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Summary

Contaminants such as heavy metals may contribute to
the dissemination of antimicrobial resistance (AMR)
by enriching resistance gene determinants via co-se-
lection mechanisms. In the present study, a survey
was performed on soils collected from four areas at
the Savannah River Site (SRS), South Carolina, USA,
with varying contaminant profiles: relatively pristine
(Upper Three Runs), heavy metals (Ash Basins),
radionuclides (Pond B) and heavy metal and

radionuclides (Tim’s Branch). Using 16S rRNA gene
amplicon sequencing, we explored the structure and
diversity of soil bacterial communities. Sites with lega-
cies of metal and/or radionuclide contamination dis-
played significantly lower bacterial diversity
compared to the reference site. Metagenomic analysis
indicated that multidrug and vancomycin antibiotic
resistance genes (ARGs) and metal resistance genes
(MRGs) including those associated with copper,
arsenic, iron, nickel and zinc were prominent in all
soils including the reference site. However, significant
differences were found in the relative abundance and
diversity of certain ARGs and MRGs in soils with
metal/radionuclide contaminated soils compared to
the reference site. Co-occurrence patterns revealed
significant ARG/MRG subtypes in predominant soil
taxa including Acidobacteriaceae, Bradyrhizobium,
Mycobacterium, Streptomyces, Verrumicrobium, Acti-
nomadura and Solirubacterales. Overall, the study
emphasizes the potential risk of human activities on
the dissemination of AMR in the environment.

Introduction

The prevalence and dissemination of antimicrobial resis-
tance is a serious global public health concern that can-
not be understated. Over the past 20 years, there has
been a substantial increase in the incidence of clinical
bacterial strains that have developed and acquired resis-
tance to b-lactams, quinolones, macrolides and lin-
cosamides, and even to antibiotics of last resort such as
carbapenems (Ventola, 2015; Klein et al., 2018). Accord-
ing to the World Health Organization’s (WHO) 2014
report, the world is at the brink of a post-antibiotic era,
characterized by a significant reduction in the effective-
ness of antibiotics and other antimicrobial agents, in
addition to more frequent antibiotic treatment failures.
Although there have been efforts worldwide aimed at
reducing antibiotic usage, fostering antibiotic stewardship
and monitoring the spread of antimicrobial resistance,
these strategies have had limited success (Andersson
and Hughes, 2010; Pruden et al., 2013). Indeed, the
current body of evidence suggests that the evolution
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and dissemination of antimicrobial resistance is shaped
by a complex array of factors, many of which are inde-
pendent of antibiotic usage (Baker-Austin et al., 2006;
Pal et al., 2015). Previous studies have demonstrated
that heavy metal contamination in the natural environ-
ment can play an important role in the maintenance and
proliferation of antibiotic resistance (Stepanauskas et al.,
2006; Seiler and Berendonk, 2012; Wales and Davies,
2015; Li et al., 2017). This co-selection phenomenon is
the result of antibiotic and metal resistance phenotypes
sharing many overlapping genetic mechanisms includ-
ing: co-resistance (close linkage between multiple differ-
ent resistance genes), cross-resistance (single genetic
elements that regulate both antibiotic and metal resis-
tance genes) and co-regulation (shared regulatory sys-
tem to antibiotic and metal resistance; Baker-Austin
et al., 2006).
Anthropogenic activities (e.g., industry and agriculture)

have greatly contributed to release of large quantities of
heavy metals, impacting both soil and water (Wei and
Yang, 2010; Wuana and Okieimen, 2011; Gonc�alves
et al., 2014; Su et al., 2014). This is particularly concern-
ing given that unlike antibiotics, heavy metals do not
degrade in the environment and can exert long-standing
and widespread co-selection pressure (Baker-Austin
et al., 2006). Moreover, several studies have reported on
the co-selection of antibiotic resistance genes (ARGs)
and metal resistance genes (MRGs) in a variety of con-
taminated environments. These studies have also
demonstrated how such genes can be enriched and dis-
seminated in various animal models, sediment, bodies of
water and even the human gut (Cesare et al., 2016;
Fang et al., 2016; Henriques et al., 2016; Ju et al., 2016;
Zhao et al., 2018). Considering the overarching global
health problem of antibiotic resistance, it is critical to
understand the distribution and diversity of resistance
genes, and their hosts, in the environment.
The Savannah River Site (SRS, 33°000N and 81°41W)

is an approximately 800 km2 former nuclear weapons
production facility situated along the Savannah River in
the upper coastal plain of South Carolina near Aiken, SC
(Fig. 1). The SRS is characterized as having humid, sub-
tropical weather (Garten et al., 2000). Historically, the
SRS served as the Department of Energy (DOE) produc-
tion and refinement facility for nuclear materials. As part
of its mission between the 1950 through 1980s the SRS
operated five nuclear reactors, nine coal-fuelled power
stations, a heavy-water extraction plant, nuclear fuel and
target fabrication areas, waste management facilities,
and additional research and administrative facilities
located across the site landscape (Seaman et al., 2007;
Seiler and Berendonk, 2012; Baker et al., 2019). Over
the years, a combination of routine operations, improper
disposal practices and incidental spills contributed to the

release of organic and inorganic waste into this environ-
ment. Some of the most widespread contaminants
included heavy metals, metalloids and radionuclides
which were stored in massive storage tanks, discharged
to unlined seepage basins or buried in shallow trenches
(Seaman et al., 2007). In 1989, the site was officially
listed on EPA’s National Priorities List (NPL) due to
chemical (solvents), heavy metal (HMs) and radionuclide
contamination of on-site groundwater (Agency for Toxic
Substances and Disease Registry, 2007).
Previous studies on the relationship between heavy

metal contamination and microbial communities at the
SRS have mainly relied on the use of culture-dependent
methods such as microcosms, Biolog EcoPlatesTM plates
or SensitreTM panels to examine co-selection of antibiotic
resistance (Stepanauskas et al., 2006; McArthur et al.,
2016, 2017; Agarwal et al., 2019). In the current study, we
utilized microbiome and metagenomic analyses to exam-
ine soil habitats at the SRS. Specifically, we explored differ-
ences between soil microbial communities in non-
impacted and metal- and radionuclide-impacted sites,
examined the abundance and co-occurrence of ARGs and
MRGs, and unraveled the predominant bacterial hosts
where co-resistance is found.

Results

General characteristics of the soil samples

Soil samples displayed significant differences with respect
to edaphic properties including water content, acidity, total
P content and C:N ratio (Table 1). Soils from Upper Three
Runs were the most acidic, showed the highest ratio of C:
N, the second highest water content and the third most total
P. The Pond B soils were the least acidic, exhibited the
highest water content, and lowest total P, C and N. Soils
from Tim’s Branch had a significantly lower pH compared
to the soils from Pond B and Ash Basins (P < 0.05). Tim’s
Branch soils also exhibited the lowest water content of all
the soils, and second highest total P, C, N. The soils from
Ash Basins exhibited the second highest pH, second low-
est water content, highest total P and third highest C to N
ratio.

Metal concentrations in soils

Heavy metal concentrations in soils from the four sam-
pling sites are provided in Table 1. Pairwise compar-
isons varied depending on the type of heavy metal,
however, generally, metals such as Strontium [Ash
Basins: up to 176.27 mg kg�1 (40.43 � 49.24 mg kg�1),
Tim’s Branch: up to 37.90 mg kg�1 (25.05 � 13.10
mg kg�1)] and Cobalt [Ash Basins: up to 18.17 mg kg�1

(4.53 � 5.10 mg kg�1), Tim’s Branch: up to
12.99 mg kg�1 (5.71 � 3.38 mg kg�1)] were significantly
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higher (P < 0.05) in soil samples from Ash Basins and
Tim’s Branch, compared to Pond B and Upper Three
Runs (Table 1). It should be noted that although we did
not detect significant differences in heavy metal concen-
trations between soils from Pond B and Upper Three
Runs, the vast majority of heavy metal and radionuclide
contamination at the Pond B reservoir are bond to the
pond’s sediments and, thus, may explain the lower val-
ues compared to the reference site (Stephens et al.,
1998; Lord et al., 2002).

Soil archaeal and bacterial communities

After completion of quality filtering steps, denoising and
chimera removal, a dataset of 6 078 406 high-quality

(Q ≥ 20) 16S rRNA gene sequences with an average
read length of 458.2 � 18.6 bp were obtained for the 80
samples for further analyses. Analyses were performed
on rarefied data using an even sampling depth of 15,000
reads per sample. A total of 311 376 OTUs
(16655.36 � 8030.35 OTUs/sample) were identified
spanning three archaeal phyla (15 orders, 17 families)
and 51 bacterial phyla (574 orders and 559 families).
For archaea, the two dominant phyla included Crenar-
chaeota (0.35% � 0.40%) and Euryarchaeota
(0.15% � 0.14%). Within those phyla, we identified two
dominant archaeal classes from the soils, Methanomicro-
bia (0.096% � 0.108%) and Marine benthic group A
(MGBA; 0.037% � 0.048%). In addition, we also identi-
fied a core microbiome consisting of eight bacterial phyla

Fig. 1. Map of the Savannah River Site, South Carolina, USA, depicting the distribution of the reference location (Upper Three Runs – UR) and
contaminated study areas, ash basin (AB), Pond B (PB) and Tim’s Branch (TB) sampled for soil in spring 2014.
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(i.e., Acidobacteria, Actinobacteria, Bacteroidetes, Firmi-
cutes, Planctomycetes, Proteobacteria, TM7, Verrucomicro-
bia, WPS-2) shared among 95% of the sequences analysed
in this study. In terms of relative abundance, the dominant
phyla (sequences with an abundance > 1%) across the four
soil siteswere Proteobacteria (27.24% � 0.02%), Acidobac-
teria (22.00% � 0.04%), Actinobacteria (14.83% � 0.02%),
Planctomycetes (11.65% � 0.01%), Verrucomicrobia
(4.25% � 0.01%), Bacteroidetes (3.00% � 0.01%), Chlo-
roflexi (1.85% � 0.01%), TM7 (1.32% � 0.00%) and Firmi-
cutes (1.02% � 0.01%; Fig. 2). Furthermore, deblurring
revealed that the most abundant shared phylotypes that
could be assigned to a genus/species were Rhodoplanes
(Alphaproteobacteria; 3.20% � 0.01%), Candidatus
solibacter (2.84% � 0.01%; Acidobacteria), Mycobacterium
celatum (1.94% � 0.00%), Pseudomonas (Gammapro-
teobacteria; 1.77% � 3.52%) and Candidatus xiphinemato-
bacter (1.38% � 0.01%).
We detected significant differences in a myriad of soil

taxa between sampling locations using a significance level
of 0.05 (Kruskal–Wallis test using group_significance.py,
Table S1). These included the taxonomic orders Desul-
furomonadales (Proteobacteria), Lactobacillales (Firmi-
cutes), Bacillales (Firmicutes), Coriobacteriales
(Actinobacteria), Ktedonobacteria (Chloroflexi), Acidobac-
teriales (Proteobacteria) and Pseudomonadales (Pro-
teobacteria) among many others (Table S1). We used a
non-parametric test to statistically compare differences in
taxonomic abundance of dominant bacterial orders with
respect to the reference site using a significance level of
0.05. Compared with samples from Upper Three Runs,
soils from Ash Basins displayed significantly higher abun-
dances of several bacterial orders including Acidobacteri-
ales, Solibacterales (Acidobacteria), Chthoniobacterales

(Verrucomicrobia), Solirubrobacterales (Bacteroidetes),
Sphingobacteriales (Bacteroidetes), Bacillales among
others (Table S2). Soils from Pond B had significantly
higher abundances of Solibacterales (Acidobacteria), Cori-
obacteriales, Solirubacterales, FW68 (Armatiomonade-
tes), Sphingobacteriales, Lactobacillales (Table S3). Soils
from Tim’s Branch had significantly higher abundances of
Burkholderiales (Proteobacteria), Saprospirales (Bacteri-
odetes), Bacillales, Solirubacterales, unassigned TM7-1
(TM7), Sphingobacteriales, iii1-15 (Acidobacteria) and
Legionellales (Proteobacteria; Table S4).

