& frontiers

’ @ Check for updates ‘

OPEN ACCESS

EDITED BY
Graciela L. Lorca,
University of Florida,
United States

REVIEWED BY
Ying Yang,

Sun Yat-sen University,
China

Florentin Constancias,
ETH Zurich,
Switzerland

*CORRESPONDENCE

Stefania Magnusdottir
stefania.magnusdottir@ufz.de

Ulisses Nunes da Rocha
ulisses.rocha@ufz.de

SPECIALTY SECTION
This article was submitted to
Microbial Physiology and Metabolism,
a section of the journal

Frontiers in Microbiology

RECEIVED 06 September 2022
ACCEPTED 02 January 2023
PUBLISHED 25 January 2023

CITATION

Magnusdottir S, Saraiva JP, Bartholomaus A,
Soheili M, Toscan RB, Zhang J, Nunes da
Rocha U and CLUE-TERRA consortium (2023)
Metagenome-assembled genomes indicate
that antimicrobial resistance genes are highly
prevalent among urban bacteria and multidrug
and glycopeptide resistances are ubiquitous in
most taxa.

Front. Microbiol. 14:1037845.

doi: 10.3389/fmicb.2023.1037845

COPYRIGHT
© 2023 Magnusdattir, Saraiva, Bartholomaus,
Soheili, Toscan, Zhang, Nunes da Rocha and
CLUE-TERRA consortium. This is an open-
access article distributed under the terms of the
Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other
forums is permitted, provided the original
author(s) and the copyright owner(s) are
credited and that the original publication in this
journal is cited, in accordance with accepted
academic practice. No use, distribution or
reproduction is permitted which does not
comply with these terms.

Frontiers in Microbiology

Frontiers in Microbiology

TYPE Original Research
PUBLISHED 25 January 2023
pol 10.3389/fmicb.2023.1037845

Metagenome-assembled genomes
Indicate that antimicrobial resistance
genes are highly prevalent among
urban bacteria and multidrug and
glycopeptide resistances are
ubiquitous in most taxa

Stefania Magnusdottir®*, Joao Pedro Saraiva?,

Alexander Bartholomaus?, Majid Soheili*, Rodolfo Brizola Toscan?,
Junya Zhang*#, Ulisses Nunes da Rocha*and CLUE-TERRA
consortium

!Department of Environmental Microbiology, Helmholtz Centre for Environmental Research-UFZ, Leipzig,
Germany, 2GFZ German Research Centre for Geosciences, Section Geomicrobiology, Potsdam, Germany,
3Department of Isotope Biogeochemistry, Helmholtz Centre for Environmental Research-UFZ, Leipzig,
Germany, “Research Center for Eco-Environmental Sciences, Chinese Academy of Sciences, Beijing, China

Introduction: Every year, millions of deaths are associated with the increased spread
of antimicrobial resistance genes (ARGs) in bacteria. With the increasing urbanization
of the global population, the spread of ARGs in urban bacteria has become a more
severe threat to human health.

Methods: In this study, we used metagenome-assembled genomes (MAGs) recovered
from 1,153 urban metagenomes in multiple urban locations to investigate the fate
and occurrence of ARGs in urban bacteria. Additionally, we analyzed the occurrence
of these ARGs on plasmids and estimated the virulence of the bacterial species.

Results: Our results showed that multidrug and glycopeptide ARGs are ubiquitous among
urban bacteria. Additionally, we analyzed the deterministic effects of phylogeny on the
spread of these ARGs and found ARG classes that have a non-random distribution within
the phylogeny of our recovered MAGs. However, few ARGs were found on plasmids and
most of the recovered MAGs contained few virulence factors.

Discussion: Our results suggest that the observed non-random spreads of ARGs are
not due to the transfer of plasmids and that most of the bacteria observed in the
study are unlikely to be virulent. Additional research is needed to evaluate whether
the ubiquitous and widespread ARG classes will become entirely prevalent among
urban bacteria and how they spread among phylogenetically distinct species.

KEYWORDS

Antimicrobial resistance, urban, prevalence, metagenome-assembled genome, bacteria,
virulence factor, plasmid

Introduction

Every year, millions of human deaths can be associated with the spread of antimicrobial
resistance genes (ARGs) in microbes, and antibiotic resistance will become the leading cause of
death worldwide within the next decade (United Nations, 2016). Every year, the proportion of the
global population living in urban environments increases, and to this date, more than half of the
world population lives in urban environments (United Nations, 2018). People living in urban
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environments have more common surface areas that can be viewed as
hot spots for microbial spread (e.g., public transit infrastructures,
supermarkets, and park benches). People touch these common areas,
leave, and pick up microbes through those contacts.

