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Abstract

Antimicrobial resistance (AMR) presents a global threat to public health due to the inability to
comprehensively treat bacterial infections. Emerging resistant bacteria residing within human,
animal and environmental reservoirs may spread from one to the other, at both local and global
levels. Consequently, AMR has the potential to rapidly become pandemic whereby it is no
longer constrained by either geographical or human-animal borders. Therefore, to enhance our
understanding on the dissemination of AMR we systematically resolved different reservoirs of
antimicrobial resistance, leveraging animal, environmental and human samples, to provide a
One Health perspective.

To identify antimicrobial resistance genes (ARGs) and compare their identity and prevalence
across different microbial reservoirs, we developed the PathoFact pipeline which also
contextualizes ARG localization on mobile genetic elements (MGEs). This methodology was
applied to several metagenomic datasets covering microbiomes of infants, laboratory mice, a
wastewater treatment plant (WWTP) and biofilms from glacier-fed streams (GFS). Investigating
the infant gut resistome we found that the abundance of ARGs against (semi)-synthetic agents
were increased in infants born via caesarian section compared to those born via vaginal
delivery. Additionally, we identified mobile genetic elements (MGEs) encoding ARGs such as
glycopeptide, diaminopyrimidine and multidrug resistance at an early age. MGEs are often
pivotal in the accumulation and dissemination of AMR within a microbial population. Therefore,
we assessed the effect of selective pressure on the evolution and consecutive dissemination
of AMR within the commensal gut microbiome, utilizing a mouse model. While plasmids and
phages were found to contribute to the spread of AMR, we found that integrons represented

the primary factors mediating AMR in the antibiotic-treated mice.

In addition to the above-described studies, we investigated the environmental resistome,
comprising both the urban environment, i.e., the WWTP, and a natural environment, GFS
biofilms. Utilizing a multi-omics approach we investigated the WWTP resistome over a 1.5
years timeseries and found that a core group of fifteen AMR categories were always present.
Additionally, we found a significant difference in AMR categories encoded on phages versus
plasmids indicating that the MGEs contributed differentially to the dissemination of AMR. On
the other hand, the GFS biofilms represent pristine environments with limited anthropogenic
influences. Therein, we found that eukaryotes, as well as prokaryotes, may serve as AMR

reservoirs owing to their potential for encoding ARGs. In addition to our identification of



biosynthetic gene clusters encoding antibacterial secondary metabolites, our findings highlight
the constant intra- and inter-domain competition and the underlying mechanisms influencing

microbial survival in GFS epilithic biofilms.

In general, we observed that the overall AMR abundances were highest in human and animal
microbial reservoirs whilst environmental reservoirs demonstrated a higher diversity of ARG
subtypes. Additionally, we identified human-associated, MGE-derived ARGs in all three
components of the One Health triad, indicating possible transmission routes for AMR
dissemination. In summary, this work provides a comprehensive assessment of the prevalence
of antimicrobial resistance and its dissemination mechanisms in human, animal, and

environmental mechanisms.
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Chapter 1. Introduction

Parts of this chapter are based on the following publication submitted for peer-review:

Laura de Nies, Susheel Bhanu Busi, Paul Wilmes (2021). Reservoirs of antimicrobial
resistance in the context of One Health

Current Microbiology in review [Appendix A.1]



Throughout history, bacterial infections have been a major cause of human disease and
mortality. The discovery, subsequent development, and medical use of antibiotics brought an
end to this pre-antibiotic era by providing effective treatment against bacterial infections.
However, the use of antibiotics has gone hand-in-hand with the emergence and spread of
antimicrobial resistance (AMR). Although antibiotic resistance in itself is a prehistoric
phenomenon [1], the over- and mis-use of antibiotics has led to a global and immense increase
in AMR over the past decades. As a result, many bacteria have now acquired resistance
against multiple antibiotics which has led to the emergence of multi-resistant microbes, i.e.,
“superbugs” [2]. This phenomenon, for instance, has led to an overgrowth of pathobionts,
encoding antimicrobial resistance genes (ARGs), causing alterations to the microbiome both in
chronic diseases as well as in infections [3,4]. Consequently, this threatens human health
through the spread of multidrug-resistant bacteria with an estimated number of deaths which

may exceed ten million annually by 2050 [5,6].

1.1 Mechanisms of antimicrobial resistance

On the one hand, antimicrobial agents for fighting bacterial infections can be characterized
depending on the mechanisms of their activity, i.e. agents that i) inhibit cell wall synthesis, ii)
depolarize the cell membrane, iii) inhibit protein synthesis, iv) inhibit nucleic acid synthesis, or
v) inhibit metabolic pathways [7]. On the other hand, various counteractive mechanisms have
evolved to confer resistance. These can be characterized into categories such as those )
limiting the uptake of and exposure to antibiotics, 1l) modifying antibiotic targets through for
example mutations, IIl) directly inactivating antibiotic molecules, or IV) ensuring their immediate
export through active efflux pumps [7]. In this context, limitations to the uptake of antibiotics are
mostly classified as intrinsic resistance. Acquired resistance in turn mostly utilizes the
modification of antibiotic targets, while the inactivation or efflux of antibiotics are both intrinsic

and acquired resistance mechanisms [7].

Bacteria have a natural ability which limits the uptake of antimicrobial agents. Specifically, in
Gram negative bacteria the structure and functions of the LPS provide an immediate barrier to
antibiotics, thereby conferring an innate resistance [8]. Gram positive bacteria, on the other
hand, lack LPS and resort to mechanisms such as enzymatic degradation of antibiotics or
reducing the affinity and susceptibility of antibiotic target sites [9]. Additionally, other

mechanisms to limit uptake of antibiotics may involve a decrease in the number of porin



channels or mutations in the corresponding genes as well as the formation of protective biofilms
[10,11].

Specific examples of antimicrobial target modifications include alterations in the structure of
antibiotic binding proteins or mutations therein to prevent antibiotics from binding to those
proteins[10,11]. Additionally, modifications of DNA gyrase and topoisomerase IV interfere with
the antibiotics targeting the nucleic acid synthesis machinery [12], while further mutations in
enzymes generate resistance to antibiotics inhibiting metabolic pathways. Alternatively,
upregulation in the expression of these enzymes confers resistance through competitive
inhibition [13]. Besides these mechanisms, inactivation of the antimicrobial drugs itself can
occur, conferring resistance either through actual degradation or through the transfer of a
chemical group to the drug. Lastly, bacteria possess various types of efflux pumps, such as the
ABC, MATE, SMR, MFS and RND transporter families, which enable resistance via efflux of

antimicrobial drugs [8].

With respect to these mechanisms, bacterial resistance can be classified as either natural or
acquired resistance [14]. Natural resistance can be further subdivided into either ‘intrinsic’,
which is constantly expressed in a bacterial species, or ‘induced’, in which resistance genes
are only expressed upon exposure to antibiotics [12]. Acquired resistance can be defined as
the acquisition of resistance-conferring genetic material through horizontal gene transfer
(HGT), e.g., conjugation or transduction and alternatively via mutations in the chromosomal
DNA after antibiotic exposure [15]. In most cases, ARGs are associated with conjugation events
which are the likely mechanisms for the dissemination of AMR compared to transduction [16].
Interestingly, the rate of transfer of ARGs via the individual mechanisms is a complex process
involving several factors, not limited to the mode, species of interest, bacterial environment (in
vitro or in vivo), and also the antibiotics [17]. Despite previous reports suggesting low rates of
ARG transfer via conjugation [18], Leclerc et al. [17] reported that an estimated gene transfer
rate cannot be generalized across all species and antibiotics due to the several variable factors

as highlighted above.



1.2 Dissemination of antimicrobial resistance through horizontal gene
transfer

Horizontal gene transfer (HGT) is key to the evolution and adaptation of bacteria, allowing for
the rapid gain of beneficial traits including ARGs. [19]. Employing HGT, bacteria can acquire
ARGs through either conjugation or transduction via mobile genetic elements (MGEs). In
conjugation, plasmids carrying one or more resistance genes are transferred between
microbes, while in transduction, bacteriophages encoding ARGs infect bacteria thereby
transferring resistance [20]. The collective MGEs within a given microbiome in this context are

defined as the ‘mobilome’.

With respect to HGT or ARGs, plasmids represent an optimal vehicle. Plasmids are composed
of either circular or linear DNA distinct from bacterial chromosomal DNA, capable of
autonomous replication [21]. Besides encoding for resistance to most, if not all, major classes
of antibiotics, multiple genes conferring resistance to different antibiotic categories can be
found on the same plasmid. This is especially evident in the case of multidrug-resistant
Klebsiella pneumoniae, against which antibiotic combination therapies are ineffective [22][23].
Furthermore, plasmids encoding ARGs are not only found within pathogenic bacteria but can
also be detected in commensals [24]. Generally, the predisposition of a HGT event has been
deduced to depend on ecological and phylogenetic factors [25]. However, as described by
Porse et al. and others [25,26], the resistance mechanisms, during HGT events, in addition to
the phylogenetic relatedness of the donor and recipient species act as crucial determinants of
gene functionality and fitness cost. The functional compatibility of an ARG in a new host is
dependent on the interaction with the host physiology and metabolism. Consequently,
resistance mechanisms, i.e., drug-modifying enzymes, with limited cellular interactions are
more likely to be functionally compatible and integrate easily into a novel host physiology [25].
These observations suggest that depending on the ARG and the plasmid, they can be shared
between both closely and distantly related taxonomic clades, thereby contributing to wide-
spread and rapid propagation of AMR [25,27]. Alongside plasmids, integrons, often overlooked,
can also play a significant role in AMR dissemination and prevalence [28]. Integrons, widely
distributed and carried by plasmids, can acquire, exchange and express genes embedded
within gene cassettes [29] further promoting their spread within and between microbial
communities [30]. Generally, two distinct groups of integrons have been described, namely

chromosomal and mobile integrons. Chromosomal integrons are encoded by many bacterial



species and are also referred to as “super-integrons” due to their large size and ability to carry
up to 2000 cassettes [31]. Mobile integrons, on the other hand, are located on MGEs such as
plasmids or phages and have been associated with AMR and the dissemination of resistance
among bacterial populations [28]. Collectively, integrons are efficient tools for bacterial

adaptation and play a significant role in the spread of AMR in conjunction with plasmids.

Besides plasmids, (bacterio-)phages contribute to the horizontal gene transfer of ARGs via
transduction. Transducing phages mediating AMR can be either virulent or temperate [32].
Upon infection, temperate phages integrate their DNA into the host chromosome in which the
prophage subsequently becomes dormant. When induced by stress factors such as DNA
damage [33] and/or environmental cues [34], the phage will be excised from the chromosome,
inducing phage particle formation and lysis of the host cell [35]. In contrast, lytic phages
immediately induce the formation of phage particles resulting in lysis of the host cell [36].
Additionally, transduction can be further separated into two types: generalized or specialized.
In generalized transduction, the genetic material is transferred to another bacterial cell where
it is further integrated through homologous recombination. Specialized transduction, on the
other hand, results in the packaging of bacteria DNA into phages at a higher frequency
compared to generalized transduction. This lateral transfer of ARGs through phage-mediated

transduction could be an important contributing factor in the global spread of AMR [37].

1.3 Methods for detecting antimicrobial resistance

Traditionally, culture-based methods, such as antimicrobial susceptibility testing (AST), have
been, and still are, used in clinical settings to investigate AMR and resistant bacteria [38]. For
phenotypic testing, bacterial isolates are cultured from samples using either non-selective or
selective growth media. Subsequently, the susceptibility of the isolates to antibiotics is tested
to identify AMR. These solid media techniques use Kirby-Bauer disc diffusion or gradient
diffusion strips to measure the zone of inhibition, and thereby provide a proxy for the level of
resistance [38,39]. Although these methods provide crucial information regarding AMR, they
are only suitable for bacteria which are readily culturable using standard cultivation methods.
However, microbial communities such as those inhabiting the human gut are composed of
significant proportions of, at present, difficult to culture or outright unculturable taxa. In this
context, the ability to sequence DNA from samples (clinical and environmental) using high-
throughput sequencing methodologies have improved our ability to investigate and identify

AMR. Sequencing-based metagenomics, which involves the study of the total genetic material
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(e.g., DNA or RNA) recoverable directly from samples, allows for the genomic analysis of all
organisms within a microbial ecosystem without previous identification [40]. This enables the
investigation of the resistome, i.e., AMR, including the mechanisms and spread of ARGs,

without the immediate need to isolate microorganisms.

Different bioinformatic workflows have been developed to investigate the presence of AMR and
MGEs within metagenomes. These include both read- and de novo assembly-based methods
which have been extensively discussed by Boolchandani et al. [38]. While read-based methods
allow for identification of low-abundance ARGs [38], de novo assembly strategies enable the
genetic contextualization of AMR surveillance, such as their presence on MGEs [41]. Some of
the AMR prediction tools including DeepARG [42], RGI [43], Resfinder [44], ARG-ANNOT [45],
and NCBI-AMRFinder [46] can be used for ARG identification, albeit through use of their
associated databases. For example, while DeepARG, RGI and NCBI-AMRFinder use the
recently updated CARD database [43], other tools provide custom versions leading to
discrepancies in identified ARGs. Nonetheless, none of the above tools provide information
with respect to contextualization of ARGs on MGEs which represent critical elements for AMR
transmission. Alternatively, many tools have been developed for the independent prediction of
MGEs alone, such as PlasFlow [47], MOB-suite [48] and gplas [49] for plasmid identification.
For the prediction of phages in general, the following tools exist: DeepVirFinder [50], VirSorter
[51], MARVEL [52] and PPR-Meta [53]. Each of these tools are specialized to allow
identification of a single or limited set of MGEs. While some tools like DeepVirFinder are based
on machine-learning methodologies, others are restricted to databases populated with
previously identified MGEs. The former allows for discovery of putatively novel MGEs, while
the latter methods allow for precision and confidence in the identified MGEs. In a One Health
context, bridging together human, animal and environmental health [54], it is crucial to study
both the prevalence and spread of AMR simultaneously. Such methods to systematically
assess AMR within and between biomes have long remained elusive [55]. Therefore, to
precisely address this gap in methodologies, a pipeline is needed which genomically
contextualizes ARGs, including their localization on MGEs. Tools such as MOCAT2 [56] and
HUMANN3 [57] also enable ARG identification, however, do not provide any information with
respect to MGE contextualization. In a One Health setting, by combining effective study designs
with computational analyses methods, it is thereby now possible to trace the origins and
dissemination of AMR from one reservoir to another using metagenomic sequencing coupled

to de novo reconstruction of genomic fragments.



1.4 Microbial reservoirs of antimicrobial resistance

Natural microbial communities, or microbiomes, represent multi-species assemblages which
interact in a contiguous environment [58]. Current evidence suggests that the structure of
human and animal microbiomes are shaped by several factors, including exposure to
microorganisms through contacts with exogenous sources (e.g. parents, animals,
environment), specific host-microbe interactions linked in particular to host immune responses,
and the outcome of competitive, cooperative and/or predatory (phage) interactions [59].
Although in recent years an increase in AMR has primarily been pinned on the use and misuse
of antibiotics in humans and in animals, there is strong evidence suggesting that AMR
dissemination is fueled by other factors with the environment being an important conduit [60].
However, AMR in itself is an ancient phenomenon [1] that has largely evolved in response to
natural antibiotics produced by microbes themselves to provide a competitive advantage. As a
result of these microbe-microbe interactions bacteria have developed resistance strategies
against these natural products to mitigate competition [61]. Additionally, to avoid suicide,
antibiotic-producing microbes themselves often contain at least one gene conferring resistance
against the potentially harmful secondary metabolites that the microbe produces [62,63].
Leveraging these naturally available compounds produced by bacteria, anthropogenic efforts
have led to antibiotic production which are either natural products of microorganisms, semi-
synthetically produced from natural products, and/or chemically synthesized based naturally
available products [64]. Therefore, the use of antibiotics, both natural and (semi-)synthetic, has

created unparalleled conditions for the spread of AMR through various reservoirs.

1.4.1 Human

It has long been recognized that the microbiome affects human health through its influence on
gut maturation, immune responses, digestion of food, and pathogen resistance [65]. A majority
of the microorganisms constituting the human microbiome are commensals contributing to both
essential functions and physiological development. However, commensal and bacteria from
the immediate and built environments can also be key distributors of AMR to the microbial
community with the potential to spread to pathogenic bacteria [66,67]. Recent evidence
suggests that ARGs in environmental bacteria can be taken up by human-associated and
pathogenic bacteria [68], thereby posing a considerable threat to human health. Schmidt et al.
demonstrated that the gut microbiota strains found in patients across five countries indicated

an endogenous transmission, whereby strains found in the oral cavity were transmitted to the



gut [69]. Interestingly, the oral cavity has been reported to be a microbial reservoir contributing
to the resistome [70] and it is plausible that this in turn is linked to the environment itself [71,72]
including sanitary conditions [73]. While sanitary conditions such as open defecation, access
to clean water have been discussed extensively [73], ARGs were recently discovered to be
transmitted via air [74,75] in conjunction with a report by Gilbert et al. where ARGs were found

in airborne bacteria found in a hospital setting [76].

During the recent decades, research has predominantly focused on AMR prevalence within
clinically relevant bacteria. For example, extended spectrum beta-lactamases (ESBL)-
producing and carbapenem resistant K. pneumoniae isolates have been characterized as early
as 2001 by Yigit et al. [77]. Similarly, several studies have reported on the mechanisms of
ESBL- [78-84] and plasmid-mediated AmpC-producing Escherichia coli [85,86] rendering the
bacteria resistant to third-generation cephalosporins. From a surveillance perspective, Sepp et
al. screened 10,780 clinical strains using whole genome sequencing to investigate the
prevalence of ESBL-, AmpC-, and Carbapenemase-producing E. coli across northern and
eastern Europe [87]. Despite a low prevalence of ESBL-, AmpC-, Carbapenemase-producing
E. coli strains, they identified inter-country differences in the distribution and prevalence of
resistance genes [87]. Other studies have included research on carbapenem-resistant
Acinetobacter baumannii [88—90] and Pseudomonas aeruginosa [30,91,92], vancomycin-
resistant Enterococcus faecium [93,94], methicillin-resistant Staphylococcus aureus [95-97],
penicillin-resistant Streptococcus pneumoniae [98,99] as well as fluoroquinolone resistant
Salmonella [100,101] and Shigella species [102,103]. More recently, less known human
pathogens such as Corynebacterium diphtheriae isolates have been reported to carry penicillin,

macrolide and multidrug resistance [104].

1.4.2 Livestock, poultry and other animals

In livestock and poultry, especially in food production, antibiotics are used as metaphylactics
and prophylactics, for disease control and treatment, as well as for growth augmentation. On
the one hand, metaphylactics involve the treatment of all animals belonging to the same flock
or pen where a clinically sick animal is identified. This is a mitigation strategy which allows for
treatment prior to observable clinical signs of disease, for example, by water-based medication
[105] [106], simultaneously shortening the overall treatment period. Holman et al. [107]
investigated the effect of metaphylactic antibiotic usage of the common veterinary antibiotics

(oxytetracycline and tulathromycin) on the bovine fecal and nasopharyngeal microbiomes. In



addition to shifts in the microbial composition after the first five days of treatment, they found
an increase in the relative abundance of several antibiotic resistance genes in both
microbiomes at either day 12 or 34 after treatment [107]. Prophylactics, on the other hand, are
used to either eradicate a specific pathogen or treat healthy animals as a preventive measure
especially during periods of disease susceptibility, e.g. early weaning of piglets [106]. Despite
the utility of such treatments including low-dose antibiotics, Agga et al. demonstrated that
prophylactic treatment limited shipping fever in weanling pigs [108], they may over protracted
periods of use result in a selective pressure yielding resistant bacteria. Consequently, in many
countries the use of antibiotics as prophylactic or for pathogen eradication in livestock is
prohibited [106].

Apart from their use in infectious disease management, antibiotics are also used as growth
promoters, whereby industrialized animal production includes antibiotics as feed supplements
[109]. The low concentrations of antibiotics, similar to the levels used in prophylactics,
additionally raises the possibility of emergent resistant bacteria due to longer-term selective
pressure. In this context, in a five-year longitudinal study, Aarestrup et al. investigated the use
of growth promotion in pigs and broilers. They found a concomitant increase in AMR in
Enterococcus spp. isolated from the animals. Moreover, the mitigation of AMR was associated
with the banning of antibiotics as growth promoters over the years [110], strongly suggesting
the need for measures to reduce the emergence of resistant bacteria.

Even though the emergence of resistant pathogens is a critical consideration, of more
immediate concern is the spread of ARGs from the animal microbiome to human microbiota
through the acquisition of ARG complements. Such spread can occur via multiple routes, one
of which is the direct transmission through food products, i.e., meat and eggs, especially
through confined animal feeding operations (CAFOs). Multiple studies have reported food
animals as a source of AMR. Examples include multidrug-resistant Salmonella from poultry
[111], cephalosporin resistant E. coli from veal calves [112] and carbapenem resistant E. coli
from pigs [113,114] to name a few. In a study by Morrison and Rubin a number of carbapenem
resistant bacteria including Pseudomonas, Stenotrophomonas and Myroides species were
identified in a variety of seafood products [115]. This phenomenon reiterates the argument that
non-pathogenic bacteria, regularly excluded from surveillance programs, may indeed serve as
a reservoir for AMR along the food supply chain [115,116]. Furthermore, resistant bacteria may

also be spread from animals to humans through direct contact such as in the agricultural sector



[59]. For example, in a study by Rinsky et al. livestock-associated multidrug-resistant S. aureus
was identified in workers at an industrial livestock operation but was not detected in workers at
an antibiotic-free livestock operation [117]. These reports collectively underline the need for a

more comprehensive analysis and monitoring of livestock reservoirs of AMR.

Interestingly, CAFOs have also been reported to be AMR reservoirs and a source of resistant
organisms in migratory birds [118]. Similarly, other studies following the migratory patterns of
birds found multi-drug resistant bacteria (Enterococcus spp., Salmonella spp. and Vibrio spp.)
in bird fecal material [119]. Other findings simultaneously highlight the role of migratory birds
travelling to Bangladesh in disseminating extended-spectrum B-lactamase (ESBL)-producing
E. coli [120]. Given the propensity for these birds to come in contact with humans in populated

countries like Bangladesh, it is likely that these ARGs may have anthropogenic influences.

On the contrary, the role of human-influenced environments in disseminating AMR is largely
unexplored. A comprehensive study by Plasa-Rodriguez et al. found AMR associated with
several bacterial species in wild boar, roe deer, wild ducks and geese [121]. Atterby et al. [122]
previously reported the possibility of human-mediated environmental pollution as a source of
AMR in wild gulls. Simultaneously, other reports indicate that clinically relevant AMR bacteria
have been found in synanthropic birds partially mediated via human-influenced habitats such
as landfills or areas with intensive agriculture [123]. Such anthropogenic influences have
spread even to the polar regions, where antibiotic-resistant E. coli were found in penguin feces,
while ESBL-type resistant genes were observed in bacteria such as E. coli and K. pneumoniae

isolated from both seawater and Arctic birds [124].

1.4.3 Environment

The environment is a critical factor for the prediction of emergent and resistant pathogens by
understanding the presence, origins and mechanisms of dissemination of AMR. Polluted
environments (e.g., with heavy-metals, biocides) further contribute to the evolution and spread
of AMR through co-selection. For instance, through cross-resistance, a single genetic mutation
may mediate resistance to both metals and antibiotics, or through co-segregation where both
metal- and antibiotic resistance genes are localized on the same MGE [125,126]. The risk of
a specific environment being contaminated with AMR is often based on the interaction between
the different environments. Built environments in particular, e.g., hospitals and extended care

facilities, where bacteria are exposed to high and repeated doses of antibiotics, are hotspots

10



of AMR. Hospitals in specific are of high interest to study both the evolution and dissemination
of AMR through the prevalence of hospital-acquired infections of resistant bacteria. Resistant
pathogens may enter the hospital environment via infected patients or acquire resistance
through in-hospital evolution. In both cases resistant pathogens may spread epidemically
between patients or the ARG itself can be transmitted through HGT into other genetic
backgrounds [127]. Furthermore, sewage from both the hospital and the general population are

ultimately transported to wastewater treatment plants (WWTP).

Urban WWTPs therefore provide a vast reservoir of antimicrobial resistance [128] and are
considered to be AMR hotspots with respect to resistant bacteria and ARGs [129]. Moreover,
the extensive dissemination of ARGs between various bacterial species through HGT may
facilitate the transfer of ARGs to pathogenic bacteria. For example, Alexander et al. identified
facultative pathogenic bacteria such as E. coli, K. pneumoniae, P. aeruginosa, and Enterococci
with 12 clinically relevant ARGs within 23 different WWTPs [130]. Additionally, since WWTPs
generally do not have the necessary measures to remove either ARGs or resistant bacteria,
these are then released into the receiving water bodies, promoting their dissemination into and
through the aquatic environment [130]. This is in line with a study by Osinska et al. where a
significant increase in ARGs (e.g., blatew, tetA, sull1) was identified downstream of the WWTP
when compared to the upstream river water [131]. A similar study by Bueno et al. reported a
significant increase in 17 ARGs contributing to aminoglycoside-, beta-lactam-,
diaminopyrimidine-, fluoroquinolone-, sulfonamide-, tetracycline- and multidrug-resistance, in
the receiving water of three different WWTPs [132], thereby highlighting the overall role and

impact of the built-environment in AMR dissemination.

The contamination of natural environments with antibiotics originating from built environments
as well as agricultural sources, results in selective pressure promoting both the evolution and
the spread of ARGs. Additionally, many antibiotics are naturally produced by fungal and
bacterial strains and consequently have been used by microorganisms as a competitive
mechanism [133,134]. Due to their high complexity and multi-faceted microbe-microbe
interactions, soil microbiomes are considered a hotbed for the evolution and development of
AMR [135]. Multiple bacteria identified in soils encode genes that either degrade or inactivate
antibiotics. For instance, Dantas et al. isolated hundreds of soil-dwelling bacteria capable of
utilizing antibiotics as a carbon source and found up to 17 antibiotics, including those of

synthetic origin, supporting the growth of clonal soil bacteria [136]. Furthermore, bacteria
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isolated from forest, urban and agricultural soils have been found to have highly varied
resistomes, even in some cases harboring novel mutation sites conferring resistance [137].
Linked to agricultural soils, the plant rhizosphere is of further interest due to the transmission
of ARGs from soil to plants via the rhizosphere microbial community. Wolters et al. investigated
the effect of various organic soil fertilizers such as manure and found increased relative
abundances of sulfonamide and tetracycline resistance in the maize rhizosphere [138].
Similarly, Song et al. investigated the abundance of 35 antibiotic resistance genes in the
rhizosphere of 10 plant species and identified a positive association between ARGs and MGEs
[139].

Similar to soils, aquatic environments also represent known reservoirs of AMR. Aquatic habitats
harbor resistant microbes such as carbapenem-resistant Acinetobacter spp. in rivers [140],
carbapenem-resistant Pseudomonas in coastal waters [141], and carbapenem-resistant
Enterobacteriales in seawater [142]. Environments are further affected greatly when in
proximity to anthropogenic activity such as pharmaceutical industries. Consequently, these
environments are abundant with ARGs and multidrug-resistant bacteria which have been
associated with a high impact on human health [143]. For instance, Flach et al. found that
antibiotic-polluted lakes harbored considerably higher proportions of ciprofloxacin- and
sulfamethoxazole-resistant bacteria as well as several novel multi-resistance plasmids
compared to non-polluted lakes [144]. Additionally, Kristiansson et al. identified a similar
phenomenon in river sediments exposed to antibiotic pharmaceutical wastewater and reported
high levels of ciprofloxacin-resistance as well as corresponding mobile quinolone resistance

genes [145].

AMR, on the other hand, does not exclusively exist in human-impacted environments. As
several studies have revealed, vast reservoirs of AMR are also found in environments pre-
dating the antibiotic era [134]. These include glacier lakes, remote lakes [90] and oceans [103,
104]. Polar regions in particular, as one of the least human-impacted environments to date, are
of interest for the study of AMR. Arctic soil isolates have previously revealed the presence of
multidrug efflux pumps [146], while in a study by Dancer et al., bacterial isolates from arctic
glacial ice and water were found to carry resistance to antibiotics such as cefazolin,
cefamandole and ampicillin [147]. The melting of glaciers and icecaps due to climate change,

therefore, may give important insights into, potentially, prehistoric mechanisms of AMR. On the
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other hand, this may also lead to the remobilization of ARGs, which we have not seen since

before the dawn of human evolution.

1.5 Metagenomic approaches in assessing antimicrobial resistance: a One
Health perspective

Resistant bacteria residing within human, animal and environmental reservoirs may spread
from one to the other, at both local and global levels (Figure 1.1). This phenomenon has the
potential to rapidly trigger a pandemic where AMR is no longer constrained by either geographic
or human-animal borders [148]. It is therefore necessary to understand the dissemination of
antibiotic resistance by characterizing the resistome within various environments and to unravel
how they act as a reservoir for bacterial pathogens in the context of overall pandemic
preparedness. A One Health perspective integrating research on AMR as well as resistant
microbes, circulating in humans, animals and the environment is therefore crucial to enhance

our understanding of the complex epidemiology of antimicrobial resistance [148].
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Figure 1.1: AMR dissemination in One Health. MGE-mediated (i.e., phage, plasmid and
integrons) dissemination of AMR across different biomes)
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In recent years, many studies, of which some have been discussed in the previous sections,
have used different techniques to sample the resistomes of soils, wastewater, as well as human
and animal microbiota [16]. Recent metagenomic studies by both Gibson et al. [114] and Munck
et al. [115] suggest that ARGs predominantly cluster by microbial reservoir, implying that the
resistomes in soils and WWTPs differ significantly from those found in human pathogens.
Gibson et al. found that resistance against B-lactams and tetracyclines differed mostly between
ecosystems [149] while Munck et al. highlighted that only a few genes within the WWTP core
resistome were found in other environments [150]. Nonetheless, part of these resistomes may
still be shared and the importance of continued exploration of the resistome in such
environments should be stressed [16]. While shared resistome elements between various
microbial reservoirs are of interest to understand the dissemination of AMR, resistome
differences between ecosystems are equally, if not more important. They represent a pool of

potential novel resistance mechanisms and thereby a likely threat to public health.