Soil environments with elevated heavy metal
contamination display significantly reduced bacterial
species richness

Generally, soil samples from Tim’s Branch and Ash
Basins displayed the lowest alpha diversity, while those
from Pond B and Upper Three Runs had the highest diver-
sity across all alpha diversity metrics (Fig. 3). In addition,
when performing pairwise group comparisons there were
significant differences in Chao1 and Faith’s alpha diversity
indices when comparing the sites either Ash Basins or
Tim’s Branch to Pond B and Upper Three Runs (non-para-
metric test with compare_alpha_diversity.py, P < 0.05).
There were no significant differences in Chao1 or Faith’s
alpha diversity between Pond B compared to Upper Three
Runs, or Tim’s Branch compared to Ash Basins.

Drivers of bacterial community structure

Multivariate analyses based on the Bray–Curtis dis-
tances between 16S rRNA gene profiles for the four
sites revealed that the sampling region had a significant

Table 1. Soil heavy metal concentrations and edaphic properties.

Heavy metal (mg kg�1) or edaphic
factor

Soil concentrations (mean � SD)

Upper three runs (reference
site)
33.37055N 81.62907W

Ash basins
33.19474N
W81.73683 W

Tim’s branch
N33.32664 N
W81.71932 W

Pond B
N33.29394 N
W81.54306 W

Chromium 17.42 � 10.83 25.75 � 22.36 19.28 � 10.63 12.3 � 6.42
Cobalt 2.74 � 1.27 4.55 � 5.1 5.71 � 3.38 1.52 � 0.39
Nickel 6.64 � 4.43 9.75 � 11.64 8.99 � 6.41 5.32 � 3.95
Cupper 7.49 � 5.92 11.65 � 16.18 7.23 � 3.54 4.22 � 2.6
Zinc 22 � 14.37 25.07 � 23.55 20.77 � 10.89 11.64 � 3.44
Arsenic 26.63 � 2.48 27.33 � 4.88 25.99 � 1.59 24.8 � 1.65
Strontium 14.46 � 9.33 40.34 � 49.25 25.05 � 13.1 5.92 � 2.95
Lead 21.48 � 14.75 16.42 � 11.03 18.59 � 9.1 7.74 � 4.88
Uranium 1.61 � 0.88 2.11 � 1.38 6.29 � 13.77 1.03 � 0.31
Phosphorus (mg g�1) 0.01 � 0 0.02 � 0 0.01 � 0 0 � 0
pH 3.98 � 0.03 4.27 � 0.04 4.34 � 0.01 4.38 � 0.03
Moisture (g) 22 � 0 8.33 � 0.58 7 � 0 29.33 � 0.58
Carbon (mg g�1) 12.67 � 0.87 5.8 � 0.36 11.38 � 1.85 3.11 � 0.43
Nitrogen (mg g�1) 0.48 � 0.04 0.31 � 0.02 0.58 � 0.1 0.11 � 0.02
Carbon to Nitrogen Ratio 26.78 � 0.47 18.57 � 0.01 19.68 � 0.52 27.82 � 0.15

ª 2020 The Authors. Microbial Biotechnology published by John Wiley & Sons Ltd and Society for Applied Microbiology., Microbial
Biotechnology, 13, 1179–1200

1182 J. C. Thomas et al.



effect on the observed OTUs between samples (PER-
MANOVA, Pseudo-F = 10.75, P = 0.001; Table S5).
Unconstrained NMDS plots based on a Bray–Curtis dis-
similarity matrix were overlaid with SIMPROF-based clus-
ter analysis data to examine overall similarity between
sites in multi-dimensional space (Fig. 4A). The NMDS
plots displayed that overall the similarity between all soil
groups was approximately 40% with many differences in
within-group variability. Because group differences can
potentially be masked by high variability and high correla-
tion structure among unrelated variables, we also applied
CAP (Anderson and Willis, 2003). The results of the CAP
ordination demonstrated that both the first squared canon-
ical correlation (r1

2 = 0.9549) and second squared
canonical correlation (r1

2 = 0.9301) were large, indicating
that the soil bacterial OTUs correlated strongly with both
canonical axes. Our CAP demonstrated bacterial commu-
nities clustered away from each other using location as
the primary factor (our ‘a priori hypothesis’), with a slight
overlap between samples from Tim’s Branch and Ash
Basins (Fig. 4B). Vectors overlaid on the CAP plot indi-
cated that P, Sr, Co, Ni, Cu, Zn and As, were more influen-
tial in shaping bacterial communities in Tim’s Branch and
Ash Basins soils, while moisture content and pH were

more influential in bacterial communities in Pond B soils.
Lead was influential in shaping bacterial communities in
Upper Three Runs soils.
We were specifically interested in fitting the edaphic

properties (soil pH, moisture content, total P and C:N
ratio) as well as the soil heavy metal concentrations to
the dbRDA ordination. Our DistLM analysis revealed that
pH, C:N ratio, Co, Ni, As, Zn, Sr and Pb explained 40%
(R2 sequential) of the observed total variation in the
composition of the bacterial community in the soils
(Table S6). Using these factors, the primary and sec-
ondary axes of the dbRDA explains 28.5% of the total
variation, and 70.5% of the fitted variation (Fig. 4C). In
general, the longer vectors for soil moisture content and
C:N ratios suggest these variables are strongly corre-
lated with the bacterial community structure at Pond B.
The vectors for moisture content and Zn suggest these
variables are strongly correlated with the community
structure at Upper Three Runs. The soils from Ash
Basins and Tim’s Branch were more strongly correlated
with HMs, especially Sr, however, there were some
exceptions. Cobalt was more influential in community
structure in Tim’s Branch soils, while Zn and Pb were
larger factors in Ash Basin soils.

Fig. 2. Relative abundance at the level of Phylum and corresponding families representing the nine most abundant bacterial/archaeal OTUs
(clustered at 97% similarity) in soil samples from the four sampling sites. Bacterial phyla are further expanded into respective families.
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Inferring soil environmental metagenomes using
PICRUSt

The mean weighted nearest sequenced taxon index
(NSTI), which measures the prediction accuracy of
PICRUSt, for our soil samples was 0.17 � 0.02. We ini-
tially examined the relative abundance of predicted
genes for metal and antibiotic resistance. Two KOs
related to ARGs and MRGs, emrB (K07644) and cusS
(K07644) respectively, were significantly enriched in soils
from Ash Basins and Pond B compared to Upper Three
Runs. Interestingly, the soil samples from Tim’s Branch
contained the greatest number of predicted genes com-
pared to Upper Three Runs. Predicted genes corre-
sponding to Cu resistance (K14166; K06189) and
antibiotic resistance (K07788, K07789), among several
others, were significantly enriched in Tim’s Branch soils.
A closer inspection of KOs revealed OTUs that con-
tributed the largest proportion of predicted MRG and
ARG-like genes according to the 16S rDNA sequences
included bacterial taxa such as Ktedonobacteraceae,
Solibacteracea, Pseudomonas viridiflava, Pseudomonas
spp., Spingomonadales, Bradyrhizobiaceae and Sparto-
bacteria (metagenome_contributions.py, Table S7).

Metagenome sequencing and assembly summary

In total, we obtained 1.19 9 1012 high-quality reads from
the soil metagenomes, which were assembled into
1.17 9 109 contigs with an average read length of

303 bp (Table S8). The assemblies contained 1.2 9 109

open-reading frames (ORFs) with an average length of
250 bp (Table S9). We identified 720 923 ARG-like
ORFs using the SARGfam v.2.0 database and
1 387 193 antimicrobial/biocide efflux and MRG-like
ORFs using the BacMet v.2.0 database (Table S9).

Differences in ARG abundance between soils

In total, we detected an average of 0.43 ARG genes per
16S rRNA copy (Table S5). The predominant ARG types
included multidrug resistance genes (52%), vancomycin
resistance genes (28%) and fosmidomycin resistance
genes (5%; Table S10). Overall, the metagenomic analy-
ses indicated that ARG types were similar across soil
habitats with no significant differences. The relative
abundance of ARG types was lowest at Ash Basin’s
ranging from 0.34 to 0.43 ARG genes per 16S rRNA
copy; whereas they were higher at Pond B where they
ranged between 0.37 and 0.57 ARG genes per 16S
rRNA copy (Table S7). Significant differences were
observed between the soil habitats for the following ARG
types: aminoglycoside, b-lactamases, chloramphenicol,
fosfomycin, rifamycin and tetracycline resistance genes
(P < 0.05; Table S11).
The ARGs abundance data revealed that resistance

genes primarily involved two-component and multidrug
transporters (Figs 5 and 6). The vancomycin resistance
gene vanR and multidrug resistance gene mdtB were
the two most abundant ARG subtypes. In fact, several

Fig. 3. Alpha diversity measures in soil samples at the four sites (defined either by the number of bacterial/archaeal OTUs observed or by
Chao1, ACE, Shannon, Inverse Simpson, and Fisher diversity measures).
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genes from the VanS-VanR two-component regulatory
system that encode the van gene cluster were identi-
fied in the top 20 ARG subtypes including vanX, vanS
and vanH (Arthur et al., 1992). Whereas, the multidrug
resistance genes included several from the Resistance
Nodulation Division (RND) family of transporters such
as mdtB, mdtC, mexF, emrE, omprR and acrB. We
identified several other ARG subtypes that appeared in
the top 20. The fosmidomycin resistance gene rosA,
identified in Yersinia spp., encodes a polypeptide

similar to other genes involved in drug efflux. The
macrolide-lincosoamide-streptogramin resistance gene,
macB, is part a drug efflux system in the ATP-binding
cassette (ABC) family of transporters. The quinolone
resistance gene mfpA, which impedes DNA-binding to
gyrase, the resistance gene aah (20)-I, which is involved
in the covalent modification of aminoglycosides, and a
plasmid-mediated bacitracin resistance gene (bacA)
were also detected. Shannon indices were used to
examine the diversity of ARGs types between soils and

Fig. 4. Structure of microbial soil communities at SRS.
A. Non-metric multi-dimensional scaling plot of bacterial/archaeal OTU frequency after log-transformation, which reduces the influence of the
most abundant OTUs. Dashed lines represent per cent similarity of clusters using SIMPROF: green lines 20%, dashed blue lines 40%, dashed
cyan lines 60%, dashed red lines 80%.
B. Canonical analysis of principal coordinates based on a Bray–Curtis dissimilarity matrix of log-transformed bacterial/archaeal OTU frequencies.
C. Distance-based redundancy analysis (dBRDA) representing raw Pearson correlations for habitat variables and bacterial/archaeal OTUs. Vectors
are overlaid to represent the different HMs and edaphic factors most important to the modelling approach. Length and direction of vectors indicate
the strength and direction of the relationship. Fitted variation refers to variance within the linear model created during the DistLM analysis. The total
variation refers to the variance within the original data. Blue triangles represent soils from Ash Basins (AB); Red upside-down triangles represent
Pond B (PB) soils; Green squares represent Tim’s Branch (TB) soils; pink diamonds represent Upper Three Runs (UR) soils.
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our data indicated ranges between 4.29 and 4.60, with
only soils from Tim’s Branch displaying significantly
higher indexes compared to the reference site
(P < 0.05; Fig. 7A; Table S12).

