomically dissimilar and similar community structures, termed
heterogeneous and homogeneous selection, respectively16. Indeed,
many studies have identified a variety of environmental variables
important to bacterial community structure17–19. For example, pH has
been reported to be a universal indicator of bacterial diversity20. In
contrast to niche-based theory, neutral theory emphasizes the
importance of stochastic processes, including homogenizing dis-
persal, dispersal limitation, and ecological drift, pointing towards a
cause and effect on community structure21. Many studies have shown
that stochastic processes, jointly with deterministic processes, can
influence bacterial community assembly22,23. Subtle environmental
changes can lead to substantial shifts from stochastic to deterministic
dominance in a bacterial community and vice versa24. However, how
microbial communities are governed by these ecological processes at
a large spacial scale and how their importance differs by ecotypes and
ecosystems remain largely unknown.

In this work, we characterized the nationwide biogeographic
patterns of soil bacteria and investigated the underlying community
assembly mechanisms for different ecotypes, including abundant and
rare taxa and habitat generalists and specialists, as well as different
terrestrial ecosystems. We analyzed bacterial community data of 622
soil samples representing six major terrestrial ecosystems (forest/
woodland, shrubland, wetland, herbaceous, steppe/savanna, and bar-
ren) collected by us across the United States (US) within a consistent
time frame, which was paired with 34 environmental variables cap-
turing geolocation, soil properties, climate, and surrounding land use.
With in-depth ecological analyses, we identified distinct patterns of
biodiversity, spatial distribution, and abiotic and biotic drivers spe-
cific for ecotypes and across different ecosystems. Of note, rare taxa
were found to have stronger ecological relevance to the community
than abundant taxa based on co-occurrence network analysis. Using a
phylogenetic-based approach25, we further disentangled the co-
working of deterministic and stochastic mechanisms underlying

bacterial community assembly. We found that deterministic processes
were more important for abundant taxa and generalists, while sto-
chastic processes were more vital for rare taxa and specialists. In
addition, among all ecosystems, bacterial communities in shrubland
exhibited the highest sensitivity to environmental disturbances, par-
ticularly those resulting from surrounding land use changes. Collec-
tively, this study deepens a mechanistic and predictive understanding
of the biogeography of soil bacteria at a nationwide scale and reveals
the underlying ecological mechanisms at a resolution of ecotypes and
terrestrial ecosystems.

Results
Diversity and composition of bacterial communities
across the US
Among the 622 soil samples we collected, data for 618 samples passed
the quality control and were included in the analysis (see Methods). A
total of 3158 OTUs were identified, representing 31 bacterial phyla
(Fig. 1a), with Actinobacteria and Proteobacteria being the most pre-
valent (Supplementary Fig. 1a). A count of 104 known classes, 205
orders, 333 families, 517 genera, and 559 speciesweredetected. Fourα-
diversity metrics were calculated, including OTU richness, Shannon-
Wiener diversity, Faith’s phylogenetic diversity (PD), and Simpson’s
evenness. Bacterial richness and PD were approximately normally
distributed with a range expanding from 60 – 531 and 8.9 – 42.8,
respectively, and with an average of 288 and 25.5, respectively (Sup-
plementary Fig. 1b). The distribution of Shannon-Wiener diversity and
Simpson’s evenness, however, was left-skewed (Supplementary
Fig. 1b). Shannon-Wiener diversity ranged from 2.5 – 7.8 with an
average of 6.89, and Simpson’s evenness ranged from 0.411 – 0.931
with an average of 0.86. Since Shannon-Wiener diversity was highly
significantly correlated with all other three α-diversity metrics
(Spearman ρ >0.7, P < 0.05 for all; Supplementary Fig. 1c), this metric
was selected for downstream analysis to represent α-diversity. To
determine the dissimilarity of bacterial community structure among
samples, four β-diversity metrics, Bray-Curtis, Jaccard, unweighted
UniFrac, and weighted UniFrac distances, were measured. All these
metrics indicated large variation of β-diversity across samples (Sup-
plementary Fig. 1d). For example, nearly 62% and 93% of Bray-Curtis
and Jaccard measurements, respectively, were above 0.7 (Supple-
mentary Fig. 1d). Since weighted UniFrac distance considers relative
abundance and phylogenetic diversity and was highly significantly
correlated with all other three β-diversity metrics (Mantel ρ >0.84,
P <0.05 for all; Supplementary Fig. 1e), weighted UniFrac distance was
used for downstream analysis to represent β-diversity. These results
indicate that soil bacterial diversity is overall high, and bacteria com-
munity composition varies between locations across the US.

Among the 6 major terrestrial ecosystems that were sampled, the
forest/woodland ecosystem is the most prevalent (298 samples), fol-
lowed by herbaceous (134), wetland (54), shrubland (44), steppe/
savanna (31), and barren (26) ecosystems (Supplementary Fig. 2a).
Samples for these ecosystems varied by spatial scales anddistributions
(Supplementary Fig. 2b). Bacterial α-diversity, indicated by the
Shannon-Wiener diversity index, was found to significantly differ
among ecosystems, with forest/woodland and shrubland having the
highest and lowest diversity, respectively (Kruskal-Wallis [KW]
P =0.00866; Fig. 1b). Also, bacterial α-diversity varied geographically
across the US. The Midwest and Southeast, where many samples were
collected from forest/woodland and herbaceous ecosystems, con-
tainedmore diverse soil microbes compared to other regions (Fig. 1c).
In addition, these ecosystems had significantly different bacterial
community compositions between locations indicated by β-diversity
(PERMANOVA P =0.001), forming clusters of samples by ecosystems
in the multidimensional scaling (MDS) analysis (Supplementary
Fig. 3a). A total of 18, 53, 98, 73, 98, 76, 16, 447 bacterial phyla, classes,
orders, families, genera, species, and OTUs were found to have
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significantly different relative abundance compared among ecosys-
tems, respectively (adjustedKW P <0.05 for all; Fig. 1d; Supplementary
Data 1-5, Supplementary Fig. 3b). Of note, a number of taxawere found
to be uniquely abundant in the shrubland ecosystem. For example, at
the phylum level, Gemmatimonateds, Chloroflexi, Armatimonadetes,
and Actinobacteria had a significantly higher relative abundance in
shrubland than other ecosystems (Fig. 1d). At the species level,
Nocardioides dilutus, Pseudonocardia halophobica, Virgisporangium
ochraceum, and Geodermatophilus obscurus had a significantly higher
relative abundance in shrubland (Supplementary Fig. 3b). Overall,
bacterial communities within different terrestrial ecosystems
were significantly different in diversity and composition, whichmaybe
attributed to the unique environmental conditions that we observed
among these ecosystems based on the MDS analysis and KW tests
(Supplementary Fig. 3c and 2d, respectively).