As described, several published studies have investigated AMR in humans, animals or the
wider environment. However, many of these focus specifically on the ESKAPEE pathogens
(Enterococcus faecium, S. aureus, K. pneumoniae, A. baumannii, P. aeruginosa, Enterobacter
spp., and E. coli), which have been classified by the World Health Organization for their high
to critical drug-resistance. They are also of particular interest due to their increased resistance
to last-resort drugs [151]. There presently exists no lack in reports of the resistance
mechanisms encoded by the ESKAPEE pathogens in different microbial reservoirs. Methicillin-
resistant S. aureus (MRSA) for instance, has been reported by van den Broek et al. [152] and
Lewis et al. [153] to be both human- and animal-associated with a high risk for zoonotic
transmission . Similarly, Ruiz-Roldan et al. reported the presence of resistant P. aeruginosa in
animals in addition to humans. On the other hand the drug resistant strains of ESKAPEE
pathogens belonging to the Enterobacteriales order (i.e. E. coli and P. aeruginosa) have been
extensively described in all microbial reservoirs [77-79,142,154,155]. Recent research has
been extended to focus on other pathogens posing a threat to human health such as resistant
Campylobacter jejuni where infections have been reported in both humans, animals and the
environment [46,156,157][46,156]. Similarly, other reports include multidrug-resistant
Salmonella which have been identified in human [158,159], animal [158,160] and

environmental reservoirs [161].
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While the above studies are focused on specific pathogens or resistance categories, research
utilizing sequence-based metagenomics provides a comprehensive perspective on all ARGs
within different microbial reservoirs. For instance, Forslund et al. provide extensive insights into
the human gut resistomes of 832 individuals spanning 10 geographical areas. They reported
significant differences in gut resistance potential between countries resulting from differences
in antibiotic usage as well as direct links to medical and food production activities [162]. Other
metagenomic studies have focused on the development of the resistome early on in life with
several studies reporting a diversity of ARGs within the infant gut [163,164]. During the first
days of life the bacteria colonizing the infant gut originates primarily from the mother’s birth
canal, the living environment and handling by other individuals. Birth mode affects colonization
since vaginally born infants are colonized firstly by fecal and vaginal bacteria from the mother,
while infants born via cesarean section are initially exposed to bacteria originating from both
the hospital environment and healthcare workers [65,165]. Therefore, infants born by cesarean
section may also have a higher chance of acquiring hospital-mediated AMR and thereby
resistant bacteria [163]. Other metagenomic studies have focused on the animal resistome,
especially food production animals, such as dairy cattle, revealing an increase in AMR linked
to heavy metal-contaminated environments [166]. Furthermore, a study by Skarzynska et al.
leveraged metagenomic data to study AMR in the gut of both wild (boars, foxes and rodents)
and domestic (chicken, turkey and pig) animals. Importantly, they identified increased AMR
abundance in farm animals compared to wildlife [167]. Furthermore, the lowest AMR
abundance in this study was observed in wild rodents due to their limited exposure to
antimicrobials. In this context, further evidence was found linking ARGs conferring resistance
to important antimicrobials such as quinolones and cephalosporins to wild foxes [167].
Alongside human and animal studies, metagenomic studies on the environmental resistome
focus on characterizing AMR either in WWTPs or the natural environment or built environment
(e.g. healthcare facilities). However, few are specifically tailored towards understanding the role
of the environmental ecosystems as microbial reservoirs of AMR, especially in a One Health

setting.

The few metagenomic studies that are focused on multiple microbial reservoirs still largely
target only one side of the One Health triad, e.g. human-animal [168—17 1], animal-environment
[172-175] or environment-human [149,150,176-179]. Nonetheless, some studies have
pursued a complete One Health AMR approach [180,181]. Li et al. investigated wide-spectrum
profiles of ARGs and their co-occurrence patterns in 50 samples from 10 microbial reservoirs,
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spanning human, environment and animal habitats. They found that samples could be
clustered into four groups according to AMR abundance, with samples derived from livestock
and wastewater demonstrating the highest abundance followed by humans, and with the lowest
abundance found in sediments, soil, river and drinking water, in that particular order. A
widespread occurrence of vancomycin resistance genes was identified in all environments
except from river sediments and drinking-water [181]. Another study by Pal et al. investigated
AMR, MGEs and bacterial taxonomic compositions of 864 human, 145 animal and 369
environmental metagenomes. Both human and animal microbial communities demonstrated a
limited taxonomic diversity, a low abundance/diversity of biocide and metal resistance genes
and MGEs, yet a high abundance in ARGs. Additionally, a number of ARGs corresponding to
aminoglycoside, macrolide, beta-lactam and tetracycline resistance was found to be
widespread and present in almost all of the investigated environments [180]. Collectively, these
studies report the cross-domain similarities and likely transmission of AMR in a One Health
setting, potentially highlighting the need for more in-depth characterization of AMR

transmission mechanisms.
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Chapter 2. PathoFact: a pipeline for the prediction
of virulence factors and antimicrobial resistance
genes in metagenomic data.

A major part of this chapter was adapted and modified from the following first-author peer-
reviewed publication:

Laura de Nies, Sara Lopes, Susheel Bhanu Busi, Valentina Galata, Anna Heintz-Buschart,
Cedric Christian Laczny, Patrick May and Paul Wilmes (2021). PathoFact: a pipeline for the
prediction of virulence factors and antimicrobial resistance genes in metagenomic data.
Microbiome 9 (1), 1-14 [Appendix A.2]
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2.1 Background

Most of the microorganisms constituting the human microbiome are commensals [182]. They
contribute essential functions to the human host and contribute to its physiological
development. In contrast, pathogenic microorganisms including bacteria, viruses, fungi, and
protozoa cause disease by invading, colonizing and damaging the host. Virulence factors,
including bacterial toxins amongst others, contribute to this pathogenicity by enhancing not only
the infectivity of pathogenic bacteria but also by exacerbating antimicrobial resistance which in

turn restricts treatment options [182].

Virulence factors enable pathogenic microorganisms to colonize host niches, ultimately
resulting in tissue damage as well as local and systemic inflammation. These factors are
important for pathogens to establish an infection and span a wide range, thus contributing both
directly and indirectly to disease processes [183]. These virulence traits include cell-surface
structures, secretion machineries, siderophores, regulators, etc. [184,185]. Of all virulence
factors employed by pathogens, bacterial toxins often have a crucial function in the
pathogenesis of infectious diseases [186]. Different types of bacterial toxins have evolved over
time to counteract human defenses. These bacterial toxins can be coarsely categorized into
two groups: the cell-associated endotoxins and the extracellular diffusible exotoxins. Exotoxins
are typically polypeptides and proteins that act to stimulate a variety of host responses either

through direct action with cell receptors or via enzymatic modulation [186,187].

Partly through the utilization of these virulence factors, and toxins in particular, pathogenic
microorganisms have been a major cause of infectious diseases including in the context of viral
co-infections [182]. The development and medical use of antibiotics has limited the
development and spread of these pathogens by providing an effective treatment for bacterial
infections. However, the over- and mis-use of antibiotics has resulted in a global increase in
antimicrobial resistance (AMR) which now threatens human health through the emergence and
spread of multidrug resistant bacteria [182,188] (section 1). Furthermore, the acquisition of
antimicrobial resistance genes (ARGs) is not restricted to a single strain or species of bacteria.
While commensal bacteria provide a source of ARGs, antimicrobial resistance can be
transferred to pathogenic species through horizontal gene transfer, e.g., conjugation or
transduction (section 1.2) [20,189,190]. As a result, many pathogenic bacteria have now
acquired resistance against the main classes of antibiotics which has led to a dramatic rise in

untreatable infections, resulting in the emergence of so-called “superbugs” [191].
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Consequently, AMR is an urgent and growing threat to public health with an estimated number

of deaths exceeding ten million annually by 2050 [5,6].

Pathogenic microorganisms have modified and adapted their virulence to host defense
systems over millions of years. Similarly, AMR is thought to have evolved over extensive
periods of time in bacteria, indicating that it is an ancient phenomenon [1]. However, with an
increase in selective pressure through the use of antibiotics an excessive increase in the spread
and evolution of AMR has been observed in the last fifty years. Yet, despite differences in
evolutionary paths, virulence factors and AMR share common characteristics. Most importantly,
virulence factors and AMR are necessary for pathogenic bacteria to adapt to, and survive in,
competitive microbial environments [188]. Additionally, both virulence and resistance
mechanisms are frequently transferred between bacteria by horizontal gene transfer [190].
Furthermore, both processes make use of similar systems (i.e., cell wall alterations, efflux
pumps, two-component systems and porins) that activate or repress the expression of various
genes [192—-194]. Therefore, although AMR in itself is not a virulence factor, in environments
with selective antibiotic pressure, opportunistic pathogens are able to colonize through

acquisition or presence of AMR [182].

Considering the burden of bacterial infections in which virulence factors and ARGs play crucial
roles, it is important to be able to identify these in microbial communities in situ. The advent of
high-throughput DNA sequencing provides a powerful means to profile the full complement of
DNA derived from genomic extracts obtained from a wide range of environments [42]. As such
metagenomic sequencing represents a pertinent technique for in situ studies as it provides less
biased view of the genomic complements of individual microbial populations compared to
amplicon-based methods [195,196]. However, currently there is a lack of automated pipelines
to simultaneously identify these different factors in metagenomic datasets. Various tools exist
for the prediction of ARGs themselves, such as DeepARG [42], RGI [43], ResFinder [197] and
ARGsOAP [198], with a very few prediction tools for virulence factors existing, such as MP3
[199]and VirulentPred [200]. Most of the latter tools are based on outdated databases of
virulence factors which have since been expanded greatly. Moreover, there is a lack of recent
bioinformatics tools for the prediction of bacterial toxin genes in particular. Furthermore,
although various AMR prediction tools exist, these primarily focus on the prediction of genes
without considering their location, i.e., these tools do not differentiate between localization on

mobile genetic elements (MGEs) or on bacterial genomes. Since MGEs are the main
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mechanism by which ARGs are transmitted, it is crucial to identify the relationship between
ARGs and MGEs. Outside of these prediction tools, it is common practice to use standard
homology search algorithms against specific databases. However, such practices require
several intermediate steps which may vary from lab to lab. Additionally, using these methods
is restrictive in the sense that only a single database can be searched at a time.

Here, we present PathoFact, a pipeline for the simultaneous prediction of virulence factors,
bacterial toxins in particular, and ARGs. Our tool furthermore contextualizes these with respect
to their localization on MGEs. Moreover, PathoFact aggregates the information obtained via
different prediction tools and databases into a single output, allowing both novices and experts
in bioinformatics alike to parse information as needed. PathoFact thus provides a unified
perspective on pathogenic mechanisms. We provide evaluation results on our tool’s sensitivity,
specificity and accuracy, and demonstrate PathoFact's versatility using both a simulated
metagenomic dataset and public case-control metagenomic datasets for Parkinson’s disease,
psoriasis, and Clostridioides difficile infection. Using the simulated metagenomic dataset, we
further perform a comparison of PathoFact with other metagenomic characterization workflows
namely MOCAT2 [56] and HUMANN3 [201].

2.2 Methods

2.2.1 PathoFact architecture

PathoFact is a command-line tool for UNIX-based systems that integrates three distinct
workflows for the prediction of (i) virulence factors, (ii) bacterial toxins, and (iii) antimicrobial
resistance genes from metagenomic data (Figure 2.1). Each workflow can be applied
individually or in combination with the other workflows. Our tool is written in Python (version
3.6) and uses the Snakemake (version 5.5.4) workflow management software [202]. This
implementation offers several advantages, including workflow assembly, parallelism, and the
ability to resume processing following an interruption. Each step of the pipeline is implemented
as a rule in the Snakemake framework specifying the input needed and the output files
generated. We use conda (version 4.7) environments wherever possible thus reducing the
need for explicit installation of software dependencies. Moreover, the use of conda
environments makes it possible to incorporate prediction tools dependent on older Python
versions incompatible with version 5.5 of Snakemake. As such, Python, Snakemake and
(mini)conda (version 4.7) [203] installations are required. PathoFact is open-source and freely

available at https://pathofact.lcsb.uni.lu.
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The input to the PathoFact pipeline consists of an assembly fasta file containing nucleotide
sequences of the contigs. PathoFact subsequently predicts the ORFs using Prodigal (version
2.6.3) [204] for the prediction of virulence factors, toxins and antimicrobial resistance genes.
The MGEs are predicted from the initial assembly file and a mapping file is generated by
PathoFact which aggregates all the results. PathoFact aggregates the information obtained
from the different sub modules into both module-specific reports as well as a complete final
report. The reports describe all virulence factors, bacterial toxins and antimicrobial resistance
genes identified from the input as well as their assigned confidence level (virulence factors/
bacterial toxins), their resistance mechanisms (AMR) and their corresponding localization on

MGEs.

Input =™ Unique ID — Split files

>Seq >UID1
>Seq >UID2
>Seq >UID3
I
v v v v v v
Virulence  Signal Toxin AMR Plasmids Phages
factors peptides genes
v v
Join and Join and Join and
process process process
Confidence ~ Confidence MGE
level level prediction
v v v
Report Report Report
L —> Final report +—
VF...
AMR...
Virulence factor ~ Toxin genes Antimicrobial resistance

Figure 2.1:Framework of the PathoFact pipeline. The pipeline consists of three different modules
related to (i) virulence factors, incl. (ii) bacterial toxins, and (iii) antimicrobial resistance genes. All
modules can either be run independently or jointly.

2.2.2 Workflow for the prediction of virulence factors

For the prediction of virulence factors, we created a prediction tool consisting of two parts; (i) a
database consisting of virulence factor HMM profiles (HMMER3 v3.2.1) [205], and (ii) a random
forest model. Hits against the virulence factor HMM database are then combined with the
classification of the random forest model to result in the final prediction (Figure 2.2). The

development of the tool was inspired by the MP3 software tool for the prediction of virulence
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factors which has not received an update since 2014 and was thus outdated [199]. In addition,
PathoFact combines these annotations with the prediction of signal peptides by SignalP (v5.0)

[206] to distinguish between secreted and non-secreted virulence factors.

Query sequence
|
Random forest classifier
Virulence factor? Virulence factor?

v v v v

v v
(Non-)secreted protein Virulence factor
| J
(Non-)secreted virulence factor Not a virulence factor

Figure 2.2: Classification framework for the prediction of virulence factors. The prediction of
virulence factors depends on two different aspects: (i) a HMM domain database, (ii) a random
forest classifier. Sequences predicted positive form both are classified as virulence factors. The
incorporation of SignalP in the framework allows integration of information regarding the likely
secretion of the virulence factors.

2.2.2.1 Dataset for the prediction of virulence factors

A dataset, consisting of both a positive and negative subset, was constructed for the training
of the virulence factor prediction tool. The positive subset consisted of known virulence factor
sequences retrieved from the Virulence Factors Database (8945 sequences) (VFDB) [184]. All
sequences were obtained from the VFDB core dataset containing (translated) gene sequences
associated with experimentally verified virulence factors. The negative subset of the training
set consisted of protein sequences that were retrieved from the Database of Essential Genes
(DEG) (7995 sequences) [207] and which were known not to be virulence factors. For both
subsets, all sequences were clustered with CD-HIT [208]and sequences with a 90% sequence
identity were collapsed to prevent redundancy within the subsets. This 90% cutoff is routinely
used to reduce redundancy in similar protein datasets, improving efficiency without foregoing
specificity given the large metagenomic database sizes [209,210]. The resulting training set
was used for (i) the implementation of the HMM profiles, and (ii) the training of the random

forest model.
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2.2.2.2 Construction of the virulence factor HMM Database

For the construction of the virulence HMM database, HMM profiles were annotated for the
training set using HMMERS3 (version 3.2.1) against multiple pre-compiled and in-house
annotation databases [211]: PFAM-A [212], TIGR [213], KEGG [214], MetaCyc [215] and
Swissprot [216]. The best hit in each HMM set was assigned to each gene in the training set if
the HMM score was higher than the binary logarithm of the number of target genes, in
accordance with the recommendations in the HMMer manual. HMM profiles were subsequently
retrieved, and the databases were concatenated to form the virulence HMM database. Binary
compressed data files were constructed with the hmmpress (HMMERS3 v3.2.1) [205]. For the
prediction of virulence factors by the virulence HMM database, identified HMM profiles are
separated by those matching the positive or negative subset of the training set, as well as HMM

profiles ambiguous for both positive and negative subset.

2.2.2.3 Machine learning model for the prediction of virulence factors

In addition to the virulence HMM database, we created a random forest model [217]. A random
forest model operates from decision trees and outputs classification of the individual trees while
correcting for overfitting of the training set. While overfitting, in which models perform highly on
the training set but poorly on the test set, is a common problem in machine learning, a random
forest model corrects for overfitting by continuously creating trees on random subsets. This
does not mean that random forest classifiers are not capable of overfitting. However, they are
less sensitive to variance and effects of overfitting are therefore rarely observed [218]. For
training of the random forest model, the following five features of the sequences were selected
and implemented: amino acid composition (AAC), dipeptide composition (DPC), composition
(CTDC), transition (CTDT) and distribution (CTDD) [219]. A feature matrix was built with rows
corresponding to the sequence composition of the features. The random forest model was
implemented using pandas (v 0.25.0) [220], numpy (v 1.17.0) [221] and scikit-learn (v0.21.3)
[222] and consisted of 1600 trees with a maximum depth of 340.

2.2.3 Workflow for the prediction of toxin genes

For the prediction of toxin genes, a workflow consisting of a toxin HMM database combined
with SignalP version 5.0 [206] was developed. The toxin HMM database consists of bacterial
toxin domains to identify toxin-related domains in the query sequences. Using the hmmsearch

function of the HMMERS3 (v3.2.1) program [205], the input query sequences are searched
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against the collection of profiles present in the toxin HMM database. In addition, analyses are

combined with SignalP [206] to differentiate between secreted and non-secreted toxins.

2.2.3.1. Construction of the toxin HMM database

For the toxin HMM database an HMM model based on a training set of known toxins was
developed and implemented. The training set was compiled from the Toxin and Toxin Target
Database (T3DB) [223] and the training set derived from the DBETH prediction tool [186].
Protein sequences from within the training set with a similarity greater than 90% were clustered
and collapsed with CD-HIT-2D to reduce redundancy [208]. The corresponding toxin HMM
profiles were identified from the same five HMM databases as used for the virulence factors
(see above). The datasets were extended with HMM profiles already annotated as bacterial
toxin domains in the PFAM, TIGR, KEGG, MetaCyc and Swissprot databases. Finally, in order
to have a short description of all HMM profiles present in the toxin HMM database, a toxin
library was created. These lists (i) all HMM profiles, (ii) their names, (iii) their alternative names,

and (iv) the original database from which the HMM profile was derived.

2.2.4 Workflow for the prediction of antimicrobial resistance genes

For the prediction of ARGs, the workflow is separated into two parts: (i) the prediction of ARGs,
and (ii) the prediction of MGEs. For the prediction of ARGs, the tools DeepARG (v1.0.1) [42]
and RGI (v5.1.0) [43] are used. DeepARG uses a deep learning approach that improves
classification accuracy while at the same time reducing false negatives. It offers a powerful
approach for metagenomic profiling of ARGs as it expands on the available databases for
ARGs by combining the widely used CARD [224], ARDB [225], and UNIPROT [226] databases.
Additionally, RGI [43], is included which is able to identify mutation-driven AMR within genes,
allowing for a strain-resolved profiling of ARGs.

2.2.5 MGEs: plasmids and phages

The prediction of MGEs is split into two parts focusing on the prediction of (i) plasmids, and (ii)
phages. For the prediction of plasmids, PlasFlow (v1.1) [47] is used, while for the prediction of
phages VirSorter (v1.0.6) [51] and DeepVirFinder (v1.0) [50] were incorporated. All three tools
were selected because of their performance compared to other, similar tools [47,50,51]. The
predictions of these different tools are merged with the prediction of ARGs to provide
localization information of the resistance genes to either MGEs or genomes. Considering the

different predictions of MGEs, the final classification includes plasmid, phage, genome,
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unclassified, and ambiguous when localization predictions contradict each other, for example

predicted to be both phage and plasmid.

2.2.6 Evaluation of the PathoFact pipeline

To evaluate the performance of PathoFact, validations were conducted for the prediction of
toxins, for virulence factors, and for ARGs. The prediction quality was evaluated by sensitivity,

specificity and accuracy criteria as defined below.

tn
tn+ fp

tp+tn
tp+fn+tn+fp

tp
tp+ fn

Sensitivity = Specificity = Accuracy =

Where tp represents true positives (i.e., virulence factors (incl. bacterial toxins) or ARG is
predicted correctly), tn (i.e. a gene is correctly predicted not to be a virulence factor, toxin genes
or ARG), fp false positive (i.e., a gene incorrectly identified as a virulence factor, toxin genes or
ARG), and fn false negatives (i.e., a virulence factor, toxin genes or ARG is incorrectly identified
as non-pathogenic). We evaluated the sequence similarities between the training and validation
(test set) datasets after removing the sequences from the validation set with 90% identity to the

training set sequences using sourmash [227] (Appendix B.1: Supplementary figure 2.1).

2.2.6.1 Validation of virulence factors

A validation dataset was constructed to assess the performance of the prediction of virulence
factors. Analogous to the training set, the validation set consisted of a positive subset of 2639
sequences (VFDB database) and a negative subset of 2628 (DEG database) sequences.
Importantly, the sequences in the validation dataset were removed from the training set to avoid
overfitting. The test set for virulence predictions was used to run both the standalone MP3
(v1.0) tool and our newly generated tool for prediction of virulence factors. For MP3 the
standard advised parameters were used: set on metagenomic protein fragments, a minimum

length of 90 bases and a threshold value of 0.2 for the svm module [199].

2.2.6.2 Validation of toxin genes

For the validation of toxin genes, a validation dataset containing both positive and negative
subsets was constructed. The positive subset was constructed from sequences in the EMBL-
EBI database annotated as bacterial toxins. The results were limited to protein sequences
described in the UniProtDB. Further filtering of the protein sequences removed sequences with

uncertain predictions (i.e., hypothetical, probable). To limit redundancy within the dataset,
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sequences were clustered in terms of similarity by using a 90% sequence identity cut-off.
Furthermore, to limit redundancy between the validation and the training set, sequences with a
similarity of greater than 90% were discarded. The remaining 202 positive sequences were
combined with 202 random selected sequences from the negative dataset, consisting of

housekeeping genes representing the validation dataset.

2.2.6.3 Validation of AMR prediction

For the prediction of ARGs, both the DeepARG and RGI prediction tools were used. DeepARG
has proven to be more accurate than most AMR prediction tools with a great reduction in false
negatives [42], while RGI is capable of annotating SNPs contributing to AMR. For further
validation, before inclusion in the pipeline, the prediction tools were tested using the NCBI's
resistance gene database (5265 sequences) [46]. This positive subset was combined with a
negative subset (consisting of sequences retrieved from the Database of Essential Genes) of
equal size. For DeepARG default settings were applied, while parameters for model were set
to LS and type was set to prot. Similar to DeepARG, default settings of RGI were applied while
input-type was set to protein.

2.2.7 Data analysis and data availability of publicly available datasets

Metagenomic sequences for the publicly case-control metagenomic datasets were obtained
from the European Bioinformatics Institute-Sequence Read Archive database, with accession
numbers PRJINA297269 (Milani et al. [228]), PRINA281366 (Tett et al. [229]) and ERP019674
(Bedarf et al. [230]). Information on the analyzed samples per study can be found in Appendix
C.1: Supplementary table 2.1. Metagenomic reads were processed and assembled using IMP
(v2) [231]. The resulting fasta files containing the assembled contigs and genes were used as
input for PathoFact. For analyses of the predictions, FeatureCounts (v1.6.4) [232] was used to
extract the number of reads per functional category. Thereafter, the relative abundance of the
toxin genes was calculated using the Rnum_Gi method described by Hu et al. [233].
Additionally, the DESeq2 (v1.24) [234] package was used to analyze the differential abundance

of virulence factors, toxins and ARGs.

2.2.8 Data analysis and data availability of a simulated dataset

To evaluate the performance of PathoFact compared to other metagenome characterization
workflows, a high-complexity stimulated dataset consisting of 5 time series samples with 596

genomes and 478 circular elements was obtained from CAMI [64]. As with the case-control
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metagenomic datasets, reads were processed and assembled using IMP (v2), after which the
dataset was run through PathoFact. In addition, both MOCAT2 and HUMANNS3 were run on the
stimulated metagenomic dataset using default settings of both workflows. Further data analysis

was performed as described for the case-control datasets.

2.3 Results and Discussion

2.3.1 Benchmarking

The PathoFact pipeline has an in-built multi-threading option to improve computational
efficiency. In fact, certain tools, e.g., DeepVirFinder, are memory intensive and may require
additional resources. Table 2.1 corresponds to the runtime of a metagenomic dataset (363 933
metagenomic sequences) with differing numbers of threads. A minimum usage of 8 threads, in
this case corresponding to 28 GB/thread, is advised for running the pipeline. Additionally, for

the installation of PathoFact an initial storage of 6.3 GB is required.

Table 2.1: PathoFact runtimes with different threads/computational resources. Evaluated
running times of PathoFact with different threads (8,16) and corresponding computation
resources.

Threads Memory Running time
8 224 GB 25h 19m
16 448 GB 15h 58m

2.3.2 Validation of the PathoFact pipeline

For the prediction of virulence factors the prediction tool consists of two parts: a virulence factor
HMM database and a random forest classifier. The random forest classifier's out-of-bag (OOB)
error value reported an accuracy of 0.822. To improve performance for virulence prediction,
the random forest model was combined with the HMM database which resulted in an overall
sensitivity of 0.886, specificity of 0.957 and an accuracy of 0.921 (Table 2.2). Additionally, we
compared our tool to the MP3 tool for the prediction of virulence factors (Appendix C.1:
Supplementary table 2.2). PathoFact scored overall higher than MP3 which scored 0.125,
0.992, 0.558, respectively. In addition to the prediction of virulence factors, for the prediction of
bacterial toxins an overall sensitivity of 0.777, specificity of 0.989 and accuracy of 0.832 were

obtained.
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Finally, for the prediction of ARGs the sensitivity, specificity and accuracy of both DeepARG
and RGI was determined at 0.720, 0.996, 0.858 and 0.920, 0.997, 0.958, respectively. A
combined approach merging the use of both tools resulted in the highest scores with an overall

sensitivity of 0.963, specificity of 0.994 and accuracy of 0.979 for the prediction of ARGs.

Table 2.2: Validation of the PathoFact pipeline. Evaluated performance of PathoFact
regarding the prediction of virulence factors, bacterial toxins, and antimicrobial resistance
genes.

Toxin prediction | Virulence factor prediction | AMR prediction
Sensitivity 0.777 0.886 0.963
Specificity 0.989 0.957 0.994
Accuracy 0.832 0.921 0.979

2.3.3 Performance evaluation using a simulated dataset

To further evaluate the performance of PathoFact and compare it to other existing tools, the
PathoFact pipeline was run on a simulated metagenome comprised of high-quality annotated
genomes, i.e., the CAMI High Complexity Toy Test Dataset. Both MOCAT2 [56]and HUMANNS3
[201]were run on the original reads of the simulated CAMI datasets, while the same read
datasets were processed and assembled with IMP followed by execution of PathoFact.
Subsequently, annotations resulting from the different workflows were compared to evaluate
the performance of PathoFact (Figure 2.3a). PathoFact demonstrated increased numbers of
predictions compared to both MOCAT2 and HUMANN3 regarding virulence and toxin
predictions (< 0.05, ANOVA) while performing similarly regarding AMR prediction compared to
MOCAT?2. Furthermore, and importantly, no additional curation or data-wrangling is needed for

PathoFact compared to the other workflows tested above.

Additionally, we aimed to further characterize the performance of the metagenomic workflows
against annotations of the CAMI High Complexity Toy Test Dataset. To achieve this, we
annotated the underlying genomic data using the NCBI database of resistance genes [46], as
well as a BLAST search of the original 450 genomes against known virulence factors and toxin
genes [184,186]. The resulting annotations were compared to the prediction reports of
PathoFact, MOCAT2 and HUMANNS. PathoFact identifies a similar number of virulence factors
and toxin genes in the annotated genomes compared to the original annotations, while
MOCAT2 and HUMANN3 identified a significantly lower number (Figure 2.3b). Regarding
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antimicrobial resistance, PathoFact was able to identify many more gene variants compared to
MOCAT2 and HUMANN3 (Figure 2.3c).
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Figure 2.3: Performance evaluation of PathoFact on a high-complexity simulated dataset. a. The relative
abundances (%) of virulence factors, including bacterial toxins, as well as antimicrobial resistance genes, as predicted by
PathoFact, MOCAT2, and HUMANN3, *two-way ANNOVA, P value < 0.05. b. Total number of virulence factors ad toxin
genes identified in the annotated genome and as predicted by PathoFact, MOCAT2, HUMANNS3. c. Number of unique
ARGs as annotated by the NCBI resistance database and as predicted by PathoFact, MOCAT2, and HUMANNS.
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Virulence factors and toxins may contribute to dysbiosis of the microbiome and favor a pro-
inflammatory environment [65]. In addition, particular pathogenic bacteria may adapt to, and
survive in, the presence of antimicrobials through acquisition or expression of AMR. Thereby,
virulence factors, toxins and AMR may all contribute to the pathogenic potential of the
microbiome, which in turn may have an effect on the onset and development of disease and
infection. The performance of PathoFact was demonstrated using three publicly available case-
control metagenomic datasets which were chosen considering the following criteria:
representing an actual infection or a chronic disease in which either pathogenic potential or
toxins are believed to play a role. The Milani et al. [228] study represents actual infections with
Clostridioides difficile (CDI) in the human gut microbiome of five patients along with five healthy
controls. Furthermore, skin metagenomes of five psoriasis patients along with five healthy
controls from Tett et al. [229] were chosen to represent a chronic disease in which a pathogenic
potential is believed to have a function. Additionally, from Bedarf et al. [230] the metagenomes
of fecal microbiomes derived from 10 early stage Parkinson’s disease (PD) patients, as well as
10 age-matched controls, was obtained to represent a chronic disease in which bacterial toxins

are believed to be involved [230].

2.3.4.1 Prediction of virulence factors and bacterial toxins

The predictions from PathoFact resulted in the identification of virulence factors in all three
case-control metagenomic datasets. Furthermore, predicted virulence factors were
characterized as secreted and non-secreted through the incorporation of SignalP in the
pipeline. No statistically significant (P-value < 0.05, Wilcoxon rank sum test) different relative
abundance of the different virulence factors was found in any of the three studies when

comparing diseased state and control (Figure 2.4).
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Figure 2.4: Virulence factors in three case-control metagenomic datasets. The relative
abundance (%) of both secreted and non-secreted virulence factors as well as non-pathogenic
sequences in three metagenomic datasets (Clostridioides difficile infection, Psoriasis, Parkinson’s
disease)

In addition to the general prediction of virulence factors using PathoFact we identified bacterial
toxins, as well as their corresponding HMM domain by which they were identified. Furthermore,
both secreted and non-secreted toxins were identified in both diseased and control groups in
all datasets (Figure 2.5a) and we identified several differentially abundant bacterial toxins
(Appendix C.1: Supplementary table 2.3-2.5). Within the CDI dataset three distinct toxin
domains, PF13953, PF13954 and PF06609, were identified to be differentially abundant in CDI
over control (Figure 2.5b). Interestingly, none of these toxin domains have yet been reported
to be linked to CDI and therefore are of interest for further research. Four distinct toxin domains
(K12340, PF13935, PF14449 and K11052) were found to be significantly abundant in psoriasis
over control (Figure 2.5¢c). Of these toxin domains, only K12340 was previously linked to
psoriasis [235]. Finally, regarding the PD study we found several differentially abundant
bacterial toxins when comparing PD and control samples (Figure 2.5d). Of these bacterial
toxins, one containing the PF09599 domains was more abundant in PD and is among others
found in invasin proteins in Salmonella typhimurium which has been hypothesized to be

involved in Parkinson’s disease [236]. Interestingly, in all three datasets additional ‘unknown’
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toxin domains were identified to be linked to the diseases, therefore representing interesting

candidates for further research.
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Figure 2.5: Bacterial toxins in three case-control metagenomic datasets. a. The relative
abundance (%) of both secreted and non-secreted bacterial toxins in diseased versus control
subjects. b. Volcano plot depicting differentially abundant bacterial toxins in Clostridioides difficile
infections versus control. ¢. Volcano plot depicting differentially abundant bacterial toxins in
Psoriasis versus control. d. Volcano plot depicting differentially abundant bacterial toxins in
Parkinson’s disease versus control.