Differences in antimicrobial/biocide efflux and MRG
abundance between soils

Using the BacMet v2.0 database, we identified a large
collection of genes associated with antibiotic, biocide
and metal resistance (Table S13). Although reference
genes are skewed more to MRGs, we found, similar to
the analysis on ARGs using the SARGfam v.2.0 data-
base, that the predominant ARG subtype included sev-
eral resistance genes in the antimicrobial/biocide efflux
category (36%) such as mdtB, mdeA, cpxR, smrA, baeR
and galE (Figs 8 and 9, Table S14). The relative abun-
dance of antimicrobial/biocide efflux varied and was
higher on average than the reference site (2.36 genes
per 16S rRNA copy) for both the Ash Basins (2.52
genes per 16S rRNA copy) and Pond B (2.54 genes per
16S rRNA copy; Table S15). There were no significant
differences between numbers of antimicrobial/biocide
resistance genes per 16S rRNA copy when comparing
sites. When examining ARG subtypes, Shannon indexes
ranged from 4.33 and 4.50, and we observed a signifi-
cantly higher diversity of antimicrobial/biocide efflux
resistance genes at Tim’s Branch compared to the refer-
ence site (P < 0.05; Fig. 7B, Table S16).
The other top resistance types included MRGs that

occur primarily via complexes such as two-component

regulatory systems and ATP-binding cassette (ABC)
transporters (Figs 8 and 9, Table S15). These abundant
MRG types included those that confer resistance to Cu
(corR, copR, ricR; 11%), As (pstB, arsT, pstC; 10%),
Fe (acn, furA, bfrA; 6%), Ni (hoxN, nikE, nikD; 5%),
zinc (zraR/hydH, znuC/yebM, troB; 5%) and molybde-
num (modC, modB, modA; 3%;Table S10). For exam-
ple, the zraR/hydH gene, the most abundant MRG type
overall in all samples (average 0.16 MRG genes per
16S rRNA copy), encodes a membrane-associated pro-
tein kinase that is upregulated in response to high con-
centrations of Zn or Pb (Table S13). In addition, we
found significant differences in MRG genes per 16S
rRNA copy between the soil sites for several MRG
types including As, Cu-Ni-Fe, Co-gold and Fe-man-
ganese. With respect to the reference site, only Tim’s
Branch had significantly higher genes for the MRG type
of Cu-Ni-Fe (P < 0.05). In terms of MRG subtypes,
Shannon indexes ranged from 4.29 to 4.60, and a sig-
nificantly higher diversity of MRGs was observed in
samples from Tim’s Branch compared to the reference
site (P < 0.05; Fig. 7C; Table S17).

Soil bacterial hosts of antibiotics, biocides and metal
resistance genes

From the ARG-like ORFs, we detected a myriad of
diverse taxa, several of which formed a core resistome
across all soil habitats. These included bacterial hosts
such as Acidobacteriaceae, Bradyrhizobium, Mycobac-
terium, Streptomyces, Verrumicrobium, Actinomadura,

Fig. 5. Bar plots showing the relative abundance of blast hits for the most abundant ARG-types observed in all soil samples.
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Fig. 6. Heat map of variation of ARG-like contigs contained in the top 40 ARG subtypes. Data is based on the relative abundance of blast hits
(SARGfam) for each respective sample.

Fig. 7. Alpha diversity measures from soils at the four sampling sites defined either by, (A) the number ARGs identified in SARGfam v.2.0, (B)
antimicrobial/biocide efflux resistance genes identified in BacMet v.2.0 database, and (C) MRGs identified in BacMet v2.0 database using either
the observed, Chao1, ACE or Shannon diversity measures.
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Fig. 8. Bar plots showing the relative abundance of blast hits for the most abundant AB-MRG types observed in all soil samples.

Fig. 9. Heat map of variations of AB-MRG-like contigs contained in the top 30 AB-MRG types. Data is based on the relative abundance of blast
hits (BacMet v.2.0) for each respective sample.
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Solirubacterales and several unclassified Actinobacteria
(Fig. 10). Although the numbers of ARG-like ORFs var-
ied by site, the predominant bacterial host (19%) at the
level of family or lower included several unclassified taxa
in Acidobacteriaceae, which contained the majority of
ARGs including genes that confer resistance to: van-
comycin (42%), macrolide-lincosamide-streptogramin
(MLS; 22%), multidrug (14%), bacitracin (11%), poly-
myxin (3%), beta-lactams (2%), fosmidomycin (1%),
aminoglycoside (1%) and others (3%). Mycobacterium,
the second largest ARG-like ORF containing host (5%),
possessed resistance genes for: vancomycin (23%),
multidrug (19%), rifamycin (16%), MLS (14%), bacitracin
(9%), polymyxin (4%) and several others (15%; Fig. 10).
Streptomyces, the third largest bacterial host (5%), pos-
sessed ARG-like ORFs predominated by multidrug
(27%), MLS (26%) and vancomycin (22%) resistance
genes.
We detected similar patterns between taxa with

respect to antimicrobial/biocide and metal resistance
ORFs with the major bacterial hosts including Acidobac-
teriaceae (27%), Bradyrhizobium (7%), Mycobacterium
(4%) and Streptomyces (3%; Fig. 10). Several unclassi-
fied genera in the family Acidobacteriaceae possessed
resistance genes for antimicrobial/biocide efflux (44%),
Cu (12%), Zn (12%), As (9%), Fe (5%), Ni (5%), cobalt-
nickel (3%) and several others. Taxa in the genus
Bradyrhizobium possessed resistance genes for

antimicrobial/biocide efflux (51%), Cu (9%), Zn (8%), As
(7%), Fe (5%), Ni (5%), cobalt-nickel (4%). Mycobac-
terium possessed resistance genes for antimicrobial/bio-
cide efflux (34%), Cu (25%), Zn (12%), As (11%), Fe
(6%) and Ni (3%). Finally, Streptomyces possessed
resistance genes in similar proportions to Acidobacteri-
aceae and Bradyrhizobium with antimicrobial/biocide
efflux the largest in AB-MRG (46%), followed by Cu
(13%), Zn (11%), As (8%), Fe (4%), among several
others.

Co-occurrence of antimicrobial/biocide efflux and metal
resistance genes in SRS soils

We focused primarily on the predominant ARG-like and
MRG-like ORF containing taxa (n = 24) across all soil
habitats. Seven modules were identified based on the
resistance subtypes (Fig. 11A and B). The largest mod-
ule (module VI), contained 17 subtypes, the majority
consisting of genes conferring multi-resistance to As,
Co, Cd and Zn (e.g., pstA, pstB, pstC, arsC, irlR, czcR)
with the metal membrane transporter mntH/yfep acting
as the hub (i.e., a node with large number of connec-
tions). Module IV, in which merA was the hub, consisted
of 16 subtypes, including genes conferring resistance to
aminoglycosides (aph4_I, ksgA) and non-metals/metals
such as selenium, tellurium, silver, Ni and Cu (recG,
baeS, silS, cusS, corC, copA). Module III, in which cusR/

Fig. 10. Circos plots displaying percentages of the top ARG-like and MRG-like carrying bacterial hosts. Bars surrounding plot represent the per-
centage of a particular ARG or MRG-like gene that was observed in the bacterial hosts. Plots are based on the TPM data of reads mapped to
(A) Sargfam and (B) BacMet v.2.0 database. Abbreviations are as follows: Act_b (Actinobacteria), Act_m (Actinomadura), Mycobact (Mycobac-
terium), Solirubro (Solirubrobacterales), MDR (multidrug), Tet (tetracycline), Amg (aminoglycoside), MLS (macrolide-lincosamide-streptogramin),
Beta (b-lactam), Bcr (bacitracin), Fos (fosmidomycin), Kas (kasugamycin), Pol (polymyxin), Qns (quinolone), Rif (rifamycin), Tcm (tetraceno-
mycin), Van (vancomycin); Ant_Biocides (Antimicrobial Efflux/Biocides), Verru (Verrucomicrobia).
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ylca was the hub, also contained 16 subtypes, including
several metal resistance genes for Cu, Fe, Ni and
molybdenum (copR, copS, yfeB, nikB, nikC,) and biocide
resistance (galE, fabL/ygaA, ydeP). All subtypes in the
network co-occurred (O% = 76%) more than would be
expected by chance (R% = 0.03%). A co-occurrence
network including all the soil taxa annotated to the ARG
or MRG-like ORFs displayed non-random co-occurrence
patterns between all subtypes (O% = 0.004%, R% =
0.01%; Table S18).

Discussion

In this study, we used microbiome and metagenomic
analyses to examine microbial communities and associ-
ated patterns of antimicrobial and metal resistance in
soils from the Savannah River Site, a historic area with
legacy contaminants including heavy metals and
radionuclides. Although contamination is distributed non-
uniformly, previous studies have indicated that certain
areas (e.g., Ash Basins) are heavily enriched with a
range of heavy metals (e.g., aluminium, arsenic, cad-
mium, copper, iron, mercury, manganese, nickel, sele-
nium and zinc) and can be present at levels significantly
higher than those found at reference locations (Tannen-
baum and Beasley, 2016). Moreover, numerous studies

conducted at this site spanning over two decades have
provided both experimental and observational evidence
that suggests elevated heavy metal contamination can
function as an indirect selective agent for the acquisition
of antibiotic resistance in bacteria (Leff et al., 1993; Ste-
panauskas et al., 2006; Wright et al., 2006; McArthur
et al., 2016; Agarwal et al., 2019). These studies have
shown that bacteria can possess genes that provide
indiscriminate tolerance to both heavy metals and antibi-
otics (cross-resistance), and/or co-resistance whereby
two or more antimicrobial resistance genes are geneti-
cally linked on the same mobile genetic element (Baker-
Austin et al., 2006; Seiler and Berendonk, 2012). Fur-
thermore, increased levels of heavy metals in the envi-
ronment have been shown to co-regulate genes
responsible to antibiotic resistance and decrease antibi-
otic susceptibility (Baker-Austin et al., 2006; Seiler and
Berendonk, 2012). Considering the above, the co-selec-
tion phenomenon represents a collection of clinically
important mechanisms that can contribute to the dissem-
ination and maintenance of antibiotic resistance, and
thereby poses a significant public health concern.
Results from trace metals analysis indicated that there

were no significant differences in the soil concentrations
for several metals, however, significantly higher concen-
trations of Cobalt and Strontium were observed in soils

