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Résumé
L'intensification de I'activité agricole depuis la deuxiéme moitié du 20e siécle,

notamment ['utilisation de produits agrochimiques dans les bassins versants, a affecté la
qualité des ressources d’eau douce. Des traces de produits agrochimiques, tels que les
pesticides et les engrais, sont transportées par ruissellement de surface ou lixiviation,
provoquant des effets directs ou indirects sur les organismes aquatiques. Se trouvant a
la base des réseaux trophiques aquatiques, les micro-organismes sont des habitants
indispensables dans les écosystémes d’eau douce, ou ils jouent également un réle
important pour les services écosystémiques en tant que propulseurs des cycles
biogéochimiques. En faisant partie de I'écosystéme, les communautés bactériennes sont
susceptibles aux perturbations anthropiques croissantes qui se déroulent dans leurs
milieux. Le but principal de cette thése est d'étudier I'effet de perturbations agricoles
simulées sur les bactéries d'eau douce par une approche expérimentale avec des
réservoirs extérieurs (mésocosmes) et en utilisant le séquengage d’ADN a haut débit.

Des mésocosmes ont été remplis de 1 000 litres d'eau provenant d'un lac bien
préservé et, ensuite, ont été traités avec des pesticides largement utilisés au monde en
combinaison avec des engrais. Les trois études présentées dans cette thése explorent
les réponses du bactérioplancton dans cette méme expérience sous différents angles :
la premiére (chapitre Il) s'est concentrée sur les réponses écologiques des communautés
bactériennes a de différentes combinaisons de produits agrochimiques; la deuxiéme
(chapitre 1ll) a examiné si les génes de résistance aux antibiotiques pourraient changer
le succes d'especes soumises a une grave contamination par un herbicide et, finalement,
la troisieme (chapitre IV) a suivi les altérations évolutives parmi les espéces ayant des
réponses écologiques similaires par rapport au traitement avec I'herbicide.

En mettant I'accent sur la réaction des communautés exposées a un mélange de
produits agrochimiques, le chapitre || complémente des études écotoxicologiques, qui se
concentrent traditionnellement sur les réponses d'une seule espéce a des produits
chimiques isolés. Les mésocosmes ont été exposés a de différentes concentrations d'un
herbicide a base de glyphosate et d'un insecticide néonicotinoide, séparés ou en
combinaison, en plus d'apports faibles ou élevés en nutriments. Le séquencage des
amplicons du géne de I'ARNr 16S et la prédiction des variantes de séquences ont étés



faits pour étudier la diversité taxonomique, ainsi que le profilage de I'utilisation
microbienne des sources de carbone pour décrire les changements de diversité
fonctionnelle a travers le temps. Les résultats ont révélé que la stabilité des communautés
microbiennes varie en fonction du type et de l'intensité de la perturbation. Bien que les
communautés bactériennes n’aient pas réagi a l'introduction de I'insecticide ou d’engrais,
elles sont modifiées de maniére intensive sous des concentrations élevées de I'herbicide
a base de glyphosate. Des aspects distincts de la diversité des communautés ont réagi
difféeremment aux perturbations : alors que la composition fonctionnelle est restée stable
face aux perturbations, la composition taxonomique au niveau taxonomique le plus fin a
été sensible au glyphosate et résiliente aux échelles taxonomiques plus larges (c'est-a-
dire, du genre au phylum). Ces résultats soulignent la complexité des réponses
écologiques et fournissent des évidences de la redondance fonctionnelle concernant
l'utilisation des sources de carbone dans les communautés microbiennes.

Le chapitre Ill a testé I'nypothése selon laquelle les génes de résistance aux
antibiotiques, en particulier les pompes d'efflux, favorisent la survie des bactéries en
présence de I'herbicide a base de glyphosate. Cette hypothése n'a été confirmée que par
des études expérimentales en laboratoire avec des cultures bactériennes et plus
récemment dans les microbiomes du sol. C'était donc la premiére fois que cette
hypothése a été testée dans un systéme aquatique. Au chapitre Il, on a observé que
I'nerbicide a base de glyphosate favorisait la domination de nombreux taxons de
I'embranchement des protéobactéries, dont Agrobacterium, un genre qui code pour
I'enzyme cible du glyphosate appartenant a la classe des résistants. Cependant, d'autres
especes codant pour la classe de lI'enzyme sensible au glyphosate étaient également
favorisées, ce qui implique le réle d'autres mécanismes de résistance. Dans le chapitre
lll, les analyses de métagénomes et des génomes assemblés par métagénomes ont
révélé une augmentation de la fréquence de génes de résistance aux antibiotiques aprés
'administration de fortes doses de [I'herbicide. D’ailleurs, I'abondance relative des
especes présentes aprés qu’une forte dose de I'herbicide a été administrée était mieux
prédite par la présence de genes d'efflux d'antibiotiques dans leur génome que par la

présence du gene codant pour l'enzyme résistante au glyphosate. Ces résultats



renforcent les études récentes et contribuent aux premiéres évidences provenant des
communautés bactériennes d'eau douce.

L'objectif du chapitre IV était de vérifier si les bactéries ayant la méme réponse
écologique a la contamination par I'herbicide a base de glyphosate présenteraient
également des réponses évolutives similaires. En plus, ce chapitre avait pour but de
contribuer aux preuves expérimentales du modele de I'écotype stable, un modéle
proéminent sur I'évolution et 'origine de la diversité dans les espéces bactériennes. On
a supposé que les espéces favorisées par I'herbicide subiraient des balayages sélectifs
éliminant la variation génétique dans le génome, comme le prédit le modéle évolutif de
I'écotype stable. Pour tester cette hypothése, des polymorphismes nucléotidiques ont été
quantifiés au sein des populations bactériennes au cours du temps dans 12 populations
bien représentées dans le séquencage métagénomique qui a éteé fait dans le chapitre Ill.
Contrairement a ce que l'on attendait, les populations écologiquement prospéres ont
montré une variété de réponses évolutives et la diversité n'a été supprimée que dans
quelques-unes d'entre elles. Les résultats montrent que d'autres mécanismes évolutifs
qui maintiennent la variation génétique, tels que des balayages sélectifs a I'échelle du
gene plutét qu’a I'échelle du génome, peuvent étre plus souvent impliqués dans le succes
des espéces qui survivent au stress anthropique.

Mis ensemble, ces résultats soulignent la complexité des réponses bactériennes
face a une perturbation anthropique au niveau des communautés, des populations, des
genes et des alléles. Les connaissances apportées par cette thése peuvent améliorer les
évaluations des risques de déversements accidentels en eau douce. Le changement
permanent a des niveaux taxonomiques fins et la sélection croisée pour les géenes de
résistance aux antibiotiques en présence de concentrations élevées d'herbicides
indiquent des risques qui devraient étre mieux compris par rapport a leur prédominance
et les mécanismes qui les causent. D’ailleurs, la dynamique évolutive décrite ici sur une
échelle de temps de courte durée fournit des données pour soutenir une importante
théorie sur la difféerenciation et la spéciation bactériennes.

Mots clés : microbiome d'eau douce, contamination agricole, écologie des communautés,

biodiversité, stabilité, métagénomique, résistance aux antibiotiques, évolution rapide.



Abstract
Agriculture intensification in the second half of the 20" century, particularly the use

of agrochemicals within watersheds, has affected freshwater quality. Traces of
agrochemicals, such as pesticides and fertilizers, reach freshwater systems through
runoff or leaching, causing direct or indirect effects on aquatic organisms. Microorganisms
are essential inhabitants of aquatic systems as they are at the foundation of food webs
and play roles in ecosystem functioning as important drivers of biogeochemical cycles.
By being part of the ecosystem, bacterial communities are subject to the increasing
anthropogenic perturbations in their environment. The main objective of this thesis is to
investigate the effect of simulated agricultural perturbations on freshwater bacteria
through an experimental approach with outdoor tanks (mesocosms) and using high-
throughput DNA sequencing.

Mesocosms were filled with 1,000 L of water from a pristine freshwater lake and
treated with widely used pesticides in combination with fertilizers. The three main studies
in this thesis explored the bacterioplankton responses in this experiment through different
angles: the first study (chapter Il) focused on ecological responses to a combination of
agrochemicals; the second (chapter Ill) explored how changes in antibiotic resistance
genes could explain the ecological success of species facing severe herbicide
contamination and the third study (chapter IV) tracked evolutionary changes among
species with similar ecological responses to the herbicide treatment.

Chapter Il aimed to complement ecotoxicological studies, that traditionally focus
on single species responses to individual chemicals, by focusing on communities
exposed to a mixture of agrochemicals, as typically observed in nature. For that, the
mesocosms were exposed to different concentrations of a glyphosate-based herbicide
and a neonicotinoid insecticide, isolated or in combination, in addition to low or high
nutrient inputs. Sequencing of 16S rRNA gene amplicons and inference of amplicon
sequence variants were done to study taxonomic diversity, as well as profiling microbial
use of carbon sources to describe functional diversity changes through time. The results
revealed that the stability of microbial communities varies according to the type and
intensity of the disturbance. The highest dose of the glyphosate-based herbicide was the

major driver of ecological responses within bacterial communities, which were not altered
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by the insecticide nor by nutrient fertilization. Distinct aspects of community diversity
responded differently to perturbation: while functional composition remained stable in face
of disturbances, taxonomic composition was sensitive to glyphosate at the finest
taxonomic level and resilient at higher taxonomic units (i.e. genus to phylum). These
results highlight the complexity of ecological responses and provide evidence of
functional redundancy regarding the use of carbon sources in these communities.

Chapter Il tested the hypothesis that antibiotic resistance genes, particularly efflux
pumps, would favour bacterial survival in the presence of the glyphosate-based herbicide.
This hypothesis has only been confirmed through experimental laboratory studies with
bacterial cultures and more recently in soil microbiomes, it was thus the first time it was
tested in an aquatic system. As observed in chapter Il, glyphosate-based herbicide
favoured the dominance of many taxa of the phylum Proteobacteria, including
Agrobacterium, a genus that encodes the glyphosate-resistant target enzyme. However,
other species encoding the glyphosate-sensitive version of the enzyme were also
favoured, implying other resistance mechanisms. In chapter lll, the analysis of
metagenomes and metagenome-assembled genomes revealed an increased frequency
of antibiotic resistance genes following high doses of the herbicide. Additionally, the
relative abundance of species after a severe herbicide pulse was better predicted by the
presence of antibiotic efflux genes in their genome than by the presence of the gene
encoding the resistant glyphosate target enzyme. These results reinforce recent studies
and contribute to the first evidence from freshwater bacterial communities.

The goal of chapter IV was to test if bacteria with the same ecological response to
the contamination with the glyphosate-based herbicide would also show similar
evolutionary responses. Furthermore, this chapter aimed to contribute to experimental
evidence to the stable ecotype model, a prominent model on the evolution and origin of
diversity in bacterial species. If assumptions of the stable ecotype model were confirmed
by the experiment, species favoured by the herbicide would experience selective sweeps
purging genetic variation across the genome. To test this hypothesis, single nucleotide
variants were quantified within bacterial populations over time in 12 populations well-
represented in the metagenomic sequencing that was performed in chapter lll. Differently

than expected, ecologically successful populations showed a variety of evolutionary
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responses and diversity was purged only in a few of them. The results show that other
evolutionary mechanisms that maintain genetic variation, such as gene-wide specific
sweeps rather than genome-wide sweeps, may be more often involved in the success of
species surviving anthropogenic stress.

Together, these results highlight the complexity of bacterial responses in the face
of an anthropogenic disturbance at the level of communities, populations, genes, and
alleles. The knowledge provided by this thesis may improve assessments of the potential
risks of accidental spills in freshwater. The permanent change at fine taxonomic levels
and the cross-selection for antibiotic resistance genes in the presence of high
concentrations of herbicide indicate risks that should be better understood regarding their
predominance and causing mechanisms. Moreover, the evolutionary dynamics here
described in a short-term time scale provide observational data to support a theoretical

background on bacterial differentiation and speciation.

Keywords: freshwater microbiome, agricultural contamination, community ecology,

biodiversity, stability, metagenomics, antibiotic resistance, rapid evolution
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DESeqg2 normalization. Dashed vertical lines indicate days of pesticides pulses
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Low- and high-nutrient treatments were grouped together for clarity, but follow the same
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Experimental Array of Ponds (LEAP) at Gault Nature Reserve, in Mont Saint-Hilaire
(Canada). The laboratory facility and inflow reservoir, where water from our source lake
was redirected to before filling the mesocosms, can be seen at the top of the
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metagenomic sequencing in this study. A total of eight ponds were sampled 11 times
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mg/L). Phase | included four control ponds (grey and yellow) while Phase Il only
included two controls (grey). Note that yellow ponds only received GBH in Phase Il.
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Figure ll1l.2 ARG frequencies increase in GBH treatments over time. (A) Number of
unique ARGs per million metagenomic reads and (B) number of metagenomic reads
mapped to ARGs per million metagenomic reads vary according to treatment and time.
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Principal Response Curves (PRCs) illustrating divergence (relative to controls) in the
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indicate the timing of GBH pulses in Phase |, and the solid vertical line represents the
pulse in Phase Il. The zero line (y=0) represents the low nutrient control pond from both
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Phase | and Il. The PRC explains 30% of the total variance (PERMUTEST, F=22.8,
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Figure IV.1 Schematic representation of the experimental design. On day 1, before
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43, half of the ponds received two pulses of a glyphosate-based herbicide (GBH)
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correlation between target and measured concentrations at each pulse. The top row of
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CHAPTER | : GENERAL INTRODUCTION

Agriculture in the Anthropocene and freshwater contamination
Land use intensification for human activities such as agriculture and urbanization

have transformed natural landscapes across most of the Earth’s ecosystems (Ellis et al.,
2013; Foley et al., 2005). As a consequence, the planet currently faces major changes in
climate (IPCC, 2022), biogeochemical cycles (Tranvik et al., 2009), as well as habitat loss
and direct and indirect effects on biodiversity (Parmesan & Yohe, 2003), including
environmental microbiomes (Kraemer et al., 2020; Zhu & Penuelas, 2020). The intensity
and long-lasting consequences of human-driven global change led to the proposition of
a new geologic epoch, the Anthropocene, as the anthropogenic impact on the planet in
the last centuries is comparable in magnitude and significance to events that define
transitions between other epochs in the Earth’s geological history (Steffen, Crutzen, &
McNeill, 2007; Zalasiewicz, Williams, Haywood, & Ellis, 2011).

Agricultural production represents the largest use of land on the planet, globally
estimated to occupy about 40% of land surface with croplands and pastures (Campbell
et al., 2017; Foley et al., 2005). Although the first evidence of agriculture dates about
11,000 ago (Lewis & Maslin, 2015) (Figure 1.1), over the last century its intensification led
to extensive environmental damages, such as the degradation of water quality,
deforestation and greenhouse gas emissions (Campbell et al., 2017; FAO, 2017;
Pimentel & Pimentel, 1990). The efforts to increase agricultural productivity through
technological advances, also known as the green revolution (Figure 1.1), was responsible
for tripling agricultural production from 1961 to 2011 worldwide. However, these gains
were also accompanied by negative effects on the environment mainly due to intensified
use of land, irrigation water and agrochemicals (FAO, 2017). Although the green
revolution is usually justified by the world's growing food production needs (Gurdev S.
Khush, 2001), practical solutions to achieve global food security and environmental
sustainability have been proposed to address both challenges (Foley et al., 2011) and
opposition to adopt them usually lean to economic and sociopolitical issues rather than
their feasibility (Tollefson, 2019).
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First registers of

agricuture revolution
o o
O [
Early Holocene | @@y Mid Holocene | #5,1500 .........@19%0.........
Emergence of Agriculture had spread Enhanced agricultural Green revolution: in-
agriculture in multiple across most continents, productivity with use of creased agricultural
independent regions, replacing native a variety of technolo- productivity following
such as southwest vegetation by crops. gies: irrigation, multiple investments on re-
Asia, South America Adoption of techniques cropping, crop rotations search for crop genetic
and Northern China to enhance productivity incorporating legumes, modification, adoption
fertilizers (e.g. manures, of agrochemicals and
ashes) mechanical machineries

Figure 1.1 Important landmarks in the history of agriculture (Ellis et al., 2013). Early
Holocene started about 11,000 years ago and the mid-Holocene about 6,000 or 5,000
years ago. lllustration made with ©Canva (canva.com).

Mazor et al. (2018) identified a misalignment between global policy targets and
research priorities on drivers of biodiversity loss, emphasizing the need to address the
biodiversity impact of pollution in ecological and conservation studies. Pollution of
different environments remains understudied relative to its projected high impact on
ecosystem health (Mazor et al., 2018). For example, pollution with organic chemicals,
which include agrochemicals such as pesticides, is a continental-scale problem
threatening freshwater biodiversity in almost half of 4,000 European monitoring sites,
whose chemical risks are strongly associated with the presence of upstream agriculture
and urban areas (Malaj et al., 2014).

The intense use of agrochemicals, such as pesticides and fertilizers, raises
concerns about human water security and freshwater biodiversity (Moss, 2008;
Vorosmarty et al., 2010), as they can be mobilized from their point of application and
transported to freshwater systems through leaching and surface runoff (M.-P. Hébert,
Fugere, & Gonzalez, 2018; Wittmer et al.,, 2010) (Figure 1.2). The use of pesticides,

designed to control the occurrence of unwanted organisms, has increased in the last
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decades, particularly since the adoption of genetically modified crops resistant to
herbicides in the mid-1990s, which facilitated weeds control without harming crops and,
in response to intensified herbicide use, resistant weeds started to be observed creating
the need to each time increase herbicide application doses to their extermination
(Mortensen, Egan, Maxwell, Ryan, & Smith, 2012). In 2019, the global annual application
of herbicides surpassed 4 million tons (FAO, 2021b). Global annual application of
fertilizers, which provide nutrients for faster growth and better yields of crops, also
exceeds millions of tons (FAO, 2021a). Although pesticides and fertilizers are
concomitantly found in surface waters (Altenburger, Backhaus, Boedeker, Faust, &
Scholze, 2013), their interactive impact is rarely assessed and deserves more attention
as organisms are often exposed to mixtures of contaminants rather than individual
chemicals and their effects may be different when analyzed separately (Geyer, Smith, &
Rettig, 2016; Relyea, 2009).

Rainfall
Agrochemicals

Figure 1.2 Simple schematic of how agrochemicals reach freshwater resources, made
with ©Canva (canva.com) and ©BioRender (biorender.com).
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Freshwater microbes and agricultural pollution
Falkowski et al. (2008) claimed that microorganisms are the “engines that drive

Earth’s biogeochemical cycles” as they evolved protein complexes able to catalyze highly
energetic redox reactions essential for life on Earth. These reactions are fundamental to
the biogeochemical fluxes of chemical elements that compose essential biomolecules,
such as carbohydrates, proteins, and nucleic acid (Figure 1.3). Fluxes of carbon,
hydrogen, oxygen, nitrogen and sulfur are mostly driven by “biological machines”
encoded in microbial genomes (Falkowski et al., 2008). Phosphorus is also an important
element of biological macromolecules that accumulates in the sediments of aquatic
systems and whose bioavailability is associated with the enzymatic activity of
microorganisms (Williamson, Saros, Vincent, & Smol, 2009). Freshwater resources,
particularly lentic systems such as lakes and reservoirs, are important sinks of these
major elements during their transport across the landscape, acting as hotspots for
biogeochemical cycles (Cheng & Basu, 2017; Cole et al., 2007), where microorganisms
play essential roles catalyzing chemical reactions.

MICROORGANISMS CATALYZE IMPORTANT
REACTIONS IN THE CYCLES OF ELEMENTS

Methanogenesis Fermentation Oxygenic and anoxygenic
Methanotrophy Respiration photosynthesis

Nitrate and nitrite Nitrogen fixation N
anaerobic respiration ‘
Oxygenic respiration

Oxygenic photosynthesis >t

Sulphate and sulphur

anaerobic respiration

Respiration
Methanogenesis H

Figure 1.3 Non-extensive list of reactions catalyzed by microorganisms organized by the
element whose flux they participate (Falkowski et al., 2008). These elements, together
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with phosphorus, are essential components of biomolecules. lllustration made with
©Canva (canva.com).

Freshwater resources represent a substantial percentage of the Canadian
landscape, with almost 1 million lakes occupying about 10% of the country’s territory and
contributing about 20% of the world’s freshwater stocks (Huot et al., 2019). Lakes provide
significant ecosystem services to both humans and wildlife, such as oxygen and
greenhouse gas production (Cole et al., 2007). However, as anthropogenic interferences
increase worldwide, lake health and the ecosystem services they provide are susceptible
to changes (Williamson, Dodds, Kratz, & Palmer, 2008), as are the microbial communities
inhabiting lakes (Kraemer et al., 2020).

Human activity and especially intensive agriculture affects freshwater microbial
communities with consequences for ecosystem processes. A common consequence of
agricultural land use within watersheds is eutrophication, a process by which water bodies
become enriched in nutrients and experience an excessive increase in primary production
and loss of biodiversity (V. H. Smith & Schindler, 2009). Geographic regions with large
areas occupied by surface waters are also more prone to agricultural development and
thus to eutrophication (Pacheco, Roland, & Downing, 2014). Microbial community
changes caused by eutrophication have pronounced ecosystem impacts with many
cascading effects, such as the increased frequency and intensity of harmful
cyanobacterial blooms (V. H. Smith & Schindler, 2009). Blooms are associated with
decreased fish survival due to intoxication and hypoxia (i.e. the oxygen depletion in the
hypolimnion, the deeper layer of stratified lakes) caused by increased bacterial respiration
as the sediments become richer in organic matter (Scavia et al., 2014). Another important
change of global concern is the enhanced emissions of methane, a potent greenhouse
gas produced by methanogenic archaea and consumed by methanotrophic bacteria
(Evans et al., 2019; Reis, Thottathil, & Prairie, 2022), whose emissions from lakes and
impoundments are predicted to grow considerably in this century as eutrophication
increases worldwide (Beaulieu, DelSontro, & Downing, 2019).

Bacterial communities generally respond rapidly to environmental changes, which

can be explained by their high adaptability given their large mutation supply in large
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population sizes (Shapiro & Polz, 2014). When faced with a disturbance, communities
may remain stable (components of stability are explained in the next section) or oscillate
in their species composition and/or function (Shade et al., 2012). In diverse microbial
communities, some functions are usually redundant (Louca et al., 2016) and it is possible
that, even after a change in species composition, functions remain stable. Nevertheless,
the microbial ecology literature needs more empirical work defining microbial functional
groups and their responses to disturbances, as well as their links with phylogeny. In other
words, we lack research focusing on the relationship between microbial taxonomic groups
and functional traits in communities facing environmental changes (Allison & Martiny,
2008).

Ecology and evolution in the response of microbes to environmental change
Both ecology and evolution play a role in microbial responses to environmental

perturbations, and understanding their relative contribution is a fundamental question.
Although evolutionary responses were traditionally considered slow compared to
ecological responses, both can occur rapidly and simultaneously in microorganisms
(Fussmann, Loreau, & Abrams, 2007; Lenski, 2017). The investigation of ecological and
evolutionary processes happening in microbial communities facing a disturbance
corroborates to better understand features of community stability and bacterial speciation.
Moreover, the study of bacterial responses to agrochemical contamination specifically
contributes to evidence of anthropogenic effects on the freshwater ecosystems, providing
scientific guidance to policymakers.

Ecological responses are defined as changes in population and community
dynamics, either directly due to disturbances, resulting from the interaction between
species and the environment, or indirectly due to species-species interactions in a
biological community (Shade et al., 2012). A variety of features intrinsic to species, such
as tolerance to contaminants, or derived from species interactions, such as competition
or predation, drive ecological responses following a perturbation event (Clements & Rohr,
2009) and confer stability to a community (Allison & Martiny, 2008). Community stability
is comprised of resistance, or the degree to which a community is insensitive to a
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disturbance, and by resilience, or the ability to recover after experiencing a disturbance
(Shade et al., 2012).

Evolutionary responses are defined as shifts of heritable traits, resulting from new
genetic variation or changes in allele frequencies within a population or species. Genetic
variation within species arises by recombination or mutation and is fixed through genetic
drift by chance in small populations, or by natural selection in larger populations (Nei,
Suzuki, & Nozawa, 2010). When a mutation under selection reaches 100% frequency,
this is called a selective sweep, which may be restricted to genes (i.e. gene-specific
selective sweeps), generally when recombination rates are high relative to the strength
of selection, or may happen to complete genomes (i.e. genome-wide selective sweeps)
if selection is stronger than recombination (Shapiro & Polz, 2014).

Tracking of ecological and evolutionary changes in microorganisms has been
largely improved by culture-independent approaches, particularly next-generation
sequencing technologies, such as amplicon and metagenomic sequencing (Shendure &
Ji, 2008). Amplicon sequencing of a taxonomic marker, such as the 16S ribosomal RNA
(rRNA) gene in prokaryotes, allows a cost-effective description of complex natural
microbial communities in environmental samples regarding their taxonomic composition
and diversity (Hugerth & Andersson, 2017). Metagenomic sequencing (i.e. the untargeted
sequencing of virtually all genomes in a given sample) enables the identification of genes
that may be involved directly or indirectly in the response to a perturbation along with the
assembly of genomes and tracking allele frequency variation, allowing the assessment of

evolutionary responses (Quince, Walker, Simpson, Loman, & Segata, 2017).

Mesocosm studies: simplifying complexity to testing ecological hypothesis
Each ecosystem displays an intrinsic complexity resultant of the many interacting

factors: from abiotic, such as temperature and resource availability, to biotic factors, such
as species traits and individual variability. The challenge of observational studies in
ecology is to disentangle which of the many environmental factors drive species
responses while experimental ecology proposes to understand cause-effect relationships
by controlling some variables and reducing complexity (Benton, Solan, Travis, & Sait,
2007).
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Experiments in ecology vary widely in scale, from small-volume laboratory
microcosms (< 1L), large-volume field mesocosms (1 to 10,000 L) to whole-ecosystem
manipulations, such as the whole-lakes experiments in the Experimental Lakes Area
(Malley & Mills, 1992). Ecotoxicological assessments of agrochemicals are usually
conducted in small-scale laboratory assays focusing on the effect of one chemical on a
single species. While this approach facilitates understanding the mechanisms of action
and identifying species inhibitory concentrations, it ignores potential effects arising from
biotic factors, such as the interaction among species, and abiotic factors, such as co-
occurring pollutants or climatic conditions (Gessner & Tlili, 2016), which are present in a
natural scenario. Field experiments, such as mesocosms or whole-ecosystem
manipulations, account for these factors and are therefore complementary to laboratory
assays for ecotoxicological assessments (Gessner & Tlili, 2016; M.-P. Hébert et al.,
2021).

Outdoor mesocosms combine features of field and laboratory methodologies to
estimate causal effects of controlled variables (e.g. concentration of a contaminant) under
non-controlled near-natural environmental conditions, such as light exposure,
temperature variation and precipitation (Alexander, Luiker, Finley, & Culp, 2016). They
are orders of magnitude smaller than a natural ecosystem and usually constrained in
duration, limiting their explanatory power, especially when compared to whole-ecosystem
experiments (S. Carpenter, 1996; Schindler, 1998). Although mesocosm and microcosm
experiments fail to completely replicate a natural ecosystem, they have been historically
used to understand ecological processes thanks to their feasibility compared to whole-
ecosystem manipulations, which are too expensive, and cause impacts by simulating
perturbations in the natural system of interest (Alexander et al., 2016). Mesocosms
experiments can be used to explore ecological mechanisms and the drivers of biodiversity

loss (Benton et al., 2007) and should be seen as complementary to larger-scale studies.

Thesis structure, objectives and hypotheses
The main goal of this thesis is to provide knowledge on how bacterial communities

and populations respond to contamination with agrochemicals in a freshwater mesocosm

setup exploring their ecological and evolutionary responses to simulated perturbations. |
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used high-throughput sequencing technologies and different bioinformatic approaches to
investigate shifts in the composition of species and genes within communities in addition
to allelic variation within species through time. Below | summarize the objectives and
hypotheses of each of the three studies comprising this thesis.