2.3.4.2 Prediction of antimicrobial resistance

Using the PathoFact pipeline we predicted the presence of antimicrobial resistance genes in
all three case-control metagenomic datasets. Within the CDI datasets 23 ARG categories were
identified (Appendix B.1: Supplementary figure 2.2a) of which six, i.e. diaminopyrimidine,

elfamycin, fluoroquinolone, nucleoside, peptide and multidrug, were significantly higher
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abundant in individuals with CDI over control (Figure 2.6a). Antimicrobial resistance has
previously been found to be associated with CDI infections [237]. In the metagenomic data of
the skin microbiome 22 categories of ARGs were identified (Appendix B.1: Supplementary
figure 2.2b). Interestingly, none of these resistance categories were found to be significantly
different, neither with the diseased nor the control group. Within the PD study 33 ARG
categories were identified (Appendix B.1: Supplementary figure 2.2c) with glycopeptide
resistance significantly abundant in PD over controls, while tetracycline resistance was found
to be enriched in the control group (Figure 2.6b). The link between antimicrobial resistance
and Parkinson’s disease has been mostly unexplored thus far. However, a recently published
study by Mertsalmi et al. [238] suggests a role for antibiotics in PD through the influence on the

gut microbiome.

a
[ diaminopyrimidine elfamycin fluoroquinolone
2e-044 * * *
1 4 2e-041 .
2e-044 1e-03-
2e-044
1e-041
1e-041
5e-04 1
8 5e-051 s 56-051
&
T . .
§ 0e+00- " 0e+00+ 1 ' 0e+00- Y | Group
: [ multidrug nucleoside peptide ] g gg: |
5e-04 - control
2 5e-03 % 4e-051 * ¢ *
©
e 4003 se-041 |
3e-051
3e-031 3e-04+
2e-054
2e-03 2e-04-
1e-031 1e-051 1e-04- 1
! - $ [
0e+00- St 0e+00" ———— 0e+00-
glycopeptide tetracycline
3e-04+
® * 6e-04 1 X
2 .
s 2e-044
c Group
3 2e-041 4e-041 & PD
© .
o © PD control
2 1e-044 &
% 2e-04+ 0
L]
& 56.05- : 4 i

Figure 2.6: Antimicrobial resistance in three case-control metagenomic datasets. The relative
abundance (%) of antimicrobial resistance categories with statistically significantly differentially
abundance in a Clostridioides difficile infection versus control, b Parkinson’s disease versus control.
*P value <0.05.
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Although we propose the primary usage of PathoFact for metagenomic analyses, as seen with
these three case-control metagenomic datasets, it can also be applied to single genome
assemblies. Using the Klebsiella pneumoniae subsp. pneumoniae HS11286 reference
genome, we identified 86 resistance genes of which 6 contained SNPs contributing to

resistance (Appendix C.1: Supplementary table 2.6).

2.3.4.3 Prediction of mobile genetic elements linked to virulence factors

Using the predictions generated by PathoFact, we resolved the genomic contexts and identified
MGEs in all three case-control metagenomic datasets (Figure 2.7a) (Appendix B.1:
Supplementary figure 2.3). Within all three datasets the presence of both phage- and plasmid-
derived sequences was detected, although no significant difference was observed between
diseased and control. We found that in all datasets the majority of MGEs were found to be both
linked to virulence factors as well as AMR (~50%), closely followed by MGEs linked solely to
virulence factors, including bacterial toxins, with AMR contributing to the remaining MGEs
(Figure 2.7b). Furthermore, a number of MGEs were found to be both linked to virulence

factors as well as AMR.

Of the ARGs linked to MGEs, the prevalence of the different resistance categories were
identified using our tool. Within the CDI dataset, the majority of the MGEs were linked to
phenicol and beta- resistance in both diseased and control groups (Appendix B.1:
Supplementary figure 2.4a). Additionally, plasmids linked to diaminopyrimidine and
sulfonamide resistance were identified within the disease group while found to be absent in the
control. Within the skin metagenomes, the maijority of the predicted resistance genes linked to
MGEs included beta-lactam, tetracycline and multidrug resistance in both diseased and control
groups (Appendix B.1: Supplementary figure 2.4b). However, MGEs linked to beta-lactam
resistance were found to be enriched in the diseased group. Finally, of the resistance genes
within the PD study, both peptide and tetracycline resistances were found to be linked to phage
and plasmids. Peptide resistance was abundant in controls whereas tetracycline was identified

primarily in diseased (Appendix B.1: Supplementary figure 2.4c).
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Figure 2.7: Identification of MGEs within three case-control metagenomic datasets.
Relative abundance of MGEs within three metagenomic datasets (Clostridioides difficile
infection, psoriasis (skin), and PD). a. The overall relative abundance of phage and plasmid
within the Clostridioides difficile infection, psoriasis, and Parkinson’s disease datasets. b. The
distribution of virulence factors, incl. toxins, and AMR between phage and plasmid in all

datasets.

2.4 Conclusion and outlook

The identification of virulence factors, toxins and antimicrobial resistance genes are of

immediate importance for understanding the pathogenic state of microbiomes. Using our newly

developed tool, PathoFact, we were able to identify virulence factors and bacterial toxins within
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three publicly available case-control metagenomic datasets. Furthermore, we were able to
identify differentially abundant bacterial toxins when comparing diseased and control groups in
all datasets. Additionally, antimicrobial resistance genes were identified in two of the datasets
with a significant difference of certain resistance categories between diseased and control
individuals. The inclusion of MGEs is of particular importance in understanding the possible
transmission of MGE-born virulence factors. With PathoFact we identified MGEs in all three
datasets and were able to link these simultaneously to the corresponding virulence factors,
toxins, and antimicrobial resistance genes.

Until now, no single tool has existed which has combined these distinct aspects. Although
several prediction tools exist for AMR, of which DeepARG and RGI have been chosen for their
accuracy and ability to identify mutations' contribution to resistance (RGI), to be included in our
pipeline. Limited or no tools were available on the other hand for the prediction of toxins and
virulence factors. PathoFact utilizes the wealth of currently available software (e.g., AMR and
MGE predictions) as well as newly generated tools (e.g. virulence factors and toxins).
Furthermore, PathoFact can conveniently integrate updates and newly developed prediction
tools. In conclusion, our tool combines the strength of AMR predictions linked to MGE
predictions and integrates this with the prediction of toxins and virulence factors. PathoFact is
a versatile and reproducible pipeline by its ability to run either the complete workflow or each

module on its own, giving the investigator flexibility in their analysis.
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Chapter 3. Persistence of birth mode-dependent
effects on gut microbiome composition and
antimicrobial resistance during the first year of life.

A major part of this chapter was adapted and modified from the following first-author peer-

reviewed publication:

Susheel Bhanu Busi*, Laura de Nies*, Janine Habier, Linda Wampach, Joelle V Fritz, Anna
Heintz-Buschart, Patrick May, Rashi Halder, Carine de Beaufort and Paul Wilmes (2021).
Persistence of birth mode-dependent effects on gut microbiome composition, immune system
stimulation and antimicrobial resistance during the first year of life. ISME Communications 1
(1), 1-12 [Appendix A.3]

* Co-first author

37



3.1 Background

The rate of caesarean section delivery is constantly increasing worldwide, which is partly driven
by increases in overall income and access to health facilities [239]. According to a 2015 report,
29.7 million births occurred via CSD in that year accounting for ~18% of the births in 169
countries [239]. At 25% in Europe, this number is higher than the global average [240]. The
short-term risks of CSD include delayed or altered development of the immune system [241],
reduced gut microbiome diversity*, limited transmission of bacterial strains from mother to
neonate [242,243], and microbiome-borne functional deficiencies [165,244—246]. Although few
studies associate CSD with metabolic disorders [247,248] and allergies [249,250], the long-
term effects of birth mode are not well understood. Shao et al. reported that CSD may
predispose individuals to colonization by opportunistic pathogens including those carrying
antimicrobial resistance (AMR) genes [251]. On the one hand, several reports including our
previously published study [165] addressed questions concerning the very early development
of the neonate’s gut microbiomes [250,252] and immune system priming [241] in relation to
disease development [253,254]. On the other hand, only few reports [255-258] follow the
effects of birth mode during the first year of life especially in relation to immune system priming,
development and evolution of AMR, and the contribution of mobile genetic elements to the

persistence of ARGs.

Factors including environmental exposure [250], breastfeeding and diet [255,259,260], and
genetics [261] play crucial roles in the development of an infant. Aside from this, it is now
generally accepted that birth mode, i.e. vaginal delivery (VD) or CSD, has a pronounced impact
on early microbiome structure [165,241,247,262,263]. While the majority of these studies focus
on the overall microbiome structure, analyses of the functional contribution of the microbiome
have attracted attention due to its sensitivity to perturbation [264]. For example, we previously
reported that the microbiome in VD-born babies was enriched in bacterial genes encoding for
lipopolysaccharide (LPS) biosynthesis, cationic antimicrobial peptide resistance as well as two-
component systems [165]. Interestingly, higher levels of LPS biosynthesis genes were
associated with increased immune responses in VD neonates, whereas CSD neonates had
reduced levels of TNF-a and IL-18 immediately after birth. Noteworthy in this context is previous
work by Vatanen et al. which showed that differing LPS immunogenicity contributes to
autoimmunity thereby affecting the long-term health outcomes of infants exposed to different
antigens [265]. Furthermore, others have hypothesized and reported [241,266] a similar
phenomenon, whereby the gut microbiome contributes to the development of the immune
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system during a “critical window” of development [241,266—-272]. In a neonatal cohort at risk
for the development of asthma, bacterial metabolites were shown to specifically impede
immune tolerance [273]. However, some of the reports described above do not elaborate on
the continuous effect of early immune system priming in the context of the birth mode and
especially over the course of the first year of life, including whether these effects normalize

over time.

Aside from the well-studied factors and consequences of development described above, the
role of commensal microbiota in the emergence and spread of AMR is not well understood.
Recent studies have reported that antibiotic exposure in infancy affects microbial diversity and
enriches for ARGs. Interestingly, Ravi et al. have suggested that the infant gut microbiome acts
as a reservoir for multidrug resistance that persists throughout infancy up to two years of age
[274]. They reported that integrons (int7 gene) in the gut could potentially be responsible for
this phenomenon. Nevertheless, the effect of birth mode, CSD or VD, on the transmission and

occurrence of AMR remains unresolved.

Here, we address the aforementioned gaps in knowledge concerning the effect of birth mode
on the persistence of the gut microbiota over the first year of life including their inherent
functions, immunogenic properties and their role in conferring AMR. Our results highlight birth
mode-dependent differences in gut microbiome structure and their association with immune
function. We found that the gut microbiota becomes similar between CSD and VD babies at
one year of age, with the exception of an immunostimulatory commensal, Faecalibacterium
prausnitzii, which was enriched in the VD group. Additionally, we identified an increased
abundance in ARGs directed against synthetic and semi-synthetic antibiotics in CSD as early
as five days postpartum. Strikingly, we found that mobile genetic elements (MGEs) including
plasmids and bacteriophages are key contributors to the establishment and persistence of
AMR, irrespective of birth mode. Collectively, our findings suggest that birth mode-dependent
effects persist through the first year of life including the delayed immunostimulation of CSD
infants likely affecting tolerance mechanisms as well as the apparent role of bacteriophages in
conferring AMR.
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3.2 Methods

3.2.1 Ethics statement

All aspects concerning the recruitment and collection of mother-neonate pairs including
handling, processing and storing of samples as well as data were approved by the Luxembourg
Comité national d’éthique de recherche, under reference number 201110/06 and by the
Luxembourg National Commission for Data Protection wunder reference number
A005335/R000058. Prior to specimen collection, following a detailed consultation; written and

informed consent was obtained from all mothers enrolled in the study.

3.2.2 Sample collection

Based on our previous study [165], the present study design aimed at testing the hypothesis
that birth mode elicits longer-term functional microbiome changes which may impact neonatal
health and development (with particular foci on antimicrobial resistance and lipopolysaccharide
biosynthesis) and we performed the corresponding power analyses using data from our
previous study. Founded on the increase in fold-change [caesarean section delivery (CSD)
versus vaginal delivery (VD)] in antimicrobial resistance genes, a sample size calculation
revealed a minimum number of four individual mother-infant pairs per group to achieve a power
of 80% with a significance threshold of 5%. For the LPS-mediated functional cytokine
measurements, we estimated a minimum sample size per group of six pairs based on a fold-
change of 1.40 x in TNF-a, i.e., a 40% difference of means between the samples (Appendix
B.2: Supplementary figure 3.1). As previously published [165,275], we found that the
functional microbiome differences provide clearer delineations when comparing groups than
the typically reported taxonomic profiles. Based on our hypothesis, we focused on functional
endpoints, in particular on the emergence and acquisition of ARGs and the LPS-mediated
immune stimulation. As per the results of the power analyses highlighting a minimum
requirement of 6 mother-infant pairs per group, we further inflated the per-group sample size
by 50 % leading to a minimum of 9 mother-infant pairs per group. In the present study, babies
delivered via caesarean (CSD, n=11) and vaginal (VD, n=9) deliveries were sampled during
the first days of life and were followed-up at 1 month, 6 months and at one year of age. Samples
were collected during follow-up visits into sterile plastic vials and immediately flash-frozen in

liquid nitrogen. Faecal samples were stored until further processing at -80 °C.
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3.2.3 Faecal processing and nucleic acid extraction

Genomic DNA was isolated from 50 mg of frozen stool samples aseptically weighed into sterile
vials, prior to processing with the DNeasy PowerSoil Kit (Qiagen, Luxembourg) including an
additional incubation step at 65 °C and milling, as described previously [165]. All the study
samples yielded sufficient DNA for metagenomic sequencing including artefact-curated
metagenomic data as described previously [165] for subsequent analyses. DNA extracted from

all timepoints was thereafter stored at -80 °C until further use.

3.2.4 DNA sequencing

All DNA samples were subjected to random shotgun sequencing. Briefly, 250ng of DNA was
sheared using Bioruptor NGS (Diagenode, UCD300) with 30s ON and 30s OFF for 15 cycles.
The sequencing libraries were prepared using TruSeq Nano DNA library preparation kit
(Mlumina, FC-121-4002) using the protocol provided with the kit. The libraries were prepared
considering 350bp average insert size. Prepared libraries were quantified using Qubit
(Invitrogen) and the quality was checked on a Bioanalyzer (Agilient). Sequencing was
performed on the NextSeqg500 (lllumina) instrument using 2x150 bp read length at the LCSB

Sequencing Platform.

3.2.5 Data processing for metagenomics, including genome reconstruction

Paired forward and reverse sequences were processed using the metagenomic workflow of
the Integrated Meta-omic Pipeline [231] (IMP). The metagenomic processing workflow includes
pre-processing, assembly, genome reconstruction and functional annotation of genes based
on custom databases in a reproducible manner. Briefly, the adapter sequences were trimmed
in the pre-processing step including the removal of human reads. Thereafter the de novo
assembly was performed using the MEGAHIT (version 2.0) assembler[276]. Default IMP
parameters were retained for all samples. Subsequently, we used MetaBAT2 [277] and
MaxBin2 [278] for binning in addition to an in-house binning methodology previously described
[211]. This involved ignoring ribosomal RNA sequences in kmer profiles based on the clustering
from VizBin embeddings [279], which uses density-based non-hierarchical clustering
algorithms and depth of coverage for genome reconstructions. The reconstructed genomes are
hereafter referred to as bins or metagenome-assembled genomes (MAGs). We obtained a non-
redundant set of MAGs using DASTool [280] with a score threshold of 0.7 for downstream

analyses.
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3.2.6 Metagenomic taxonomic classification, virome and functional analyses

Trimmed and pre-processed read pairs were used as input to determine the microbial
abundance and population genomic profiles based on the mOTUs [281] (version 2) tool. Based
on the marker genes in the mOTU2 database taxonomic profiling was performed. The relative
abundances of the mOTUs were estimated using a minimum alignment length of 125 base
pairs (bp), where the read counts were normalized to the gene length while also accounting for
base coverage of the genes. This was done using the motus profile option with the built-in
option (-c) for relative abundance values per sample. Simultaneously, to improve specificity
and minimize false positives, a cut-off of seven genes that deviated from the median was used
as an additional parameter to improve both sensitivity and precision. For the reconstructed
MAGs, completeness and contamination was determined using CheckM [282], while the
taxonomy for each MAG was assigned using the GTDB (Genome Taxonomy Database) toolkit

(gtdb-tk) [283] using the lineage wf option and by using the fasta files as inputs for the MAGs.

For the analyses of functional potential from the assembled contigs, open-reading frames were
predicted from the assembled contigs using a modified version of Prokka [284] that includes
Prodigal [204] gene predictions for complete and incomplete open reading frames. The
identified genes were annotated with a Hidden Markov Models [285] (HMM) approach, trained
using an in-house database [211] including all KO [214], TIGRFAM and SWISS-PROT [216]
groups and using hmmsearch from HMMER 3.1 [205]. Where multiple functional groups were
assigned to genes, the best hits based on bit scores were selected. FeatureCounts [232] was
used to extract the number of reads per functional category, using the arguments -p and -O,
thus yielding counts for each functional category. After the LPS-cytokine analysis, insufficient
faecal sample for one of the CSD samples (C118) remained for metagenomic sequencing.
Therefore, the sample was removed from subsequent metagenomic analyses. For the virome
analyses, we used an iterative annotation method to recover microbial (bacterial and archaeal)
viruses [286], and subsequently taxonomically annotated using a network-based classification
protocol defined by Bolduc et al. [287]. Samples C109 was not included in the virome analyses

due to viral contigs being below detection confidence thresholds.

3.2.7 Identification of antimicrobial resistance genes and association with mobile

genetic elements

We used a deep-learning approach, DeepARG [42], to predict and identify ARGs within our

metagenomic data. The output from Prokka, i.e., the translated fasta sequence files for all open
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reading frames, was used as input for the AMR analyses. ARGs were collapsed into categories
based on the Comprehensive Antibiotic Resistance Database (CARD) [43] and identified using
DeepARG. Thereafter, the relative abundance of the ARGs was calculated using the Rnum_Gi
method described by Hu et al. [233].

Identified ARGs and their categories were consecutively linked to associated bacterial
taxonomy using the metagenomic bin classification. Furthermore, ARGs were linked to
predicted mobile genetic elements (MGEs; phages and plasmids) to identify probable
transmission of AMR between taxa. For the identification of plasmids in the metagenomic data,
PlasFlow [47] was used with a threshold for filtering set to 0.7. Simultaneously, DeepVirFinder
[50] and VirSorter [51] were used to identify phage sequences within the VD and CSD groups.
Predictions from both these tools were subsequently merged to obtain a comprehensive
catalog of phage sequences. For the prediction of phage sequences the DeepVirFinder
thresholds for filtering were set at a p-value of <0.05 and a score of 0.7, while for VirSorter the
category 1 and 2 predictions were used for downstream analyses. To link both the MGEs and
the taxonomy to the ARGs, we mapped the genes to assembled contigs, followed by identifying
the corresponding bins (MAGs) to which the contigs belonged. By considering all different
predictions of MGEs, a final classification was made based on the genomic contexts of the
ARGs encoded on plasmids, phages or chromosomes, including classification of those that
could not be resolved (ambiguous). Those ARGs that could not be assigned to either the MGEs
or bacterial chromosomes were further referred to as unclassified genomic signatures. Certain
ARGs were encoded on both the bacterial chromosome and phage genomes. In such cases,
we recorded the encoded ARG as being ambiguous. The confirmation of ARGs and their
associated mode of transfer was performed manually alongside the mapping of identical 1Kbp
flanking regions, via the MetaCHIP analyses pipeline [288]. Briefly, groups of genes among all
input MAGs with maximum average identity were considered putative HGT genes. To validate
the predicted candidates, a pairwise BLASTN was used to assess each pair of flanking regions
of 10 Kbp. Visual representations of the genomic regions were extracted alongside the results
for visual interpretation and inspection. Coverage of the genomic regions was additionally
assessed through the IGV viewer using the bam file, and manually plotted based on per base

coverage statistics for the latter.
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3.2.8 LPS isolation and in vitro immunostimulation for cytokine profiling

From the one year of age time point, 150 mg faecal samples were weighed aseptically, and
lipopolysaccharide (LPS) was extracted alongside an extraction blank to serve as a negative
control. We also used an in-house pure culture of E. coli, from which extracted LPS was used
as a positive control. To maximize yields, the samples were divided into triplicates, i.e., 50 mg
per vial, prior to LPS extraction using the hot phenol-water protocol as previously described
[165]. After extractions the triplicates from each sample were pooled and quantified using an
endotoxin-detection assay (Endolisa, #609033, Hyglos GmbH, Germany). All samples
produced sufficient quantities of LPS. The purified LPS was used to stimulate monocyte-
derived dendritic cells (MoDCs). Briefly, primary human monocytes were derived from blood
samples from four healthy donors obtained through the Luxembourg Red Cross. The
monocytes were further differentiated into MoDCs, in RPMI 1640 medium (ThermoFisher
Scientific) supplemented with 10% foetal bovine serum (ThermoFisher Scientific), 20 ng ml-1
of granulocyte-macrophage colony-stimulating factor (Peprotech, London, UK), 20 ng ml-1 IL-
4 (Peprotech) and 1% penicillin—streptomycin  (Invitrogen). Subsequently, the
immunostimulatory potential of the LPS fractions isolated from the one year of age faecal
samples was determined. For this, MoDCs were treated with LPS extracts from VD and CSD
samples. The amount of LPS from each sample that was used to stimulate the MoDCs was
adjusted as described by Wampach et al. [165]. Briefly, the MoDCs were stimulated with 7.5
pl/well of LPS while a positive control was established using 15 EU/well LPS isolated from E.
coli, and a negative control was set up by incubating MoDCs with 7.5 pl/well of the LPS
extraction blank. For the in vitro stimulation, the amount of MoDCs was 1 x 10° cells/well.
Treatments were performed on cells from all the healthy donor-derived samples and analyzed
for the presence of pro- and anti-inflammatory cytokines (TNF-a, IL-8, IL-18, IL-1b, IL-12, and
IL-10) using both Human Instant and uncoated ELISA kits (ThermoFisher Scientific).

3.2.9 Data analysis

All figures for the study including visualizations derived from the taxonomic, functional, and
cytokine profiling were created using version 3.6 of the R statistical software package [289].
DESeq2 [234] and Wilcoxon rank-sum tests with FDR-adjustments for multiple testing were
used to assess significant differences for the AMR and taxonomic analyses whereas a paired
two-way ANOVA (Analysis of Variance) within the nime package was used for identifying
statistically significant differences in the cytokine profiles. Volcano plots were generated using

the EnhancedVolcano package [290]. Corrplots were generate using the corrgram package
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developed for R [291]. The metacoder [292] package was used to visualize the AMR-linked

taxonomy in R.

3.3 Results

3.3.1 Birth mode-dependent gut microbiota differences during the first year

We previously described the initial seeding and colonization processes within the human gut
microbiome and identified differences in microbiome structure and function as well as linked
immunogenicity and immune system priming, which stratified according to birth mode
[165,275]. Building on this work, we aimed to understand the long-term effects in relation to the
observed differences, especially through the first year of life which represents a “critical
window” of development including physiological growth and immune system maturation. To
achieve this, we followed VD and CSD neonates in our cohort and collected faecal samples at
crucial intervals after birth, including five days, 1 month, 6 months, and at one year of age
(Figure 3.1).
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Figure 3.1: Workflow representation of DNA and LPS isolation from faecal samples for
metagenomic, immune and functional AMR analyses
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In one of our previous studies [165], a multivariate analysis was performed to compare the
profiles of CSD (x SGA) to VD neonates. The results of these analyses demonstrated that
delivery mode was the strongest determining factor in the microbial profile and predicted
functions irrespective if the infants were born SGA (small for gestational age) or not [165]. In
light of these analyses, we included the SGA samples within the CSD group. We reconstructed
microbial genomes and identified differentially abundant taxa and functions between the groups
using metagenomic sequencing data. Based on metagenomic operational taxonomic units
(mOTUs), we calculated the Jensen-Shannon divergence index and found that the intra-group
variability within CSD or VD was minimal while the inter-group variability between CSD and VD
groups was significantly different (Appendix B.2: Supplementary figure 3.1). At the genus
level, our data also recapitulated previously described [165] significantly increased levels of
Bacteroides (FDR-adjusted p < 0.05, Wilcoxon rank-sum test) in the VD neonates compared
to CSD at the early time points (day 5 after birth and at 1 month). B. caccae also showed an
increasing trend in the CSD group at 6 months and after one year of age, while B. caecimuris
was significantly increased in CSD at 5 days after birth (Figure 3.2a; FDR-adjusted p < 0.05,
Wilcoxon rank-sum test) and showed an increasing trend at one year of age. However, at one
year of age, the abundance of this genus in samples from CSD neonates was comparable to
the levels in the VD group. In contrast, the levels of Bifidobacterium were increased in VD after
6 months, while Faecalibacterium prausnitzii, a commensal associated with healthy human
microbiomes [293], was found to be significantly increased in the VD group at one year of age
(Figures 3.2a, FDR-adjusted p < 0.05, Wilcoxon rank-sum test). We further found that both
birth mode and the neonatal age affect the gut microbiome community structure, whereby the
latter contributes highly to variation within and between the groups (Figure 3.2b). The
taxonomic profiles at one year of age were distinct when compared to day 5, 1 month and 6

months from both groups.
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Figure 3.2 Gut microbiome profiles throughout the first year of life. a. Relative abundances of
metagenomic operation taxonomic units (mOTUs) >1% abundance at day 5 after birth, 1 months, and at
1 year of age. b. Canonical correlation analyses (CCA) resolving the stratification of taxonomic profiles
based on two covariates, i.e., birth mode and time when samples were sequenced.

3.3.2 Assessment of differences in metagenomic functional potential at one year of age

Taxonomic differences within the gut microbiome populations may not always manifest as
differences in functional diversity due to the redundancy in the latter. To address this, we
assigned KEGG [214] orthology identifiers (KOs) to each gene identified from both groups. We
found 84 differentially abundant KOs between VD and CSD samples at one year of age (Figure
3.3a). Additionally, we linked all identified KOs (n=7,103) to their corresponding KEGG
orthology pathways (Figure 3.3b) and performed differential pathway analyses. We found that
the VD group showed an increase in the gene copy numbers of pathways involved in

47



carbapenem and phenazine biosynthesis (Figure 3.3c). We found that twenty-one unique

genera were associated with carbapenem biosynthesis across both groups spanning all major

phyla found within the gut.
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3.3.3 Pro-inflammatory immune responses elevated in CSD after one year of life

In the early stages of neonatal development, we found that the immune activation potential of
LPS was significantly increased in samples from VD neonates [165], whereby the isolated LPS
triggered the secretion of TNF-a and IL-18 by monocyte-derived dendritic cells (MoDCs) from
four healthy adult donors. To determine if the immunostimulatory potential persisted at one
year of age, we stimulated the MoDCs (obtained from four healthy adult donors) with LPS
isolated from the faecal samples of the CSD and VD groups. In addition to TNF-a and IL-18,
we also tested the potential of LPS to stimulate secretion of pro- and anti-inflammatory
cytokines such as IL-13, IL-12, IL-8, and IL-10 (Figure 3.4a). Interestingly, at one year of age,
IL-18 was below the detection limits. We did not find any significant differences between the
CSD and VD groups with respect to the levels of secreted TNF-a at one year of age. However,
contrary to the patterns observed at five days after birth, we found that the levels of TNF-a
stimulated by LPS were significantly increased at one year of age within the CSD group (p <
3.5 x 10, Paired Two-Way ANOVA; Figure 3.4b). Interestingly, the increase in stimulated
TNF-a levels in CSD at one year of age was similar to the level of the cytokine stimulated by
LPS from the day 5 VD samples (Figure 3.4b). Additionally, we found that the stimulated TNF-
a levels at one year of age were positively correlated with the abundance of several mOTUs,
including Bacteroides caecimuris and Haemophilus influenzae (Figure 3.4¢). Previous reports
[294] suggest that Enterobacteriaceae levels correlate with inflammatory levels. However, we
did not find a correlation of this taxa with LPS levels in our study (Appendix B.2:
Supplementary figure 3.2). Our data also indicate an increase in the number of Gram negative
(G-ve) bacteria at one year of age compared to day 5 after birth in the CSD group Appendix
B.2: Supplementary figure 3.3). The increase in Shannon diversity at one year of age
compared to day 5 coupled with the increase in G-ve bacteria provides a mechanistic
explanation why the LPS stimulation of donor cells from fecal samples of CSD resulted in
similar levels of TNF-a (Figure 3.4b), as observed with fecal samples from the VD group at

one year of age.
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Figure 3.4 Inmunostimulatory potential at 1 year of age. Heatmap depicting the abundance (log2)
of pro- and anti-inflammatory cytokines at 1 year of age. Cytokine levels were measured by stimulating
MoDCs from healthy donors (Donor 1-4) with LPS isolated from faecal samples of CSD and VD
neonates. b. Boxplots depicting the TNF-a levels in both groups (CSD and VD) at day 5 after birth and
1 year of age. Paired two-way ANOVA (analysis of variance) *** p value <0.001. ¢ Correlation of TNF-a
levels (row 1) with the relative abundance of metagenomic OTUs based on canonical correlation
analysis. Filled squares indicate significantly correlated taxa, whereas color indicates (red) or negative
(blue) correlation.
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3.3.4 Antimicrobial resistance modulated by birth mode

The analyses of the functional potential based on KEGG orthology revealed a stratification of
antibiotic biosynthesis pathways based on whether an infant was born by CSD or VD (Figure
3.2¢). To assess and validate the impact of birth mode on the presence and persistence of
AMR, we used a deep-learning approach [42] to annotate antibiotic resistance genes in our
metagenomic data [43]. We determined the presence and relative abundance of ARGs in
samples collected from both CSD and VD at day five after birth, 1 month, 6 months and at one
year of age. The samples collected from CSD neonates exhibited an increased abundance in
ARGs at the earliest time point (day 5) compared to the VD group. Additionally, we found that
the number of ARGs detected in CSD infants at one year of age was significantly reduced in
comparison to the CSD samples at day 5 (FDR-adjusted p < 0.0021, Wilcoxon rank-sum test;
Figure 3.5a, Appendix B.2: Supplementary figure 3.4). To corroborate our observations on
the levels of ARGs, we assessed the abundance of ARGs using a random subset of samples
from the resistome study by Gasparrini et al. [295]. We found that the overall levels of ARGs
starting at 1 month through to one year of age were similar in their study to those observed in
our own cohort (Appendix B.2: Supplementary figure 3.5). Meanwhile in our study, at one
year of age, we found several genes that were differentially abundant between the CSD and
VD groups (FDR-adjusted p < 0.05, Wilcoxon rank sum test; Figure 3.5b). Since various genes
can confer resistance to the same antibiotic, we regrouped the genes into their respective
categories such as multidrug, tetracycline resistance etc. We found that genes conferring
glycopeptide, phenicol, pleuromutilin, bacitracin, sulfonamide and diaminopyrimidine
resistance were significantly increased in CSD compared to VD at day five after birth (Figure
3.5¢; FDR-adjusted p < 0.05, Wilcoxon rank sum test)). Interestingly, diaminopyrimidine,
phenicol, pleuromutilin, and sulfonamide are synthetic or semi-synthetic antibiotics, likely
prevalent in the hospital environment [296-298]. However, these differences did not persist
over time. Additionally, the mothers in our cohort across both groups (CSD:6 and VD:1)
received prophylactic treatment against group B Streptococcus in the form of cephalosporin.
However, we did not find any distinguishing patterns within the resistance categories
corresponding to this treatment regimen. Albeit a limited sample size, we also tracked the diet
including feeding method (bottle- or breast-fed), antibiotic regimen and physical characteristics
through the first year and did not find any significant correlations with functional pathways
including AMR (Appendix B.2: Supplementary figure 3.6).
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Figure 3.5: Antimicrobial resistance gene abundances over time. a. Boxplots of the overall ARG
abundance in CSD and VD samples at different timepoints including 5 days after birth and at 1 year of
age. Wilcoxon rank-sum tests were used to test for significance. *p <0.05. b. Volcano plot depicting the
significantly enriched genes in either CSD or VD samples at 1 year of age. ¢. AMR categories which are
significantly different between the groups at any of the timepoints are shown. Wilcoxon rank-sum tests
were used to test for significance. *p <-0.05



3.3.5 Taxa associated with antimicrobial resistance

Since ARGs were found in the metagenomic data, we investigated which taxa carried these
genes by reconstructing metagenome-assembled genomes (MAGs), classifying them
taxonomically based on the GTDB database [283], and linking ARGs to individual MAGs. We
then compared taxa contributing to AMR between birth mode at day five after birth and one

year of age as well as the change over time within the individual groups (Figure 3.6).