Antimicrobial resistance is a natural defense mechanism in bacteria
and the spread of ARGs among bacteria is a naturally occurring
phenomenon observed even in pristine environments. ARGs have, for
example, been found in bacteria isolated from 2,000-year-old glacial ice
and water samples (Dancer et al., 1997) and in metagenomic samples
from over 10,000-year-old sediments (Song et al., 2005). However,
because of the everyday use of antibiotics in healthcare and food
production (United Nations, 2016), antimicrobial resistance is spreading
among the microbes in our environment at an alarming rate.

A recent study showed that most samples from urban environments
have some ARG levels (Danko et al., 2021). However, these studies did
not report ARG spread among urban bacterial taxa. In this study,
we aimed to investigate the spread of different types and classes of ARGs
in urban bacteria. We gathered publicly available metagenomic
sequences from studies that collected samples from urban environments.
We then recovered metagenome-assembled genomes (MAGs) from
each sample and searched for the presence of known ARGs in these
genomes. Current protein alignment methods fail to identify over a
third of microbial proteins (Bileschi et al., 2022). We, therefore, opted to
use DeepARG (Arango-Argoty et al., 2018) to identify ARGs in urban
MAGs. DeepARG is a deep learning model specifically trained to
identify ARGs belonging to over 30 different classes in bacterial genomes.

Our findings show that ARGs are present at all branches in the
phylogenetic tree of our recovered MAGs, and several ARG classes have
already spread throughout the entire phylogenetic tree. We also see
many ARG classes that are prevalent among urban bacteria but have not
yet fully spread throughout the phylogenetic tree. These ARG classes
need further investigation to evaluate how quickly we must act before
these ARGs spread across the entire phylogenetic tree.

Materials and methods
Urban metagenome selection

We extracted metagenomic samples belonging to wurban
environments (TMDB biome: “urban”) from the Terrestrial Metagenome
Database (Corréa et al., 2019), which is a part of the Collaborative Multi-
domain Exploration of Terrestrial metagenomes (CLUE-TERRA)
consortium.! Metagenomic samples in the CLUE-TERRA consortium
have previously been filtered based on the following criteria: (i) Because
non-metagenomic libraries in the Sequence Read Archive (SRA) can
be wrongfully annotated as metagenomic, only true whole genome
shotgun (WGS) libraries were kept. This was achieved using PARTIE
(Torres et al., 2017), using default parameters. (ii) Metagenomes with
sequence quality scores below 70%, determined using SRA-Tinder? with
default parameters, were discarded. (iii) To allow for comparative
studies, only metagenomes sequenced using the Illumina sequencing
platform and with a minimum of 8 million paired-end reads per library
were kept. (iv) Given the CLUE-TERRA consortium’s focus on terrestrial
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environments, all libraries containing coordinates or terms for sea
environments were excluded. After filtering, metagenomes from 1,023
SRA experiments remained from four different studies: (i) “Urban
waterways sediment Metagenome” (BioProject: PRINA267173, SRA:
SRP051069) (Saxena et al., 2018), (ii) “New York City MTA subway
samples Metagenome” (BioProject: PRINA271013, SRA: SRP051511)
(Afshinnekoo et al., 2015), (iii) “Metagenomics based spatiotemporal
study of Chicago River microbiome” (BioProject: PRJNA336577, SRA:
SRP080963), and (iv) “Antimicrobial resistance of urban water samples”
(BioProject: PRINA400857, SRA: SRP116665) (Supplementary Table 1).
We downloaded the SRA run tables using the SRA run selector® and the
SRA accession IDs.

Pre-processing and library assembly

Metagenome-assembled genomes (MAGs) were recovered using the
Multi-Domain Genome Recovery tool (MuDoGeR) (Nunes da Rocha
et al,, 2022). In short, the raw reads were quality-controlled using
metaWrap (Uritskiy et al., 2018) with default parameters. Trimming of raw
reads was performed using TrimGalore* with the default settings. High-
quality reads (using default Phred scores from TrimGalore) were aligned
to potential host genomes using bmtagger (Rotmistrovsky and Agarwala,
2011) using default parameters and the human build 38 patch release 12
database (GRCh38.p12). This alignment aims to remove human DNA
contamination and read pairs with only a single aligned read from the
metagenomic libraries. We used metaSpades (Nurk et al., 2017) to assemble
the reads using default parameters. We then binned the assembled contigs
into MAGs using Metabat2 (Kang et al., 2019), Maxbin2 (Wu et al., 2016),
and CONCOCT (Alneberg et al., 2014). The recovered bins were refined
and dereplicated (Nunes da Rocha et al., 2022). All assembled bins were
quality-checked using CheckM (Parks et al,, 2015) and filtered for
metagenome-assembled genomes (MAGs) based on the following criteria:
at least 50% completeness and less than 10% contamination based on
CheckM results (medium and high-quality MAGs), and a quality score
higher or equal to 50, where quality score = completeness-5*contamination”
(Parks et al., 2017; Supplementary Table 2).