In the first study (Chapter Il), | quantified bacterioplankton community responses
to pulse perturbations of two globally relevant pesticides, a glyphosate-based herbicide
(GBH) and the neonicotinoid insecticide imidacloprid, in combination with the effect of
fertilizers (nutrient pollution). | aimed to investigate ecological responses driven by each
pesticide isolated or in combination, under two scenarios of fertilizers input. | described
changes in community diversity, species composition, bacterial density and functional
diversity through time and across different treatments. My hypothesis was that GBH
perturbation would promote direct changes in bacterial composition and reduced
richness, as many bacteria have the sensitive class of the glyphosate target enzyme and
other naturally occurring species have a resistant enzyme, including the Agrobacterium
strain whose resistance gene is used in genetically modified crops resistant to glyphosate
(Funke, Han, Healy-Fried, Fischer, & Schonbrunn, 2006). On the other hand, | did not
expect direct effects on bacteria in the insecticide treatments and | hypothesized that
bacterial density would increase as a consequence of the relaxed grazing pressure (M.-
P. Hébert et al., 2021). | also predicted that fertilizers treatment would increase bacterial
density and that treatments stimulating increased biomass would mask the negative effect
of other contaminants (Alexander, Luis, Culp, Baird, & Cessna, 2013). Finally, | expected
functional diversity to be more resistant than taxonomic diversity to agrochemical
perturbations, as bacterial communities are often redundant for the functions | tested,
related to carbon substrate use (Louca et al., 2018).

In the second study (Chapter Ill), motivated by the fact that some species known
to be sensitive to glyphosate were among those favoured by the GBH treatment, | focused
on changes that the herbicide promoted in the composition of genes predicted from
metagenomic bacterial DNA. More specifically, | tested the hypothesis that antimicrobial
resistance genes (ARGs) would explain the success of species facing contamination with
GBH. Previous studies with laboratory cultures have shown an association between

antimicrobial resistance induced by the presence of glyphosate (Kurenbach et al., 2017;
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Kurenbach, Hill, Godsoe, Van Hamelsveld, & Heinemann, 2018) and suggested the role
of efflux pumps in the adaptive response to the GBH Roundup (Kurenbach et al., 2015).
To our knowledge, only one field study confirmed the correlation between the prevalence
of ARGs and the application of glyphosate in soil bacterial communities (Liao et al., 2021)
and our study was the first to test it in aquatic microbiomes. We expected to find evidence
that, in a complex bacterial community, efflux pumps would explain the adaptive response
to glyphosate, as observed in isolated strains in laboratory conditions.

In the third study (Chapter IV), | investigated the evolutionary responses of
bacterial populations with similar ecological responses to the GBH treatment. | aimed to
test if the ecological responses of successful species observed in Chapter 2 could be
explained by the same evolutionary mechanism. | hypothesized that intraspecific diversity
in populations surviving to the GBH stress would decrease as a consequence of the
selection of resistant individuals. More specifically, | expected to observe genome-wide
sweeps, or the fixation of alleles throughout the genome in previously diverse populations,
as predicted by the stable-ecotype model, an evolutionary model that explains the origin
of distinct phylogenetic groups through occasional diversity purges driven by selection
(Cohan, 2001; Cohan & Perry, 2007). Through this chapter, | intended to investigate the
generality of the stable-ecotype model. The model has received some support from
observational data (Bendall et al., 2016; Jain, Rodriguez-R, Phillippy, Konstantinidis, &
Aluru, 2018), but not from experimental data with a controlled selective pressure.
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Abstract

Agricultural pollution with fertilizers and pesticides is a common disturbance to
freshwater biodiversity. Bacterioplankton communities are at the base of aquatic food
webs, but their responses to these potentially interacting stressors are rarely explored.

To test the extent of resistance and resilience in bacterioplankton communities
faced with agricultural stressors, we exposed freshwater mesocosms to single and
combined gradients of two commonly used pesticides: the herbicide glyphosate (0-15
mg/L) and the neonicotinoid insecticide imidacloprid (0-60 pg/L), in high or low nutrient
backgrounds. Over the 43-day experiment, we tracked variation in bacterial density with
flow cytometry, carbon substrate use with Biolog EcoPlates, and taxonomic diversity and
composition with environmental 16S rRNA gene amplicon sequencing. We show that only
glyphosate (at the highest dose, 15 mg/L), but not imidacloprid, nutrients, or their
interactions measurably changed community structure, favoring members of the
Proteobacteria including the genus Agrobacterium. However, no change in carbon
substrate use was detected throughout, suggesting functional redundancy despite
taxonomic changes. We further show that communities are resilient at broad, but not fine
taxonomic levels: 24 days after glyphosate application the precise amplicon sequence
variants do not return, and tend to be replaced by phylogenetically close taxa. We
conclude that high doses of glyphosate — but still within commonly acceptable regulatory
guidelines — alter freshwater bacterioplankton by favoring a subset of higher taxonomic
units (i.e. genus to phylum) that transiently thrive in the presence of glyphosate. Longer-
term impacts of glyphosate at finer taxonomic resolution merit further investigation.

Introduction

Agricultural expansion and intensification are major drivers of global environmental
change in both terrestrial and aquatic ecosystems (Song et al., 2018; Springmann et al.,
2018; Tilman et al., 2001). Chemicals derived from agricultural landscapes, such as
fertilizers and pesticides, are among the main sources of freshwater pollution (Vérosmarty
et al., 2010), leading to eutrophication (S. R. Carpenter et al., 1998; Keatley, Bennett,
Macdonald, Taranu, & Gregory-Eaves, 2011) and biodiversity loss (DeLorenzo, Scott, &

Ross, 2001; Relyea, 2009; Stehle & Schulz, 2015). Anthropogenic climate change may
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intensify these effects as variation in precipitation patterns and increased temperatures
affect agrochemicals fate, transport, and behavior in surface and groundwater
(Bloomfield, Williams, Gooddy, Cape, & Guha, 2006; Jeppesen et al., 2009). Agricultural
runoff to waterbodies particularly increases after storms, acting as a pulse perturbation
(Cedergreen & Rasmussen, 2017) while bringing a mixture of nutrients, herbicides and
insecticides that may interact to affect aquatic microbial taxa (Flood & Burkholder, 2018)
and communities (Lozano & Pratt, 1994; Starr, Bargu, Maiti, & DelLaune, 2017). The
impact of agricultural contaminants may depend on whether they are applied alone or in
combination (Altenburger et al., 2013), and the effects of combinations may be difficult to
predict based upon data from single contaminants, possibly due to complex interactions
within diverse bacterial communities (Romero, Acuia, & Sabater, 2020).

Agricultural activity has a major impact on bacterioplankton (Kraemer et al., 2020)
and, as a consequence, on the ecosystem processes they provide; e.g. decomposition of
organic matter (Piggott, Niyogi, Townsend, & Matthaei, 2015) and nutrient cycling
(Romero et al., 2020). Altering these processes may have broad consequences for
aquatic ecosystem productivity, food webs, and the human activities that depend upon
them (S. R. Carpenter, Stanley, & Vander Zanden, 2011).

Nutrient pollution is among the most important stressors affecting biodiversity in
lakes (Birk et al., 2020). It promotes eutrophication (V. H. Smith, Joye, & Howarth, 2006),
which can increase bacterial biomass, reduce phytoplankton diversity, and trigger harmful
algal blooms (Paerl, Otten, & Kudela, 2018; V. H. Smith & Schindler, 2009). While few
studies have addressed individual and combined effects of fertilizers with herbicides or
insecticides on phytoplankton and zooplankton communities (Baker, Mudge, Thompson,
Houlahan, & Kidd, 2016; Chara-Serna, Epele, Morrissey, & Richardson, 2019; Geyer et
al., 2016), analogous assessments of bacterioplankton are more scarce. Yet, similar to
other planktonic communities, bacteria may also be directly or indirectly (e.g. through
trophic effects) affected by the individual or combined effects of these stressors, despite
not being their intended targets (Muturi, Donthu, Fields, Moise, & Kim, 2017).

The herbicide glyphosate, mainly formulated commercially as Roundup, and the
neonicotinoid insecticide imidacloprid (available in different commercial formulations) are

among the most commonly used pesticides worldwide (Benbrook, 2016; Simon-Delso et
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al., 2015), despite restrictions on their use in different jurisdictions. In North America and
the European Union, common benchmarks to protect aquatic life range from 800 to
26,600 pg/L of glyphosate for long-term (chronic) exposure, and between 27,000 to
49,000 ng/L for short-term (acute) exposure (CCME, 2012; EFSA, 2016; EPA, 2019). In
contrast, lower concentrations of imidacloprid are considered safe for aquatic
invertebrates, ranging from 0.009-0.385 ng/L (CCME, 2007; EFSA, 2014; EPA, 2019)
(Table 11.S1). Most of these criteria were developed based on toxicity tests on individual
eukaryotic organisms, and it remains unclear how bacterial communities respond to these
concentrations considered “safe for aquatic life” and what consequences their responses
might have on the ecosystem functions they provide.

Glyphosate is a broad-spectrum synthetic phosphonate herbicide used for weed
control. It acts by inhibiting the enzyme enolpyruvylshikimate-3-phosphate synthase
(EPSPS) involved in the biosynthesis of aromatic amino acids essential to plants, its
target group, but also to many fungi and bacteria (Pollegioni, Schonbrunn, & Siehl, 2011).
However, some microorganisms are resistant to glyphosate either by expressing an
insensitive form of the target enzyme (Funke et al., 2006; Healy-Fried, Funke, Priestman,
Han, & Scho, 2007) or by metabolizing the molecule and using it as a phosphorus source
(Hove-densen, Zechel, & Jochimsen, 2014). Glyphosate could therefore select for
resistant species within bacterial communities (Muturi et al., 2017). Moreover, as it may
prevent the growth of some phytoplankton species (Smedbol, Lucotte, Labrecque,
Lepage, & Juneau, 2017), bacterioplankton could be affected indirectly, for example by
reduced competition with phytoplankton.

Unlike glyphosate, imidacloprid is an insecticide commonly used as a seed-coating
agent intended to control sapling damage from piercing-sucking insects (CCME, 2007;
Jeschke & Nauen, 2008). It acts on insect nervous systems (Roberts & Hutson, 1999)
and can be toxic to many aquatic invertebrates, especially insects and crustaceans
(Morrissey et al., 2015). Although it is not known to inhibit bacteria directly, it could affect
them indirectly via trophic effects on their predators or grazers. If imidacloprid reduces
total zooplankton biomass, for example, a reduction in predation pressure could promote

an increase in bacterioplankton biomass. Ecosystem functions provided by

38



bacterioplankton, such as carbon use, could subsequently be affected, as has been
observed in experiments with other insecticides (Thompson et al., 2016).

Bacterioplankton are important drivers of energy and nutrient cycling in freshwater
ecosystems (Falkowski et al., 2008; Konopka, 2009), and more observations are needed
to understand how they respond to anthropogenic disturbances (Allison & Martiny, 2008).
They may respond with detectable changes in species composition (Allison & Martiny,
2008) that could be permanent, thereby providing a measure of the historical impact of
anthropogenic activities on ecosystem health (Kraemer et al., 2020). Alternatively,
community composition could be resistant or resilient to changes (Shade et al., 2012).
Even if disturbances alter community composition, ecosystem processes may remain
stable if pre- and post-disturbance communities are functionally redundant (Allison &
Martiny, 2008).

Functional redundancy is thought to be common in microbial communities, as most
metabolic pathways controlling biogeochemical cycles are encoded by several different
phylogenetic groups. Certain functions, such as photosynthesis and methanogenesis, are
however phylogenetically restricted (Falkowski et al., 2008). It is likely that communities
are partially redundant for general functions like respiration or biomass production, but
non-redundant for more specific functions encoded by unique taxa (Louca et al., 2018).
The prevalence of, and reasons for microbial community resistance, resilience, and
functional redundancy are still debated (Allison & Martiny, 2008; Shade et al., 2012),
particularly in response to novel anthropogenic disturbances which increasingly involve
combinations of stressors.

In this study, we experimentally tested the effects of pulse applications of
glyphosate and imidacloprid, under low (mesotrophic) or high (eutrophic) nutrient
conditions, on bacterioplankton community density, taxonomic composition and richness,
and functions related to carbon substrate use. To do so, we filled 1,000 L mesocosms
with water and planktonic organisms from a pristine lake located on a mountaintop of a
protected area with no history of agricultural activity. Using a regression design, we
applied gradients of pesticide concentrations (Figure 11.1), spanning ranges observed in
surface runoff and freshwater systems (Hénault-Ethier et al., 2017; Morrissey et al., 2015;

van Bruggen et al., 2018). Highest doses applied are considered harmful to eukaryotic
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organisms upon which nationwide water quality guidelines are based (Table 11.51). To
quantify individual and interactive effects of agricultural stressors, we applied these
pesticides alone and in combination, and in the presence or absence of nutrient
enrichment simulating fertilizer pollution. Pesticides were applied as pulse perturbations
to mimic how these contaminants reach natural freshwater ecosystems from agricultural
fields, while nutrient enrichments were applied as press treatments to mimic mesotrophic
and eutrophic conditions.

We hypothesize that glyphosate will change bacterial community composition and
reduce richness, as many taxa depend on the target enzyme (EPSPS) to synthesize
aromatic amino acids, while other species encode a resistant allele of EPSPS (Funke et
al., 2006; Healy-Fried et al., 2007; Rainio et al., 2021) or are able to metabolize
glyphosate (Hove-Jensen et al., 2014). While imidacloprid is less likely to directly impact
bacteria, we hypothesize that it can exert indirect effects due to its potential toxicity to
aquatic invertebrates (Chara-Serna et al., 2019), releasing grazing pressure on bacterial
communities and increasing their density. When applied in combination with glyphosate,
imidacloprid may therefore delay or mask the effects of glyphosate on bacterioplankton
community structure. Similarly, fertilizers might also increase microbial productivity and
mask negative effects of glyphosate, as it does with other contaminants (Alexander et al.,
2013). We also expect some positive effects of glyphosate on bacterial density, as it may
serve as a source of phosphorus for some species (Hove-Jensen et al., 2014). Finally,
we predict that functional diversity will be less prone to changes than taxonomic
composition, as bacterial communities tend to be functionally redundant (Louca et al.,
2018). We thus expect to detect changes in bacterial community composition and species
richness at lower pesticide doses, and changes in functional diversity only at higher

doses, or not at all.

Materials and methods

Experimental design and sampling
We conducted a mesocosm experiment at the Large Experimental Array of Ponds
(LEAP) platform at McGill University’s Gault Nature Reserve (45°32’N, 73°08'W), a

protected area with no history of agricultural pollution (Beauséjour, Handa, Lechowicz,
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Gilbert, & Vellend, 2015) in Quebec, Canada. The pond mesocosms at LEAP are
connected to a reservoir that receives water from the upstream Lake Hertel through a 1
km pipe by gravity. On May 11, 2016 (99 days prior to the start of the experiment), 100
ponds were simultaneously filled with 1,000 L of lake water, to acclimate communities to
the mesocosm setting. When filling ponds we used a coarse sieve to prevent fish
introduction. To maximize initial homogeneity among communities (before treatments),
and because this study focuses on planktonic microbes, no sediment substrate was
added to the ponds. Tadpoles and large debris such as leaves and pollen were
periodically removed with a net before the experiment commenced. Additional lake water
was added on a biweekly basis (~10% of total volume) between May and August to
ensure a continuous input of lake bacterioplankton, tracking seasonal changes in the
source lake community, and to homogenize communities across ponds. The experiment
reported here used 48 of these pond mesocosms from August 17" (day 1) to September
28! (day 43), and it is part of a collaborative experiment that also assessed responses of
zooplankton in the same set of ponds (M.-P. Hébert et al., 2021) and phytoplankton
responses in a subset of these ponds for a longer period of time (Fugere et al., 2020).
Throughout our experiment, phosphorus (P) and nitrogen (N) were simultaneously
added biweekly to simulate nutrient enrichment at a constant rate, starting on August 10™,
7 days before the first sampling day to ensure communities would have passed their
exponential growth phase before the first pulse of pesticides was applied. Our nutrient
treatment included two levels, with target concentrations of 15 ug P/L (hereafter referred
as low-nutrient treatment) typical of mesotrophic Lake Hertel (Thibodeau, Walsh, &
Beisner, 2015) and 60 ug P/L (high-nutrient treatment; eutrophic conditions). Nutrient
solutions were made using nitrate (KNOs) and phosphate (KH2POs4 and K2POa)
preserving the same N:P molar ratio (33:1) found in Lake Hertel; the target concentrations
were therefore 231 pg N/L and 924 pg N/L for low- and high- nutrient treatments
respectively. Over the course of the experiment, the average total P (TP) concentration
measured in the source lake was 20.4 ug/L (standard error, SE=+1.3) and the average
TP achieved in ponds with no pesticide addition was 13.6 ug/L (SE=+0.71) and 36.7 ug/L
(SE=%10.8) respectively for low- and high-nutrient treatment. The average total N (TN)
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concentration was 556.9 pg/L (SE=160.7) at Lake Hertel, 407.8 ug/L (SE=+32.7) and
789.0 pg/L (SE=%177.6) respectively in control ponds with low and high nutrient inputs.

Within each nutrient treatment, ponds received varying amounts of the herbicide
glyphosate or the insecticide imidacloprid, separately or in combination, in a regression
design with seven levels of pesticide concentration plus controls with no pesticide addition
(Figure 11.1A). The seven levels of target concentration were: 0.04, 0.1, 0.3, 0.7, 2, 5.5
and 15 mg/L for glyphosate and 0.15, 0.4, 1, 3, 8, 22 and 60 pg/L for imidacloprid. There
was no replication for each combination of nutrient and pesticide concentration, which is
compensated by the wide gradient of pesticides concentration established in the
regression design (Figure 11.1A). Glyphosate was added in the form of Roundup Super
Concentrate (Monsanto®©) and target concentrations calculated based on its glyphosate
acid content, while imidacloprid was added in the form of a solution prepared with pure
imidacloprid powder (Sigma-Aldrich, Oakville, Canada) dissolved in ultrapure water.
Treatment ponds received two pulses of pesticides (at days 6 and 34 of the experiment)
while nutrients were applied biweekly to maintain a press treatment. The target
concentrations of glyphosate and imidacloprid were well correlated with the measured
concentrations in the ponds (Figure [1.S1A-B) with the exception of a few ponds receiving
the highest imidacloprid dose which reached lower concentrations than intended,
especially after the second pulse (Figure [.S1C). These ponds nonetheless reached
higher concentrations than ponds lower on the imidacloprid gradients (i.e., a clear
gradient was established).

Bacterioplankton communities were sampled at six different timepoints (Figure
[I.1B): one before pesticide application (day 1); three between pulse 1 and pulse 2
applications (days 7, 15, and 30); and two timepoints after the second pulse (days 35 and
43). Pesticide quantification was performed immediately after each pulse application
(days 6 and 34) and at two time points between them (days 14 and 29) while nutrients
were quantified on the same days as bacterioplankton except for days one and 35 (Figure
I1.1B).

Water samples for nutrient and microbial community analyses were collected from
each mesocosm with integrated samplers (made of 2.5 cm-wide PVC tubing) and stored

in dark clean 1L Nalgene (Thermo Scientific) bottles triple-washed with pond water. To
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avoid cross contamination, we sampled each pond with a separate sampler and bottle.
We kept bottles in coolers while sampling and then moved them to an on-site laboratory,
where they were stored at 4 °C until processing, for no longer than 4 hours. Water
samples for pesticide quantification were collected immediately after pesticide application
(days 6 and 34) in a subset of ponds englobing each gradient and in a smaller subset
between the pulses (days 14 and 29). They were stored in clear Nalgene bottles (1 L),

acidified to a pH < 3 with sulfuric acid and frozen at -20 °C until analysis.
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Figure 1.1 Experimental design and sampling timeline A) In total, 48 mesocosms
(ponds) at the Large Experimental Array of Ponds (LEAP) at the Gault Nature Reserve
were filled with 1,000 L of pristine lake water and received two pulses of the pesticides
glyphosate and imidacloprid, alone or in combination, at two different nutrient enrichment
scenarios. Each box represents an experimental pond and those outlined in bold indicate
ponds sampled for DNA extraction and 16S rRNA gene amplicon sequencing. B) The
experiment lasted 43 days and pesticides were applied on days 6 (pulse 1) and 34 (pulse
2). Dates of sampling for each variable are indicated with points. Nutrients were added
every two weeks at a constant dose, starting seven days before the first sampling day.
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Nutrient and pesticide quantification

Quantification of TP and TN from unfiltered water samples were processed at the
GRIL (Interuniversity Group in Limnology) analytical laboratory at the Université du
Québec a Montréal following standard protocols as outlined by McComb (2002).
Duplicate subsamples (40 mL) of water sampled from each pond were stored in acid-
washed glass tubes and kept at 4 °C until nutrient concentrations were quantified. TN
concentration was determined using the alkaline persulfate digestion method coupled
with a cadmium reactor (Patton & Kryskalla, 2003) in a continuous flow analyzer (Ol
Analytical, College Station, TX, USA). TP was estimated based on optical density in a
spectrophotometer (Biocrom Ultrospec 2100pro, Holliston, MA, USA) after persulfate
digestion through the molybdenum blue method (Wetzel & Likens, 2000). Glyphosate and
imidacloprid concentrations were quantified through liquid chromatography coupled to
mass spectrometry using an Accela 600-Orbitrap LTQ XL (LC-HRMS, Thermo Scientific).
The method consisted of heated electrospray ionization (HESI) in negative mode for
glyphosate, acquisition in full scan mode (50-300 m/z) at high resolution (FTMS = 30,000
m/Dz) and the same LC-HRMS system but using positive HESI mode for imidacloprid
(mass range 50-700m/z). Limits of detection were 1.23 and 1.44 pg/L for glyphosate and
imidacloprid respectively, while quantification thresholds were respectively 4.06 ug/L, and
4.81 pg/L. Samples falling below limits of detection were pre-concentrated with a factor
of 40X (10 mL samples were reconstituted to 250 uL) and their final concentration were
back-calculated according to the concentration factor.

Estimating bacterial density through flow cytometry

To estimate the density of bacterial cells, we fixed 1 mL of the 1 L sampled pond
water with glutaraldehyde (1% final concentration) and flash froze this subsample in liquid
nitrogen (Gasol & Del Giorgio, 2000; Ruiz-Gonzalez et al., 2018). We stored samples at
-80 °C until they were processed via a BD Accuri C6 flow cytometer (BD Biosciences,
San Jose, CA, USA). After samples were thawed at room temperature (18-20 °C), we
prepared dilutions (1:25) with Tris-EDTA buffer (Tris-HCI 10 mM; EDTA 1 mM; pH 8) and
aliquoted in two duplicate tubes. Samples were then stained with Syto13 Green-
Fluorescent Nucleic Acid Stain (0.1 v/vin DMSO; ThermoFisher S7575) and incubated in
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the dark at room temperature (18-20 °C) for 10 min. To validate the equipment calibration,
we ran BD TruCount Absolute Count Tubes (BD Biosciences) each day, prior to sample
processing. Samples were run until reaching 20,000 events, at a rate of 100-1,000
events/s in slow fluidics (14 yL/min). Events within a predefined gate on a 90° light side
scatter (SSC-H) versus green fluorescence (FL1-H) cytogram were used for cell counts
estimation. This inclusive gate was defined to maximize cell counts accuracy by excluding
background noise and large debris. Bacterial density was estimated based on cell counts
detected within the gate, flow volume, and sample dilution. We calculated the average
bacterial density for each pair of analytical duplicates with a coefficient of variation (CV,
i.e., ratio between the standard deviation and average of the duplicate values) less than
0.08. If the CV was greater than or equal to 0.08, the sample was run a third time, and

the outlying value was discarded before taking the mean of the two remaining samples.

Carbon substrate utilization patterns

We used Biolog EcoPlate® assays (Hayward, CA, USA) to infer community-level
utilization of dissolved organic carbon by microbes. For all treatments (Figure 11.1A) and
at each of the six sampled timepoints (Figure 11.1B), we added 125 uL of unfiltered pond
water to each well of the EcoPlates. Each plate contains, in triplicates, 31 different organic
carbon substrates and water controls. These substrates can be grouped into five main
guilds (amines/amides, amino acids, carbohydrates, carboxylic acetic acids and
polymers), as summarized in Table 11.52. We measured the optical density at 590 nm in
each well as a proxy for microbial carbon substrate use, since it causes a concomitant
reduction of the redox-sensitive tetrazolium dye, whose color intensity is measurable at
this wavelength. Plates were incubated in the dark at room temperature (18-20 °C) and
well absorbance was measured daily until an asymptote was reached (Ruiz-Gonzalez et
al., 2018; Ruiz-Gonzélez, Nifio-Garcia, Lapierre, & del Giorgio, 2015). For each daily
measurement, an average well color development (AWCD) was calculated. To correct for
variation in inoculum density we selected substrate absorbance values of the plate
measurements with AWCD closest to 0.5 (usually after 3-8 days of incubation) as
suggested in Garland (2001). We then calculated the blank-corrected median absorbance

of each substrate at each sampled timepoint for analyses.
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DNA extraction, 16S rRNA gene ampilification and sequencing

We selected a subset of ponds for DNA extraction and subsequent analyses
(outlined in bold in Figure 1l.1A) to assess bacterioplankton community responses at the
extremes and the middle of the experimental gradient. From each timepoint and nutrient
treatment, we chose two control ponds (beginning of the gradient, no pesticide addition),
ponds with the third lowest concentration (middle of the gradient) of each or both
pesticides (1 pg/L imidacloprid and/or 0.3 mg/L glyphosate), and ponds with the highest
concentration (end of the gradient) used in the experiment for each or both pesticides (60
Mg/l imidacloprid and/or 15 mg/L glyphosate). We selected ponds with high
concentrations of pesticides to maximize the chance of detecting a response from the
bacterial community. That said, we still kept concentrations that fall below available
regulatory acceptable concentrations for glyphosate in North America (Table 11.S1),
allowing us to ask whether changes in bacterial communities can be detected at
concentrations considered safe for aquatic eukaryotes in a region where glyphosate is
extensively used (Benbrook, 2016; Simon-Delso et al., 2015). In total, we sampled 16 of
the 48 experimental ponds at six timepoints, yielding a total of 96 samples for 16S rRNA
amplicon sequencing (Figure I1.1B). After sampling 1 L of pond water as described above,
we immediately filtered 250 mL through a 0.22 um pore size Millipore hydrophilic
polyethersulfone membrane of 47 mm diameter (Sigma-Aldrich, St. Louis, USA) and
stored filters at -80 °C until DNA extraction. We extracted and purified total genomic DNA
from frozen filters using the PowerWater DNA Isolation Kit (MoBio Technologies Inc.,
Vancouver, Canada) following the manufacturer’s protocol, that includes a 5-min vortex
agitation of the filter with beads and lysis buffer to enhance cell lysis. We quantified
genomic DNA with a Qubit 2.0 fluorometer (ThermoFisher, Waltham, MA, USA) and used
10 ng to prepare amplicon libraries for paired-end sequencing (2 x 250 bp) on two lllumina
MiSeq (lllumina, San Diego, CA, USA) runs. We performed a two-step polymerase chain
reaction (PCR) targeting the V4 region of the 16S rRNA gene, with primers U515 F and
E786_R, as described in Preheim et al. (2013). Further details on PCR reactions, library
preparation and amplicon sequencing, including positive controls (mock communities)

and negative controls are described in the Supplementary Material.
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Sequence data processing

We used idemp (https://github.com/yhwu/idemp) to demultiplex barcoded fastq
files from the sequencing data, and cutadapt to remove remaining lllumina adapters
(Martin, 2011). The DADAZ2 package (Callahan et al., 2016) in R was used to filter and
trim reads, using the default filtering parameters with a maximum expected error (maxEE)
score of two. Reads were trimmed on the left to remove primers and those shorter than
200 or 150 bp were discarded, respectively, for forward and reverse reads. DADA2 was
also used to infer amplicon sequence variants (ASVs), remove chimeras and finally obtain
a matrix of ASV counts in each sample for each MiSeq run independently. We used the
default parameters of the “learning error rates” function with the multithread option
enabled. The number of raw reads and non-chimeric reads obtained from each sample
are summarized in Table [I.S3 (average raw reads per sample: 43,159; SE=2,245).
Excluding mock communities, extraction blanks and PCR controls, we obtained
1,787,412 raw reads in the first run and 4,702,355 in the second run, of which we retained,
respectively, 1,565,021 and 4,188,644 non-chimeric reads. PCR negative controls and
extraction blanks produced 214 non-chimeric reads in total; these were excluded from
downstream analyses as we only included samples with a minimum of 6,000 reads. Of
the 30 expected sequences from the custom mock community (Preheim et al., 2013),
DADAZ2 found 25 exact sequence matches, producing 5 false negatives and 7 false
positives (for a total of 32 sequences). In the ATCC mock, 23 of the 24 expected
sequences were found, with only 1 false negative but 10 false positives (for a total of 33
sequences). False positives were closely related to the expected sequence match and,
compared to sequence clustering-based methods, ASV inference showed a better
performance. We concatenated DADA2 abundance matrices from each MiSeq run and
then used TaxAss (Rohwer, Hamilton, Newton, & McMahon, 2018) to assign ASV
taxonomy with a database specifically curated for freshwater bacterioplankton,
FreshTrain (Newton, Jones, Eiler, Mcmahon, & Bertilsson, 2011), and GreenGenes
(DeSantis et al., 2006), with a minimum bootstrap support of 80% and 50%, respectively.
After performing a multiple sequence alignment with the R package DECIPHER (Wright,
2016), we constructed a maximum likelihood phylogenetic tree using the phangorn

package following recommendations made by Callahan (2016). For subsequent
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analyses, we imported the ASV abundance matrix together with taxonomic assignments
and environmental data as an object in the phyloseq package (McMurdie & Holmes,
2013) in R. We removed sequence data identified as mitochondria or chloroplast DNA
and normalized read counts using the DESeq2 package (Love, Huber, & Anders, 2014),
which performs a variance stabilizing transformation without discarding reads or samples
(McMurdie & Holmes, 2014), which is important in the context of high read depth variation,
as observed among our samples (Table 11.S3). As normalizations such as the DESeq2
method tend to reduce the importance of dominant taxa while inflating the importance of
rare taxa (McKnight et al., 2019), for comparison with DESeq2, we additionally normalized
the abundance matrix in two ways: (1) by calculating relative abundances (proportions)
of each ASV, and (2) by rarefying to 10,000 reads (948 ASVs and 7 samples were
consequently removed). These two alternative normalizations are presented in the
Supplementary Materials, and are generally concordant with the DESeq2 results in the
main text. For most compositional analyses in the main text, we calculated the estimated
absolute abundance (EAA) of ASVs per sample by multiplying the DESeqg2 normalized
ASVs relative abundance by the total bacterial cell counts found in the sample through

flow cytometry (Z. Zhang et al., 2017).