Comparing CSD with VD, we found that shortly after birth, i.e., at day 5, Bacilli contributing to
AMR were enriched in CSD, while Bifidobacteriaceae, Bacteroidales, Eggerthellaceae, and
Actinobacteria linked to AMR were more abundant in VD samples. At one year of age, other
taxa including Burkholderiaceae, Ruminococcaceae and Bacteroidales were prevalent in CSD

samples (Figure 3.6). In contrast, taxa including Enterobacteriales were enriched in VD

compared to CSD at one year of age.
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We compared samples from day five after birth versus one year of age within each birth mode
group independently to differentiate between taxonomic groups contributing to AMR. Within
CSD samples, we found that Enterobacteriales and Staphylococcaceae were enriched at day
five after birth while major AMR contributors at one year of age were Lachnospiraceae,
Bacteroidaceae, Actinobacteria, and Oscillospirales. Conversely, within VD samples early AMR
resistance was mainly attributed to the abundance of Bacteroidales, Lactobacillales,
Propionibacteraceae, and Enterobacteriaceae at day five after birth. Meanwhile at one year of
age, VD samples were enriched in taxa including Lachnospiraceae, Ruminococcaceae,
Veillonellales, and Eggerthellaceae with respect to contribution of ARGs to the resistome
(Figure 3.6). These data suggest that ARGs are also encoded by commensals apart from
pathogens which, in the context of the present study, sustain their presence throughout the first

year of life.

3.3.6 Role of mobile genetic elements in antimicrobial resistance

Bacterial genomes have been fine-tuned over evolutionary timescales [299], potentially refining
their defense mechanisms against various biocidal agents including chemicals. Aside from
these, bacterial components such as MGEs are known to be potent factors in the spread of
AMR [300] and can transfer genes across distinct taxonomic clades. An example of such MGEs
are plasmids as well as viruses including bacteriophages, which actively drive the transfer of
genetic material [301]. To determine the role of MGEs in conferring AMR in our neonate cohort,
we analyzed the genomic context of the ARGs. The contigs were classified as chromosomal,
plasmid, phage, ambiguous (those that could not be resolved), and unclassified. In this study,
chromosomal sequences refer to the bacterial genome excluding plasmids, in accordance with
the PlasFlow [47] methodology. These criteria were used to assess the role of MGEs at all
timepoints. The majority (average of ~75%) of the ARGs were encoded on the bacterial
chromosome (Figure 3.7a). This phenomenon was prominent in the VD samples irrespective
of sampling timepoint. On the other hand, the mean relative abundance of ARGs encoded on
plasmids (~5%) was marginally increased in the CSD group at both five days after birth and at
one year of age. Overall, we found that phages encoded lower levels (1 - 3%) of ARGs
compared to the plasmids. However, we found that the relative abundances of phages
encoding AMR were significantly increased after one year of age (Figure 3.7a). Interestingly,
we did not find any significant differences between the birth modes in relation to the virome

profiles at any of the timepoints (FDR-adjusted p > 0.05, Two-way ANOVA, Appendix B.2:
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Supplementary figure 3.7). However, a large proportion of the contigs were either ambiguous
or unclassified but demonstrated an even distribution across all timepoints (Appendix B.2:
Supplementary figure 3.8). When ambiguous sequences mapping to both the bacterial
chromosome and phages are included in the phage abundance metrics, it results in a higher
abundance of ARGs conferred by phage compared to plasmids (Appendix B.2:
Supplementary figure 3.8).
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Figure 3.7: Mobile genetic elements associated with antimicrobial resistance. a. The relative
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transmitted via phages and plasmid at all timepoints. Each color in the plot is associated with a category
listed in the legend on the right. The plot represents mean values for all samples in each group

3.3.7 Distribution of AMR categories encoded by mobile genetic elements

Assessing AMR conferred by MGEs, we found that both plasmids and phages encoded genes
conferring resistance to several classes of antibiotics (Figure 3.7b). Though significant
differences were not apparent, we found that phage-encoded ARGs against vancomycin
(glycopeptide) and numerous other antimicrobials were dominant in both birth mode groups.
Additionally, plasmids conferred resistance to diaminopyrimidine and bacitracin, as well as b-
lactams, phenicol, MLS, and tetracyclines (Figure 3.7b). Strikingly, these data suggest that
MGE-mediated AMR, encoded by phages, is a potential factor in conferring AMR or serve as

a reservoir for antimicrobial resistance throughout the first years of life.

3.3.8 Phage-mediated horizontal gene transfer (HGT)

To understand phage-mediated horizontal gene transfer of AMR we analyzed in detail phage
contigs encoding ARGs. We identified several genes that were horizontally transferred within
the CSD and VD groups (Appendix B.2: Supplementary figure 3.9). CSD samples (n=3;
C112, C113, and C119), exhibited HGT involving ARGs including resistance to glycopeptide
and multidrug (Figure 3.8a - 3.8d). The maijority (~88%) mapped to the bacterial chromosome.
However, two genes encoding multidrug resistance were encoded by both chromosome and
phage (C119: contig 2568). The contig was found to be a candidate prophage based on
detailed inspection and was found to encode several genomic regions with prophage
signatures flanking the multidrug resistance genes (Figure 3.8f). Additionally, the coverage of
the contig across its entire length was more variable in the genomic regions where the
prophage and ARG sequences were identified. Resolution of the taxa involved indicated HGT
between the Intestinimonas butyriciproducens (GCA 003096335) and Clostridium bolteae
(ATCC BAA 613 GCA 000154365) strains belonging to the Oscillospirallales and
Lachnospirallales orders respectively (Appendix B.2: Supplementary figure 3.10).
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Figure 3.8: Horizontal gene transfer (HGT) events. Schematics depicting the a.
diaminopyrimidine resistance gene transfer between Blautia and Dorea in sample C112 (CSD). The
lighter blue and green arrows represent genes localized on the forward and reverse strands,
respectively. Red bars indicate matching regions between contigs with darker shades representing
higher similarity. b. HGT event transferring glycopeptide resistance between Clostridium P and
Clostridium in C113 (CSD). c-e. Multidrug resistance genes were transferred horizontally between
the following genera: Intestimonas and Clostridium, Ruminococcus and Roseburia, Enterococcus
and Clostridium, in sample C119 (CSD). The timepoints at which the genomes were recovered and
to which the HGT event corresponds are indicated next to the genera nomenclature. f. Linear
representation of ‘contig2568’, which mapped to both bacterial chromosome and phage. Area plot
(grey) and dot plot (red) indicating the coverage of the genomic regions. Triangles (red) indicate the
prophage sequences and their localization coordinates along the contig, while the dark-blue triangle
indicates the location of the multidrug genes (n=2) on the contig.

3.4 Discussion

Birth mode is postulated to represent a major factor in shaping earliest gut microbiome
colonization and the linked development of neonates especially in relation to the priming of the
neonates’ immune system [241]. Apart from birth mode, additional aspects such as diet and
medical factors have been described to have a significant effect on neonate colonization and
succession [255]. Whether or not such effects persist during the first year of life remains an

essential question. Here, we performed an in-depth longitudinal analysis of the gut microbiome
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using high-resolution metagenomics on samples collected during the first few days postpartum
through to the first year of age. We specifically assessed the pervasive effect of birth mode-
dependent microbiome differences in relation to immune system priming and AMR.
Additionally, we analyzed the contribution of mobile genetic elements and the role of horizontal

gene transfer in conferring AMR (Figure 3.9).
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Figure 3.9: Summary figure: Depicting the longitudinal analyses of the infant gut microbiome during
the first few days postpartum through to the first year of age. Panels representing Microbiome
composition, TNF alpha levels, antimicrobial resistance levels and information the functional potential.

Our previous findings [165] along with the longer-term trends of the present study underpin the
notion that persistent structural and functional differences exist in the gut microbiomes of
neonates born by CSD. More specifically, our results agree with other studies which have
highlighted a reduced abundance and colonization by taxa such as Bifidobacterium and
Bacteroides in CSD neonates [165,243,260,302,303]. Additionally, we found that the levels of
Faecalibacterium prausnitzii were significantly elevated in VD infants after one year of age. F.
prausnitzii is a highly abundant commensal in the human gut including those with higher levels
of diversity and richness when compared to individuals following a Western lifestyle [304].
Concurrently, this taxon has been reported to be reduced in the gut of patients with ulcerative
colitis and Crohn’s disease [305], which in turn may be linked to it being a keystone taxon
conferring anti-inflammatory properties in humans [306,307]. Further studies are necessary to
effectively understand the longer-term consequences of the differential abundance of F.

prausnitzii in humans beyond the first year of age.
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Our previously published study [165] highlighted a higher potential for LPS-mediated immune
priming in VD compared to CSD at day five after birth. Conversely, we found that LPS extracts
from the CSD samples taken at one year of age resulted in significantly higher TNF-a levels
compared to five days after birth. Our results indicate that a reduction in earliestimmune system
priming through key immunogenic molecules occurs in CSD neonates. This might lead to
persistent effects throughout the first year of life which, in turn, may explain the higher rates of
immune system-linked diseases observed in CSD infants in later life including metabolic
disorders [247,302] and allergies [248,249] . Along these lines, Jakobsson et al. previously
showed that children born via CSD have reduced Th1 responses [308]. Furthermore, other
groups have reported that early life immune system stimulation impacts immune-disorders
including asthma [309], allergies [310], diabetes and IBD [311]. In this context, our findings
indicate that birth mode-dependent gut microbiota alterations affect the status of the immune
system throughout the first year of life, and likely beyond. This in turn may explain
immunological deficits linked to numerous chronic diseases for which a higher propensity is
observed in individuals born by CSD [312].

Birth mode-associated alterations of the gut microbiota may facilitate colonization by
opportunistic pathogens, including those encoding antimicrobial resistance [251]. Functional
analyses of our metagenomic data highlighted enrichments in carbapenem and phenazine
biosynthesis genes in the VD group after the first year of life, potentially a consequence of
endogenous gut bacteria-mediated resistance mechanisms against opportunistic pathogens in
the gut. Both carbapenem and phenazine are known to be bacterial compounds that are used
clinically in fighting Gram-positive and Gram-negative pathogens [313,314]. This data suggests
that the indigenous gut microbiota plays a crucial, early role in conferring colonization
resistance against pathogens. In addition, we found that CSD is associated with resistance
against semi- and synthetic- antibiotics as early as five days after birth. It is well established
that mothers undergoing CSD are administered antibiotics to prevent nosocomial infections, as
a prophylactic policy [294,315,316]. Interestingly, we did not find resistance towards the
antibiotic treatment administered to mothers in our cohort. It however remains plausible that
the enrichment in ARGs especially against phenicol, pleuromutilin and diaminopyrimidine
classes at day five after birth in CSD neonatal samples is linked to the hospital environment

including the actual caesarean section.
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In conjunction with the observed differences in AMR between CSD and VD our study also
highlights the potential mode of AMR transmission via mobile genetic elements including via
plasmids and/or bacteriophages [317-319]. Parnanen et al. reported the presence of ARGs
and MGEs in infant faecal samples at 1 and 6 months of age [320]. Our findings agree with
their results and expand on these by additionally providing data on the abundance of ARGs
and MGEs at five days after birth. Furthermore, we identified 27 categories of ARGs and linked
these to both bacterial taxonomy and MGEs. We found that both plasmids and phages encoded
genes which confer resistance to several classes of antibiotics. Of all MGEs, plasmids
conferred resistance to a variety of antimicrobial compounds. Furthermore, we found that
glycopeptide and multidrug resistance were transferred via phages, in accordance with
previous reports [321-323]. We also found that horizontal gene transfer plays a critical role in
the continued transmission of AMR during the first year of life. While ~88% of HGT occurred
via canonical methods involving the bacterial chromosome and plasmids, we found that
prophages contributed to multidrug resistance in one CSD sample (C119). We detected
prophage signature sequences flanking two multidrug resistance genes, horizontally
transferred between bacteria from two distinct orders. Our findings thereby highlight the role of
prophages, typically thought to mediate AMR in humans pathogens including Staphylococcus
aureus [324], Salmonella and shiga-toxin producing Escherichia coli [32], as mediators of HGT
even among commensals. Intriguingly, HGT events in the VD samples did not indicate any
ARG transmission. On the other hand, considering the smaller sample size, further studies with
an increased power are needed to clarify the role of phage-mediated AMR resistance especially

during the first few days of life.

The persistence of differences in early life exposure is an important but challenging research
question, not least because of the paucity of long-term, longitudinal studies ranging from
immediately after birth until early childhood. Our findings imply that birth mode leads to
persistent gut microbiota structural and functional differences. We acknowledge that the limited
sample size and the lack of detailed dietary information cannot rule out other confounding
factors such as the in utero and postpartum environments of the infants. However, and
importantly, our data suggest that gut microbiota structural and functional effects may
predispose infants delivered by CSD to delayed immune priming resulting in a deficiency in
tolerance. Our results pave the way for future, rational interventions aimed at restoring key
functional features of the microbiota. In this context, further studies including following the

children over extended periods of time are needed to understand birth mode-mediated
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manifestations of disease. Concurrently, an important research direction which arises from our
study centers on the role of the gut mobilome in conferring AMR and how this affects
microbiome trajectories and linked phenotypic outcomes in humans. Considering current global
efforts directed at limiting the emergence of antibiotic resistance [325], appreciation of the role
of phages as an additional source of resistance may be necessary for success in reducing the

overall burden of AMR in the future.
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Chapter 4. Evolution of the gut resistome following
a selective antibiotic sweep

A maijor part of this chapter is based on the following publication submitted for peer-review:
Laura de Nies*, Susheel Bhanu Busi*, Mina Tsenkova, Elisabeth Lettelier and Paul Wilmes
(2021). Evolution of the gut resistome following a selective antibiotic sweep.

Nature Communications in review [Appendix A.4]

*Co-first author
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4.1 Background

Prior to the advent of antibiotics, bacterial infections were the leading cause of disease and
mortality in humans. Antibiotic usage is now commonplace in treating infections [326] as well
as ensuring the safety of surgical procedures [327,328] and organ transplantation [329]. In
addition, they are extensively used in animal husbandry [330] and also in animal models for
studying the gut microbiome [331-336]. However, many bacterial taxa have evolved
antimicrobial resistance (AMR) to several classes of antibiotics, and multidrug-resistant
bacteria have now emerged, preventing comprehensive treatment of infections and resulting in
a growing number of deaths [337]. Therefore, a clear understanding of the selective sweeps
underlying the evolution, speed and transmission of antimicrobial resistance genes (ARGS) is

of crucial importance.

In general terms, bacteria can acquire and develop AMR through two distinct genetic
mechanisms. Either through the acquisition of spontaneous mutations during replication of the
bacterial genome or through the accumulation and dissemination of resistance genes via
mobile genetic elements (MGEs) (section 1.2) [20]. Although the majority of bacteria are
harmless commensals which do not cause disease, they still provide a rich repertoire of
resistance genes [189]. As such, through HGT, opportunistic pathogens may acquire
resistance genes from other commensals. Furthermore, while resistant bacteria may remain
latent, they contribute to the overall reservoir of AMR based on which resistant pathogens may
emerge once selective pressure is built up [338,339]. Compounding this phenomenon, the
overuse of antibiotics both in treatment of human disease and animal husbandry has fueled the
build-up of AMR globally [340].

With the realization that the gut microbiome plays crucial roles in disease etiology [341],
antibiotic-treated animal models remain one of the methods by which the intestinal microbiome
is studied [341] [342]. The potential caveats, however, of using antibiotics for modulating the
endogenous populations, including the emergence of AMR is unknown. Therefore, utilizing a
mouse model, we assessed the effect of selective sweeps on the evolution of AMR within the
commensal gut microbiome population over a single mammalian lifespan after a single course
of antibiotic treatment. Our observations allow us to test whether specific bacteria, including
commensals, are more susceptible or capable of acquiring ARGs, as well as assess the

influence of HGT on shaping the gut microbiome’s resistome.
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4.2 Methods

4.2.1 Power calculation and sample size estimate

To determine the number of animals required per treatment and control group we performed a
multifactorial power analysis based on a 2015 study by Raymond et al. [343]. We estimated
the Jensen-Shannon Divergences (JSD) of the microbial profiles of the antibiotic-treated
(cefprozil) and control groups. Based on the observed JSD the inter-group variability was
significantly high, demonstrating a minimum sample size of three mice per group to account for
a power of 80% and a 5% alpha error rate, indicating changes in microbial composition

(Appendix B.3: Supplementary figure 4.1).

4.2.2 Mice model and antibiotic exposure

C57BL/6J mice were bred in-house and experiments were performed according to all
applicable laws and the regulations, after receiving approval by the institution’s animal
experimentation ethics committee and the veterinarian service of the Luxembourg Ministry of
Agriculture (Permit Number: LUPA 2019/13). To limit individual variation of the gut microbiome
in experimental groups, mice of the same age were obtained from the same vendor and the
same location in the vendor facility. After a 7-day quarantine and subsequent acclimation period
of one week, mice were maintained in single housing conditions for each experiment. Mice
were housed in Allentown NexGen Mouse 500 (194mm x 130mm x 381 mm) cages with JRS
Rehofix Corncob bedding. Mice had access to reverse osmosis water with 2ppm of chlorine
fed ad libitum along with standard A40 chow diet (SAFE, France). The animals were maintained
under standard habitat conditions (humidity: 40-70%, temperature: 22°C) with a 12:12 light
cycle. Two groups of mice were established (control and treatment), and each group contained
4 animals (2 males + 2 females). Antibiotics, ampicillin (1g/L), vancomycin (500mg/L),
metronidazole (1g/L) and neomycin (1g/L) were chosen for their utility in several mouse models
[344,345] and in line with most preoperative procedures [346]. They were administered as a
cocktail within the drinking water to the treatment group starting at 8 weeks of age. Antibiotics
were administered during a period of one week, after which the change was made to regular
drinking water for the duration of the recovery period. Fecal samples were collected daily for a
duration of 19 days (both treatment and recovery phase) starting prior to the antibiotic treatment

till take down (Figure 4.1).
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Figure 4.1: Representative illustration of the experimental design. Project overview, including dates
and collections of treatment, and fecal sample collection. Eight single-housed mice per group were
treated with an antibiotic cocktail (treatment) or water (control) longitudinally. Fecal samples collected at
days 0,7 and 21 were used for microbiome and antimicrobial resistance profiling.

4.2.3 Faecal processing and nucleic acid extraction

A total of 48 faecal samples were acquired across three timepoints, i.e., prior to treatment: day
0, immediately after treatment: day 7, and after recovery: day 21, from each of the mice. 50 mg
of frozen stool samples were aseptically weighed into sterile vials. Genomic DNA was isolated
with the DNeasy PowerSoil Kit (Qiagen, Luxembourg) including an additional incubation step
at 65 °C and milling, as described previously [347]. A minimum of 200 ng of total DNA was
recovered from all the samples, yielding sufficient DNA for metagenomic sequencing including
high-resolution, artefact-curated metagenomic data for subsequent analyses [165]. DNA

extracted from all timepoints was thereafter stored at -80 °C until further use.

4.2.4 DNA sequencing

All DNA samples were subjected to random shotgun sequencing. Briefly, 200 ng of DNA was
used for metagenomic library preparation using the Westburg NGS DNA Library Prep Kit (cat.
no. WB 9096). The genomic DNA was enzymatically fragmented for 12 min and DNA libraries
were prepared without PCR amplification. The average insert size of libraries was 480bp.

Prepared libraries were quantified using Qubit (Invitrogen) and quality checked on a
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Bioanalyzer instrument (Agilent). Sequencing was performed on NextSeq500 instruments

using 2x150 bp read lengths.

4.2.5 Data processing for metagenomics, including genome reconstruction

The Integrated Meta-omic Pipeline (IMP) [231] was used to process paired forward and reverse
reads using the built-in metagenomic workflow as previously described [211]. The workflow
includes pre-processing, assembly, genome reconstruction and functional annotation of genes
based on custom databases in a reproducible manner. After trimming the adapters, the
preprocessing step included the removal of Mus musculus (GRCm38.p6 (GCA_000001635.8);

retrieved on 16-May-2020 from https://www.ensembl.org/Mus_musculus/Info/Index) reads.

Thereafter the de novo assembly was performed using the MEGAHIT (version 2.0) assembler
[276]. Default IMP parameters were retained for all samples. Metagenomic operational
taxonomic unit (mOTU) profiles were generated from the trimmed and preprocessed reads to
generate microbiome profiles for the control and treatment groups using mOTUs v2.5.1 [281].
Concurrently, we used MetaBAT2 [277] and MaxBin2 [278] for binning in addition to an in-
house binning methodology previously described [211] for genome reconstructions, i.e.
metagenome-assembled genomes (MAGs). Subsequently, we obtained a non-redundant set
of MAGs using DASTool [280] with a score threshold of 0.7 for downstream analyses, and
those with a minimum completion of 90% and less than 5% contamination as assessed by
CheckM [282]. Taxonomy was assigned to the MAGs using the extensive database packaged
with gtdbtk [283]. To generate pangenomes, we collected all the bins taxonomically identified
as Akkermansia muciniphila and used the anvi'o-based pangenome workflow described by
Meren et. al (http://merenlab.org/2016/11/08/pangenomics-v2/) [348]. One of the treated mice

(#16), was excluded from the pangenome analyses due to the unavailability of MAGs.

4.2.5 ldentification of antimicrobial resistance genes and association with mobile

genetic elements

We used PathoFact [349], a pipeline for the prediction of virulence factors and antimicrobial
resistance genes, to predict and identify ARGs within our metagenomes. The assembly files
from individual samples were used as input for the AMR analyses. ARGs were then collapsed
into categories based on the Comprehensive Antibiotic Resistance Database (CARD) [43] and
identified using PathoFact [349]. Thereafter, the relative abundance of the ARGs was
calculated using the Rnum_Gi method described by Hu et al. [233].
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Identified ARGs and their categories were linked to associated bacterial taxonomy using the
metagenomic bin classifications. Furthermore, utilizing PathoFact, ARGs were linked to
predicted mobile genetic elements (MGEs: phages and plasmids) to identify probable
transmission of AMR between taxa. More specifically, to link both the MGEs and the taxonomy
to the ARGs, we mapped the genes to assembled contigs, followed by identifying the
corresponding bins (MAGs) to which the contigs belonged. By considering all different
predictions of MGEs, a final classification was made based on the genomic contexts of the
ARGs encoded on plasmids, phages or chromosomes, including classification of those that
could not be resolved (ambiguous). The ARGs that could not be assigned to either the MGEs
or bacterial chromosomes were further referred to as unclassified genomic elements. Certain

ARGs were encoded on both the bacterial chromosome and phage genomes.

4.2.6 Linking ARGs with integrons

The assemblies generated via IMP were used to assess the presence and abundance of
integrons within the metagenomes. Briefly, attC sites were identified by HattCI[350] while for
the annotation of the intl sites a BLAST database was created using the intl variant sequences
from the UniProt database[226] . Only those contigs where both the signature genetic regions
(intl and attC) were found were annotated as having ‘complete’ integron elements. We also
identified the MAGs along with which the integrons were binned, thus linking the integrons to
the reconstructed genomes. The ARG information was overlaid onto this to identify contigs
where integrons were linked with ARGs. Furthermore, we used sequence coordinates to
identify integron localization, i.e., chromosome, plasmid or phage localization of gene
cassettes, incomplete and complete integrons on MGEs. This information was used for

downstream differential analyses.

4.2.7 Data analysis

Figures for the study including visualizations derived from the taxonomic and functional, were
created using version 3.6 of the R statistical software package. GraphPad [351] was used to
generate the figures for describing the longitudinal weight measurements of the mice. DESeq2
[234] and Wilcoxon rank-sum tests with FDR-adjustments for multiple testing were used to
assess significant differences for the AMR and taxonomic analyses whereas a paired two-way

ANOVA (Analysis of Variance) within the nIme package was used for identifying statistically
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significant differences in the integron profiles. Chord diagrams for the HGT events were
generated using scripts found within the MetaCHIP package [288] while the pangenome

visualizations were obtained using anvi'o [352].

4.3 Results

4.3.1 Selection of specific taxa due to antibiotic-mediated depletion of the gut

microbiome

To assess the selective pressure on AMR evolution, two groups of mice were housed in specific
pathogen-free conditions, where one of the groups was treated with an antibiotic cocktail
(ampicillin, vancomycin, metronidazole and neomycin) representing broad-spectrum antibiotic
treatment regimens used in preoperative procedures and in animal models. Longitudinal faecal
samples were collected from the control and antibiotic-treated mice prior to treatment, i.e., day

0, immediately after treatment, i.e. day 7, and after recovery, i.e. day 21 (Figure 4.1).

Although there was a drop in weight during the antibiotic treatment phase, mice treated with
antibiotics did not show any significant differences in weight compared to the control mice
(Appendix B.3: Supplementary figure 4.2). We assessed the overall microbiome profile at
days 0, 7 and 21 and observed a major shift in the community profiles of the antibiotic-treated
mice at both days 7 and 21 (Appendix B.3: Supplementary figure 4.3). At the level of
metagenome-assembled genomes (MAG), taking only into account high-quality genomes, i.e.,
> 90% complete and < 5% contamination, we found a significant enrichment in Akkermansia
muciniphila on day 21 after antibiotic treatment, despite a near-total depletion of the microbiota
at day 7 in the treated mice (Figure 4.2). Simultaneously, several genera such as Alistipes,
Odoribacter, members of Muribaculaceae, and Prevotella (including CAG-95, CAG-485, CAG-
873) were significantly decreased or depleted entirely at days 7 and 21 (Figure 4.2),
demonstrating the potency of the antibiotic cocktail. Concomitantly, the overall functional
potential of the metagenomes of the antibiotic-treated mice was altered, whereby we found a
shift in the functional profile due to the treatment (Appendix B.3: Supplementary figure 4.4a).
The functional variation demonstrated a significant enrichment in pathways relating to signaling
molecules at days 7 and 21 compared to the controls (Appendix B.3: Supplementary figure
4.4b). Interestingly, at day 7, we also observed a significant decrease in genes involved in the
biosynthesis of secondary metabolites in the antibiotic-treated mice, which may be associated

with the depletion of the microbial community owing to the antibiotic treatment.
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Figure 4.2: Metagenome-assembled genome profiles. Genus level representation of the MAGs
recovered from control and treatment groups — pre and post (day 0, day 7 and day 21 respectively)
antibiotic administration.

4.3.2 Resistome after antibiotic treatment

Due to the differences observed in the functional potential associated with interactions and
secondary metabolites, we further assessed the abundance of ARGs in the control and treated
mice. We observed a significant increase in ARGs within the treated group (adj.p < 0.05,
Wilcoxon rank-sum tests; Figure 4.3a). The antibiotic-treated mice had significantly enriched
AMR abundances compared to the control mice directly after antibiotic treatment at day 7 which
was maintained during recovery until day 21. We further found that within the treated mice the
overall AMR abundance was significantly higher after treatment at days 7 and 21, compared to
pre-treatment at day 0 (adj.p < 0.05, Wilcoxon rank-sum tests). Specifically, we found

antimicrobial resistance against aminoglycoside, aminoglycoside:aminocoumarin, beta-lactam,
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fluoroquinolone, fosfomycin, glycopeptide, fusidic-acid, phenicol, mupirocin, triclosan and
multidrug to be significantly enriched within the treated group (Figure 4.3b). Of these, three
resistance categories, namely aminoglycoside (neomycin), beta-lactam (ampicillin) and
glycopeptide (vancomycin), could be directly linked back to the administered antibiotics. While
the other resistance categories are not associated with the administered antibiotics, it is likely
that they were indirectly selected due to their co-localization along with other resistance genes
[353,354].
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Figure 4.3: Resistome in antibiotic-treated mice. a. Overall AMR relative abundance levels are shown
for each group. * p-value <0.05 (Wilcoxon rank-sum test). b. Significantly differentially abundant AMR
categories found to be enriched in the mice treated with antibiotics compared across different timepoints,
i.e. day 0, day 7, day 21. * p-value <0.05 (Wilcoxon rank-sum test)
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4.3.3 Antibiotic-induced changes in taxonomic composition

Since the metagenomes revealed an enrichment in different AMR categories, we investigated
which taxa harbored these ARGs. We linked ARGs to individual genomes by identifying contigs
encoding ARGs and their corresponding assignment to MAGs including taxonomic
classification of the MAGs using gtdbtk [283]. We subsequently compared taxa contributing to
AMR between the groups, including mice treated with antibiotics and those without. While taxa
contributing to AMR within the control group remained constant, within the treatment group a
shift of AMR associated taxa was observed after recovery at day 21 (Figure 4.4a). Alongside
the increase in the abundance of several taxa (Figure 4.4a), we found that an abundance of
overall ARGs was increased in taxa belonging to the Akkermansiaceae, Enterococcaceae and
Lactobacillaceae families across all treated mice, as well as compared to the control group, at
day 21 (Figure 4.4b). Given the enrichment in ARGs at day 21, as opposed to day 7, it is likely
that the observed ARGs were acquired over time, rather than being encoded as intrinsic

resistance mechanisms.