OTUs detected in this study were classified into four ecotypes,
abundant taxa, rare taxa, generalists, and specialists (see Methods).
Abundant and rare taxa had high and low mean relative abundance
across sites, respectively,while generalists and specialists hadhigh and
low site prevalence, respectively (SupplementaryFig. 4a). A totalof 201
OTUs representing 10 phyla were classified as abundant taxa (Sup-
plementary Fig. 4b). Based on the enrichment analysis, Actinobacteria,
Acidobacteria, and Nitrospirae were significantly enriched among
abundant taxa (P < 0.05 for all; Fig. 1e). A total of 870 OTUs repre-
senting 26 phyla were classified as rare taxa (Supplementary Fig. 4c),
and among them, 7 phyla were significantly enriched, including

Gemmatimonadetes, Bacteroidetes, Chloroflexi, Planctomycetes,
Armatimonadetes, Chlorobi, and TM6 (P <0.05 for all; Fig. 1e). A total
of 156 OTUs representing 10 phyla were classified as generalists
(Supplementary Fig. 4d), and among them, Actinobacteria and
Nitrospirae were significantly enriched (P <0.05 for both; Fig. 1e). A
similar number of OTUs (159) were classified as specialists, but they
represented a set of more diverse phyla (22) compared to generalists
(Supplementary Fig. 4e). There were 4 phyla significantly enriched
among specialists, including Cyanobacteria, Thermi, GAL15, and
Chlamydiae (P <0.05 for all; Fig. 1e). Except for rare taxa, the number
of OTUs representing each ecotype was significantly different among
ecosystems (adjusted KW P <0.05 for all). For example, herbaceous,
steppe/savanna, and forest/woodland ecosystems harbored sig-
nificantlymore abundant taxa and generalists, while shrublandhad the
highest number of specialists but the lowest number of abundant taxa
and generalists (Supplementary Fig. 5). These results highlighted dis-
tinct ecological roles of bacterial taxa across terrestrial ecosystems.

Influence of environmental factors on soil bacterial diversity
To understand the potential influence of environmental factors on soil
bacterial α-diversity, we performed Spearman’s rank correlation ana-
lysis between Shannon-Wiener diversity index and the 34 environ-
mental variables representing geolocation, soil properties, climate,
and surrounding land use (Fig. 2a). For all taxa, 11 out of 34 variables
(32.4%) were significantly positively correlated with α-diversity,
including soil pH, calcium,potassium,magnesium,molybdenum,wind

Fig. 1 | Diversity and composition of bacterial communities vary by terrestrial
ecosystems and ecotypes across the US. aThemaximum likelihood phylogenetic
tree of 3158 OTUs constructed using 16S rRNA gene sequences with 1000 boot-
straps. The tree is rooted by midpoint and the branches are color-coded by the
phylum that each OTU represents. The outer annotation indicates the relative
abundance of OTUs. b Ridge plot showing the bacterial diversity indicated by
Shannon-Wiener diversity index compared among ecosystems, sorted by median.
Kruskal-Wallis (KW) P <0.05 indicates a significant difference. c Distribution of
soil bacterial diversity across the US. Circles are color-coded by ecosystems and

circle size is proportional to Shannon-Wiener diversity index. d Bubble plot
showing the mean relative abundance of phyla significantly different among eco-
systems (adjusted KW P <0.05). Mean relative abundance of each phylum was
standardized to enhance ecosystem comparison, so circle sizes do not reflect true
values. e Enrichment analysis for thephyla composition for each ecotype. The circle
size denotes the number of OTUs representing a phylum for a given ecotype. Phyla
with an enrichment index > 2 and < −2 indicates significant overrepresentation and
underrepresentation within each ecotype, respectively.
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speed, and coverage of developed land (both > and <20% impervious
cover), cropland, pasture, and wetland in surrounding areas, with pH,
magnesium, and calcium showing the strongest correlation (adjusted
Spearman P <0.05 for all). In contrast, 7 variables (20.6%), including
soil aluminum, iron, sulfur, zinc, precipitation, and proportions of
forest and shrubland, were significantly negatively correlated, with
aluminum and iron showing the strongest correlation (adjusted
P <0.05 for all). Stratifying by ecotypes, a consistent correlation pat-
tern was observed in abundant taxa and generalists, in which most of
the variables ( > 65%) were significantly correlated with α-diversity and
21 of them overlapped between these two ecotypes. Compared to
abundant taxa and generalists, much fewer environmental variables
were significantly correlated with α-diversity of rare taxa and specia-
lists (11 and 9, respectively) and their correlation coefficients were
relatively small. Of note, soil sodium, maximum annual temperature,
and the coverage of shrubland in surrounding areas were found to be
significantly correlated with the α-diversity for all four ecotypes, but

their effect appeared to be opposite for abundant taxa and generalists
compared to rare taxa and specialists. In addition, longitudewas found
to be uniquely correlated with the α-diversity of rare taxa, while
moisture, phosphorus, zinc, grassland, and wetland were uniquely
correlated with the α-diversity of generalists. These results suggest
that environmental conditions play a more important role in shaping
the α-diversity of abundant taxa and generalists than rare taxa and
specialists.

Stratifying by ecosystems (Fig. 2a), the strongest correlation
between environmental factors and bacterial α-diversity was observed
in the forest/woodlandecosystem (18 significant variables) followedby
shrubland (15 significant variables) (adjusted Spearman P <0.05 for
all). Only 9 and 4 variables were significantly correlated with the
diversity in the herbaceous and wetland ecosystems, respectively. The
barren and steppe/savanna ecosystems had no significant environ-
mental variables identified, likely due to the weak statistical power
caused by their relatively small sample size (Supplementary Fig. 2).
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the α-diversity of each ecotype and within each ecosystem explained by environ-
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Therewere seven environmental variables significantly correlatedwith
α-diversity in at least three ecosystems (adjusted P <0.05 for all).
Among them, soil pH, calcium, and potassium had a positive correla-
tion consistently across ecosystems, and iron, aluminum, and pre-
cipitation had a consistent negative correlation, while moisture
showed amixed effect. Several environmental variables were uniquely
significantly correlated with the α-diversity of a particular ecosystem,
such as total nitrogen, phosphorus, and the coverage of barren,
shrubland, and wetland in surrounding areas for the shrubland eco-
system; sulfur, zinc, and developed area coverage for the forest/
woodland ecosystem; and molybdenum for the herbaceous ecosys-
tem. Overall, these results suggest that soil bacterial α-diversity is
influenced by environmental factors with combined effects from sev-
eral universal drivers (e.g., pH, aluminum, calcium, and shrub-
land coverage in surrounding areas) and a number of drivers
specifically acting on a particular ecotype or ecosystem. These find-
ings, however, necessitate further validation using samples with even
sample sizes, spatial distributions, and scales for each ecosystem type.