Statistical analyses

To assess resistance and resilience to experimental treatments, we compared
changes in bacterial community density, microbial carbon substrate use, as well as
bacterioplankton community taxonomic structure (richness and composition), as
explained in detail below. We conducted all statistical analyses in R version 3.5.1 (R Core
Team, 2020). As we tested hypotheses of different treatment effects at different

timepoints, we applied a Bonferroni correction for multiple hypothesis testing.

Treatment effects on bacterioplankton density

Time series of bacterial density were analyzed with a generalized additive mixed
model (GAMM) with the mgcv R package (Wood, 2017) to quantify the singular and
interactive effects of nutrient and of each pesticide treatment on bacterioplankton density
as a function of time while accounting for nonlinear relationships. Glyphosate and
imidacloprid target concentrations were rescaled (from 0 to 1) to match the scale of the

nutrient treatment factor (binary) and we tested for their effect individually or in
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combination. Individual mesocosms (ponds) were included as a random effect (random
smooth) to account for non-independence among measurements from the same pond
over time. Model validation was performed by investigating residual distributions,
comparing fitted and observed values and checking if basis dimensions (k) of smooth
terms were not too low. The model fit (adjusted R?) and further details on predictors used

in the model, including their statistical significance, are provided in Table 11.S4.

Treatment effects on carbon substrate use

We quantified treatment effects on the number of carbon substrates used at each
pond and timepoint with a GAMM with the same terms as the GAMM described above for
modeling bacterial density. More details are provided in Table I1.S4. To assess the effects
of the treatments on carbon substrate utilization patterns by microbial communities over
time, we built principal response curves (PRCs) (Auber, Travers-Trolet, Villanueva, &
Ernande, 2017). PRCs are a special case of partial redundancy analysis (pRDA) in which
time and treatments, expressed as ordered factors, are used as explanatory variables,
while community composition is the multivariate response. Time is considered as a
covariable (or conditioning variable) whose effect is partialled out, and changes in
community composition with the treatments over time are always expressed as deviations
from the control pond at each timepoint. PRCs also assess the contribution of each
species to the treatment effect through the taxa weight (also known as species score)
usually displayed in the right y-axis of a PRC diagram (Van den Brink, den Besten, bij de
Vaate, & ter Braak, 2009). The significance of the first PRC axis was inferred by permuting
the treatment label of each pond while keeping the temporal order, using the permute R
package (Simpson, 2019) followed by a permutation test with the vegan R package (A. J.
Oksanen et al., 2018). Before performing PRCs we transformed the community matrix
(containing carbon substrate use data) using the Hellinger transformation (Legendre &
Gallagher, 2001). PRC of community carbon utilization patterns was performed for the 31
substrates individually and grouped into five guilds (Table 11.S2).

Treatment effects on bacterioplankton community taxonomic structure

To infer the impact of treatments on bacterioplankton taxonomic diversity over
time, we calculated alpha diversity as richness (number of observed ASVs) and as the

exponent of the Shannon index (or Hill numbers (Jost, 2006)) of each sample after
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rarefying the ASV abundance matrix to 10,000 reads without replacement and modelled
their response to pesticide and nutrient treatments using GAMMs. Model equations, their
fit (adjusted R?) and statistics of significant terms are reported in Table 11.S5. In this
analysis, pesticide treatments were considered factors (low vs. high) because 16S rRNA
reads data were only available for a subset of concentrations (Figure I1.1A). Pesticide and
nutrient treatments were coded as ordered factors and models were validated after
investigation of residual distributions, comparison of fitted and observed values and
checking if the basis dimension (k) of smooth terms was sufficiently large.

To assess differences in community composition, we calculated weighted UniFrac
distances (Lozupone & Knight, 2005) and Jensen-Shannon divergence (JSD) among the
subset of samples selected for DNA analyses and represented them in principal
coordinate analysis (PCoA) bidimensional plots. These two metrics are complementary
as the first is weighted for phylogenetic branch lengths unique to a particular treatment,
and the second assesses changes in community composition at the finest possible
resolution, tracking ASVs regardless of their phylogenetic relatedness. We performed a
series of permutational analyses of variance (PERMANOVA) based on weighted UniFrac
distances and JSD to test the effect of treatments (as factors) on community composition
at four sampled timepoints separately: at day 1 (before any treatment was applied), day
7 (immediately after the first pulse), day 15 (11 days after the first pulse), day 30
(immediately before the second pulse) and day 43 (last day of the experiment, after the
second pulse). We also performed an analysis of multivariate homogeneity (PERMDISP)
to test for homoscedasticity in groups dispersions (Anderson, 2006) because the
PERMANOVA may be sensitive to non-homogeneous dispersions within groups and thus
mistake it as among-group variation (Anderson, 2001). A significant PERMDISP (p<0.05)
indicates different within-group dispersions and thus should be used in combination with
visual inspection of the ordination plots to interpret the PERMANOVA results.

Using EAA after read depth normalization with DESeq2, we further visualized
bacterioplankton community temporal shifts with PRCs, asking if the extent of community
turnover varied across phylogenetic levels. Separate models were built for ASVs grouped
at various phylogenetic levels, from phylum to genus. For each PRC model, we evaluated

the proportion of variance (inertia) explained by the conditional variable (time) and the
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constrained variable (treatments), as well as the proportion of explained variance per axis
(the eigenvalue of each RDA axis divided by the sum of all eigenvalues). We used these
values to decide which PRC model, if at the phylum, class, order, family, genus or ASV
level, best explained the variation in the data, and we tested for the significance of the
first PRC axis through a permutation test with the permute and vegan packages in R (A.
J. Oksanen et al., 2018; Simpson, 2019). Taxa weights representing the affinity of the
most responsive taxa with the treatment response curve are displayed the right y-axis of
each PRC diagram. Before performing each PRC we transformed the community matrix
using the Hellinger transformation (Legendre & Gallagher, 2001).

The abundance of the three genera with the highest PRC taxa weights were
modeled with GAMMs to explore how treatments impacted their (potentially non-linear)
abundances over time, and to provide further validation of the treatment effects detected
by PRCs. The GAMM response variable was the log-transformed (log (1+x), where x is
the variable) EAA of each of the three genera, after reads had been rarefied to 10,000
reads per sample without replacement. We opted for using rarefied data instead of
DESeqg2 normalization which is intended for community analyses (Weiss et al., 2017) and
the GAMMSs focused on specific taxa of interest. Modeled abundances were visualized

with the R package itsadug (Van Rij, Wieling, Baayen, & van Rijn, 2020).

Results

Bacterial cell density is weakly affected by glyphosate while microbial community
carbon substrate utilization is resistant to all stressors

Overall bacterial cell density showed a strong but non-linear increase over time
across all ponds (GAMM, effect of time: F=17.5, p<0.001, Table 11.S4; Figure 11.2). The
time-independent effect of nutrients on bacterial cell density was weak but positive
(GAMM, t=4.1, p<0.001), and, over time, glyphosate had a weak positive effect on
bacterial density (GAMM, factor-smooth interaction between time and glyphosate: F=6.6,
p<0.001) (Table 11.S4). The interactive effect of nutrients and glyphosate was also weak,
and not significant after Bonferroni correction for multiple testing (GAMM, F=5.7,

uncorrected p=0.018, Table 11.S4). Overall, these results indicate that, despite increasing
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over time across ponds, bacterioplankton densities also slightly increased in response to

nutrient and glyphosate addition.
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Figure 1.2 Bacterial cell density dynamics during the experiment. Total bacterial
density is plotted over time in ponds with low- or high- nutrient enrichment. Dashed
vertical lines indicate days of pesticide pulses application. Ponds with both glyphosate
and imidacloprid follow the same gradient pattern as treatments with either of these
pesticides applied alone.

The number of carbon substrates used by the microbial community diminished
slightly over time (GAMM, F=6.0, p<0.001, Table 11.S4). However, neither glyphosate,
imidacloprid, nutrients, nor their interactions had significant effects on carbon substrate
utilization as assayed by EcoPlates (Table 11.S4). In addition, the PRC analysis did not
reveal any significant treatment effects on microbial utilization of any of the 31 unique
carbon substrates when considered separately (Figure 11.3A; permutation test for the first
constrained eigenvalue, F=12.28 p=0.295) or when grouped into guilds (Figure 11.3B;
F=34.46 p=0.355). To simplify visualization and facilitate comparison with treatments
selected for community taxonomic characterization, the PRCs in Figure 11.3 included the
same ponds as those used for DNA analyses. PRCs including all ponds in the tested
gradient showed similar results (Figure 11.S2A and Figure [1.S2B). We conclude that,
despite slight changes in the number of substrates being used over time, none of the

treatments significantly affected microbial community-level carbon utilization profiles.
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Figure 1.3 Microbial community carbon substrate utilization. Principal response curves (PRCs) of selected
experimental treatments show no significant difference between controls and pesticide treatments when microbial
communities are described according to (A) their ability to metabolize 31 different carbon substrates when analysed
individually or (B) when grouped into guilds. Weights of each tested compound or guild are shown along the Y axis (right)
and respect the same scale of the right Y axis. Dashed vertical lines indicate days of pesticides pulses application. For ease
of comparison, the PRCs were calculated based on the subset of samples for which DNA was extracted. The PRC displayed
in (A) explains 15.1% of the variation while the one displayed in (B) explains 42.2%, suggesting that grouping substrates
into guilds improves the explanatory power of the PRC.
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Bacterioplankton community structure responses

Glyphosate has a minor time-independent effect on community diversity and

a major effect on community composition over time

We calculated two metrics of bacterioplankton community alpha diversity in each
sample: taxon richness, estimated as the logarithm of the total number of observed ASVs
after rarefying (Figure 11.4A), and the exponent of the Shannon index, which combines
information about ASV richness and evenness (Figure [1.4B). No significant time-
dependent effect of any treatment was detected, although ponds with high glyphosate
concentration (15 mg/L) had a lower Shannon diversity when averaged across all
timepoints (GAMM, t=-3.51, p=0.001, Table II.S5), and the same was observed for ASV
richness but with a non-significant effect after multiple test correction (GAMM, t=-2.89,
uncorrected p=0.006, Table 11.S5). Overall, the effect of glyphosate on bacterioplankton

alpha diversity was relatively weak and not influenced by time (Table 11.S5).
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Figure I11.4 Bacterioplankton alpha diversity variation across experimental
treatments over time, calculated as (A) the (log transformed) observed number of ASVs
per sample and as (B) the exponent of Shannon index. Dashed vertical lines indicate
days of pesticides pulses application.
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We also tracked changes in bacterioplankton community composition, in two ways:
with weighted UniFrac distance and JSD, both calculated after normalizing read depth
per sample with DESeq2 (or with alternative normalizations described below). We display
these changes in community composition using PCoA, with a separate plot for each
timepoint of the experiment (Figure 11.5). Glyphosate explained a significant proportion of
the variation in both metrics of community composition, with R? ranging from 0.29 to 0.58,
depending on the time following glyphosate application (PERMANOVA, p<0.007 for both
metrics at all tested timepoints after pesticide pulses, except for weighted UniFrac
distance at day 30, Tables S6 and S7). Nutrients and imidacloprid did not significantly
affect community composition, alone or in combination with other treatments (Tables S6
and S7). Although nutrients appear to have a slight effect on community composition on
day 15 (uncorrected p=0.027 for weighted UniFrac and JSD, Table 11.S6 and Table 11.S7)
and on day 30 (uncorrected p=0.055 for weighted UniFrac, Table 11.S6, and uncorrected
p=0.013 for JSD, Table 11.S7), the effect is not significant after Bonferroni correction, and
the explained variance is never as high as it is for glyphosate on the same day (R>=0.12
for both weighted UniFrac and for JSD at both days, Table 11.S6 and Table 11.S57). We
conclude that glyphosate was the dominant driver of compositional changes as it
produced a significant and consistent effect on bacterioplankton communities,
independent of other stressors, on days 7, 15, 30 and 43 according to JSD, and on days
7, 15 and 43 according to weighted UniFrac distance.

Alternative read depth normalization methods (ASV relative abundance and
rarefied data; see Methods) produced qualitatively similar results, showing the
predominant effect of glyphosate on community composition (Figure 11.S3), with a slight
delay in the effect of the first glyphosate pulse compared to the DESeq2 normalization
(Figure 11.5). The effect of glyphosate on bacterioplankton community composition is
detected regardless of the data normalization (Table 11.S8), but is more apparent using
DESeqg2 (compare Figure 11.5 to Figure 11.S3). This might be because DESeq2 involves a
log transformation which reduces the weight of highly abundant community members
(McKnight et al., 2019). If less abundant taxa are more responsive to glyphosate, this

could explain why this effect is more apparent with DESeq2 normalization.
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Figure 1.5 PCoA ordinations of bacterioplankton community composition in response to experimental treatments,
based on (A) weighted UniFrac distance or (B) Jensen-Shannon divergence calculated on ASV estimated absolute
abundances after a DESeq2 normalization. Dashed vertical lines indicate days of pesticides pulses application. Each
sampling day is plotted in a separate panel to facilitate visualization of treatment effects on community composition, mainly

driven by high glyphosate (15 mg/L).
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Bacterioplankton communities recover over time at broad phylogenetic

scales from the first glyphosate pulse

On day 30 (24 days after the first pesticide pulse and before the second pulse),
the bacterioplankton community composition in ponds that had been affected (on day 15)
by a high dose of glyphosate (15 mg/L) appeared to recover according to weighted
UniFrac (Figure 11.5A), but not when using JSD applied to ASVs (Figure 11.5B). Using
weighted UniFrac, the effect of glyphosate was visibly weaker on day 30 (Figure 11.5A)
and at the limit of significance after Bonferroni correction (PERMANOVA, R?=0.29,
uncorrected p=0.007, Table I1.S6), but still significant using JSD (PERMANOVA, R?=0.34,
p=0.001, Table 11.S7). Viewed together, our series of ordinations show that detection of
community recovery depends upon whether phylogenetic information is taken into
account. Recovery was apparent when phylogenetic distance among ASVs was
calculated (as measured by UniFrac distance, on day 30, control and high-glyphosate
communities approach each other, Figure 11.5A) but undetected at the ASV level,
independent of phylogeny (as measured by JSD, differences between control and high-
glyphosate communities keep significant on day 30, Figure 11.5B). As such, the community
appears to be resilient at a broad phylogenetic level, but not at the finer ASV level,
indicating that glyphosate-sensitive ASVs are replaced with phylogenetically-close
relatives.

To further assess how resilience varied at different phylogenetic scales, we used
PRCs to track community changes at the phylum and ASV levels (Figure 11.6). Given that
nutrient inputs were not major drivers of community composition (Tables S6 and S7), we
built PRCs by combining ponds with the same pesticide treatment, irrespective of nutrient
load. This facilitated the visualization of pesticide effects, while capturing the same effects
as PRCs considering all experimental treatments separately (compare Figure 11.6A and
Figure 11.S4). We further compared PRCs at different phylogenetic scales, from class to
genus level (Figure 11.S5). PRCs captured a significant amount of the variation in
community responses to pesticide treatments over time (phylum level: F=31.22, class:
F=34.28, order: F=26.19, family: F=21.30, genus: F=20.6, ASV: F=10.61, all p=0.001;
Table 11.S9), with greater variation explained at broader taxonomic levels compared to
finer levels. The variance explained by the first PRC axis decreased from 47.7% at the
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phylum level to 22.1% at the ASV level (Table 11.S9). At the broadest taxonomic scale
(phylum), communities showed a clear response to high (15 mg/L) but not low (0.3 mg/L)
concentrations of glyphosate, followed by a recovery before the second pulse (Figure
II.6A). Notably, no recovery was observed at the ASV level (Figure 11.6B), consistent with
the community composition analysis (Figure 11.5). Imidacloprid had no detectable effect
at any concentration, whereas the highest concentration of glyphosate caused the
greatest effect on bacterioplankton communities. Similar response and recovery patterns
were also observed down to the genus level, with progressively weaker recovery at finer
taxonomic scales (Figure 11.S5). Community composition showed recovery 24 days after
the first pulse of glyphosate, but failed to recover after the second pulse (Figure II.5A and
Figure II.6A). While this does not exclude the possibility of an eventual recovery, the
duration of our experiment (which ended nine days after the second pulse) was likely
insufficient to permit subsequent recovery. These results further support that high
concentrations of glyphosate led to long-lasting community shifts at the ASV or genus

level, whereas community resilience can be achieved at broader phylogenetic scales.
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separately (Figure 11.54). See Figure 11.S5 for PRCs at other taxonomic levels. These
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analyses were based on ASV estimated absolute abundances after a DESeq2
normalization.

Dynamics of the taxa most responsive to treatments

The phylum Proteobacteria was the most positively affected by glyphosate (Figure
[I.6A; Table 11.S10), with relative abundance over 60% in the high glyphosate treatment
(15 mg/L) and ~50% or less in other treatments and controls (Table 11.S11).
Bacteroidetes, Actinobacteria and Cyanobacteria were the most negatively affected phyla
(Figure 11.6A; Table 11.510, Table 11.511). Of the ten ASVs with the highest absolute taxa
weights, all belonged to the phylum Proteobacteria (Figure 11.6B, Table 11.S12) and,
except for sp283 and sp2111, they were all positively affected by glyphosate. An ASV
assigned to the genus Agrobacterium was among the ASVs that responded most
positively to high glyphosate treatment (Figure 11.6B; Table 11.S12). The GAMM showed
that ASVs assigned to the genus Agrobacterium increased in EAA over time in ponds
receiving high doses of glyphosate (GAMM, factor-smooth interaction between time and
high glyphosate treatment: F=19.49, p<0.001, Table 11.S13), or receiving both high
glyphosate and imidacloprid (GAMM, factor-smooth interaction between time and
treatment with high concentrations of both glyphosate and imidacloprid: F=20.66,
p<0.001, Table 11.513). A linear time-independent effect of glyphosate was also detected
in experimental ponds treated with the highest concentrations of both pesticides together
(GAMM, t=7.50, p<0.001, Table 11.S13) or glyphosate alone (GAMM, t=6.25, p<0.001,
Table 11.513). The modeled Agrobacterium abundance (Figure 11.S6A) shows a similar
'response followed by recovery' pattern over time as the overall community response at
the phylum level (Figure II.6A), suggesting that the positive effect of glyphosate on
Proteobacteria may be driven by Agrobacterium.

The other two most positively affected genera (Flavobacterium and Azospirillum,
Figure 11.S5D) increased in abundance in response to the combination of glyphosate at
15 mg/L and imidacloprid at 60 ug/L (GAMM, factor-smooth interaction between time and
treatment with high concentrations of both glyphosate and imidacloprid on
Flavobacterium: F=17.35, p<0.001, and on Azospirillum: F=6.27 p=0.001, Table 11.513)

or glyphosate alone at 15 mg/L (GAMM, factor-smooth interaction between time and high
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glyphosate treatment on Flavobacterium: F=3.63, p=0.031, not significant after Bonferroni
correction; and on Azospirillum: F=5.41, p=0.002, Table 11.S13), but the effects were not
as strong as detected for Agrobacterium (Table 11.S13). In contrast to the recovery pattern
observed in Agrobacterium exposed to both the independent and combined highest
concentrations of glyphosate (Figure [I.S6A), the modeled abundance of Flavobacterium
(Figure 11.56B) and Azospirillum (Figure 11.S6C) followed distinct patterns in these two
treatments. Flavobacterium responded weakly to high doses of both pesticides, mainly
after the second pulse, whereas Azospirillum recovered partially after responding to the
first pulse, but only in ponds treated with the highest concentrations of both pesticides.
Despite the overall strong effect of glyphosate on Proteobacteria, these results highlight
how different bacterioplankton taxa (including Agrobacterium and Azospirillum — both
Alphaproteobacteria) can show subtly different responses and recovery patterns to

pesticides.

Discussion

Context and summary of the experiment

The herbicide glyphosate has been shown to affect aquatic microbial community
structure in a variety of natural environments and experimental setups (Berman et al.,
2020; Lu et al., 2020; Muturi et al., 2017; Stachowski-Haberkorn et al., 2008). Likewise,
the insecticide imidacloprid may disrupt aquatic food webs (Yamamuro et al., 2019), with
potential, yet poorly explored consequences for bacterioplankton. The interactive effects
of these pesticides on bacterioplankton — and how they might vary depending on fertilizer
use and lake trophic status — are relevant because such agrochemical mixtures are
common in agriculturally impacted watersheds. Here, we tested how individual and
combined gradients of glyphosate and imidacloprid affected bacterioplankton
communities in aquatic mesocosms receiving different nutrient inputs. Although they are
incomplete representations of natural ecosystems, mesocosm experiments allow us to
manipulate and replicate the exposure of complex lake bacterial communities to
agricultural chemical pollutants commonly found in freshwaters (Alexander et al., 2016).
The current experiment is limited to the response of bacterioplankton communities

derived from a pristine lake. Future studies focusing on biofilms and sediments could
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complement our results, as many contaminants accumulate in lake sediments and may
affect the biofilm community structure (Fernandes et al., 2019; Khadra, Planas, Girard, &
Amyot, 2018; Romero et al., 2020).

Glyphosate as a driver of community structure

Our data support the prediction that glyphosate would affect bacterioplankton
community structure, which occurred at the highest tested concentration (15 mg/lL).
Contrary to expectation, no evident interaction between glyphosate and imidacloprid or
nutrient load was detected in determining either bacterial density or community structure.
High doses of glyphosate resulted in a weak time-independent reduction of
bacterioplankton alpha diversity, and a more pronounced change in community
composition over time. As hypothesized, glyphosate and nutrient treatments slightly
increased bacterial density, suggesting a mild fertilizing effect of glyphosate consistent
with it being a potential phosphorus source (Hove-Jensen et al., 2014; Lu et al., 2020).
Most bacterioplankton from a pristine source environment (Lake Hertel) are thus able to
cope with concentrations of imidacloprid as high as 60 pg/L and of glyphosate as high as
0.3 mg/L, but they may be sensitive to glyphosate concentrations exceeding 15 mgJ/L.
The regulatory criteria intended for eukaryotes (below 60 ug/L for imidacloprid; Table
[1.S1) were sufficient to preserve bacterioplankton diversity in the experimental conditions
at LEAP. On the other hand, the threshold of 15 mg/L for glyphosate deserves further
attention from regulatory agencies, as this concentration impacted bacterioplankton
composition, which is known to affect lake health and freshwater quality (Kraemer et al.,
2020).

Although the highest targeted imidacloprid concentration was not always achieved
in all ponds (Figure 11.S1), this cannot entirely explain its lack of detectable effect on
bacterioplankton. Community composition of ponds receiving measured concentrations
of imidacloprid as high as 15 pg/L or more did not deviate from controls, confirming a true
lack of effect at least up to that concentration. Alternatively, the absence of a detectable
response might be due in part to rapid degradation of imidacloprid in water, which fell
below the limit of detection between pulses (Figure 11.S1). The absence of a
bacterioplankton response is also consistent with the weak or undetectable response of

zooplankton biomass to imidacloprid pulses in the same experiment (M.-P. Hébert et al.,
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2021). The invertebrate community in the experimental ponds was mainly composed of
the zooplanktonic groups Cladocera, Copepoda and Rotifera, and only copepods
declined over time after pulse 2, with no resulting effect in total zooplankton biomass (M.-
P. Hébert et al., 2021). Overall, these results indicate that the concentrations of
imidacloprid applied in this experiment were not sufficient to strongly alter either
zooplankton or bacterioplankton biomass or community structure.

Our results suggest that two properties of ecological stability — resistance and
resilience — are at play in lake bacterioplankton: functions related to microbial carbon
substrate use are resistant to imidacloprid, glyphosate and their interactions in different
nutrient backgrounds, while bacterioplankton community composition is resilient following
disturbance caused by a glyphosate pulse at 15 mg/L. The recovery of bacterioplankton
community composition was only evident when grouping ASVs at higher (more inclusive)
taxonomic or phylogenetic levels. Glyphosate thus drove a turnover of bacterioplankton
ASVs which, even after the recovery, are different from the ASVs initially found in the
undisturbed community.

Proteobacteria are major responders to glyphosate

Glyphosate treatments had a strong positive effect on the phylum Proteobacteria,
previously found to be favoured by high concentrations of glyphosate in rhizosphere-
(Newman et al., 2016) and phytoplankton-associated communities (C. Wang, Lin, Li, Lin,
& Lin, 2017). Multiple species of Proteobacteria can use glyphosate as a source of
phosphorus by breaking its C-P bond (Hove-Jensen et al., 2014). We identified
Agrobacterium, a genus of Rhizobiaceae containing species known to degrade
glyphosate (Hove-Jensen et al., 2014), as being highly favored in the glyphosate
treatment at 15 mg/L. The abundance of ASVs assigned to this genus peaked after each
pulse and decreased before the second pulse, coinciding with the community recovery
observed 24 days after the first perturbation. The ability to degrade glyphosate may be
widespread in the family Rhizobiaceae (Liu, McLean, Sookdeo, & Cannon, 1991), and
Agrobacterium have also been found to encode glyphosate-resistant EPSPS genes
(Funke et al., 2006). In fact, this genus was used to create glyphosate-resistant crops,
i.e. the so-called ‘Roundup-ready technology’ (Funke et al., 2006). While glyphosate may

be a stressor for the microbial community at large (e.g., phytoplankton (Fugére et al.,
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2020)), it may be a resource for some members such as Agrobacterium, who could
potentially detoxify the environment and thus facilitate community recovery after a pulse
perturbation. Further genomic and metagenomic analyses of our experimental samples
could reveal whether these ecological dynamics are underlain by evolutionary adaptation,
and whether community resistance and resilience can be explained by the initial presence
of resistant bacteria in the community, or to de novo mutations or gene transfer events.
Glyphosate could have driven changes in the bacterial community via direct
mechanisms (e.g. by affecting species with a sensitive EPSPS, its target enzyme) or
indirect mechanisms (e.g. effects on other trophic levels that cascaded down to bacteria
via predation or other interactions). In a previous study of the same experiment described
here that focused on the responses of eukaryotic phytoplankton, we found that glyphosate
treatment reduced the diversity of phytoplankton, but did not significantly change
phytoplankton community composition (Fugére et al., 2020). Although a reduced
phytoplankton diversity could indirectly affect bacterioplankton community composition, a
direct effect of glyphosate on bacteria seems more plausible as the taxa favored by the
treatment (mainly Proteobacteria) have been previously shown to be directly affected in
a similar way (Janfen et al., 2019; C. Wang et al., 2017). Indeed, bacterial degradation
of glyphosate likely released bioavailable phosphorus, stimulating phytoplankton growth
(Fugeére et al., 2020). Further studies will be needed to disentangle how the effects of
pesticides cascade through food webs, and how trophic structure influences their effects.

