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Originality-Significance statement

This is the first large-scale profiling of a broad spectrum of antibiotic resistance genes
(ARGs) in natural forest biomes, providing important information on how the interactions of
aboveground plants and belowground microbes as well as soil properties and climate shape
the distribution patterns of antibiotic resistance. Our results suggest that natural forest soils
are a significant source of ARGs, and their large-scale distribution is regulated by the
diversity of bacteria and herbaceous plants even when simultaneously accounting for multiple
environmental drivers. This knowledge is critical in understanding the origins and evolution
of natural soil resistome, and may help to design effective framework to predict and manage

the spread of environmental ARGs.

Summary

Antibiotic resistance is ancient and prevalent in natural ecosystems and evolved long
before the utilization of synthetic antibiotics started, but factors influencing the large-scale
distribution patterns of natural antibiotic resistance genes (ARGs) remain largely unknown.
Here, a large-scale investigation over 4000 km was performed to profile soil ARGs, plant
communities, and bacterial communities from 300 quadrats across five forest biomes with
minimal human impact. We detected diverse and abundant ARGs in forests, including over
160 genes conferring resistance to eight major categories of antibiotics. The diversity of
ARGs was strongly and positively correlated with the diversity of bacteria, herbaceous plants,
and mobile genetic elements (MGEs). The ARG composition was strongly correlated with the
taxonomic structure of bacteria and herbs. Consistent with this strong correlation, structural
equation modelling demonstrated that the positive effects of bacterial and herb communities
on"ARG patterns were maintained even when simultaneously accounting for multiple drivers
(climate, spatial predictors and edaphic factors). These findings suggest a paradigm that the
interactions between aboveground and belowground communities shape the large-scale
distribution of soil resistomes, providing new knowledge for tackling the emerging

environmental antibiotic resistance.

2
Wiley-Blackwell and Society for Applied Microbiology
This article is protected by copyright. All rights reserved.

Page 2 of 60



Page 3 of 60

Introduction

Emerging prevalence and dissemination of antibiotic resistance genes (ARGs,
collectively known as “resistome”) represents a major threat to public health in the 21*
century (WHO, 2014; Berendonk ef al., 2015). A growing recognition of an environmental
component of resistome pools has prompted calls for investigation into the significance of
antibiotic resistance in natural settings (Ashbolt ez al., 2013). It has been reported that some
environmental ARGs have perfect sequence identity to those in human pathogens (Forsberg et
al.;2012) and human feces (Nesme ef al., 2014), indicative of the possible gene flow between
environmental and clinical resistomes (Wright, 2010). Environmental ARGs can be
disseminated via physical forces such as leaching to water, atmospheric transport/deposition
of dust, dissipation by animals or birds, and delivery of ARGs-carrying products (Allen ef al.,
2010;:McEachran et al., 2015). They are also subject to horizontal gene transfer mediated by
mobile genetic elements (MGEs) such as integrons, transposons, and plasmids (Gillings et al.,
2015). Therefore, environmental ARGs have been recognized as contaminants of global
concern (Pruden et al., 2006), and may constitute an important contributor to clinical

antibiotic resistance if acquired by human commensals and pathogens.

Soil is one of the largest environmental reservoir comprising approximately 30% of
known ARGs in public repositories (Forsberg et al., 2012; Nesme et al., 2014), and is one of
the'most complex ecosystems in terms of ecological niches and biodiversity (Nesme and
Simonet, 2014). To date, a large body of studies have documented the prevalence of ARGs in
environments under anthropogenic perturbations, such as soils with manure amendments (Zhu
et al., 2013; Zhang et al., 2017), contaminated with pharmaceutical residues (Zhu et al., 2017)
or heavy metals (Hu et al., 2016b, 2017), and irrigated with reclaimed water (Wang et al.,
2014; Han et al., 2016). We have, however, limited knowledge of the background levels of
antibiotic resistance and the distribution of ARGs in natural settings with little or no human
disturbance. In fact, most antibiotics are natural compounds produced by different taxa of
bacteria, fungi or plants (D’Costa et al., 2006; Chen et al., 2013), and the presence of natural
antibiotics may have exerted consistent selection pressure on microorganisms since long
before the introduction of human-made antibiotics (Allen ef al., 2010; Wright and Poinar,
2012). Therefore, it is not surprising that ARGs were identified from ancient permafrost
sediment (D’Costa et al., 2011), Alaskan permafrost soil (Allen et al., 2009), glaciers
(Segawa et al., 2013), Antarctic soils (Wang et al., 2016a), underground cave (Pawlowski et

al., 2016), and deep ocean sediment (Chen et al., 2013). However, we lack a general
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understanding of the key determinants shaping the diversity and composition of ARGs in
natural ecosystems. These knowledge gaps have precluded the inclusion of natural resistomes

in management strategies and risk assessment frameworks (Ashbolt et al., 2013).

Forest ecosystems occupy approximately 30% of Earth’s land surface (Bonan, 2008)
representing important habitats for trees, herbs, and microbes (Baldrian, 2017). Plants can
influence the structure of soil microbial communities through plant litters and root exudation
(Prober et al., 2015; Wang et al., 2016b), which might indirectly shape soil resistome
composition via affecting the taxonomic and phylogenetic structure of ARGs-bearing
microbes (Forsberg et al., 2014). On the other hand, forest soils contain antibiotics produced
by soil'microbes, and potentially toxic aromatic compounds derived from degradation
processes, as well as specialized antibiotics (e.g., salicylic acid, phytoalexins and flavonoids)
and.signalling molecules from plant exudates (Alonso ef al., 2001; Yergeau et al., 2014),
whichare reported to increase expression of antibiotic resistance in the plant rhizosphere
(Yergeau et al., 2014). In addition, forest soils are characterized by nutrient scarcity, and
represent a highly competitive environment for microbes to survive, interact, and compete for
space and nutrients, hence it is expected to observe a wide occurrence of ARGs-bearing
microbes (producing low concentrations of antibiotics as signalling molecules to modulate the
interactions within microbial communities; or producing high concentrations of antibiotics as
a weapon to counter other microbial taxa probably in some micro-environments) in forest
soils (Martinez, 2008). Despite forest soils being hypothesized as an important reservoir of
ARGs, the large-scale distribution patterns of ARGs and how their compositions are regulated

by environmental factors and plant and bacterial communities remain less understood.

In this study, we used high-throughput quantitative PCR (HT-qPCR) techniques to
profile 285 ARG subtypes encoding resistance to eight major classes of antibiotics from 300
soil samples collected across five forest biomes in China. This large-scale investigation
through establishing 300 quadrats over 4000 km from boreal forest to tropic rainforest allows
simultaneous documentation of plant communities (including trees and herbs), soil
microorganisms, soil resistome, and a wide range of climatic variables and soil properties. We
hypothesized that (i) the natural forest ecosystem is a significant reservoir of ARGs, due to
the antimicrobial molecules produced by the soil microorganism and plant rhizosphere; (ii)
the changes in ARG patterns are closely associated with the changes in the bacterial
communities, which is assumed as an important determinant of ARGs in natural settings; and

(iii) the impacts of plant communities on the diversity and structure of soil microbial
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communities will ultimately have consequences on the soil ARG profiles. Our study provides
important information on the background level of ARGs and the key drivers shaping the
large-scale biogeographic distribution of antibiotic resistance in natural forest biomes. This
knowledge is critical in understanding the origins and evolution of natural soil resistome, and
may help to design effective framework to predict and manage the spread of environmental

ARGs.
Results
Diversity and relative abundance of ARGs and MGEs

The HT-qPCR array detected a total of 160 ARGs and 9 MGEs (including 2 integrase
genes and 7 transposase genes) in the 300 soil samples collected from five forest biomes (Fig.
la). The average number of detected ARGs considerably changed from 95.5 (£20.1) in
temperate mixed coniferous forest to 73.8 (+ 16.1) in subtropical forest (Fig. 1b). The
diversity of ARGs in temperate mixed coniferous forest and temperate deciduous forest (94.2
+ 20.7) was significantly higher than that in boreal forest (85.7 £ 18.2) and subtropical forest
(P < 0.05). The numbers of detected MGEs showed a similar pattern to that of ARGs (Fig. 1¢),
with the lowest found in subtropical forest (3.3 + 0.8) and the highest in temperate mixed
coniferous forest (4.2 = 1.3). The diversity of MGEs in temperate mixed coniferous forest and
temperate deciduous forest (4.1 + 0.8) was significantly higher than that in subtropical forest
(P <0.05). The detected ARGs could potentially confer resistance to eight major classes of
antibiotics, with the most frequently detected ARGs being multidrug and B-lactam resistance
(Fig:Sla), accounting for 22.4% and 21.8%, respectively, of the total ARGs. Other frequently
encountered ARG types included aminoglycoside (13.5%), MLSB (14.1%), tetracycline
(11.2%), and vancomycin (8.2%) resistance, depending on the representation of primer sets
on the array. The detected ARGs included all major resistance mechanisms: antibiotic
inactivation (42.9%), multidrug efflux pumps (33.5%), and cellular protection (20.0%) (Fig.
S1b). Venn diagram showed that a total of 59 ARGs were shared among the five forest
ecosystems (Fig. S2a), and these commonly shared ARGs were dominated by the multidrug

and p-lactam resistance genes (Fig. S2b).

We further calculated the relative abundance of ARGs and MGEs by normalizing
against the bacterial 16S rRNA gene. Similar to the pattern of the ARG diversity, the relative
abundance of ARGs highly varied across forest biomes, with the most abundant ARGs

observed in temperate mixed coniferous forest, and the lowest in subtropical forest (P < 0.05)
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(Fig. 1d). The relative abundance of ARGs was significantly higher in boreal and temperate
(mixed coniferous and deciduous) forests than subtropical and tropical forests (P < 0.05). The
relative abundance of MGEs significantly shifted across forest biomes (Fig. 1e), and was
significantly lower in subtropical and tropical forest than in other three forest types (P < 0.05).
Spearman’s correlation analysis revealed significantly positive relationships between the
relative abundances of total MGEs with total ARGs and individual ARG types (Table S3).

The relative abundances of specific MGEs, such as int/, intll, and tnpA-02 genes were also

significantly and positively correlated with those of total ARGs and individual ARG types.
Gene-specific analyses of ARGs and MGEs subtypes

The patterns of the relative abundance of ARG and MGE subtypes across forest biomes
were explored in heat maps based on the HT-qPCR array results (Fig. 2a). Soil samples
(columns in the heat map) could be separated into several clusters: samples from subtropical
and tropical forest tended to cluster together; and samples from the other three forest biomes
were distributed into three separate major clusters with each containing samples from all three
forest biomes. This finding was further corroborated by non-metric multidimensional scaling
(NMDS) ordinations based on the Bray-Curtis distances of ARGs (Fig. 2b), which
demonstrated that subtropical and tropical forests harboured significantly different ARG
compositions from temperate and boreal forests (PerMANOVA, P < 0.05). The profiles of
individual ARG subtypes (rows in the heat map) could be classified into three distinct patterns:
(A) These ARG subtypes are prevalent with high relative abundance in the majority of forest
soils and tended to be less abundant in subtropical and tropical forest; (B) Compared to
pattern A, these ARGs are less abundant in forest soils, and tend to be decreased in
subtropical and tropical forests; (C) These ARG subtypes are in low abundance or below the

detection limit in most forest soils.