Genomic operational taxonomic unit
clustering and taxonomy classification

We used the OTU picking script from Module 5 in the MuDoGeR
tool (Nunes da Rocha et al., 2022) with default parameters to cluster the
4,281 MAGs into genomic operational taxonomic units (gOTUs). In
short, the tool first filtered out MAGs that did not meet the following
criteria: at least 50% completeness, a quality score higher than 50, and
an N50 higher or equal to 10,000. It then divided the 2,073 remaining
MAGs into taxonomic groups based on their GTDB-tk classifications
(Chaumeil et al., 2019). Finally, it used FastANI (Jain et al., 2018) to
cluster the MAGs into gOTUs based on an average nucleotide identity
(ANI) of 95, which can be used as a proxy for species (Jain et al., 2018).
To each gOTU, we assigned a “best bin” that represents the cluster. The
“best bin” was defined as the bin with the highest quality score. In the
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event of a tie, we selected the bin with the lowest number of contigs, then
the highest N50, and finally, the lowest strain heterogeneity. GTDB
taxon names are often appended with an alphabetic, which means that
the taxon is either not monophyletic in the GTDB reference tree or its
placement in the tree is unstable (Parks et al., 2022). For simplicity,
we have removed these suffixes in our analysis, but all unmodified
GTDB-tk classification names are listed in Supplementary Table 3.

Antimicrobial gene annotation

We used DeepARG-LS (Arango-Argoty et al., 2018) to identify
ARGs (ARGs) in each MAG. We first translated the MAG genome
sequences to amino acid sequences using the faTrans tool from
KentUtils (Kent, 2022). We defined ARGs as present in our MAGs when
they met the following DeepARG-LS output criteria: equal or higher
than 80% probability, an e-value lower than 1 x107'°, and percent
identity of 35% or higher, as done by Wicaksono et al. in a recent study
(Wicaksono et al.,, 2021; Supplementary Table 4). We chose the 35%
identity cutoff to utilize the novel ARG prediction power of the
DeepARG-LS model. A cutoff of 50% identity or higher allows for the
prediction of high-quality ARGs (Arango-Argoty et al., 2018). However,
because we are working with MAGs, which largely reflect the uncultured,
and thus less known, proportion of urban prokaryotes, it is fitting to
allow for the prediction of novel ARGs within our data. In order to test
whether our findings resulted from an overestimation of ARGs,
we repeated our analyses with the default DeepARG-LS 50% identity
cutoff (Supplementary Figures 1-4) We converted all ARG identifiers to
upper case to standardize the IDs and removed the differentiation
between gene and protein identifiers. The correlation between the
numbers of ARGs in an ARG class and the numbers of gOTUs
containing at least one MAG with at least one ARG from an ARG class
was calculated using Kendall’s rank correlation. Kendall’s tau can
be used to evaluate the correlation of non-linear monotonic continuous
data as an alternative to Pearson correlation, which assumes linearity, an
assumption that our data does not fulfill (Puth et al., 2015).

Predicting plasmid sequences and virulence
factors

We used PlasFlow (Krawczyk et al., 2018) with default parameters
and a threshold of 0.7 to predict the sequence types of all sequences that
were at least 1,000 base pairs long in all of our MAGs
(Supplementary Table 5). Additionally, we aligned the MAG nucleotide
sequences to all amino acid sequences belonging to the Victors database
of virulence factors (Sayers et al., 2019) using blastx. Virulence factors
with an e-value lower than 1 x 107" and a percent identity above 80 were
considered (Supplementary Table 6). The number of virulence factors
per gOTU was calculated by counting the unique Victors virulence
factors aligned to at least one of the MAGs belonging to the gOTU.