Functional redundancy in carbon utilization potential

Despite the marked changes in taxonomic composition driven by glyphosate,
microbial communities did not change their carbon substrate use throughout the
experiment, providing evidence for functional redundancy in carbon utilization potential.
This was an expected result, as broad-scale ecosystem functions such as respiration and
dissolved organic carbon consumption are weakly coupled with species composition
(Girvan, Campbell, Killham, Prosser, & Glover, 2005; Langenheder, Lindstrom, & Tranvik,
2006; Peter et al., 2011), allowing these functions to remain unaffected by fluctuations in
microbial community composition (Louca et al., 2018). While less diverse communities
(in terms of species richness) may lack functional redundancy, more diverse communities

are expected to encode more redundant functions (Konopka, 2009). We can thus surmise
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that the freshwater bacterioplankton communities studied here were sufficiently diverse
to be functionally redundant for carbon utilization in the face of disturbance. The weak
and time-independent effect of high concentrations of glyphosate on alpha diversity was
insufficient to alter community carbon substrate use. However, our experiment was
conducted with communities originating from a pristine lake in a nature reserve, and this
result might not be generalized to freshwaters historically impacted by other forms of
anthropogenic stress. For example, land use intensity is negatively correlated with
bacterioplankton richness in lakes across Eastern Canada (Kraemer et al., 2020). It
remains to be seen whether such impacted lakes are less functionally redundant, and
thus possibly more susceptible to impaired ecosystem functioning. Lastly, although
bacterioplankton respiration accounts for a large fraction of organic carbon processing in
freshwaters (Berggren, Lapierre, & del Giorgio, 2012), the carbon substrate use we
measured could also be due in part to fungal activity which could be compensating or
masking changes in bacterioplankton activity. There was no macroscopically observable
fungal growth in the plates, yet microscopic fungi likely contributed a fraction of the
inoculum used to initiate the plates.

The phylogenetic depth of glyphosate resistance: Methodological considerations

The inference of bacterioplankton ASVs in this study allowed a relatively fine-scale
taxonomic resolution of community changes in response to a pulse perturbation of
glyphosate. Notably, the recovery of bacterioplankton composition was detectable at
broader taxonomic units (e.g. phylum in particular) but not at the ASV level. This implies
that the taxonomic resolution of traits under selection during recovery from a glyphosate
pulse is relatively coarse (Martiny, Jones, Lennon, & Martiny, 2015). This result could also
be explained if ASVs are too fine-scale as a measure of diversity, and mostly reflect
sequencing or base calling errors rather than true biological diversity. We deem this
unlikely, first because the ASV inference algorithm includes a model-based approach to
correct for amplicon sequencing errors (Callahan et al., 2016), and second because ASV
detection methods are usually more accurate than OTU-clustering methods based on
sequence similarity thresholds of usually 97% (Caruso, Song, Asquith, & Karstens, 2019).
For example, we only found 7 to 10 false-positive ASVs (Methods), but dozens to
hundreds of false positive are detected by even state-of-the-art (distribution-based)
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sequence clustering-based methods to identify operational taxonomic units, when applied
to the same or similar mock communities as used here (Tromas et al., 2017). Although
we cannot exclude the impact of possible false ASVs on our results, we expect them to
be relatively minimal and evenly distributed across all timepoints (Callahan, McMurdie, &
Holmes, 2017). In other words, there is no reason to believe that sequencing errors should
be non-randomly distributed over time or across experimental treatments. Moreover, PRC
analyses show a steady decline from the phylum level to the genus level in both the
response to, and recovery from, high concentrations of glyphosate. Therefore, even
without considering the ASV level, there is still a discernible pattern of greater community
resilience at broader taxonomic scales. This suggests that the traits (and underlying
genes) required for survival or growth in the presence of glyphosate are relatively deeply
conserved. Higher-resolution genomic or metagenomic analyses could be used to confirm

this result, and pinpoint the genes involved in resistance.

Ecosystem resistance, resilience and stability

Our study provides evidence of ecosystem stability in terms of carbon substrate
use maintained by microbial communities when faced by a perturbation by two of the most
commonly used pesticides in the world, separately or in combination. We also showed
resistance to a wide gradient of imidacloprid contamination, and resilience to high doses
of glyphosate in bacterioplankton communities that have no known history of contact with
the herbicide. Finally, whether a stressed community is considered resilient depends on
the phylogenetic depth of the traits required to deal with the stress (Martiny et al., 2015).
Our results provide an example of how resilience to stressors can be a feature of deeper
phylogenetic groups, but not finer-scale groupings (ASVs), which could be involved in

adaptation to other stressors or niches.
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Supplementary information
Supplementary methods

lllumina library preparation and sequencing

We performed a two-step PCR amplification of the V4 region of the 16S rRNA gene
to first amplify the region (step 1) and then attach barcodes and lllumina adapters to the
amplicon (step 2) following protocol described in Preheim et al. (2013). All PCR reactions
were performed in Mastercycler nexus thermocyclers (Eppendorf Corporate,
Mississauga, Canada).

Step 1 PCR was performed with 0.5 unit of Phusion DNA polymerase and 1X
Phusion High Fidelity Buffer (ThermoFisher, Waltham, MA, USA), 200 pl of dNTPs
(ThermoFisher, Waltham, MA, USA), 0.36 uM of each primer (U515_F and E786_R) and
20 ng of extracted environmental DNA in reactions of 25 pl. PCR conditions were: initial
denaturation for 30 seconds at 98 °C, followed by 22 cycles of denaturation at 98 °C for
20 seconds, annealing at 54 °C for 35 seconds and extension at 72 °C for 30 seconds,
the cycles were followed by final elongation at 72 °C for 60 seconds. Four reactions of 25
ul were performed per sample, pooled and cleaned with the Zymo research DNA
purification kit (Zymo Research, Irvine, USA) according to manufacturer’s protocol.

Step 2 PCR was performed similarly to step 1, but with 4 ul of the purified step 1
PCR product and 0.36 uM of PE-III-PCR-F and 0.36 uM of barcoded reverse primers PE-
[I-PCR-XXXX (see exact barcode sequence of each sample in Table 11.S3). PCR
conditions were: initial denaturation for 30 seconds at 98°C, followed by seven cycles of
98°C for 30 seconds, 83°C for 30 seconds and 72°C for 30 seconds. Reactions were
performed in duplicates, then pooled and purified using Agencourt AMPure XP beads
(Beckman Coulter Life Sciences, Indianopolis, IN, USA) following manufacturer’s
instructions. Fragment size was confirmed via electrophoresis in agarose gels and
quantified on a NanoDrop microvolume spectrophotometer (ThermoFisher, Waltham,
MA, USA).

Libraries were then pooled at equimolar ratio, denatured and sequenced, using the
MiSeq reagent Kit V2 with 500 cycles (lllumina, San Diego, CA, USA) yielding two 250
bp paired-end reads. The 96 samples were split between two different sequencing runs,

each of them including PCR negative controls, extraction blanks, and a mock community
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DNA sample containing identified 16S rRNA clone libraries. PCR negative controls
consisted of ultrapure DNase/RNase-free distilled water (ThermoFisher, Waltham, MA,
USA), and DNA extraction blanks from clean filters. In one of the runs we used a custom
mock community composed of 16S rRNA clone libraries from freshwater lake samples
(Preheim et al. 2013) and in the other we used the American Type Culture Collection
MSA-1002 mock community (ATCC, Manassas, VA, USA).
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Supplementary figures
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Figure 11.51 Experimental gradient established for (A) glyphosate and (B) imidacloprid
concentrations between two application pulses (at days 6 and 34) and (C) the correlation
between target and measured concentrations at each pulse. The top row of figure C
shows results for glyphosate, and the bottom two rows for imidacloprid, after pulse 1 (left
column) and pulse 2 (right column) respectively.
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Figure 1. S2 PRC plots show no effect of experimental treatments on community
metabolic profiles when considering (A) the 31 different compounds individually (F=32.6
p=0.69) or (B) grouped according to functional guilds (F=79.2 p=0.86). The PRC axis
shown in A explains 13.4% of total variance and in B 43.1%.
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Figure Il. S3 PCoA ordinations based on (A, B) weighted UniFrac distance or (B, D) Jensen-Shannon divergence exploring
different normalization approaches: (A, C) calculation of reads relative abundance and (B, D) rarefying to a threshold of
10,000 reads per sample. Each sampling day is plotted separately to facilitate visualization of treatment effects on
community composition.

71



Phylum Asv

1.0

- : Puise1 . Pulse 2

* Puise 1 * Pulse 2

04

05
1

+— Proteobacteria

0.2

—— Cyanobacteria

Treatment effect
0.0
Treatment effect
0.0
|

—— Actinobacteria

-0.2

— Bacteroidetes

-0.5
1

-0.4

-1.0

: 2 \ T | — \
T T T T T
0 10 20 30 40 0 . 2 30 40

Day of experiment Day of experiment

Figure Il. S4 PRCs show how high glyphosate treatments affected community composition at (A) phylum and (B) ASV
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Figure Il. S5 PRCs show how high glyphosate treatments (15 mg/L) affected community composition at different taxonomic
levels: (A) class, (B) order, (C) family/lineage, (D) genus/clade. Taxonomic assignment based on FreshTrain and
GreenGenes databases. Low and high nutrient treatments were grouped as they follow the same pattern. Only taxa with
weights higher than 0.2 are shown.
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Figure Il. S6 Summed effects of GAMMs on abundance of three genera most positively
affected by the glyphosate treatments: (A) Agrobacterium, (B) Flavobacterium and (C)
Azospirillum. Shades indicate a confidence interval of 95%. Abundance of each genus is
the estimated absolute abundance of all ASVs assigned to Agrobacterium,
Flavobacterium or Azospirillum after normalization by rarefying each sample to 10,000
reads without replacement.
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Supplementary tables

Table II.S1 Regulatory acceptable concentrations (RACs) of glyphosate and imidacloprid
residues in freshwater according to regulatory agencies in Canada (CCME, Canadian
Council of Ministers of the Environment), Europe (EFSA, European Food Safety Agency)
and in the USA (EPA, Environmental Protection Agency). Chronic (long-term) and acute
(short-term) exposure RACs are specified when available.

Regulatory agency

Glyphosate

Imidacloprid

CCME (Canada)

800 ug/L chronic
27,000 pg/L acute

0.23 pg/L interim

49,900 pg/L acute

EFSA (Europe) Risk to aquatic organisms considered low Tier 11
- 0.209 ug/L chronic
Selected data from toxicological studies: - 0.341 ug/L acute
- 12,500 pg/L chronic toxicity to Daphnia magna
- 40,000 pg/L acute toxicity to D. magna Tier-2Bf
- 8,500 ug/L acute toxicity to Aphanizomenon - 0.009 ug/L chronic
flosaquae - 0.098 ug/L acute
EPA (USA)* 26,600 pg/L chronic 0.01 pg/L chronic

0.385 ug/L acute

tTier 1 is indicated as not appropriate for risk assessment and Tier-2B to be used
provisional risk for assessment
*EPA's Office of Pesticide Programs (OPP) for aquatic invertebrates
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Table 11.52 Carbon substrates present in Biolog EcoPlates and their respective grouping
(guild)

Substrate Group (guild)
Phenylethylamine Amines/amides
Putrescine Amines/amides
L-arginine Amino acids
L-asparagine Amino acids
L-phenylalanine Amino acids

L-serine Amino acids
L-threonine Amino acids
Glycyl-L-glutamic acid Amino acids

Pyruvic acid methyl ester Carbohydrates
D-cellobiose Carbohydrates
Alpha-D-lactose Carbohydrates
Beta-methyl-D-glucoside Carbohydrates
D-xylose Carbohydrates
i-erythritol Carbohydrates
D-mannitol Carbohydrates
N-acetyl-D-glucosamine Carbohydrates
Glucose-1-phosphate Carbohydrates
D,L-alpha-glycerol phosphate Carbohydrates
D-glucosaminic acid Carboxylic acetic acids
D-galactonic acid-gamma-lactone Carboxylic acetic acids
D-galacturonic acid Carboxylic acetic acids
2-Hydroxy benzoic acid Carboxylic acetic acids
4-Hydroxy benzoic acid Carboxylic acetic acids
Gamma-hydroxybutyric acid Carboxylic acetic acids
Itaconic acid Carboxylic acetic acids
Alpha-ketobutyric acid Carboxylic acetic acids
D-malic acid Carboxylic acetic acids
Tween 40 Polymers

Tween 80 Polymers
Alpha-cyclodextrin Polymers

Glycogen Polymers
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Table 11.S3 Barcode sequences of the reverse primer used in step 2 PCR, and total read
counts obtained after sample demultiplexing. The number of non-chimeric reads obtained
after filtering, denoising, merging paired ends and removing chimeras with DADA2, is also
shown.

Sample Barcode sequence | Total reads | Non-chimeric reads
C1.17.aug | AACCCGTT 55762 50337
C1.23.aug | CAGCGGCA 17714 15227
C1.28.sep | GTTCGCAG 14880 13926
C1.31.aug | CCGACAAA 51823 44758
C1.15.sep | TAAGGGAG 12294 11295
C1.20.sep | TTGTGGCG 23611 22246
C4.17.aug | GACATCAT 56234 50201
C4.23.aug | GAGTTTGA 7958 7118
C4.31.aug | AACAGTAT 15241 11601
C4.15.sep | ATCGCACC 39833 36356
C4.20.sep | CTAGAATC 12371 7857
C4.28.sep | CCTTTGAT 23931 21410
C8.17.aug | ATAGGTGG 18402 16033
C8.23.aug | CAACTTCA 29342 27344
C8.31.aug | GTAGTCGA 21294 19270
C8.15.sep | TCCCGATG 19440 18054
C8.20.sep | GGGCGAAA 13574 11480
C8.28.sep | GGTGTACC 16869 14077
D1.17.aug | CGTCCCAC 37000 33163
D1.23.aug | CTGTTAGT 36130 33232
D1.31.aug | CACTCACT 32340 29168
D1.15.sep | ACCTCCCA 43478 40627
D1.20.sep | AATACAGG 66220 60120
D1.28.sep | AGTCACCC 9413 8460
D4.17.aug | TACGATAC 24498 21285
D4.23.aug | AGGCTTCA 10161 9333
D4.31.aug | GTGCTGAT 39070 34550
D4.15.sep | ACCATACT 38941 36695
D4.20.sep | AAATTGGA 44426 40952
D4.28.sep | TTCCAGAT 12791 11531
D8.17.aug | GCCTGTTC 35891 32901
D8.23.aug | TCGGCTCG 85995 80978
D8.31.aug | AGAGAGGC 30980 24001
D8.15.sep | GCAATGGA 29363 26644

77



D8.20.sep | TGACTTAG 34660 31171
D8.28.sep | GGAGGCTG 21580 16647
E1.17.aug | CCGCACCG 27000 24008
E1.23.aug | ATGCCAGC 15379 13891
E1.31.aug | TCGAACAC 68782 63125
E1.15.sep | CGACATTC 26909 20436
E1.20.sep | CATCGCTA 41282 34865
E1.28.sep | ACTAAGAT 18204 15298
E4.17.aug | TCAAAGCT 70496 61775
E4.23.aug | CAGCGGCA 49463 44749
E4.31.aug | CCGACAAA 55130 49059
E4.15.sep | TAAGGGAG 50914 46906
E4.20.sep | TTGTGGCG 49999 44315
E4.28.sep | GTTCGCAG 47427 42091
E8.17.aug | TGGGACCT 61084 52159
E8.23.aug | GAGTTTGA 28586 25272
E8.31.aug | AACAGTAT 54729 48638
E8.15.sep | ATCGCACC 45603 39995
E8.20.sep | CTAGAATC 36482 32974
E8.28.sep | CCTTTGAT 65278 59393
H1.17.aug | TGTTTCCC 12056 10311
H1.23.aug | GGTAATGA 15470 13598
H1.31.aug | GTACGTTG 48086 44387
H1.15.sep | ACGGGCTG 11257 9873

H1.20.sep | ATGAAGTA 12745 11221
H1.28.sep | ACACCTCG 10727 9949

H4.17.aug | ATAGGTGG 38081 35342
H4.23.aug | CAACTTCA 53637 49787
H4.31.aug | GTAGTCGA 40116 36626
H4.15.sep | TCCCGATG 65142 60387
H4.20.sep | GGGCGAAA 29985 27212
H4.28.sep | GGTGTACC 38098 35100
H8.17.aug | CGTCCCAC 71142 62412
H8.23.aug | CTGTTAGT 64022 57820
H8.31.aug | CACTCACT 76152 66286
H8.15.sep | ACCTCCCA 72837 66412
H8.20.sep | GAGCACAG 84816 77740
H8.28.sep | CGAATATT 65034 58318
J4.17.aug | TACGATAC 75103 67734
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J4.23.aug | AGGCTTCA 54008 48385
J4.31.aug | GTGCTGAT 54083 50492
J4.15.sep | ACCATACT 62067 57735
J4.20.sep | AAATTGGA 65309 59721
J4.28.sep | TTCCAGAT 30185 27734
J8.17.aug | GCCTGTTC 72714 63613
J8.23.aug | AGCTGACG 58664 50262
J8.31.aug | AGAGAGGC 55708 48142
J8.15.sep | GCAATGGA 58161 52962
J8.20.sep | TGACTTAG 64244 56997
J8.28.sep | GGAGGCTG 43352 37922
K4.17.aug | CCGCACCG 80953 74716
K4.23.aug | ATGCCAGC 81279 74020
K4.31.aug | TCGAACAC 96033 88819
K4.15.sep | CGACATTC 44684 41105
K4.20.sep | CATCGCTA 48869 44067
K4.28.sep | ACTAAGAT 64643 59626
K8.17.aug | TGTTTCCC 80622 73294
K8.23.aug | GGTAATGA 76790 69163
K8.31.aug | GAAACTGG 30648 27342
K8.15.sep | ACGGGCTG 45460 42448
K8.20.sep | ATGAAGTA 42178 37273
K8.28.sep | ACACCTCG 51882 45344
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Table 11.54 Summarized results of the generalized additive mixed models (GAMMSs) for bacterial density and number of
carbon substrate used as a response variables. A Gaussian residual distribution was used for both models. For each
response variable we report the sample size (n), adjusted R2, the predictors used in the model, the parameter estimate and
respective standard error (SE) of parametric effects or the effective degrees of freedom (EDF) of smooth terms, the
corresponding test statistics (t value for parametric and F for smooth terms) and the p-value. Smooths terms are described
as mgcv syntax: ‘s()’ functions are thin plate regression splines and ‘ti()’ tensor product interactions, pond represents the
random variable of the mixed model and ‘bs=fs” specifies the underline base function as a random smooth. Following a
Bonferroni multiple testing correction for 9 tests, we only considered significant variables with unadjusted p-value <0.005
(shown in bold).

Response variable | n Adjusted R? | Predictors (significant effects in bold) Estimate (SE) | Statistic | p-value
or EDF

log1o(Bacterial 288 | 0.734 nutrient 0.08 4.1 <0.001

density) ti(day) (SE=0.02) 17.5 <0.001
ti(day, glyphosate) 4.6 6.6 <0.001
ti(day, glyphosate, by = nutrient) 4.1 5.7 0.018
ti(day, imidacloprid) 1.0 0.2 0.916
ti(day, imidacloprid, by = nutrient) 2.4 0.5 0.490
ti(day, glyphosate, imidacloprid) 1.0 0.0 0.183
ti(day, glyphosate, imidacloprid, by = 0.0 2.1 0.260
nutrient) 3.1 2.2 < 0.001
s(day, Pond, bs='fs") 70.5

Number of carbon | 288 | 0.309 nutrient 0.88 24 0.019

substrates used ti(day) (SE=0.37) 6.0 < 0.001

(EcoPlates) ti(day, glyphosate) 4.5 1.0 0.320
ti(day, glyphosate, by = nutrient) 1.0 1.8 0.136
ti(day, imidacloprid) 3.1 1.4 0.242
ti(day, imidacloprid, by = nutrient) 1.0 1.3 0.244
ti(day, glyphosate, imidacloprid) 6.0 0.0 0.266
ti(day, glyphosate, imidacloprid, by = 0.0 1.1 0.449
nutrient) 1.6 0.4 <0.001
s(day, Pond, bs="fs") 33.4
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Table 11.S5 Summarized results of the generalized additive mixed models (GAMMs) for alpha diversity: observed ASV and
exponential Shannon. Gaussian residual distributions were used in all models. For each response variable we report the
sample size (n), adjusted R2, the predictors and factors used in the model, the parameter estimate and respective standard
error (SE) of parametric effects or the effective degrees of freedom (EDF) of smooth terms, the corresponding test statistics
(t value for parametric and F for smooth terms) and the p-value. Smooths terms are described as mgcv syntax: ‘s()’ functions
are thin plate regression splines and ‘ti()’ tensor product interactions, pond represents the random variable of the mixed
model and ‘bs=fs” specifies the underline base function as a random smooth. Following a Bonferroni multiple testing
correction for 16 tests, we only considered significant variables with p-value <0.003, shown in bold.

Response variable n | Adjusted R? | Predictors Factorst of Estimate Statistic | p-value
parametric and (SE) or EDF
smooth terms
log1o(Observed ASVs) | 89 | 0.69 treatment high_both -0.02 (0.07) | -0.27 0.786
high_glypho -0.20 (0.07) |-2.89 0.006
high_imid 0.07 (0.07) | 1.06 0.296
low_both 0.13(0.07) |1.88 0.065
low_glypho -0.02 (0.07) | -0.26 0.795
low_imid 0.14 (0.07) | 2.03 0.048
nutrient high -0.09 (0.04) | 2.21 0.032
ti(day) 4.7 3.18 0.021
ti(day, by=treatment) | low_glypho 2.4 0.48 0.589
low_imid 1.0 0.51 0.509
low_both 1.0 0.21 0.652
high_glypho 2.0 0.94 0.539
high_imid 1.0 0.51 0.478
high_both 3.6 2.49 0.110
ti(day, by=nutrient) high 11.2 1.34 0.372
s(day, Pond, bs='fs") 1.4 1.17 <0.001*
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exp(Shannon index)

89

0.66

treatment

nutrient
ti(day)

ti(day, by=treatment)

ti(day, by=nutrient)

s(day, Pond, bs='fs")

high_both
high_glypho
high_imid
low_both
low_glypho
low_imid

high

low_glypho
low_imid
low_both
high_glypho
high_imid
high_both

high

7.3 (4.3)
14.9 (4.2)
5.1 (4.2)
4.1 (4.3)
1.2 (4.4)
11.4 (4.3)

0.9 (2.5)

4.0

10.2

-1.70
-3.51
-1.22
0.95
0.28
2.64

0.37
1.62
1.95
3.05
0.46
0.77
0.00
4.36
2.60

1.00

0.096
0.001*
0.228
0.346
0.780
0.011

0.715
0.262
0.169
0.018
0.706
0.526
0.993
0.012
0.116

0.001*
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Table 11.56 PERMANOVA for different explanatory variables (and their interaction) in models with the weighted UniFrac
distances among communities as the response. The same model was tested at five different time points and an asterisk
indicates p-values that are significant after a Bonferroni correction for 7 hypothesis tests (i.e. p-values <0.007 are considered
significant, shown in bold). A PERMDISP was performed to confirm homogeneity of groups dispersions and significant p-
values (<0.05) point out to predictors whose significance in the PERMANOVA output should be carefully analysed as they
may be a result of within-group variation rather than among-group variation. df=degrees of freedom

PERMDISP
PERMANOVA (999
(999 permutations) permutations)
df p-
Predictor F R?2 value |F p-value
Nutrients 1 1.02 0.09 0.445 |0.04 0.855
Glyphosate 2 0.59 0.10 0925 |0.94 0412
Imidacloprid 2 0.76 0.13 0.775 |1.86 0.182
Day 1 | Nutrients and glyphosate 2 1063 0.11 0.894
Nutrients and imidacloprid 2 1049 0.09 0.979
Glyphosate and imidacloprid 2 1.15 0.20 0.362
Nutrients, glyphosate and 2
imidacloprid 0.59 0.10 0.937
Nutrients 1 2.65 0.07 0.131 |0.02 0.873
Glyphosate 2 10.40 0.58 0.005* | 0.29 0.754
Imidacloprid 2 1.13 0.06 0.429 |3.21 0.065
Day 7 Nutrients and glyphosate 2 1.24 0.07 0.378
Nutrients and imidacloprid 2 1.06 0.06 0.461
Glyphosate and imidacloprid 2 0.96 0.05 0.472
Nutrients, glyphosate and 2
imidacloprid 0.80 0.04 0.572
Nutrients 1 4.75 0.12 0.027 |0.11 0.701
Day 15 | Glyphosate 2 10.06 0.53 0.007* | 0.67 0.523
Imidacloprid 2 0.91 0.05 0.537 |0.93 0.930
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Nutrients and glyphosate 2 1.95 0.10 0.169

Nutrients and imidacloprid 2 0.92 0.05 0.532

Glyphosate and imidacloprid 2 1.12 0.06 0.417

Nutrients, glyphosate and 2

imidacloprid 0.83 0.04 0.596

Nutrients 1 2.44 0.12 0.055 |0.04 0.848

Glyphosate 2 2.92 0.29 0.007 |2.06 0.169

Imidacloprid 2 1.11 0.11 0.365 |0.84 0.425
Day 30 Nutrients and glyphosate 2 1.11 0.1 0.383

Nutrients and imidacloprid 2 1.19 0.12 0.300

Glyphosate and imidacloprid 2 0.89 0.09 0.590

Nutrients, glyphosate and 2

imidacloprid 0.71 0.07 0.792

Nutrients 1 3.29 0.1 0.036 |0.09 0.799

Glyphosate 2 6.42 0.44 0.0017* | 6.05 0.015*

Imidacloprid 2 1.11 0.08 0.402 |0.13 0.877
Day 43 | Nutrients and glyphosate 2 155 0.10 0.217

Nutrients and imidacloprid 2 1.32 0.09 0.311

Glyphosate and imidacloprid 2 0.89 0.06 0.543

Nutrients, glyphosate and 2

imidacloprid 0.81 0.05 0.637
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Table 11.S7 PERMANOVA for different explanatory variables (and their interaction) in models with the Jensen-Shannon
divergence among communities as the response. The same model was tested at five different time points and an asterisk
indicates p-values that are significant after a Bonferroni correction for 7 hypothesis tests (i.e. only p-values <0.007 are
considered significant, shown in bold). A PERMDISP was performed to confirm homogeneity of groups dispersions and
significant p-values (<0.05) point out to predictors whose significance in the PERMANOVA output should be carefully
analysed as they may be a result of within-group variation rather than among-group variation. df=degrees of freedom

PERMANOVA PERMDISP
(999 permutations) (999 permutations)

Predictor df | F R2 p-value | F p-value

Nutrients 1 1.37 0.11 0.166 0.26 0.260

Glyphosate 2 0.55 0.09 0.972 0.57 0.592

Imidacloprid 2 0.90 0.15 0.614 0.78 0.500
Day 1 | Nutrients and glyphosate 2 0.71 0.11 0.874

Nutrients and imidacloprid 2 0.52 0.08 0.990

Glyphosate and imidacloprid 2 1.11 0.18 0.330

Nutrients, glyphosate and 2

imidacloprid 0.69 0.1 0.883

Nutrients 1 2.03 0.11 0.080 0.16 0.701

Glyphosate 2 3.28 0.34 0.005* | 1.52 0.269

Imidacloprid 2 1.21 0.13 0.278 3.54 0.057
Day7 | Nutrients and glyphosate 2 0.93 0.10 0.512

Nutrients and imidacloprid 2 0.72 0.07 0.776

Glyphosate and imidacloprid 2 0.87 0.09 0.579

Nutrients, glyphosate and 2

imidacloprid 0.63 0.07 0.858

Nutrients 1 3.29 0.12 0.027 0.00 0.979
Day 15 Glyphosate 2 6.37 0.45 0.001* |2.13 0.165

Imidacloprid 2 0.91 0.06 0.526 1.27 0.305

Nutrients and glyphosate 2 1.73 0.12 0.136
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Nutrients and imidacloprid 2 0.80 0.06 0.621

Glyphosate and imidacloprid 2 1.14 0.08 0.359

Nutrients, glyphosate and 2

imidacloprid 0.68 0.05 0.759

Nutrients 1 299 0.12 0.013 0.12 0.737

Glyphosate 2 421 0.34 0.0017* |8.02  0.004*

Imidacloprid 2 148 0.12 0.125 1.02 0.378
Day 30 Nutrients and glyphosate 2 1.04 0.08 0.409

Nutrients and imidacloprid 2 1.07 0.09 0.385

Glyphosate and imidacloprid 2 1.18 0.09 0.297

Nutrients, glyphosate and 2

imidacloprid 0.98 0.08 0.479

Nutrients 1 230 0.1 0.051 0.38 0.813

Glyphosate 2 3.85 0.37 0.007* | 10.41 0.004*

Imidacloprid 2 0.91 0.09 0.549 1.14 0.345
Day 43 | Nutrients and glyphosate 2 0.96 0.09 0.535

Nutrients and imidacloprid 2 1.01 0.10 0.446

Glyphosate and imidacloprid 2 0.76 0.07 0.739

Nutrients, glyphosate and 2

imidacloprid 0.78 0.07 0.699
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Table 11.S8 PERMANOVA for glyphosate as the explanatory variable in models with weighted UniFrac distance or Jensen-
Shannon divergence among communities as the response variable after data transformation by ASV relative abundance
calculation (unrarefied) or by rarefying samples to 10,000 reads. The same model was tested at five different time points
and an asterisk indicates p-values that are significant after a conservative Bonferroni correction for 7 hypothesis tests (i.e.
only p-value<0.007 are considered significant). A PERMDISP was performed to confirm homogeneity of groups dispersions
and significant p-values (<0.05) point out to predictors whose significance in the PERMANOVA output should be carefully
analysed as they may be a result of within-group variation rather than among-group variation.