Among the 160 ARGs and 9 MGEs detected, 32 ARGs and 2 MGEs were found in
more than 98% of the forest soil samples (Table S4). These ubiquitous genes contained 1
aminoglycoside resistance gene, 9 3-lactam resistance genes, 4 macrolide-lincosamide-
streptogramin B (MLSB) resistance genes, 5 tetracycline resistance genes, 5 vancomycin
resistance genes, and 8 multidrug resistance genes. Some widely-distributed ARG and MGE
subtypes included in#/1, aacC, mexF, blaSFO, cphA-01, fox5, mphA-01, oleC, tetR-02, vanC-
03, acrA-05, oprD, and oprl genes. The mexF gene (multidrug resistance) was the most
abundant resistance gene, up to 20.2% as abundant as the 16S rRNA gene. The int// gene was
the most abundant MGE, ranging from 0.02-14.4%.
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Soil bacterial, herb and tree communities

Bacterial communities were determined by targeting the 16S rRNA gene on the Miseq
platform, which yielded a total of 15,421,630 high-quality sequences from the 300 soils, with
an average of 51,405 sequences per sample. These sequences could be clustered to 40,399
OTUs at 97% sequence identity, with the number of OTUs per sample ranging from 918 to
7110. Bacterial communities were dominated by Proteobacteria, Acidobacteria,
Actionobacteria, Verrucomicrobia, Planctomycetes, and Chloroflexi at the phylum level (Fig.
S3a).

Herb communities were comprised of three major phyla Magnoliophyta, Pteridophyta,
and Lycopodiophyta, and their relative abundance highly varied across forest biomes, with
Pteridophyta predominant in subtropical forest and Lycopodiophyta found only in tropical
forest (Fig. S3b). Tree communities showed substantial differences across forest biomes (Fig.
S3c). For example, the Ericales and Fabales families belonging to the Angiospermae phylum
wereonly found in subtropical and tropical forests, while the Rosales family was more

dominant in boreal and temperate mixed coniferous forests.

Soil bacterial diversity was calculated for each sample using the numbers of OTUs at 97%
sequence similarity. The changes in the diversity of bacteria and herbs across forest biomes
were very similar, with the lowest level of diversity recorded in subtropical forest (Figs. S3d
and S3e), which mimicked the diversity patterns of ARGs (Fig. 1b). Tree diversity
significantly increased from boreal forest (2.08 + 1.07) to tropical forest (34.0 + 12.2) (Fig.

S31).

Relationships between ARGs with MGEs, plants, bacteria, and environmental factors

Regression analysis was conducted to explore the relationships between the diversity of
ARGs with the diversity of MGEs, bacteria and plants, soil properties and climatic factors.
The ARG diversity had strongly positive linear relationships with the diversity of bacteria
(Fig.3a), herbs (Fig. 3b), and MGEs (Fig. 3¢) (all P <0.001). Soil pH was the most important
edaphic factor that was significantly correlated with the ARG diversity, with the highest
diversity predicted around pH 7 (Fig. 3d). The relationships between the ARG diversity with
tree diversity, spatial factors, soil properties, and climatic factors were not significant, and
only the correlations with annual mean precipitation (AMP) and available potassium were

statistically significant (Fig. S4).
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Mantel tests were further performed to examine the correlations between the ARG
composition with the compositions of MGEs, bacteria and plants as well as environmental
factors (Table S5). Similarly, we found that MGEs, bacteria, herbs, and soil pH were the most
important factors that had significantly positive correlations with the ARG composition. Soil
properties including soil organic carbon (SOC), total nitrogen (TN), and moisture content,
climatic factors including annual mean temperature (AMT) and AMP, and spatial factor
including latitude were also drivers that may significantly influence the patterns of ARGs in
forests: This result was further supported by the CCA test which revealed that soil pH, AMT,
AMP; latitude, and moisture content were important drivers shaping the ARG patterns (Fig.
S5).

Co-occurrence patterns of ARGs, MGEs, bacteria, and herbs

The links between ARGs, MGEs, and bacterial and herb communities were further
explored using the local similarity analyses, which were visualized as association networks
basedon strong (0> 0.8) and significant (P < 0.05) correlations. Significant co-occurring
correlations were observed in the ARGs-MGEs-bacteria-herb networks, suggesting their
strongiinteractions in forests (Fig. 4a). Interestingly, the int/] and intl genes (belonging to
MGEs) had the most intensive connections with ARGs (Fig. 4a), which can potentially confer
resistance to multiple classes of antibiotics (Fig. 4b). The co-occurrence pattern between
ARGsand MGEs was further assessed in a network including only ARG/MGE subtypes (Fig.
S6). The entire ARGs-MGEs network was clearly separated into four clusters, with the
Module IIT composed of the int/1 and intl genes that had positive relationships with all the
major classes of ARGs (Fig. S6). The Gleicheniaceae, Poaceae, Zingberaceae, Cyperaceae,
Apiaceae, and Woodsiaceae families were the key herb taxa that had significant correlations

with bacteria and ARGs (Fig. 4).

The blaSFO (B-lactam resistance), cmlA1-02 (FCA resistance), oleC (MLSB resistance),
and emrD (sulfonamide resistance) genes were highly connected with a variety of bacterial
taxa (Fig. 4a), which were mainly affiliated with Actinobacteria, Proteobacteria, Chloroflexi,
Acidobacteria (Fig. S7), implying that these bacterial phyla are possible ARG hosts. Single
bacterial taxa significantly correlated with multiple ARG subtypes, suggestive of a bacterial
host to harbour multiple ARGs (Fig. S7). Procrustes analysis further demonstrated significant
correlations between the bacterial community compositions and ARG contents with highly

significant goodness-of-fit measures (Fig. 2c¢).

8
Wiley-Blackwell and Society for Applied Microbiology
This article is protected by copyright. All rights reserved.

Page 8 of 60



Page 9 of 60

Structural equation modelling accounting for multiple drivers

We used Random Forest modelling to identify the major factors predicting the ARG
diversity, and structural equation model (SEM) to test whether the relationships between the
diversity of plants, bacteria and ARGs is maintained when accounting for multiple drivers
simultaneously. Random Forest analysis indicated that microbial diversity was more
important than other environmental factors in predicting the ARG patterns (Fig. S8). Plant
diversity (including tree and herb diversity) was as important as most environmental drivers.
Based on the known relationships among the drivers of ARG patterns, we constructed an a
priori model (Fig. S9) to determine the direct and indirect effects of soil properties (including
soil pH), climatic conditions (including AMT), biome types, the diversity of bacteria, trees
and herbs, and MGEs, on ARG patterns. Our final SEM explained 67% of the variance in the
ARG diversity across forest biomes (Fig. 5a). Consistent with the correlation analyses (Fig. 3),
microbial diversity and herb diversity showed positive effects on the ARG diversity even after
accounting for the simultaneous direct and indirect effects of multiple variables (Fig. 5b). No
significant and direct effects of plant diversity on ARG patterns were found, but herb
diversity had indirect effects on ARG patterns through its positive impacts on microbial
diversity (Fig. 5a). Microbial diversity exerted direct positive effects on ARG patterns, and
alsoindirectly affected ARGs through its positive effects on MGEs (Fig. 5a). Not surprisingly,
biome types, climate, spatial factors and edaphic factors showed strong direct and indirect
effects on ARGs as indicated by the standardized total effects from SEM (Fig. 5b), assuming
that these factors have been identified to be critical in shaping the distribution pattern of soil
microbes. Collectively, these results demonstrate that microbial and herb diversity play
critical roles in shaping the ARG patterns, which are also directly and indirectly affected by

other drivers in forests.
Discussion
Ubiquitous ARGs in forest biomes

A key finding of this study is that more than 160 ARGs (encoding resistance to eight
major classes of antibiotics) were detected from the 300 forest soils with minimal
anthropogenic disturbance. In line with previous screening of ARGs in polluted estuaries
(Zhu et al., 2017), urban environments (Xiang et al., 2018), agricultural soils (Hu et al.,
2016a, 2016b; Chen et al., 2017) and Chinese swine farms (Zhu et al., 2013), genes

conferring resistance to multidrug, B-lactam, aminoglycoside, MLSB, tetracycline, and
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vancomycin were the most dominant ARG types in these forest soils. Our findings contribute
to the growing body of evidence that ARGs are widespread in relatively pristine habitats with
less contact with commercial sources of antibiotics (Chen et al., 2013; Segawa et al., 2013;
Pawlowski et al., 2016), and highlight that the natural forest ecosystem is a significant
reservoir of ARGs and needs to be considered in the risk assessment frameworks of antibiotic
resistance. Comparison of the background ARG profiles between the forest ecosystems and
some human-impacted soils by using the same HT-qPCR array suggested that the diversity
and relative abundance of ARGs in copper-contaminated soils (Hu ez al., 2016b), nickel-
contaminated soils (Hu et al., 2017), animal manure-amended soils (Zhang et al., 2017), and
antibiotics-treated soils (Zhang et al., 2017) are significantly higher than those in forest
biomes (Fig. S10). Given that forests are significantly threatened by new anthropogenic
pressures such as urbanization, intensive management practices, and land-use conversion to
farmland, it is assumed that these pre-existing ARGs might emerge with clinical importance

in future if they are transferred to a human pathogen (Martinez et al., 2015).

The widespread occurrence of ARGs in natural forests might be attributed to the
inherent presence of antibiotics in soil (Wright, 2010; Nesme et al., 2014), though it is very
difficult to measure the natural concentrations of antibiotics (Allen et al., 2010). Most of
currently known antibiotics are small molecules produced by certain microorganisms in
natural settings (D’Costa et al., 2006). Bacteria can use these antibiotics as weapons (at high
concentrations) to compete for limited resources (D’Costa et al., 2006) or as signalling
molecules (at low concentrations) to communicate with other microbes (Martinez, 2008).
Furthermore, forest soil contains some toxic aromatic compounds derived from degradation
processes or specialized antibiotics from plant exudates (Alonso et al., 2001; Yergeau et al.,
2014), which may also contribute to the development of antibiotic resistance. Apart from the
long-term residence of indigenous ARGs, other unknown selection pressures (i.e.
anthropogenic disturbance) can also contribute to the level of ARGs in forests. Although the
300 soil samples in this study were collected in regions that are distant from human
industrialized activities and supposedly devoid of anthropogenic disturbance, we cannot
completely exclude the possible mechanism of atmospheric deposition of ARGs-bearing
microbes that originate from ARGs-rich environments, and the long-distance transport of

ARGs by birds and animals (Wang et al., 2016a).

Some ARG subtypes were ubiquitously detected across the five forest ecosystems, such

as aacC, mexF, blaSFO, cphA, fox5, mphA-01, oleC, tetR-02, vanC-03, acrA-05, oprD, and
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oprl genes, indicating that natural forest soils are a common reservoir for these genes. The
mexF gene was the most abundant resistance gene, perhaps driven by multiple antibiotic and
toxic compounds in forests. The mexF gene has been reported in various environments, such
as soils, sediments, rivers and drinking water (De Souza et al., 2006). The cphA gene (B-
lactam resistance) has been found to be intrinsic in environmental isolates of 4. jandaei and
Aeromonas hydrophila (Balsalobre et al., 2009). The mexF and oprD multidrug resistance
genesywere proposed to naturally occur in water (Stedtfeld et al., 2016). The vanC gene can
encode resistance to vancomycin, which is considered as one of the last-resort defence against
organisms like Streptococcus pneumonia and Enterococcus (Gilmore and Hoch, 1999), and
this gene is ancient in natural environments (D’Costa et al., 2011). These findings suggest
that natural forests are sharing many ARGs within and across biomes, with a possibility of
gene flow and exchange among different ecosystems. Therefore, we argue that increasing
attention should be paid to the importance of natural resistome and its potential transmission

routes to human commensals and pathogens.

Although the HT-qPCR array used in this study can simultaneously profile 285 ARGs
and 10 MGEs of interest in a high-throughput manner (Looft et al., 2012; Su et al., 2015), the
need for pre-selected primer sets limits its use to known genes or to genes with high
nucleotide similarity to known ones (Karkman et al., 2018). For example, the relative
dominance of the ARG classes or resistance mechanisms detected using the HT-qPCR
technique mostly relies on the representation of primer sets on the array. Metagenomics,
especially deep sequencing, is not restricted to prior knowledge of few selected genes, and is
able to capture the whole resistome in the environment (Li et al., 2015). However, the
annotation of ARGs is still dependent on sets of known verified genes in ARG databases
(Gibson et al., 2015). Functional metagenomics can overcome the limitations of HT-qPCR
and metagenomic sequencing in detecting mostly known ARGs, but the difficulty in the
cloningand expression of environmental DNA in a laboratory host is the main disadvantage
of this technique (Karkman et al., 2018). Despite the intrinsic limitations of these
methodologies, a combination of HT-qPCR, metagenomics and functional metagenomics is

still powerful in the determination of antibiotic resistance in all its dimensions.
Potential for horizontal gene transfer of ARGs in forest soils

The abundant and diverse ARGs detected in forest soils, together with abundant MGEs,
offer a likelihood for ARGs being horizontally transferred to other bacteria and pathogens.