Given the strong relationships between environmental variables
and soil bacterial α-diversity, we hypothesize that α-diversity is pre-
dictable using environmental variables at a nationwide scale. To test
this hypothesis, we developed a machine learning (ML) model to
predict α-diversity with the 34 environmental variables. We compared
different ML algorithms with random sampling of various hyperpara-
meters and identified gradient boosting regressor as the best algo-
rithm (see Methods). We then conducted an exhaustive search on the
regressor over all parameter values to fine-tune the hyperparameters.
Themost performantmodel (Supplementary Data 6) achieved anR2 of
0.46 and a mean squared error (MSE) of 0.15 (Supplementary Fig. 6a).
To interpret the best model prediction, we utilized SHAP26 to assess
the importance of each feature to the prediction. The top three most
influential environmental variables were soil pH, calcium, and alumi-
num (Fig. 2b), which is consistent with their strong correlations with
diversity observed in most ecotypes and ecosystems (Fig. 2a), sug-
gesting universal role in predicting bacterial diversity. These findings
underscore the predictive power of abiotic environmental factors for
predicting soil bacterial diversity at a large spatial scale.

Sincemany variables significantly correlatedwithα-diversity were
soil property variables, we hypothesized that soil properties were the
mostinfluential factor for soil bacterial diversity. To test this hypoth-
esis, we conducted variation partitioning analysis (VPA) to quantify the
contributions of geolocation, soil, climate, and land use variables to
the α-diversity of all taxa as well as of each ecotype and within each
ecosystem. For all taxa, soil properties exhibited the largest con-
tribution (individually explaining 22.0% of the variation of the α-
diversity), followed by surrounding land use (2.4%; Supplementary
Fig. 6b). The individual contribution of climate and geolocation was
minimal ( < 1%). A similar dominant contribution of soil properties was
seen inabundant taxa, rare taxa, generalists, and specialists,with 17.7%,
13.7%, 21.2%, and 23.0% of the variation explained, respectively
(Fig. 2c). The only other environmental factor individually explaining
>10% of the variation of the α-diversity was land use for generalists
(14.5%; Fig. 2c). Much larger variation of the α-diversity was explained
by environmental variables in abundant taxa (50.7%) and generalists
(66.6%) than rare taxa (15.9%) and specialists (25.3%), consistent with
the Spearman’s rank correlation results. For ecosystems (Fig. 2c), VPA
also identified soil properties as the most important factor for the α-
diversity in wetland (65.4%), forest/woodland (36.9%), and herbaceous
(25.0%) ecosystems. For the wetland ecosystem, in addition to soil
properties, geolocation also exhibited relatively high importance
(11.1%). For the shrubland ecosystem, the importance of land use was
most notable (51.2%) followed by soil properties (12.5%). Consistent
with the Spearman’s rank correlation results (Fig. 2a), the barren and
steppe/savanna ecosystems did not have any variation of the α-
diversity explained by environmental variables. The unexplained

variation may be a consequence of unmeasured factors (e.g., organic
matter quality) that are vital to shaping the structure of bacterial
communities. Overall, soil properties appear to be themost influential
environmental factor contributing to soil bacterial α-diversity across
theUS regardless of ecotypes and ecosystems, and landusepatterns in
surrounding areas tend to play a vital role to certain ecotypes (i.e.,
generalists) and ecosystems (i.e., shrubland).

While the influenceof geolocation on soil bacterialα-diversitywas
not strong, it may be important to β-diversity. Indeed, using weighted
UniFrac distance as the representative β-diversity index, we observed a
distance-decay relationship in all taxa, abundant taxa, and generalists,
in which β-diversity was significantly positively correlated with geo-
graphic distance (Spearman ρ >0.3, P < 0.05, and regression slope > 0
for all; Fig. 2d). In comparison, a distance-decay relationship was not
observed in rare taxa and specialists (ρ ≤0.02 and regression slope <0
for both), likely due to their high β-diversity at local scales. Notably, all
ecosystems displayed a distance-decay relationship (Spearmanρ > 0.2,
P <0.05, regression slope > 0 for all; Fig. 2d). The strongest relation-
ship was observed in the shrubland ecosystems (ρ =0.47) followed by
barren (ρ =0.46), herbaceous (ρ = 0.45) steppe/savanna (ρ =0.37), and
wetland (ρ =0.34) ecosystems. The distance-decay relationship was
least strong in the forest/woodland ecosystem (ρ =0.22), indicating
frequent dispersal of bacteria. This may be attributed to the high
presence of wildlife in the forest acting as bacterial dispersal vehicles.
These results show that the dissimilarity of bacterial community
composition in soils tends to increase with geographic distance for all
ecosystems and ecotypes except for rare taxa and specialists at a
nationwide scale, highlighting a vital role of local environmental
selection and/or dispersal limitation in shaping soil bacterial β-
diversity.

Bacterial co-occurrence network
To infer potential soil bacterial interactions and to understand the
importance of taxa to the connectivity and structure of bacterial
communities, we constructed a co-occurrence network for all OTUs
(Fig. 3a) and measured the node degree, betweenness, and closeness
centrality for each OTU. Degree centrality is defined as the number of
edges each node (i.e., OTU in this case) has in a network, and can
measure the level at which an OTU co-occurs with other OTUs27.
Betweenness centrality measures how often a node lies on the paths
between other nodes and can be used to identify OTUs that interact
most frequently with other members of the community network27,28.
Closeness centrality measures how distant a node is to other nodes
and can be used to identify themost central OTUswithin a community
network28,29. The density of the network constructed using all OTUs
was 0.017. The majority of the edge weights fell between -0.1 and 0.1
(Supplementary Fig. 4), with a substantially larger proportion of
positive edge weights (87.6%) observed than the negative ones (12.4%)
(Fig. 3a). Chlorobi, Fibrobacteres, WS3, BRC1, and Thermi were the top
five phyla with the highest mean node degree centrality (Fig. 3b).
BHI80-139, GAL15, Thermi, Gemmatimonadetes, and Bacteroidetes
were the top five phyla with the highest mean node betweenness
centrality (Fig. 3b). BHI80-139, WS3, Fibrobacteres, Chlorobi, and
Nitrospira were the top five phyla with the highest mean node close-
ness centrality (Fig. 3b). Members of a network with both high degree
and betweenness centrality are typically the most connected taxa
within the community and are considered “hubs”, which may have
strong ecological relevance to the community29. Thus, given the high
degree and betweenness centrality observed in Thermi (a.k.a., Deino-
coccus-Thermus), this phylum was identified as a hub in soil bacterial
communities across the US.