Glyphosate effect (PERMANOVA Dispersion within glyphosate

999 permutations) groups (PERMDISP 999

permutations)

Data transformation F R?2 p-value F p-value
g Day 1 Relative abundance 1.23 0.10 0.357 0.95 0.420
5 Reads rarefied to 10,000 1.24 0.10 0.358 0.71 0.522
@ Day 7 Relative abundance 3.68 0.41 0.040 0.52 0.585
3 Reads rarefied to 10,000 3.31 0.42 0.060 0.74 0.495
E Day 15 Relative abundance 6.06 0.33 0.005* 0.01 0.991
':E) Reads rarefied to 10,000 6.00 0.33 0.002 0.00 0.996
- Day 30 Relative abundance 2.10 0.19 0.060 0.70 0.505
§ Reads rarefied to 10,000 1.48 0.21 0.239 0.64 0.518

% Day 43 Relative abundance 2.83 0.36 0.031 714 0.012*

= Reads rarefied to 10,000 4.11 0.44 0.045 4.94 0.035*
Day 1 Relative abundance 0.65 0.08 0.831 0.60 0.522
5 Reads rarefied to 10,000 0.65 0.08 0.833 0.66 0.530
€9 Day 7 Relative abundance 3.36 0.38 0.039 0.14 0.881
% g Reads rarefied to 10,000 3.10 0.40 0.059 0.43 0.682
c o Day 15 Relative abundance 6.66 0.37 0.002* 0.13 0.863
é % Reads rarefied to 10,000 6.59 0.37 0.002* 0.14 0.872
3 Day 30 Relative abundance 3.92 0.29 0.007 1.41 0.273
Reads rarefied to 10,000 2.87 0.30 0.056 1.23 0.298
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Day 43

Relative abundance
Reads rarefied to 10,000

3.54
3.23

0.36
0.41

0.005*
0.036

4.51
1.90

0.035*
0.189
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Table 11.S9 Percent of variance explained by the two first PRC axes, and by time or treatment when nutrient treatments are
grouped as replicates (see Figure 1.6 and Figure 11.S5). F statistic and p-value of permutation test for first constrained
eigenvalue is also shown, and an asterisk denote significant p-values.

Taxonomic level

Permutation test (999 permutations)

PRC1 (%) | PRC2 (%) | Time (%) | Time and treatment (%) E p-value

Phylum 31.22 0.001*
47.7 15.3 15.1 46.5

Class 34.28 0.001*
46.4 12.6 13.8 49.8

Order 26.19 0.001*
38.6 14.5 15.3 47.2

Family 16.3 21.30 0.001*
33.5 11.9 45.2

Genus 14.4 20.6 0.001*
34.9 10.6 44.7

ASV 11.1 41.9 10.61 0.001*

221 8.0
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Table 11.510 All bacterioplankton taxa weights for the PRC model at the phylum level,
ranked from largest (positive effects of glyphosate treatment) to smallest (negative effects
of glyphosate treatment).

Phylum Weight in PRC1
Proteobacteria 0.37
Chlamydiae 0.07
Acidobacteria 0.04
GNO02 0.02
Firmicutes 0.01
BRC1 0.01
SR1 0.004
Fibrobacteres 2.33E-27
Lentisphaerae 2.17E-36
Nitrospirae 4.23E-39
WS3 0.00
OP3 -3.23E-44
Fusobacteria -1.14E-30
Tenericutes -0.002
TM6 -0.03
[Thermi] -0.03
Gemmatimonadetes -0.04
T™M7 -0.05
Spirochaetes -0.05
Chlorobi -0.06
Armatimonadetes -0.08
Chloroflexi -0.08
OD1 -0.09
Verrucomicrobia -0.12
Planctomycetes -0.14
Cyanobacteria -0.24
Actinobacteria -0.26
Bacteroidetes -0.43
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Table 11.S11 Relative abundance of the main affected phyla by treatment. Percentage was calculated after normalization
with DESeq2 or by rarefying samples to 10,000 reads each and the respective standard error is indicated in parenthesis.

Normalization | Treatment Proteobacteria | Bacteroidetes | Actinobacteria | Cyanobacteria
Glyphosate 15 mg/L and imidacloprid 60 ug/L | 62.1% (3.2) 11.7% (2.1) 2.6% (0.8) 3.3% (0.8)
Glyphosate 15 mg/L 68.2% (3.7) 10.3% (1.8) 3.9% (1.5) 1.6% (0.6)
% Imidacloprid 60 ug/L 48.4% (1.4) 20.7% (0.9) 7.0% (1.0) 3.6% (0.6)
& Glyphosate 0.3 mg/L and imidacloprid 1 ug/L | 46.4% (0.9) 20.1% (0.9) 5.9% (0.8) 4.0% (0.6)
a Glyphosate 0.3 mg/L 46.9% (1.4) 20.6% (1.4) 6.5% (1.2) 4.6% (1.7)

Imidacloprid 1 ug/L 48.9% (1.3) 20.1% (1.4) 6.4% (1.1) 3.4% (0.5)

Control 49.6% (1.2) 22.4% (1.1) 5.2% (0.8) 3.4% (0.6)
'c'(: Glyphosate 15 mg/L and imidacloprid 60 ug/L | 69.5% (5.7) 12.6% (3.9) 3.2% (1.6) 1.1% (0.4)
o Glyphosate 15 mg/L 66.7% (7.7) 8.5% (2.5) 9.5% (5.5) 0.7% (0.5)
‘c':f Imidacloprid 60 ug/L 52.8% (4.0) 17.8% (3.9) 19.9% (4.4) 1.2% (0.4)
fe) Glyphosate 0.3 mg/L and imidacloprid 1 ug/L | 38.6% (2.8) 20.3% (2.6) 15.8% (4.2) 2.9% (1.6)
3 Glyphosate 0.3 mg/L 39.8% (3.4) 16.5% (4.4) 14.4% (5.7) 8.1% (4.9)
'"'§ Imidacloprid 1 ug/L 44.3% (1.7) 24.9% (2.7) 15.3% (4.2) 1.9% (0.5)
& Control 44.4% (4.1) 20.3% (2.5) 12.7% (3.9) 2.2% (0.8)
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Table 11.512 ASVs with the highest PRC taxa weights, and their respective weight in the first RDA axis, the ratio between
this value and the maximum taxa weight of the PRC model, and their taxonomy assignment from TaxAss using FreshTrain
and GreenGenes databases.

Weight (Taxa weight) /
ASV in RDA1 | (max. weight) Phylum Class Order Family/Lineage Genus/Clade | Species/Tribe
sp2262 0.14 1.00 | Proteobacteria | Alphaproteobacteria unclassified unclassified unclassified unclassified
sp188 0.13 0.92 | Proteobacteria | Betaproteobacteria Burkholderiales betl betl-A Lhab-A4
sp1895 0.12 0.88 | Proteobacteria | Alphaproteobacteria Rhodospirillales Rhodospirillaceae | Azospirillum A. massiliensis
sp2118 0.12 0.84 | Proteobacteria | Alphaproteobacteria Rhodobacterales | alfVI unclassified unclassified
sp2155 0.1 0.81 | Proteobacteria | Alphaproteobacteria Rhizobiales Rhizobiaceae Agrobacterium | unclassified
sp307 0.11 0.81 | Proteobacteria | Gammaproteobacteria | Xanthomonadales | Sinobacteraceae Nevskia N. ramosa
sp284 0.10 0.75 | Proteobacteria | Betaproteobacteria Burkholderiales betl betl-A unclassified
sp130 0.10 0.74 | Proteobacteria | Betaproteobacteria Methylophilales betlV betlV-A unclassified
sp283 -0.11 -0.80 | Proteobacteria | Betaproteobacteria Burkholderiales betl betl-A unclassified
sp2111 -0.11 -0.82 | Proteobacteria | Alphaproteobacteria Rhodobacterales | Rhodobacteraceae | Rhodobacter | unclassified
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Table [1.513 Summarized results of the generalized additive mixed models (GAMMs) for abundance of the three genera
most positively impacted by the experimental treatments. Gaussian residual distributions were used in all models. For each
response variable we report the sample size (n), adjusted R2, the predictors and factors used in the model, the parameter
estimate and respective standard error (SE) of parametric effects or the effective degrees of freedom (EDF) of smooth
terms, the corresponding test statistics (t value for parametric and F for smooth terms) and the p-value. Smooths terms are
described as mgcv syntax: ‘s()’ functions are thin plate regression splines and ‘() tensor product interactions, pond
represents the random variable of the mixed model and ‘bs=fs” specifies the underline base function as a random smooth.
Following a Bonferroni multiple testing correction for 16 tests, we only considered significant variables with p-value <0.003,

shown in bold.

Response variable n Adjusted R? Predictors Factors® of parametric and Estimate Statistic p-value
smooth terms (SE) or EDF
log1o(Agrobacterium) 89 0.80 treatment high_both 1.26 (0.17) 7.50 <0.001*
high_glypho 1.05 (0.17) 6.25 <0.001*
high_imid 0.06 (0.17) 0.38 0.707
low_both 0.26 (0.17) 1.52 0.134
low_glypho 0.44 (0.19) 2.37 0.021
low_imid 0.15 (0.17) 0.87 0.389
nutrient high 0.10 (0.10) 0.99 0.328
ti(day) 4.8 2.92 0.021
ti(day, by=treatment) low_glypho 14 5.43 0.007
low_imid 1.0 1.05 0.309
low_both 1.0 0.57 0.453
high_glypho 3.9 19.49 <0.001*
high_imid 1.0 0.07 0.793
high_both 3.9 20.66 <0.001*
ti(day, by=nutrient) high 1.0 0.01 0.941
s(day, Pond, bs='fs'") 3.0 0.14 0.24
log1o(Flavobacterium) 89 0.48 treatment high_both 1.5 (0.25) 5.96 <0.001*
high_glypho 1.0 (0.25) 3.98 <0.001*
high_imid 0.24 (0.25) 0.95 0.348
low_both 0.46 (0.25) 1.82 0.074
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low_glypho 0.51 (0.28) 1.80 0.076
low_imid 0.16 (0.15) 0.64 0.522
nutrient high -0.06 (0.15) -0.40 0.687
ti(day) 4.7 2.78 0.042
ti(day, by=treatment) low_glypho 1.8 1.17 0.288
low_imid 1.0 2.24 0.139
low_both 1.9 1.01 0.325
high_glypho 21 3.63 0.031
high_imid 1.0 0.27 0.606
high_both 1.0 17.35 <0.001*
ti(day, by=nutrient) high 2.0 0.64 0.442
s(day, Pond, bs='fs'") 0.2 0.01 0.421
log1o(Azospirillum) 89 | 0.78 treatment high_both 1.34 (0.17) 7.82 <0.001*
high_glypho 1.02 (0.17) 5.99 <0.001*
high_imid 0.09 (0.17) 0.50 0.62
low_both 0.31 (0.17) 1.83 0.07
low_glypho 0.18 (0.18) 0.98 0.33
low_imid 0.18 (0.17) 1.06 0.29
nutrient high -0.24 (0.10) -2.47 0.02
ti(day) 2.2 2.11 0.137
ti(day, by=treatment) low_glypho 1.0 0.01 0.920
low_imid 1.0 0.00 0.988
low_both 1.6 0.76 0.480
high_glypho 2.6 5.41 0.002*
high_imid 1.0 0.09 0.770
high_both 33 6.27 0.001*
ti(day, by=nutrient) high 2.2 1.40 0.192
s(day, Pond, bs='fs") 7.8 0.60 0.015
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Abstract

Agrochemicals often contaminate freshwater bodies, affecting microbial
communities that underlie aquatic food webs. For example, the herbicide glyphosate has
the potential to indirectly select for antibiotic resistant bacteria. Such cross-selection could
occur, for example, if the same genes (encoding efflux pumps, for example) confer
resistance to both glyphosate and antibiotics. To test for cross-resistance in natural
aquatic bacterial communities, we added a glyphosate-based herbicide (GBH) to 1,000-
L mesocosms filled with water from a pristine lake. Over 57 days, we tracked changes in
bacterial communities with shotgun metagenomic sequencing, and annotated
metagenome-assembled genomes (MAGs) for the presence of known antibiotic
resistance genes (ARGs), plasmids, and resistance mutations in the enzyme targeted by
glyphosate (enolpyruvyl-shikimate-3-phosphate synthase; EPSPS). We found that high
doses of GBH significantly increased ARG frequency and selected for multidrug efflux
pumps in particular. The relative abundance of MAGs after a high dose of GBH was
predictable based on the number of ARGs encoded in their genomes (17% of variation
explained) and, to a lesser extent, by resistance mutations in EPSPS. Together, these
results indicate that GBHs have the potential to cross-select for antibiotic resistance in

natural freshwater bacteria.

Importance

Glyphosate-based herbicides (GBHs) such as “Roundup®” formulations may have
the unintended consequence of selecting for antibiotic resistance genes (ARGs), as
demonstrated in previous experiments. However, the effects of GBHs on ARGs remains
unknown in natural aquatic communities, which are often contaminated with pesticides
from agricultural runoff. Moreover, the resistance provided by ARGs compared to
canonical (i.e. previously known) mutations in the glyphosate target enzyme, EPSPS,
remains unclear. Here we performed a freshwater mesocosm experiment showing that a
GBH strongly selects for ARGs, particularly multidrug efflux pumps. These selective
effects were evident after just a few days, and the ability of bacteria to survive and thrive

after GBH stress was predictable by the number of ARGs in their genomes, and to a
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lesser extent by mutations in EPSPS. Intensive GBH application may therefore have the

unintended consequence of selecting for ARGs in natural freshwater communities.

Introduction

Glyphosate-based herbicides (GBHSs) are by far the most extensively used weed-
killers worldwide, especially since the introduction of transgenic glyphosate-resistant
crops in the 1990s (Benbrook, 2016; Duke & Powles, 2008). Glyphosate residues can
spread widely and accumulate in soil, water, and plant products, raising concerns over
human and environmental health (van Bruggen et al., 2018). A recent systematic review
and risk analysis concluded that glyphosate poses a moderate to high risk to freshwater
biodiversity in 20 of the countries investigated (Brovini et al., 2021). Some of the highest
aquatic concentrations of glyphosate were found in countries with the largest production
of genetically engineered glyphosate-tolerant crops globally, including the United States,
Brazil, and Argentina (Benbrook, 2016; Brovini et al., 2021).

Although designed to control weed growth, glyphosate may also affect
microorganisms that use the herbicide’s molecular target, the enzyme enolpyruvyl-
shikimate-3-phosphate synthase (EPSPS), to synthesize aromatic amino acids
(Pollegioni et al., 2011). The EPSPS is classified into four classes according to mutations
in the enzyme active site that confer differential sensitivities to glyphosate (Leino et al.,
2020). In bacteria, EPSPS classes | and Il, which are respectively sensitive and tolerant
to glyphosate, are the most frequently found, while classes Il and IV are rarer and both
confer glyphosate resistance (Leino et al., 2020). The EPSPS class Il sequence isolated
from a strain of Agrobacterium tumefaciens is used as the transgene conferring tolerance
in most commercially available glyphosate-resistant crops (Pline-Srnic, 2006; Singh &
Prasad, 2016).

Experiments conducted in diverse environments, such as soil and freshwater
(Barbosa da Costa et al., 2021; Lu et al., 2020; Y. Wang et al., 2020) and the bee gut
microbiome (Motta, Raymann, & Moran, 2018), have shown that bacterial taxa from
natural ecosystems vary in their sensitivity to glyphosate. Some of this variation is
explained by the distribution of different EPSPS classes. However, while strains with the
EPSPS class | are known to be sensitive, they have also been observed to tolerate
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glyphosate through unknown mechanisms (Motta et al., 2018), indicating that additional
EPSPS-independent glyphosate resistance mechanisms likely exist in nature.

Studies with bacterial cultures have shown increased resistance to antibiotics after
exposure to high concentrations of glyphosate and other herbicides (Kurenbach et al.,
2017, 2018, 2015; Ramakrishnan, Venkateswarlu, Sethunathan, & Megharaj, 2019; Xing,
Wu, & Men, 2020). In the presence of glyphosate, the expression of membrane
transporters may confer resistance to glyphosate and antibiotics simultaneously (Staub,
Brand, Tran, Kong, & Rogers, 2012). Specifically, multidrug efflux pumps have been
experimentally shown to confer resistance to both glyphosate and antibiotics, presumably
by exporting a variety of small molecules (Kurenbach et al., 2017, 2015). This is an
example of cross-resistance, a mechanism of indirect selection through which one
resistance gene or biochemical system confers resistance to other antimicrobial agents
(Baker-Austin, Wright, Stepanauskas, & McArthur, 2006; Murray, Zhang, Snape, & Gaze,
2019).

Direct selection of antibiotic resistance occurs when bacteria are exposed to an
antibiotic agent and mutations conferring resistance to this agent are selected (Gullberg
et al., 2011). In contrast, indirect selection for antibiotic resistance occurs in the absence
of the antibiotic, either via cross- or co-resistance (Baker-Austin et al., 2006; Murray et
al., 2019). Cross-resistance occurs when the same gene confers resistance to multiple
antibiotic agents, while co-resistance occurs when a resistance gene is genetically linked
to another gene that is not necessarily an antibiotic resistance gene (ARG), but that is
under positive selection.

Most studies of cross-resistance induced by herbicides have focused on bacterial
isolates in laboratory experiments (Kurenbach et al., 2017, 2018, 2015; Xing et al., 2020;
H. Zhang, Liu, Wang, & Zhai, 2021). A recent study showed that herbicide selection
increases the prevalence of ARGs in soil bacterial communities, using observational and
experimental field data (Liao et al., 2021). However, we still lack evidence in aquatic
communities, which are of particular interest because herbicides often reach water bodies
through leaching, runoff, and spray drift from agricultural fields (Brook & Beaton, 2015;
Brovini et al., 2021). Moreover, the extent of direct selection on EPSPS mutations

compared to indirect selection on ARGs is unclear. In a previous study, we used 16S
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ribosomal gene amplicon sequencing to assess how the composition of freshwater
bacterioplankton communities respond to a GBH applied alone or in combination with a
widely-used neonicotinoid insecticide (Barbosa da Costa et al., 2021). As part of the same
experiment, we also showed that phytoplankton and zooplankton communities responded
strongly to high doses of GBH (Fugeére et al., 2020; M.-P. Hébert et al., 2021). Here, we
expand on our previous work and investigate the effects of the GBH on ARG frequencies
in aquatic bacterial communities, using the same outdoor array of experimental ponds
(Figure 111.1A).

B Herbicide treatment (glyphosate acid mg/L)

Phase | (2 pulses - 6 weeks) Phase Il (1 pulse - 2 weeks)

0.0

0.0

Nutrient background
O Mesotrophic (15 ug TP/L)
[J Eutrophic (60 pg TP/L)

Figure lll.1 Experimental area and design. (A) Aerial photograph of the Large
Experimental Array of Ponds (LEAP) at Gault Nature Reserve, in Mont Saint-Hilaire
(Canada). The laboratory facility and inflow reservoir, where water from our source lake
was redirected to before filling the mesocosms, can be seen at the top of the photograph.
Our source lake, Lake Hertel, is located upstream (not shown in the photograph). (B)
Schematic representation of the subset of mesocosms selected for metagenomic
sequencing in this study. A total of eight ponds were sampled 11 times over the course
of the 8-week experiment, which was divided in two phases: Phase | (6 weeks) and Phase
Il (2 weeks). Phase | included two pulse applications (doses) of GBH, with three target
glyphosate concentrations (0, 0.5, and 15 mg/L). In Phase I, all ponds except for two
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controls, shown in grey, received a higher dose of glyphosate (40 mg/L). Phase | included
four control ponds (grey and yellow) while Phase Il only included two controls (grey). Note
that yellow ponds only received GBH in Phase II. Nutrients were also added to ponds to
reproduce mesotrophic or eutrophic conditions, represented respectively by circles and
squares (target phosphorus concentrations are indicated). TP: total phosphorus.

To test the extent to which GBH (in the form of Roundup®) cross-selects for ARGs
in complex aquatic communities over time, we exposed freshwater mesocosms to two
glyphosate concentrations for six weeks (0.3 and 15 mg/L; Phase |) and to a higher dose
for the next two weeks (40 mg/L; Phase Il) (Figure I11.1B). We sequenced metagenomes
from each mesocosm and reconstructed Metagenome-Assembled Genomes (MAGs) of
bacteria, which were annotated according to their taxonomy, presence of ARGs,
plasmids, and resistance mutations in the EPSPS enzyme (Methods). We hypothesize
that the frequency of ARGs would increase after exposure to a high concentration of
glyphosate, and that efflux pumps are among the main resistance mechanisms promoted
by GBH. We also expect that MAGs encoding many ARGs and/or the resistant classes
of the EPSPS gene will be the most likely to survive and proliferate after GBH exposure.
Consistent with these expectations, we find that high doses of GBH (15 and 40 mg/L
glyphosate) cross-select for ARGs, particularly multidrug efflux pumps. These results
demonstrate that severe contamination of aquatic systems with GBH could indirectly

select for antibiotic resistance.

Methods

Experimental design

An eight-week mesocosm experiment was conducted at the Large Experimental
Array of Ponds (LEAP) facility (Figure Ill.1A) located at McGill University’s Gault Nature
Reserve (QC, Canada) from August 17" (day 1) to October 12" (day 57) 2016, as
previously described (Barbosa da Costa et al., 2021; Fugére et al., 2020; M.-P. Hébert et
al., 2021). Pond mesocosms were filled with 1,000 L of water and planktonic communities
from Lake Hertel (45°32’ N, 73°09’ W). Lake water was passed through a coarse sieve to
prevent fish introduction, while retaining lake bacterioplankton, zooplankton and

phytoplankton, whose responses to experimental treatments have been described in
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previous studies (Barbosa da Costa et al., 2021; Fugére et al., 2020; M.-P. Hébert et al.,
2021).

Figure 111.1B illustrates the experimental design of a subset of eight treatments
selected for the metagenomic sequencing analyses reported here (see Fugeére et al.
(2020) for a full description of all treatments at the LEAP facility in 2016). The eight ponds
were sampled at 11 timepoints throughout phases | and Il of the experiment. In Phase |
(days 1-44), all ponds received nutrient inputs biweekly, simulating mesotrophic or
eutrophic lake conditions with additions of a concentrated nutrient solution. Four ponds
were treated with a GBH to reach target concentrations of 0.3 or 15 mg/L of the active
ingredient (glyphosate; acid equivalent), while the other four were kept as control ponds.
The GBH was applied in two pulses in Phase |, at days 6 and 33. In Phase |l (days 45-
57), two control ponds (hereafter referred to as Control Phase |) and the four treatment
ponds received one pulse of the GBH at a higher dose (40 mg/L glyphosate) on day 44,
while other two other control ponds (hereafter referred to as Control Phase Il) received
no pulse.

Target doses of the active ingredient were calculated based on the glyphosate acid
content in Roundup® Super Concentrate Grass and Weed Control (Bayer ©; reg.
#22759), the formulation used for the experiment. We used a commercial formulation to
mimic environmental contamination, and because the costs of using pure glyphosate salt
would be prohibitive in a large-scale field experiment. Treatments are referred to by their
glyphosate acid concentration to allow comparison with other formulations. Nutrients were
added in the form of nitrate (KNOs) and phosphate (KH2PO4 and K2POa), with target
concentrations of 15 pyg P/L and 231 pg N/L in the low-nutrient (mesotrophic) treatment
ponds and 60 ug P/L and 924 ug N/L for in the high-nutrient (eutrophic) treatment ponds.
The concentrated nutrient solution had an N:P molar ratio of 33 comparable to our source
lake. As reported in previous studies (Barbosa da Costa et al., 2021; Fugeére et al., 2020),
target doses of glyphosate acid and nutrients were achieved reasonably well, although
glyphosate accumulated over Phase |, reaching higher concentrations than intended after

the second dose.
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DNA extraction and metagenomic sequencing

The eight experimental ponds were sampled for bacterioplankton DNA at 8
timepoints during Phase | (days 1, 7, 15, 30, 35, 38, 41 and 43) and 3 timepoints during
Phase Il (days 45, 49 and 57). Water samples were collected with 35 cm long integrated
samplers (2.5 cm diameter PVC tubing) at multiple locations in the same pond and stored
in 1 L dark Nalgene bottles, at 4 °C until being filtered within 4 hours. We filtered 250 mL
of each sample on site, through 0.22 ym pore size Millipore hydrophilic polyethersulfone
membranes of 47 mm diameter (Sigma-Aldrich, St. Louis, USA). Filters were stored at -
80 °C until DNA extraction.

We extracted DNA from a total of 88 filter samples using the PowerWater DNA
Isolation kit (MoBio Technologies Inc.) following the manufacturer’s guidelines. Shotgun
metagenomic sequencing was performed using the lllumina HiSeq 4000 technology with
100 bp paired-end reads. Libraries were prepared with 50 ng of DNA using the NEBNext
Ultra || DNA Library Prep kit for llumina (New England Biolabs®) as per the
manufacturer’'s recommendations, and had an average fragment size of 390 bp.

Metagenomic read trimming, functional annotation and ARGSs inference from
metagenomic reads

We removed lllumina adapters and quality filtered metagenomic reads using
Trimmomatic (Bolger, Lohse, & Usadel, 2014) in the paired-end mode. We used
FragGeneScan (Rho, Tang, & Ye, 2010) for gene prediction from trimmed metagenomic
reads and annotated predicted genes with SEED subsystems (Overbeek et al., 2014). To
identify known ARGs in the metagenomic reads, we used the Resistance Gene Identifier
(RGI) ‘bwt’ function that maps FASTQ files of reads passing quality control to CARD
(Alcock et al., 2020) using Bowtie2 (version 2.4) as an aligner (Langmead & Salzberg,
2012). Only alignments with mapping quality (MAPQ) higher than 10 and gene coverage
of 50% were retained. To calculate the proportion of metagenomic reads mapped to
CARD that have been assembled and binned to genomes, we extracted reads that
aligned to CARD using Samtools (H. Li et al., 2009) and mapped them to MAGs using
Bowtie2 (Langmead & Salzberg, 2012). Table 111.S2 shows the total number of reads by
sample after timming and a summary of the RGI output by sample for hits with minimum
gene coverage of 50% and average MAPQ>10.
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Metagenomic de novo co-assembly, binning, dereplication and curation of MAGs

We organized the dataset into eight sets of metagenomes, each of them containing
samples of the same mesocosm pond (Figure 1ll.1B) from multiple timepoints. We co-
assembled reads from each of the 8 timeseries using MEGAHIT v1.1.1 (D. Li, Liu, Luo,
Sadakane, & Lam, 2015), with a minimum contig length of 1 kbp. We used anvi’o v5.1
(Eren et al., 2015) to profile contigs, to identify genes using Prodigal v2.6.3 (Doug Hyatt,
Gwo-Liang Chen, Philip F LoCascio, Miriam L Land, Frank W Larimer, 2010) and HMMER
v3.2.1 (Eddy, 2011), to infer the taxonomy of genes with Centrifuge v1.0.4 (Kim, Song,
Breitwieser, & Salzberg, 2016), to map metagenomic reads to contigs using Bowtie2
v2.4.2 (Langmead & Salzberg, 2012), and then to estimate depth of read coverage across
contigs. Finally, we used anvi'o to cluster contigs according to their sequence composition
and coverage across samples with the automatic binning algorithm CONCOCT (Alneberg
et al., 2014) and we manually refined the bins (n=830) using the anvi'o interactive
interface, as suggested by developers (Eren et al., 2015), by removing splits that diverged
in the differential coverage and/or tetra-nucleotide frequency of most splits in the same
bin.