Prevalence and randomness of ARGs in
different taxonomic levels

Prevalences of ARGs and ARG classes in gOTUs were calculated

based on the presence and absence of each ARG in each MAG. For each
gOTU, the prevalence was calculated as the number of MAGs containing
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the ARG or ARG belonging to an ARG class, divided by the number of
MAGs belonging to the respective cluster, similar to the prevalence
definition by Danko et al. (2021) (Supplementary Table 7). Weighted
average prevalence (WAP) was calculated per ARG class on the phylum
level by multiplying each phylum’s prevalence with the number of
gOTU species in that phylum and dividing the result with the
total number of gOTUs, and finally adding up all the values:

P
WAP=Y"

i=1

prevalence; x number of gOTUs;
total number of gOTUs

, where p is the number

of unique phyla. For each ARG class, we calculated the normalized
mutual information (NMI) per taxonomic class using the taxonomic
order level to categorize the data using the “aricode” package in R
(Chiquet et al., 2020). In information theory, the mutual information
(MI) of two variables is a measure that can compute the mutual
dependency between those variables (Press et al., 1992). In other words,
this measure quantifies the amount of information obtained about a
variable by observing the other random variable. The value of the MI
can be between [0, oo], where a zero value means that there is no
dependency between two variables. The regular version of the MI is
known as NMI, where values have been normalized to the range [0,1],
and bias to the variable with a larger number of bins is removed (Singh
et al., 2014). To test if the differences we observed using NMI were
significant, we used Pearson’s chi-squared test, which can be used to
assess if there is a statistically significant difference between two
categorical variables (Xia and Sun, 2017). When the chi-squared test’s
significance value was less than 0.05, we assigned a significant difference
used in the NMI calculation

between the two variables

(Supplementary Table 8).

Phylogenetic tree

Phylogenetic trees were created using the GTDB-tk taxonomic
classifications of each MAG or gOTU. The GTDB-tk taxon levels were
uploaded to the phyloT (v2) webpage,® (accessed 01.08.2022) to generate
the tree (Letunic, 2022). As input, we used the lowest taxonomic level
provided by the GTDB-tk classification of each gOTU’s best MAG
(Supplementary Table 3). However, not all identifiers were accepted as
input in the phyloT tool. In these cases, we first used the phyloT search
function to check for an alternate identifier for the same taxonomic
level. When that did not result in a valid identifier, we instead used the
next higher taxonomic level provided by GTDB-tk classification. At the
lowest accepted levels, the 317 gOTUs belonged to 305 GTDB identifiers
that were accepted as input into phyloT, out of which 283 are represented
as leaves in the final tree. In the tree, gOTUs belonging to the same
GTDB identifier cannot be differentiated. The tree and heatmap were
plotted using the R package “gtree” (Guangchuang, 2020).

Data availability statement

Metagenome-assembled genome sequences are available in the
NCBI BioProject database (BioProject accession number PRINA850115).
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All analyzed data sets are available as Supplementary material on the
publisher’s page, and the code is available on GitHub.®

Results

The recovered urban MAGs are of high
quality and taxonomically diverse

We recovered 1,396 medium (completeness >50, contamination
<10) and 2,885 high (completeness >90, contamination <5) quality
MAGs (4,281 in total) from 1,023 metagenomic samples of four different
studies that contained urban terrestrial metagenomes from diverse
surfaces (Supplementary Table 1; Supplementary Figure 5). According
to the GTDB-tk classification (Chaumeil et al., 2019), the 4,281
recovered MAGs belonged to 17 different phyla, Supplementary Figure 6;
Supplementary Table 3. We performed genomic operational taxonomic
unit (gOTU) clustering on the 4,281 MAGs. After filtering, 2,073 MAGs
divided into 317 gOTUs (ie,
Supplementary Table 3), where each gOTU contains MAGs that belong
to the same species. Of the 2,073 MAGs, 13.6% were of medium quality
and 86.4% of high-quality (Figure 1). The 317 gOTUs were assigned to
259 known GTDB-tk species and 58 potentially novel species belonging
to 13 phyla. The majority (292) of the gOTUs belonged to the four phyla
most commonly found in urban metagenomic samples (Danko et al.,
2021): Actinobacteria (15 gOTUs; 11 known species), Bacteroidota (34
gOTUs; 25 known species), Firmicutes (53 gOTUs; 26 known species),
and Proteobacteria (190 gOTUs; 172 known species). Other phyla
included Cyanobacteria (5 gOTUs; 2 known species) and Patescibacteria
(12 gOTUs, 1 known species). We identified the presence of ARGs in
each MAG using DeepARG-LS (Arango-Argoty et al., 2018). ARGs with

were distinct species;

6 https://github.com/mdsufz/UrbanARGs
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equal or higher than 80% probability, an e-value lower than 1 x 107,
and percent identity of 35% or higher (Wicaksono et al., 2021) were
considered present. Because we are working with MAGs that largely
reflect the uncultured, and thus less known, proportion of urban
prokaryotes, it is fitting to allow for the prediction of novel ARGs within
our data. Therefore, we chose the 35% percent identity cutoff to utilize
the novel ARG prediction power of the DeepARG-LS model. Out of the
2,073 MAGs assigned to gOTUs, 2,046 (98.7%) contained at least one
ARG, with an average of 8 ARGs per MAG (Figure 1B).