To understand the importance of different ecotypes to the com-
munity network, we analyzed the network stratified by ecotypes
(Supplementary Fig. 8a-b). Results showed that rare taxa, generalists,
and specialists had a significantly higher node degree centrality than
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abundant taxa (median = 53.0, 54.5, 54.0, and 49.0, respectively; KW
P = 6.25e-07; adjusted two-sidedMann-Whitney [MW]U P <0.05 for all
pairwise comparisons; Fig. 3c). Rare taxa also had a significantly higher
node betweenness centrality than abundant taxa and specialists
(median = 2626, 1970, and 1886, respectively; KW P = 2.58e-07; adjus-
ted MW U P <0.05 for all pairwise comparisons; Fig. 3c). In addition,
rare taxa and generalists had a significantly higher node closeness
centrality than abundant taxa and specialists (median = 9.01e-07,
8.99e-07, 8.55e-07, and 8.64e-07, respectively; KW P = 6.19e-07;
adjusted two-sided MW U P < 0.05 for all pairwise comparisons;
Fig. 3c). These results suggest that rare taxa play a more essential
ecological role within the communities compared to abundant taxa,
while the ecological relevance of generalists and specialists is not
substantially different.

To understand how bacterial interactions may differ among eco-
systems,we constructed a co-occurrencenetwork individually for each
ecosystem (Supplementary Fig. 9a-f). The networks in the wetland and
barren ecosystems had a much lower density than other ecosystems
(Supplementary Fig. 10). Different ecosystems showed a significant

difference in the proportions of positive and negative edge weights
(Fisher’s exact P =0.0005). Among them, shrubland and wetland had
the highest and lowest proportion of positive edge weights, respec-
tively (63.9% and 73.1%, respectively; Fig. 3d). The node degree,
betweenness, and closeness centrality of the networks also sig-
nificantly differed among ecosystems (KW P = 5.57e-16, 2.20e−23, and
<1.00e-30, respectively). Of note, the network in the shrubland eco-
system had the lowest node degree centrality (median = 24.0), sig-
nificantly lower than all other ecosystems (median = 25.0 for barren
and wetland and 27.0 for forest/woodland, herbaceous, and steppe/
savanna; KW P = 5.57e-16; adjusted two-sided MW U P <0.05 for all
pairwise comparisons; Fig. 3e). Shrubland also had the lowest node
betweenness centrality (median = 794.3), significantly lower than
barren (1027.0) and wetland (1044.0) ecosystems (KW P = 2.20e−23;
adjusted two-sided MW U P = 1.79e-09 and 2.37e-13, respectively;
Fig. 3e). Network node closeness centrality significantly varied among
ecosystems (KW P < 1.00e-30; adjusted two-sidedMWUP <0.05 for all
pairwise comparisons except between forest/woodland and shrub-
land), with wetland and steppe/savanna having the highest (4.46e-06)
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and lowest (3.04e-06) median, respectively (Fig. 3e). Overall, these
results suggest that soil bacteria in different ecosystems undergo dif-
ferent levels of interactions, and bacteria in the shrubland ecosystem
tend to be less connected compared to other ecosystems.

Ecological processes governing bacterial community assembly
As the role of the abiotic and biotic factors on soil bacterial diversity
can be manifested with the deterministic processes governing com-
munity assembly, we further employed a two-step framework25 based
on β-nearest taxon index (βNTI) and a modified Raup–Crick (RC)
metric (see Methods) to quantify the importance of deterministic
processes (including homogeneous selection and heterogeneous
selection) and stochastic processes (including dispersal limitation,
homogenizing dispersal, and drift). Results showed that the commu-
nity assembly for all taxa was jointly contributed by deterministic and
stochastic processes, with deterministic processes being slightly more
important (~60%; Fig. 4a). Homogeneous selection was identified as
the primary deterministic process, while dispersal limitation, homo-
genizing dispersal, and drift contributed approximately equally to
stochastic processes (Fig. 4a). Consistent with the results that envir-
onmental variables showed a substantially stronger association with
the diversity of abundant taxa and generalists compared to rare taxa
and specialists (Fig. 2a and c), more than 75% of the assembly for

abundant taxa and generalists was found to be influenced by deter-
ministic processes, while more than 85% of that for rare taxa and
specialists were contributed by stochastic processes (Fig. 4b). Speci-
fically, homogenous selection was identified as the main deterministic
process for abundant taxa, while heterogeneous selection was the
main deterministic process for rare taxa. Also, like for all taxa (Fig. 4a),
the importance of stochastic processes for abundant taxa had a nearly
equal contribution from dispersal limitation, homogenizing dispersal,
and drift. For rare taxa, however, homogenizing dispersal and drift
showed slightly higher importance than dispersal limitation, con-
sistent with the distance decay relationship observed in this ecotype
(Fig. 2d). Both environmental heterogeneity and ecological drift can
produce high β-diversity among communities15,30,31. Since the effects of
homogenizing dispersal and dispersal limitation on β-diversity
may cancel out given a similar contribution, the high local β-
diversity observed for rare taxa (Fig. 2d) may be mainly caused by
the accumulative effects from heterogeneous selection and drift.
Generalists had a similar pattern of the importance of deterministic
processes as abundant taxa, in which homogenous selection was
the main driver (Fig. 4b). In contrast, heterogeneous selection
was identified as the dominant deterministic process for specialists
(Fig. 4b). In addition, both homogenizing dispersal and drift were
identified as the dominant stochastic processes for generalists, while
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for specialists, nearly the whole importance of stochastic processes
arised fromdrift. Overall, these results suggest that there is an evident
joint influence of both deterministic and stochastic processes gov-
erning the bacterial community assembly across the US, with deter-
ministic processes, especially homogenous selection,mainly acting on
abundant taxa and generalists, and with stochastic processes mainly
acting on rare taxa and specialists.

Like ecotypes, the ecological mechanisms underlying the bacter-
ial community assembly across ecosystems were also different
(Fig. 4c). For the forest/woodland, barren, and wetland ecosystems,
the importance of deterministic and stochastic processes was about
equal, with the former and the latter being slightly more important for
the forest/woodland and barren ecosystems and the wetland ecosys-
tem, respectively. In comparison, in shrubland, herbaceous, and
steppe/savanna ecosystems, more than 75% of the bacterial commu-
nity assembly was found to be influenced by deterministic processes.
Specifically, homogenous selection was identified as the dominant
deterministic process across all ecosystems. For forest/woodland and
wetland ecosystems, dispersal limitation, homogenizing dispersal, and
drift showed a nearly equal contribution. For barren and steppe/
savanna ecosystems, dispersal limitation and drift were found to be
more important than homogenizing dispersal. For the shrubland and
herbaceous ecosystems, homogenizing dispersal and drift exhibited
much higher importance than dispersal limitation. These results
highlight the different roles that deterministic and stochastic pro-
cesses play in governing bacterial community assembly in different
ecosystems.