Firstly, the class 1 integron-integrase gene int// and the transposon-transposase gene tnpA
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were detected in every forest soil sample. Class 1 integrons are widely distributed in over 70%

of Gram-negative bacteria of clinical importance (Stalder et al., 2012), and have been
repeatedly reported to be an important proxy for acquisition and dissemination of ARGs in the
environment (Gillings et al., 2015). Integrons have a site recombination system which could
capture and express gene cassettes, and they are often located on plasmids and transposons
which further facilitate their mobility potential (Heuer ef al., 2012). Secondly, the HT-qPCR
detected two integrase genes and seven transposase genes, with their total diversity and
relative abundances positively correlated with those of ARGs. In particular, the relative
abundances of int/, intl1 and tnpA-02 genes had significantly positive relationships with the
relative abundances of all individual classes of ARGs (Table S3), and the compositions of
ARGs and MGEs were also closely correlated as revealed by the Mantel test. These results
suggested that there is a potential risk of HGT mediated by MGEs for ARGs in forest soils.
However, it was found that the diversity of both ARGs and MGEs was significantly
correlated with the diversity of bacteria, which means that the significantly positive
relationships observed between ARGs and MGEs might be indirect and would not necessarily

lead to high HGT potential.

Of particular interest, we found that the int/]/ and intl genes had the most intensive
connections with ARG subtypes (Fig. 4a), and co-occurred with multiple ARGs conferring
resistance to all the major classes of antibiotics (Fig. S6). Some of these ARG subtypes have
been reported to be located within integron gene cassettes, such as the aac and aad families of
ARGs (Zhu et al., 2017). Indeed, the aac(6°)-Ib, aadAS, and aadA9 genes in the same cluster
with the intl1 and intl genes are known components of integron gene cassettes (Partridge et
al., 2009). The co-occurring ARGs and MGEs suggest that these ARGs might be genetically
linked together in integrons, transposons and microbial genomes conferring resistance to
multiple antibiotics, and likely subject to a synchronous dispersal. However, it should be
noted that although there are strong correlations between the diversity, abundance and
compositions of ARGs and MGEs, it remains unknown whether HGT is actually happening in

forest ecosystems and would disperse environmental ARGs.

Despite of the genetic potential of HGT, the actual frequencies of HGT for soil ARGs
are also influenced by a range of abiotic factors (e.g. soil pH, moisture content, temperature,
and oxygen levels) and biotic factors (e.g. commensal, antagonistic and mutualistic
relationships between soil organisms) in the environment (Aminov, 2011). It remains largely

unknown regarding the frequency of HGT in natural settings with relatively lower selection
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pressure compared with contaminated environments or agricultural soils (Johnson et al., 2016;
Hu et al., 2017). In fact, it is assumed that the rate of HGT is very low in natural soils, where
ARGs content and phylogenetic compositions are strongly associated (Forsberg et al., 2014)
suggesting that HGT is not frequent to effectively decouple resistomes from phylogeny. The
strong correlation between the ARG content and the bacterial community composition was
also observed (Fig. 5 and Table S5), suggestive of a low rate of HGT in forests. However,
ARGs:are not linked to the phylogenetic composition in animal agriculture (Johnson et al.,
2016).and heavy metal-contaminated soils (Hu et al., 2017), indicating that genetic potential

for HGT might be enhanced when natural soils are subjected to anthropogenic activities.
Bacterial and herb communities as important determinants of ARGs in forests

The diverse and abundance ARGs detected in natural forests prompted us to identify the
major factors shaping their distribution patterns, enabling prediction of the emergence and
evolution of natural soil resistome in future. By compiling all the data together, our SEM
demonstrated that the positive direct effects of bacterial communities and the positive indirect
effects of herbaceous plants on ARG patterns were maintained even when simultaneously
accounting for multiple drivers (climate, spatial predictors and edaphic factors). All these
findings led to the conclusion that bacterial and herb communities are important predictors of
ARG contents in natural forest biomes. Previous studies have reported that the microbial
phylogenetic and taxonomic structure is an important determinant of ARG compositions
(Forsberg et al., 2014; Hu et al., 2016b; Wang et al., 2016a), because soil microbes are not
only the major sources of antibiotic compounds or their derivatives (Allen et al., 2010; Wright
and Poinar, 2012) but are also hosts to many ARGs. For example, Actinobacteria are well-
known groups of bacteria producing antibiotics; Proteobacteria and Actinobacteria are among
the most prevalent predicted hosts of multi-resistant ARGs in metagenomics studies of soils
(D’Costa et al., 2006; Forsberg et al., 2014), which is supported by the network analysis in
our study (Fig. S7). The strong impact of microbial community structure on ARG contents
might be also attributed to low rate of HGT which have not decoupled ARG contents and
bacterial phylogeny.

Interestingly, we found that the herb community can indirectly affect ARG contents via
its positive impacts on the microbial diversity (Fig. 5a), which might be due to the long-
evolved intimate relationships between plants and microbes (Bai et al., 2015). Although
plants can exude specialized antibiotic compounds, which can lead to shifts of ARG contents

(Yergeau et al., 2014), we did not observe direct impacts of plant communities (including
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trees and herbs) on ARG contents in this study. Because our sampling strategy had tried to
collect bulk soils between trees, the selective pressure imposed by the plant exudation of
antimicrobials in the plant rhizosphere might have been overlooked. Although trees are the
dominant primary producers responsible for >90% of the forest primary production and
provide the majority of soil organic materials through root exudates and litters (Baldrian,
2017), understory herbs, rather than trees, were found to be a more important determinant of
ARG patterns. Previous studies have also shown that herbs, rather than trees, are better
predictors of soil prokaryotic diversity in forest ecosystems (Wang et al., 2016b) and in
grasslands (Prober ef al., 2015). The possible explanation might be that soil microbes in the
topsoil are in more contact with herbs, because of the spatial separation between the roots of
herbs.and trees (Scholes and Archer, 1997); and herb residues are more easily decomposed by
free-living soil microorganisms, compared to tree residues and litter (Hattenschwiler ef al.,
2005). The impacts of herbaceous plants on the diversity and structure of soil microbial

communities will ultimately have consequences on the soil ARG profiles.

Despite of the significant impacts of bacterial and herb communities on ARG contents,
arange of other drivers including climate (AMT, annual mean temperature; MTCM, mean
temperature of coldest month; and PDM, precipitation of driest month), edaphic factors
(mainly soil pH) and geographic locations are also found to influence antibiotic resistome in
natural forests (Fig. 5). Soil pH and climate have been recognized as the main driver of soil
microbial diversity patterns across different ecosystems (Fierer and Jackson, 2006), implying
that the factors driving the distribution of bacteria could underlie the diversity and distribution
of ARGs. In addition, soil fungi are also important microbial communities in various forest
ecosystems (Baldrian, 2017), and can produce antibiotics and compete with other soil
microorganisms for space and nutrients (Chen ef al., 2013). Therefore, we argue that global
environmental changes such as climate warming, extreme weather events, nitrogen deposition
that-have strong impacts on the plant, bacterial and fungal communities will also have
consequences on soil resistome. Characterizing relationships between ARGs, bacteria, fungi,
and plants in various ecosystems across broad environmental gradients will be critical to

predicting the patterns of environmental resistome in a changing world.
Conclusions

To our knowledge, this is the first large-scale profiling of a broad spectrum of ARGs in
natural forest biomes, providing an overview of how the interactions of aboveground plants

and belowground microbes as well as soil properties and climate shape the distribution
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patterns, of antibiotic resistance. Our results suggest that natural forest soils are a significant
source of ARGs, and their large-scale distribution is regulated by the diversity of bacteria and
herbaceous plants even when simultaneously accounting for multiple environmental drivers.
These findings contribute to a growing understanding of the magnitude of environmental
ARGs, and have important implications for future prediction of the evolution, dissemination
and persistence of antibiotic resistance over broad spatial scales. Given the transmission
potential of environmental ARGs to human commensals and pathogens, an improved
knowledge of the factors maintaining environmental resistome will help the development of

effective mitigation options to minimise the spread of antibiotic resistance.
Experimental procedures
Plant inventory and soil sampling campaign

We carried out a large-scale investigation in 2012 across a latitudinal gradient ranging
from N18°15' to N53°18' over 4000 km in China (Fig. 1a). The selected sampling sites span
over five major forest biomes from north to south: boreal forest, temperature mixed
coniferous forest, temperate deciduous forest, subtropical (evergreen broadleaf) forest, and
tropical (rainforest) forest. The sampling sites were selected from National Nature Reserves
that are distant from anthropogenic disturbance. Our sampling strategy provides a wide
variation in soil properties with soil pH from 4.03 to 8.57, total nitrogen (TN) from 0.05 to
1.16%, and soil organic carbon (SOC) from 0.39 to 19.21%. The mean annual temperature
(MAT) ranges from -5.6°C to 25.9°C and the mean annual precipitation (MAP) varies from
452.t0.2085 mm. The detailed information about the sampling sites and climate is shown in

Table S1.

We established 60 independent large quadrats (20 x 20 m?) in each forest biome,
resulting in a total of 300 quadrats for the five forest biomes. Within each quadrat, we
recorded all trees with diameter at breast height >2.5 cm and classified them into the species
level. Three small plots (1 x 1 m?) were randomly established within each quadrat for the
census of herbaceous plants (Fig. 1a). Taxonomic classification of trees and herbs was
performed based on the Angiosperm Phylogeny Group III System (Chase and Reveal, 2009).
Soil samples were collected from each quadrat by thoroughly mixing 15 random soil cores (5
cm in diameter and 10 cm in depth), sieved through 1.0 mm mesh and pooled into a

composite sample for each quadrat. A total of 300 soil samples were sealed in plastic bags
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and shipped on ice to the laboratory. A portion of soils was used for physicochemical analysis,

and another portion was freeze-dried and stored at -80°C until DNA extraction.
Soil physicochemical characterization

Soil moisture content was measured by oven-drying fresh soil samples at 105°C. Soil
pH was determined in soil suspension with a soil to water ratio of 2.5 using a Delta 320 pH-
meter (Mettler-Toledo Instruments, Columbus, OH, USA). TN was measured on a Vario EL
III Element Analyser (Elementar, Hanau, Germany). SOC was determined on the Element
Analyser (Elementar) after treatment with H,SO4 to remove carbonate. Soil inorganic
nitrogen (including NH,"-N and NO5™-N) was extracted from soils with 1 M KCI and
measured using a SAN++ Continuous Flow Analyser (Skalar, Breda, Netherlands). Soil
available phosphorous (AP) was extracted from soils by 0.5 M NaHCOj solution and
measured on the Continuous Flow Analyser (Skalar). Soil available potassium (AK) was
determined using Inductively Coupled Plasma-Optical Emission Spectroscopy (ICP-OES,
Vistaraxial, Varian). Soil particle size was determined using a Laser Particle Size Analyser

(Malvern Instruments, Malvern, UK).
DNA extraction and HT-qPCR analysis

The MoBio PowerSoil DNA Isolation Kit (MoBio Laboratories, Carlsbad, CA, USA)
was used to extract soil DNA from 0.25 g of soil as per the manufacturer’s recommendations.
DNA quality was evaluated using IMPI EN P-330 NanoPhotometer UV/VIS
spectrophotometer (IMPLEN, Munich, Germany). A HT-qPCR array was performed to
determine the diversity and abundance of ARGs on the Wafergen SmartChip Real-Time PCR
System (Fremont, CA, USA) as described previously (Zhu et al., 2013; Su et al., 2015). The
Wafergen system is a high-throughput platform with the capability to run 5184 reactions each
withra-volume of 100 nl using the SensiMix SYBR No-ROX reagent (Bioline, London, UK).
The HT-qPCR array contained a total of 296 primer sets (Looft ef al., 2012; Su et al., 2015),
including 285 primer sets targeting eight major classes of ARGs, 10 primer sets targeting
MGESs, and one 16S rRNA gene as the internal control (Table S2). The specificity of all
primers was verified through amplicon sequencing, BLAST search and amplification

efficiency check (Looft et al., 2012; Johnson et al., 2016).