Multiple antimicrobial resistance gene
classes are highly prevalent in all detected
branches of the urban bacterial phylogeny

We found that the ARGs showing resistance to multidrug and
glycopeptides had already spread among most urban bacterial gOTUs
(Figure 2A). We also saw that ARGs of macrolide-lincosamide-
streptogramin (MLS), beta-lactam, and bacitracin were already present
in two-thirds of our gOTUs. Beta-lactam, bacitracin, MLS, and
unclassified ARGs followed the multidrug and glycopeptide ARGs,
being present in over half of all gOTUs (Figure 2A). To investigate the
spread of these ARGs in urban bacteria, we calculated the prevalence of
all ARG classes among the MAGs within each gOTU (Figure 2B).
We defined four categories based on ARG prevalence: i) ubiquitous
(prevalence >0.75), ii) widespread (0.5 < prevalence <0.75), iii) common
(0.25 < prevalence <0.5), and iv) sparse (0 < prevalence <0.25). Based on
the dendrogram in Figure 2B, we observed that, based on their
prevalence on the phylum level, the 29 ARG classes could be divided
into four groups, each group corresponding to one of the four categories
based on the weighted average of the prevalence (WAP) among the four
phyla. The first group mainly contained sparse classes, the second group
contained the two ubiquitous classes, glycopeptide and multidrug, the
third group contained mostly common classes, and the fourth group
contained widespread classes.
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TABLE 1 Resistance mechanisms of the ARGs that were found in more than
100 gOTUs.

ARG ARG class Resistance mechanism
Multidrug ABC transporter | Multidrug Antibiotic efflux*

ompR Multidrug Not available in CARD

penA Beta-lactam Antibiotic target alteration

vanR Glycopeptide Antibiotic target alteration

vanRI Glycopeptide Antibiotic target alteration

sul4 Sulfonamide Antibiotic target replacement
bacA Bacitracin Antibiotic target alteration

Resistance mechanisms were taken from the CARD database (Alcock et al., 2019). *Not
available by name in CARD, but because the names include the word “transporter,” we assign
the antibiotic efflux mechanism.

In total, we found 13 ARG classes that were present in 100 or more
gOTUs (Figure 2A). However, we also investigated the prevalence of
individual ARGs among the 317 gOTUs and found that 5 out of the 30
ARG classes contained a total of seven individual ARGs that were found
in 100 or more gOTUs (Figure 2C). This means that the ARGs within
some ARG classes had spread across different gOTUs. In the next
section, we dive deeper into the spread of ARGs in the urban prokaryotic
tree of life by testing whether ARGs were randomly spread across
different taxonomic levels. According to the CARD database, most of
the highly prevalent ARGs have target-altering or efflux pump resistance
mechanisms (Table 1; Alcock et al., 2019).

Our analysis also showed that the number of ARGs within an ARG
class was not indicative of the ARG class prevalence (Figure 2C). The
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multidrug class was the most prevalent ARG class in our data and had
the most individual ARGs. However, vanR was the most prevalent ARG
in our data and belonged to the glycopeptide class, which encapsulates
only a fifth of the number of ARGs in the multidrug class. In addition,
the third most prevalent ARG (bacA) belongs to the bacitracin class,
which contained only two ARGs in our data. To test this observation,
we calculated the correlation between the number of unique ARGs per
ARG class and its prevalence in our observed gOTUs (Kendall’s tau
0.69). However, this correlation was not observed when looking only at
ARG classes belonging to the ubiquitous and widespread categories
(Kendall’s tau 0.27).