To determine which environmental factors may trigger
the deterministic processes driving community assembly, we per-
formed a modified Mantel test that handles asymmetric matrices (see
Methods) for βNTI and environmental variables. Results show that
most of the environmental variables were significantly correlated with
deterministic processes (adjusted P <0.05 for all; Fig. 4d). The most
significant ones included seven soil property variables (aluminum,
calcium, iron, magnesium, pH, potassium, and zinc), precipitation,
proportion of forest in surrounding area, and longitude, 90% of which
were found to be significantly correlated with bacterial α-diversity
(Fig. 2a for all taxa). As expected, none of the environmental variables
were significantly correlated with stochastic processes (adjusted
P >0.05 for all; Fig. 4d). These results suggest that environmental
factors, chiefly soil properties, trigger deterministic processes acting
on bacterial community assembly, which ultimately impact bacterial
diversity that we observe in the soil environment. Of note, the
importance of deterministic processes was found to be highest for
bacterial communities in the shrubland ecosystem compared to other
ecosystems (Fig. 4c), indicating strong local environmental selection,
which could partially explain the strongest distance-decay relation
observed in this ecosystem (Fig. 2d). The selection likelymainly comes
from surrounding land use, as evidenced by > 50% variation of the
α-diversity explained by land use variables in this ecosystem (Fig. 2c).

Discussion
Overall, soil bacteria in terrestrial ecosystems across the US were
highly diverse within and between locations. Consistent with previous
findings32–34, Actinobacteria and Proteobacteria were predominant in
the soil environment. Both phyla play a key role in global carbon
cycling by decomposing soil organic matter, enhancing plant pro-
ductivity, and are recognized for producing bioactive compounds vital
for human and animal health34,35. Notably, Deinococcus-Thermus,
which is known as a phylum of extremophiles that exhibit strong
resistance to environmental extremes36, was identified as a hub in the
network, indicating a critical ecological role to the bacterial commu-
nities in the soil environment. In addition, rare taxa were found to
display stronger ecological relevance to the community than abundant
taxa, evidenced by significantly higher node degree, betweenness, and

closeness centrality (Fig. 3c). This finding is supported by the docu-
mented ecological roles that rare biosphere plays in ecosystems,
including serving as a persistentmicrobial seed bank that contrasts the
impact of local microbial extinction and immigration and providing a
broad reservoir of ecological function and resiliency (redundancy and
flexibility)37.

In this study, deterministic processes were found to contribute to
~60% of community assembly of soil bacteria across the US. The
impact of deterministic processes primarily arises fromhomogeneous
selection, which drives more phylogenetically similar community
structures between locations16. The remaining ~40% of assembly pro-
cesses were contributed by stochastic processes, with dispersal lim-
itationplaying amore important role thanhomogenizingdispersal and
drift. Consistent with this result, we observed evidence of a distance-
decay relationship in soil bacterial communities at a nationwide scale,
which is a classical biogeographic pattern commonly observed in
macroorganisms38. The joint effect of deterministic and stochastic
processes acting on microbial community assembly has been widely
recognized in the field of microbial ecology22,23, but their relative
importance varies by environment. For example, in freshwater lakes,
deterministic processes appear to be much more important than sto-
chastic processes7, while plastisphere bacterial communities were
reported to be dominantly driven by stochastic processes39. Among
the different terrestrial ecosystems examined in this study, determi-
nistic processes were found to play a more important role in bacterial
community assembly in all ecosystems, especially in shrubland, her-
baceous, and steppe/savanna ecosystems, except for wetland. The
more important role of stochastic processes in wetlands may be
attributed to their distinct semi-aquatic features that increase the
chance for dispersal. Indeed, we found a relatively weaker distance-
decay relationship for bacteria communities in this ecosys-
tem (Fig. 2d).

Striking differences in ecological mechanisms of community
assembly were observed among different ecotypes. For the assembly
of abundant taxa and generalists, the importance of deterministic
processes was more than 75%, while for specialists and rare taxa, the
importance of stochastic processes was more than 80% and few
environmental variables were found to be significantly correlated with
their diversity. Our results are consistent with the findings by Székely
and Langenheder40 but contradict those by Pandit et al.41 and our
previous study regarding the assemblymechanisms forgeneralists and
specialists in freshwater lake7. This controversy may be related to the
level of correlation between habitat specialization and the abundance
of taxa. In this study and Székely and Langenheder’s (2014) study40,
generalists were common and abundant, whereas specialists tended to
be in low abundance (Supplementary Fig. 4a). However, in Pandit
et al.41 and our previous study 7, generalists and specialists were dis-
tributed along the entire range of abundances. The ecological
mechanism for abundant taxa identified in this study was consistent
with our previous study on the bacterial communities in freshwater
lake5, but for rare taxa, the results were inconsistent, in which sto-
chastic processes appear to play a limited role in freshwater lake5. This
suggests that community assembly mechanisms are more general-
izable for abundant taxa, while for rare taxa, the mechanisms may be
more dependent on the environmental settings. Overall, our results
suggest that the biogeographical patterns of specialists and rare taxa
in the soil environment are largely unpredictable. In contrast, abun-
dant taxa and generalists appear to be less resistant to environmental
disturbances and could be prone to biodiversity loss.