Thermal-cycling conditions were as follows: 95°C for 10 min, followed by 40 cycles of
95°Cfor 30 s and 60°C for 30 s. All HT-qPCR reactions were performed in three technical

replicates. ARGs or MGEs were regarded as positive detection according to the following
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criteria; (i) a threshold cycle value (Cr) of 31 was used as the detection limit to differentiate
between positive amplification and primer-dimers (Su et al., 2015); (ii) samples with three
technical replicates all above the detection limit were regarded as positive quantification; (iii)
amplicons with multiple melting curves were removed from the analysis; and (iv) reactions
with efficiency beyond the range 1.7-2.3 and R’ values below 0.99 were discarded. The 27"
method where ACt = (Cr getected ARGs — CT 163 rRNA gene) Was used to calculate the relative

abundances of ARGs and MGEs compared to the 16S rRNA gene abundance based on a
comparative Ct method (Schmittgen and Livak, 2008).

Hllumina Miseq sequencing and data processing

The V4 region of the bacterial 16S rRNA gene was amplified using the primer set
515F/806R (Bates et al., 2011) linked with the Illumina adaptor and a 12-bp barcode
sequence. PCR amplification was performed in 50 pl mixtures containing 25 pl Premix Taq
(TaKaRa, Dalian, China), 1 pl each primer (10 uM), and 3 pl template DNA (~10 ng). The
barcoded PCR products were purified using Wizard SV Gel and PCR Clean-up System
(Promega, Madison, WI, USA), quantified, pooled into one mixture, and sequenced using 2x
150-bp paired-end strategy on an Illumina MiSeq sequencer. Raw and paired-end sequences
were quality filtered, assembled using the Fast Length Adjustment of Short Reads (FLASH)
(Magog¢'and Salzberg, 2011), de-multiplexed, and assigned to individual samples using
Quantitative Insights Into Microbial Ecology (QIIME) analysis (Caporaso ef al., 2010).
Assembled sequences were binned into operational taxonomic units (OTUs) at the 97%
sequence identity using a chimera filtering approach UPARSE (Edgar, 2013). An even
number of sequences per sample (45,070 reads) was randomly selected from each sample to
compensate for variability in sequencing depth before the downstream analysis. Taxonomic
identity was assigned to OTUs using the naive Bayesian classifier Ribosome Database Project
(Wang et al., 2007). The assembled bacterial 16S rRNA gene sequences have been deposited

in the European Nucleotide Archive under the accession number PRIEB11871.
Local similarity analysis and network construction

Network analysis has been widely used to explore the underlying interaction/association
among microbial taxa, to predict the host of ARGs in complex microbial communities (Hu et
al:,2016b; Zhu et al., 2017). The Local Similarity (LS) correlations (ranked Pearson’s
correlations) among bacteria, herbs and ARGs were determined by the LS analysis (eLSA)

(Chow et al., 2014). A correlation matrix was constructed by calculating the pairwise
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correlation coefficients among ARG subtypes and bacterial and herb taxa at the family level
which occur in > 50% of all the samples. This filtering step eliminated those poorly
represented ARGs and bacterial and herb taxa to minimize the artificial association bias. We
calculated P-values of the LS correlations using statistical approximation followed by
permutation testing (Xia et al., 2013) following the protocol as previously described (Chow et
al., 2014). We imported the resultant LS correlations into Cytoscape (version 2.8.3) (Shannon
et-al.,;2003) for initial visualization, and explored the network topology in the Gephi platform
(Bastian et al., 2009).

Statistical analysis

We calculated the tree diversity by counting the number of tree species in 400 m?
quadrats, and the herb diversity by counting the number of herb species in 1 m” plots. Soil
bacterial diversity was calculated for each sample using the number of OTUs at the 97%
sequence similarity with a depth of 45,070 sequences per sample. One-way analysis of
variance (ANOVA) was performed to test the difference in the diversity of ARGs, MGEs,
trees, herbs, and bacteria, as well as the relative abundances of ARGs and MGEs across forest
biomes in SPSS 20. Spearman’s correlation analysis was conducted to test the relationships
between the relative abundances of total MGEs with total ARGs and individual ARG types.
The data were normalized using log-transformation when necessary prior to statistical

analysis.

We conducted regression analysis to test the relationships between the diversity of
ARGs:with that of MGEs, bacteria, trees, and herbs as well as soil properties and climatic
factors using the “ggplot2” package in the R platform (R Development Core Team, 2008).
The curve fitting was estimated with linear and nonlinear models (e.g., quadratic and cubic
models), and the best models were selected with the highest proportion of variance in the
diversity of ARGs that can be explained by the independent variables. A heat map
visualization of the relative abundances of individual ARG subtypes was generated using the
“gplots” package in the R platform (version 3.3.1). The changes in ARG compositions across
forest biomes were visualized by non-metric multidimensional scaling (NMDS) ordinations
based on the Bray-Curtis dissimilarity distances, and statistically evaluated by permutational
multivariate analysis of variance (PerMANOVA) using the “vegan” package with 999
permutations in R. Procrustes test for correlation analysis between ARGs and bacterial
communities based on Bray-Curtis dissimilarity matrices was performed using “vegan” in R.

Mantel test was performed to test the correlations between soil properties, MGEs, the

18
Wiley-Blackwell and Society for Applied Microbiology
This article is protected by copyright. All rights reserved.



Page 19 of 60

community composition of trees and herbs with ARGs content with the Bray-Curtis method
in “vegan” with 999 permutations. Canonical correspondence analysis (CCA) between ARG
contents and environmental parameters was also performed in R using “cca” function from

the “vegan” package. The threshold for significance was P < 0.05.
Random Forest analysis and Structural equation modelling

A classification Random Forest analysis was conducted to identify the most important
predictors influencing the ARGs content among the following variables: climatic factors,
spatial factors, soil properties, herb diversity, and bacterial diversity. The importance of each
predictor was determined by assessing the increase in the mean square error (MSE) between
observations and out-of-bag predictions as described previously (Delgado-Baquerizo et al.,
2016). The significance of the importance of each predictor on ARG patterns was assessed

using the “rfPermute” package in R.

We constructed structural equation model (SEM) to determine the direct and indirect
effects of soil properties (including soil pH), climatic conditions (including AMT), the
diversity of bacteria, trees and herbs, and MGEs, on ARG patterns. SEM can partition direct
and indirect effects that one variable might have on another, estimate the strengths of multiple
effects, and ultimately provide mechanistic information on the drivers of ARGs pattern
(Grace, 2006). We only included those variables that were identified as statistically significant
predictors of the ARG patterns from the Random Forest analysis. The data used for the model
construction were classified into several groups, including climate, spatial factors, soil

propetties, plant diversity, MGEs diversity, and ARGs diversity.

We established an a priori model based on the known relationships among the drivers
of ARG patterns (Fig. S9). Mantel test was performed to calculate the pairwise correlations
among these variables using the “Ecodist” package in R, and the matrix of resultant R values
was parameterized into the AMOS 22 software for the SEM construction using the maximum-
likelihood estimation method. Foe the mediation testing, we used a 1000-time bootstrap to
control the false discovery rate (FDR) and set the confidence intervals at 95% for the
significance assessment. The overall goodness of model fit was assessed using Akaike
information criteria (AIC), goodness-of-fit index (> 0.90), Xz test (P > 0.05), and root mean
square errors of approximation (RMSEA < 0.05). We also calculated the standardized total
effects of each factor on ARG patterns by summing all direct and indirect pathways between

the factor and ARGs.
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Figure legends

Figure 1 A schematic diagram showing the census of trees and herbs and soil sampling across
five forest biomes over a span of 4000 km (a). The dots with different colours represent soil
sampling sites for different forest biomes. We established 60 independent large quadrats (20 x
20 m”) in each forest biome, and in each quadrat, all trees with diameter at breast height >2.5
em were recorded. Three small plots (1 x 1 m?) were randomly established within each 400-
m’ quadrat for the census of herbaceous plants. Soil samples were collected from each

quadrat by thoroughly mixing 15 random soil cores, resulting in a total of 300 soil samples.
Comparison of the diversity and relative of ARGs (b, d) and MGEs (¢, €) across forest biomes.
Line, average diversity or relative abundance; box, 25" and 75™ percentiles; and error bars,

10™and 90" percentiles. Different letters above the boxes indicate a significant difference.

Figure 2 The heat map showing the broad-spectrum quantitative profile of ARGs and MGEs
subtypes detected in five forest biomes (a). Soil samples were shown as columns and
ARGs/MGEs shown as rows. The dendrograms for columns and rows were calculated based
on the Bray-Curtis dissimilarity matrices. Non-metric multidimensional scaling ordination
plot depicts the Bray-Curtis dissimilarity distances between soils based on the relative
abundance of ARGs across forest biomes (b). The 2D stress value is 0.14, which indicated
that the two-dimensional ordinations could well represent the data. Procrustes analyses depict
significant correlations between ARG contents (Bray-Curtis) and bacterial composition
(Bray-Curtis) (c). Lines connect ARG data and 16S rRNA gene sequence data. The M fit
reported is from a Procrustes transformation over the first two principal coordinates while the
P-value is calculated from a distribution of empirically determined M values over 10,000
Monte Carlo label permutations. (Abbreviations: FCA: fluoroquinolone, quinolone,
florfenicol, chloramphenicol and amphenicol resistance genes; MLSB: Macrolide-

Lincosamide-Streptogramin B resistance genes.)

Figure 3 Relationships between the diversity of ARGs with the bacterial diversity (a), herb
diversity (b), MGEs diversity (c), and soil pH (d). Line in each plot represents the best-fit

curve and the shaded area represents its 95% confidence limits.

Figure 4 The networks showing the co-occurrence patterns among the detected ARG
subtypes, MGEs, bacteria, and herbs across forest biomes. (a) The nodes coded with different
colors represent ARGs, MGEs, bacteria and herbs; (b) The nodes coded with different colors

represent different categories of ARGs, and the nodes for MGEs, bacteria and herbs are
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shown in grey colour. The edges connecting nodes correspond to statistically significant
correlations between nodes. Node size is proportional to the number of connections between

nodes (degree). The thickness of the edges is proportional to the correlation coefficient.

Figure 5 Structural equation modelling of the direct and indirect effects of molecular
attributes (bacterial diversity), plant attributes (tree and herb diversity), soil properties,
climatic conditions, biome types, and MGEs on the diversity of ARGs (a). The hypothetical
models fit our data well, as suggested by the goodness-of-fit statistics: x* = 33.0, P=0.11,
dio.f=24, GF1=0.98, AIC = 167.0, and RMSEA = 0.035. Arrows indicate the hypothesized
direction of causation. The width of arrows is proportional to the strength of the path
coefficients. The numbers adjacent to arrows are standardized path coefficients and indicative
of'the effect size of the relationship. The R’ value alongside the response variable indicates
the.proportion of variance explained by the variable. Only significant path coefficients are
displayed. *P < 0.05, **P < 0.01, ***P < 0.001. (b) Standardized total effects (the sum of
direct plus indirect effects from SEM) of the major factors on the diversity of ARGs. (AMT,
annualimean temperature; PDM, Precipitation of driest month; MTCM, Mean temperature of

coldest month)
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Originality-Significance statement

This is the first large-scale profiling of a broad spectrum of antibiotic resistance genes
(ARGs) in natural forest biomes, providing important information on how the interactions of
aboveground plants and belowground microbes as well as soil properties and climate shape
the distribution patterns of antibiotic resistance. Our results suggest that natural forest soils
are a significant source of ARGs, and their large-scale distribution is regulated by the
diversity of bacteria and herbaceous plants even when simultaneously accounting for multiple
environmental drivers. This knowledge is critical in understanding the origins and evolution
of natural soil resistome, and may help to design effective framework to predict and manage

the spread of environmental ARGs.