To test if our results came from an overestimation of ARGs,
we repeated our analyses with a percent identity cutoff of 50%, the
universal cutoff according to DeepARG (Arango-Argoty et al., 2018),
which removed the novel predicted ARGs from the data and allowed us
to focus on the high-confidence ARGs. Despite the fewer ARGs
(Supplementary Figure 1), we saw a widespread prevalence of the
multidrug class and a common spread of the glycopeptide, bacitracin,
beta-lactam, MLS, fosmidomycin, and aminoglycoside classes, which
was largely driven by the prevalence of these classes among
Proteobacteria and Firmicutes (Supplementary Figures 2, 3). When
inspecting the individual high-confidence ARGs, we saw a similar
distribution of ARGs among the gOTUs as seen with the results that
included the novel predicted ARGs (Figure 2C; Supplementary Figure 4),
except for a large reduction in predicted multidrug ABC transporters,
which was one of the most abundant ARGs when including novel
predicted ARGs. However, the fact that we still saw a widespread
prevalence of the multidrug class when removing the novel ARGs
indicated that our result did not stem from an overestimation of ARGs.
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FIGURE 3
Occurrence of ARGs on plasmids and co-occurrence with virulence factors. (A) Percentages of ARGs found on chromosomes, plasmids, or unclassified
reads in our data, as determined by PlasFlow (Krawczyk et al., 2018). (B) Histograms showing the number of aligned virulence factors (Sayers et al., 2019)
per gOTU per read type (chromosome, plasmid, unclassified). (C) Number of unique virulence factors that co-occur on contigs with ARGs belonging to
each ARG class, per gOTU. Show are only those ARG classes that had more than 100 co-occurring virulence factors in at least one gOTU. (D) Number of
unique virulence factors that co-occur on contigs with ARGs belonging to the multidrug ARG class, per gOTU. Show are only those ARGs that had more
than 100 co-occurring virulence factors in at least one gOTU. (E) ARG class prevalence per gOTU as a function of the number of unique virulence factors
that co-occur on contigs with ARGs belonging to each ARG class, per gOTU. Highlighted are gOTUs that have both ubiquitous ARG classes and contain
more than 100 co-occurring virulence factors for ARGs in the ARG class. The colors correspond to the ARG classes and the shapes to the gOTU taxonomic
family. Shown are only those gOTUs that contained more than five MAGs.

We found that multidrug and glycopeptide ARGs were highly
prevalent in all branches of the urban phylogenetic tree. Several other
ARG classes showed similar trends as they were widespread in the urban
phylogenetic tree.

Virulence potential and ARG horizontal gene
transfer among urban bacteria

In order to estimate the horizontal gene transfer potential of
ARGs among urban bacteria, we identified the read type of all
contigs in our MAGs as chromosome, plasmid, or unclassified,
using PlasFlow (Krawczyk et al., 2018). Our results show that the
majority of the urban ARGs in our study were found on
chromosomes (91%), and only 2% were found on plasmids
(Figure 3A). Additionally, we estimated the virulence of all MAGs
by aligning their reads to the Victors database (Sayers et al., 2019),
which contains the protein sequences of known bacterial virulence
factors. We found that, on average, 41+/—98 (median: 0) virulence
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factors aligned to each of the gOTUs, ranging from 0 to 550
virulence factors per gOTU (Figure 3B). Interestingly, the ARGs
that were found on plasmids did not belong to the highly virulent
gOTUs (Figure 3B). However, when we inspect the number of
virulence factors per gOTU that co-occur with at least one ARG
per ARG class, we saw that the ubiquitous and widespread ARG
classes are frequently present in gOTU species that align to more
virulence factors (Figure 3C) compared to the other ARG classes
(Supplementary Figure 7). We found that gOTUs with ARGs
belonging to the multidrug class have a significantly higher number
of virulence factors than the other ARG classes (Wilcoxon Rank
Sum test, p-value range 4 x 107"* to 8 x 1073, Supplementary Table 9).
We also found that five of the seven ARGs that were present in at
least 100 gOTUs (Figure 2C) were co-occurring with more than 100
virulence factors in multiple gOTUs (Figure 3D). Finally.
we observed several gOTUs from the Enterobacteriaceae and
Rhizobiaceae families that contain ARGs from the ubiquitous
multidrug or beta-lactam ARG classes in combination with having
over 100 virulence factors aligned (Figure 3E; Table 2).
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TABLE 2 List of the gOTUs that had more than 100 virulence factors co-occurring with ARGs in ARG classes that were widespread within the gOTU, i.e., ARG
class prevalence equal to or higher than 0.75 (Figure 3E).