It is known that soil bacterial diversity is strongly influenced by
environmental factors17–19. We found that across the US, soil properties
are the most influential factor followed by surrounding land use pat-
terns, which jointly trigger the deterministic processes in bacterial
community assembly. While precipitation and windspeed were sig-
nificantly correlated with bacterial diversity, the importance of

Article https://doi.org/10.1038/s41467-025-57526-x

Nature Communications |         (2025) 16:2337 8

www.nature.com/naturecommunications


climatic factors was overall small, contrasting with findings from other
studies42–44. This may be because the influence of climatic factors is
dependent on the spatial and/or temporal scales. Of note, a few global
drivers of soil bacteria diversity regardless of ecosystems and ecotypes
were identified, including soil pH, calcium, and aluminum, detected by
multiple statistical analyses, including machine learning models. The
overriding importance of soil pH controlling soil bacterial diversity
and community composition has been reported across a variety of
spatial scales, including continental scales20,45,46, land-use types47,48,
small, local scales17,37, and across an elevational gradient49. All these
findings, including ours, suggest that pH is a universal predictor of soil
bacterial diversity. The global effect of calcium and aluminum on soil
bacterial diversity, however, is much less documented than pH. Cal-
cium has been found to be responsible for forming micro-aggregates
which aids in bacterial activity leading to increased diversity in soils
based on availability50,51. Aluminum, an important element aiding in
plant growth, when present in excess, could limit nutrient uptake for
soil bacteria and thus limits biodiversity due to acidification52. Indeed,
the mean aluminum concentration of soil samples included in this
study is high (40.64 mg/kg), seven times higher than the aluminum
level (5mg/kg) generally considered safe for plants in acidic soils53.
These interpretation of the effects of calcium and aluminum on soil
bacterial diversity is consistent with the strong positive and negative
correlations with α-diversity observed in this study, respectively
(Fig. 2a). Our study suggests that soil calcium and aluminum con-
centrations, like pH, may also be used as universal predictors for soil
bacterial diversity at a large spatial scale.

Notably, results in this study imply a high vulnerability of bac-
terial communities to environmental disturbance in the shrubland
ecosystem. Specifically, bacterial communities in this ecosystem had
the lowest diversity and least connected community network, and
were undergoing strong environmental selection, which appear to be
mainly triggered by surrounding land use. As a result, a number of
species, includingNocardioides dilutus, Pseudonocardia halophobica,
Virgisporangium ochraceum, and Geodermatophilus obscurus, were
found to be uniquely abundant in this ecosystem. These species may
have adapted to the dry and nutrient-poor conditions because soils
in scrublands are often nutrient-poor, sandy, or rocky, with low fer-
tility and poor water retention54. Shrubland provides important
ecological, environmental, and socio-economic services, including
supporting a diverse range of plant and animal species, serving as a
significant carbon sink, providing ecological balance and fire adap-
tation, regulating water cycles, and providing resources for local
communities55,56. Our results suggest that environmental changes
(e.g., intensive anthropogenic land use in surrounding areas) may
lead to substantial diversity loss and ecological degradation in
the shrubland ecosystem. Thus, it is critical to prioritize the protec-
tion of shrublands in ecosystem management amid environmental
disturbance.

This study characterized the biogeographic patterns of bacterial
communities in six major terrestrial ecosystems, including forest/
woodland, shrubland, wetland, herbaceous, steppe/savanna, and bar-
ren, across the US. It also revealed key environmental factors and the
importance of ecological processes governing community assembly,
which consequently shape the heterogeneity of bacterial diversity and
composition across different ecosystems and ecotypes. Future studies
using amplicon sequence variants (ASVs) or metagenomic sequencing
are needed to enhance the mechanistic understanding of microbial
biogeography at a higher resolution. Of note, we propose that in
addition to soil pH, calcium and aluminum may also be used as uni-
versal predictors of soil bacterial diversity. In addition, given the
strong ecological relevance of rare taxa to the community and the
vulnerability of shrubland ecosystems to environmental changes, we
emphasize the importance of conserving the rare biosphere and
shrubland ecosystems in the face of environmental disturbances.

These implications provide valuable insights that can improve the
management and sustainability of ecosystem services by informing
strategies for conservation and resource allocation.

Methods
Soil samples, 16S rRNA gene amplicon sequencing, and
environmental data
A total of 622 soil samples previously collected from natural environ-
ments with minimum human disturbance across the contiguous US in
2018 were used in this study. The methods for sample collection were
detailed in Liao et al.57. In brief, samples were collected from topsoil
(0−20 cm) following a standard protocol. To ensure an even distribu-
tion of sampling locations, the contiguous US was divided into 40
equal-sized sampling grids. Within each sampling grid, five sampling
areas were identified, and within each sample area, five sampling sites
were identified. At each site, three subsamples were collected and
pooled. Based on the classification of the standardized terrestrial
ecosystems established by the US Geological Survey (see the map in
Fig. 8 in Sayre et al.58, these samples cover six major terrestrial eco-
systems, including forest/woodland (298 samples), herbaceous (134),
wetland (54), shrubland (44), steppe/savanna (31), barren (26), and
unknown ecosystems (29) (Supplementary Fig. 2). Forest/woodland
ecosystems are dominated by trees forming a continuous canopy,
typically covering more than 60% of the area. Herbaceous ecosystems
are areas where non-woody plants, such as grasses, sedges, and forbs,
are the primary vegetation, withminimal to no tree or shrub presence.
Wetland ecosystems are characterized by saturated soils or standing
water for significant periods, supporting hydrophytic vegetation.
Shrubland ecosystems are areas where shrubs (i.e., woody plants
shorter than trees with multiple stems) are the dominant vegetation,
typically covering 25–60% of the area. Steppe/savanna ecosystems are
open landscapes characterized by a mix of grasses and scattered trees
or shrubs, with tree canopy cover ranging from 10–30%. Barren eco-
systems are areas with minimal vegetation cover, often due to harsh
environmental conditions like poor soils, extreme temperatures, or
recent disturbances. Sites classified as unknown ecosystems are areas
with a small pixel count (< = 20,000) in the USGS classification system.
Soil samples were extracted for total DNA using QIAGEN DNeasy
PowerSoil Pro Kits and sequenced for the V4 region of the 16S rRNA
gene using a MiSeq 2 × 250bp paired-end read run. The methods for
DNA extraction and sequencing were detailed in Liao et al.59. The
number of raw sequencing reads for all 622 samples ranged from 8599
to 59,425.

Environmental data used in this studywere previously reported in
Liao et al.57. This dataset includes 3 geolocation (latitude, longitude,
and elevation), 17 soil properties (moisture, total nitrogen, total car-
bon, pH, organic matter, aluminum, calcium, copper, iron, potassium,
magnesium, manganese, molybdenum, sodium, phosphorus, sulfur,
and zinc), 4 climatic (precipitation, wind speed, maximum and mini-
mum temperatures), and 10 surrounding land use (openwater, barren,
forest, shrubland, grassland, cropland, pasture, wetland, and devel-
oped open space categorized as > 20% and <20% impervious cover)
variables.