Summary

Antibiotic resistance is ancient and prevalent in natural ecosystems and evolved long
before the utilization of synthetic antibiotics started, but factors influencing the large-scale
distribution patterns of natural antibiotic resistance genes (ARGs) remain largely unknown.
Here, a large-scale investigation over 4000 km was performed to profile soil ARGs, plant
communities, and bacterial communities from 300 quadrats across five forest biomes with
minimal human impact. We detected diverse and abundant ARGs in forests, including over
160 genes conferring resistance to eight major categories of antibiotics. The diversity of
ARGs was strongly and positively correlated with the diversity of bacteria, herbaceous plants,
and mobile genetic elements (MGEs). The ARG composition was strongly correlated with the
taxonomic structure of bacteria and herbs. Consistent with this strong correlation, structural
equation modelling demonstrated that the positive effects of bacterial and herb communities
on"ARG patterns were maintained even when simultaneously accounting for multiple drivers
(climate, spatial predictors and edaphic factors). These findings suggest a paradigm that the
interactions between aboveground and belowground communities shape the large-scale
distribution of soil resistomes, providing new knowledge for tackling the emerging

environmental antibiotic resistance.
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Introduction

Emerging prevalence and dissemination of antibiotic resistance genes (ARGs,
collectively known as “resistome”) represents a major threat to public health in the 21*
century (WHO, 2014; Berendonk ef al., 2015). A growing recognition of an environmental
component of resistome pools has prompted calls for investigation into the significance of
antibiotic resistance in natural settings (Ashbolt ez al., 2013). It has been reported that some
environmental ARGs have perfect sequence identity to those in human pathogens (Forsberg et
al.;2012) and human feces (Nesme ef al., 2014), indicative of the possible gene flow between
environmental and clinical resistomes (Wright, 2010). Environmental ARGs can be
disseminated via physical forces such as leaching to water, atmospheric transport/deposition
of dust, dissipation by animals or birds, and delivery of ARGs-carrying products (Allen ef al.,
2010;McEachran et al., 2015);-). and-They are also subject to horizontal gene transfer
mediated by mobile genetic elements (MGEs) such as integrons, transposons, and plasmids
(Gillings et al., 2015). Therefore, environmental ARGs have been recognized as contaminants
of global concern (Pruden ef al., 2006), and may constitute an important contributor to

clinical antibiotic resistance if acquired by human commensals and pathogens.

Soil is one of the largest environmental reservoir comprising approximately 30% of
known ARGs in public repositories (Forsberg et al., 2012; Nesme et al., 2014), and is one of
the'most complex ecosystems in terms of ecological niches and biodiversity (Nesme and
Simonet, 2014). To date, a large body of studies have documented the prevalence of ARGs in
environments under anthropogenic perturbations, such as soils with manure amendments (Zhu
et al., 2013; Zhang et al., 2017), contaminated with pharmaceutical residues (Zhu et al., 2017)
or heavy metals (Hu et al., 2016b, 2017), and irrigated with reclaimed water (Wang et al.,
2014; Han et al., 2016). We have, however, limited knowledge of the background levels of
antibiotic resistance and the distribution of ARGs in natural settings with little or no human
disturbance. In fact, most antibiotics are natural compounds produced by different taxa of
bacteria, fungi; or plants (D’Costa et al., 2006; Chen et al., 2013), and the presence of natural
antibiotics may have exerted consistent selection pressure on microorganisms since long
before the introduction of human-made antibiotics (Allen ef al., 2010; Wright and Poinar,
2012). Therefore, it is not surprising that ARGs were identified from ancient permafrost
sediment (D’Costa et al., 2011), Alaskan permafrost soil (Allen et al., 2009), glaciers
(Segawa et al., 2013), Antarctic soils (Wang et al., 2016a), underground cave (Pawlowski et

al., 2016), and deep ocean sediment (Chen et al., 2013). However, we lack a general
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understanding of the key determinants shaping the diversity and composition of ARGs in
natural ecosystems. These knowledge gaps have precluded the inclusion of natural resistomes

in management strategies and risk assessment frameworks (Ashbolt et al., 2013).

Forest ecosystems occupy approximately 30% of Earth’s land surface (Bonan, 2008)
representing important habitats for trees, herbs, and microbes (Baldrian, 2017). Plants can
influence the structure of soil microbial communities through plant litters and root exudation
(Prober et al., 2015; Wang et al., 2016b), which might indirectly shape soil resistome
composition via affecting the taxonomic and phylogenetic structure of ARGs-bearing
microbes (Forsberg et al., 2014). On the other hand, forest soils contain antibiotics produced
by soil'microbes, and potentially toxic aromatic compounds derived from degradation
processes, as well as specialized antibiotics (e.g., salicylic acid, phytoalexins; and flavonoids)
and.signalling molecules from plant exudates (Alonso ef al., 2001; Yergeau et al., 2014),
whichare reported to increase expression of antibiotic resistance in the plant rhizosphere
(Yergeau et al., 2014). In addition, forest soils are characterized by nutrient scarcity, and
represent a highly competitive environment for microbes to survive, interact, and compete for
space and nutrients, hence it is expected to observe a wide occurrence of ARGs-bearing
microbes (producing low concentrations of antibiotics as signalling molecules to modulate the
interactions within microbial communities; or producing high concentrations of antibiotics as
a weapon to counter other microbial taxa probably in some micro-environments--the
rhizesphere) in forest soils (Martinez, 2008). Despite forest soils being hypothesized as an
important reservoir of ARGs, the large-scale distribution patterns of ARGs and how their
compositions are regulated by environmental factors and plant and bacterial communities

remain less understood.

In this study, we used high-throughput quantitative PCR (HT-qPCR) techniques to
profile 285 ARG subtypes encoding resistance to eight major classes of antibiotics from 300
soil samples collected across five forest biomes in China. This large-scale investigation
through establishing 300 quadrats over 4000 km from boreal forest to tropic rainforest allows
simultaneous documentation of plant communities (including trees and uanderstory-herbs), soil
microorganisms, soil resistome, and a wide range of climatic variables and soil properties. We
hypothesized that (i) the natural forest ecosystem ean-beis a significant reservoir of ARGs,
due to the antimicrobial molecules produced by the soil microorganism and plant rhizosphere;
(i) the changes in ARG patterns are closely associated with the changes in the bacterial

communities, which is assumed as an important determinant of ARGs in natural settings; and
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(iii) the impacts of plant communities on the diversity and structure of soil microbial
communities will ultimately have consequences on the soil ARG profiles. Our study provides
important information on the background level of ARGs and the key drivers shaping the
large-scalediversity-and biogeographic distribution of antibiotic resistance in natural forest
biomes-everlargeseales. This knowledge is critical in understanding the origins and
evolution of natural soil resistome, and may help to design effective framework to predict and

manage the spread of environmental ARGs.
Results
Diversity and relative abundance of ARGs and MGEs

The HT-qPCR array detected a total of 160 ARGs and 9 MGEs (including 2 integrase
genes and 7 transposase genes) in the 300 soil samples collected from five forest biomes_(Fig.
1a). The average number of detected ARGs considerably changed from 95.5 (£ 20.1) in
temperate mixed coniferous forest to 73.8 (£ 16.1) in subtropical forest (Fig. 1b). The
diversity of ARGs in temperate mixed coniferous forest and temperate deciduous forest (94.2
+ 20.7) was significantly higher than that in boreal forest (85.7 £ 18.2) and subtropical forest
(P <0.05). The numbers of detected MGEs showed a similar pattern to that of ARGs (Fig. 1¢),
with the lowest found in subtropical forest (3.3 £ 0.8) and the highest in temperate mixed
coniferous forest (4.2 £ 1.3). The diversity of MGEs in temperate mixed coniferous forest and
temperate deciduous forest (4.1 + 0.8) was significantly higher than that in subtropical forest
(P <0.05). The detected ARGs could potentially confer resistance to eight major classes of
antibiotics, with the most frequently detected ARGs being multidrug and B-lactam resistance
(Fig:Sla), accounting for 22.4% and 21.8%, respectively, of the total ARGs. Other frequently
encountered ARG types included aminoglycoside (13.5%), MLSB (14.1%), tetracycline
(11.2%), and vancomycin (8.2%) resistance, depending on the representation of primer sets
on the array. The detected ARGs included all major resistance mechanisms: antibiotic
inactivation (42.9%), multidrug efflux pumps (33.5%), and cellular protection (20.0%) (Fig.
S1b). Venn diagram showed that a total of 59 ARGs were shared among the five forest
ecosystems (Fig. S2a), and these commonly shared ARGs were dominated by the multidrug

and B-lactam resistance genes (Fig. S2b).

We further calculated the relative abundance of ARGs and MGEs by normalizing
against the bacterial 16S rRNA gene. Similar to the pattern of the ARG s-diversity, the

relative abundance of ARGs highly varied across forest biomes, with the most abundant
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ARGs observed in temperate mixed coniferous forest, and the lowest in subtropical forest (P
<0.05) (Fig. 1d). The relative abundance of ARGs was significantly higher in boreal and
temperate (mixed coniferous and deciduous) forests than subtropical and tropical forests (P <
0.05). The relative abundance of MGEs significantly shifted across forest biomes (Fig. 1e),
and was significantly lower in subtropical and tropical forest than in other three forest types
(P-<0.05). Spearman’s correlation analysis revealed significantly positive relationships
between the relative abundances of total MGEs with total ARGs and individual ARG types
(TableS3). The relative abundances of specific MGEs, such as intl, intl/1, and tnpA-02 genes
were-also significantly and positively correlated with those of total ARGs and individual

ARG types.
Gene-specific analyses of ARGs and MGEs subtypes

The patterns of the relative abundance of ARG and MGE subtypes across forest biomes
were explored in heat maps based on the HT-qPCR array results (Fig. 2a). Soil samples
(columns in the heat map) could be separated into several clusters: samples from subtropical
and tropical forest tended to cluster together; and samples from the other three forest biomes
were distributed into three separate major clusters with each containing samples from all three
forest biomes. This finding was further corroborated by non-metric multidimensional scaling
(NMDS) ordinations based on the Bray-Curtis distances of ARGs (Fig. 2b), which
demonstrated that subtropical and tropical forests harboured significantly different ARG
compositions from temperate and boreal forests (PerMANOVA, P <0.05). The profiles of
individual ARG subtypes (rows in the heat map) could be classified into three distinct patterns:
(A) These ARG subtypes are prevalent with high relative abundance in the majority of forest
soils and tended to be less abundant in subtropical and tropical forest; (B) Compared to
pattern A, these ARGs are less abundant in forest soils, and tend to be decreased in
subtropical and tropical forests; (C) These ARG subtypes are in low abundance or below the

detection limit in most forest soils.

Among the 160 ARGs and 9 MGEs detected, 32 ARGs and 2 MGEs were found in
more than 98% of the forest soil samples (Table S4). These ubiquitous genes contained 1
aminoglycoside resistance gene, 9 -lactam resistance genes, 4 macrolide-lincosamide-
streptogramin B (MLSB) resistance genes, 5 tetracycline resistance genes, 5 vancomycin
resistance genes, and 8 multidrug resistance genes. Some widely-distributed ARG and MGE
subtypes included in#/1, aacC, mexF, blaSFO, cphA-01, fox5, mphA-01, oleC, tetR-02, vanC-

03, acrA-05, oprD, and oprl genes. The mexF gene (multidrug resistance) was the most
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abundant resistance gene, up to 20.2% as abundant as the 16S rRNA gene. The int// gene was
the most abundant MGE, ranging from 0.02-14.4%.