Fig. 11. The network analysis showing the co-occurrence patterns of antibiotic, biocide and metal resistance genes detected in the top 24 taxa.
A. The nodes with different colours represent antibiotic (orange), biocide (green) and metal resistance genes (light purple). The intensity of
edges corresponds to the degree of the positive correlations ranging from 0.61 (light orange) to 0.91 (dark red).
B. The nodes with different colours represent the six modularity classes, with the colours of edges corresponding to their respective class: module I
(orange), module II (pink), module III (green), module IV (dark red), module V (cyan) and module VI (light brown). A connection represents a strong
spearman correlation (P > 0.6) and significant (P < 0.05) correlation (FDR). The size of each node is proportional to the number of connections.
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from Ash Basins and Tim’s Branch. Given the similarly
in the other trace metal concentrations among the four
sites, we expected the structure and diversity of the soil
microbial communities to be similar, but this was not the
case. Instead, we observed that while soil communities
were similarly structured, being predominated by Pro-
teobacteria (27.24% � 0.02%), Acidobacteria (22.00% �
0.04%) and Actinobacteria (14.83% � 0.02%), among
others, there was a higher abundance and diversity of
taxa in samples from the reference site (Upper Three
Runs) compared with samples from Ash Basins, Tim’s
Branch and Pond B. Many studies on soils have demon-
strated that high levels of heavy metal contamination can
significantly decrease microbial diversity and biomass
(Moffett et al., 2003; Chen et al., 2014, 2019; Quadros
et al., 2016). Others have shown that long-term exposure
to heavy metals can lead to increases in bacterial diver-
sity due to the increase in other edaphic parameters that
promote the bacterial community during the course of
remediation (Bourceret et al., 2016). Thus, it was not
entirely surprising that certain taxa from the sites with
legacy contamination displayed significantly higher
(P < 0.05) abundances of several bacterial orders includ-
ing Rhodospirillales (Alphaproteobacteria), Solirubrobac-
terales (Actinobacteria), Rhizobiales (Alphaproteo-
bacteria), Pseudomanadales (Gammaproteobacteria),
Burkholderiales (Betaproteobacteria) and Saprospirales
(Bacteroidetes). To explain these differences, we exam-
ined the beta-diversity of the soil habitats to illuminate the
compositional dissimilarity between communities.
Our DistLM and dbRDA analysis revealed strong corre-

lations between edaphic properties and the metal concen-
trations with the bacterial communities present in the
soils. Previous studies on soils suggest that pH is one of
the primary predictors of bacterial community structure
(Fierer and Jackson, 2006; Lauber et al., 2009; Wu et al.,
2013). However, despite significant differences in soil pH
between the four sites, other edaphic factors such as soil
water content and the presence of heavy metals
appeared to be stronger drivers of bacterial community
structure, even for the reference site. It should be noted
that although the results were significant and supported
our hypothesis (i.e., HMs would predict the structure of
bacterial communities) the data should be interpreted with
caution. For instance, despite the fitted model in the
dbRDA plot displaying a large percentage of explained
variation in the soil using the edaphic properties and HMs
data provided, the total per cent variation explained was
very low. This suggests that there are confounding factors
not measured in this study which could also contribute to
soil bacterial community structure and diversity. Additional
factors known to influence the communities includes soil
depth, soil type, salinity, porosity, sulphur, nitrogen, trace
minerals, temperature, dead organic matter and presence

of fungi and plants (Wieland et al., 2001; Zhou et al.,
2002; Guan et al., 2013; Dotaniya and Meena, 2015; Kai-
ser et al., 2016).
Recent advances in next-generation sequencing

(NGS) have enabled an unprecedented view into com-
plex microbial communities and the search for non-cul-
tivable producers of antimicrobial resistance genes
(Asante and Sekyere, 2019). Shotgun metagenomics
allowed us to analyse soil microbial communities de
novo without prior knowledge of the thousands of cur-
rently known ARGs and their homologs necessary for
primer design (Asante and Sekyere, 2019). Our metage-
nomic analyses revealed a large collection of genes
associated with resistance to antibiotics, biocides and
heavy metals harboured by a myriad of diverse non-cul-
tivable taxa. Relative abundances of ARGs in soils ran-
ged from 0.39 to 0.46 genes per 16S rRNA copy, with
the most common soil ARG types detected including
genes that confer resistance to multidrug (52%), van-
comycin (28%) and fosmidomycin (5%). The relatively
high abundance of multidrug resistance genes was
expected, as several studies have demonstrated their
ubiquity in bacteria from a range of environments (Chen
et al., 2014, 2019; McArthur et al., 2016; Hu et al.,
2017). Multidrug efflux pumps are typically chromosoma-
lly encoded and are conserved across the majority, if not
all, strains of bacterial species (Blanco et al., 2016). In
addition to possessing the capacity to effectively reduce
the concentration of antibiotics, they can also extrude a
wide range of environmental insults including heavy met-
als, organic pollutants, plant-produced compounds, for-
eign metabolites, among others (Blanco et al., 2016). A
previous study indicated that many of these RND efflux
pumps can be categorized into four functional subfami-
lies, of which two were found to be involved in the extru-
sion of antibiotic (group 1) and heavy metals (group 3)
antibiotics, respectively (Godoy et al., 2010).
Outside of the multidrug ARG type, the relative abun-

dance of the predominant ARGs in this study differed
from several others on soils in which ARGs such as b-
lactamases, macrolide-lincosamide-steptogramin, amino-
glycoside were also frequently occurring (Forsberg et al.,
2014; Hu et al., 2016, 2017; Gou et al., 2018). Notably,
our results were particularly interesting with respect to
vancomycin, a ‘last resort’ broad-spectrum antibiotic
rarely used in hospital settings. Vancomycin resistance
genes have been detected in bacterial genomes from a
wide range of environments including soils, oceans,
human faeces and even ancient 30,000-year-old per-
mafrost with no evidence of human contact (D’Costa
et al., 2011; Nesme and Simonet, 2015). Considering
the soil environment is a highly diverse reservoir of bac-
teria and their gene products, the arms-shield hypothesis
suggests that the diversity of resistance genes for
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vancomycin and other antibiotics in soils can be
explained by the continuous exposure to inhibitory con-
centrations of antibiotics secreted by competing microor-
ganisms (Nesme and Simonet, 2015). In fact, it was
proposed that van operons observed in clinically relevant
human–pathogens (e.g., Enterococcus faecium) origi-
nated from glycopeptide-producing bacteria residing in
the soil, and thus likely evolved from a common ancestor
based on analyses of sequence homology (Guardabassi
et al., 2005). We further examined van clusters detected
in our dataset using publicly available RefSeq proteins
on https://www.ncbi.nlm.nih.gov/. We blasted these van-
comycin resistance genes against Acidobacteria (our
predominant taxa) genomes and found that they have
low similarity (≤ 45% predicted amino acid identity) com-
pared to enterococcal and vanA/vanB operons, however,
sequence homology increased to ≥ 77% for other com-
mon soil bacteria (Actinomycetales, Streptomyces spp.,
Rhodococcus spp.; Arthur and Quintiliani, 2001; Guard-
abassi et al., 2005; data not shown). These results sug-
gest that the high prevalence and ubiquity of
vancomycin resistance genes in the SRS soils may
enhance survival and fitness; however, it would be diffi-
cult to test this without further experiments.
Furthermore, although a previous global survey of

environmental metagenomes concluded that vancomycin
resistance genes were common in a myriad of environ-
ments, to our knowledge none of these environments
possessed relative abundances comparable to SRS soils
(Nesme et al., 2014; Nesme and Simonet, 2015). This
was true even for the reference site (30% of total Upper
Three Runs ARGs), suggesting that vancomycin resis-
tance genes are abundant and ubiquitously present at
the Savannah River Site. However, we did see lower
abundances relative to the reference site in ARG types
such as b-lactamases (Ash Basins), rifamycin (Tim’s
Branch), tetracycline (Tim’s Branch) and fosfomycin
(Tim’s Branch). Considering this, we examined the diver-
sity of ARG subtypes and discovered that there were
significant differences, with a greater number of ARG
subtypes (including biocides) observed in soils from
Tim’s Branch than in soils from the reference site. These
results indicate that human activities may play an impor-
tant role in the dissemination and enrichment of antibiotic
resistance genes in the environment. A previous study
on soils indicated that several ARG types were positively
correlated with soil copper levels, whereas chromium,
nickel, lead and iron correlated with specific ARG types
(Knapp et al., 2011).
In examining MRG types, we found that SRS soils

contained a diverse collection of genes associated with
copper, arsenic, iron, nickel, zinc, molybdenum resis-
tance and multi-metal resistance. The zinc resistance
gene zraR/hydH was the most abundant MRG subtype,

and this along with copper resistance genes have been
reported in the literature as being strong contributors to
resistance traits, having direct correlations with as b-lac-
tamases, sulphonamides, macrolide-lincosamide-strep-
togramin and tetracycline resistance genes (Knapp
et al., 2017). Arsenic associated resistance genes such
as those in the ars gene clusters have been shown to
be globally distributed and are suggested to have promi-
nent roles in global arsenic biogeochemistry (Ben Fekih
et al., 2018; Dunivin et al., 2019; Firrincieli et al., 2019).
Iron and nickel resistance genes have also been shown
to be significantly associated with ARGs such as mul-
tidrug, b-lactamases, sulphonamides, macrolide-lin-
cosamide-streptogramin, tetracycline, aminoglycosides
and vancomycin resistance genes (Guo et al., 2014; Hu
et al., 2017). Our study aligns with observations of
MRGs reported elsewhere and suggests that their wide
occurrence is due to intrinsic properties of the soil envi-
ronment in addition to anthropogenic activities (e.g.,
medical waste, agriculture, industrial activities, etc.).
Finally, we demonstrated significant correlations between

a variety of antibiotics, biocides and metal resistance
genes in the soil environments at SRS. For certain domi-
nant MRG subtypes with unclear antimicrobial associa-
tions, such as those involved in molybdenum transport
(ModABC complex), we found significant correlations with
antimicrobial/biocide efflux (mdeA, fabgL/ygaA) not
reported elsewhere. This was particularly helpful in under-
standing the co-occurrence network for our particular study
site. Other co-occurrence patterns were largely in agree-
ment with a myriad of studies that have also demonstrated
co-selection of antibiotic resistance from metals (Seiler and
Berendonk, 2012; Wales and Davies, 2015; Cesare et al.,
2016) and; we found that these patterns were often non-
random, which although not a new phenomenon, further
illustrates that even low total metal levels can affect ARG
abundance in soils (Knapp et al., 2011). Given the long-
documented history of metal and radionuclide contamina-
tion at the Savannah River Site, and the global concerns
over the spread of increasingly resistant bacteria, our study
is particularly relevant in understanding, and ultimately
reducing the risk of antimicrobial resistance.

Conclusion

Soils are heterogeneous habitats that possess bacterial
communities with considerable genetic diversity at very
small spatial scales. This soil ‘resistome’ containing the
gene products of millions of bacteria is speculated to be
a large source of resistance gene determinants. Our
study demonstrated strong associations between the
microbial community in soils at the SRS, and the pres-
ence of chronic heavy metal and radionuclide contami-
nation. We found that certain bacterial taxa are
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differentially affected by edaphic factors and heavy metal
contamination and that their presence can have an
important role in the dissemination and maintenance of
antimicrobial and metal resistance. The relative abun-
dance and diversity of ARGs and MRGs was signifi-
cantly higher at Tim’s Branch, a site with historic heavy
metal and radionuclide contamination, compared to the
reference site. However, our results suggest that even in
areas with low levels of heavy metals, antibiotic and
heavy metal resistance can be both ubiquitous and wide-
spread.

Experimental procedures

Study areas

In this study, we collected soils from four locations with
habitats consisting of mixed hardwood and pine forest;
three contaminated sites, and a reference site located
on the SRS (Fig. 1; Tannenbaum and Beasley, 2016).
The contaminated sites included an area with elevated
metal and metalloid concentrations (D-area coal-fly ash
basin; Ash Basins), an area with only radionuclide con-
tamination (Pond B), and an area with both metals and
radionuclide contamination (Tim’s Branch). Soils from
Ash Basins are contaminated with coal combustion
waste containing a range of metals and metalloids such
as arsenic (As), chromium (Cr), cadmium (Cd), copper
(Cu), iron (Fe), nickel (Ni), selenium (Se) and Zinc (Zn;
Tannenbaum and Beasley, 2016). Pond B is a reservoir
that was originally constructed as a secondary cooling
system for nuclear production at R Reactor until it was
decommissioned in 1964 (McCreedy et al., 1997; Garten
et al., 2000). Between 1961 and 1964, R Reactor dis-
charged several radionuclides (e.g., 3H, 137Cs, 90Sr,
americium-241, cerium-244 and plutonium-239, 240) into
Pond B as effluents. Tim’s Branch is a second-order
stream that receives contamination from an eroding for-
mer discharge settling pond, Steed Pond. Steed Pond
received up to 44 000 kg of depleted and natural ura-
nium (U), as well as similar quantities of Ni from an alu-
minium-clad nuclear reactor, between 1954 and 1985
(Murray et al., 2010). Tim’s Branch soils are contami-
nated with aluminium (Al), Cu, Cr, Zn, lead (Pb) and
depleted U (Tannenbaum and Beasley, 2016). Upper
Three Runs Creek (UR), a 40-km waterway that empties
into the Savannah River, was used as the reference
location in this study. It is the only major tributary at
SRS that has not received any thermal, chemical or
radioactive pollutants (Murray et al., 2010).