Bacterial composition, diversity, and phylogenetic tree
Raw reads were processed using QIIME2 following the procedures
described in Liao et al.59 with minor modifications. In brief, reads were
denoised using DADA2 and standardized by rarefaction to 5000 reads
based on the α-rarefaction curve followed by proportioning. Four
samples that had <5000 reads were excluded from downstream ana-
lyses. Sequences were clustered de novo into operational taxonomic
units (OTUs) using q2-vsearch at a similarity of 0.97 and taxonomic
classification of OTUs was determined using classify-sklearn. While
OTUs are often less precise than ASVs, OTUs were chosen over ASVs
because of legacy data comparison, broader ecological groupings
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(e.g., ecotypes), tolerance to sequencing errors, less sensitivity to
hypervariable regions, and computational efficiency60. To enhance the
quality and interpretability of bacterial community analyses61, we took
a conservative approach to remove OTUs with low frequency (present
in <1% of samples) and low abundance (having total reads <10) that
often result from sequencing errors, contamination, or random sam-
pling artifacts, by referring to the thresholds used in Wilhelm et al.62.
OTUs that are non-bacterial were also excluded from downstream
analyses. After data preprocessing and filtering, a total of 3158 OTUs
were produced (Supplementary Data 7). Four α-diversity metrics,
including richness, Shannon-Wiener diversity index, Simpson’s even-
ness, and Faith’s phylogenetic diversity (PD), and four β-diversity
metrics, including Bray-Curtis, Jaccard, unweighted UniFrac, and
weighted UniFrac distances, were calculated usingQIIME2 q2-diversity
plugin. Relationships among α-diversity metrics and β-diversity
metrics were assessed using Spearman’s rank correlation tests and
Mantel tests, respectively.

Kruskal-Wallis (KW) tests were employed to identify significant
differences in the Shannon-Wiener diversity index, relative abundance
of bacterial phyla, class, order, family, genus, species, and OTUs as well
as environmental variables among ecosystems followed by a Benjamini-
Hochberg (BH) false discovery rate (FDR) adjustment to account for
multiple testing. Variables with an FDR-adjusted P value <0.05 are
considered significant. Multidimensional scaling (MDS) along with a
permutational multivariate analysis of variance (PERMANOVA) test was
used to compare the differences in overall environmental conditions
and bacterial composition based on OTUs among ecosystems. A PER-
MANOVA P <0.05 indicates a significant difference among groups. The
distribution of the Shannon-Wiener diversity index for ecosystems was
visualizedusing theBasemapMatplotlibToolkit v.1.2.1 in Python v.3.6.8.

The phylogenetic tree of OTUs was constructed based on the full
sequence alignment of the 16S rRNA gene using IQ-TREE with 1000
bootstraps63. The best evolutionary model was determined based on
the Bayesian information criterion (BIC) by the ModelFinder imple-
mented in IQ-TREE. The tree, rooted by mid-point and annotated by
the relative abundance of each OTU, was visualized using iTOL64.

Ecotypes and associations with phyla and ecosystems
Four ecotypes, including abundant taxa, rare taxa, generalists, and
specialists, were characterized. Abundant and rare taxa were defined
based on themean relative abundance across all samples. OTUs with a
mean relative abundanceof > 0.1%were defined as abundant taxa. This
cutoff lies within the outlier area of the mean relative abundance dis-
tribution (Supplementary Fig. 11) and has been commonly used to
define abundant taxa in other studies5,65. With this cutoff, 201 out of
3158 OTUs (6.4%) were classified as abundant taxa. OTUs with a mean
relative abundance of <0.002% were defined as rare taxa. This cutoff
was selected as it is approximately the median of the mean relative
abundance for all OTUs (Supplementary Fig. 11), consistent with the
approach to select cutoff for rare taxa in other studies5,6. With this
cutoff, 870 out of 3158 OTUs (27.5%) were classified as rare taxa. To
confirm the rationality of the chosen cutoffs for defining abundant and
rare taxa, multivariate cutoff level analysis (MultiCoLA), a strategy to
systematically assess the influence of rarity definition on large com-
munity datasets,was conductedusingMultiCoLA.1.466. Results showed
that little variation in the data structure was observed for OTUs and
taxonomic ranks up to a removal of 10% of the abundant taxa (Sup-
plementary Fig. 12a) and 30%of the rare taxa (Supplementary Fig. 12b),
respectively. These results suggest that the cutoffs chosen for defining
abundant taxa (6.4% of total OTUs) and rare taxa (27.5% of total OTUs)
were appropriate and not affected by arbitrariness.

Since our conservative approach to removing OTUs with low
frequency and abundance may discard many rare species, this could
bias the results for rare taxa in the study. To identify this potential bias,
we re-analyzed the data by only removing singletons (i.e., OTUs

present in one sample with one read sequenced), which yielded 7869
OTUs. Using the same approach, we chose 0.0007% as the cutoff to
classify rare taxa as it is approximately themedian of themean relative
abundance for all theseOTUs (Supplementary Fig. 13a). A total of 3709
OTUswere classified as rare taxa.We further calculated their Shannon-
Wiener diversity and compared it with that of rare taxa classified in this
study. We observed no significant difference between these two
groups (median = 0.072 and 0.068, respectively; Mann-Witney U
P =0.18; Supplementary Fig. 13b). Thus, we concluded that the classi-
fication of rare taxa was not biased by the method that we used to
remove OTUs with low frequency and abundance.

Habitat generalists and specialists were defined based on niche
breadth, which identifies different levels of specialization of species6,67.
Niche breadth was calculated using the Eq. (1) below for each OTU:

Bj =
1PN

i = 1P
2
ij

ð1Þ

where Bj indicates niche breadth and Pij is the relative abundance of
species j present in a given habitat i. Bj can be greater than or less than
the expected degree of niche breadth, indicating a broader or nar-
rower range of habitats than expected6,41. To quantify the degree to
which Bj deviates from expectation, a permutation test was performed
by shuffling the OTU relative abundance matrix by 1000 times to
generate a null distribution ofBj for eachOTU.OTUswith a 95%chance
of having an observed B-value > expected and < expected were
classified as generalists and specialists, respectively (P < 0.05). A total
of 156 and 159 generalists and specialists were identified, respectively.

Shannon-Wiener diversity index and weighted UniFrac distances
were computed for each ecotype for each sample using the scikit-bio
library in Python v.3.6.8. The counts of each ecotype were compared
among ecosystems using KW tests. To identify bacterial phyla that
were significantly overrepresented and underrepresented within each
ecotype, a binomial distribution model was used to compare the fre-
quencyof each phylumwithin each ecotypewith the frequency among
all OTUs using the Eq. (2) below59,68.

i=
n� pNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p 1� pð ÞN

p ð2Þ

where n is the observed count of OTUs belonging to a phylum for a
given ecotype,N is the total count of OTUs for a given ecotype, p is the
frequency of OTUs belonging to a phylum among all OTUs, and i is the
enrichment index, which represents the multiplier of standard devia-
tion in the binomial distribution. Phyla with i>2 and <� 2 indicates a
significant overrepresentation and underrepresentation, respectively
(P<0:05), for a given ecotype.