Soil bacterial, herb and tree communities

Bacterial communities were determined by targeting the 16S rRNA gene on the Miseq
platform, which yielded a total of 15,421,630 high-quality sequences from the 300 soils, with
an average of 51,405 sequences per sample. These sequences could be clustered to 40,399
OTUs at 97% sequence identity, with the number of OTUs per sample ranging from 918 to
7110. Bacterial communities were dominated by Proteobacteria, Acidobacteria,
Actionobacteria, Verrucomicrobia, Planctomycetes, and Chloroflexi at the phylum level (Fig.

S3a).

Herb communities were comprised of three major phyla Magnoliophyta, Pteridophyta,
and Lycopodiophyta, and their relative abundance highly varied across forest biomes, with
Pteridophyta predominant in subtropical forest and Lycopodiophyta found only in tropical
forest (Fig. S3b). Tree communities showed substantial differences across forest biomes (Fig.
S3c¢). For example, the Ericales and Fabales families belonging to the Angiospermae phylum
were only found in subtropical and tropical forests, while the Rosales family was more

dominant in boreal and temperate mixed coniferous forests.

Soil bacterial diversity was calculated for each sample using the numbers of OTUs at 97%
sequence similarity. The changes in the diversity of bacteria and herbs across forest biomes
were very similar, with the lowest level of diversity recorded in subtropical forest (Figs. S3d
and S3e), which mimicked the diversity patterns of ARGs (Fig. 1b). Tree diversity
significantly increased from boreal forest (2.08 = 1.07) to tropical forest (34.0 + 12.2) (Fig.

S31£).

Relationships between ARGs with MGEs, plants, bacteria, and environmental factors

Regression analysis was conducted to explore the relationships between the diversity of
ARGs with the diversity of MGEs, bacteria and plants, soil properties and climatic factors.
The ARGs diversity had strongly positive linear relationships with the diversity of bacteria
(Fig. 3a), herbs (Fig. 3b), and MGE:s (Fig. 3c) (all P <0.001). Soil pH was the most important
edaphic factor that was significantly correlated with the ARGs diversity, with the highest
diversity predicted around pH 7 (Fig. 3d). The relationships between the ARGs diversity with

tree diversity, spatial factors, soil properties, and climatic factors were not significant, and
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only the correlations with annual mean precipitation (AMP) and available potassium were

statistically significant (Fig. S4).

Mantel tests were further performed to examine the correlations between the ARGs
composition with the compositions of MGEs, bacteria and plants as well as environmental
factors (Table S5). Similarly, we found that MGEs, bacteria, herbs, and soil pH were the most
important factors that had significantly positive correlations with the ARGs composition. Soil
properties including soil organic carbon (SOC), total nitrogen (TN), and moisture content,
climatic factors including annual mean temperature (AMT) and AMP, and spatial factor
including latitude were also drivers that may significantly influence the patterns of ARGs in
forests. This result was further supported by the CCA test which revealed that soil pH, AMT,
AMP, latitude, and moisture content were important drivers shaping the ARGs patterns (Fig.
S5).

Co-occurrence patterns of ARGs, MGEs, bacteria, and herbs

The links between ARGs, MGEs, and bacterial and herb communities were further
explored using the local similarity analyses, which were visualized as association networks
based on strong (o> 0.8) and significant (P < 0.05) correlations. Significant co-occurring
correlations were observed in the ARGs-MGEs-bacteria-herb networks, suggesting their
strong interactions in forests (Fig. 4a). Interestingly, the int/1 and intl genes (belonging to
MGES) had the most intensive connections with ARGs (Fig. 4a), which can potentially confer
resistance to multiple classes of antibiotics (Fig. 4b). The co-occurrence pattern between
ARGsand MGEs was further assessed in a network including only ARG/MGE subtypes (Fig.
S6): The entire ARGs-MGEs network was clearly separated into four clusters, with the
Module III composed of the in#/] and intl genes that had positive relationships with all the
major classes of ARGs (Fig. S6). The Gleicheniaceae, Poaceae, Zingberaceae, Cyperaceae,
Apiaceae, and Woodsiaceae families were the key herb taxa that had significant correlations

with bacteria and ARGs (Fig. 4).

The blaSFO (B-lactam resistance), cmlA1-02 (FCA resistance), oleC (MLSB resistance),
and emrD (sulfonamide resistance) genes were highly connected with a variety of bacterial
taxa (Fig. 4a), which were mainly affiliated with Actinobacteria, Proteobacteria, Chloroflexi,
Acidobacteria (Fig. S7), implying that these bacterial phyla are possible ARG hosts. Single
bacterial taxa significantly correlated with multiple ARG subtypes, suggestive of a bacterial

host to harbour multiple ARGs (Fig. S7). Procrustes analysis further demonstrated significant
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| correlations between the bacterial community compositions and the ARGs contents with

highly significant goodness-of-fit measures (Fig. 2c).
Structural equation modelling accounting for multiple drivers

| We used Random Forest modelling to identify the major factors predicting the ARGs
diversity, and structural equation model (SEM) to test whether the relationships between the
diversity of plants, bacteria and ARGs is maintained when accounting for multiple drivers
simultaneously. Random Forest analysis indicated that microbial diversity was more
important than other environmental factors in predicting the ARGs patterns (Fig. S8). Plant
diversity (including tree and herb diversity) was as important as most environmental drivers.

Based on the known relationships among the drivers of ARG patterns, We-we constructed an

a priorimodel (Fig. S9) to determine the direct and indirect effects of soil properties

(including soil pH), climatic conditions (including AMT), biome types, the diversity of
bacteria, trees and herbs, and MGEs, on ARG patterns{Eig—S9). Our final SEM explained 67%
of thevariance in the ARGs diversity across forest biomes (Fig. 5a). Consistent with the
correlation analyses (Fig. 3), microbial diversity and herb diversity showed positive effects on
the ARGs diversity even after accounting for the simultaneous direct and indirect effects of

multiple variables (Fig. 5b). No significant and direct effects of plant diversity on ARG

patterns were found, but Hherb diversity had indirect effects on ARGs patterns through its

positive impacts on microbial diversity (Fig. 5a). Microbial diversity exerted direct positive

effects on ARGs patterns, and also indirectly affected ARGs through its positive effects on

MGE:s (Fig. 5a). Not surprisingly, biome types, climate, spatial factors and edaphic factors
showed strong direct and indirect effects on ARGs as indicated by the standardized total
effects from SEM (Fig. 5b), assuming that these factors have been identified to be critical in
shaping the distribution pattern of soil microbes. Collectively, these results demonstrate that
microbial and herb diversity play critical roles in shaping the ARGs patterns, which are also

directly and indirectly affected by other drivers in forests.
Discussion
Ubiquitous ARGs in forest biomes

A key finding of this study is that more than 160 ARGs-subtypes (encoding resistance to
eight major classes of antibiotics) were detected from the 300 forest soils with minimal
anthropogenic disturbance. In line with previous screening of ARGs in polluted estuaries

(Zhu et al., 2017), urban environments (Xiang et al., 2018), agricultural soils (Hu et al.,
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2016a, 2016b; Chen et al., 2017) and Chinese swine farms (Zhu et al., 2013), genes
conferring resistance to multidrug, B-lactam, aminoglycoside, MLSB, tetracycline, and
vancomycin were the most dominant ARG types in these forest soils. Our findings contribute
to the growing body of evidence that ARGs are widespread in relatively pristine habitats with
less contact with commercial sources of antibiotics (Chen et al., 2013; Segawa et al., 2013;
Pawlowski et al., 2016), and highlight that the natural forest ecosystem is a significant
reservoir of ARGs and needs to be considered in the risk assessment frameworks of antibiotic
resistance. Comparison of the background ARG profiles between the forest ecosystems and
some-human-impacted soils by using the same HT-qPCR array suggested that the diversity
and relative abundance of ARGs in copper-contaminated soils (Hu ez al., 2016b), nickel-
contaminated soils (Hu ef al., 2017), animal manure-amended soils (Zhang ef al., 2017), and
antibiotics-treated soils (Zhang et al., 2017) are significantly higher than those in forest
biomes (Fig. S10). Given that forests are significantly threatened by new anthropogenic
pressures such as urbanization, intensive management practices, and land-use conversion to
farmland<(Gauthieretaf52015), it is assumed that these pre-existing ARGs might emerge
with clinical importance in future if they are transferred to a human pathogen (Martinez et al.,

2015).

The widespread occurrence of ARGs in natural forests might be attributed to the
inherent presence of antibiotics in soil (Wright, 2010; Nesme et al., 2014), though it is very
difficult to measure the natural concentrations of antibiotics (Allen ef al., 2010). Most of
currently known antibiotics are small molecules produced by certain microorganisms in
natural settings (D’Costa et al., 2006). Bacteria can use these antibiotics as weapons (at high
concentrations) to compete for limited resources (D’Costa et al., 2006) or as signalling
molecules (at low concentrations) to communicate with other microbes (Martinez, 2008).
Furthermore, forest soil contains some toxic aromatic compounds derived from degradation
processes or specialized antibiotics from plant exudates (Alonso et al., 2001; Yergeau et al.,
2014), which may also contribute to the development of antibiotic resistance. Apart from the
long-term residence of indigenous ARGs, other unknown selection pressures (i.e.
anthropogenic seleetion-pressuresdisturbance) can also contribute to the level of ARGs in
forests. Although the 300 soil samples in this study were collected in regions that are distant
from human industrialized activities and supposedly devoid of anthropogenic disturbance, we

cannot.completely exclude the possible mechanism of atmospheric deposition of ARGs-
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bearing microbes that originate from ARGs-rich environments, and the long-distance

transport of ARGs by birds and animals (Wang et al., 2016a).

Some ARG subtypes were ubiquitously detected across the five forest ecosystems, such
as aacC, mexF, blaSFO, cphA, fox5, mphA-01, oleC, tetR-02, vanC-03, acrA-05, oprD, and
oprl genes, indicating that natural forest soils are a common reservoir for these genes. The
mexF gene (multidroe resistanee)-was the most abundant resistance gene, perhaps driven by
multiple antibiotic and toxic compounds in forests. The mexF gene has been reported in
various environments, such as soils, sediments, rivers; and drinking water (De Souza ef al.,
2006). The cphA gene (B-lactam resistance) has been found to be intrinsic in environmental
isolates of A. jandaei and Aeromonas hydrophila (Balsalobre et al., 2009). The mexF and
oprD'multidrug resistance genes were proposed to naturally occur in water (Stedtfeld ez al.,
2016): The vanC gene can encode resistance to vancomycin, which is considered as one of the
last-resort defence against organisms like Streptococcus pneumonia and Enterococcus
(Gilmore and Hoch, 1999), and this gene is ancient in natural environments (D’Costa ef al.,
2011). These findings suggest that natural forests are sharing many ARGs within and across
biomes, with a possibility of gene flow and exchange among different ecosystems. Therefore,
we argue that increasing attention should be paid to the importance of natural resistome and

its potential transmission routes to human commensals and pathogens.