We dereplicated bins as described in Delmont et al. (2018). In summary, we
calculated the Pearson correlation coefficient between the relative abundance (i.e. the
mean coverage calculated by the function ‘anvi-summarize’ within anvi'o) for each pair of
bins in the metagenomic samples, using the ‘cor’ function in R (R Core Team, 2020), and
the average nucleotide identity (ANI) of bins affiliated to the same phylum, using NUCmer
(Delcher, Phillippy, Carlton, & Salzberg, 2002). Taxonomy assignment of redundant bins
was done using CheckM (Parks, Imelfort, Skennerton, Hugenholtz, & Tyson, 2015). Bins
with a Person correlation coefficient above 0.9 and ANI of 98% or more were considered
redundant. In a total of 830 bins obtained before performing the dereplication, we found
607 non-redundant bins, of which 426 were classified as MAGs, as they had at least 70%
completeness and no more than 10% redundancy (see Table I11.S2). We then created a
non-redundant genomic database of these 426 MAGs to which we mapped metagenomic
reads to calculate the relative abundance of each MAGs across the different samples.
Here we define a MAG's relative abundance as the number of metagenomic reads

recruited to a MAG divided by the total metagenomic reads in a given sample.
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Identification of ARGs, EPSPS and plasmids in MAGs

We annotated ARGs within MAG contigs with the RGI ‘main’ function, that
compares predicted protein sequences from contigs to the CARD protein reference
sequence data. Within RGI, we used the BLAST (Altschul, Gish, Miller, Myers, & Lipman,
1990) alignment option and the strict algorithm (excluding nudge of loose hits to strict hits)
for low quality contigs (<20,000 bp). The RGI low sequence quality option uses Prodigal
anonymous mode (Doug Hyatt, Gwo-Liang Chen, Philip F LoCascio, Miriam L Land,
Frank W Larimer, 2010) for the prediction of open reading frames, supporting calls of
partial ARGs from short or low quality contigs.

To identify EPSPS sequences from MAG contigs we first used anvi'o to predict
amino acid sequences of the non-redundant MAGs with the flag ‘report-aa-seqgs-for-gene-
calls’ of the function ‘anvi-summarize’. Gene calls of all the MAGs were concatenated
conserving the original split names, and transformed into a fasta file. We then blasted the
predicted amino acid sequences against a custom database with sequences of the
EPSPS enzyme, using BLASTp (Altschul et al., 1990) and a minimum e-value of 1e-5.
After selecting the gene call with the best match (i.e. lowest e-value) to an EPSPS
sequence in each of the 426 MAGs, we used the EPSPSClass web server (Leino et al.,
2020) to classify the retrieved sequences according to resistance to glyphosate.
Sequences were classified as EPSPS class |, class Il or class |V if they contained all the
amino acid markers from the respective reference, i.e. if the percent identity was equal to
1; and classified as class Ill when they contained at least one complete motif out of 18 of
the resistance-associated sequences, as explained in Leino et al. (2020). MAGs whose
EPSPS sequences did not match these criteria of having at least one motif of class Il or
100% percent identity with class |, Il or IV, or those in which no predicted amino acid
sequence matched a known EPSPS sequence were set as unclassified (roughly 27% of
MAGs). EPSPS sequences matching class | were considered as putative sensitive and
those with at least one motif of class Ill or matching class Il as putative resistant. No
sequences were found that matched to class IV.

To identify potential plasmid contigs assembled to MAGs we used the plasmid
classifier PlasClass (Pellow, Mizrahi, & Shamir, 2020). We counted all contigs classified

as plasmid with a minimum of 70% probability, as well as how many of these potential
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plasmid contigs were annotated with ARGs through RGI. Table 111.S2 summarizes MAG
information, including the predicted EPSPS sequence found in the genome, the EPSPS
classification, the number of estimated plasmid contigs and how many of them contained
ARG sequences.

Statistical analyses

All statistical analyses were conducted in R v.4.0.2 (R Core Team, 2020). Time
series of (log-transformed) ARG counts and ARG reads per million metagenomic reads
were modelled using additive models (GAM) using the ‘mgcv’ R package (Wood, 2017).
We used GAMs to account for nonlinear relationships among the response variable and
the predictors. Some predictors (nutrient and herbicide treatment levels) were coded as
ordered factors; Table I11.1 lists all factors and predictors of the model. We built the models
using the ‘gam’ function and assessed significance of effects with the ‘summary.gam’
function. We validated the models with the ‘gam.check’ function, inspecting the
distribution of model residuals, comparing fitted and observed values, and checking if the
basis dimension (k) of smooth terms were large enough.

We used Principal Response Curves (PRCs) to test for the effect of treatments on
the composition of MAGs, ARGs and gene functional profiles over time. PRCs are a
special case of partial redundancy analysis (pPRDA) used in temporal experimental studies
where treatments and the interaction between treatment and time are used as
explanatory variables (Auber et al., 2017). Time is the covariable (or conditioning variable)
whose effect is partialled out and the response variable is the matrix containing
compositional data (taxa or gene family relative abundances). We built PRCs using
relative abundances of predicted genes grouped according to the SEED subsystem levels
1 and 2. In a more focused analysis, we built a PRC for the matrix of ARGs found in each
sample, i.e. metagenomic reads mapped to each ARG from the CARD reference
classified according to their Antibiotic Resistance Ontology (ARO). The matrices were
transformed using the Hellinger transformation (Legendre & Gallagher, 2001). The PRC
diagram displays the treatment effect on the y-axis, expressed as deviations from the
experimental controls at each time point. It also shows species scores on the right y-axis,
which here can be interpreted as the contribution of each function or gene to the treatment
response curves. We assessed the significance of the first PRC axis by permuting the
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treatment label of ponds while keeping the temporal order, using the ‘permute’ package
(Simpson, 2019) followed by a permutation test (999 permutations) using the ‘vegan’
package (J. Oksanen et al., 2019). For the PRC based on ARG composition, we tested if
the distribution of PRC positive and negative scores was different among the resistance
mechanisms of the identified ARGs using the ‘fisher.test’ function in the ‘stats’ package
in R (R Core Team, 2020).

To test if MAG abundance in Phase |l glyphosate treatments was correlated with
their antibiotic resistance potential, we built a multiple linear regression with the ‘Im’
function of the R package ‘stats’ (R Core Team, 2020). The response variable was the
average relative abundance of a MAG in glyphosate-treated ponds in Phase Il, averaging
abundance across all ponds in which a MAG was found in Phase Il. The three predictors
were: the MAG's antibiotic resistance potential (defined as the number of RGI strict hits
found in the MAG), the average MAG relative abundance in the same ponds of Phase |,
and their EPSPS sequence classification (resistant, sensitive or unclassified). To assess
the relative contribution of the different predictors to MAG survival in Phase Il, we
performed a variance partitioning analysis with the ‘varpart’ function of the R package
‘vegan’ (J. Oksanen et al., 2019). Finally, to visualize the hierarchy among predictors we
constructed a conditional inference regression tree. Response variable and predictors
were the same as described above, except that instead of grouping all ARG hits, we
transformed them into three variables, according to their function: antibiotic target
alteration, antibiotic inactivation, or antibiotic efflux. The regression tree was fitted with
the ‘ctree’ function in the R package ‘party’ (R Core Team, 2020). As a negative control,
we repeated the same analyses for MAGs found in control ponds of Phase Il.

As multiple predictors were tested, we used a conservative Bonferroni correction
for the additive and linear models, whereby the p-value significance threshold of 0.05 was
divided by the number of statistical tests.

Graphs and heatmaps for timeseries data visualization were built using the
functions ‘geom_point’ and ‘geom_tile’, respectively, in the R package ‘ggplot?’
(Wickham, 2009).
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Results

GBH treatment changes community composition and increases ARG frequency

To assess how GBH treatments affected bacterioplankton community composition
over time, we built Principal Response Curves (PRCs; Methods). The response variables
used for PRCs were either the estimated relative abundance of MAGs or the summed
abundance of MAGs grouped at more inclusive taxonomic levels (phylum or class). In
Phase | of the experiment, two pulses of a GBH were applied to reach concentrations of
0.3 mg/L or 15 mg/L glyphosate. The first GBH pulse at the highest concentration
changed the MAG composition irreversibly for the duration of the experiment (Figure
[11.S1A). However, when these MAGs were grouped at more inclusive taxonomic levels,
we observed a recovery of community composition 20-30 days after the first pulse (Figure
[11.S1 B-C). The second pulse in Phase | had a weaker effect that depended on the
taxonomic resolution, with the most pronounced changes visible at the class level. In
Phase Il, when a single dose of 40 mg/L glyphosate was applied to all mesocosms except
for the Phase Il controls, a strong effect was observed in all ponds regardless of
taxonomic resolution. These results are broadly consistent with our previous 16S rRNA
gene amplicon sequencing from the same experiment, which showed community
resilience to GBH pulses at higher taxonomic levels only (Barbosa da Costa et al., 2021).

To test the effects of GBH on ARG frequency over the experiment, we tracked
variation in the number of metagenomic reads mapped to the Comprehensive Antibiotic
Resistance Database (CARD), hereafter referred to as ARG reads, and in the counts of
unique ARGs over time, both normalized by the total number of reads in each sample
(Figure 111.2). Among the GBH treatments applied in Phase |, only the highest
concentration increased ARG frequencies over time, either when measured as the
number of unique ARGs (GAM F=15.65 p<0.001, Table Ill.1, Figure 1l1l.S2), or as the
number of ARG reads (GAM F=15.78 p<0.001, Table Ill.1, Figure 1l1.S2). The
concordance of these two metrics suggests that the effect of GBH on ARGs was not due

to a few highly responsive resistance genes, but to multiple unique genes.
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Il pulse. The colour code refers to the target glyphosate concentrations in Phase | (pulse 1 and pulse 2), while in Phase I
all treated ponds received a target of 40 mg/L glyphosate.
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Table lll.1 Summary of GAMs showing the effect of GBH on ARG frequencies in phase | only and in both phasesc

Response variable/

i a i - b
Adjusted R? Predictors Factors Estimate (SE) or EDF tvalue or F p-value
Unique ARG Parametric terms Phase | Both phases | Phasel  Both phases Phase | Both phases
counts per miI_Iion -0.001 0.018 .
metagenomic Control Phase | (£0.006) (£0.006) -0.1 29 0.890 0.005
reads (log1o(x+1)) 0.003 0.023 *
Treatment Glyphosate 0.3 mg/L (£0.006) (£0.006) 0.5 3.8 0.633 <0.001
. 2 +0. 0.
Adjusted R _65.1% 0.035 0.040 . ,
(phase |, n=64)/ Glyphosate 15 mg/L (£0.006) (£0.006) 6.2 6.7 <0.001 <0.001
o 0. 0.
74.6% (bi)th phases, . _ _ 20.012 -0.011 . .
n=88) Nutrient High nutrient (£0.004) (£0.004) -3.0 -2.7 0.005 0.009
Smooth terms
ti(day) - 1.0 6.8 0.02 2.71 0.903 0.010*
ti(da Control Phase | 1.0 3.2 0.03 10.04 0.861 <0.001*
b =t?léatment) Glyphosate 0.3 mg/L 1.0 4.7 0.57 7.47 0.453 <0.001*
y Glyphosate 15 mg/L 3.9 4.3 15.65 5.01 <0.001* 0.002*
tiday, High nutrient 1.0 1.0 0.60 0.25 0.444 0.620
by=nutrient)
Parametric terms | Factors Phase | Both phases Phase | Both phases Phase | Both phases
-0.028 0.322 .
Control Phase | (+0.105) (£0.103) -0.3 3.1 0.790 0.003
ARG reads per | Treatment Glyphosate 0.3 mg/L ( 106911035) ( 106?‘12003) 0.1 3.1 0.899 0.003*
million 0.678 0.804 \ \
metagenomic Glyphosate 15 mg/L (£0.105) (£0.103) 6.5 7.8 <0.001 <0.001
reads (lograbe+1)) | | . . -0.197 -0.185 \
utrient High nutrient + -2.7 -2.6 0.010 0.013
Adjusted Re= 66.6% |—<——— (£0.074) (£0.073)
_ mooth terms
77(2&3?30'{h”;f:g/e o | tilday) . 1.0 6.7 0.21 2.77 0.648 0.009*
' n=88) ’ ti(da Control Phase | 1.0 3.5 0.11 12.27 0.737 <0.001*
b =t¥éatment) Glyphosate 0.3 mg/L 1.0 2.6 0.47 8.93 0.497 <0.001*
y Glyphosate 15 mg/L 3.9 4.6 15.78 6.90 <0.001 <0.001*
tiday, High nutrient 10 10 3.92 152 0.053 0.222

by=nutrient)

aWhen factor is absent, the respective predictor variable is continuous (“day”).

bAsterisks indicate significant p-values after Bonferroni correction (<0.0125).
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¢For each predictor of the model, when it is a parametric term we report the respective parameter estimate
with standard errors (SE) and t value; when it is a smooth term, we report the effective degrees of freedom
(EDF) and F statistic. Smooths terms are described as the mgcv syntax, and “ti()” phrases are tensor
product interactions. P-values are reported for each predictor, and reports of significant factors after
Bonferroni correction (p<0.0125) are highlighted in boldface. A Gaussian residual distribution was used

The first GBH pulse produced a more prominent effect than the second pulse in
Phase | (Figure 111.2). After each pulse, the ARG frequencies returned close to their
baseline, tracking with the community recovery observed at phylum and class taxonomic
levels but not at the level of MAGs (Figure 111.S1). In Phase ll, the single dose of 40 mg/L
glyphosate triggered an increase in ARG frequencies across all treated ponds (Figure
[11.2). ARG frequencies increased over time, due mainly to the Phase || GBH pulse (Table
[11.1, Figure 111.S2). Nutrient enrichment produced a weak but significant effect only when
considered alone, not in interaction with time (Table 111.1). Overall, these results support
the hypothesis that the GBH treatment has the most dominant and strongest positive
effect on ARG frequencies over time. The observation that ARG frequencies recover to
baseline concordantly with higher taxonomic units but not the finest units (MAGs)
suggests that ARGs are encoded by a wide range of distantly related bacteria and the
number of species containing ARGs may be large, rather than restricted to a few closely

related strains.

GBH selects for specific gene functions, including antibiotic efflux

To assess how GBH affected known gene functions beyond ARGs in the bacterial
communities, we built PRCs based on SEED annotations of genes in the metagenomes.
The PRCs revealed a clear effect of GBH on the composition of gene functions (Figure
[11.S3), similar to the treatment effect detected in the PRCs for community composition at
the phylum and class levels (Figure [II.S1B-C). In Phase I, the first pulse of 15 mg/L
glyphosate induced greater deviations from controls than the second pulse. In Phase II,
all ponds receiving 40 mg/L glyphosate deviated from the controls. Resistance to
antibiotics is among the functions positively affected by GBH treatment, as indicated by
the positive scores of the SEED subsystems “Virulence, Disease and Defense”, at level
1 (Figure I1.S3A), and “Resistance to antibiotics and toxic compounds”, at level 2 (Figure

[11.S3B). Table 111.51 shows the complete list of PRC scores for all SEED subsystems at
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levels 1 and 2. Membrane transport (level 1, Figure Il1.S3A), such as the ATP-binding
cassette (ABC) transporters (level 2, Figure 11I.S3B), are among the positively selected
functions. These genes could plausibly change cell permeability to various molecules,
including glyphosate.

To assess the effects of GBH on ARGs at a higher level of resolution, we built
another set of PRCs based on ARG profiles predicted from reads mapping to CARD. The
resulting PRC plot showed a prominent effect of the first and second pulses of 15 mg/L
of glyphosate in Phase | (Figure I11.3). In Phase I, the GBH had an effect in all treatments
that received a last pulse (40 mg/L glyphosate). This result is consistent with the greater
effect of the large Phase Il pulse compared to smaller Phase | pulses on total ARG
frequencies (Figure Ill.2 and Figure 1l1.S2). The two principal resistance mechanisms of
the ARGs annotated by CARD are antibiotic efflux and antibiotic inactivation (shown
respectively in blue and red text in Figure 111.3). Genes encoding antibiotic efflux functions
were more often found with positive PRCs scores (Fisher's exact test, p=0.013),
suggesting that they tend to be selected more often than other ARGs in the presence of
GBH. This result supports the hypothesis that membrane transporters used for antibiotic

efflux could also play a role in exporting glyphosate from bacterial cells.
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Figure 111.3 GBH skews composition of ARGs in favor of antibiotic efflux pumps.
Principal Response Curves (PRCs) illustrating divergence (relative to controls) in the
composition of ARGs in response to GBH exposure. The left y-axis represents the
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magnitude or ARG compositional response, while the right y-axis represents individual
gene scores (i.e., relative contribution to overall compositional changes). Gene names
(ARO) are colour-coded based on their mechanism of resistance. Dashed vertical lines
indicate the timing of GBH pulses in Phase |, and the solid vertical line represents the
pulse in Phase Il. The zero line (y=0) represents the low nutrient control pond from both
Phase | and Il. The PRC explains 30% of the total variance (PERMUTEST, F=22.8,
p=0.024). Treatments and time interactively explain 74.8% of the variance while 25% is
explained by time alone.

Connecting resistance genes to genomes and plasmids

Thus far, our results have only considered ARGs outside the context of the
bacterial genomes or plasmids in which they occur. On average, 71% (z 3; range = 45—
94%, Table 111.S2) of ARG reads (those mapping to CARD) across all samples also
mapped to MAGs, implying that MAGs captured a large fraction of ARG reads in the
metagenomes. We identified putative plasmids in 390 MAGs, with an average of 43
plasmid contigs per MAG (min=1, max=520, SE=3.5, Table 111.S3). However, only 27
plasmid contigs in total were annotated with ARGs. Out of a total of 188 MAGs with ARGs,
only 24 (13%) of them had at least one ARG identified in a potential plasmid. Although
some ARGs are clearly encoded on plasmids, ARGs are more frequently associated with
genomes than with MAG plasmids in our study.

Of the 426 total MAGs, only 20 recruited 100 or more ARG reads, and the
classification of their EPSPS genes varied (Figure 111.S4, S5). To visualize which ARGs
were more abundant in GBH treatments and in which MAGs they were found, we
examined the frequency of metagenomic reads mapped to ARGs according to their
antibiotic resistance ontology (ARO) classification (top graphs in Figure 111.S4 and Figure
[11.S5) as well as the proportion of these reads that were mapped to MAGs (bottom graphs
in Figure 111.S3 and Figure I11.S5). These visualizations confirmed that efflux pumps (e.g.
mex genes) increased in frequency in response to GBH. The relative abundance of mex
genes is strongly associated with a Pseudomonas putida MAG (Figure [11.S4; bottom right
panel) but is sometimes also associated with other MAGs such as Aeromonas veronii
(Figure 111.54), Oxalobacteraceae, and Azospirillum (Figure 111.S5). It is thus likely that

GBH selects for efflux pump genes in multiple different genomic backgrounds.
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The number of ARGs encoded in a MAG predicts its frequency after severe GBH
exposure

Collectively, our results suggest an important role for ARGs, and efflux pumps in
particular, in allowing bacterioplankton to survive and grow in the presence of a GBH. We
next asked, what is the importance of ARGs relative to genetic variation in the glyphosate
target enzyme, EPSPS? Based on known sequence variation in the EPSPS encoding
gene, we were able to classify MAGs as putatively glyphosate resistant, sensitive, or
unclassified. We also defined a MAG's antibiotic resistance potential as the number of
ARGs they contain (i.e. the number of RGI strict hits). These definitions are genetic
predictions based on the presence or absence of resistance-associated genes in MAGs,
but they do not represent confirmed phenotypes. We nonetheless tested the extent to
which these genomic features were predictive of a MAG's average relative abundance
across ponds at the end of the experiment, after receiving 40 mg/L glyphosate in Phase
II. We found that MAGs encoding more unique ARGs tended to have higher relative
abundance after receiving the GBH pulse in Phase Il (Figure 111.4A, Table 111.2). This effect
of antibiotic resistance potential was highly significant (multiple linear regression model,
t=9.53 p<0.001, Table 111.2), and was not observed in control ponds that did not receive
the Phase Il pulse (Figure Ill.S6A; t=2.26 p=0.025; not significant after Bonferroni
correction, Table 111.S1). The relative abundance of MAGs at the end of the experiment in
these control ponds was predicted by their relative abundance in Phase | (40% of variance
explained; Table [ll.S4), consistently with temporal autocorrelation (e.g. due to
fluctuations in species abundances unrelated to experimental treatments). In contrast to
the strong effect of ARGs on predicting MAG relative abundance after GBH stress (17%
of variance explained; Table lll.2), EPSPS classification explained only 2% of the

variation — in both Phase |l treatment and control ponds.
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Figure lll.4 Antibiotic resistance potential predicts MAG relative abundance after severe GBH stress. (A) Boxplots
show a positive correlation between MAGs abundance in Phase Il and their potential for antibiotic resistance. Each dot
represents a MAG that is color-coded based on the predicted resistance of their EPSPS. A slight offset on x-axis (jitter) was
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significance of the correlation seen in (A), particularly for antibiotic efflux genes. Two other factors were also included, and
have small effects on MAG relative abundance in Phase II: the EPSPS classification and the average abundance of MAGs

in Phase |.

Table lll.2 Multiple linear regression model and variance partitioning of MAGs abundance in phase Il in treatment

mesocosms®@
Predictor Estimate (SE) tvalue | p-value | Explained variance (%)
EPSPS classification: 2
- Sensitive 0.002 (£0.127) 0.02 0.987
- Resistant 0.413 (+0.133) 3.11 0.002*
MAG antibiotic resistance potential 0.496 (+0.052) 9.53 <0.001* | 17
MAG mean abundance in Phase | treatment mesocosms (log1o) 0.178 (+0.066) 2.69 0.007 1; Residuals: 79
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ap-values are reported for each predictor, asterisks indicate significant p-values after Bonferroni
correction (p<0.0125) and reports of significant factors are highlighted in bold. Adjusted R-squared
equals 21.1% for MAG persistence in treatments (n=426, F-statistic: 29.5).

To further explore these results, we used a regression tree analysis to identify the
drivers of MAG abundance at the end of Phase Il (Figure 111.4B). Instead of combining the
three major classes of ARGs (antibiotic target alteration, antibiotic inactivation and
antibiotic efflux), we used each as a separate predictor in the regression tree. The first
division splits MAGs with at least one antibiotic efflux gene (Figure 111.4B, node 7) which
were on average more abundant post-GBH pulse than those without efflux genes (Figure
[11.4B, node 2). Among MAGs with efflux genes, the more genes they had, the higher their
abundance. Among MAGs without antibiotic efflux genes, the EPSPS classification was
an important driver of their abundance, followed by the MAG's average abundance in
Phase I. In the absence of a GBH pulse in Phase Il, the primary driver of MAG abundance
in Phase Il controls was their mean relative abundance in Phase | (Figure 111.S6). Control
pond regression trees also included a split between resistant/sensitive and unclassified
EPSPS, which is difficult to interpret biologically and likely attributable to noise. This could
also explain why 2% of the variation in MAG relative abundance in control ponds was
explained by EPSPS class. Together, these results indicate that a bacterial genome's
ARG coding potential is predictive of its ability to persist in the face of GBH stress — more

so than the class of EPSPS enzyme it encodes.

Discussion

Our mesocosm experiment used deep metagenomic sequencing to assess the
effect of a GBH on microbial genes and genomes in semi-natural freshwater bacterial
communities. We show that exposure to Roundup® at high concentrations (15 mg/L and
40 mg/L glyphosate) changes community composition and increases the frequency of
ARGs in freshwater bacterioplankton. Consistent with our previous 16S rRNA gene
amplicon sequencing from the same experiment (Barbosa da Costa et al., 2021), we
found that more inclusive taxonomic groupings were resilient to GBH pulses, whereas the
precise MAG composition never recovered. Moreover, we show that the abundance of

MAGs after severe contamination (40 mg/L glyphosate) was predictable based on the
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number of ARGs encoded, and such 'successful' MAGs tended to have at least one
antibiotic efflux gene annotated in their genome. The effect of GBH on ARGs is likely due
to cross-resistance, since the multidrug efflux pumps which rise in frequency in response
to GBH could potentially transport glyphosate in addition to antibiotics [18]. Alternatively,
co-resistance could play a role if GBH selects for glyphosate-resistant bacterial genomes
or genetic elements (rather than specific genes) that happen also to encode ARGs. While
we cannot exclude a role for co-resistance entirely, the cross-resistance model is more
plausible since efflux genes are strongly affected, likely in multiple independent genomic
backgrounds. As discussed in detail below, direct selection on the EPSPS locus appears
to be weak, implying that ARGs are unlikely to achieve high frequency due to genetic
linkage with resistant EPSPS alleles.

There are several explanations for the observation that ARG frequencies and
higher taxonomic units — phyla and classes but not MAGs — concurrently increase then
recover to baseline following GBH pulses. One technical explanation is that ARG families
are defined at levels of genetic similarity more in line with phyla or classes than with finer
taxonomic levels. It is also possible that the recovery of ARG frequencies to baseline after
Phase | pulses could be due to gene loss and horizontal transfer events (as discussed
further below). However, even if such events occur, they are not sufficient to obscure the
predictability of ‘successful’ MAGs after a severe GBH pulse — which require relatively
tight linkage of ARGs with genomes.

An association between glyphosate, ARGs, and mobile genetic elements has been
previously found in soil microbiomes, as demonstrated in a recent study combining
experimental microcosms and environmental data from agricultural field sites in China
(Liao et al., 2021). Through laboratory assays of three bacterial strains, the authors
quantified the conjugation frequency of a multidrug resistance plasmid induced by
glyphosate and further investigated changes in cell membrane permeability. They
detected a significant increase in conjugation frequency and augmented cell membrane
permeability in the presence of glyphosate, suggesting that glyphosate stress increases
membrane permeability, thereby promoting plasmid movement. Here, we provide
additional support for the hypothesis that cell membrane permeability is altered in the

presence of a GBH, as demonstrated by the selection of membrane transport
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mechanisms, such as ABC transporters (Davidson & Chen, 2004) among the annotated
gene functions most responsive to our GBH treatments. In contrast, although we did not
quantify the frequency of conjugation in our experiment, we did identify some ARGs
located on putative plasmids which were present in a small fraction of the bacterial
community. Of the MAGs encoding ARGs, only 13% contained a predicted plasmid-
encoded ARG. It is possible that unassembled plasmids or plasmids not associated with
MAGs could harbor ARGs. Including such plasmids would not be expected to change our
main conclusion that ARGs are more predictive of MAG frequency post-GBH exposure
than EPSPS. In addition to plasmids, other mechanisms also contribute to horizontal gene
transfer between bacteria, such as phage-mediated transduction and transformation
(Wiedenbeck & Cohan, 2011), and future studies could test how these processes may be
affected by GBH stress.