4.3.4 MGEs linked to AMR dissemination

Mobile genetic elements are an established mechanism for the dissemination of AMR. To
determine the function of MGEs in conferring the resolved ARGs under selective pressure, we
analyzed the genomic context of the ARGs. The majority of the resistance genes were encoded
on the bacterial chromosome, while ARGs were found to a lesser extent to be encoded on both
phages and plasmids (Figure 4.5a). Interestingly, a depletion in the general abundance of
plasmids was observed at day 7, which subsequently recovered at day 21. In contrast, phages
linked to AMR were significantly enriched in the treated mice at day 7 compared to both pre-
treatment at day 0 and the controls at day 7 (Figure 4.5a-b). Moreover, when analyzing the
specific categories of the resistome, we found an increase in the abundance of phage
sequences linked to aminoglycoside, aminoglycoside:aminocoumarin and beta-lactam
resistance, in conjunction with the administered antibiotic cocktail (Figure 4.5b). Significant
differences of these phage-associated AMR categories were observed in the treated group
compared to the controls at day 7 and also within the group when comparing phage-mediated

AMR levels between days 0 and 7 (Figure 4.5c).
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Figure 4.4: AMR-associated taxonomy. a. Barplots depicting the relative abundance of ARGs
associated with MAGs (Family level) in each sample. b. Relative abundance of ARGs associated with
Akkermansiaceae, Enterococcaceae and Lactobacillaceae in the control and treated mice. *adjusted p-
value <0.05 (Wilcoxon rank-sum test).
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4.3.5 Integrons mediate AMR in antibiotic-treated mice

To further investigate the effect of antibiotic treatment on the evolution of AMR within the
microbiota, we assessed the pangenomes of the significantly enriched and recalcitrant taxa in
the treated mice, i.e. Akkermansia muciniphila and Ligilactobacillus spp.. Interestingly,

pangenome analyses of Akkermansia muciniphila revealed the acquisition of several genes,

including those mediated by integrases (Figure 4.6).
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Figure 4.6: Comparison of Akkermansia muciniphila genomes. Anvi'o based visualization of the
Akkermansia muciniphila genomes from the pre- and post- treatment (day 0 and day 21 respectively)
samples in blue and purple respectively. Annotation on the outer ring indicate the ‘Core’ genome and

the ‘Acquired’ genome partially (75%) mediated by integrons.
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Horizontal gene transfer is typically attributed to plasmids and phages in metagenomes.
However, integrons, often overlooked, play a key role in AMR dissemination and prevalence
[355]. To evaluate the role of integrons in AMR, we assessed the abundance of attC sites and
intl genes, both of which are required for efficient integron-mediated activity. We estimated the
abundance of these genes on the same contig, including those that were associated with AMR
categories. Overall, we found that ARGs abundant in antibiotic-treated mice were transferred
via integrons (Figure 4.7a). Of these, there was a significant enrichment in ARGs associated
with complete (presence of aftC and int/ genes) integrons in mice at day 21 compared to day 0

and also when compared to the controls (Figure 4.7a).

Additionally, these integron-mediated ARGs (complete, gene cassettes and incomplete) were
further analyzed to identify their putative genomic locations on phages or plasmids, since they
are known to be carriers of integrons, thus elaborating on the method of integron-mediate AMR
transmission. Interestingly, we identified several integron-mediated ARG cassettes encoded
on plasmids at day 21 in the antibiotic-treated mice (Figure 4.7b and Appendix B.3:
Supplementary figure 4.5a.).

As we identified antibiotic-induced changes of the microbial composition, we further
investigated the association of AMR-encoding integrons within the microbial community. For
this, we linked the AMR-associated ‘complete’ integrons with the reconstructed genomes and
found that a substantial number was associated with genomes from families including
Akkermansiaceae, Lachnospiraceae and Enterobacteriaceae (Figure 4.7c, Appendix B.3:
Supplementary figure 4.5b). This finding reinforces our earlier findings with respect to

enriched taxa and potential ARG-mediated mechanisms of resistance through integrases.
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Figure 4.7: AMR-mediated via integrons in mice administered with antibiotics. a. Boxplots showing
the relative abundance of AMR linked to integrons. b. Relative abundance of gene cassettes found on
phages and plasmids across different groups and timepoints. d. Alluvial diagram visualizing the
abundance of ‘complete’ integrons linked with observed ARGs in specific taxonomic families. The flow
(grey) bars indicate the abundance of AMR-linked integrons found in each group.

4 .4 Discussion

The classes and uses of antibiotics have been extensively developed since the fateful discovery
of “mold juice” by Alexander Fleming [356,357]. Antibiotic consumption is increasingly driving
antimicrobial resistance emergence due to both overuse and misuse [358,359]. The use
including their overuse has led to unrecoverable and irreversible states of resistance [360],
resulting in an “arms race” where newer and more potent molecules [361] are becoming a

necessity to ward off otherwise-susceptible bacteria. Even though antibiotics may result in the
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emergence of multi-resistant pathogens, their expanding use in medicine, especially as a
means of modulating the gut microbiome, remains unquestionable [362]. For example, they
have also been proposed as prophylactics for treating cancers [333]1**® and modulating the
gut microbiota [335,342]. Antibiotics not targeting Clostridioides difficile infection are commonly
used within the first weeks of a fecal microbiota transplantation (FMT) as a standard therapy
[364]. In other cases, antibiotics have been administered prior to studying the efficacy of FMT
[365,366]. Similarly, preoperative antibiotic prophylaxis in humans is a common practice and
involves a cocktail of three antibiotics (cefazolin, vancomycin, and gentamicin) [367,368]. Given
the wide increase in uses, it is therefore important to understand the mechanisms and speed
of the acquisition of antimicrobial resistance, especially amongst gut commensals. Here, we
hypothesized that antibiotic treatment will lead to an evolution of antimicrobial resistance in the
commensal gut microbiome population within a single animal generation and tested our

hypothesis in a wild-type mouse cohort.

The antibiotics (ampicillin, vancomycin, metronidazole and neomycin) were chosen given their
utility in several mouse models [344,345] and in varying combinations in line with some clinical
procedures [346]. We observed that Akkermansia muciniphila was significantly enriched whilst
most taxa were depleted in mice post-treatment, which is in line with other reports [369-371]
where vancomycin treatment alone led to propagation of A. muciniphila or its dominance in the
resistant commensal population. The resistance of this taxon can specifically be attributed to
the presence of $-lactamase and nitroimidazole resistance genes reported by van Passel et al.
[372]. These finding also agree with the report by Palleja et al. in which the authors found that
species harboring fB-lactam resistance genes were positively selected during antibiotic
exposure [373], which is likely the case in our study since we observed higher ARG abundance
at day 21 and not prior to antibiotic treatment. Alternatively, the observed ARGs could also be
due to the acquisition of resistance genes possibly via lateral or horizontal gene transfer as

reported previously by Guo et al. [374].

In addition to an overall enrichment in A. muciniphila, we also observed an enrichment in the
functional complement of A. muciniphila with respect to signaling molecules, specifically
quorum sensing and cyclic dinucleotide signaling. Microbial communities are characterized by
emergent properties that themselves are primarily shaped by microbial interactions [375].
These interactions include intra- and extracellular signaling, such as quorum-sensing (QS) and
cyclic dinucleotide sensing, as a means of adapting to internal and external stimuli [376]. Due

to the paucity of external stimuli from other bacteria following antibiotic treatment it is plausible
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that QS functions were selected for as a means for recalcitrant community members to ramp
up signaling functions to induce antibiotic tolerance. This is in line with reports of collective
antibiotic tolerance [377], contributing towards AMR, which may be mediated via QS molecules
leading to bacterial resistance gene expression in a density dependent manner [377].
Furthermore, QS molecules have also been reported to regulate secondary metabolite
synthesis [378]. However, we observed a depletion in genes involved in secondary metabolite
synthesis following antibiotic treatment which is expected since a majority of the endogenous
population is depleted. Alternatively, this phenomenon also suggests that selection for genes
involved in signaling and secondary metabolite synthesis are somewhat uncoupled in our
experimental murine model and, thus, are subject to different selective sweeps. Overall, our
results highlight the role of key functions conferred by specific bacterial taxa in antibiotic-
exposed communities and shed light on the shorter-term evolutionary processes shaping

community assembly and composition.

Given the nature of the antibiotic cocktail treatment, we found several related ARGs in the
metagenomes of the treated mice. More importantly, we observed significantly increased
resistance against three out of the four antibiotics used in our study protocol: aminoglycoside
(neomycin), beta-lactam (ampicillin) and glycopeptide (vancomycin). We, however, did not
recover any resistance genes against nitroimidazoles (metronidazole). Additionally, we found
that several taxa in mice treated with antibiotics were directly linked to the resistance categories
of the antibiotics that they were treated with. This suggests that the selective pressure of the
administered antibiotics may lead to real-time evolution of AMR within the gut microbiome. This
is in line with a recent report by Xu et al. [379] albeit in a different mouse model (Balb/c), who
found that treatment with single antibiotics lead to increased abundance of resistance genes.
Intriguingly, they only noted considerable levels of MGE-mediated horizontal gene transfer for
fosfomycin but did not observe high levels of AMR associated with integrases. In our study, we
found that while phages and plasmids contributed to both HGT and AMR, integrons were also
a key factor in AMR dissemination. Despite the decrease in overall diversity and number of
taxa in antibiotic-treated mice, we observed significantly increased prevalence of ‘complete
integron’-mediated AMR. In accordance with previous reports [380], we found that gene
cassettes encoding ARGs are localized and mediated via MGEs, specifically plasmids. This
has further implications since mobility allows penetration and potential integration of AMR into
new taxa. Importantly, in conjunction with our findings about the survival and resistance of A.
muciniphila, we found that several integrons associated with AMR were directly linked to this

taxon.
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Concerted knowledge has concentrated on pathogenic bacteria, and lately the emergence of
antimicrobial resistance. Although the genome of A. muciniphila is thought to be plastic [374],
our analyses emphasize the role of integrons in mediating AMR in commensals, including within
this taxon. Given the association of A. muciniphila with Parkinson’s and other chronic diseases,
our findings highlight the need to understand the role of integrons in mediating AMR within and
beyond this taxon. Taken together, our data show that AMR is relevant to studies involving
antibiotic-treatment especially within the commensal gut microbiome population. Our study is
built on a systemic, and longitudinal design to understand the stage at which the resistance
genes are acquired following antibiotic treatment. Simultaneously, it is unclear whether the
acquired ARGs are expressed, requiring the need for both experimental and cross-validation
using methods such as metatranscriptomics to observe gene expression. Overall, we highlight
the need for understanding the real-time evolution of AMR in microbiome research, including

functional and evolutionary consequences of integron-mediated AMR.
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Chapter 5. Mobilome-mediated segregation of
antimicrobial resistance in a wastewater treatment
plant

This chapter is based on the following publication submitted for peer-review:
Laura de Nies, Susheel Bhanu Busi, Benoit Kunath, Patrick May and Paul Wilmes (2021).

Mobilome-driven segregation of the resistome in biological wastewater treatment. eLife in
review [Appendix A.5]
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5.1 Introduction

Throughout human history, bacterial infections have been a major cause of both disease and
mortality [381]. The discovery as well as the subsequent development and medical use of
antibiotics have provided effective treatment options which limited the development and spread
of bacterial pathogens. However, the use of antibiotics has exacerbated the emergence of
antimicrobial resistance (AMR) in both commensal and pathogenic bacteria [2]. As a result,

AMR, as the "silent pandemic”, has become a prevalent threat to human health [5,6,382].

From a public health perspective, biological wastewater treatment plants (BWWTPs) are
considered hotspots of AMR due to the convergence of antibiotics with resistant, potentially
pathogenic microorganisms originating from both the general population as well as agriculture
and healthcare services [129,130] (section 1.4.3). Additionally, the mobilization of antimicrobial
resistance genes (ARGs) through rampant horizontal gene transfer (HGT) promotes the
dissemination of AMR within the BWWTP microbial community [16] (section 1.4.3). Therefore,
BWWTPs represent an environment exceptionally suited for the evolution and subsequent
spread of AMR [383,384]. To date, more than 32 studies have documented the role of
BWWTPs as key reservoirs of AMR [385]. Furthermore, BWWTPs generally do not contain the
necessary infrastructure to remove either ARGs or resistant bacteria, which are released into
the receiving water via the effluent, promoting its spread in the environment at large [130] .
Most often these are surface water bodies such as rivers, which contribute to the further
dissemination of AMR and resistant bacteria among environmental microorganisms [386].
Acquired resistance may in turn be carried over to humans and animals using these water
resources. In fact, there is strong evidence suggesting that ARGs from environmental bacteria
can be taken up by human-associated and pathogenic bacteria [59,148]. From an
epidemiological and surveillance perspective, BWWTPs also provide samples representative
of entire populations [177]. As such, BWWTPs have recently been crucial for the monitoring of
SARS-CoV-2 within the human population [387]. Overall, to increase our understanding of the
dissemination of AMR and the underlying mechanisms as well as its general prevalence, it is
necessary to map the resistome of various environments starting with biological BWWTPs
because it is critical to unravel the extent to which they act as reservoirs for the dissemination
of antimicrobial resistance genes (ARGs) to bacterial pathogens. Moreover, understanding the
community-level overviews of the ARG potential and its expression, coupled with population-
level linking, including to pathogens, may allow for efficient monitoring of pathogenic and AMR

potential with broad impacts on human health.
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The conditions such as the presence of resistance genes [388], and sub-inhibitory antibiotic
selection pressure from various sources [16] facilitate HGT of ARGs into new hosts through the
mobilome, i.e. mobile genetic elements (MGEs). Acquisition of ARGs via MGEs primarily
occurs through two mechanisms: conjugation or transduction [20] (section 1.2). Of these
mechanisms, conjugation is often thought to have the greatest influence on the dissemination
of ARGs, while transduction is deemed less important [16]. In general terms, studies concerning
AMR and its dissemination focus either on phage [389,390] or plasmids solely [391].
Alternatively, the two are treated collectively [130,392] without a comprehensive comparative
analysis. This circumstance has created a knowledge gap whereby the contributions of
plasmids and phages as independent entities to AMR transmission within complex

communities, such as those found in biological BWWTPs, is largely unknown.

To shed light on the evolution, dissemination and potential segregation of AMR within MGEs in
a WTTP microbial community, we leveraged longitudinal meta-omics data (metagenomics,
metatranscriptomics and metaproteomics). Samples collected for 51 consecutive weeks over
a period of 1.5 years, were used to characterize the resistome. We found that several bacterial
orders such as Acidimicrobiales, Burkholderiales and Pseudomonadales were associated with
29 AMR categories across all timepoints. Our longitudinal analysis demonstrated that MGEs
are important drivers of AMR dissemination within BWWTPs and that assessing the activity of
the ARGs is critical for understanding the underlying mechanisms. More importantly, we reveal
that MGEs, i.e. plasmidomes and phageomes, contribute differentially to AMR dissemination.
Furthermore, we observed this phenomenon in clinically-relevant taxa such as the ESKAPEE
pathogens [393], for which plasmids and phages were exclusively associated with specific
ARGs. Collectively, our data suggest that BWWTPs are critical reservoirs of AMR which show
clear evidence for the segregation of distinct ARGs within MGEs especially in complex
microbial communities. In general, we believe that these findings may provide crucial insights
into the segregation of the resistome via the mobilome in any and all reservoirs of AMR,

including but not limited to animals, humans, and other environmental systems.
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5.2 Methods

5.2.1 Sampling and biomolecular extraction

From within the anoxic tank of the Schifflange municipal biological wastewater treatment plant
(located in Esch-sur-Alzette, Luxembourg; 49°30'48.29" N; 6°1'4.53" E) individual floating
sludge islets were sampled according to previous described protocols [394]. Sampling was
performed starting on 21-03-2012 till 03-05-2012 in approximately one-week intervals resulting
in a total of 51 samples. DNA, RNA and proteins were extracted from the samples in a

sequential co-isolation procedure as previously described [395].

5.2.2 Sequencing and data processing for metagenomics and metatranscriptomics

Paired-end libraries were generated for metagenomics with the AMPure XP/Size Select Buffer
Protocol following a size selection step recommended by the standard protocol. Libraries for
metatranscriptomics were prepared from RNA after washing stored extractions with ethanol
and depletion of rRNAs with the Ribo-Zero Meta-Bacteria rRNA Removal Kit (Epicenter).
Subsequently, the ScriptSeq v2 RNA-seq library preparation kit (Epicenter) was used for cDNA
library preparation, followed by sequencing on an lllumina Genome Analyses lIx instrument
with 100-bps paired-end protocol. Processing and assembly of metagenomic and
metatranscriptomic reads was done using the Integrated Meta-omic Pipeline [231] (IMP v1.3;
available at https://r3lab.uni.lu/web/imp/). For the IMP processing, lllumina Truseq2
adapters were trimmed, and reads of human origin were filtered out, followed by a de novo
assembly with MEGAHIT [276] v1.0.6. Both metagenomic and metatranscriptomic reads were

coassembled to increase contiguity of the assemblies [231].

5.2.3 lIdentification of antimicrobial resistance genes and association with mobile

genetic elements

The assembled contigs from IMP were used as input for PathoFact [396], for the prediction of
antimicrobial resistance genes, and to annotate MGEs. ARGs were further collapsed into their
respective AMR categories, as identified by PathoFact in accordance with those provided by
the Comprehensive Antibiotic Resistance Database (CARD) [43]. Thereafter, the raw read
counts per ORF, as given by PathoFact, were determined with FeatureCounts [397]. The
relative abundance of the ARGs was calculated using the RNum_Gi method described by Hu
et al. [233]. This method was done using the BAM files generated by mapping using samtools
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[398], both for the metagenomic and metatranscriptomic reads independently, to extract gene

copy number and transcriptome expression respectively, per sample.

Identified ARGs and their categories were further linked to associated bacterial taxonomies
using the taxonomic classification system Kraken2 [399]. Kraken2 was run on the contigs using
the maxikraken2_1903 140GB (March 2019, 140GB)
(https://lomanlab.github.io/mockcommunity/mc_databases.html) database [399]. Furthermore,
utilizing PathoFact, ARGs were linked to predicted mobile genetic elements (i.e. plasmids and
phages) to identify probable transmission of AMR between taxa. Specifically, to link both the
MGEs and the taxonomy to the ARGs, we mapped the genes to assembled contigs. By
considering all different predictions of MGEs, a final classification was made based on the
genomic contexts of the ARGs encoded on plasmids, phages or chromosomes, including
classification of those that could not be resolved (ambiguous). The ARGs that could not be
assigned to either the MGEs or bacterial chromosomes were further referred to as unclassified

genomic elements.

5.2.4 Metaproteomic sequencing and data analyses

Raw mass spectrometry files were converted to MGF format using MSconvert [400] with default
parameters. Metaproteomic search was performed using SearchGUI / PeptideShaker [401] for
each time point. To generate the databases, each predicted protein sequence file was
concatenated with the cRAP database of contaminants (common Repository of Adventitious
Proteins, v 2012.01.01; The Global Proteome Machine) and with the human UniProtKB
Reference Proteome [402]. In addition, reversed sequences of all protein entries were
concatenated to the databases for the estimation of false discovery rates (FDRs). The search
was performed using SearchGUI-3.3.20 [403] with the X!Tandem [404], MS-GF+ [405] and
Comet [406] search engines and the following parameters. Trypsin was used as the digestion
enzyme and a maximum of two missed cleavages was allowed. The tolerance levels for
identification were 10 ppm for MS1 and 15ppm for MS2. Carbamidomethylation of cysteine
residues was set as a fixed modification and oxidation of methionine’s was allowed as variable
modification. Peptides with length between 7 and 60 amino acids and with a charge state
composed between +2 and +4 were considered for identification. The results from SearchGUI
were merged using PeptideShaker-1.16.45 [401] and all identifications were filtered in order to

achieve a peptide and protein FDR of 1%.
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Each predicted protein sequence corresponds with the predicted ORFs generated by the
Prodigal (version 2.6.3) [204] predictions included in PathoFact. As such predicted protein

sequences matched the ARG annotation of the ORFs as given by PathoFact.

5.2.5 Multi-omic integration

To further improve upon the understanding of the AMR expression and assess its stability
across time, we estimated the normalized protein index (NPI) per gene, by integrating the multi-
omic data. To estimate the NPI, we first normalized the metatranscriptomic abundance based
on per gene copy numbers obtained via the metagenomic abundance:

Nmetaproteome
NPI =

Nmetatranscriptome /| Nmetagenome

This, the normalized expression of genes, yields the per copy expression of ARGs within each
AMR category. Subsequently, the normalized expression was used to standardize the

metaproteomic abundances for those genes where the necessary data was available.

5.2.6 MGE partition assessment

To assess the segregation of MGEs through AMR we determined niche regions and overlap
using the nicheROVER R package [407]. nicheROVER uses Bayesian methods to calculate
niche regions and pairwise niche overlap using multidimensional niche indicator data (i.e.
stable isotopes, environmental variables). As such, using AMR as the indicator data, we
extended the application of nicheROVER to calculate the probability for the size of the niche
area of one MGE inside that of the other, and vice versa. We calculated the segregation size
estimate for each MGE and additionally generated the posterior distributions of p (population
mean) for each AMR category in all omics. We further computed the niche overlap estimates

between MGEs with a 95% confidence interval over 10 000 iterations.

5.2.7 Data analysis

Figures for the study including visualizations derived from the taxonomic and functional
analyses were created using version 3.6 of the R statistical software package [408]. A paired
two-way ANOVA (Analysis of Variance) within the nime package was used for identifying
statistically significant differences for the AMR and taxonomic analyses. Tripartite and Bipartite
networks were generated using the SpiecEasi [409] R package where a weighted adjacency
matrix was generated using the Meinhausen and Buhlmann (mb) algorithm, with a nlambda of
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40, and lambda minimum ratio at 0.001. The analyses were bootstrapped with n=999 to avoid
overfitting, autocorrelations and false network associations. The network was further refined,
selecting for positive edges, with a degree greater than the mean-degree of the initial network.

The igraph [410] package was used in R to render the graphics for the network.

5.3 Results

5.3.1 Longitudinal assessment of the resistome within a WWTP

To characterize the BWWTP resistome, we sampled a municipal BWWTP on a weekly basis
over a 1.5 year period (ranging from 21-03-2011 to 03-05-2012) [394,411]. Utilizing the
PathoFact pipeline we resolved the BWWTP resistome. This analysis revealed the presence
of 29 different categories of AMR within the BWWTP. Subsequent longitudinal analyses
highlighted enrichments in aminoglycoside, beta-lactam and multidrug resistance genes
(Figure 5.1a). Concomitantly, we observed specific shifts in the AMR profiles over time. For
example, a shift at two timepoints (13-05-2011, 08-02-2012) highlighted a steep increase in
resistance genes corresponding to glycopeptide resistance. Other AMR categories, such as
diaminopyrimidine resistance, exhibited a less drastic but more fluid change in longitudinal

abundance observable over multiple timepoints.

Additionally, AMR categories were found to persist variable over time (Figure 5.1b). A core
group of 15 AMR categories in total were identified and found to be present across the 1.5 year
sampling period. These included aminoglycoside, beta-lactam and multidrug resistance genes,
which contributed the most to the pool of ARGs. A further six (aminocoumarin,
aminoglycoside:aminocoumarin, elfamycin, nucleoside, triclosan and unclassified) AMR
categories were found to be prevalent (>75% of all timepoints), while another three AMR
categories were moderately (50 - 75% of all timepoints) present over time (Figure 5.1b). Five
other categories were rarely present within the BWWTP, with resistance corresponding to
acridine dye only present at six of the timepoints. Altogether, this emphasized that the BWWTP
resistome varies over time, substantiating the requirement for a longitudinal analysis to obtain

an accurate overview of the community’s overall resistome.
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Figure 5.1: Longitudinal metagenomic assessment of AMR. a. ARG relative abundances over time
within the BWWTP. b. ARG categories at various timepoints categorized in 4 distinct groups based on
presence/absence: Core (all timepoints), Prevalent (>75% of timepoints), Moderate (50-75% of
timepoints) and Rare (<50% of all timepoints).

Although the data thus far provided a clear overview of the BWWTP from a metagenomic

perspective, it did not provide any information regarding AMR expression. We therefore utilized

the corresponding metatranscriptomic dataset to investigate the expression of identified ARGs
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and monitor their changes, within the BWWTP, over time. In contrast to the metagenomic data,
we observed a difference in AMR expression levels for several categories. Aminoglycoside,
beta-lactam, and multidrug resistance identified at high levels in metagenomic information were
also highly expressed within the BWWTP (Figure 5.2). However, peptide resistance
demonstrated the highest expression levels of all the AMR categories. We further investigated
which ARG subtypes contributed to the identified peptide resistance category and found that
~90% of the expressed peptide resistance was directly contributed by a single resistance gene,
Yojl (Appendix B.4: Supplementary figure 5.1), typically associated with resistance to
microcins [412] a potential adaptive strategy amongst the microbial populations in the BWWTP

against these specific stressors.
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Figure 5.2: Longitudinal metatranscriptomic assessment of AMR. Relative abundance levels of
expressed AMR categories over time within the BWWTP

5.3.2 Microbial populations and co-occurrence patterns of AMR

Based on the previously identified microbial community [394], we hypothesized that the
abundant and prevalent bacterial orders such as Acidimicrobiales were major contributors to
the abundance in ARGs observable via metagenomics. To further investigate the contribution
to AMR by the distinct microbial populations, we linked ARGs to the contig-based taxonomic
annotations of the assemblies. Herein, we identified a wide variety of taxonomic orders
contributing to AMR, with multiple orders often contributing to the same resistance categories
(Appendix B.4: Supplementary figure 5.2). Overall, taxa belonging to Acidimicrobiales,

followed by Burkholderiales, were found to encode most of the ARGs (Figure 5.3a).
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Additionally, the abundance of ARGs linked to taxonomy varied over time. This was most
noticeable during a five-week period (autumn: 02-11-2011 to 29-11-2011), where a decrease
in abundance in ARGs linked to Acidimicrobiales and Bacteroidales was observed coinciding

with an increase in ARG abundance in Pseudomonadales and Lactobacillales.

Since the family Acidimicrobiales was found to be linked to the highest abundance in ARGs,
we further resolved the taxonomic affiliation and identified the species Candidatus Microthrix
parvicella (hereafter known as M. parvicella) to be the main contributor to AMR. M. parvicella
was previously found to dominate this microbial community [411] and is a well-characterized
bacterium commonly occurring in the BWWTP [413]. Overall, aminoglycoside, beta-lactam,
multidrug and peptide resistance were found to be abundant in this species (Figure 5.3b), with
aminoglycoside resistance demonstrating the highest expression levels as confirmed through
metatranscriptomic analysis (Figure 5.3c). Although it was not surprising to find a high
abundance of ARGs linked to this species, the longitudinal variation in the abundances of these
ARGs was nevertheless surprising (Figure 5.3b). Furthermore, coupled to a decrease in the
abundance of M. parvicella itself [411], we observed an almost complete decrease in ARGs at
two timepoints (23-11-2011 and 29-22-2011). However, the M. parvicella population recovered
to levels resembling the earlier timepoints in conjunction with the abundances in ARGs towards
the end of the sampling period (Figure 5.3a-b), underlining their overall contribution to AMR
within this BWWTP. Alternatively, it is plausible that the dominance of M. parvicella is

attributable to the encoded ARGs, which in turn, may confer a fitness advantage.

In order to determine whether the abundances in ARGs may be directly associated with the
community composition and population sizes over time, co-occurrence patterns between ARG
subtypes and taxa (genus level) were explored using the metagenomic data. Bipartite network
analyses (Figure 5.3c) demonstrated that ARGs, within or across ARG types and microbial
taxa, showed clear and distinct co-occurrence patterns within the BWWTP. These patterns
indicated a strong segregation of distinct, taxa specific ARG subtypes within the BWWTP
community over time. One clear example was that of M. parvicella which encoded different
aminoglycoside resistance genes (Appendix B.4: Supplementary figure 5.3). Thus, the

abundance of this bacterium along with the aminoglycoside ARGs were highly correlated.
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5.3.3 Monitoring pathogenic microorganisms within BWWTPs

In conjunction with the families observed within BWWTPs, we also found that certain ESKAPEE
pathogens [393], such as Klebsiella spp. and Pseudomonas spp., demonstrated co-occurring
patterns with ARGs (Figure 5.3c).

As previously mentioned, BWWTPs represent a collection of potentially pathogenic
microorganisms originating from, among others, the human population. Moreover, evidence
suggests that ARGs from environmental and commensal bacteria can spread to pathogenic
bacteria through HGT [20]. Therefore, we assessed the acquisition and dissemination of AMR
in the extended priority list of pathogens (Table 5.1), characterized as such by the WHO [414],

using both metagenomics and metatranscriptomics.

Table 5.1: WHO priority list for research and development of new antibiotics for antibiotics-

resistant bacteria [414].

Bacteria Priority Organism Resistance
detected detected

Acinetobacter baumannii Critical + +
Pseudomonas aeruginosa Critical + +
Enterobacteriaceae Critical + +
Enterococcus faecium high + +
Staphylococcus aureus high + +
Helicobacter pylori high + +
Campylobacter spp high + -
Salmonella spp high + +
Neisseria gonorrhoeae high + -
Streptococcus pneumoniae medium + +
Haemophilus influenzae medium + -
Shigella spp medium + +

Of the identified pathogens (Table 5.1), we found that Pseudomonas aeruginosa, both encoded

and expressed the highest abundance of ARGs, followed by Acinetobacter baumannii, over
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time within the BWWTP (Figure 5.4). Moreover, an increase in ARG abundance and
expression was observed in Pseudomonas aeruginosa during the time period, during which the

otherwise dominant M. parvicella demonstrated reduced abundance (Figure 5.3a, Figure 5.4).
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Figure 5.4: Assessment of AMR associated with clinical pathogens. ARG relative abundance
encoded and expressed by clinical pathogens over time within the BWWTP.