Although the HT-qPCR array used in this study can simultaneously profile 285 ARGs
and 10 MGEs of interest in a high-throughput manner (Looft et al., 2012; Su et al., 2015), the
need for pre-selected primer sets limits its use to known genes or to genes with high

hemelogynucleotide similarity to known ones (Karkman et al., 2018). For example, the

relative dominance of the ARG classes or resistance mechanisms detected using the HT-
gqPCR technique mostly relies on the representation of primer sets on the array. Metagenomics,
especially deep sequencing, is not restricted to prior knowledge of few selected genes, and is
able to capture the whole resistome in the environment (Li et al., 2015). However, the
annotation of ARGs is still dependent on sets of known verified genes in ARG databases
(Gibson et al., 2015). Functional metagenomics can overcome the limitations of HT-qPCR
and metagenomic sequencing in detecting mostly known ARGs, but the difficulty in the
cloningand expression of environmental DNA in a laboratory host is the main disadvantage
of this technique (Karkman ez al., 2018). Despite the intrinsic limitations of these
methodologies, a combination of HT-qPCR, metagenomics and functional metagenomics is

still powerful in the determination of antibiotic resistance in all its dimensions.
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Potential for horizontal gene transfer of ARGs in forest soils

The abundant and diverse ARGs detected in forest soils, together with abundant MGEs,
offer a likelihood for ARGs being horizontally transferred to other bacteria and pathogens.
Firstly, the class 1 integron-integrase gene int// and the transposon-transposase gene tnpA
were detected in every forest soil sample. Class 1 integrons are widely distributed in over 70%
of Gram-negative bacteria of clinical importance (Stalder et al., 2012), and have been
repeatedly reported to be an important proxy for acquisition and dissemination of ARGs in the
environments (Gillings ef al., 2015). Integrons have a site recombination system which could
capture and express gene cassettes, and they are often located on plasmids and transposons
which further facilitate their mobility potential (Heuer ef al., 2012). Secondly, the HT-qPCR
detected two integrase genes and seven transposase genes, with their total diversity and
relative abundances positively correlated with those of ARGs. In particular, the relative
abundances of int/, intl] and tnpA-02 genes had significantly positive relationships with the
relative abundances of all individual classes of ARGs (Table S3), and the compositions of
ARGs-and MGEs were also closely correlated as revealed by the Mantel test. These results
suggested that there is a potential risk of HGT mediated by MGEs for ARGs in forest soils.
However, it was found that the diversity of both ARGs and MGEs was significantly
correlated with the diversity of bacteria, which means that the significantly positive
relationships observed between ARGs and MGEs might be indirect and would not necessarily

lead to high HGT potential.

Of particular interest, we found that the int/] and int/ genes had the most intensive
connections with ARG subtypes (Fig. 4a), and co-occurred with multiple ARGs conferring
resistance to all the major classes of antibiotics (Fig. S6). Some of these ARG subtypes have
been reported to be located within integron gene cassettes, such as the aac and aad families of
ARGs (Zhu et al., 2017). Indeed, the aac(6°)-Ib, aadAS5, and aadA9 genes in the same cluster
with the in#/1 and intl genes are known components of integron gene cassettes (Partridge et
al-;2009). The co-occurring ARGs and MGEs suggest that these ARGs might be genetically
linked together in integrons, transposons and microbial genomes conferring resistance to
multiple antibiotics, and likely subject to a synchronous dispersal-during HGF. However, it
should be noted that although there are strong correlations between the diversity, abundance
and compositions of ARGs and MGEs, it remains unknown whether HGT is actually

happening in forest ecosystems and would disperse environmental ARGs.

12
Wiley-Blackwell and Society for Applied Microbiology
This article is protected by copyright. All rights reserved.



Despite of the genetic potential of HGT, the actual frequencies of HGT for soil ARGs
are also influenced by a range of abiotic factors (e.g. soil pH, moisture content, temperature,
and oxygen levels) and biotic factors (e.g. commensal, antagonistic and mutualistic
relationships between soil organisms) in the environment (Aminov, 2011). It remains largely
unknown regarding the frequency of HGT in natural settings with relatively lower selection
pressure compared with contaminated environments or agricultural soils (Johnson et al., 2016;
Hu etal., 2017). In fact, it is assumed that the rate of HGT is very low in natural soils, where
ARGs. content and phylogenetic compositions are strongly associated (Forsberg et al., 2014)
suggesting that HGT is not frequent to effectively decouple resistomes from phylogeny. The
strong correlation between the ARG content and the bacterial community composition was
also.observed (Fig. 5 and Table S5), suggestive of a low rate of HGT in forests. However,
ARGs are not linked to the phylogenetic composition in animal agriculture (Johnson et al.,
2016) and heavy metal-contaminated soils (Hu ef al., 2017), indicating that genetic potential

for HGT might be enhanced when natural soils are subjected to anthropogenic activities.
Bacterial and herb communities as important determinants of ARGs in forests

The diverse and abundance ARGs detected in natural forests prompted us to identify the
major factors shaping their distribution patterns, enabling prediction of the emergence and
evolution of natural soil resistome in future. By compiling all the data together, our SEM
demonstrated that the positive direct effects of bacterial communities and the positive indirect
effects of herbaceous plants on ARG patterns were maintained even when simultaneously
accounting for multiple drivers (climate, spatial predictors and edaphic factors). All these
findings led to the conclusion that bacterial and herb communities are important predictors of

ARG contents in natural forest biomes.

Previous studies have reported that the microbial phylogenetic and taxonomic structure
is an important determinant of ARG compositions (Forsberg et al., 2014; Hu et al., 2016b;
Wang et al., 2016a), because soil microbes are not only the major sources of antibiotic
compounds or their derivatives (Allen ef al., 2010; Wright and Poinar, 2012) but are also
hosts to many ARGs. For example, Actinobacteria are well-known groups of bacteria
producing antibiotics; Proteobacteria and Actinobacteria are among the most prevalent
predicted hosts of multi-resistant ARGs in metagenomics studies of soils (D’Costa et al.,
2006; Forsberg et al., 2014), which is supported by the network analysis in our study (Fig. S7).

The strong impact of microbial community structure on ARG contents might be also
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attributed to low rate of HGT which have not decoupled ARG contents and bacterial
phylogeny.

Interestingly, we found that the herb community can indirectly affect ARG contents via
its positive impacts on the microbial diversity (Fig. 5a), which might be due to the long-
evolved intimate relationships between plants and microbes (Bai et al., 2015). Although
plants can exude specialized antibiotic compounds, which can lead to shifts of ARG contents
(Yergeau et al., 2014), we did not observe direct impacts of plant communities (including
trees and herbs) on ARG contents in this study. Because our sampling strategy had tried to
collect bulk soils between trees, the selective pressure imposed by the plant exudation of
antimicrobials in the plant rhizosphere might have been overlooked. Although trees are the
dominant primary producers responsible for >90% of the forest primary production and
provide the majority of soil organic materials through root exudates and litters (Baldrian,
2017);understory herbs, rather than trees, were found to be a more important determinant of
ARG patterns. Previous studies have also shown that herbs, rather than trees, are better
predictors of soil prokaryotic diversity in forest ecosystems (Wang et al., 2016b) and in
grasslands (Prober ef al., 2015). The possible explanation might be that soil microbes in the
topsoil are in more contact with herbs, because of the spatial separation between the roots of
herbsrand trees (Scholes and Archer, 1997); and herb residues are more easily decomposed by
free-living soil microorganisms, compared to tree residues and litter (Hattenschwiler et al.,
2005). The impacts of herbaceous plants on the diversity and structure of soil microbial

communities will ultimately have consequences on the soil ARG profiles.

Despite of the significant impacts of bacterial and herb communities on ARG contents,
a range of other drivers including climate (AMT, annual mean temperature; MTCM, mean
temperature of coldest month; and PDM, precipitation of driest month), edaphic factors
(mainly soil pH) and geographic locations are also found to influence antibiotic resistome in
natural forests (Fig. 5). Soil pH and climate have been recognized as the main driver of soil
microbial diversity patterns across different ecosystems (Fierer and Jackson, 2006), implying
that the factors driving the distribution of bacteria could underlie the diversity and distribution
of ARGs. In addition, soil fungi are also important microbial communities in various forest
ecosystems (Baldrian, 2017), and can produce antibiotics and compete with other soil
microorganisms for space and nutrients (Chen et al., 2013). Therefore, we argue that global
environmental changes such as climate warming, extreme weather events, nitrogen deposition

that have strong impacts on the plant, bacterial and fungal communities will also have
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consequences on soil resistome. Characterizing relationships between ARGs, bacteria, fungi,
and plants in various ecosystems across broad environmental gradients will be critical to

predicting the patterns of environmental resistome in a changing world.
Conclusions

To our knowledge, this is the first large-scale profiling of a broad spectrum of ARGs in
natural forest biomes, providing an overview of how the interactions of aboveground plants
and belowground microbes as well as soil properties and climate shape the distribution
patterns of antibiotic resistance. Our results suggest that natural forest soils are a significant
source of ARGs, and their large-scale distribution is regulated by the diversity of bacteria and
herbaceous plants even when simultaneously accounting for multiple environmental drivers.
These findings contribute to a growing understanding of the magnitude of environmental
ARGs, and have important implications for future prediction of the evolution, dissemination
and persistence of antibiotic resistance over broad spatial scales. Given the transmission
potential of environmental ARGs to human commensals and pathogens, an improved
knowledge of the factors maintaining environmental resistome will help the development of
beth-the riskassessmentand-effective mitigation options to minimise the spread of antibiotic

resistance.
Experimental procedures
Plant inventory and soil sampling campaign

We carried out a large-scale investigation in 2012 across a latitudinal gradient ranging
from N18°15' to N53°18' over 4000 km in China (Fig. 1a). The selected sampling sites span
over five major forest biomes from north to south: boreal forest, temperature mixed
coniferous forest, temperate deciduous forest, subtropical (evergreen broadleaf) forest, and
tropical (rainforest) forest. The sampling sites were selected from National Nature Reserves
that are distant from anthropogenic disturbance. Our sampling strategy provides a wide
variation in soil properties with soil pH from 4.03 to 8.57, total nitrogen (TN) from 0.05 to
1.16%,-and soil organic carbon (SOC) from 0.39 to 19.21%. The mean annual temperature
(MAT) ranges from -5.6°C to 25.9°C and the mean annual precipitation (MAP) varies from
452 to 2085 mm. The detailed information about the sampling sites and climate is shown in

Table S1.

We established 60 independent large quadrats (20 x 20 m?) in each forest biome,

resulting in a total of 300 quadrats for the five forest biomes. Within each quadrat, we
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recorded all trees with diameter at breast height >2.5 cm and classified them into the species
level. Three small plots (1 x 1 m?) were randomly established within each quadrat for the
census of herbaceous plants (Fig. 1a). Taxonomic classification of trees and herbs was
performed based on the Angiosperm Phylogeny Group III System (Chase and Reveal, 2009).
Soil samples were collected from each quadrat by thoroughly mixing 15 random soil cores (5
cm in diameter and 10 cm in depth), sieved through 1.0 mm mesh and pooled into a

composite sample for each quadrat. A total of 300 soil samples were sealed in plastic bags

and shipped on ice to the laboratory. A portion of soils was used for physicochemical analysis,

and another portion was freeze-dried and stored at -80°C until DNA extraction.
Soil physicochemical characterization

Seil moisture content was measured by oven-drying fresh soil samples at 105°C. Soil
pH was determined in soil suspension with a soil to water ratio of 2.5 using a Delta 320 pH-
meter (Mettler-Toledo Instruments, Columbus, OH, USA). TN was measured on a Vario EL
HI Element Analyser (Elementar, Hanau, Germany). SOC was determined on the Element
Analyser (Elementar) after treatment with H,SO4 to remove carbonate. Soil inorganic
nitrogen (including NH; -N and NO;™-N) was extracted from soils with 1 M KCI and
measured using a SAN++ Continuous Flow Analyser (Skalar, Breda, Netherlands). Soil
available phosphorous (AP) was extracted from soils by 0.5 M NaHCOj solution and
measured on the Continuous Flow Analyser (Skalar). Soil available potassium (AK) was
determined using Inductively Coupled Plasma-Optical Emission Spectroscopy (ICP-OES,
Vista axial, Varian). Soil particle size was determined using a Laser Particle Size Analyser

(Malvern Instruments, Malvern, UK).
DNA extraction and HT-qPCR analysis

The MoBio PowerSoil DNA Isolation Kit (MoBio Laboratories, Carlsbad, CA, USA)
was. used to extract soil DNA from 0.25 g of soil as per the manufacturer’s recommendations.
DNA quality was evaluated using IMPI EN P-330 NanoPhotometer UV/VIS
spectrophotometer (IMPLEN, Munich, Germany). A HT-qPCR array was performed to
determine the diversity and abundance of ARGs on the Wafergen SmartChip Real-Time PCR
System (Fremont, CA, USA) as described previously (Zhu et al., 2013; Su et al., 2015). The
Wafergen system is a high-throughput platform with the capability to run 5184 reactions each
with a volume of 100 nl using the SensiMix SYBR No-ROX reagent (Bioline, London, UK).
The HT-qPCR array contained a total of 296 primer sets (Looft et al., 2012; Su et al., 2015),
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including 285 primer sets targeting eight major classes of ARGs, 10 primer sets targeting
MGEs, and one 16S rRNA gene as the internal control (Table S2). The specificity of all
primers was verified through amplicon sequencing, BLAST search and amplification

efficiency check (Looft et al., 2012; Johnson et al., 2016).