Species ARG class Prevalence HRES
factors
Enterobacteriaceae group-160-1 Atlantibacter hermannii 72 Multidrug 1.0 356
Enterobacteriaceae group-52-1 Atlantibacter sp002358165 6 Multidrug 1.0 175
Enterobacteriaceae group-164-1 Enterobacter_D sp900116015 13 Multidrug 1.0 374
Enterobacteriaceae group-20-1 Escherichia coli 11 Multidrug 1.0 465
Enterobacteriaceae group-255-1 Klebsiella oxytoca 8 Multidrug 1.0 287
Enterobacteriaceae group-108-1 Klebsiella variicola 7 Multidrug 1.0 273
Enterobacteriaceae group-108-1 Klebsiella variicola 7 Beta-lactam 0.86 170
Enterobacteriaceae group-48-1 Kosakonia cowanii 13 Multidrug 1.0 214
Enterobacteriaceae group-70-1 Leclercia adecarboxylata 156 Multidrug 1.0 407
Enterobacteriaceae group-133-1 Leclercia adecarboxylata_C 12 Multidrug 1.0 402
Enterobacteriaceae group-92-1 Leclercia sp002902985 10 Multidrug 1.0 232
Enterobacteriaceae group-82-1 Mixta calida 12 Multidrug 1.0 142
Enterobacteriaceae group-65-1 Pseudescherichia sp002918705 11 Multidrug 1.0 302
Enterobacteriaceae group-125-1 UBA7405 sp000755535 7 Multidrug 1.0 287
Rhizobiaceae_A group-264-1 Ochrobactrum intermedium 9 Multidrug 0.78 170
Rhizobiaceae_A group-256-1 Ochrobactrum anthropi 12 Multidrug 1.0 242

Non-randomly spread ARG classes within
the urban phylogenetic tree

Seeing the prevalence of ARG classes in urban bacteria, we wanted
to test whether the ARGs within these classes were randomly distributed
throughout the bacterial taxonomic levels or if there are deterministic
events within the phylogenetic tree that affect the distributions of ARGs.
We calculated each ARG class’s normalized mutual information (NMI)
at every taxonomic level in the phylogenetic tree to assess randomness.
We found multiple nodes in the phylogenetic tree where the ARG
distributions were flagged as non-random (Figure 4; Table 3).
Non-random distributions of ARGs within ARG classes were present in
the three most populous phyla; Proteobacteria, Firmicutes, and
Bacteroidota. Most ARG classes whose ARGs show non-random
distributions within the phylogenetic tree belong to the common and
widespread prevalence categories (Figure 2B). The presence of individual
ARGs within the taxons flagged as non-random are shown in
Supplementary Figure 8.

Multiple ARG classes show non-random distributions among the
urban bacterial taxonomic levels. It is possible that the spread of these
classes is determined by bacterial phylogeny and that they will not reach
the high prevalence of multidrug and glycopeptide resistance genes in
urban bacteria. When specifically looking at ARGs that were aligned to
predicted plasmids, we could not identify any non-random distributions
of any ARG classes among the different taxonomic levels
(Supplementary Table 10).

Discussion

Our results show that two ARG classes are highly prevalent among
urban bacteria. The taxonomic diversity of the MAGs we recovered and
analyzed on a gOTU (i.e., species) level mirrored previously reported
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urban taxonomic diversity (Danko et al, 2021). In this study,
we identified multidrug and glycopeptide ARGs in nearly all urban
bacterial species. One reason for the prevalence of the multidrug class
is the spread of multidrug ABC transporters (Figure 2C; Table 1), which
are among the most common resistance mechanisms in bacteria (Allen
et al., 2010) and are commonly found even in pristine environments
such as Antarctica (Van Goethem et al., 2018). Additionally, our data
showed an alarming ubiquitous prevalence of glycopeptide ARGs and
widespread prevalence of MLS, bacitracin, and beta-lactam ARGs.
However, despite the high prevalence of these ARG classes in urban
bacteria, our analysis suggests that the incidence of horizontal gene
transfer among these bacteria is low and that the urban bacteria
identified in this study are mostly non-virulent. However, we see that a
subset of the putative virulent bacteria contained ARGs that belong to
the widespread and ubiquitous ARG classes. However, further studies
should be carried out to confirm if the putative virulent bacteria
identified in our study are actually virulent. Therefore, we cannot
confirm the risk assessment of these bacteria and indicate whether our
results are cause for concern.

Our study has some limitations which need addressing. At the time
of analysis, the database used to train the DeepARG models had not
been updated since April 2020. Therefore, ARGs may be missing in our
study. Homology searches for ARGs using the CARD database, updated
every three months, are possible but have lower accuracy than deep
learning algorithms (Bileschi et al., 2022). Urban microbiomes from
similar environments across the globe have different microbial
compositions and distributions of ARG classes (Danko et al., 2021). Our
samples are largely represented by samples from the United States, and
it is thus important to keep in mind that other geographical locations
may differ in both taxonomic and ARG diversity and prevalence.