5.3.4 Differential transmission of antimicrobial resistance via mobile genetic elements

As previously described [182,415], the mobilome is a major contributor to the dissemination of
AMR within a microbial community. Consequently, to understand (i) the role of MGE-mediated
AMR transfer within the BWWTP, and (ii) to identify differential contribution of the mobilome to
the dissemination of AMR, we identified both plasmids and phages within the metagenome and
linked these to the respective ARGs. Overall, we found that plasmids contributed to an average
of 10.8% of all ARGs, while phage contributed to an average of 6.8% of all resistance genes,
confirming the general hypothesis that conjugation has the greatest influence on the
dissemination of ARGs [20]. This phenomenon, however, varied across time within the
BWWTP (Figure 5.5a).

When investigating the dissemination of AMR via MGEs, most reports typically focus on either
phages or plasmids individually, or both as collective contributors to transmission [416]. To date

and to our knowledge, the respective contributions of phage and plasmid to AMR transmission
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have not been subjected to a comprehensive comparative analysis. To facilitate a systematic,
comparative view of MGE-mediated AMR, we assessed the segregation of MGEs with respect
to AMR and found that phages and plasmids contributed differentially to AMR. Specifically, we
found a significant difference in six AMR categories when comparing ARGs encoded by phages
and plasmids (Figure 5.5b). Aminoglycoside, bacitracin, MLS (i.e. macrolide, lincosamide and
streptogramin) and sulfonamide resistance were found to be primarily encoded by plasmids,
whereas fosfomycin and peptide resistance were found to be associated with phages.

To further understand AMR in relation to the community dynamics, we investigated the
abundance and segregation of the above-mentioned significant resistance categories at
different timepoints within the BWWTP. We observed ARG abundances varied over time both
in phages (Figure 5.5c) as well as plasmids (Figure 5.5d). For instance, the abundance in
aminoglycoside and sulfonamide resistance, which was encoded primarily by plasmids
(Appendix B.4: Supplementary figure 5.4a), fluctuated widely over time in both phages and
plasmids (Figure 5.5¢). Additionally, plasmid-mediated sulfonamide resistance was reduced at
23-11-2011, followed by its highest abundance a week later (20-11-2011), while subsequently
again decreasing. Similarly, in line with the above observations, fosfomycin and peptide
resistance genes, while segregating within phages, demonstrated significant fluctuations over
time (Figure 5.5d). In addition to the metagenome, we also contextualized the localization of
the expressed ARGs within MGEs based on the metatranscriptomic information. Specifically,
we found that plasmids demonstrated a significantly increased expression of aminoglycoside
along with bacitracin and sulfonamide resistance genes, while the expression of glycopeptide,
mupirocin and peptide resistance genes were primarily enriched in phages (Figure 5.6a).
These observations pertaining to plasmid-mediated AMR were in line with the metagenomic
findings (Figure 5.5b). Only peptide resistance was observed to be expressed via phages in
contrast to the differential enrichment of fosfomycin resistance observable in the metagenomic

data.
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Figure 4.5: MGE-derived AMR within the BWWTP resistome. a. Overall relative abundance of MGEs

encoding ARGs. b. Boxplots depicting significant (adj.p < 0.05, Two-way ANOVA) differential
abundances of ARGs encoded by plasmids vs phages. c. Relative abundance of the 6 significantly

different AMR categories encoded on phages over time. d. Relative abundance of the 6 significantly

different AMR categories encoded on plasmids over time.
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5.3.5 Taxonomic affiliations of MGE-derived resistance genes

When assessing the differential contributions of MGEs to AMR, we found congruency between
plasmids and phages to the AMR categories and taxonomic affiliations (Figure 5.6b). For
example, in the metagenomic data MGEs (phage and plasmid) were predominantly associated
with the same AMR category and subsequently the same taxa. However, some exceptions
were observed with specific taxa associated with AMR either through plasmids or phages. For
instance, MLS resistance in Bacteroidales and Nostocales was mediated solely through
plasmids, whereas the same resistance category was mediated by phage in Bifidobacteriales,

indicating a mechanistic basis for the segregation of AMR between taxa and MGEs.

As most bacteria harbor MGEs, we queried whether the MGE-mediated AMR categories were
linked to the abundance of some of the earlier reported taxa. Interestingly, we found that
peptide resistance encoded by M. parvicella was solely associated with phages, while
aminoglycoside resistance was primarily correlated with plasmids (Appendix B.4:
Supplementary figure 5.4b). Other highly abundant taxa such as Pseudomonas and
Comamonas (Appendix B.4: Supplementary figure 5.4c-d), on the other hand, were
correlated with sulfonamide resistance in addition to aminoglycoside resistance encoded on
plasmids (Figure 5.6b). This was further reflected within the metatranscriptome data where in
taxa such as Acidimicrobiales the expression levels of aminoglycoside resistance were solely
associated with plasmids (Appendix B.4: Supplementary figure 5.5a). Additionally, in the
Burkholderiales family, peptide and glycopeptide resistance were found to be expressed
through phages (Appendix B.4: Supplementary figure 5.5b).

We also found a clear segregation of the mobilome with respect to individual pathogens in the
metagenome. Interestingly, plasmids were exclusively associated with AMR in six out of the
fourteen relevant taxa (Figure 5.6c). These included Streptococcus pneumoniae,
Staphylococcus aureus, Shigella flexneri, Klebsiella pneumoniae, Enterobacter kobei and
Enterobacter hormaechei. Furthermore, the plasmids were also associated with conferring
peptide, multidrug, MLS, beta-lactam, fluoroquinolone, bacitracin, aminoglycoside,
aminoglycoside:aminocumarin and sulfonamide resistance. Phages were exclusively
associated with glycopeptide and aminoglycoside resistance in Salmonella enterica. Overall,
our results revealed for the first time the key segregation patterns of AMR via the mobilome in
taxa that are of relevance to human health and disease. Moreover, substantiating the

metagenomic data, the pathogenic bacteria S. pneumoniae, S. aureus, K. pneumoniae, E.
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kobei and E. hormaeche were found to express ARGs solely associated with plasmids (Figure
5.6¢c). Collectively, these findings represent an imminent threat to global health due to their

potential for dissemination across reservoirs.
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Alluvial plot depicting relative abundance of MGE-derived ARGs encoded (metagenome) and/or
expressed (metatranscriptome) by clinical pathogens.

5.3.6 Metaproteomic validation of AMR abundance and expression

In order to validate our findings with the expression (metatranscriptomic) analyses on the
BWWTP, we further used the corresponding metaproteomic data to offer complementary
information at the protein level. Similar to the metagenome data we found protein expression
linked to aminoglycoside, beta-lactam and multidrug resistance, over time within the BWWTP
(Appendix B.4: Supplementary figure 5.6). Proteins linked to multidrug resistance especially

were found to increase over time.

To further improve upon the understanding of the AMR expression and assess its stability
across the time, we estimated the normalized protein index (NPI) per gene, as discussed in the
Methods, by integrating all of the multi-omic data. The estimated NPI demonstrated stable
levels of aminoglycoside and multidrug resistance within the BWWTP (Figure 5.7a).
Specifically, proteins conferring multidrug resistance were found to increase over time, which
is in line with the gene- and expression-level observations. Furthermore, we contextualized the
normalized proteins conferring AMR to their localization on MGEs. We identified five resistance
categories, i.e. aminoglycoside, beta-lactam, sulfonamide, multidrug and tetracycline
resistance, to be expressed through MGEs (Figure 5.7b). Of these categories we found that
aminoglycoside resistance, in concordance with the gene and expression levels, was
significantly higher mediated through plasmids compared to phages. We further found that the
MGE-mediated AMR categories were associated with specific microbial taxa. with plasmid-
mediated aminoglycoside resistance found to be strongly associated with the previously
mentioned M. parvicella (Figure 5.7b). On the other hand, we did not identify any peptides
associated with the ESKAPEE pathogens via metaproteomics.
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differential (adj.p <0.05, Two-Way ANOVA) abundance of aminoglycoside resistance in plasmid versus
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5.4 Discussion

The surveillance of wastewaters for the identification of microbial molecular factors is a critical
tool for identifying potential pathogens. This has been highlighted recently with the tracking of
SARS-CoV-2 within wastewater treatment plants to assess viral prevalence and load within a
given community [417]. Such approaches have also been employed for screening for
antimicrobial resistance at a population level [418,419]. So far, several studies
[177,383,420,421] have characterized the proliferation of ARGs and antibiotic resistant bacteria
in BWWTP. Szczepanowski et al. [420] identified 140 clinically relevant plasmid-derived ARGs
in a BWWTP metagenome while Parsley et al. [421] characterized ARGs from bacterial

chromosomes, plasmids and in viral metagenomes found in a BWWTP. Further studies have
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shown that conventional BWWTP processes at best only partially remove ARGs from the
effluent and may find their way into the urban water cycle [422—424]. Wastewater treatment
plants, therefore, are crucial reservoirs of AMR, whose monitoring may allow for early-detection
of AMR within the human population feeding into the system. Here, we leveraged a systematic
and longitudinal sampling scheme from a BWWTP to identify diverse AMR categories prevalent
within the BWWTP microbial community. In line with the studies by Szczepanowski et al. [420]
and Parsley et al. [421], we found up to 29 AMR categories with several ARGs within the
BWWTP. More importantly, and unlike the previous studies, we linked the identified ARGs to
clinically-relevant ESKAPEE pathogens, which represent a growing global threat to human
health.

In our BWWTP samples, we identified a core group of 15 AMR categories that were ubiquitous
at all timepoints. In line with the above-mentioned reports, the observed core resistance
categories may reflect their abundance in the surrounding human population [425]. This has
previously been reported by Parnanen et al. [426], Su et al. [427] and Hendriksen et al. [177]
where they showed that BWWTP AMR profiles correlate with clinical antibiotic usage as well
as other socio-economic and environmental factors. On the other hand, bacteria are known to
have innate defense mechanisms against inhibitory bacteriocins from other taxa [428].
Therefore, one must be cognizant of the phenomenon that the observed core group of AMR
categories may also be a proxy for the abundance of specific resistant bacteria. Despite this
observation, it is plausible that both anthropogenic and microbial sources for AMR play a role
in the observed resistance categories within the BWWTP. Interestingly, we found that several
AMR categories, including ancillary (prevalent, moderate, and rare) groups, were associated
with M. parvicella within the BWWTP. Similar to the findings by Munck et al. [150], we found a
wide range of bacteria associated with AMR categories including Acidimicrobiales,
Burkholderiales and Rhodocyclales. On the other hand, we report that taxa, including
ESKAPEE pathogens, belonging to 25 bacterial orders were associated with 29 AMR

categories, compared to the eight bacterial orders reported previously.

It is important to note that the mobilome plays a critical role in the dissemination of AMR within
microbial communities. AMR from resistant bacteria within the BWWTP can quickly
disseminate within the BWWTP [385,392], including transmission from pathogenic to
commensal species [66,67]. As a result, mediated through HGT, the BWWTP becomes a
hotspot for resistant bacteria, which are then released back into the receiving environment
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[429], and eventually the human population [385,430]. Therefore, to limit the dissemination of
AMR, it is important to understand the role of MGEs within the BWWTP. Our comprehensive
analyses identified the differential contributions of AMR transmission mediated via phage and
plasmid (Figure 5.8). Specifically, we identified clear segregation of aminoglycoside, bacitracin,
MLS and sulfonamide resistance categories with plasmids, while fosfomycin and peptide
resistance were increasingly encoded and conferred via phages. While the association
between these AMR categories and plasmids [431-434] or phages [323] are in line with
previously reported results, differential analysis between MGEs has not been previously
reported and has not been performed on multi-omic levels. As such, in this study we report for
the first time the systematic and extensive comparison of AMR encoded and expressed by
phages versus plasmids. Our results indicating the segregation of ARGs within the ESKAPEE
taxa via the MGEs further provide insights into potential modes of AMR transmission among
pathogens. Though one cannot exclude the possibility of transmission of the above-mentioned
ARGs via other MGEs, identifying potential segregation of MGEs in the transmission of ARGs
brings us one step closer to identifying specific transmission paths and limiting the spread of
AMR. For example, some studies have reported plasmid “curing”, the process by which
plasmids are removed from bacterial populations, as a strategy against dissemination of AMR
[435,436]. As described by Buckner et al. [437] plasmid curing, as well as other anti-plasmid
strategies, could both reduce AMR prevalence, and (re-)sensitize bacteria to antibiotics [437].
Combining these strategies with AMR categorization according to preference for specific MGEs

will give us novel strategies for removing MGE-mediated resistance in the fight against AMR.
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Figure 5.8: Separation of MGE-derived AMR within the BWWTP. A graphical summary highlighting
AMR categories found significantly increased in phage versus plasmid in all three omes.
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By complementing the metagenomic analyses, metatranscriptomics conferred essential
information regarding gene expression within the resistome. For instance, when comparing
AMR expression levels of aminoglycoside, bacitracin, and sulfonamide mediated via MGEs, it
is noticeable that expression levels in plasmids mirror the genomic content, i.e. they exhibited
higher levels of expression when compared to phage. On the other hand, glycopeptide and
mupirocin resistance genes which were highly expressed in phages were not reflected within
the metagenomic data. Additionally, we found the Yojl resistance gene to be more highly
expressed than any other ARGs. To facilitate resistance against the peptide antibiotic microcin
J25, the outer membrane protein, TolC, in combination with Yojl is required to export the
antibiotic out of the cell [412]. Microcin J25 belongs to the group of ribosomally synthesized
and post-translationally modified peptides (RiPPs) and has antimicrobial activity against
pathogenic genera such as Salmonella spp. and Shigella spp. [438]. Interestingly, it has only
recently been proposed as a treatment option against Salmonella enterica and has been
discussed in recent years as a potential novel antibiotic [439]. Based on these results, by
considering that BWWTPs may reflect both the presence of AMR within the human population
as well as be a hotspot of dissemination and generation of new AMR, surveillance of BWWTPs
must be emphasized when developing new antibiotics. Our findings collectively suggest that
the differential capacity of MGEs to disseminate AMR, coupled with longitudinal and
expression-level analyses are crucial for monitoring human health conditions. More importantly,
we report for the first time that BWWTP monitoring for AMR may allow for early detection of

previously undescribed and previously undescribed resistance mechanisms.

Finally, we applied an integrated multi-omic approach to improve our knowledge on the
functional potential of AMR and simultaneously validate the abundance and expression findings
of the ARGs. By normalizing the metaproteomic results with the normalized expression of
genes we were able to assess the stability of expressed AMR across time. We find that our
methodology allows for an unbiased assessment of overall expression accounting for gene
copy abundance and expression. These findings support the notion that the ARGs may serve
as sentinels or indicators of the presence of particular antimicrobial agents. However, it is
plausible that we are only identifying the most abundant proteins and/or proteins that are more
stable over time, and do not capture the entirety of the proteome profiles. Factors such as
protein decay rates [440] among others, may additionally influence this assessment.

Irrespective of these observations, we identified segregation of AMR categories with respect to
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plasmids and phages. Our findings also highlighted the potential for identifying segregation of
AMR via specific MGEs with an aim towards possible therapeutic and mitigation strategies via
for example plasmid curing. Furthermore, we demonstrate that longitudinal analyses are
required to survey AMR within BWWTPs due to the variations in the resistome across time.
These shifts may either be representative of a shift within the human population itself, which in
turn could be associated with the concurrent use of antibiotics at a given time, or competition
within the microbial community. In any case, an independent or static analysis of the various
time points may show an incomplete view of the BWWTP resistome, thus underlining the
importance of our longitudinal resistome analyses. Overall, our findings suggest that BWWTPs
are critical reservoirs of AMR, potentially allowing for early detection and monitoring of
pathogens and novel resistance mechanisms linked to the introduction of new antimicrobials,

whilst serving as a model for understanding the separation of MGEs through AMR.
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Chapter 6. Diversity of the resistome and
biosynthetic gene clusters in glacier-fed stream
biofilms

This chapter is based on the following publication submitted for peer-review:

Susheel Bhanu Busi*, Laura de Nies*, Paraskevi Pramateftaki, Massimo Bourquin, Leila
Ezzat, Tyler J. Kohler, Stilianos Fodelianakis, Grégoire Michoud, Hannes Peter, Michail Styllas,
Matteo Tolosano, Vincent De Staercke, Martina Schon, Valentina Galata, Tom Battin, and Paul
Wilmes (2021). Glacier-fed stream biofilms harbour diverse resistomes and biosynthetic gene

clusters. Microbiome in review [Appendix A.6]

* Co-first author
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6.1 Introduction

Today, antimicrobial resistance (AMR) has become a well-known threat to human health with
an estimated number of 700,000 people per year dying of drug-resistant infections [68]. The
dramatic rise of antimicrobial resistance over the past decade has even led to the moniker,
“silent pandemic” [441]. Therefore, AMR is often directly associated with human impacted
environments with a global increase in resistant bacteria linked to the over- and mis-use of
antibiotics [2]. However, contrary to public perception, AMR is a natural phenomenon, which
has existed for billions of years [1]. Long before the rather recent use of antibiotics in the clinical
setting, microorganisms have used these, along with corresponding protective mechanisms, to
establish competitive advantages over other microbes contending for the same environment

and/or resources [134].

Microbes, in general, produce a range of secondary metabolites with diverse chemical
structures which in turn confer a variety of functions, including antibiotics [442]. Such secondary
metabolites including metal transporters and quorum sensing molecules [443,444] are not
directly associated with the growth of microorganisms themselves but instead are known to
provide benefits by acting as growth inhibitors against competing bacteria. Consequently, many
of these natural products have found their uses in industrial settings as well as in human
medicine as anti-infective drugs [443,445,446]. The biosynthetic pathways responsible for
producing these specialized metabolites are encoded by locally clustered groups of genes
known as ‘biosynthetic gene clusters’ (BGCs). Typically, BGCs include genes for expression
control, self-resistance, and metabolite export [447]. They can, however, be further divided into
various classes including non-ribosomal peptide synthetases (NRPSs), type | and type Il
polyketide synthases (PKSs), terpenes, and bacteriocins alongside others [446]. NRPSs and
PKSs specifically have been of interest due to their known synthesis of putative antibiotics
[448,449]. Furthermore, evidence suggests that within these BGCs at least one resistance
gene conferring resistance can be found as a self-defense mechanism against the potentially
harmful secondary metabolites encoded by the BGC [63]. For instance, the tylosin-biosynthetic
gene cluster of Streptomyces fradiae also encodes three resistance genes (tIrB, tirC and tirD)
[450], while in another example, Streptomyces toyacaensis, the vanHAX resistance cassette is
proximal to the vancomycin biosynthesis gene cluster, thereby encoding inherent resistance
[451].
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Remote and pristine microbial communities provide a rich genetic resource to explore the
historical evolutionary origins of naturally occurring antibiotic resistance from the pre-antibiotic
era. Only in few pristine environments with limited anthropogenic influence (e.g., permafrost,
glaciers, deep sea, and polar regions) can remnants of the above-described ancient biological
warfare mechanisms still be detected. These ARGs and resistant bacteria evolving in pristine
environments may therefore be considered the inherent antibiotic resistance present in the

environment [134].

We have recently reported the genomic and metabolic adaptations of epilithic biofilms to
windows of opportunities in glacier-fed streams (GFSs) [452]. For example, given the short flow
season during glacial melt, i.e. summer, the incentive to reproduce quickly while conditions are
favorable, is high. During these windows of opportunity, the necessity for taxa to not only
acquire physical niches, but also appropriate resources yields a competitive environment.
Within these biofilms, we observe complex cross-domain interactions between microorganisms
to potentially mitigate the harsh nutrient and environmental conditions of the GFSs.
Additionally, owing to their complex biodiversity [453] and generally oligotrophic conditions
[454], epilithic biofilms are ideal model systems for understanding BGCs and AMR. While
oligotrophy may provide the basis for competition over resources amongst microorganisms
such as prokaryotes and (micro-)eukaryotes. Our previous insights revealed that taxa such as
Polaromonas, Acidobacteria, and Methylotenera have strong interactions with eukaryotes such
as algae and fungi [452]. The inherent diversity allows for understanding the influence of AMR
in microbial interactions. For example, the accidental discovery of penicillin by Alexander
Fleming in 1928 based on bacterial-fungal interactions, [455], has since been expanded upon
by Netzker et al. [456]. They reported that microbial interactions lead to the production of
bioactive compounds including antibiotics that may shape the microbial consortia within a

community.

Here, to shed light on the role of AMR in shaping microbial communities within (relatively)
pristine environments, we used high-resolution metagenomics to investigate twenty-one
epilithic biofilms from glacier-fed streams. These samples were collected from 8 GFSs spread
across the Southern Alps in New Zealand and the Caucasus in Russia. Herein, we found 29
categories of ARGs within the GFSs across both bacterial and eukaryotic domains. Importantly,
most of the AMR was found in bacteria. We also identified antibacterial BGCs that were

encoded both in bacterial and eukaryotes suggesting extensive intra- and inter-domain
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competition. Our findings demonstrate that microorganisms within biofilms from pristine
environments not only encode ARGs, but that they may potentially influence several features
of epilithic biofilms such as biofilm formation, community assembly and/or maintenance,

including conferring mechanisms for competitive advantages under extreme conditions.

6.2 Methods

6.2.1 Sampling and biomolecular extraction

Eight GFSs were sampled in early- to mid-2019 from the New Zealand Southern Alps and the
Russian Caucasus, respectively, for a total of 21 epilithic biofilms. The biofilm samples were
collected from each stream reach due to biofilms ranging from abundant to absent, depending
on stream geomorphology. One to three biofilm samples were collected per reach, taken using
sterilized metal spatulas to scrape rocks, followed by their immediate transfer to cryovials.
Samples were immediately flash-frozen in liquid nitrogen and stored at -80 °C until DNA was
extracted. DNA from the epilithic biofilms was extracted using a previously established protocol
[457] adapted to a smaller scale due to relatively high DNA concentrations. DNA quantification
was performed for all samples with the Qubit dsDNA HS kit (Invitrogen).

6.2.2 Sequencing and data processing for metagenomics

Random shotgun sequencing was performed on all epilithic biofilm DNA samples, after library
preparation using the NEBNext Ultra Il FS library kit. 50 ng of DNA was enzymatically
fragmented for 12.5 mins and libraries were prepared with 6 PCR amplification cycles. An
average insert of 450 bp was maintained for all libraries. Qubit was used to quantify the libraries
followed by sequencing at the Functional Genomics Centre Zurich on a NovaSeq (lllumina)
using a S4 flowcell. The metagenomic data was processed using the Integrated Meta-omic
Pipeline (IMP v3.0; commit# 9672c874 available at https://qgit-r3lab.uni.lu/IMP/imp3) [231].

IMP’s workflow includes pre-processing, contig assembly, genome reconstruction

(metagenome-assembled genomes, i.e. MAGs) and additional functional analysis of genes

based on custom databases in a reproducible manner [231].

6.2.3 ldentification of antimicrobial resistance genes, antibiotics biosynthesis pathways
and BGCs

For the prediction of ARGs the IMP-generated contigs were used as input for PathoFact [396].
Identified ARGs were further collapsed into their respective AMR categories in accordance with
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the Comprehensive Antibiotic Resistance Database (CARD) [43]. PathoFact uses an HMM-
based search to identify homologous sequences across genomic data, therefore possibly also
detecting resistance genes within eukaryotic genomic fragments. Subsequently, the raw read

counts per ORF, obtained from PathoFact, were determined using FeatureCounts [232].

To identify pathways for the biosynthesis of antibiotics, we assigned KEGG orthology (KOs)
identifiers to the ORFs using a hidden Markov model [285] (HMM) approach using hmmsearch
from HMMER 3.1 [458] with a minimum bit score of 40. Additionally, we linked the identified
KOs to their corresponding KEGG orthology pathways and extracted the pathways annotated
as antibiotic biosynthesis pathways by KEGG. Both the identified ARGs and KEGG pathways
were then further linked to associated bacterial taxonomies. The bacterial and eukaryotic
taxonomies were assigned using the PhyloDB and MMETSP databases associated with
EUKulele (commit# fb8726a; available at https://qgithub.com/AlexanderLabWHOI/EUKulele).
Consensus taxonomy per contig was then used for downstream analyses including association
with ARGs.

We further identified BGCs within the MAGs using antiSMASH (ANTlbiotics & Secondary
Metabolite Analysis SHell) [459] and annotated these using deepBGC [460]. To link BGCs and
ARGs, we linked the resistance genes to their associated assembled contigs, followed by
identifying the corresponding bins (MAGs) to which said contigs belonged.

6.2.4 Data analysis

The relative abundance of the ORFs was calculated based on the RNum_ Gi method described
by Hu et al. [233]. Figures for the study including visualizations derived from the taxonomic and
functional analyses were created using version 3.6 of the R statistical software package [289]
and using the tidyverse package [461]. Alluvial plots were generated using the ggalluvial
package [462] while heatmaps were generated using the ComplexHeatmap package [463]

developed for R.

6.3 Results

6.3.1 Antimicrobial resistance in a pristine environment

We characterized the resistomes of GFS epilithic biofilms and assessed the distribution of AMR

in twenty-one epilithic biofilm samples, across 8 individual glaciers originating from the
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Southern Alps in New-Zealand (SA1, SA2, SA3 and SA4) and the Caucasus in Russia (CU1,
CU2, CU3, CU4). In total, we identified a high number (n=1840) of ARGs within 29 categories
of AMR, with similar AMR profiles observed across all GFSs (Figure 6.1, Appendix B.5:
Supplementary figure 6.1), except for SA2 and SA3 where the differences were driven by
elevated fluoroquinolone, glycopeptide and phenicol resistance, respectively. It is to be noted
that while ARGs refer to the genes encoding specific resistance, AMR categories derived from
metagenomic data in this context, typically reflect the functional potential associated with
respect to the resistance encoded. Of the identified AMR categories, beta-lactam and multidrug
resistance (i.e. resistance conferring protection against multiple antibiotic classes), followed by
aminoglycoside resistance, were found to be highly abundant in all samples. We subsequently
analyzed the diversity of ARGs within the various resistance categories and found beta-lactam
resistance to represent the largest resistance category, contributing 930 unique ARGs to the
resistome. This was followed by multidrug (179 ARGs) and aminoglycoside (176 ARGs)
resistance (Supp. Table 2). In contrast, some resistance categories such as polymyxin and
pleuromutilin resistance were only detected at very low levels within the epilithic biofilm
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Figure 6.1: Epilithic biofilms in GFSs harbors a diverse resistome. Relative abundance of 29 AMR
categories within 21 epilithic biofilms collected from four New Zealand Southern Alps (SA) and four
Russian Caucasus (CU) GFSs.
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We further investigated the contribution of microbial populations to the resistome and found
contributions from both prokaryotes and eukaryotes (Figure 6.2a). Prokaryotes within this
study refer to bacteria alone, since archaea encoded for an infinitesimal number of ARGs
(<0.000001% RNum_Gl; Methods), and therefore were excluded from further analyses. Among
the eukaryotes, the phylum Ochrophyta (algae) was the dominant contributor and encoded
most of the AMR categories (Figure 6.2b, Appendix B.5: Supplementary figure 6.2a). In
bacteria, AMR was more evenly distributed with most of the phyla encoding ARGs across all
categories (Figure 6.2b). However, members of the Alphaproteobacteria, Betaproteobacteria,
and the Bacteroidetes/Chlorobi group encoded the highest overall ARG abundance (Figure
6.2b, Appendix B.5: Supplementary figure 6.2b). Additionally, AMR categories such as
aminoglycoside, beta-lactam, glycopeptide and rifamycin resistance (among others) were
widely distributed in both bacteria as well as among the eukaryotes. On the other hand,
categories such as aminocoumarin, bacitracin, and diaminopyrimidine resistance were found
to be primarily encoded by bacteria.
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Figure 6. 2: Taxonomic affiliation of AMR in GFSs epilithic biofilms. a. Bar plots depicting the relative
abundance of bacteria and eukaryotes encoding ARGs. b. Phylum-level representation of the AMR
abundances across bacteria and eukaryotes. Size of the closed circle indicated the normalized relative
abundance (Rnum_Gi; see Methods), whereby the color represents individual phyla.
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6.3.2 Antibiotic biosynthesis pathways and biosynthetic gene clusters

As described above, beta-lactam, multidrug and aminoglycoside resistance were the most
abundant resistance categories within GFS epilithic biofilms. This was not surprising as beta-
lactams and aminoglycosides are natural and prevalent compounds [464,465]. Furthermore,
multidrug resistance is typically conferred via efflux machineries which were also common in
the GFS epilithic biofilms. These typically serve dual purposes in particular for protein export
within most bacteria [466]. Based on these results, it is therefore highly likely that pristine
environments such as GFSs potentially reflect the spectrum of natural antibiotics and their
resistance mechanisms, reinforcing their capacity to serve as natural baselines for assessing

enrichments and spread of AMR.

To further understand if these encoded resistance genes reflected natural antibiotic pressure,
we investigated pathways associated with antibiotic biosynthesis using the KEGG database
[214]. In total, we identified seven different pathways corresponding to the biosynthesis of
macrolides (MLS), ansamycins, glycopeptides (vancomycin), beta-lactams (monobactam,
penicillin and cephalosporin), aminoglycosides (streptomycin), and tetracyclines, which were
present in various abundances in all samples (Appendix B.5: Supplementary figure 6.3a).
Importantly, the identified antibiotic synthesis genes thereby corresponded to the resistance
categories identified within the epilithic biofilms. Interestingly, in most of the GFSs, antibiotic
biosynthesis was primarily encoded by bacteria spanning multiple phyla (Appendix B.5:
Supplementary figure 6.3b-c). Exceptions to these were GL11 and GL15 in which
biosynthesis pathways were equally distributed among eukaryotes, specifically Ochrophyta, in

addition to bacteria.

To further validate our observations, we assessed the abundance of BGCs, which are known
to encode genes for secondary metabolite synthesis, including antibiotics. We found six
different structural classes of BGCs by annotating 537 medium-to-high quality (>50%
completion and <10% contamination) bacterial and 30 eukaryotic MAGs using antiSmash [459]
and DeepBGC [460]. Using this ensemble approach, we identified one or more BGCs in most
bacterial (n=490, ~91% of all bacterial MAGs) and eukaryotic (n=28) MAGs. Of these BGCs,
those annotated with an antibacterial function were dominant across the microbial populations,
represented here by the MAGs, and were found across all phyla (Figure 6.3a). Overall, a wider
variety of BGCs associated with cytotoxic activity, inhibitory, and antifungal mechanisms were

also identified in bacteria. Eukaryotes, on the other hand, encoded a high prevalence of
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antibacterial BGCs (~93% of all eukaryotic MAGs) (Figure 6.3a). We further annotated those
BGCs identified as antibacterial to determine their subtypes and found that most of them were
‘unknown’ (Figure 6.3b). However, other identified subtypes include ribosomally synthesized
and post-translationally modified peptides (RiPPs) such as bacteriocins, along with NRPs, PKs,

and terpenes.
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Figure 6.3: Biosynthetic gene clusters indicate the resistome potential. a. Heatmap depicting the
overall abundance of BGCs identified across bacterial and eukaryotic MAGs. The respective phyla are
listed on the left while the colored legend represents the taxonomic order. b. In-depth characterization
of the “antibacterial’ BGCs found within all phyla and orders across medium-to-high quality MAGs.