Sample collection and processing

Briefly, 15 g of topsoil (0–20 cm depth) samples were
collected near GPS points previously used in a study

conducted by Tannenbaum and Beasley (2016) using a
70% ethanol-sterilized garden shovel. Soil collection was
staggered, with collections taking place within 10–15 m
of contaminated water bodies. All 80 samples (20 sam-
ples per site) were placed on ice until eventual storage
at �20°C. Soils were composited by site and subsam-
pled before analysis (10 subsamples per site). Soil
heavy metals analysis was conducted using the EPA
Method 3052 with modifications (Wu et al., 1996). All
digestions were analysed for extractable As, Co, Cu, Cr,
Ni, strontium (Sr), U and Zn, using an inductively cou-
pled plasma mass spectrometer (ICP-MS). Edaphic fac-
tors such as total phosphorus (P), total carbon (C), total
nitrogen (N) and pH were analysed using modified proto-
cols developed by the University of Georgia Stable Iso-
tope Ecology Laboratory (https://cais.uga.edu/siel-soil-
analysis/). Soil total phosphorus, was conducted using
acid–persulphate digestion (Nelson, 1987). Micro-Dumas
combustion analysis was used for total carbon and total
nitrogen analysis (Hauck, 1982; Kirsten and Hesselius,
1983). Soil pH was measured using a pH analyser
placed in a 1:1 mixture of soil and a 0.01 M calcium
chloride solution. We used linear regression to compare
metals present in the soil among different sites using
JMP Pro 13 (SAS, Cary, NC, USA). Trace elements
were log-transformed, when necessary, to meet assump-
tions of normality. Post hoc multiple comparisons were
made using t-tests to further examine site differences in
trace elements.

DNA isolation, PCR amplification and Illumina
Sequencing of 16S rRNA

DNA was extracted from 0.5 g of soil using a MoBio
PowerSoil DNA isolation kit (MoBio, Carlsbad, CA,
92010, USA) and purified by a magnetic-based size
selection method using SeraPure Speedbeads (Thermo-
Fisher Scientific, Asheville, NC, 28804, USA) according
to the manufacturer’s protocol. PCR libraries for bacterial
16S were generated using the S-D-Bact-041-b-S-17 (50-
CCTACGGGNGGCWGCAG-30) forward and S-D-Bact-
0785-a-A-21 (50-GACTACHVGGGTATCTAATCC-30) reverse
primer pair, which amplify an approximately 444 bp fragment
(Klindworth et al., 2013). Modifications to the primer sets (fu-
sions: 8 forward + 12 reverse) were done according to Tag-
giMatrix protocol which included fusions with universal 5’
iTru sequences containing up to 96 dual combinations of
unique internal tags (Glenn et al., 2019b). DNA from
each sample was PCR amplified using the 16S-iTru
fusions in 25 ll reactions using the KAPA HiFi Hotstart
PCR kit (KAPA Biosystems, Wilmington, MA, 01887,
USA). The PCR amplification protocol was as follows:
95°C for 3 min, followed by 30 cycles of 95°C for 1 min,
55°C for 30 s and 72°C for 30 s with a final elongation
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step of 72°C for 5 min. Amplicons were visualized using
1.5 % agarose gel, pooled, and then purified with Sera-
Pure Speedbeads. Using the initial PCR products as a
template, we conducted a second round of PCR with
dual-indexed iTru primers to construct full-length Illumina
libraries. All PCR reactions were performed using an
T100 Thermal Cycler (BioRad, Hercules, CA, 945477,
USA; Glenn et al., 2019a). The 16S libraries were com-
bined with iTru library pools from other experiments
using a single run Illumina MiSeq v2 500 cycle kit
(PE250) at the Georgia Genomics and Bioinformatics
Core (GGBC, University of Georgia).

Demultiplexing and quality filtering

All fastq conversion and demultiplexing based on outer
indexes (iTrus) was conducted using bcl2fastq (Illumina,
v1.8.4) and the Fastx toolkit v.0.0.14 (http://hannonlab.c
shl.edu/fastx_toolkit/links.html) was used to remove low
quality reads. Paired-end sequencing reads were
imported into Geneious v.10.0 (Biomatters Limited, NJ,
USA), set as paired-reads with an insert size of 444 bp
and trimmed to remove Illumina adapters using default
settings. Paired-end sequencing reads were then
merged using FLASH v.1.2.9 plugin (Mago�c and Salz-
berg, 2011). The software package Mr_Demuxy v1.2.0
(https://pypi.python.org/pypi/Mr_Demuxy/1.2.0) was uti-
lized to demultiplex the merged reads into individual
combinatorically tagged fastq files based on internal
indexes (barcodes). Sequences were filtered based on
size (≥ 400 bp) and quality scores (≥ Q20).

Soil Bacterial 16S rDNA sequence analysis

Sequencing reads were imported into the phylogenetic
software package MacQiime v1.91 (http://www.werner
lab.org/software/macqiime) for Operational Taxonomic
Unit (OTU) identification, multi-levelled taxonomic classi-
fication and diversity estimates (Caporaso et al., 2010).
All de-multiplexed raw 16S rDNA sequences are avail-
able through NCBI under BioProject PRJNA616017.
Briefly, samples were sorted and bacterial OTUs were
selected using the Greengenes v.13_8 16S rRNA gene
reference database and the VSEARCH OTU picking
strategy (DeSantis et al., 2006; Rognes et al., 2016).
Taxonomy was defined using default settings of ≥ 97%
similarity to reference sequences. In addition, we also
utilized deblurring, a sub-operational-taxonomic
approach (sOTU) to Illumina-based 16S amplicon
sequencing. Deblur uses error profiles to denoise Illu-
mina data and is capable of differentiating amplicons by
a single base pair. Deblur was used to perform a higher
resolution inspection of the bacterial community (Amir
et al., 2017).

Within-sample (alpha) diversity was evaluated in
QIIME v1.91 and visualized with the Phyloseq v.3.10
package using various metrics (Chao1, ACE, Fisher’s
Alpha, Shannon-Wiener, and Simpson; McMurdie and
Holmes, 2013). Alpha diversity of communities found in
soil samples was computed using a sequencing depth
set to 15 000 sequences. To test for the significant vari-
ation in taxonomic richness across the four sampling
sites, we used the non-parametric Kruskal–Wallis test
with the False Discovery Rate (FDR) correction (Kruskal,
1964; Storey, 2011). We used QIIME v.1.91 to test for
the significant variation in the frequency of individual
OTUs across the four sites, using Kruskal–Wallis test
with FDR correction for multiple comparisons, and the
Monte Carlo simulated non-parametric t-test for pair-wise
comparisons (Kruskal, 1964; Ortmann and Lu, 2015).
Bray–Curtis distances between samples (beta-diversity)
were computed and visualized using PRIMER 7.0 soft-
ware with PERMANOVA + add-on (Primer-E, United
Kingdom) as several distance-based plots (Bray and
Curtis, 1957). These included several distance-based
analyses described in previous studies such as a non-
metric multi-dimensional scaling plot (NMDS), canonical
analysis of principle coordinates (CAP) for testing our a
priori hypotheses (e.g., site predicts soil microbiota), and
distance-based redundancy analysis (dbRDA) to discern
the direction and magnitude of the relationship between
edaphic properties and heavy metals with respect to soil
microbiota (Kim et al., 2015; Paliy and Shankar, 2016).
To identify the key drivers of soil bacterial community
structure for the soils collected from the four sites at the
SRS, we also performed a distance-based linear model
(DistLM), which is an extension of distance-based
redundancy analysis (dbRDA; Legendre and Anderson,
1999).

Screening of 16S rDNA sequences with PICRUSt and
construction of metagenomic library

The software PICRUSt was used to make gene content
predictions based on the 16S rRNA gene sequences
using the Greengenes v. 13_5 as a reference database
(Langille et al., 2013). A total of 37 antibiotic and metal
resistance KEGG orthologs (KOs) were selected by
manually searching the KEGG database. KO functional
profiles were examined using Statistical Analysis of
Metagenomic Profiles (STAMP; Parks et al., 2014). We
used PICRUSt results to assign samples in three cate-
gories based on the expected resistance categories:
‘Low’, ‘Medium’ and ‘High’. These categories encom-
passed a percentage range of 0.05% to 0.15% corre-
sponding to the proportion of genes detected relative to
number of 16S rRNA sequences. For each category, we
selected two samples, for a total of six samples per
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collection site selected (Ash Basins, Tim’s Branch, Pond
B and Upper Three Runs) for a total of 24 samples.
Metagenomic libraries for these samples were prepared
using NEB Ultra II FS kits (New England Biolabs, Ips-
wich, MA, USA) following manufacturers protocol at half
volume reactions with two modifications. We used 5 lM
iTru y-yolk adaptors during ligation and 5 lM of iTru
indexed primers during PCR for 9 cycles (Glenn et al.,
2019a). Resulting libraries were verified on a 1.5 %
agarose gel, cleaned with SeraPure Speedbeads, quan-
tified using a Qubit 2.0, and pooled for sequencing on a
HiSeq 3000 PE150. The PCR thermocycler conditions
consisted of the following: 98°C 30 s, then 9 cycles of
98°C 10 s, 65°C for 1:15 min, then 65°C for 5 min,
4 min hold. All raw metagenomic sequences are avail-
able through NCBI under BioProject PRJNA616018.

Calculations of ARG and MRG abundance

Abundance of ARGs from the PICRUSt pre-screened
samples were determined using the ARGs-OAP v.2.0
pipeline (Yin et al., 2018). Briefly, the fastq reads were
quality trimmed to obtain clean reads, ARG reads and
16S rRNA genes were extracted from all the samples,
then ARG reads were identified and annotated using a
BLASTX approach by searching the combined ARG
databases of CARD (The Comprehensive Antibiotic
Resistance Database) and ResFinder (Zankari et al.,
2012; McArthur et al., 2013). The ARG reads were nor-
malized by the number of 16S rRNA copies detected,
and ARG abundance was expressed as of ARGs per
copy of 16S.
Abundance of antimicrobial/biocide efflux genes

(ARGs) and metal resistance genes (MRGs), collectively
AB-MRGs was determined using a hybrid approach
method described in a previous study (Yang et al., 2014).
Using several custom scripts and the paired-end reads
from the 16S libraries, candidate reads were initially identi-
fied through UBLAST using a cut-off E-value of 10�7,
sequence identity of 90% and alignment length greater
than 25 amino acids (Supplemental Methods). Reads
were annotated by applying the BacMet (version 2.0)
antibacterial biocide and metal resistance genes database
and using 753 experimentally confirmed genes (as of
March 2018; Pal et al., 2014). Matched sequences were
extracted, and further annotation was performed using
BLASTX for more accurate annotation using the same
cut-off E-value, sequence identity and alignment length as
stated above. The abundance of reads was calculated
using the equation described by Li et al. (2015) and the
number of 16S rRNA copies originally detected by the
ARGs-OAP v.2.0 pipeline. The abundance was expressed
as number of ARGs or MRGs per copy of 16S. It should
be noted that several of the MRG types in the BacMet

v.2.0 database encode regulatory proteins that respond to
multiple metals, we categorized these genes into groups
(e.g., ‘Copper’, ‘Copper–Silver’ and ‘Copper–Zinc’).