Our results showed that most of the urban bacteria in our study had
few virulence factors, which suggests that they are unlikely to
be pathogenic to humans. However, we observed many gOTUs with
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hundreds of virulence factors in addition to highly prevalent ARGs, and
the combination of these two factors suggests the presence of
antimicrobial-resistant pathogenic bacteria. We have highlighted
bacterial species that have high numbers of virulence factors, in
combination with the highly prevalent ARG classes, and suggest that
further research is needed to assess the potential risk from these species
to humans. We identified 15 gOTUs that contained a high number of
virulence factors and were ubiquitous in multidrug or beta-lactam ARG
classes (Table 2), most of which belonged to the Enterobacteriaceae
family, which is known hosts several human pathogens. In addition,
some of these identified species and genera are recorded as emerging
human pathogens, which further highlights the need for risk assessment
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of urban microbes (Rodriguez-Medina et al., 2019; Zayet et al., 2021;
Jeyaraman et al., 2022).

Most of the ARG classes identified in this study were randomly
distributed among the gOTUs (i.e., different species), indicating that
there were no deterministic factors on the phylogenetic level that
determined the acquiring of ARGs in urban bacteria. This is in line with
the results from a recent study where they could not find strong links
between phylogeny and ARG diversity in urban sewage (Hendriksen
et al., 2019). However, we did see several non-random distributions of
ARGs in the urban bacterial phylogenetic tree, which indicates that
phylogenetic traits possibly determine the distribution of some ARGs.
The question is whether all ARG classes will follow the trends of
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TABLE 3 Normalized mutual information (NMI) value and chi-squared p-value based on the presence of ARGs within each ARG class within the different

taxons starred in Figure 4.

Phylum Taxon ARG class NMI p-value n
Firmicutes Bacilli Phenicol 0.82 7.7 %107 15
Firmicutes Bacilli Diaminopyrimidine 0.55 3.5x107° 13
Bacteroidota Bacteroidia MLS 0.65 8.3x107° 11
Bacteroidota Weeksellaceae Beta-lactam 0.63 4.6 x107? 15
Proteobacteria Negativicutes MLS 0.52 5.0 %1072 6
Proteobacteria Pseudomonadales Antibacterial_free_fatty_acids 1.00 1.1x1072 10
Proteobacteria Klebsiella MLS 0.51 44 %107 8
Proteobacteria Brevundimonas Beta-lactam 0.63 4.6 107 12
Proteobacteria Enterobacteriaceae Aminoglycoside 0.84 1.4x1072 8

Also listed are the taxon phyla and the number of MAGs within the taxon that contained at least one ARG within the ARG class. Here we list only those taxons with an NMI above 0.5 and a p-value

lower than 0.05. For the complete results, see Supplementary Table 8.

multidrug and glycopeptide resistance gene spread or if they are
determined by phylogeny and will not spread to all urban bacteria.
Because antimicrobial resistance in human pathogens is an increasing
global problem and that increasing proportions of the global population
live in urban environments, antimicrobial resistance genes must not
spread fully throughout all urban bacteria. We identified two categories
where this is already the case, but we may still be able to prevent other
categories from reaching the same level of spreading.

This study includes a large data set of MAGs recovered from over
1,000 urban samples. However, our study covers only a fraction of the
possible urban locations worldwide, even with a high number of
samples. It would be interesting to perform similar analyses as those
we describe in this study on a larger data set (with 10-50 thousand
samples) representing different and balanced urban environments.
Further research will be required to expand the analysis to more urban
metagenomic samples. Another question is whether we see similar
antimicrobial resistance gene spreads in other environments (e.g.,
natural and pristine ecosystems). The urban environment is highly
anthropogenic, and it would be interesting to compare our results to
further analyses of other highly anthropogenic environments and
pristine environments that humans have impacted less.

With this study, we would like to raise awareness that urban ARGs
are highly prevalent when analyzing metagenome-assembled genomes
and emphasize the need for risk assessment studies at both local and
global scales, as these are environments that most of the global
population interacts with on a daily basis.

In conclusion, our results showed a high prevalence of
antimicrobial resistance genes within the wurban bacterial
phylogenetic tree. ARGs belonging to two commonly used
antimicrobial classes, multidrug and glycopeptide, were ubiquitous
among urban bacteria, and multiple other ARG classes follow a
similar trend. Additionally, we also saw multiple ARG classes with
non-random distributions among urban bacteria. However, we found
little evidence that these non-randomly distributed ARGs were
transmitted via plasmids. Further analyses of additional data sets,
more diverse environments with a balanced number of samples, and
ARG transmission among bacteria are needed to fully explore the
deterministic effects of phylogeny on the distribution of ARGs among
urban bacteria.
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