According to the resistance hypothesis [63], within or close to, each BGC there is at least one
gene conferring resistance to its encoded secondary metabolite. To test this, we assessed
whether the MAGs encoding a BGC also encoded corresponding ARGs. In line with this
hypothesis, we identified BGCs and their respective resistance genes in close proximity to each
other through their localization on the same contig. Consequently, we identified various BGCs
encoded together with ARGs in both the bacterial and eukaryotic MAGs. For example, we found
that an antibacterial BGC was encoded by Flavobacterium spp. on the same contig as both
MLS (macrolides, lincosamides and streptogramin) and beta-lactam resistance genes (Figure

6.4). Incidentally, we also found that a candidate phyla radiation (CPR) bacterium (Aalborg-
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AAW-1; phylum Patescibacteria) also encoded both antibacterial BGC and MLS resistance on

the same contig.
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Figure 6.4: Association of BGCs with AMR. Alluvial plots depicting the taxa where both BGCs and
AMR were found adjacently on the same contig. Colors indicate genera associated with the MAGs.

6.4 Discussion

Microbial reservoirs in pristine environments, with little to no impact from anthropogenic
selection pressures, provide the opportunity to investigate the natural propensity and linked
evolutionary origins of AMR. Here, by leveraging high-resolution metagenomics on twenty-one

epilithic biofilms, we assessed the resistomes of eight individual GFS epilithic biofilms.

To date, while many studies have looked for novel antibiotics and resistance genes in pristine
environments such as the deep sea [467] or the polar regions [146], few have explored the full
diversity of antibiotic resistance in such environments [468,469]. Van Goethem et al. [470]
identified 117 naturally occurring ARGs associated with multidrug, aminoglycoside and beta-
lactam resistance in pristine Antarctic soils. Similarly, D’Costa et al. [1] identified a collection of
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ARGs encoding resistance to beta-lactams as well as tetracyclines and glycopeptides in
30,000-year-old Beringian permafrost sediments. In agreement with these previous studies, we
identified 29 AMR categories, including the previously mentioned resistance categories, in the
studied biofilm communities. Among these, the highest ARG abundance was associated with
aminoglycoside and beta-lactam resistance. Our study further suggests that although the
overall abundance differs, the epilithic resistome was highly similar in all GFSs, independent of
origin (i.e. New Zealand or Russia). Furthermore, our results agree with the results obtained in
other resistomes identified in pristine environments such as Antarctic soils and permafrost in
terms of the identified ARGs. Unlike previous studies, where ARGs were primarily associated
with bacteria, we report for the first time that AMR was associated with both bacteria and
eukaryotes in various abundances in environmental samples including GFSs. A previous study
by Brown et al. [471] reported that the IRS-HR (isoleucyl-tRNA synthetase - high resistance)
type gene conferring resistance against mupirocin was identified in Staphylococcus aureus.
More importantly, they suggested that horizontal gene transfer led to the acquisition of IRS-HR
genes by bacteria from eukaryotes [471]. Despite these early reports, the contribution of
eukaryotes to most resistomes, including from pristine environments, has largely been
unexplored thus far. An exception to this was the report by Fairlamb et al. [472] who identified
eukaryotic drug resistance, especially encoded by fungi (Candida and Aspergillus) and
parasites (Plasmodium and Trypanosoma). However, most of these modes of resistance were
highly specific towards particular drug treatments [472]. Our results specifically revealed that
taxa from the phylum Ochrophyta encoded resistance to 28 AMR categories and this was also

reflected in other (micro-)eukaryotes.

Apart from encoded resistance mechanisms, microalgae such as Ochrophyta have been of
interest as a source of (new) antimicrobial compounds [473,474]. In line with this, Martins ef al.
suggested that extracts from different microalgae may potentially serve not only as
antimicrobial agents, but also as anti-cancer therapeutics. However, our present results
suggest that these taxa may also serve as environmental reservoirs for AMR itself. It is however
presently unclear whether this phenomenon confers advantages with respect to niche
occupation and protection against bacterial infection as well as whether the eukaryotes are

sensitive to the antibiotics produced by them.

Studies delving into the origins of AMR have reported that fecal pollution may explain ARG
abundances in anthropogenically impacted environments [475]. This phenomenon was also
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observed by Antelo et al. [476] and others [477] who detected ARGs in soils in Antarctica,
especially in proximity to scientific bases. Although it is plausible that some of the GFSs
sampled in our study may indeed be under anthropogenic influence, in pristine environments,
AMR is most likely derived from natural antibiotics produced by microorganisms as a
competitive advantage. Microorganisms acquire resistance either as a protective measure
against other microorganisms [7,61] or as a self-defense mechanism to prevent inadvertent
suicide by damaging metabolites [63]. Accordingly, we found both antibiotic biosynthesis
pathways and BGCs within the epilithic resistomes. We identified pathways for the biosynthesis
of glycopeptides, beta-lactams, and aminoglycosides, among others, concurrent with the high
abundance of ARGs against said antibiotics. Additionally, we identified BGCs with a predicted
antibacterial function in both eukaryotes and bacteria. While a limited number of studies such
as Waschulin et al. [478] and Liao et al. [479], have shown BGCs in pristine environments,
none of these studies have contextualized the co-occurrence of BGCs with AMR. Hence, we
not only found that most of our MAGs contain BGCs, of which many have an antibacterial
function, but also found all MAGs to encode multiple resistance genes. Additionally, we found
several BGCs closely localized to ARGs on the same contig, thereby indicating an immediate
self-defense mechanism against the encoded secondary metabolites. This agrees with the
resistance hypothesis highlighted by Tran et al. stating that a gene conferring resistance to
potentially harmful metabolites produced by the organism are to be found within the BGC-
encoding operons [63]. We also observed that the recently identified CPR bacteria [480] (in our
case, phylum Patescibacteria) not only encoded for AMR but also harbored genes associated
with the production of molecules with antibacterial effects. Although Patescibacteria have been
identified in oligotrophic environments [481,482] with carbon and/or nutrient limitations similar
to those observed for GFSs, it is plausible that their ability to survive with minimal biosynthetic
and metabolic pathways may indeed depend on the expression of BGCs and AMR. At the time
of writing, a preprint by Maatouk et al. [483], described the presence of ARGs across publicly
available CPR bacterial genomes. In addition, we report the identification of AMR within GFS-
derived CPR genomes, likely as a means of competitive inhibition against other taxa.
Alternatively, biofilms may also allow for collective resistance, tolerance, and exposure
protection to antibacterial compounds [484]. The AMR and BGCs encoded by most phyla may
therefore affect cooperation and/or interactions associated with nutrient exchange, leading to
the privatization of public goods [484]. Such a phenomenon may be achieved due to the
competition within taxa, both at the intra- and inter-species levels, via secretion of toxins [61]

and occupying spatial niches [485,486] thereafter. Furthermore, Stubbendieck and Straight
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previously highlighted the multifaceted effects of bacterial competition which include the
potential taxation and subsequent increase in bacterial fithess [487]. Thus, the in-situ
competition within multi-species biofilms may allow for cross-phyla and cross-domain
interactions whilst simultaneously increasing the overall fithess of the endogenous epilithic
microbial community. Alternatively, these interactions or lack thereof may shape the overall
community including spatial organization [488], especially in energy limited systems such as
the GFSs.

6.5 Conclusions

Epilithic biofilms are an integral and key mode of survival in extreme environments such as
glacier-fed stream ecosystems. Herein, we report that these biofilms provide critical insights
into the naturally occurring resistome. Our findings demonstrate that intra- and inter-domain
competition and survival mechanisms shed light on the ecological dimension of microbial
communities. Furthermore, we reveal the congruence of genes encoding for both BGCs and
AMR, in both bacteria and eukaryotes. More importantly, we highlight for the first time the
comprehensive AMR profile of CPR bacteria and of (micro-)eukaryotes. Collectively, our results
highlight underlying resistance mechanisms, including BGCs, employed in ‘biological warfare’

in oligotrophic and challenging glacier-fed stream ecosystems.
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Chapter 7. General conclusion and future
perspectives

Parts of this chapter are based on the following publications submitted for peer-review:

Laura de Nies, Susheel Bhanu Busi, Paul Wilmes (2021). Reservoirs of antimicrobial
resistance in the context of One Health
Current Microbiology in review [Appendix A.1]

Valentina Galata, Susheel Bhanu Busi, Benoit Josef Kunath, Laura de Nies, Magdalena
Calusinska, Rashi Halder, Patrick May, Paul Wilmes, Cedric Christian Laczny (2021).
Functional meta-omics provide critical insights into long- and short-read assemblies
Briefings in Bioinformatics [Appendix A.7]
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7.1 General overview

Antimicrobial resistance is an ever-present challenge, not necessarily due to the use of
antibiotics alone, but also due to the role of mobile genetic elements. It is therefore necessary
to understand the dissemination of antibiotic resistance by characterizing the resistome within
various environments and to unravel how they act as a reservoir for bacterial pathogens. A One
Health perspective integrating research on AMR as well as resistant microbes, circulating in
humans, animals and the environment is therefore crucial to enhance our understanding of the
complex epidemiology of AMR. In recent years, many studies have used different techniques
to sample the resistomes of soils, wastewater, as well as human and animal microbiota. While
many of these studies are focused on specific pathogens or resistance categories, research
utilizing sequence-based metagenomics provides a comprehensive perspective on all ARGs
within different microbial reservoirs (section 1.5). Currently, various tools exist for the
prediction of ARGs in metagenomes, with other tools focusing on the independent prediction
of MGEs. Consequently, we developed PathoFact, a pipeline for the prediction of antimicrobial
resistance and virulence factors and their subsequent contextualization to MGEs (Chapter 2).
However, few metagenomic studies are focused on multiple microbial reservoirs or target only
one side of the One Health triad. This work presents extensive metagenomic analyses on

different microbial reservoirs of antimicrobial resistance.

In Chapter 3 we investigated the infant gut resistome and found that the abundance of ARGs
against (semi-)synthetic agents were increased in infants born via cesarean section compared
to those born via vaginal delivery at five days after birth. Additionally, we identified horizontal
gene transfer events, mediated through phage and plasmid, of antimicrobial resistance at an
early age. In Chapter 4 we further assessed the evolution and consecutive dissemination of
AMR within the commensal gut microbiome, utilizing a mouse model and a single course
treatment with an antibiotic cocktail. While plasmids and phages were found to contribute to
the spread of AMR, we found that integrons represented the primary factors mediating AMR in
the antibiotic-treated mice. Concurrently, we observed an increase of multidrug resistant
Akkermansia muciniphila and members of the Lachnospiraceae family. Finally, in Chapters 5
and 6, to complete the One Health triad, we investigated the environmental resistome,
comprising both the urban environments, i.e., the WWTP, and a natural environment, i.e. GFS
biofilms. Utilizing a multi-omics approach, we investigated the WWTP resistome over a 1.5
years’ time series and found that a core group of fifteen AMR categories were always present.

Additionally, we found a significant difference in AMR categories encoded on phages versus
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plasmids indicating that the MGEs contributed differentially to the dissemination of AMR. On
the other hand, the GFS biofilms represent pristine environments with limited anthropogenic
influences. Therein, we found that eukaryotes, as well as prokaryotes, may serve as AMR
reservoirs owing to their potential for encoding ARGs. In addition to our identification of
biosynthetic gene clusters encoding antibacterial secondary metabolites, our findings highlight
the constant intra- and inter-domain competition and the underlying mechanisms influencing

microbial survival in GFS epilithic biofilms.

7.2 AMR within and across biomes

Humans, animals, sewage and sludge are considered important reservoirs for ARGs because
abundant ARGs have been frequently detected in these environments. Over the last decades,
antibiotic usage, in particular, has increased the prevalence of ARGs in the human and animal
microbiome. In the natural environment across the globe, resistance is ancient with several
ARGs found in pristine environments with minimal anthropogenic impact. Consequently, the in-
depth investigation of the diversity and abundances of ARGs in various environments is central
to establishing the overall picture that is essential for management decision frameworks for
controlling antibiotic resistance. To enhance our understanding of the evolution and
dissemination of AMR we systematically resolved different reservoirs of antimicrobial

resistance as described in the below mentioned chapters.

In the previous chapters we have described the resistome of the infant gut (chapter 3), the
WWTP (chapter 5), and GFS biofilms (chapter 6). By identifying the resistome within individual
biomes, we are able to subsequently compare their identity and prevalence against each other.
This can be further supplemented with publicly available datasets of the adult microbiome and
livestock (i.e. cow, pig and chicken). Overall human and livestock resistomes demonstrated a
higher abundance of ARGs compared to environmental samples (Figure 7.1a). Interestingly,
the infant resistome at 1 year of age demonstrated comparable AMR abundances to the adult
resistome. Additionally, together with the GFS biofilms, the urban WWTP demonstrated the
lowest abundance of AMR. WWTPs have long been known as hotspots of AMR encoding a
wide variety of AMR categories (section 5.3.1). However, few studies to date have investigated
the overall AMR abundances between WWTPs and human microbiomes. Nonetheless,
concordant with our findings both Li et al. [181] and Zhou et al. [489] identified a higher absolute
abundance of ARGs in human samples compared to WWTP samples. In addition to the overall

AMR abundances, the similarity of ARG compositions in the different samples, evaluated using
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non-metric multidimensional scaling (NMDS), revealed that the grouping pattern was primarily
influenced by the types of environments, with samples of the same environment grouping
together (Figure 7.1b). Human and environmental samples demonstrated the greatest

distance, while livestock patterns were closer to human samples.
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Figure 7.1: Comparison of the human, animal, and environmental resistome. a. Bar plot depicting
the relative abundance of AMR in human, animal, and environmental reservoirs. b. Evaluation of the
ARG composition of the human, animal, and environmental resistome using non-metric multidimensional
scaling (NMDS). ¢. Heatmap comparing the abundance of various AMR categories between different
microbial reservoirs.
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Within each microbial reservoir we identified multiple AMR categories and identified which
resistance categories dominated each respective resistome. Aminoglycoside and beta-lactam
resistance were found to be prevalent both in the GFS biofilms (section 6.3.1) and WWTP
(section 5.3.1), while diaminopyrimidine and glycopeptide resistance, among others, was
found to be abundant in the infant microbiome at 1 year of age (section 3.3.4). Additionally, in
all reservoirs, multidrug resistance mechanisms were found to be highly abundant. Yet,
although less prevalent, less abundant resistance categories should not be disregarded. When
comparing the various resistance categories within different resistomes we observe that
aminocoumarin and fluoroquinolone resistance are more prevalent in GFS biofilms compared
to any other microbial reservoir. The same can be observed for sulfonamide and rifamycin
resistance in the WWTP, while multidrug and mupirocin are especially abundant within the
infant gut microbiome (Figure 7.1c). Interestingly, Livestock resistomes show similarities with

both the human and environmental resistomes.

To further compare the similarity of ARGs composition on all three sides of the One Health
triad, we determine the shared ARGs between all microbial reservoirs. In total 187 ARGs were
found in every single microbial reservoir. Interestingly, a total of 400 ARGs were identified to
be unique to the environmental resistome, with 181 unique to GFS biofilms and 89 unique to
the WWTP (Figure 7.2). Of these resistance categories the majority corresponds to resistance
against beta-lactams.
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Figure 7.2: ARG diversity in different microbial reservoirs. Upset plot depicting the unique number
of antimicrobial resistance genes (ARGs) in different microbial reservoirs. Blue bars representing ARGs
unique to environmental reservoirs.

Environmental microbial communities tend to be more complex compared to human and animal
microbiomes. Additionally, as described in section 6.1 microorganisms, especially within
complex communities, naturally produce and use antibiotics as competitive mechanisms
against other microbes competing for the same environment and/or resources. Beta-lactams
in specific are a large group of natural antibiotics which readily can be found in many
environments. Allen et al. [490], Fonseca et al. [491] and Goethem et al. [470] all reported an
abundance of known beta-lactam resistance genes and unique homologs in pristine
environments. Meanwhile, Piotrowska et al. [492], identified a wide diversity, including new
variants, of beta-lactam resistance genes in WWTPs. Simultaneously, in line with our findings
in section 5.3.1-5 Majeed et al. [493] reported that a majority of the ARGs conferred beta-
lactam resistance. Our observations suggest that the human and livestock microbiomes have
the highest absolute abundance of AMR, while the environmental reservoirs have the highest
diversity of ARGs. Consequently, both the abundance and diversity of resistance genes need

to be considered when addressing AMR in a One Health context.
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7.3 Dissemination of MGE-derived AMR

The development of AMR and the subsequent spread of ARGs within microbial populations
has to a large extent been enabled by the recruitment of ARG via MGEs. For instance, multiple
studies such as Botts et al. [494], Wang et al. [495] and Mathers et al. [496] have reported
multiple transmissible multi-drug plasmids, while Vintov et al. [497] and Gomez-Gomes et al.
[317] describe phage-mediated AMR transmission. Therefore, it is crucial to identify the
relationship between ARGs and MGEs. Consequently, in chapter 2 we developed the
PathoFact pipeline which allows us to contextualize the identified ARGs to their localization on
phages and plasmids in metagenomic datasets. In chapter 3 we found that both phage- and
plasmid- encoded ARG were dominant in the infant microbiome during the first year of life,
independent of birth mode. Additionally, in chapter 5 we found a significant difference between
plasmid- and phage- derived ARGs within the WWTP.

Anthropogenic factors are important contributors to AMR, as described by Perry and Wright
[498], who posited the role of the former in the mobilization and dissemination of ARGs.
Comparing the diverse resistomes, we find that plasmid-encoded ARG is less abundant in GFS
biofilms compared to either the WWTP or the infant microbiome, or the public datasets of the
adult and livestock microbiome (Figure 7.3). This finding is in line with the study by Hughes
and Datta [499] who concluded that plasmids isolated from pathogenic bacteria predating the
antibiotic era only rarely encode any ARGs. As GFS biofilms are environments with limited
anthropogenic contamination it is expected to find a lower abundance of plasmid-encoded

ARGs compared to anthropogenic environments, i.e. humans and livestock.

In chapter 4 we further assessed the consecutive dissemination of AMR within the commensal
gut microbiome after a single course antibiotic treatment. Similar to chapters 3 and 5 we
identified both phage- as well as plasmid- encoded ARGs. However, no significant difference
was observed in the general abundance of either phage- or plasmid- derived AMR between the
pre- and post-treatment groups. On the other hand, we found that ARGs that were abundant in
antibiotic-treated mice were transferred via integrons, of which some were indeed encoded on
plasmids. Therefore, it can be concluded that integrons, in addition to phages and plasmids,
are important in understanding dissemination mechanisms of AMR. Supporting this hypothesis,
Rao et al. [500] reported a significant association between the class 1 integron and specific
multidrug resistance patterns among Salmonella isolates from human, bovine and swine. While

Amos et al. [501] found that class 1 integrons conferring resistance were distributed across a
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diverse range of bacteria. In this regard, though studies have started to characterize AMR

encoded on integrons, efforts have mainly been limited to amplicons generated by PCR.
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Figure 7.3: Association of MGEs with AMR in different microbial reservoirs. Box plot depicting the
relative abundance of ARGs derived from MGEs, i.e., phages and plasmids.

7.4 The risk of antimicrobial resistance

Understanding the environment as a source and dissemination route for ARGs is fundamental
to identifying risk scenarios for human health. Environments with a large diversity of resistance
genes not generally present in the human microbiome are potential sources for recruitment of
ARGs to pathogens. Additionally, other factors, such as gene mobility and host pathogenicity,
are important to consider when evaluating the risk to human health. For instance, intrinsic
resistance to the important last-resort antibiotic colistin has long been identified, yet low mobility
via HGT has limited the clinical impact. On the other hand, the mobilized colistin resistance
gene, mcr-1, driven by plasmid-mediated HGT has rapidly spread to various pathogenic
species prevalent in both human and livestock samples [502,503]. As such, based on the
framework proposed by Zhang et al. [502] to assess the risk of individual ARGs to human health
one should consider the following criteria: enrichment in human-associated environments, gene

mobility, and host pathogenicity (Figure 7.4a).
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Therefore, to assess the risk of AMR in a One Health perspective, we need to compare ARGs
for those present within human microbial reservoirs, human-associated ARGs, with those
present only in the environment or in livestock. Moreover, we need to identify which ARGs are
encoded on MGEs (rank Il), and subsequently which MGE-derived ARGs are hosted by
pathogenic bacteria such as the ESKAPEE pathogens (rank |). When we apply this to the
microbial reservoirs described within this work, along with publicly available metagenomic
datasets of livestock and human microbiome, the majority of the resistance genes identified
are found to be human-associated (Figure 7.4b). Interestingly, a small number of ARGs were
identified in rank | that were not found to be associated with the human microbiome. However,
their association to both pathogens and MGEs makes them targets of interest for further study
as they may easily become a risk to human health. Additionally, a number of ARGs were
identified that could not be linked to MGEs in any of the microbial reservoirs (rank Ill). These
immobile ARGs were found to be mainly environmentally-associated and rarely identified in the
human microbiome.
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Figure 7.4: Risk of AMR. a. Decision tree for ranking the risk of AMR, with Rank Il corresponding to
the lowest risk and Rank | to the highest. Risk is determined by considering the localization of an ARG
with MGEs and association with pathogens. b. Bar plot depicting the number of ARGs in each risk
category in addition to association of said ARGs with the human microbiome.
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Furthermore, in addition to the above described ESKAPEE pathogens, we should consider
other known pathogens representing a risk to human health. For example, the WHO provides
an extended list of pathogens from medium to critical priority for research and development of
new antibiotics. In addition to the ESKAPEE pathogens these include Mycobacterium
tuberculosis, Helicobacter pylori, Campylobacter species, Salmonella species, Neisseria
gonorrhoeae, Streptococcus pneumonia, Haemophilus influenzae and Shigella species.
Interestingly, many of these pathogens have been found to encode resistance genes within our
microbial reservoirs. For instance, beta-lactam (e.g. carbapenem and cephalosporin) and
aminoglycoside resistant Pseudomonas aeruginosa was observed within the WWTP, while
multidrug resistant Enterobacteriaceae genera were identified in the human microbiome,
including the infant microbiome. Interestingly, vancomycin resistant Enterococcus faecium was
found within the GFS biofilms, consequently revealing the presence of a through WHO

classified high priority resistance pathogen within a pristine environment.

In conclusion, as we move into an era of extensive molecular surveillance of antimicrobial
resistance, with an increase in metagenomic datasets regarding a variety of microbial
reservoirs, it is important to interpret the risks of ARGs rather than simply document their
presence and concentration. As such, by expanding on metagenomic studies, each further
study can provide valuable applications by quantifying the risk of ARGs to effectively prevent
the emergence and the transmission of ARGs into human pathogens.

7.5 Further perspectives on understanding One Health reservoirs

Sequence-based metagenomics provides a comprehensive perspective on all ARGs within
different microbial reservoirs. However, for a comprehensive One Health perspective it is of
importance to not only identify ARGs within individual biomes but to also compare the
resistomes of different microbial reservoirs. Within this work we have investigated the resistome
of various microbial reservoirs spanning the One Health triad and have made further inroads

to compare the identity and prevalence of ARGs both within and across biomes.

Nonetheless, one major challenge still faced by all One Health studies is attributing the
directionality of ARGs between various metagenomes. With rare exceptions it is impossible to
accurately attribute directionality of transmission due to limitations of the existing methods.

Studies have based evidence on similarity of bacterial and/or plasmid sequences and their
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ARGs, on the co-occurrence. However, these overlapping patterns do not consider co-

colonization from a shared source, nor allow for interpretation of directionality

As an exception, Mather et al. [504] quantified the relative contributions of animal- and human-
derived multidrug resistant Salmonella isolates using the phylogenetic association of the
bacterium and its antimicrobial resistance through the course of an epidemic. Consequently,
they determined that there was only a limited transmission in either direction, while the
bacterium and its resistance genes were largely maintained separately within animal and
human populations [504]. Collectively, to accurately reconstruct patterns of transmission,
especially the directionality of said transmission, one needs to further combine both
(meta)genomic data analysis, including phylogenetic analysis, with epidemiological
approaches [505]. What appears evident is that each AMR reservoir may affect another. This
is further compounded by the recent discovery of giant extrachromosomal elements such as
“borgs” in Methanoperedens archaea, which may be capable of augmenting microbial activity
by encoding putative resistance genes and also via HGT [506]. Thereby, understanding the
interactions/mechanisms and role of each component contributing to the spread of AMR is a
critical step in monitoring this ultimate challenge to human health and wellbeing. Therefore,
recognizing the One Health reservoirs of antimicrobial resistance is an important first-step
towards this goal. Several methods exist both in vitro and in silico to identify the potential
resistance genes and categories found in commensal microorganisms alongside well-
characterized pathogens. However, future endeavors including molecular validation of
identified AMR with the help of meta-omics will be required. Furthermore, combined methods
incorporating the identity of ARGs, modes of transmission and integration into the individual
reservoirs, alongside crossover mechanisms may be needed for comprehensive

characterization of AMR dissemination mechanisms.

Finally, Given the possibility of interactions between humans, livestock, animals, and the
environment, future studies on human health and disease will benefit from the consequential
incorporation of One Health reservoirs into all aspects of studies regarding antimicrobial

resistance.
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Abstract

The emergence and spread of antimicrobial resistance (AMR), as well as resistant bacteria, is a global threat to public
health due to the inability to comprehensively treat bacterial infections. Through horizontal gene transfer, bacteria can
acquire antimicrobial resistance genes (ARGs) via conjugation using plasmids or through transduction employing phages.
Furthermore, although AMR primarily derives from the use and misuse of antibiotics in humans and animals, the
environment also acts as an important conduit for the emergence and spread of AMR. Thereby, AMR has the potential to
rapidly become a pandemic whereby it is no longer constrained by geographical or human-animal borders. In order to
understand the dissemination of antibiotic resistance, it is therefore necessary to map the resistome (the collection of
ARGs in a given environment or organism) within different microbial reservoirs, and to unravel the extent by which the
transfer of genes to and from de facto and putative human pathogens occurs. The ability to sequence DNA indiscriminately
from environmental, animal and clinical samples represents a paradigm shift in our ability to investigate, identify and
monitor AMR. More specifically, metagenomics allows the investigation of AMR, including the prevalence and spread
of ARGs, within distinct microbial populations without the need to isolate and grow the concerned microorganisms in
pure culture. In general terms, there exists an urgent need to understand the exchange of ARGs within and between biomes

in the context of microbiome-borne pathogenic potential as it relates to human infectious and chronic diseases.

Keywords: Antimicrobial resistance, Mobile Genetic Elements, One Health, Microbial Reservoirs, Metagenomics
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Introduction

Throughout history, bacterial infections have been a major cause of human disease and mortality. The discovery,
subsequent development, and medical use of antibiotics brought an end to this pre-antibiotic era by providing effective
treatment against bacterial infections. However, the use of antibiotics has gone hand-in-hand with the emergence and
spread of antimicrobial resistance (AMR). Although antibiotic resistance in itself is a prehistoric phenomenon [1], the
over- and mis-use of antibiotics has led to a global and immense increase in AMR over the past decades. As a result, many
bacteria have now acquired resistance against multiple antibiotics which has led to the emergence of multi-resistant
microorganisms, i.e. “superbugs” [2]. This phenomenon, for instance, has led to an overgrowth of pathobionts, encoding
antimicrobial resistance genes (ARGs), causing alterations to the microbiome both in chronic diseases as well as in
infections [3, 4]. Consequently, this threatens human health through the spread of multidrug-resistant bacteria with an

estimated number of deaths, although challenged by some, which may exceed ten million annually by 2050 [5, 6].

Mechanisms of antimicrobial resistance

On the one hand, antimicrobial agents for fighting bacterial infections can be characterized depending on the mechanisms
of their activity, i.e. agents that i) inhibit cell wall synthesis, ii) depolarize the cell membrane, iii) inhibit protein synthesis,
iv) inhibit nucleic acid synthesis, or v) inhibit metabolic pathways [7]. On the other hand, various counteractive
mechanisms have evolved to confer resistance. These can be characterized into categories such as those I) limiting the
uptake of and exposure to antibiotics, II) modifying antibiotic targets through for example mutations, III) directly
inactivating antibiotic molecules, or IV) ensuring their immediate export through active efflux pumps [7]. In this context,
limitations to the uptake of antibiotics are mostly classified as intrinsic resistance. Acquired resistance in turn mostly
utilizes the modification of antibiotic targets, while the inactivation or efflux of antibiotics are both intrinsic and acquired

resistance mechanisms [7].

Bacteria have a natural ability which limits the uptake of antimicrobial agents. Specifically, in Gram negative bacteria the
structure and functions of the LPS provide an immediate barrier to antibiotics, thereby conferring an innate resistance [8].
Gram positive bacteria, on the other hand, lack LPS and resort to mechanisms such as enzymatic degradation of antibiotics
or reducing the affinity and susceptibility of antibiotic target sites [9]. Additionally, other mechanisms to limit uptake of
antibiotics may involve a decrease in the number of porin channels or mutations in the corresponding genes as well as the

formation of protective biofilms [10, 11].
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Specific examples of antimicrobial target modifications include alterations in the structure of antibiotic binding proteins
or mutations therein to prevent antibiotics from binding to those proteins[10, 11]. Additionally, modifications of DNA
gyrase and topoisomerase [V interfere with the antibiotics targeting the nucleic acid synthesis machinery [12], while
further mutations in enzymes generate resistance to antibiotics inhibiting metabolic pathways. Alternatively, upregulation
in the expression of these enzymes confers resistance through competitive inhibition [13]. Besides these mechanisms,
inactivation of the antimicrobial drugs itself can occur, conferring resistance either through actual degradation or through
the transfer of a chemical group to the drug. Lastly, bacteria possess various types of efflux pumps, such as the ABC,

MATE, SMR, MFS and RND transporter families, which enable resistance via efflux of antimicrobial drugs [8].