Metagenome assembly and identification of ARG and
MRG-like open-reading frames (ORFs)

High-quality reads for the 24 selected samples were de
novo assembled using the default k-mer size using
Spades v.3.9.0 (Bankevich et al., 2012). The software
Prodigal v.2.60 was used to predict ORFs within contigs
(Hyatt et al., 2010). We conducted an HMMSCAN (http://
hmmer.org) against the SARGfam database (https://
github.com/xiaole99/SARGfam) using the ORFs as input
sequences and validated HMM profiles of antibiotic resis-
tance genes (Yin et al., 2018). The ARG-like ORFs from
the HMM results were extracted from the original
protein sequences of ORFs predicted in the contigs using
Seqkit v0.12.0 (https://bioinf.shenwei.me/seqkit/usage/).
PROKKA v.1.14 was also used to functionally annotate
the predicted ORFs, using the SARGfam HMM profile as
input (Seemann, 2014). Similarly, the MRG-like ORFs
were first annotated using BLASTP against BacMet v.2.0
database at an E-value ≤ 10�5. The results were used to
extract candidate sequences, which were further anno-
tated in PROKKA, using the BacMet v.2.0 protein data-
base containing 735 experimentally confirmed resistance
genes.

Mapping reads and determining ARG and MRG-like
ORF coverage

Bowtie2 v.2.3.5.1 was used to map all clean sequencing
reads to the extracted ARG-like ORF nucleotide
sequences of each respective sample group. SAMtools
(http://samtools.sourceforge.net/) was used to convert
the SAM files to BAM format, and sort by alignment
coordinate. Reads that mapped to the assembly, were
counted using the prokkagff2gtf and htseq-count scripts
(Anders et al., 2015). Abundance values for genes were
normalized to predicted transcripts per million (TPM)
using the tpm_tably.py, which calculates the TPM based
on average read length and length of gene. Further
details are described in a previous study by Anders
et al. (2015).

Taxonomic assignment of bacterial hosts of ARGs and
MRGs

Diamond v.0.9.30 was used to annotate the ORFs, by
conducting a BLASTP search against the NCBI NR data-
base (downloaded on May 29, 2019) at E-value ≤ 10� 5

(Buchfink et al., 2015). The diamond BLASTP results
were ‘meganized’ and annotated using MEGAN
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(MEtaGenome ANalyzer, Version 6.16.4) taxonomic
assignment, using default parameters (voting score of
≤ 50%; Huson et al., 2007). Major bacterial hosts of
ARGs and MRGs shared between sites were visualized
using Circos Table Viewer v0.63-9 (Krzywinski et al.,
2009).

Network of co-occurrence analysis of antibiotic, biocide
and metal resistance genes

Correlation-based network analysis was performed by
generating a sparse matrix based on the combined TPM
data from both the SARGfam and BacMet database.
This matrix was filtered based on the top 25 most abun-
dant taxa and a co-occurrence network was generated
using custom scripts (https://github.com/RichieJu520/Co-
occurrence_Network_Analysis) detailed in a previous
study (Ju et al., 2014). The resulting co-occurrence net-
work was visualized in Gephi v.0.9.3 (Bastian et al.,
2009).

Statistical analysis

Differences in microbial community structure and compo-
sition between the four sampling sites were tested using
permutational multivariate analysis of variance (PERMA-
NOVA) on log-transformed Bray–Curtis dissimilarity val-
ues with soil sampling location as a fixed effect
(Anderson 2005). We used a type I partial sum of
squares design and Monte Carlo sampling permutated
999 times over residuals under a full model. The R pack-
age v.3.6.3 was used to conduct one-way analysis of
variance (ANOVA) or Kruskal–Wallis one-way analysis
of variance, depending on pass or failure of a Shapiro–
Wilk test of normality, to compare differences in relative
abundance of ARG or MRG number per 16S rRNA copy,
in addition to assessing differences in Shannon index.
For network analyses, the observed (O%) and random
incidences (R%) of co-occurrence patterns between
antibiotics, biocides and metals were determined follow-
ing methods described in a previous analysis (Ju et al.,
2014, 2016; Yang et al., 2019).

Acknowledgements

We thank our colleagues in the Department of Environ-
mental Health Science, the Georgia Genomics and
Bioinformatics Core, and the University of Georgia’s
Savannah River Ecology Laboratory for assistance with
sampling and data collection. This research was sup-
ported by a funding from the US Department of Energy
through Cooperative Agreement number DE-FC09-
07SR22506 with the University of Georgia Research
Foundation.

Conflict of interest

The authors declare no conflicting interests.

Disclaimer

This report was prepared as an account of work spon-
sored by an agency of the United States Government.
Neither the United States Government, nor any agency
thereof, nor any of their employees makes any war-
ranty, express or implied or assumes any legal liability
or responsibility for the accuracy, completeness or use-
fulness of any information, apparatus, product or pro-
cess disclosed or represents that its use would not
infringe privately owned rights. Reference herein to any
specific commercial product, process or service by
trade name, trademark, manufacturer or otherwise does
not necessarily constitute or imply its endorsement, rec-
ommendation or favouring by the United States Govern-
ment or any agency thereof. The views and opinions of
authors expressed herein do not necessarily state or
reflect those of the United States Government or any
agency thereof.

Data Availability Statement

Sequence data has been provided in the main document
under Bioprojects PRJNA616017 and PRJNA616018.

References

Agarwal, M., Rathore, R.S., Jagoe, C., and Chauhan, A.
(2019) Multiple lines of evidences reveal mechanisms
underpinning mercury resistance and volatilization by Ste-
notrophomonas sp. MA5 isolated from the Savannah
River Site (SRS), USA. Cells 8: 309.

Agency for Toxic Substances and Disease Registry (2007)
Evaluation of off-site groundwater and surface water con-
tamination at the savannah river site (USDOE) [WWW
document]. URL https://www.atsdr.cdc.gov/HAC/pha/Sava
nnahRiverSite121707/SavannahRiverSiteFinalPHA121707.
pdf.

Amir, A., McDonald, D., Navas-Molina, J.A., Kopylova, E.,
Morton, J.T., Xu, Z.Z., et al. (2017) Deblur rapidly
resolves single-nucleotide community sequence patterns.
mSystems 2: e00191-16.

Anders, S., Pyl, P.T., and Huber, W. (2015) HTSeq—a
Python framework to work with high-throughput sequenc-
ing data. Bioinformatics 31: 166–169.

Anderson, M.J. (2005) Permutational multivariate analysis of
variance. Dep Stat Univ Auckl Auckl 26: 32–46.

Anderson, M.J., and Willis, T.J. (2003) Canonical analysis
of principal coordinates: a useful method of constrained
ordination for ecology. Ecology 84: 511–525.

Andersson, D.I., and Hughes, D. (2010) Antibiotic resistance
and its cost: is it possible to reverse resistance? Nat Rev
Microbiol 8: 260–271.

ª 2020 The Authors. Microbial Biotechnology published by John Wiley & Sons Ltd and Society for Applied Microbiology., Microbial
Biotechnology, 13, 1179–1200

1196 J. C. Thomas et al.

https://github.com/RichieJu520/Co-occurrence_Network_Analysis
https://github.com/RichieJu520/Co-occurrence_Network_Analysis
https://www.atsdr.cdc.gov/HAC/pha/SavannahRiverSite121707/SavannahRiverSiteFinalPHA121707.pdf
https://www.atsdr.cdc.gov/HAC/pha/SavannahRiverSite121707/SavannahRiverSiteFinalPHA121707.pdf
https://www.atsdr.cdc.gov/HAC/pha/SavannahRiverSite121707/SavannahRiverSiteFinalPHA121707.pdf


Arthur, M., and Quintiliani, R. (2001) Regulation of VanA-
and VanB-Type glycopeptide resistance in Enterococci.
Antimicrob Agents Chemother 45: 375–381.

Arthur, M., Molinas, C., and Courvalin, P. (1992) The VanS-
VanR two-component regulatory system controls synthe-
sis of depsipeptide peptidoglycan precursors in Entero-
coccus faecium BM4147. J Bacteriol 174: 2582–2591.

Asante, J., and Sekyere, J.O. (2019) Understanding antimi-
crobial discovery and resistance from a metagenomic and
metatranscriptomic perspective: advances and applica-
tions. Environ Microbiol Rep 11: 62–86.

Baker, M.R., Coutelot, F.M., and Seaman, J.C. (2019) Phos-
phate amendments for chemical immobilization of ura-
nium in contaminated soil. Environ Int 129: 565–572.

Baker-Austin, C., Wright, M.S., Stepanauskas, R., and
McArthur, J.V. (2006) Co-selection of antibiotic and metal
resistance. Trends Microbiol 14: 176–182.

Bankevich, A., Nurk, S., Antipov, D., Gurevich, A.A., Dvor-
kin, M., Kulikov, A.S., et al. (2012) SPAdes: a new gen-
ome assembly algorithm and its applications to single-cell
sequencing. J Comput Biol 19: 455–477.

Bastian, M., Heymann, S., and Jacomy, M. (2009) Gephi:
an open source software for exploring and manipulating
networks. International AAAI Conference on Weblogs and
Social Media. URL https://gephi.org/

Ben Fekih, I., Zhang, C., Li, Y.P., Zhao, Y., Alwathnani,
H.A., Saquib, Q., et al. (2018) Distribution of arsenic
resistance genes in prokaryotes. Front Microbiol 9:2473.

Blanco, P., Hernando-Amado, S., Reales-Calderon, J.A.,
Corona, F., Lira, F., Alcalde-Rico, M., et al. (2016) Bacte-
rial multidrug efflux pumps: much more than antibiotic
resistance determinants. Microorganisms 4: 14.

Bourceret, A., C�ebron, A., Tisserant, E., Poupin, P., Bauda,
P., Beguiristain, T., and Leyval, C. (2016) The bacterial
and fungal diversity of an aged PAH- and heavy metal-
contaminated soil is affected by plant cover and edaphic
parameters. Microb Ecol 71: 711–724.

Bray, J.R., and Curtis, J.T. (1957) An ordination of the
upland forest communities of Southern Wisconsin. Ecol
Monogr 27: 325–349.

Buchfink, B., Xie, C., and Huson, D.H. (2015) Fast and sen-
sitive protein alignment using DIAMOND. Nat Methods
12: 59–60.

Caporaso, J.G., Kuczynski, J., Stombaugh, J., Bittinger, K.,
Bushman, F.D., Costello, E.K., et al. (2010) QIIME allows
analysis of high-throughput community sequencing data.
Nat Methods 7: 335–336.

Cesare, A.D., Eckert, E., and Corno, G. (2016) Co-selection
of antibiotic and heavy metal resistance in freshwater
bacteria. J Limnol 75:1198.

Chen, J., He, F., Zhang, X., Sun, X., Zheng, J., and
Zheng, J. (2014) Heavy metal pollution decreases
microbial abundance, diversity and activity within parti-
cle-size fractions of a paddy soil. FEMS Microbiol Ecol
87: 164–181.

Chen, J., Li, J., Zhang, H., Shi, W., and Liu, Y. (2019) Bacterial
heavy-metal and antibiotic resistance genes in a copper Tail-
ing DamArea in NorthernChina.FrontMicrobiol 10:1916.

D’Costa, V.M., King, C.E., Kalan, L., Morar, M., Sung,
W.W.L., Schwarz, C., et al. (2011) Antibiotic resistance is
ancient. Nature 477: 457–461.