Thermal-cycling conditions were as follows: 95°C for 10 min, followed by 40 cycles of
95°Cfor 30 s and 60°C for 30 s. All HT-qPCR reactions were performed in three technical
replicates. ARGs or MGEs were regarded as positive detection according to the following
criteria: (i) a threshold cycle value (Cr) of 31 was used as the detection limit to differentiate
between positive amplification and primer-dimers (Su et al., 2015); (ii) samples with three
technical replicates all above the detection limit were regarded as positive quantification; (iii)
amplicons with multiple melting curves were removed from the analysis; and (iv) reactions
withefficiency beyond the range 1.7-2.3 and R’ values below 0.99 were discarded. The 27"
method where ACt = (Cr getected ARGs — CT 168 rRNA gene) Was used to calculate the relative

abundances of ARGs and MGEs compared to the 16S rRNA gene abundance based on a
comparative Ct method (Schmittgen and Livak, 2008).

Hlumina Miseq sequencing and data processing

The V4-V5 region of the bacterial 16S rRNA gene was amplified using the primer set
515F/806R (Bates et al., 2011) linked with the Illumina adaptor and a 12-bp barcode
sequence. PCR amplification was performed in 50 pl mixtures containing 25 pl Premix Taq
(TaKaRa, Dalian, China), 1 pl each primer (10 uM), and 3 pl template DNA (~10 ng). The
barcoded PCR products were purified using Wizard SV Gel and PCR Clean-up System
(Promega, Madison, WI, USA), quantified, pooled into one mixture, and sequenced using 2x
150-bp paired-end strategy on an Illumina MiSeq sequencer. Raw and paired-end sequences
were quality filtered, assembled using the Fast Length Adjustment of Short Reads (FLASH)
(Magoe¢ and Salzberg, 2011), de-multiplexed, and assigned to individual samples using
Quantitative Insights Into Microbial Ecology (QIIME) analysis (Caporaso et al., 2010).
Assembled sequences were binned into operational taxonomic units (OTUs) at the 97%
sequence identity using a chimera filtering approach UPARSE (Edgar, 2013). An even
number of sequences per sample (45,070 reads) was randomly selected from each sample to
compensate for variability in sequencing depth before the downstream analysis. Taxonomic
identity was assigned to OTUs using the naive Bayesian classifier Ribosome Database Project
(Wang et al., 2007). The assembled bacterial 16S rRNA gene sequences have been deposited

in the European Nucleotide Archive under the accession number PRIEB11871.
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Local similarity analysis and network construction

Network analysis has been widely used to explore the underlying interaction/association
among microbial taxa, to predict the host of ARGs in complex microbial communities (Hu et
al., 2016b; Zhu et al., 2017). The Local Similarity (LS) correlations (ranked Pearson’s
correlations) among bacteria, herbs and ARGs were determined by the LS analysis (eLSA)
(Chow et al., 2014). A correlation matrix was constructed by calculating the pairwise
correlation coefficients among ARG subtypes and bacterial and herb taxa at the family level
which occur in > 50% of all the samples. This filtering step eliminated those poorly
represented ARGs and bacterial and herb taxa to minimize the artificial association bias. We
calculated P-values of the LS correlations using statistical approximation followed by
permutation testing (Xia et al., 2013) following the protocol as previously described (Chow et
al52014). We imported the resultant LS correlations into Cytoscape (version 2.8.3) (Shannon

et-al52003) phag-in-CoNet-{verston+-)-for initial visualization, and explored the network
topology using-the-Cirenlaralgorithms-in the Gephi platform (Bastian et al., 2009).

Statistical analysis

We calculated the tree diversity by counting the number of tree species in 400 m?
quadrats, and the herb diversity by counting the number of herb species in 1 m’ plots. Soil
bacterial diversity was calculated for each sample using the number of OTUs at the 97%
sequence similarity with a depth of 45,070 sequences per sample. One-way analysis of
variance (ANOVA) was performed to test the difference in the diversity of ARGs, MGEs,
trees; herbs, and bacteria, as well as the relative abundances of ARGs and MGEs across forest
biomes in SPSS 20. Spearman’s correlation analysis was conducted to test the relationships
between the relative abundances of total MGEs with total ARGs and individual ARG types.
The data were normalized using log-transformation when necessary prior to statistical

analysis.

We conducted regression analysis to test the relationships between the diversity of
ARGs with that of MGEs, bacteria, trees, and herbs as well as soil properties and climatic
factors using the “ggplot2” package in the R platform (R Development Core Team, 2008).
The curve fitting was estimated with linear and nonlinear models (e.g., quadratic and cubic
models), and the best models were selected with the highest proportion of variance in the
diversity of ARGs that can be explained by the independent variables. A heat map

visualization of the relative abundances of individual ARG subtypes was generated using the
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“gplots” package in the R platform (version 3.3.1). The changes in ARG compositions across
forest biomes were visualized by non-metric multidimensional scaling (NMDS) ordinations
based on the Bray-Curtis dissimilarity distances, and statistically evaluated by permutational
multivariate analysis of variance (PerMANOVA) using the “vegan” package with 999
permutations in R. Procrustes test for correlation analysis between ARGs and bacterial
communities based on Bray-Curtis dissimilarity matrices was performed using “vegan” in R.
Mantel test was performed to test the correlations between soil properties, MGEs, the
community composition of trees and herbs with ARGs content with the Bray-Curtis method
in “vegan” with 999 permutations. Canonical correspondence analysis (CCA) between ARG
contents and environmental parameters was also performed in R using “cca” function from

the “vegan” package. The threshold for significance was P < 0.05.
Random Forest analysis and Structural equation modelling

A classification Random Forest analysis was conducted to identify the most important
predictors influencing the ARGs content among the following variables: climatic factors,
spatial factors, soil properties, herb diversity, and bacterial diversity. The importance of each
predictor was determined by assessing the increase in the mean square error (MSE) between
observations and out-of-bag predictions as described previously (Delgado-Baquerizo et al.,
2016). The significance of the importance of each predictor on ARG patterns was assessed

using the “rfPermute” package in R.

We constructed structural equation model (SEM) to determine the direct and indirect
effects-of soil properties (including soil pH), climatic conditions (including AMT), the
diversity of bacteria, trees and herbs, and MGEs, on ARG patterns. SEM can partition direct
and indirect effects that one variable might have on another, estimate the strengths of multiple
effects, and ultimately provide mechanistic information on the drivers of ARGs pattern
(Grace, 2006). We only included those variables that were identified as statistically significant
predictors of the ARG patterns from the Random Forest analysis. The data used for the model
construction were classified into several groups, including climate, spatial factors, soil

propertties, plant diversity, MGEs diversity, and ARGs diversity.

We established an a priori model based on the known relationships among the drivers
of ARG patterns (Fig. S9). Mantel test was performed to calculate the pairwise correlations
among these variables using the “Ecodist” package in R, and the matrix of resultant R values

was parameterized into the AMOS 22 software for the SEM construction using the maximum-
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likelihood estimation method. Foe the mediation testing, Wwe used a 1000-time bootstrap to

control the false discovery rate (FDR) and set the confidence intervals at 95% for the

significance assessment. The overall goodness of model fit was assessed using Akaike
information criteria (AIC), goodness-of-fit index (> 0.90), X2 test (P > 0.05), and root mean
square errors of approximation (RMSEA < 0.05). We also calculated the standardized total
effects of each factor on ARG patterns by summing all direct and indirect pathways between

the factor and ARGs.
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Figure legends

Figure 1 A schematic diagram showing the census of trees and herbs and soil sampling across
five forest biomes over a span of 4000 km (a). The dots with different colours represent soil
sampling sites for different forest biomes. We established 60 independent large quadrats (20 x
20 m”) in each forest biome, and in each quadrat, all trees with diameter at breast height >2.5
em were recorded. Three small plots (1 x 1 m?) were randomly established within each 400-
m’ quadrat for the census of herbaceous plants. Soil samples were collected from each

quadrat by thoroughly mixing 15 random soil cores, resulting in a total of 300 soil samples.
Comparison of the diversity and relative of ARGs (b, d) and MGEs (¢, €) across forest biomes.
Line, average diversity or relative abundance; box, 25" and 75™ percentiles; and error bars,

10™and 90" percentiles. Different letters above the boxes indicate a significant difference.

Figure 2 The heat map showing the broad-spectrum quantitative profile of ARGs and MGEs
subtypes detected in five forest biomes (a). Soil samples were shown as columns and
ARGs/MGEs shown as rows. The dendrograms for columns and rows were calculated based
on the Bray-Curtis dissimilarity matrices. Non-metric multidimensional scaling ordination
plot depicts the Bray-Curtis dissimilarity distances between soils based on the relative
abundance of ARGs across forest biomes (b). The 2D stress value is 0.14, which indicated
that the two-dimensional ordinations could well represent the data. Procrustes analyses depict
significant correlations between ARG contents (Bray-Curtis) and bacterial composition
(Bray-Curtis) (c). Lines connect ARG data and 16S rRNA gene sequence data. The M fit
reported is from a Procrustes transformation over the first two principal coordinates while the
P-value is calculated from a distribution of empirically determined M values over 10,000
Monte Carlo label permutations. (Abbreviations: FCA: fluoroquinolone, quinolone,
florfenicol, chloramphenicol and amphenicol resistance genes; MLSB: Macrolide-

Lincosamide-Streptogramin B resistance genes.)

Figure 3 Relationships between the diversity of ARGs with the bacterial diversity (a), herb
diversity (b), MGEs diversity (c), and soil pH (d). Line in each plot represents the best-fit

curve and the shaded area represents its 95% confidence limits.

Figure 4 The networks showing the co-occurrence patterns among the detected ARG
subtypes, MGEs, bacteria, and herbs across forest biomes. (a) The nodes coded with different
colors represent ARGs, MGEs, bacteria and herbs; (b) The nodes coded with different colors

represent different categories of ARGs, and the nodes for MGEs, bacteria and herbs are
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shown in grey colour. The edges connecting nodes correspond to statistically significant
correlations between nodes. Node size is proportional to the number of connections between

nodes (degree). The thickness of the edges is proportional to the correlation coefficient.

Figure 5 Structural equation modelling of the direct and indirect effects of molecular
attributes (bacterial diversity), plant attributes (tree and herb diversity), soil properties,
climatic conditions, biome types, and MGEs on the diversity of ARGs (a). The hypothetical
models fit our data well, as suggested by the goodness-of-fit statistics: x* = 33.0, P=0.11,
dio.f=24, GF1=0.98, AIC = 167.0, and RMSEA = 0.035. Arrows indicate the hypothesized
direction of causation. The width of arrows is proportional to the strength of the path
coefficients. The numbers adjacent to arrows are standardized path coefficients and indicative
of'the effect size of the relationship. The R’ value alongside the response variable indicates
the.proportion of variance explained by the variable. Only significant path coefficients are
displayed. *P < 0.05, **P < 0.01, ***P < 0.001. (b) Standardized total effects (the sum of
direct plus indirect effects from SEM) of the major factors on the diversity of ARGs. (AMT,
annualimean temperature; PDM, Precipitation of driest month; MTCM, Mean temperature of

coldest month)
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