Strikingly, antibiotic resistance potential, particularly the presence of antibiotic
efflux genes, was more important than the EPSPS classification in explaining variation in
MAG abundance in Phase I, after a high GBH pulse. This evidence of cross-resistance
in semi-natural communities may help explain why, in previous experiments also
performed with complex communities, bacterial strains with the sensitive EPSPS
encoding gene were resistant to glyphosate, as was the case in two strains of
Snodgrassella alviin the bee gut microbiome (Motta et al., 2018). Although EPSPS alleles
were weakly predictive of MAG relative abundance after the phase Il GBH pulse, their
effects were clearly secondary to the strong effects of ARGs. Computational gene
annotations of both ARGs and resistant or sensitive EPSPS have limitations because
they are based on sequence similarity, not on phenotypic measurements. Therefore, we
cannot exclude a role for EPSPS alleles in conferring GBH resistance in nature, but their
effects were small in our experiment. Together, our results strongly suggest that ARGs
(and efflux pumps in particular) could be more relevant to glyphosate resistance in nature
than mutations in the glyphosate target enzyme.

Our study aligns with previous single-strain laboratory evidence that antibiotic
resistance may enhance bacterial survival in the presence of pesticides. Laboratory
assays of bacterial isolates showed that exposure to agrochemicals accelerated the rate

of antibiotic resistance evolution (Kurenbach et al., 2018; Xing et al., 2020). In other
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studies, depending on the combination of herbicide and antibiotics tested, herbicides
increased or decreased antibiotic susceptibility of bacterial strains (Kurenbach et al.,
2017, 2015). In our experiment, GBH pulses caused a general increase in ARG frequency
in the bacterioplankton community, suggesting an overall positive effect of GBH on
resistance to antibiotics. This does not exclude the possibility that GBH could also select
against specific ARGs or mutations, making bacteria less resistant to certain antibiotics.
As a metagenomic study, we only measured genetic correlates of resistance and future
experiments will be needed to examine resistance phenotypes.

Our study shows that antibiotic efflux is a major mechanism of antibiotic resistance
that is cross-selected by GBH stress, which also corroborates previous laboratory assays.
It has been shown that the targeted deletion of efflux pump genes can neutralize the
increased tolerance to kanamycin and ciprofloxacin in Escherichia coli and Salmonella
enterica serovar Typhimurium in the presence of GBH (Kurenbach et al., 2017, 2015).
Here we provide evidence that efflux pumps may also provide resistance to both
glyphosate and certain antibiotics in a more natural and complex system. Whether all
efflux pumps are equally capable of transporting various molecules out of the cell remains
to be seen, and other resistance mechanisms could also play a role. Resistance to both
antibiotics and GBH could also be modulated by changing the expression of efflux pumps.
While we used a metagenomic approach to show how GBH affects ARG frequencies in
a community, this does not exclude the possibility of changes in gene expression which
could be tracked using metatranscriptomics in future experiments.

It should be noted that we used a commercial Roundup® formulation of the
herbicide glyphosate, which includes other constituents that may also influence microbial
communities and cellular physiology. For example, the surfactant polyethoxylenamine
(POEA) has produced negative effects on Vibrio fischeri at lower concentrations than pure
glyphosate acid (Tsui & Chu, 2003). However, given that our results are in general
agreement with previous soil experiments using pure glyphosate (Liao et al., 2021), we
believe that our findings are at least in part attributable to an effect of glyphosate itself.
Furthermore, regardless of whether it is glyphosate or other constituents of GBH that drive

cross-selection of ARGs, assessing the risks associated with commercial formulations is
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ecologically relevant, as these formulations are used in agriculture fields and lawns
(Mesnage & Antoniou, 2018).

On an applied level, the safety assessment process for pesticides such as
glyphosate, currently based on toxicity to model eukaryotic organisms (CCME, 2012;
EPA, 2019), could also consider the potential effects on bacterioplankton and ARGs. Our
results highlight the role of GBH contamination as an indirect selective pressure favouring
ARGs in natural communities. Although glyphosate concentrations as high as the ones
inducing this effect (i.e. 15 mg/L and 40 mg/L) are rarely found in nature, there are reports
of even higher glyphosate levels during the rainy season close to agricultural fields, as
observed in Argentina (105 mg/L) for example (Brovini et al., 2021). Additionally, currently
regulated acceptable concentrations of glyphosate in freshwaters in the USA and Canada
for short-term exposure (1-4 days) are close to the concentrations used in our experiment
(respectively 49.9 mg/L (EPA, 2019) and 27 mg/L (CCME, 2012)). Here we have shown
that ARG frequencies can rise dramatically just a few days after GBH treatment at such
doses. The extent to which these ARGs, and the bacteria that encode them, can be
mobilized across aquatic ecosystems, and from these ecosystems into animals and

humans, remains to be seen.
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Supplementary information

Supplementary figures
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Figure 111.S1 Principal Response Curves (PRCs) of the experimental treatment effect on
the composition of MAGs (A) and MAGs grouped at the phylum (B) and class (C) level.
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Treatment effect is shown in the left y-axis while taxa scores (proportional to their
contribution to the treatment effect) are shown in the right y-axis. Dashed vertical lines
indicate the application of Phase | glyphosate pulses and solid vertical line the Phase Il
glyphosate pulse. Glyphosate concentration of pulses applied in Phase | (dose 1 and
dose 2) are indicated by the legend, while in Phase Il all treatments received 40 mg/L of
glyphosate, except the Phase |l controls. Treatment effect zero is equivalent to the low
nutrient control Phase Il pond. (A) Only taxa score higher than 0.1 are shown, shown axis
explained 16.1% of total variance, PERMUTEST F=14.6 p=0.011, (B) 51.5% of total
variance explained, PERMUTEST F=44.4 p=0.024, (C) 31.8% of total variance
explained, PERMUTEST F=34.3 p=0.008).
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shown in Table [11.S1).
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Figure 111.S4 Metagenomic reads mapped to ARGs classified according to their ARO (top graph) and ARG reads mapped
to MAGs (bottom graph) in low nutrient ponds. MAG identities are followed by their finest taxonomic assignment (o=order,
f=family, g=genus, s=species). Only alignments with MAPQ>10 were tallied. Dashed vertical lines represent Phase | GBH
and solid vertical lines are Phase Il pulses (all at 40 mg/L glyphosate).
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Figure IIl.S 5 Metagenomic reads mapped to ARGs classified according to their ARO (top graph) and ARG reads mapped
to MAGs (bottom graph) in high nutrient ponds. MAG identities are followed by their finest taxonomic assignment (o=order,
f=family, g=genus, s=species). Only alignments with MAPQ>10 were tallied. Dashed vertical lines represent Phase | GBH
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126



>
w

MAG average abundance in Phase | (logo)
p<0.001
°
- <-4.759 >-4.759
2
;’ MAG average abundance in Phase | (log;,) MAG average abundance |n Phase | (logy)
© p=0.001
@
£
o <-3.282 >-3.282
IS
@
£ MAG average abundance in Phase | (log;)
| p<0.001
3]
£
3 =-5.818 >-5.818 =-2.471 >-2.471
§ e B
'g og—o0— EPSPS classification
2 p=0.001
I3
gi Resls!an(/sensltlve Unclassified
s
°
g § Node 3 (n = 26) 4 Node 4 (n =76) ] Node 6 (n = 184) ] Node 9 (n= 81 ] Node 10 (n = 26) ] Node 11 (n=32)
< 8~ 17 -7 -7 -7 -7 - —_—
= 22 24 -2 -2 -2 —_ -2 — -2
' - 28 34 -3 -3 -3 -3 : Sl ==

EPSPS putative classification 8= il il il il il ]

© Sensitive o . — -6 | ; -6 | . -6 8 -6 ' -6

O Unclassified [ — 74 T 74 TJ 74 74 o 74

g7 -8 -8 -8 -8 -8 -8 -
=

H 3 3
MAG antibiotic resistance potential
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(A) Series of boxplots show the absence of correlation between MAGs abundance in Phase |l and their potential for antibiotic
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127



Supplementary tables

Table 111.51 PRC scores from functional annotations shown in Figure 111.S3

SEED subsystem classification PRC score | SEED subsystem Level
Motility and Chemotaxis 0.1882 | 1
Iron acquisition and metabolism 0.1849 | 1
Potassium metabolism 0.1276 | 1
Clustering-based subsystems 0.0958 | 1
Sulfur Metabolism 0.0862 | 1
Stress Response 0.0678 | 1
Regulation and Cell signaling 0.0677 | 1
Membrane Transport 0.0676 | 1
Virulence, Disease and Defense 0.0467 | 1
Nitrogen Metabolism 0.0426 | 1
Miscellaneous 0.0400 | 1
Metabolism of Aromatic Compounds 0.0339 | 1
Cofactors, Vitamins, Prosthetic Groups, Pigments 0.0061 | 1
Carbohydrates 0.0035 | 1
Phosphorus Metabolism -0.0040 | 1
Experimental Subsystems -0.0092 | 1
Cell Division and Cell Cycle -0.0139 | 1
Dormancy and Sporulation -0.0194 | 1
Cell Wall and Capsule -0.0329 | 1
Respiration -0.0457 | 1
DNA Metabolism -0.0821 | 1
Photosynthesis -0.0972 | 1
Secondary Metabolism -0.1015 | 1
RNA Metabolism -0.1281 | 1
Protein Metabolism -0.2217 | 1
Flagellar motility in Prokaryota 0.1353 | 2
Arginine; urea cycle, polyamines 0.0976 | 2
Glutamine, glutamate, aspartate, asparagine;

ammonia assimilation 0.0946 | 2
Organic sulfur assimilation 0.0843 | 2
Osmotic stress 0.0827 | 2
Protein secretion system, Type VI 0.0744 | 2
Resistance to antibiotics and toxic compounds 0.0640 | 2
Protein secretion system, Type Il 0.0584 | 2
ABC transporters 0.0520 | 2
Peripheral pathways for catabolism of aromatic

compounds 0.0516 | 2
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Methylamine utilization 0.0489 | 2
Central carbohydrate metabolism 0.0455 | 2
Sugar alcohols 0.0454 | 2
May be related to ADP-phosphoribose and NAD-

dependent acetylation 0.0452 | 2
Clustering-based subsystems 0.0430 | 2
Putative GGDEF domain protein related to agglutinin

secretion 0.0427 | 2
Putative asociate of RNA polymerase sigma-54 factor

rpoN 0.0424 | 2
Quinone cofactors 0.0404 | 2
alpha-proteobacterial cluster of hypotheticals 0.0404 | 2
Tricarboxilate (malonate, propionate?) transport 0.0398 | 2
Triacylglycerols 0.0385 | 2
Proline and 4-hydroxyproline 0.0371 |2
Aminosugars 0.0364 | 2
Fermentation 0.0357 | 2
Metabolism of central aromatic intermediates 0.0338 | 2
Protein secretion system, Type VIII (Extracellular
nucleation/precipitation pathway, ENP) 0.0333 | 2
Detoxification 0.0326 | 2
Lysine, threonine, methionine, and cysteine 0.0306 | 2
Prophage 0.0292 | 2
Choline bitartrate degradation, putative 0.0291 | 2
Tetrapyrroles 0.0282 | 2
Protein secretion system, Type IlI 0.0267 | 2
TIdD cluster 0.0254 | 2
Electron accepting reactions 0.0231 | 2
Gene Transfer Agent (GTA) 0.0211 | 2
General secretion system/Phosphate-binding DING

proteins cluster 0.0209 | 2
Phosphate metabolism 0.0204 | 2
Bacterial cytostatics, differentiation factors and

antibiotics 0.0187 | 2
Transposable elements 0.0176 | 2
Translation 0.0174 | 2
May be related to amine metabolism 0.0165 | 2
Carbohydrates 0.0164 | 2
Social motility and nonflagellar swimming in bacteria 0.0159 | 2
Programmed Cell Death and Toxin-antitoxin Systems 0.0145 | 2
Adhesion 0.0143 | 2
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Flagella protein? 0.0143 | 2
Hypothetical aromatic compound degradation cluster 0.0142 | 2
Chemotaxis, response regulators 0.0141 | 2
Selenoproteins 0.0138 | 2
Purines 0.0118 | 2
heat shock, cell division, proteases, and a

methyltransferase 0.0117 | 2
NAD and NADP 0.0102 | 2
Putrescine/GABA utilization cluster-temporal,to add to

SSs 0.0101 | 2
Ubiquinol-cytochrome C chaperone locus 0.0101 | 2
hypthetical clustered with tRNA modification 0.0095 | 2
Alanine, serine, and glycine 0.0088 | 2
Two related proteases 0.0088 | 2
Hypothetical in Lysine biosynthetic cluster 0.0080 | 2
Chromosome Replication 0.0080 | 2
ATP synthases 0.0078 | 2
Pyruvate kinase associated cluster 0.0078 | 2
Protein and nucleoprotein secretion system, Type IV 0.0078 | 2
Denitrification 0.0073 | 2
methane monooxygenase cluster (? can be phenol-

MONOOX in Some organisms?) 0.0071 | 2
Drug resistance or antibiotic biosynthesis related

cluster 0.0066 | 2
Probably Ybbk-related hypothetical membrane

proteins 0.0064 | 2
Protein secretion system, Type VIl (Chaperone/Usher

pathway, CU) 0.0055 | 2
Permease proteins, subunit of DNA pol, and the Val-

tRNA synthetase 0.0046 | 2
Ribosome-related cluster 0.0038 | 2
Shiga toxin cluster 0.0037 | 2
A cluster-based salvage pathway 0.0034 | 2
DNA uptake, competence 0.0024 | 2
Gram-Negative cell wall components 0.0022 | 2
DNA polymerase Il epsilon cluster 0.0022 | 2
Toxins and superantigens 0.0009 | 2
CRISPs 0.0006 | 2
Regulation of virulence 0.0005 | 2
Periplasmic Stress 0.0004 | 2
DNA metabolism 0.0003 | 2
Magnetotaxis 0.0001 | 2
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DNA recombination 0.0000 | 2
Spore DNA protection 0.0000 | 2
Protein secretion system, Type V 0.0000 | 2
Coenzyme B -0.0001 | 2
Reverse electron transport -0.0001 | 2
Actinorhodin biosynthetic cluster -0.0003 | 2
Proteasome related clusters -0.0004 | 2
Riboflavin, FMN, FAD -0.0013 | 2
Folate and pterines -0.0016 | 2
Proteolytic pathway -0.0017 | 2
Tricarboxylate transporter -0.0018 | 2
pH adaptation potassium efflux -0.0023 | 2
Signal transduction in Eukaryotes -0.0025 | 2
DNA pol Il alpha and a number of apparently

unrelated functions -0.0032 | 2
Cation transporters -0.0033 | 2
Cell wall of Mycobacteria -0.0037 | 2
Inorganic sulfur assimilation -0.0043 | 2
Protein degradation -0.0045 | 2
Degradation of Polyphenols (?) -0.0051 | 2
Uni- Sym- and Antiporters -0.0056 | 2
One-carbon Metabolism -0.0058 | 2
Cold shock -0.0069 | 2
Heat shock -0.0083 | 2
Sodium lon-Coupled Energetics -0.0085 | 2
Hydrocarbons -0.0093 | 2
Phages, Prophages, Transposable elements -0.0108 | 2
Heterocyst formation -0.0113 | 2
Sugar Phosphotransferase Systems, PTS -0.0115 | 2
Cell Division -0.0116 | 2
Anaerobic degradation of aromatic compounds -0.0132 | 2
Plant-Prokaryote DOE project -0.0135 | 2
Gram-Positive cell wall components -0.0151 | 2
DNA repair -0.0161 | 2
Cytochrome biogenesis -0.0183 | 2
Catabolism of an unknown compound -0.0216 | 2
TRAP transporters -0.0217 | 2
Dessication stress -0.0227 | 2
Coenzyme M -0.0255 | 2
CO2 fixation -0.0282 | 2
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Invasion and intracellular resistance -0.0292 | 2
Plant Hormones -0.0310 | 2
Quorum sensing and biofilm formation -0.0312 | 2
RNA processing and modification -0.0327 | 2
Protein processing and modification -0.0332 | 2
DNA replication -0.0387 | 2
Protein translocation across cytoplasmic membrane -0.0437 | 2
Recombination related cluster -0.0466 | 2
Pathogenicity islands -0.0496 | 2
Protein folding -0.0503 | 2
Electron transport and photophosphorylation -0.0548 | 2
Light-harvesting complexes -0.0563 | 2
Electron donating reactions -0.0575 | 2
Phage family-specific subsystems -0.0611 | 2
proteosome related -0.0677 | 2
Transcription -0.0992 | 2
Phages, Prophages -0.1159 | 2
Biologically active compounds in metazoan cell

defence and differentiation -0.1192 | 2
Protein biosynthesis -0.1749 | 2
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Table [11.S2 Metagenomic sample information, summary of RGI output for hits above mapping threshold (MAPQ>10 and
minimum of 50 gene percent coverage) and proportion of sample reads mapped to CARD (ARG reads) that mapped back
to MAGs. Download complete table with taxonomic assignment and EPSPS predicted sequence here.

Proportion of

Total reads mapped to ARO terms of ARGs found ARG reads
CARD (average MAPQ>10, in sample (MAPQ>10, gene | mapped back to
Sample id Sample description Total reads (R1+R2) | gene coverage>=50%) coverage>=50%) MAGs
C1.08 17 pond C1 in day 1 3.79E+07 0 | NA NA
C1 08 23 pond C1inday7 3.28E+07 0 | NA NA
C1._08 31 pond C1in day 15 3.05E+07 0| NA NA
C1.09 15 pond C1 in day 30 3.16E+07 0| NA NA
C1.09 20 pond C1 in day 35 2.92E+07 0| NA NA
C1 .09 23 pond C1 in day 38 2.35E+07 0 | NA NA
C1 09 26 pond C1 in day 41 2.68E+07 0 | NA NA
C1 .09 28 pond C1in day 43 2.99E+07 0 | NA NA
C1._09 30 pond C1 in day 45 2.85E+07 0| NA NA

MexF, OXA-12, CEPH-A3,
cphA4, Rm3 beta-

C1.10 04 pond C1 in day 49 3.32E+07 451 | lactamase, MCR-7.1 0.753
MexB, MexE, MexF, OprN,
mexI, THIN-B beta-
lactamase, ceoB, mexW,
TriC, OpmH, mexK, Rm3
beta-lactamase,
Pseudomonas aeruginosa

C1.10 12 pond C1 in day 57 2.99E+07 28503 | CpxR, MuxB 0.499
C4 08 17 pond C4 in day 1 3.57E+07 0 | NA NA
C4 08 23 pond C4 inday 7 3.26E+07 0 | NA NA
C4 08 31 pond C4 in day 15 2.45E+07 0 | NA NA
C4 09 15 pond C4 in day 30 3.16E+07 0| NA NA
C4 09 20 pond C4 in day 35 3.46E+07 0| NA NA
C4 09 23 pond C4 in day 38 3.11E+07 54 | APH(3")-Ib, APH(6)-Id 0.821
C4 09 26 pond C4 in day 41 2.91E+07 0 | NA NA
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C4_09 28

pond C4 in day 43

2.98E+07

20

APH(3")-Ib, APH(6)-Id

0.913

C4_09_30

pond C4 in day 45

2.93E+07

APH(6)-1d

0.838

C4_10_04

pond C4 in day 49

3.89E+07

2456

MexB, MexE, MexF, OXA-
12, APH(6)-Id, ceoB, mexW,
cphA2, cphA4, CepS beta-
lactamase, OpmH, mexK,
Rm3 beta-lactamase,
Pseudomonas aeruginosa
CpxR, MuxB, OXA-724

0.617

C4_10_12

pond C4 in day 57

3.27E+07

1579

MexF, THIN-B beta-
lactamase, CAU-1 beta-
lactamase, OXA-12, ceoB,
CepS beta-lactamase, Rm3
beta-lactamase, MuxB

0.679

C8_08 17

pond C8 in day 1

3.78E+07

NA

NA

C8_08 23

pond C8 inday 7

2.36E+07

84

OXA-12, MCR-7.1, AQU-2,
OXA-724

0.622

C8_08_31

pond C8 in day 15

2.92E+07

13556

MexE, MexF, OprN, mexl,
APH(3")-Ib, APH(6)-Id,
ceoB, mexW, TriC, OpmH,
mexK, Pseudomonas
aeruginosa CpxR, MuxB

0.939

C8_09 15

pond C8 in day 30

3.13E+07

NA

NA

C8_09_20

pond C8 in day 35

3.82E+07

1719

MexE, MexF, mexW, mexK,
Pseudomonas aeruginosa
CpxR, MuxB

0.815

C8_09_23

pond C8 in day 38

2.81E+07

417

MexF, APH(3")-Ib, APH(6)-
Id

0.644

C8_09_26

pond C8 in day 41

3.25E+07

829

MexF, CAU-1 beta-
lactamase, APH(3")-1b,
APH(6)-1d, ceoB

0.732

C8_09_28

pond C8 in day 43

2.98E+07

334

APH(3")-Ib, APH(6)-Id, ceoB

0.759

C8_09_30

pond C8 in day 45

3.40E+07

32

APH(3")-Ib, APH(6)-Id

0.846

C8_10_04

pond C8 in day 49

3.83E+07

2473

MexB, MexF, CAU-1 beta-
lactamase, ceoB, MuxB,
OXA-724

0.473

C8_10_12

pond C8 in day 57

2.92E+07

1391

MexF, APH(3")-Ib, ceoB,
MuxB, OXA-724

0.599
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D1 08 17 pond D1 in day 1 3.55E+07 0 | NA NA
D1 08 23 pond D1 inday 7 3.14E+07 0 | NA NA
D1 08 31 pond D1 in day 15 3.72E+07 0 | NA NA
D1 09 15 pond D1 in day 30 3.42E+07 0 | NA NA
D1 09 20 pond D1 in day 35 3.29E+07 0 | NA NA
D1 09 23 pond D1 in day 38 7.34E+07 0 | NA NA
D1 09 26 pond D1 in day 41 7.25E+07 0 | NA NA
D1 09 28 pond D1 in day 43 2.62E+07 0 | NA NA
D1 09 30 pond D1 in day 45 6.53E+07 0 | NA NA
THIN-B beta-lactamase,
OXA-12, LRA-18, cphA4,
Rm3 beta-lactamase, MCR-
D1 10 04 pond D1 in day 49 3.10E+07 796 | 7.1 0.877
MexB, MexF, APH(3")-Ib,
ceoB, mexW, Rm3 beta-
D1 10 12 pond D1 in day 57 3.31E+07 3024 | lactamase, MuxB 0.450
D4 08 17 pond D4 in day 1 3.16E+07 0 | NA NA
D4 08 23 pond D4 in day 7 3.26E+07 0 | NA NA
D4 08 31 pond D4 in day 15 4 11E+07 0 | NA NA
D4 09 15 pond D4 in day 30 1.91E+07 0 | NA NA
D4 09 20 pond D4 in day 35 3.15E+07 0 | NA NA
D4 09 23 pond D4 in day 38 2.41E+07 0 | NA NA
D4 09 26 pond D4 in day 41 3.10E+07 0 | NA NA
D4 09 28 pond D4 in day 43 2.68E+07 0 | NA NA
D4 09 30 pond D4 in day 45 2.49E+07 0 | NA NA
MexF, THIN-B beta-
lactamase, OXA-12, LRA-
18, mexW, mexK, Rm3
D4 10 04 pond D4 in day 49 2.59E+07 796 | beta-lactamase, OXA-724 0.785
MexE, MexF, ceoB, mexW,
D4 10 12 pond D4 in day 57 2.87E+07 1541 | Rm3 beta-lactamase, MuxB | 0.530
D8 08 17 pond D8 in day 1 3.10E+07 0 | NA NA
OXA-12, cphA4, MCR-7.1,
D8 08 23 pond D8 in day 7 3.37E+07 108 | OXA-724 0.606
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MexF, APH(3")-Ib, APH(6)-

D8 08 31 pond D8 in day 15 4 15E+07 2304 | Id, ceoB 0.456
D8 09 15 pond D8 in day 30 3.57E+07 0 | NA NA
D8 09 20 pond D8 in day 35 3.62E+07 0 | NA NA
D8 09 23 pond D8 in day 38 2.72E+07 11 | APH(3")-lb 0.756
D8 09 26 pond D8 in day 41 2.94E+07 6 | APH(6)-Id 0.849
D8 09 28 pond D8 in day 43 2.89E+07 0 | NA NA
D8 09 30 pond D8 in day 45 2.89E+07 0 | NA NA

MexF, CGB-1 beta-

lactamase, THIN-B beta-

lactamase, OXA-12, ceoB,

Rm3 beta-lactamase, OXA-
D8 10 04 pond D8 in day 49 3.12E+07 979 | 724 0.754

MexF, CGB-1 beta-

lactamase, APH(3")-1b,
D8 10 12 pond D8 in day 57 2.91E+07 970 | APH(6)-Id, ceoB, mexK 0.674
E1 08 17 pond E1in day 1 3.19E+07 0 | NA NA
E1 08 23 pond E1inday 7 2.65E+07 0 | NA NA
E1 08 31 pond E1in day 15 3.08E+07 0 | NA NA
E1 09 15 pond E1in day 30 2.87E+07 0 | NA NA
E1 09 20 pond E1in day 35 3.32E+07 0 | NA NA
E1 09 23 pond E1 in day 38 2.99E+07 0 | NA NA
E1 09 26 pond E1 in day 41 2.87E+07 0 | NA NA
E1 09 28 pond E1in day 43 2.87E+07 0 | NA NA
E1 09 30 pond E1 in day 45 2.95E+07 0 | NA NA
E1 10 04 pond E1in day 49 3.13E+07 0 | NA NA
E1 10 12 pond E1in day 57 2.93E+07 0 | NA NA
H1 08 17 pond H1 in day 1 3.46E+07 0 | NA NA
H1 08 23 pond H1 inday 7 3.45E+07 62 | ceoB 0.896
H1 08 31 pond H1 in day 15 2.96E+07 0 | NA NA
H1 09 15 pond H1 in day 30 3.64E+07 0 | NA NA
H1 09 20 pond H1 in day 35 3.37E+07 0 | NA NA
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H1 09 23 pond H1 in day 38 3.07E+07 0 | NA NA
H1 09 26 pond H1 in day 41 2.74E+07 0 | NA NA
H1 09 28 pond H1 in day 43 2.96E+07 0 | NA NA
H1 09 30 pond H1 in day 45 2.93E+07 0 | NA NA
H1_10_04 pond H1 in day 49 3.38E+07 0 | NA NA
H1 10 12 pond H1 in day 57 2.89E+07 0 | NA NA
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Table 111.S3 MAG information, predicted EPSPS amino acid sequence, summary of ARGs and plasmids. For each predicted
EPSPS sequence, the putative classification regarding glyphosate resistance is shown. The number of potential plasmid
contigs and how many of these had ARGs annotated is also shown. Number of ARGs annotated to MAG contigs (total RGI

strict hits) are provided in the last column.