DeSantis, T.Z., Hugenholtz, P., Larsen, N., Rojas, M., Bro-
die, E.L., Keller, K., et al. (2006) Greengenes, a chimera-
checked 16S rRNA gene database and workbench com-
patible with ARB. Appl Environ Microbiol 72: 5069–5072.

Dotaniya, M.L., and Meena, V.D. (2015) Rhizosphere effect
on nutrient availability in soil and its uptake by plants: a
review. Proc Natl Acad Sci India Sect B Biol Sci 85: 1–
12.

Dunivin, T.K., Yeh, S.Y., and Shade, A. (2019) A global sur-
vey of arsenic-related genes in soil microbiomes. BMC
Biol 17: 45.

Fang, L., Li, X., Li, L., Li, S., Liao, X., Sun, J., and Liu, Y.
(2016) Co-spread of metal and antibiotic resistance within
ST3-IncHI2 plasmids from E. coli isolates of food-produc-
ing animals. Sci Rep 6: 25312.

Fierer, N., and Jackson, R.B. (2006) The diversity and bio-
geography of soil bacterial communities. Proc Natl Acad
Sci USA 103: 626–631.

Firrincieli, A., Presentato, A., Favoino, G., Marabottini, R.,
Allevato, E., Stazi, S.R., et al. (2019) Identification of
resistance genes and response to arsenic in Rhodococ-
cus aetherivorans BCP1. Front Microbiol 10:888.

Forsberg, K.J., Patel, S., Gibson, M.K., Lauber, C.L., Knight,
R., Fierer, N., and Dantas, G. (2014) Bacterial phylogeny
structures soil resistomes across habitats. Nature 509:
612–616.

Garten, C.T., Hamby, D.M., and Schreckhise, R.G. (2000)
Radiocesium discharges and subsequent environmental
transport at the major US weapons production facilities.
Sci Total Environ 255: 55–73.

Glenn, T.C., Nilsen, R.A., Kieran, T.J., Sanders, J.G., Bay-
ona-V�asquez, N.J., Finger, J.W., et al. (2019a) Adapter-
ama I: universal stubs and primers for 384 unique dual-
indexed or 147,456 combinatorially-indexed Illumina
libraries (iTru & iNext). PeerJ 7: e7755.

Glenn, T.C., Pierson, T.W., Bayona-V�asquez, N.J., Kieran,
T.J., Hoffberg, S.L., Thomas, J.C. IV, et al. (2019b) Adap-
terama II: universal amplicon sequencing on Illumina plat-
forms (TaggiMatrix). PeerJ 7: e7786.

Godoy, P., Molina-Henares, A.J., Torre, J.D.L., Duque, E.,
and Ramos, J.L. (2010) Characterization of the RND fam-
ily of multidrug efflux pumps: in silico to in vivo confirma-
tion of four functionally distinct subgroups. Microb
Biotechnol 3: 691–700.

Gonc�alves, A.C. Jr, Nacke, H., Schwantes, D., and Coelho,
G.F. (2014) Heavy metal contamination in Brazilian agri-
cultural soils due to application of fertilizers. In Environ-
mental Risk Assessment of Soil Contamination, 1st edn,
vol 4, Hern�andez-Soriano, M.C. (ed). Rijeka, Croatia:
InTech, pp. 105–135.

Gou, M., Hu, H.-W., Zhang, Y.-J., Wang, J.-T., Hayden, H.,
Tang, Y.-Q., and He, J.-Z. (2018) Aerobic composting
reduces antibiotic resistance genes in cattle manure and
the resistome dissemination in agricultural soils. Sci Total
Environ 612: 1300–1310.

Guan, X., Wang, Jinfeng, Zhao, H., Wang, Jianjun, Luo, X.,
Liu, F., and Zhao, F. (2013) Soil bacterial communities
shaped by geochemical factors and land use in a less-ex-
plored area, Tibetan Plateau. BMC Genom 14: 820.

Guardabassi, L., Perichon, B., van Heijenoort, J., Blanot, D.,
and Courvalin, P. (2005) Glycopeptide resistance vanA

ª 2020 The Authors. Microbial Biotechnology published by John Wiley & Sons Ltd and Society for Applied Microbiology., Microbial
Biotechnology, 13, 1179–1200

Influence of heavy metals on soils at the SRS 1197

https://gephi.org/


Operons in Paenibacillus Strains isolated from soil.
Antimicrob Agents Chemother 49: 4227–4233.

Guo, X., Liu, S., Wang, Z., Zhang, X., Li, M., and Wu, B.
(2014) Metagenomic profiles and antibiotic resistance
genes in gut microbiota of mice exposed to arsenic and
iron. Chemosphere 112: 1–8.

Hauck, R.D. (1982) Nitrogen—isotope-ratio analysis. In
Methods of Soil Analysis, Chemical and Microbiological
Properties. Page, A. (Ed.). Madison, WI, USA: American
Society of Agronomy, Inc. and Soil Science Society of
America, pp. 735–779.

Henriques, I., Tac~ao, M., Leite, L., Fidalgo, C., Ara�ujo, S.,
Oliveira, C., and Alves, A. (2016) Co-selection of antibiotic
and metal(loid) resistance in gram-negative epiphytic bac-
teria from contaminated salt marshes. Mar Pollut Bull
109: 427–434.

Hu, H.-W., Han, X.-M., Shi, X.-Z., Wang, J.-T., Han, L.-L.,
Chen, D., and He, J.-Z. (2016) Temporal changes of
antibiotic-resistance genes and bacterial communities in
two contrasting soils treated with cattle manure. FEMS
Microbiol Ecol 92: fiv169.

Hu, H.-W., Wang, J.-T., Li, J., Shi, X.-Z., Ma, Y.-B., Chen,
D., and He, J.-Z. (2017) Long-term nickel contamination
increases the occurrence of antibiotic resistance genes in
agricultural soils. Environ Sci Technol 51: 790–800.

Huson, D.H., Auch, A.F., Qi, J., and Schuster, S.C. (2007)
MEGAN analysis of metagenomic data. Genome Res 17:
377–386.

Hyatt, D., Chen, G.-L., LoCascio, P.F., Land, M.L., Larimer,
F.W., and Hauser, L.J. (2010) Prodigal: prokaryotic gene
recognition and translation initiation site identification.
BMC Bioinformatics 11: 119.

Ju, F., Xia, Y., Guo, F., Wang, Z., and Zhang, T. (2014)
Taxonomic relatedness shapes bacterial assembly in acti-
vated sludge of globally distributed wastewater treatment
plants. Environ Microbiol 16: 2421–2432.

Ju, F., Li, B., Ma, L., Wang, Y., Huang, D., and Zhang, T.
(2016) Antibiotic resistance genes and human bacterial
pathogens: co-occurrence, removal, and enrichment in
municipal sewage sludge digesters. Water Res 91: 1–10.

Kaiser, K., Wemheuer, B., Korolkow, V., Wemheuer, F.,
Nacke, H., Sch€oning, I., et al. (2016) Driving forces of soil
bacterial community structure, diversity, and function in
temperate grasslands and forests. Sci Rep 6: srep33696.

Kim, M., Cho, A., Lim, H.S., Hong, S.G., Kim, J.H., Lee, J.,
et al. (2015) Highly heterogeneous soil bacterial commu-
nities around Terra Nova Bay of Northern Victoria Land,
Antarctica. PLoS ONE 10: e0119966.

Kirsten, W.J., and Hesselius, G.U. (1983) Rapid, automatic,
high capacity dumas determination of nitrogen. Micro-
chem J 28: 529–547.

Klein, E.Y., Van Boeckel, T.P., Martinez, E.M., Pant, S.,
Gandra, S., Levin, S.A., et al. (2018) Global increase and
geographic convergence in antibiotic consumption
between 2000 and 2015. Proc Natl Acad Sci USA 115:
E3463.

Klindworth, A., Pruesse, E., Schweer, T., Peplies, J., Quast,
C., Horn, M., and Gl€ockner, F.O. (2013) Evaluation of
general 16S ribosomal RNA gene PCR primers for classi-
cal and next-generation sequencing-based diversity stud-
ies. Nucleic Acids Res 41: e1.

Knapp, C.W., McCluskey, S.M., Singh, B.K., Campbell,
C.D., Hudson, G., and Graham, D.W. (2011) Antibiotic
resistance gene abundances correlate with metal and
geochemical conditions in archived Scottish Soils. PLoS
ONE 6: e27300.

Knapp, C.W., Callan, A.C., Aitken, B., Shearn, R., Koen-
ders, A., and Hinwood, A. (2017) Relationship between
antibiotic resistance genes and metals in residential soil
samples from Western Australia. Environ Sci Pollut Res
Int 24: 2484–2494.

Kruskal, J.B. (1964) Multidimensional scaling by optimizing
goodness of fit to a nonmetric hypothesis. Psychometrika
29: 1–27.

Krzywinski, M.I., Schein, J.E., Birol, I., Connors, J., Gas-
coyne, R., Horsman, D., et al. (2009) Circos: an informa-
tion aesthetic for comparative genomics. Genome Res 19
(9): 1639–1645.

Langille, M.G.I., Zaneveld, J., Caporaso, J.G., McDonald,
D., Knights, D., Reyes, J.A., et al. (2013) Predictive
functional profiling of microbial communities using 16S
rRNA marker gene sequences. Nat Biotechnol 31: 814–
821.

Lauber, C.L., Hamady, M., Knight, R., and Fierer, N. (2009)
Pyrosequencing-based assessment of soil pH as a pre-
dictor of soil bacterial community structure at the conti-
nental scale. Appl Environ Microbiol 75: 5111–5120.

Leff, L.G., Vaun McArthur, J., and Shimkets, L.J. (1993)
Spatial and temporal variability of antibiotic resistance in
freshwater bacterial assemblages. FEMS Microbiol Ecol
13: 135–143.

Legendre, P., and Anderson, M.J. (1999) Distance-based
redundancy analysis: testing multispecies responses in
multifactorial ecological experiments. Ecol Monogr 69: 1–
24.

Li, B., Yang, Y., Ma, L., Ju, F., Guo, F., Tiedje, J.M., and
Zhang, T. (2015) Metagenomic and network analysis
reveal wide distribution and co-occurrence of environmen-
tal antibiotic resistance genes. ISME J 9: 2490–2502.

Li, L.-G., Xia, Y., and Zhang, T. (2017) Co-occurrence of
antibiotic and metal resistance genes revealed in com-
plete genome collection. ISME J 11: 651–662.

Lord, C.G., Gaines, K.F., Boring, C.S., Brisbin, I.L. Jr, Goch-
feld, M., and Burger, J. (2002) Raccoon (Procyon lotor)
as a bioindicator of mercury contamination at the U.S.
Department of Energy’s Savannah River Site. Arch Envi-
ron Contam Toxicol 43: 356–363.

Mago�c, T., and Salzberg, S.L. (2011) FLASH: fast length
adjustment of short reads to improve genome assemblies.
Bioinformatics 27: 2957–2963.

McArthur, A.G., Waglechner, N., Nizam, F., Yan, A., Azad,
M.A., Baylay, A.J., et al. (2013) The comprehensive
antibiotic resistance database. Antimicrob Agents Che-
mother 57: 3348–3357.

McArthur, J.V., Fletcher, D.E., Tuckfield, R.C., and Baker-
Austin, C. (2016) Patterns of multi-antibiotic-resistant
Escherichia coli from streams with no history of antimicro-
bial inputs. Microb Ecol 72: 840–850.

McArthur, J.V., Dicks, C.A., Bryan, A.L., and Tuckfield, R.C.
(2017) The effects of low-level ionizing radiation and cop-
per exposure on the incidence of antibiotic resistance in
lentic biofilm bacteria. Environ Pollut 228: 390–397.