With respect to these mechanisms, bacterial resistance can be classified as either natural or acquired resistance [14].
Natural resistance can be further subdivided into either ‘intrinsic’, which is constantly expressed in a bacterial species, or
‘induced’, in which resistance genes are only expressed upon exposure to antibiotics [12]. Acquired resistance can be
defined as the acquisition of resistance-conferring genetic material through horizontal gene transfer (HGT), e.g.
conjugation or transduction and alternatively via mutations in the chromosomal DNA after antibiotic exposure [15]. In
most cases, ARGs are associated with conjugation events which are the most likely mechanisms for the dissemination of
AMR compared to transduction [16]. Interestingly, the rate of transfer of ARGs via the individual mechanisms is a
complex process involving several factors, not limited to the mode, species of interest, bacterial environment (in vitro or
in vivo), and also the antibiotics [17]. Despite previous reports suggesting low rates of ARG transfer via conjugation [18],
Leclerc et al. [17] reported that an estimated gene transfer rate cannot be generalized across all species and antibiotics

due to the multitude of factors highlighted above.

Dissemination of antimicrobial resistance through horizontal gene transfer

Horizontal gene transfer (HGT) is key to the evolution and adaptation of bacteria, allowing for the rapid gain of beneficial
traits including ARGs. [19]. Employing HGT, bacteria can acquire ARGs through either conjugation or transduction via
mobile genetic elements (MGEs). In conjugation, plasmids carrying one or more resistance genes are transferred between
microorganisms, while in transduction, bacteriophages encoding ARGs infect bacteria thereby transferring resistance [20].

The collective MGEs within a given microbiome in this context are defined as the ‘mobilome’.
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With respect to HGT or ARGs, plasmids represent an optimal vehicle. Plasmids are composed of either circular or linear
DNA distinct from bacterial chromosomal DNA, capable of autonomous replication [21]. Besides encoding for resistance
to most, if not all, major classes of antibiotics, multiple genes conferring resistance to different antibiotic categories can
be found on the same plasmid. This is especially evident in the case of multidrug-resistant Klebsiella pneumoniae, against
which antibiotic combination therapies are ineffective [22][23]. Furthermore, plasmids encoding ARGs are not only found
within pathogenic bacteria but can also be detected in commensals [24]. Generally speaking, the predisposition of a HGT
event has been deduced to depend on ecological and phylogenetic factors [25]. However, as described by Porse et al. [25]
and others [26], in addition to the phylogenetic relatedness of the donor and recipient species, the AMR mechanisms
themselves also act as crucial determinants of gene functionality and fitness cost. The functional compatibility of an ARG
in a new host is dependent on the interaction with the host physiology and metabolism. Consequently, resistance
mechanisms, i.e. drug-modifying enzymes, with limited cellular interactions are more likely to be functionally compatible
and integrate easily into host physiology [25]. These observations suggest that depending on the ARG and the plasmid,
they can be shared between closely and distantly related taxonomic clades, thereby contributing to widespread and rapid
propagation of AMR [25, 27]. Alongside plasmids, integrons, often overlooked, can also play a significant role in AMR
dissemination and prevalence [28]. Integrons, widely distributed and carried by plasmids, can acquire, exchange and
express genes embedded within gene cassettes [29] further promoting their spread within and between microbial
communities [30]. Generally, two distinct groups of integrons have been described, namely chromosomal and mobile
integrons. Chromosomal integrons are encoded by many bacterial species and are also referred to as “super-integrons”
due to their large size and ability to carry up to 2000 gene cassettes [31]. Mobile integrons, on the other hand, are located
on MGEs such as plasmids or phages and have been associated with AMR and the dissemination of resistance among
bacterial populations [28]. Collectively, integrons are efficient tools for bacterial adaptation and play a significant role in

the spread of AMR in conjunction with plasmids.

Besides plasmids, (bacterio-)phages contribute to the horizontal gene transfer of ARGs via transduction. Transducing
phages mediating AMR can be either virulent or temperate [32]. Upon infection, temperate phages integrate their DNA
into the host chromosome in which the prophage subsequently becomes dormant. When induced by stress factors such as
DNA damage [33] and/or environmental cues [34], the phage will be excised from the chromosome, inducing phage
particle formation and lysis of the host cell [35]. In contrast, lytic phages immediately induce the formation of phage

particles resulting in lysis of the host cell [36]. Additionally, transduction can be further separated into two types:
4
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generalized or specialized. In generalized transduction, the genetic material is transferred to another bacterial cell where
it is further integrated through homologous recombination. Specialized transduction, on the other hand, results in the
packaging of bacteria DNA into phages at a higher frequency compared to generalized transduction. This lateral transfer
of ARGs through phage-mediated transduction could be an important contributing factor in the global spread of AMR

[37].

Methods for detecting antimicrobial resistance

Traditionally, culture-based methods, such as antimicrobial susceptibility testing (AST), have been, and still are, used in
clinical settings to investigate AMR and resistant bacteria [38]. For phenotypic testing, bacterial isolates are cultured from
samples using either non-selective or selective growth media. Subsequently, the susceptibility of the isolates to antibiotics
is tested to identify AMR. These solid media techniques use Kirby-Bauer disc diffusion or gradient diffusion strips to
measure the zone of inhibition, and thereby provide a proxy for the level of resistance [38, 39]. Although these methods
provide crucial information regarding AMR, they are only suitable for bacteria which are readily culturable using standard
cultivation methods. However, microbial communities such as those inhabiting the human gut are composed of significant
proportions of, at present, difficult to culture or outright unculturable taxa. In this context, the ability to sequence DNA
from samples (clinical and environmental) using high-throughput sequencing methodologies have improved our ability to
investigate and identify AMR. Sequencing-based metagenomics, which involves the study of the total genetic material
(e.g. DNA or RNA) recoverable directly from samples, allows for the genomic analysis of all organisms within a microbial
ecosystem without previous identification [40]. This enables the investigation of the resistome, i.e. AMR, including the

mechanisms and spread of ARGs, without the immediate need to isolate microorganisms.

Different bioinformatic workflows have been developed to investigate the presence of AMR and MGEs within
metagenomes. These include both read- and de novo assembly-based methods which have been extensively discussed by
Boolchandani ef al. [38]. While read-based methods allow for identification of low-abundance AMR genes [38], de novo
assembly strategies enable the genetic contextualization of AMR surveillance, such as their presence on MGEs [41]. Some
of the AMR prediction tools including DeepARG [42], RGI [43], Resfinder [44], ARG-ANNOT [45], and NCBI-
AMRFinder [46] can be used for ARG identification, albeit through use of their associated databases. For example, while
DeepARG, RGI and NCBI-AMRFinder use the recently updated CARD database [43], other tools provide custom

versions leading to discrepancies in identified ARGs. Nonetheless, none of the above tools provide information with
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respect to contextualization of ARGs on MGEs which represent critical elements for AMR transmission. Alternatively,
many tools have been developed for the independent prediction of MGEs alone, such as plasflow [47], MOB-suite [48]
and gplas [49] for plasmid identification. For the prediction of phages in general, the following tools exist: DeepVirFinder
[50], VirSorter [51], MARVEL [52] and PPR-Meta [53]. Each of these tools are specialised to allow identification of a
single or limited set of MGEs. While some tools like DeepVirFinder are based on machine-learning methodologies, others
are restricted to databases populated with previously identified MGEs. The former allows for discovery of putatively novel
MGEs, while the latter methods allow for precision and confidence in the identified MGEs. In a One Health context,
bridging together human, animal and environmental health [54], it is crucial to study both the prevalence and spread of
AMR simultaneously. Such methods to systematically assess AMR within and between biomes have long remained
elusive [55]. However, to precisely address this gap in methodologies, PathoFact [56] which genomically contextualizes
ARGs, including their localization on MGEs, is applicable. Meanwhile, tools such as MOCAT2 [57] and HUMANR3 [58]
also enable AMR gene identification, however, do not provide any information with respect to MGE contextualization.
In a One Health setting, by combining effective study designs with computational analyses methods, it is thereby now
possible to trace the origins and dissemination of AMR from one reservoir to another using metagenomic sequencing

coupled to de novo reconstruction of genomic fragments.

Microbial reservoirs of antimicrobial resistance

Natural microbial communities, or microbiomes, represent multi-species assemblages which interact in a contiguous
environment [59]. Current evidence suggests that the structure of human and animal microbiomes are shaped by several
factors, including exposure to microorganisms through contacts with exogenous sources (e.g. parents, animals,
environment), specific host-microbe interactions linked in particular to host immune responses, and the outcome of
competitive, cooperative and/or predatory (phage) interactions [60]. Although in recent years an increase in AMR has
primarily been pinned on the use and misuse of antibiotics in humans and in animals, there is strong evidence suggesting
that AMR dissemination is fueled by other factors with the environment being an important conduit [61]. However, AMR
in itself is an ancient phenomenon [1] that has largely evolved in response to natural antibiotics produced by
microorganisms themselves to provide a competitive advantage. As a result of these microorganism interactions bacteria
have developed resistance strategies against these natural products to mitigate competition [62]. Additionally, to avoid
suicide, antibiotic-producing microorganisms themselves often contain at least one gene conferring resistance against the

potentially harmful secondary metabolites that the microorganism produces [63, 64]. Leveraging these naturally available
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compounds produced by bacteria, anthropogenic efforts have led to antibiotic production which are either natural products
of microorganisms, semi-synthetically produced from natural products, and/or chemically synthesized based naturally-
available products [65]. Therefore, the use of antibiotics, both natural and (semi-)synthetic, has created unparalleled

conditions for the spread of AMR through various reservoirs.

Human

It has long been recognized that the microbiome affects human health through its influence on gut maturation, immune
responses, digestion of food, and pathogen resistance [66]. A majority of the microorganisms constituting the human
microbiome are commensals contributing to both essential functions and physiological development. However,
commensal and bacteria from the immediate and built environments can also be key distributors of AMR to the microbial
community with the potential to spread to pathogenic bacteria [67, 68]. Recent evidence suggests that ARGs in
environmental bacteria can be taken up by human-associated and pathogenic bacteria [69], thereby posing a considerable
threat to human health. Schmidt ez al. demonstrated that the gut microbiota strains found in patients across five countries,
indicated an endogenous transmission, whereby strains found in the oral cavity were transmitted to the gut [70].
Interestingly, the oral cavity has been reported to be a microbial reservoir contributing to the resistome [71] and it is
plausible that this in turn is linked to the environment itself [72, 73] including sanitary conditions [74]. While sanitary
conditions such as open defecation, access to clean water have been discussed extensively [74], ARGs were recently
discovered to be transmitted via air [75, 76] in conjunction with a report by Gilbert et al. where ARGs were found in

airborne bacteria found in a hospital setting [77].

During the recent decades, research has predominantly focused on AMR prevalence within clinically-relevant bacteria.
For example, extended spectrum beta-lactamases (ESBL)-producing and carbapenem resistant K. pneumoniae isolates
have been characterized as early as 2001 by Yigit et al. [78]. Similarly, several studies have reported on the mechanisms
of ESBL- [79-85] and plasmid-mediated AmpC-producing Escherichia coli [86, 87] rendering the bacteria resistant to
third-generation cephalosporins. From a surveillance perspective, Sepp et al. screened 10,780 clinical strains using whole
genome sequencing to investigate the prevalence of ESBL-, AmpC-, and Carbapenemase-producing E. coli across
northern and eastern Europe [88]. Despite a low prevalence of ESBL-, AmpC-, Carbapenemase-producing E. coli strains,
they identified inter-country differences in the distribution and prevalence of resistance genes [88]. Other studies have
included research on carbapenem-resistant Acinetobacter baumannii [89-91] and Pseudomonas aeruginosa [30, 92, 93],

vancomycin-resistant Enterococcus faecium [94, 95], methicillin-resistant Staphylococcus aureus [96-98], penicillin-
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resistant Streptococcus pneumoniae [99, 100] as well as fluoroquinolone resistant Salmonella [101, 102] and Shigella
species [103, 104]. More recently, less known human pathogens such as Corynebacterium diphtheriae isolates have been

reported to carry penicillin, macrolide and multidrug resistance [105].

Livestock, poultry and other animals

In livestock and poultry, especially in food production, antibiotics are used as metaphylactics and prophylactics, for
disease control and treatment, as well as for growth augmentation. On the one hand, metaphylactics involve the treatment
of all animals belonging to the same flock or pen where a clinically sick animal is identified. This is a mitigation strategy
which allows for treatment prior to observable clinical signs of disease, for example, by water-based medication [106]
[107], simultaneously shortening the overall treatment period. Holman et al. investigated the effect of metaphylactic
antibiotic usage of the common veterinary antibiotics (oxytetracycline and tulathromycin) on the bovine fecal and
nasopharyngeal microbiomes. In addition to shifts in the microbial composition after the first five days of treatment, they
found an increase in the relative abundance of several antibiotic resistance genes in both microbiomes at either day 12 or
34 after treatment [108]. Prophylactics, on the other hand, are used to either eradicate a specific pathogen or treat healthy
animals as a preventive measure especially during periods of disease susceptibility, e.g. early weaning of piglets [107].
Despite the utility of such treatments including low-dose antibiotics, Agga et al. demonstrated that prophylactic treatment
limited shipping fever in weanling pigs [109], they may however over protracted periods of use result in a selective
pressure yielding resistant bacteria. Consequently, in many countries the use of antibiotics as prophylactic or for pathogen

eradication in livestock is prohibited [107].

Apart from their use in infectious disease management, antibiotics are also used as growth promoters, whereby
industrialized animal production includes antibiotics as feed supplements [110]. The low concentrations of antibiotics,
similar to the levels used in prophylactics, additionally raises the possibility of emergent resistant bacteria due to longer-
term selective pressure. In this context, in a five-year longitudinal study, Aarestrup et al. investigated the use of growth
promotion in pigs and broilers. They found a concomitant increase in AMR in Enterococcus spp. isolated from the
animals. Moreover, the mitigation of AMR was associated with the banning of antibiotics as growth promoters over the

years [111], strongly suggesting the need for measures to reduce the emergence of resistant bacteria.

Even though the emergence of resistant pathogens is a critical consideration, of more immediate concern is the spread of

ARGs from the animal microbiome to human microbiota through the acquisition of AMR gene complements. Such spread
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can occur via multiple routes, one of which is the direct transmission through food products, i.e. meat and eggs, especially
through confined animal feeding operations (CAFOs). Multiple studies have reported food animals as a source of AMR.
Examples include multidrug-resistant Salmonella from poultry [112], cephalosporin resistant E. coli from veal calves
[113] and carbapenem resistant E. coli from pigs [114, 115] to name a few. In a study by Morrison and Rubin a number
of carbapenem resistant bacteria including Pseudomonas, Stenotrophomonas and Myroides species were identified in a
variety of seafood products [116]. This phenomenon reiterates the argument that non-pathogenic bacteria, regularly
excluded from surveillance programs, may indeed serve as a reservoir for AMR along the food supply chain [116, 117].
Furthermore, resistant bacteria may also be spread from animals to humans through direct contact such as in the
agricultural sector [60]. For example, in a study by Rinsky et al. livestock-associated multidrug-resistant S. aureus was
identified in workers at an industrial livestock operation but was not detected in workers at an antibiotic-free livestock
operation [118]. These reports collectively underline the need for a more comprehensive analysis and monitoring of

livestock reservoirs of AMR.

Interestingly, CAFOs have also been reported to be AMR reservoirs and a source of resistant organisms in migratory birds
[119]. Similarly, other studies following the migratory patterns of birds found multi-drug resistant bacteria (Enterococcus
spp., Salmonella spp. and Vibrio spp.) in bird fecal material [120]. Other findings simultaneously highlight the role of
migratory birds in disseminating extended-spectrum f-lactamase (ESBL)-producing E. coli to Bangladesh [121]. Given
the propensity for these birds to come in contact with humans in populated countries like Bangladesh, it is likely that these

ARGs may in turn influence human health or likely disseminate within the human population.

In general terms, the role of human-influenced environments in sustaining and disseminating AMR is largely unexplored.
A comprehensive study by Plasa-Rodriguez et al. found AMR associated with several bacterial species in wild boar, roe
deer, wild ducks and geese [122]. Atterby er al. [123] previously reported the possibility of human-mediated
environmental pollution as a source of AMR in wild gulls. Simultaneously, other reports have indicated that clinically
relevant AMR bacteria have been found in synanthropic birds partially mediated via human-influenced habitats such as
landfills or areas with intensive agriculture [124]. Such anthropogenic influences have spread even to the polar regions,
whereby antibiotic-resistant E. coli were found in penguin feces, while ESBL-type resistant genes were observed in

bacteria such as E. coli and K. pneumoniae isolated from both seawater and Arctic birds [125].
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Environment

The environment is a critical factor for the prediction of emergent and resistant pathogens by understanding the presence,
origins and mechanisms of dissemination of AMR. Polluted environments (e.g. with heavy-metals, biocides) further
contribute to the evolution and spread of AMR through co-selection. For instance, through cross-resistance, a single
genetic mutation may mediate resistance to both metals and antibiotics, or through co-segregation where both metal- and
antibiotic resistance genes are localized on the same MGE [126, 127]. The risk of a specific environment being
contaminated with AMR is often based on the interaction between the different environments. Built environments in
particular, e.g. hospitals and extended care facilities, where bacteria are exposed to high and repeated doses of antibiotics,
are hotspots of AMR. Hospitals in specific are of high interest to study both the evolution and dissemination of AMR
through the prevalence of hospital-acquired infections of resistant bacteria. Resistant pathogens may enter the hospital
environment via infected patients or acquire resistance through in-hospital evolution. In both cases resistant pathogens
may spread epidemically between patients or the ARG itself can be transmitted through HGT into other genetic
backgrounds [128]. Furthermore, sewage from both the hospital and the general population are ultimately transported to

wastewater treatment plants (WWTP).

Urban WWTPs therefore provide a vast reservoir of antimicrobial resistance [129] and are considered to be AMR hotspots
with respect to resistant bacteria and ARGs [130]. Moreover, the extensive dissemination of ARGs between various
bacterial species through HGT may facilitate the transfer of ARGs to pathogenic bacteria. For example, Alexander et al.
identified facultative pathogenic bacteria such as E. coli, K. pneumoniae, P. aeruginosa, and Enterococci with 12 clinically
relevant ARGs within 23 different WWTPs [131]. Additionally, since WWTPs generally do not have the necessary
measures to remove either ARGs or resistant bacteria, these are then released into the receiving water bodies, promoting
their dissemination into and through the aquatic environment [131]. This is in line with a study by Osinska ef al. where a
significant increase in ARGs (e.g. blatewm, tetA, sulll) was identified downstream of the WWTP when compared to the
upstream river water [132]. A similar study by Bueno et al. reported a significant increase in 17 ARGs contributing to
aminoglycoside-, beta-lactam-, diaminopyrimidine-, fluoroquinolone-, sulfonamide-, tetracycline- and multidrug-
resistance, in the receiving water of three different WWTPs [133], thereby highlighting the overall role and impact of the

built-environment in AMR dissemination.
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The contamination of natural environments with antibiotics originating from built environments as well as agricultural
sources, results in selective pressure promoting both the evolution and the spread of ARGs. Additionally, many antibiotics
are naturally produced by fungal and bacterial strains and consequently have been used by microorganisms as a
competitive mechanism [134, 135]. Due to their high complexity and multi-faceted interactions of microorganism, soil
microbiomes are considered a hotbed for the evolution and development of AMR [136]. Multiple bacteria identified in
soils encode genes that either degrade or inactivate antibiotics. For instance, Dantas et al. isolated hundreds of soil-
dwelling bacteria capable of utilizing antibiotics as a carbon source and found up to 17 antibiotics, including those of
synthetic origin, supporting the growth of clonal soil bacteria [137]. Furthermore, bacteria isolated from forest, urban and
agricultural soils have been found to have highly varied resistomes, even in some cases harbouring novel mutation sites
conferring resistance [138]. Linked to agricultural soils, the plant rhizosphere is of further interest due to the transmission
of ARGs from soil to plants via the rhizosphere microbial community. Wolters ef al. investigated the effect of various
organic soil fertilizers such as manure and found increased relative abundances of sulfonamide and tetracycline resistance
in the maize rhizosphere [139]. Similarly, Song et al. investigated the abundance of 35 antibiotic resistance genes in the

rhizosphere of 10 plant species and identified a positive association between ARGs and MGEs [140].

Similar to soils, aquatic environments also represent known reservoirs of AMR. Aquatic habitats harbour resistant
microorganisms such as carbapenem-resistant Acinetobacter spp. in rivers [141], carbapenem-resistant Pseudomonas in
coastal waters [142], and carbapenem-resistant Enterobacteriales in seawater [143]. Environments are further affected
greatly when in proximity to anthropogenic activity such as pharmaceutical industries. Consequently, these environments
are abundant with ARGs and multidrug-resistant bacteria which have been associated with a high impact on human health
[144]. For instance, Flach er al. found that antibiotic-polluted lakes harbored considerably higher proportions of
ciprofloxacin- and sulfamethoxazole-resistant bacteria as well as several novel multi-resistance plasmids compared to
non-polluted lakes [145]. Additionally, Kristiansson et al. identified a similar phenomenon in river sediments exposed to
antibiotic pharmaceutical wastewater and reported high levels of ciprofloxacin-resistance as well as corresponding mobile

quinolone resistance genes [146].

AMR, on the other hand, does not exclusively exist in human-impacted environments. As several studies have revealed,
vast reservoirs of AMR are also found in environments pre-dating the antibiotic era [135]. These include glacier lakes,
remote lakes [90] and oceans [103, 104]. Polar regions in particular, as one of the least human-impacted environments to

date, are of interest for the study of AMR. Arctic soil isolates have previously revealed the presence of multidrug efflux
11

172



312
313
314

315

316

317

318
319
320
321
322
323
324
325
326

327

pumps [147], while in a study by Dancer et al., bacterial isolates from arctic glacial ice and water were found to carry
resistance to antibiotics such as cefazolin, cefamandole and ampicillin [148]. The melting of glaciers and icecaps due to
climate change, therefore, may give important insights into, potentially, prehistoric mechanisms of AMR. On the other

hand, this may also lead to the remobilization of ARGs, which we have not seen since before the dawn of human evolution.

Metagenomic approaches in assessing antimicrobial resistance: a One Health
perspective

Resistant bacteria residing within human, animal and environmental reservoirs may spread from one to the other, at both
local and global levels (Figure 1). This phenomenon has the potential to rapidly trigger a pandemic where AMR is no
longer constrained by either geographic or human-animal borders [149]. It is therefore necessary to understand the
dissemination of antibiotic resistance by characterizing the resistome within various environments and to unravel how
they act as a reservoir for bacterial pathogens in the context of overall pandemic preparedness. A One Health perspective
integrating research on AMR as well as resistant microorganisms, circulating in humans, animals and the environment is

therefore crucial to enhance our understanding of the complex epidemiology of antimicrobial resistance [149].

In recent years, many studies, of which some have been discussed in the previous sections, have used different techniques

to sample the resistomes of soils, wastewater, as well as human and animal microbiota [16]. Recent metagenomic studies
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Figure 1: AMR dissemination in One Health.

MGE-mediated (i.e. phage, plasmids and integrons) dissemination of AMR across different biomes.
by both Gibson et al. [114] and Munck et al. [115] suggest that ARGs predominantly cluster by microbial reservoir,
implying that the resistomes in soils and WWTPs differ significantly from those found in human pathogens. Gibson ef al.
found that resistance against -lactams and tetracyclines differed mostly between ecosystems [150] while Munck et al.
highlighted that only a few genes within the WWTP core resistome were found in other environments [151]. Nonetheless,
part of these resistomes may still be shared and the importance of continued exploration of the resistome in such
environments should be stressed [16]. While shared resistome elements between various microbial reservoirs are of
interest to understand the dissemination of AMR, resistome differences between ecosystems are equally, if not more

important. They represent a pool of potential novel resistance mechanisms and thereby a likely threat to public health.

As described within this review, several published studies have investigated AMR in humans, animals or the wider
environment. However, many of these focus specifically on the ESKAPEE pathogens (Enterococcus geacium, S. aureus,
K. pneumoniae, A. baumannii, P. aeruginosa, Enterobacter spp., and E. coli), which have been classified by the World
Health Organisation for their high to critical drug-resistance. They are also of particular interest due to their increased
resistance to last-resort drugs [152]. There presently exists no lack in reports of the resistance mechanisms encoded by

the ESKAPEE pathogens in different microbial reservoirs. Methicillin-resistant S. aureus (MRSA) for instance, has been
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reported by van den Broek et al. [153] and Lewis ef al. [154] to be both human- and animal-associated with a high risk
for zoonotic transmission . Similarly, Ruiz-Roldan ez al. reported the presence of resistant P. aeruginosa in animals in
addition to humans. On the other hand the drug resistant strains of ESKAPEE pathogens belonging to the Enterobacteriales
order (i.e. E. coli and P. aeruginosa) have been extensively described in all microbial reservoirs [78—80, 143, 155, 156].
Recent research has been extended to focus on other pathogens posing a threat to human health such as resistant
Campylobacter jejuni where infections have been reported in both humans, animals and the environment [46, 157,
158][46, 157]. Similarly, other reports include multidrug-resistant Salmonella which have been identified in human [159,

160], animal [159, 161] and environmental reservoirs [162].

While the above studies are focused on specific pathogens or resistance categories, research utilizing sequence-based
metagenomics provides a comprehensive perspective on all ARGs within different microbial reservoirs. For instance,
Forslund et al. provide extensive insights into the human gut resistomes of 832 individuals spanning 10 geographical
areas. They reported significant differences in gut resistance potential between countries resulting from differences in
antibiotic usage as well as direct links to medical and food production activities [163]. Other metagenomic studies have
focused on the development of the resistome early on in life with several studies reporting a diversity of ARGs within the
infant gut [164, 165]. During the first days of life the bacteria colonizing the infant gut originate primarily from the
mother’s birth canal, the living environment and handling by other individuals. Birth mode affects colonization since
vaginally born infants are colonized firstly by fecal and vaginal bacteria from the mother, while infants born via cesarean
section are initially exposed to bacteria originating from both the hospital environment and healthcare workers [66, 166].
Therefore, infants born by cesarean section may also have a higher chance of acquiring hospital-mediated AMR and
thereby resistant bacteria [164]. Other metagenomic studies have focused on the animal resistome, especially food
production animals, such as dairy cattle, revealing an increase in AMR linked to heavy metal-contaminated environments
[167]. Furthermore, a study by Skarzynska et al. leveraged metagenomic data to study AMR in the gut of both wild (boars,
foxes and rodents) and domestic (chicken, turkey and pig) animals. Importantly, they identified increased AMR abundance
in farm animals compared to wildlife [168]. Furthermore, the lowest AMR abundance in this study was observed in wild
rodents due to their limited exposure to antimicrobials. In this context, further evidence was found linking ARGs
conferring resistance to important antimicrobials such as quinolones and cephalosporins to wild foxes [168]. Alongside
human and animal studies, metagenomic studies on the environmental resistome focus on characterizing AMR either in

WWTPs or the natural environment or built environment (e.g. healthcare facilities). However, few are specifically tailored
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towards understanding the role of the environmental ecosystems as microbial reservoirs of AMR, especially in a One

Health setting.

The few metagenomic studies that are focused on multiple microbial reservoirs still largely target only one side of the
One Health triad, e.g. human-animal [169-172], animal-environment [173—176] or environment-human [150, 151, 177-
180]. Nonetheless, some studies have pursued a complete One Health AMR approach [181, 182]. Li et al. investigated
wide-spectrum profiles of ARGs and their co-occurrence patterns in 50 samples from 10 microbial reservoirs, spanning
human, environment and animal habitats. They found that samples could be clustered into four groups according to AMR
abundance, with samples derived from livestock and wastewater demonstrating the highest abundance followed by
humans, and with the lowest abundance found in sediments, soil, river and drinking water, in that particular order. A
widespread occurrence of vancomycin resistance genes was identified in all environments except from river sediments
and drinking-water [182]. Another study by Pal et al. investigated AMR, MGEs and bacterial taxonomic compositions of
864 human, 145 animal and 369 environmental metagenomes. Both human and animal microbial communities
demonstrated a limited taxonomic diversity, a low abundance/diversity of biocide and metal resistance genes and MGEs,
yet a high abundance in ARGs. Additionally, a number of ARGs corresponding to aminoglycoside, macrolide, beta-lactam
and tetracycline resistance was found to be widespread and present in almost all of the investigated environments [181].
Collectively, these studies report the cross-domain similarities and likely transmission of AMR in a One Health setting,

potentially highlighting the need for more in-depth characterization of AMR transmission mechanisms.

Understanding One Health reservoirs and future perspectives

Antimicrobial resistance is an ever-present challenge, not necessarily due to the use of antibiotics alone, but also due to
the role of mobile genetic elements. One major challenge still faced by most One Health studies is attributing the
directionality of ARGs between various metagenomes. While some of the discussed studies strive to do so, it is, with rare
exceptions, impossible to accurately attribute directionality of transmission due to limitations of the current methods. To
infer directionality in microbial populations, studies have focused on identifying similarities of bacterial and/or plasmid
sequences along with the ARGs they encode. However, these overlapping patterns do not take into account co-colonization
from a shared source, nor do they allow for interpretation of directionality [183]. In contrast, Mather et al. quantified the
relative contributions of animal- and human- derived multidrug resistant Salmonella isolates using the phylogenetic

association of the bacterium and its antimicrobial resistance genes over the course of an epidemic. They subsequently
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determined that there was only a limited transmission in either direction, while the bacterium and its resistance genes were
largely independently maintained within animal and human populations [184]. Collectively, to accurately reconstruct
patterns of transmission, especially directionality of said transmission, one needs to further combine both (meta)genomic
data analysis, including phylogenetic analysis, with epidemiological approaches [183]. What appears evident is that every
AMR reservoir may affect another. This is further compounded by the recent discovery of giant extrachromosomal
elements such as “borgs” in Methanoperedens archaea, which may be capable of augmenting microbial activity by
encoding putative resistance genes and also via HGT [185]. Thereby, understanding the interactions/mechanisms and role
of each component contributing to the spread of AMR is a critical step in monitoring this ultimate challenge to human
health and wellbeing. Therefore, recognizing the One Health reservoirs of antimicrobial resistance is an important first-
step towards this goal. Several methods exist both in vitro and in silico to identify the potential resistance genes and
categories found in commensal microorganisms alongside well-characterized pathogens. However, future endeavors
including molecular validation of identified AMR with the help of meta-omics will be required. Furthermore, combined
methods incorporating the identity of ARGs, modes of transmission and integration into the individual reservoirs,

alongside crossover mechanisms may be needed for comprehensive characterization of AMR dissemination mechanisms.

Strategies designed to mitigate AMR and its dissemination should simultaneously focus on improving awareness and
understanding of AMR through education and training across all affected groups including farmers, veterinarians,
physicians, CAFOs and also the general public. It is prudent to complement these strategies with increased surveillance
and research to identify AMR at the regional, national and international levels [186]. Furthermore, mitigation, education
and surveillance will need to be accompanied by the respective sanitation, hygiene and infection prevention measures.
Prevention of infection and further AMR dissemination could be instituted in healthcare settings [187], at the farm level
[188] and also in animal disease control programs [189]. Given the possibility of interactions between humans, livestock,
animals, and the environment, future studies on human health and disease will benefit from the consequential

incorporation of One Health reservoirs into all aspects of studies regarding antimicrobial resistance.
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