The influence of environmental factors on bacterial diversity
An FDR-adjusted Spearman’s rank correlation analysis was conducted
to assess the associations between bacterialα-diversity represented by
the Shannon-Wiener diversity index and each environmental variable
for all OTUs as well as for each ecosystem and ecotype. Environmental
variables with an FDR-adjusted P < 0.05 were considered significant.
Following this, variation partitioning analysis (VPA) was performed to
quantify the relative contribution of each environmental variable
group (i.e., geolocation, soil property, climate, or land use) to the
variation of bacterial α-diversity. VPA was executed using the vegan
package v.2.6-4 in R 4.2.2 and the adjusted R2, which represents the
proportion of the variance for a dependent variable explained by an
independent variable group, was visualized as a Venn diagram.

Distance decay relationships were assessed using Spearman’s
rank correlation analysis and linear regression on geographic distance
against bacterial community dissimilarity indicated by weighted Uni-
Frac distance for all OTUs as well as for each ecosystem and ecotype. A
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larger positive Spearman correlation coefficient and a larger positive
linear regression slope indicate a stronger distance decay relationship.
Due to the mass of data points, only the best-fit line of the linear
regression model is shown.

Machine learning models for bacterial diversity prediction
We developed an end-to-end model training, validation, and testing
framework based on robust machine learning software, including sci-
kit-learn, LightGradient-BoostingMachine (LightGBM), andXGBoost69.
To find the best model to predict bacterial diversity, we first pre-
selected a set of algorithms and hyperparameters, including random
forest regressor, gradient boosting-based regressor, support vector
regressor, and k-nearest neighbors-based regressors. For each algo-
rithm, we uniformly sampled 100 parameter settings and ran a strati-
fied 5-fold cross-validated search on each parameter setting. We
identified gradient boosting-based regressor as the best algorithm as it
had the highest average R2 score. To fine-tune the hyperparameters, we
ran an exhaustive search over all parameter values without sampling.
To account for stochasticity introduced by the random splitting of
samples into training and testing sets, we repeated this step 10 times.
We selected the most performant gradient-boosting regressor with its
hyperparameter set that had the highest interquartile mean of the R2

scores out of the 10 repetitions. It utilized absolute error as the loss
function to be optimized, mean squared error as the function to
measure the quality of a split, 400 as the number of boosting stages,
150 as themaximumdepth of the individual regression estimators, and
0.05 as the learning rate. To validate our model selection, we kept 20%
of all samples as a holdout testing set and retrained the model exclu-
sively with the remaining 80% of samples. R2 and mean squared error
(MSE) were reported based on a single evaluation of the holdout data.
SHapley Additive exPlanations (SHAP)26 was used to quantify the
importance of features.

Co-occurrence network
The co-occurrence network for all OTUs as well as for each ecosystem
was constructed using SpiecEasi 1.0.0 based on the relative abundance
of OTUs28. The neighborhood selection (MB) method and default set-
tings of other parameters were used. Network density, edge weights,
and node degree, betweenness, and closeness centrality were com-
puted. For the co-occurrence network for each ecosystem, to avoid
bias potentially caused by different sample sizes among ecosystems,
an identical number of samples (i.e. the minimum sample size) was
randomly selected from each ecosystem for the network construction.
Fisher’s exact tests were performed to assess if the frequency of
positive and negative edge weights was associated with ecosystems. A
Fisher’s exactP <0.05 indicates a significant association. KW testswere
conducted to assess the difference in node degree, betweenness, and
closeness centrality among ecosystems as well as among ecotypes. A
KW P <0.05 indicates a significant difference.

Ecological processes governing community assembly
We employed a two-step framework detailed in Stegen et al.25 to infer
ecological processes, i) deterministic processes, including homo-
genous selection and heterogeneous selection, and ii) stochastic pro-
cesses, including drift acting alone, dispersal limitation acting in
concert with drift, and homogenizing dispersal, acting on phyloge-
netic composition turnover. In the first step, the beta mean nearest
taxon distance (βMNTD) was first computed to quantify turnover in
phylogenetic community composition across samples using the R
comdistnt package based on the Eq. (3) below:

βMNTD=0:5
Xnk

ik = 1

fik min Δik jm
� �

+
Xnm

im = 1

fim minðΔimjkÞ
2
4

3
5 ð3Þ

Where f ik is the relative abundance of OTU i in community k, nk is the
number of OTUs in community k, and min Δik jm

� �
is the minimum

phylogenetic distance between OTU i in community k and OTU j in
communitym. A permutation test was further performed to quantify
the degree to which βMNTD deviates from expectation, termed the
β-nearest taxon index (βNTI). βNTI values > 2 or < -2 indicate a
significant phylogenetic turnover greater than or less than expecta-
tion, implying heterogeneous and homogeneous selection, respec-
tively, while -2 ≤ βNTI ≤ 2 indicates community assembly is governed
by stochastic processes. In the second step, to quantify the
importance of each stochastic process, the Bray–Curtis (BC) distance
between samples was first calculated. To quantify the degree to
which BC deviates from expectation, a permutation test was further
performed and the deviation compared between observed BC and
expectation was then standardized to vary between �1 and 1,
generating a modified Raup–Crick (RC) metric referred to as RCbray.
RCbray >0:95, RCbray<� 0:95, and �0:95≤RCbray ≤ 0:95 indicate
dispersal limitation acting alongside drift, homogenizing dispersal,
and drift acting alone, respectively. This framework was applied to
quantify the importance of ecological processes for all OTUs as well
as for each ecosystem and ecotype.

Correlations between environmental variables and ecological
processes were assessed based on a modified Mantel test. In this test,
E = fE1, :::, Ekg represents environmental variables. βNTI between the
i-th and j-th sample is denoted as βNTIij.D is defined as the set of pairs
associated with deterministic processes: D={(i,j)│|βNTIij│ > 2}. S is
defined as the set of pairs associated with stochastic processes:
S={(i,j)│-2 ≤ βNTIij ≤ 2}. For the k-th environmental variable, let
ðEki, EkjÞ be the observed value pair for i, jð Þ 2 D or S. A Spearman
correlation test was performed between βNTIij and ðEki, EkjÞ for i, jð Þ 2
D or S, followed by FDR correction.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The 16S rRNA sequencing reads have been deposited at NCBI
Sequence Read Archive (SRA) under accession number PRJNA749132.
Source data for all graphs is available at https://github.com/leaph-lab/
USsoil16S_MS70.

Code availability
Code to replicate all analyses is available at https://github.com/leaph-
lab/USsoil16S_MS70.
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