ª 2020 The Authors. Microbial Biotechnology published by John Wiley & Sons Ltd and Society for Applied Microbiology., Microbial
Biotechnology, 13, 1179–1200

1198 J. C. Thomas et al.



McCreedy, C.D., Jagoe, C.H., Glickman, L.T., and Brisbin, I.L.
(1997) Bioaccumulation of cesium-137 in yellow bullhead
catfish (Ameiurus natalis) inhabiting an abandoned nuclear
reactor reservoir. Environ Toxicol Chem 16: 328–335.

McMurdie and Holmes (2013) phyloseq: An R package for
reproducible interactive analysis and graphics of micro-
biome census data. PLoS ONE 8: e61217.

Moffett, B.F., Nicholson, F.A., Uwakwe, N.C., Chambers,
B.J., Harris, J.A., and Hill, T.C.J. (2003) Zinc contamina-
tion decreases the bacterial diversity of agricultural soil.
FEMS Microbiol Ecol 43: 13–19.

Murray, S.M., Gaines, K.F., Novak, J.M., Gochfeld, M., and
Burger, J. (2010) DNA double-strand breakage as an
endpoint to examine metal and radionuclide exposure
effects to water snakes on a nuclear industrial site. Hum
Ecol Risk Assess Int J 16: 282–300.

Nelson, N.S. (1987) An acid-persulfate digestion procedure
for determination of phosphorus in sediments. Commun
Soil Sci Plant Anal 18: 359–369.

Nesme, J., and Simonet, P. (2015) The soil resistome: a
critical review on antibiotic resistance origins, ecology and
dissemination potential in telluric bacteria. Environ Micro-
biol 17: 913–930.

Nesme, J., C�ecillon, S., Delmont, T.O., Monier, J.-M., Vogel,
T.M., and Simonet, P. (2014) Large-scale metagenomic-
based study of antibiotic resistance in the environment.
Curr Biol 24: 1096–1100.

Ortmann, A.C., and Lu, Y. (2015) Initial community and
environment determine the response of bacterial commu-
nities to dispersant and oil contamination. Mar Pollut Bull
90: 106–114.

Pal, C., Bengtsson-Palme, J., Rensing, C., Kristiansson, E.,
and Larsson, D.G.J. (2014) BacMet: antibacterial biocide
and metal resistance genes database. Nucleic Acids Res
42: D737–D743.

Pal, C., Bengtsson-Palme, J., Kristiansson, E., and Larsson,
D.G.J. (2015) Co-occurrence of resistance genes to
antibiotics, biocides and metals reveals novel insights into
their co-selection potential. BMC Genom 16: 964.

Paliy, O., and Shankar, V. (2016) Application of multivariate
statistical techniques in microbial ecology. Mol Ecol 25:
1032–1057.

Parks, D.H., Tyson, G.W., Hugenholtz, P., and Beiko, R.G.
(2014) STAMP: statistical analysis of taxonomic and func-
tional profiles. Bioinformatics 30: 3123–3124.

Pruden, A., Larsson, D.G.J., Am�ezquita, A., Collignon, P.,
Brandt, K.K., Graham, D.W., et al. (2013) Management
options for reducing the release of antibiotics and antibi-
otic resistance genes to the environment. Environ Health
Perspect 121: 878–885.

de Quadros, P.D., Zhalnina, K., Davis-Richardson, A.G., Drew,
J.C., Menezes, F.B., de Camargo, F.A., and Triplett, E.W.
(2016) Coal mining practices reduce the microbial biomass,
richness and diversity of soil.Appl Soil Ecol 98: 195–203.

Rognes, T., Flouri, T., Nichols, B., Quince, C., and Mah�e, F.
(2016) VSEARCH: a versatile open source tool for
metagenomics. PeerJ 4: e2584. https://doi.org/10.7717/
peerj.2584

Seaman, J.C., Looney, B.B., and Harris, M.K. (2007)
Research in support of remediation activities at the
Savannah River Site. Vadose Zone J 6: 316–326.

Seemann, T. (2014) Prokka: rapid prokaryotic genome
annotation. Bioinforma Oxf Engl 30: 2068–2069.

Seiler, C., and Berendonk, T.U. (2012) Heavy metal driven
co-selection of antibiotic resistance in soil and water bod-
ies impacted by agriculture and aquaculture. Front Micro-
biol 3:399.

Stepanauskas, R., Glenn, T.C., Jagoe, C.H., Tuckfield,
R.C., Lindell, A.H., King, C.J., and McArthur, J.V. (2006)
Coselection for microbial resistance to metals and antibi-
otics in freshwater microcosms. Environ Microbiol 8:
1510–1514.

Stephens, J.A., Whicker, F.W., and Ibrahim, S.A. (1998)
Sorption of Cs and Sr to profundal sediments of a Savan-
nah River Site reservoir. J Environ Radioact 38: 293–315.

Storey, J.D. (2011) False discovery rate. In International
Encyclopedia of Statistical Science. Lovric, M. (ed). Ber-
lin, Heidelberg: Springer, pp. 504–508.

Su, C., Jiang, L., and Zhang, W. (2014) A review on heavy
metal contamination in the soil worldwide: situation,
impact and remediation techniques. Environ Skept Crit. 3:
24–38.

Tannenbaum, L.V., and Beasley, J.C. (2016) Validating
mammalian resistance to stressor-mediated reproductive
impact using rodent sperm analysis. Ecotoxicology 25:
584–593.

Ventola, C.L. (2015) The antibiotic resistance crisis. Pharm
Ther 40: 277–283.

Wales, A.D., and Davies, R.H. (2015) Co-selection of resis-
tance to antibiotics, biocides and heavy metals, and its
relevance to foodborne pathogens. Antibiotics 4: 567–
604.

Wei, B., and Yang, L. (2010) A review of heavy metal con-
taminations in urban soils, urban road dusts and agricul-
tural soils from China. Microchem J 94: 99–107.

Wieland, G., Neumann, R., and Backhaus, H. (2001) Varia-
tion of microbial communities in soil, rhizosphere, and rhi-
zoplane in response to crop species, soil type, and crop
development. Appl Environ Microbiol 67: 5849–5854.

Wright, M.S., Loeffler Peltier, G., Stepanauskas, R., and
McArthur, J.V. (2006) Bacterial tolerances to metals and
antibiotics in metal-contaminated and reference streams.
FEMS Microbiol Ecol 58: 293–302.

Wu, Y., Zeng, J., Zhu, Q., Zhang, Z., and Lin, X.
(2017) pH is the primary determinant of the bacte-
rial community structure in agricultural soils
impacted by polycyclic aromatic hydrocarbon pollu-
tion. Sci Rep 7: srep40093.

Wu, S., Zhao, Y.-H., Feng, X., and Wittmeier, A. (1996)
Application of inductively coupled plasma mass spectrom-
etry for total metal determination in silicon-containing solid
samples using the microwave-assisted nitric acid–hy-
drofluoric acid–hydrogen peroxide–boric acid digestion
system. J Anal At Spectrom 11: 287–296.

Wuana, R.A., and Okieimen, F.E. (2011) Heavy metals in
contaminated soils: a review of sources, chemistry, risks
and best available strategies for remediation. Int Sch Res
Not 2011: 1–20.

Yang, Y., Jiang, X.-T., and Zhang, T. (2014) Evaluation of a
hybrid approach using UBLAST and BLASTX for metage-
nomic sequences annotation of specific functional genes.
PLoS ONE 9: e110947.

ª 2020 The Authors. Microbial Biotechnology published by John Wiley & Sons Ltd and Society for Applied Microbiology., Microbial
Biotechnology, 13, 1179–1200

Influence of heavy metals on soils at the SRS 1199

https://doi.org/10.7717/peerj.2584
https://doi.org/10.7717/peerj.2584


Yang, Y., Li, Z., Song, W., Du, L., Ye, C., Zhao, B., et al. (2019)
Metagenomic insights into the abundance and composition
of resistance genes in aquatic environments: Influence of
stratification and geography. Environ Int 127: 371–380.

Yin, X., Jiang, X.-T., Chai, B., Li, L., Yang, Y., Cole, J.R.,
et al. (2018) ARGs-OAP v2.0 with an expanded SARG
database and Hidden Markov Models for enhancement
characterization and quantification of antibiotic resistance
genes in environmental metagenomes. Bioinforma Oxf
Engl 34: 2263–2270.

Zankari, E., Hasman, H., Cosentino, S., Vestergaard, M.,
Rasmussen, S., Lund, O., et al. (2012) Identification of
acquired antimicrobial resistance genes. J Antimicrob
Chemother 67: 2640–2644.

Zhao, Y., Su, J.-Q., An, X.-L., Huang, F.-Y., Rensing, C.,
Brandt, K.K., and Zhu, Y.-G. (2018) Feed additives shift
gut microbiota and enrich antibiotic resistance in swine
gut. Sci Total Environ 621: 1224–1232.

Zhou, J., Xia, B., Treves, D.S., Wu, L.-Y., Marsh, T.L.,
O’Neill, R.V., et al. (2002) Spatial and resource factors
influencing high microbial diversity in soil. Appl Environ
Microbiol 68: 326–334.

Supporting information

Additional supporting information may be found online in
the Supporting Information section at the end of the arti-
cle.
Table S1. Group differences in soil taxa.
Table S2. Group differences in soil taxa between Upper
Three Runs and Ash Basins.
Table S3. Group differences in soil taxa between Upper
Three Runs and Pond B.
Table S4. Group differences in soil taxa between Upper
Three Runs and Tim's Branch.
Table S5. Effects of main factors and their interactions ass-
esed by PERMANOVA. Main factors represent site

(Location) (Ash Basins, Pond B, Tim's Branch, Upper Three
Runs). Values in table represent the F-ratio (F), the level of
significance, ns, not significance (P < 0.05).
Table S6. Relative position of soil samples in the biplot is
based on log transformed Bray Curtis dissimilarities. Vectors
indicate the weight and direction of those edaphic properties
or heavy metals that were best predictors of soil bacterial
composition as suggested by the results of the distance-
based linear model (distLM). The dbRDA axes describe the
percentage of the fitted or total variation explained by each
axis while being constrained to account for group differ-
ences.
Table S7. PICRUSt predicted metagenome contributions of
soil samples.
Table S8. Metagenome sequencing summary.
Table S9. Information on assembly, contigs and ORFs.
Table S10. ARG types by site (percentage).
Table S11. Relative abundance of ARGs per 16S copy. (*)
indicates significant differences in ARG type based on one-
way ANOVA or Kruskal-Wallis analysis of variance (P <
0.05).
Table S12. Alpha diversity indices for ARGs (SARGfam).
Table S13. Bacmet Ids, genes, and antibiotic, biocide, or
metal type.
Table S14. Relative abundance of ARGs/MRG types
detected using BacMet v2.0 database.
Table S15. Relative abundance of ARGs/MRGs per 16S
copy (BacMet v2.0 database). (*) indicates significant differ-
ences in ARG type based on one-way ANOVA or Kruskal-
Wallis analysis of variance (P < 0.05)Relative abundance of
ARGs/MRGs per 16S copy (BacMet v2.0 database). (*) indi-
cates significant differences in ARG type based on one-way
ANOVA or Kruskal-Wallis analysis of variance (P < 0.05)
Table S16. Alpha diversity indices for antimicrobial/biocide
efflux genes (BacMet).
Table S17. Alpha diversity indices for MRGs (BacMet).
Table S18. Obeserved vs Random Co-occurrence.
Data S1.Supplementary Methods and scripts used for
Ublast_blastx approach

ª 2020 The Authors. Microbial Biotechnology published by John Wiley & Sons Ltd and Society for Applied Microbiology., Microbial
Biotechnology, 13, 1179–1200

1200 J. C. Thomas et al.