Number of
plasmidial Plasmidial Total ARGs
NCBI EPSPS contigs contigs with | in MAG
BioSample Genome Percent Percent putative (70% ARGs (RGI | (RGI strict

MAG id accession size (bp) completion | redundancy | classification | probability) | strict hits) hits)
C1_MAG_00001 | SAMN21888747 2865274 100.0 0.0 | resistant 11 0 0
C1_MAG_00004 | SAMN21888748 2975196 99.3 0.7 | resistant 56 0 0
C1_MAG_00006 | SAMN21888749 4357056 99.3 0.7 | sensitive 5 0 2
C1_MAG_00008 | SAMN21888750 6550573 100.0 1.4 | resistant 7 0 0
C1_MAG_00009 | SAMN21888751 3904780 98.6 0.0 | sensitive 0 0 1
C1_MAG_00011 | SAMN21888752 6398453 98.6 0.7 | unclassified 4 0 1
C1_MAG_00012 | SAMN21888753 2031134 97.8 0.0 | sensitive 0 0 0
C1_MAG_00018 | SAMN21888754 5360263 97.8 0.7 | sensitive 9 0 0
C1_MAG_00023 | SAMN21888755 3996478 98.6 1.4 | sensitive 8 0 1
C1_MAG_00025 | SAMN21888756 2664860 97.8 1.4 | unclassified 1 0 0
C1_MAG_00026 | SAMN21888757 7721187 98.6 2.2 | sensitive 30 0 0
C1_MAG_00029 | SAMN21888758 1658808 96.4 0.7 | sensitive 0 0 0
C1_MAG_00031 | SAMN21888759 2702274 95.7 0.0 | unclassified 9 0 0
C1_MAG_00033 | SAMN21888760 5331647 97.1 2.2 | resistant 6 0 2
C1_MAG_00036 | SAMN21888761 3872062 94.2 0.7 | sensitive 11 0 0
C1_MAG_00038 | SAMN21888762 3462678 99.3 5.8 | sensitive 4 1 2
C1_MAG_00039 | SAMN21888763 6501613 93.5 1.4 | resistant 57 0 2
C1_MAG_00042 | SAMN21888764 4825613 93.5 4.3 | sensitive 12 0 1
C1_MAG_00043 | SAMN21888765 4064063 89.9 0.7 | sensitive 113 0 2
C1_MAG_00044 | SAMN21888766 3833755 88.5 0.7 | sensitive 25 0 1
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C1_MAG_00045 | SAMN21888767 3486936 88.5 1.4 | unclassified 56 0 0
C1_MAG_00046 | SAMN21888768 3778426 87.1 0.0 | sensitive 14 0 1
C1_MAG_00047 | SAMN21888769 2520768 93.5 6.5 | sensitive 90 0 0
C1_MAG_00048 | SAMN21888770 2726274 93.5 6.5 | sensitive 22 0 1
C1_MAG_00049 | SAMN21888771 2709801 87.1 0.7 | unclassified 0 0 0
C1_MAG_00050 | SAMN21888772 5487486 85.6 0.0 | resistant 53 1 1
C1_MAG_00051 | SAMN21888773 3842240 87.8 2.2 | sensitive 69 0 0
C1_MAG_00052 | SAMN21888774 4613471 86.3 0.7 | sensitive 1 0 5
C1_MAG_00054 | SAMN21888775 3627059 84.9 0.7 | sensitive 1 0 2
C1_MAG_00057 | SAMN21888776 4080027 85.6 2.9 | resistant 38 0 0
C1_MAG_00058 | SAMN21888777 1550282 84.2 1.4 | unclassified 3 0 0
C1_MAG_00060 | SAMN21888778 4515140 87.8 5.8 | sensitive 59 1 2
C1_MAG_00061 | SAMN21888779 5804248 84.9 2.9 | unclassified 128 0 2
C1_MAG_00064 | SAMN21888781 2660907 80.6 1.4 | unclassified 0 0 0
C1_MAG_00065 | SAMN21888782 2673836 85.6 7.9 | unclassified 19 0 0
C1_MAG_00066 | SAMN21888783 2028447 75.5 0.0 | sensitive 19 0 1
C1_MAG_00067 | SAMN21888784 3571564 77.7 2.2 | unclassified 275 0 0
C1_MAG_00068 | SAMN21888785 4731322 77.0 2.2 | resistant 21 0 1
C1_MAG_00069 | SAMN21888786 2038476 76.3 2.2 | sensitive 122 0 0
C1_MAG_00071 | SAMN21888787 2808021 75.5 2.2 | sensitive 279 0 0
C1_MAG_00072 | SAMN21888788 3099470 76.3 2.9 | unclassified 71 0 1
C1_MAG_00073 | SAMN21888789 3770674 79.1 5.8 | resistant 55 0 0
C1_MAG_00074 | SAMN21888790 1132460 74.8 3.6 | unclassified 7 0 0
C1_MAG_00075 | SAMN21888791 6030439 72.7 2.2 | sensitive 74 0 1
C1_MAG_00076 | SAMN21888792 5707845 77.0 6.5 | resistant 88 0 1
C1_MAG_00077 | SAMN21888793 2546518 741 4.3 | resistant 8 0 0
C1_MAG_00078 | SAMN21888794 1867033 71.2 2.2 | resistant 13 0 0
C4_MAG_00008 | SAMN21888795 1861907 97.8 0.0 | unclassified 4 0 1
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C4_MAG_00010 | SAMN21888796 3314809 97.1 0.0 | sensitive 25 0 0
C4_MAG_00011 | SAMN21888797 3340832 97.1 0.0 | sensitive 1 0 0
C4_MAG_00013 | SAMN21888798 3650414 98.6 1.4 | unclassified 10 0 0
C4_MAG_00014 | SAMN21888799 2370615 97.1 0.0 | resistant 0 0 1
C4_MAG_00015 | SAMN21888800 4080143 98.6 2.2 | sensitive 10 0 0
C4_MAG_00016 | SAMN21888801 1795656 96.4 0.0 | unclassified 3 0 0
C4_MAG_00017 | SAMN21888802 1525279 96.4 0.0 | unclassified 0 0 0
C4_MAG_00019 | SAMN21888803 4399728 96.4 0.7 | resistant 14 0 1
C4_MAG_00020 | SAMN21888804 2865212 97.8 2.2 | unclassified 26 0 0
C4_MAG_00023 | SAMN21888805 3451066 98.6 3.6 | sensitive 9 0 0
C4_MAG_00025 | SAMN21888806 3239000 96.4 2.2 | sensitive 26 0 2
C4_MAG_00027 | SAMN21888807 2786827 95.7 2.2 | sensitive 10 0 0
C4_MAG_00028 | SAMN21888808 3158231 96.4 2.9 | resistant 13 0 0
C4_MAG_00029 | SAMN21888809 1673851 93.5 0.0 | sensitive 25 0 1
C4_MAG_00031 | SAMN21888810 4053606 95.0 2.2 | unclassified 0 0 0
C4_MAG_00032 | SAMN21888811 6591471 96.4 3.6 | unclassified 1 0 0
C4_MAG_00033 | SAMN21888812 3486739 98.6 5.8 | sensitive 0 0
C4_MAG_00035 | SAMN21888813 3187320 93.5 0.7 | resistant 0 0 0
C4_MAG_00036 | SAMN21888814 3453136 96.4 4.3 | resistant 22 0 2
C4_MAG_00039 | SAMN21888815 3573516 94.2 2.2 | sensitive 201 1 1
C4_MAG_00041 | SAMN21888816 3906659 92.1 0.7 | sensitive 16 0 0
C4_MAG_00042 | SAMN21888817 2474022 92.8 1.4 | sensitive 34 0 1
C4_MAG_00043 | SAMN21888818 4842440 93.5 2.2 | unclassified 125 1 1
C4_MAG_00045 | SAMN21888819 2004405 91.4 0.0 | sensitive 4 0 0
C4_MAG_00046 | SAMN21888820 3323307 92.8 1.4 | resistant 12 0 0
C4_MAG_00047 | SAMN21888821 2979333 95.7 5.0 | resistant 31 0 0
C4_MAG_00048 | SAMN21888822 1703749 91.4 0.7 | sensitive 23 0 0
C4_MAG_00049 | SAMN21888823 3393067 92.8 2.9 | resistant 66 0 0
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C4_MAG_00051 | SAMN21888824 3389472 96.4 7.2 | unclassified 38 0 0
C4_MAG_00053 | SAMN21888825 2539435 90.6 2.2 | unclassified 36 0 0
C4_MAG_00054 | SAMN21888826 1272719 90.6 2.2 | unclassified 1 0 0
C4_MAG_00055 | SAMN21888827 2632590 90.6 2.2 | resistant 14 0 0
C4_MAG_00056 | SAMN21888828 3243781 89.9 2.9 | resistant 15 0 0
C4_MAG_00057 | SAMN21888829 2352710 88.5 2.2 | sensitive 10 0 1
C4_MAG_00058 | SAMN21888830 1675113 85.6 0.0 | sensitive 1 0 2
C4_MAG_00059 | SAMN21888831 3189848 85.6 0.7 | sensitive 7 0 1
C4_MAG_00060 | SAMN21888832 6072898 86.3 1.4 | resistant 40 1 2
C4_MAG_00061 | SAMN21888833 3704697 88.5 4.3 | unclassified 40 0 3
C4_MAG_00062 | SAMN21888834 1645787 85.6 1.4 | sensitive 3 0 0
C4_MAG_00063 | SAMN21888835 4629015 84.9 1.4 | sensitive 6 0 2
C4_MAG_00064 | SAMN21888836 3981732 87.8 4.3 | resistant 82 0 0
C4_MAG_00066 | SAMN21888837 5516459 84.9 1.4 | resistant 50 1 2
C4_MAG_00067 | SAMN21888838 3726655 89.9 6.5 | resistant 28 0 0
C4_MAG_00068 | SAMN21888839 2838606 85.6 2.9 | sensitive 25 0 0
C4_MAG_00069 | SAMN21888840 2055836 84.9 2.2 | sensitive 14 0 1
C4_MAG_00070 | SAMN21888841 2309648 88.5 5.8 | sensitive 15 0 0
C4_MAG_00072 | SAMN21888842 3454674 85.6 4.3 | sensitive 6 0 0
C4_MAG_00073 | SAMN21888843 5579033 82.0 0.7 | unclassified 4 0 3
C4_MAG_00077 | SAMN21888844 3636379 82.0 2.2 | resistant 28 0 0
C4_MAG_00079 | SAMN21888845 1579574 80.6 1.4 | unclassified 1 0 0
C4_MAG_00080 | SAMN21888846 796455 7.7 0.0 | unclassified 2 0 0
C4_MAG_00081 | SAMN21888847 2277307 7.7 0.0 | sensitive 0 0
C4_MAG_00083 | SAMN21888848 3835135 79.9 2.9 | resistant 140 0 0
C4_MAG_00085 | SAMN21888849 3075021 79.1 4.3 | sensitive 58 0 2
C4_MAG_00087 | SAMN21888850 4107736 7.7 3.6 | resistant 57 0 0
C4_MAG_00088 | SAMN21888851 4061822 75.5 4.3 | unclassified 18 0 1
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C4_MAG_00089 | SAMN21888852 5663909 72.7 2.2 | sensitive 0 0 5
C4_MAG_00090 | SAMN21888853 4321013 75.5 5.8 | resistant 356 0 1
C4_MAG_00091 | SAMN21888854 1539032 72.7 3.6 | unclassified 65 0 0
C4_MAG_00092 | SAMN21888855 2702925 71.9 3.6 | unclassified 30 0 2
C4_MAG_00096 | SAMN21888856 1336791 71.9 7.2 | unclassified 12 0 0
C8_MAG_00001 | SAMN21888857 4055180 100.0 0.0 | resistant 10 1 2
C8_MAG_00002 | SAMN21888858 3133556 100.0 0.0 | sensitive 2 0 0
C8_MAG_00003 | SAMN21888859 3349211 100.0 0.0 | sensitive 0 0 0
C8_MAG_00006 | SAMN21888860 3594080 99.3 0.0 | resistant 13 0 0
C8_MAG_00007 | SAMN21888861 4330577 99.3 0.7 | sensitive 4 0 2
C8_MAG_00008 | SAMN21888862 4525610 99.3 1.4 | sensitive 1 0 0
C8_MAG_00010 | SAMN21888863 2964701 100.0 2.9 | resistant 74 0 0
C8_MAG_00011 | SAMN21888864 4403135 99.3 2.9 | sensitive 0 0 2
C8_MAG_00012 | SAMN21888865 4009353 99.3 2.9 | resistant 58 0 1
C8_MAG_00013 | SAMN21888866 2355252 97.1 1.4 | sensitive 0 0 2
C8_MAG_00014 | SAMN21888867 7122131 97.1 1.4 | sensitive 17 0 0
C8_MAG_00015 | SAMN21888868 1806409 96.4 0.7 | sensitive 0 0 0
C8_MAG_00016 | SAMN21888869 4661110 98.6 2.9 | resistant 186 2 2
C8_MAG_00017 | SAMN21888870 4322018 96.4 2.2 | sensitive 43 1 4
C8_MAG_00018 | SAMN21888871 4632588 99.3 5.0 | unclassified 12 0 0
C8_MAG_00019 | SAMN21888872 5881872 96.4 2.9 | resistant 45 3 3
C8_MAG_00020 | SAMN21888873 4579689 96.4 3.6 | unclassified 4 0 0
C8_MAG_00021 | SAMN21888874 3704676 94.2 1.4 | sensitive 19 0 2
C8_MAG_00023 | SAMN21888875 3473837 93.5 1.4 | sensitive 4 0 2
C8_MAG_00024 | SAMN21888876 3409116 99.3 7.2 | unclassified 6 0 1
C8_MAG_00028 | SAMN21888877 4006252 94.2 5.8 | unclassified 137 1 1
C8_MAG_00029 | SAMN21888878 4038507 94.2 5.8 | resistant 20 0 1
C8_MAG_00031 | SAMN21888879 4695849 92.1 4.3 | resistant 78 0 1
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C8_MAG_00032 | SAMN21888880 3976838 914 3.6 | unclassified 72 0 2
C8_MAG_00033 | SAMN21888881 3065071 84.9 0.0 | sensitive 112 0 1
C8_MAG_00034 | SAMN21888882 4744953 92.1 7.2 | resistant 18 0 0
C8_MAG_00036 | SAMN21888883 3360869 85.6 1.4 | sensitive 1 0 0
C8_MAG_00037 | SAMN21888884 5019011 85.6 1.4 | resistant 45 0 0
C8_MAG_00038 | SAMN21888885 6557524 86.3 2.9 | resistant 1 0 4
C8_MAG_00039 | SAMN21888886 3125813 84.2 0.7 | unclassified 4 0 1
C8_MAG_00040 | SAMN21888887 2353520 83.5 1.4 | unclassified 87 0 0
C8_MAG_00041 | SAMN21888888 5515789 84.2 2.9 | resistant 116 1 1
C8_MAG_00042 | SAMN21888889 3150239 82.0 0.7 | resistant 2 0 1
C8_MAG_00044 | SAMN21888890 3952081 83.5 2.9 | unclassified 314 0 1
C8_MAG_00046 | SAMN21888891 3975225 84.9 7.2 | resistant 58 0 0
C8_MAG_00048 | SAMN21888892 5194788 79.9 4.3 | resistant 229 0 2
C8_MAG_00050 | SAMN21888893 2849320 79.1 5.0 | resistant 25 0 1
C8_MAG_00051 | SAMN21888894 2634691 75.5 1.4 | unclassified 9 0 0
C8_MAG_00052 | SAMN21888895 3566969 80.6 6.5 | resistant 520 0 0
C8_MAG_00054 | SAMN21888896 1289552 73.4 0.7 | unclassified 0 0 0
C8_MAG_00055 | SAMN21888897 1517273 72.7 0.0 | unclassified 45 0 0
C8_MAG_00057 | SAMN21888898 4818823 741 5.8 | sensitive 20 0 2
C8_MAG_00058 | SAMN21888899 2948086 72.7 5.0 | resistant 3 0 2
C8_MAG_00060 | SAMN21888900 1425545 70.5 2.9 | sensitive 2 0 0
D1_MAG_00001 | SAMN21888901 3604720 100.0 0.7 | sensitive 0 0 0
D1_MAG_00002 | SAMN21888902 2896378 99.3 0.0 | sensitive 5 0 2
D1_MAG_00006 | SAMN21888903 4270577 98.6 0.0 | unclassified 0 0 1
D1_MAG_00008 | SAMN21888904 2394771 97.8 0.0 | unclassified 4 0 0
D1_MAG_00009 | SAMN21888905 4171199 100.0 2.2 | resistant 28 0 0
D1_MAG_00011 | SAMN21888906 3102269 99.3 2.2 | sensitive 3 0 1
D1_MAG_00012 | SAMN21888907 4966842 99.3 2.2 | resistant 27 0 0
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D1_MAG_00013 | SAMN21888908 3331068 97.1 0.0 | sensitive 0 0
D1_MAG_00014 | SAMN21888909 4833864 97.8 1.4 | sensitive 0 4
D1_MAG_00017 | SAMN21888910 4106956 97.8 1.4 | sensitive 0 3
D1_MAG_00018 | SAMN21888911 3777048 98.6 2.2 | unclassified 21 0 1
D1_MAG_00019 | SAMN21888912 5046364 97.1 0.7 | resistant 156 0 1
D1_MAG_00021 | SAMN21888913 3774278 95.7 0.0 | resistant 0 0 0
D1_MAG_00028 | SAMN21888914 2664058 95.7 1.4 | unclassified 21 0 0
D1_MAG_00033 | SAMN21888915 3902075 93.5 0.0 | sensitive 33 0 1
D1_MAG_00034 | SAMN21888916 3582211 94.2 0.7 | resistant 12 0 0
D1_MAG_00036 | SAMN21888917 4398125 95.7 3.6 | resistant 136 0 0
D1_MAG_00037 | SAMN21888918 4255971 97.1 5.8 | sensitive 23 0 0
D1_MAG_00039 | SAMN21888919 1941960 92.8 1.4 | unclassified 8 0 1
D1_MAG_00040 | SAMN21888920 5357856 95.0 4.3 | sensitive 223 1 2
D1_MAG_00042 | SAMN21888921 5080471 97.8 7.2 | sensitive 21 0 1
D1_MAG_00043 | SAMN21888922 2868958 96.4 5.8 | resistant 46 0 1
D1_MAG_00046 | SAMN21888923 3175710 98.6 8.6 | sensitive 37 0 2
D1_MAG_00047 | SAMN21888924 3166428 914 1.4 | resistant 22 0 0
D1_MAG_00048 | SAMN21888925 3075948 914 2.2 | unclassified 4 0 0
D1_MAG_00049 | SAMN21888926 5137330 96.4 7.2 | resistant 62 0 2
D1_MAG_00050 | SAMN21888927 5563704 92.1 3.6 | resistant 437 0 3
D1_MAG_00051 | SAMN21888928 3755658 93.5 5.0 | resistant 24 0 1
D1_MAG_00052 | SAMN21888929 5814712 92.8 4.3 | resistant 14 0 0
D1_MAG_00053 | SAMN21888930 5863037 89.2 1.4 | sensitive 79 0 3
D1_MAG_00054 | SAMN21888931 2824473 91.4 4.3 | resistant 92 0 0
D1_MAG_00055 | SAMN21888932 4962122 88.5 2.2 | unclassified 349 0 0
D1_MAG_00056 | SAMN21888933 4024280 914 5.0 | resistant 37 0 2
D1_MAG_00057 | SAMN21888934 3691626 89.9 3.6 | unclassified 27 0 1
D1_MAG_00059 | SAMN21888935 2857864 87.1 2.9 | sensitive 144 0 0
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D1_MAG_00060 | SAMN21888936 3320411 87.8 3.6 | unclassified 30 0 1
D1_MAG_00064 | SAMN21888937 2800134 83.5 1.4 | resistant 16 0 1
D1_MAG_00065 | SAMN21888938 3003553 84.2 2.9 | resistant 114 0 0
D1_MAG_00066 | SAMN21888939 3798204 82.7 1.4 | resistant 277 0 1
D1_MAG_00067 | SAMN21888940 5232909 84.2 4.3 | resistant 218 1 1
D1_MAG_00068 | SAMN21888941 4351049 86.3 7.2 | unclassified 15 0 0
D1_MAG_00070 | SAMN21888942 4338921 78.4 0.0 | sensitive 3 0 2
D1_MAG_00071 | SAMN21888943 6597014 86.3 8.6 | sensitive 243 0 2
D1_MAG_00073 | SAMN21888944 2890219 82.0 4.3 | resistant 42 0 0
D1_MAG_00075 | SAMN21888945 1732735 77.0 0.0 | unclassified 51 0 0
D1_MAG_00076 | SAMN21888946 732660 77.0 0.0 | unclassified 0 0
D1_MAG_00080 | SAMN21888948 4044923 81.3 7.9 | sensitive 5 0 1
D1_MAG_00081 | SAMN21888949 6661811 80.6 7.9 | sensitive 3 0 3
D1_MAG_00082 | SAMN21888950 3352437 71.9 1.4 | unclassified 264 0 0
D1_MAG_00083 | SAMN21888951 4278001 73.4 5.0 | sensitive 9 0 0
D1_MAG_00084 | SAMN21888952 2523862 71.2 3.6 | sensitive 20 0 2
D4 _MAG_00001 | SAMN21888953 2593686 99.3 0.0 | sensitive 2 0 0
D4 _MAG_00002 | SAMN21888954 4018767 98.6 0.0 | sensitive 3 0 0
D4_MAG_00003 | SAMN21888955 4217982 99.3 0.7 | sensitive 0 0 2
D4_MAG_00005 | SAMN21888956 2723044 99.3 0.7 | sensitive 0 0 0
D4 _MAG_00008 | SAMN21888957 1804560 100.0 2.2 | unclassified 8 0 1
D4 _MAG_00009 | SAMN21888958 6425337 98.6 0.7 | sensitive 2 0 0
D4_MAG_00010 | SAMN21888959 6387458 100.0 2.9 | resistant 14 0 1
D4_MAG_00012 | SAMN21888960 2505487 97.8 0.7 | sensitive 8 0 0
D4 _MAG_00013 | SAMN21899414 2442503 97.8 0.7 | sensitive 1 0 1
D4 _MAG_00014 | SAMN21899415 2519991 97.1 0.0 | sensitive 2 0 1
D4_MAG_00015 | SAMN21899416 1446827 97.1 0.0 | unclassified 0 0 0
D4_MAG_00016 | SAMN21899417 2919762 97.8 0.7 | sensitive 1 0 0
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D4 _MAG_00017 | SAMN21899418 6500657 99.3 2.9 | resistant 26 0 0
D4 _MAG_00019 | SAMN21899419 3431227 98.6 2.2 | resistant 77 0 0
D4_MAG_00020 | SAMN21899420 3391886 100.0 4.3 | resistant 12 0 0
D4_MAG_00021 | SAMN21899421 3167197 97.1 2.2 | unclassified 10 0 0
D4 _MAG_00022 | SAMN21899422 2488393 95.7 0.7 | sensitive 1 0 0
D4 _MAG_00024 | SAMN21899423 5729541 97.1 2.9 | resistant 5 0 2
D4_MAG_00025 | SAMN21899424 2124332 94.2 0.0 | sensitive 2 0 0
D4_MAG_00026 | SAMN21899425 2954225 98.6 5.0 | sensitive 30 0 2
D4 _MAG_00030 | SAMN21899426 1923915 96.4 2.9 | sensitive 30 0 2
D4 _MAG_00031 | SAMN21899427 2547609 93.5 0.0 | unclassified 14 0 0
D4_MAG_00032 | SAMN21899428 2991422 94.2 0.7 | sensitive 0 0 0
D4_MAG_00033 | SAMN21899429 3021296 94.2 0.7 | unclassified 1 0 0
D4 _MAG_00034 | SAMN21899430 3465646 95.7 2.9 | unclassified 2 0 0
D4 _MAG_00035 | SAMN21899431 3666610 95.7 2.9 | sensitive 12 0 1
D4_MAG_00038 | SAMN21899432 3732554 94.2 1.4 | resistant 34 0 1
D4_MAG_00039 | SAMN21899433 2962799 92.1 0.0 | resistant 5 0 0
D4 _MAG_00040 | SAMN21899434 3491904 94.2 2.2 | unclassified 27 0 1
D4 _MAG_00042 | SAMN21899435 1754175 92.1 0.7 | sensitive 2 0 0
D4_MAG_00043 | SAMN21899436 1416337 92.8 1.4 | unclassified 26 0 1
D4_MAG_00044 | SAMN21899437 2766400 91.4 0.0 | sensitive 0 1
D4 _MAG_00045 | SAMN21899438 2567491 95.7 5.0 | sensitive 3 0 0
D4 _MAG_00047 | SAMN21899439 3501432 914 1.4 | resistant 20 0 1
D4_MAG_00048 | SAMN21899440 2328478 91.4 1.4 | resistant 6 0 0
D4_MAG_00049 | SAMN21899441 1234801 88.5 0.0 | sensitive 3 0 0
D4 _MAG_00050 | SAMN21899442 2610438 88.5 0.7 | resistant 36 0 0
D4 _MAG_00051 | SAMN21899443 2055789 88.5 1.4 | sensitive 6 0 2
D4_MAG_00052 | SAMN21899444 4453797 92.1 5.8 | unclassified 22 0 0
D4_MAG_00054 | SAMN21899445 5143557 87.1 1.4 | sensitive 4 0 4
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D4 _MAG_00056 | SAMN21899446 3490039 92.1 7.9 | sensitive 123 0 0
D4 _MAG_00057 | SAMN21899447 2791729 83.5 0.0 | unclassified 18 0 0
D4_MAG_00060 | SAMN21899448 4856506 91.4 7.9 | unclassified 58 0 5
D4_MAG_00061 | SAMN21899449 1784527 84.2 1.4 | unclassified 11 0 0
D4 _MAG_00063 | SAMN21899450 2709729 86.3 5.0 | sensitive 29 0 0
D4 _MAG_00065 | SAMN21899451 2781385 84.2 4.3 | sensitive 62 1 3
D4_MAG_00068 | SAMN21899452 1497840 7.7 0.0 | unclassified 41 0 0
D4_MAG_00069 | SAMN21899453 772463 77.0 0.0 | unclassified 12 0 0
D4 _MAG_00072 | SAMN21899454 2823730 75.5 0.7 | sensitive 11 0 1
D4 _MAG_00074 | SAMN21899455 1964383 78.4 5.0 | sensitive 54 0 0
D4_MAG_00075 | SAMN21899456 4816134 74.8 2.2 | resistant 24 0 2
D4_MAG_00076 | SAMN21899457 3027117 74.8 2.9 | resistant 24 0 2
D4 _MAG_00077 | SAMN21899458 1638219 76.3 4.3 | unclassified 17 0 1
D4 _MAG_00078 | SAMN21899459 2941426 71.9 0.0 | resistant 163 0 0
D4_MAG_00079 | SAMN21899460 1802556 72.7 1.4 | unclassified 7 0 0
D4_MAG_00080 | SAMN21899461 1102693 72.7 1.4 | unclassified 33 0 0
D4 _MAG_00082 | SAMN21899462 2294988 71.2 3.6 | unclassified 16 0 1
D4 _MAG_00083 | SAMN21899463 3367231 71.2 5.0 | resistant 61 0 0
D4_MAG_00084 | SAMN21899464 1890213 73.4 7.2 | unclassified 13 0 1
D8_MAG_00001 | SAMN21899465 3382297 100.0 0.0 | sensitive 2 0 0
D8 MAG_00002 | SAMN21899466 3491239 99.3 0.0 | sensitive 3 0 0
D8 MAG_00007 | SAMN21899467 4598917 97.8 0.0 | sensitive 5 0 4
D8_MAG_00011 | SAMN21899468 3767514 97.8 0.7 | unclassified 0 0 0
D8_MAG_00014 | SAMN21899469 2869542 97.8 1.4 | sensitive 3 0 0
D8 MAG_00015 | SAMN21899470 3092798 99.3 2.9 | resistant 33 0 2
D8 MAG_00016 | SAMN21899471 6981573 97.8 1.4 | resistant 27 0 3
D8_MAG_00017 | SAMN21899472 3509968 98.6 2.2 | sensitive 0 3
D8_MAG_00019 | SAMN21899473 3990259 95.7 0.0 | sensitive 0 0
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D8 MAG_00020 | SAMN21899474 2655977 95.7 0.7 | unclassified 0 0 1
D8 MAG_00021 | SAMN21899475 3057546 95.7 0.7 | resistant 23 0 0
D8_MAG_00022 | SAMN21899476 3160708 98.6 3.6 | sensitive 3 0 2
D8_MAG_00024 | SAMN21899477 3151776 95.0 2.2 | resistant 8 0 2
D8 MAG_00026 | SAMN21899478 2949222 95.7 3.6 | resistant 46 0 0
D8 MAG_00028 | SAMN21899479 3017821 94.2 2.2 | sensitive 4 0 0
D8_MAG_00029 | SAMN21899480 1894213 92.1 0.0 | sensitive 8 0 1
D8_MAG_00031 | SAMN21899481 3635657 95.0 4.3 | unclassified 48 0 0
D8 MAG_00032 | SAMN21899482 3288821 92.8 2.2 | resistant 42 0 0
D8 MAG_00033 | SAMN21899483 3130975 90.6 0.0 | unclassified 0 0 1
D8_MAG_00034 | SAMN21899484 6511187 92.1 1.4 | resistant 84 1 3
D8_MAG_00035 | SAMN21899485 1789251 92.1 2.2 | resistant 2 0 0
D8 MAG_00036 | SAMN21899486 3096660 914 1.4 | resistant 44 0 0
D8 MAG_00037 | SAMN21899487 5938020 93.5 4.3 | sensitive 102 0 0
D8_MAG_00040 | SAMN21899488 6199988 91.4 2.2 | sensitive 64 0 1
D8_MAG_00041 | SAMN21899489 3410854 89.2 2.2 | unclassified 172 0 1
D8 MAG_00044 | SAMN21899490 4438271 89.9 3.6 | resistant 34 0 0
D8 MAG_00045 | SAMN21899491 1733669 87.1 1.4 | sensitive 19 0 1
D8_MAG_00046 | SAMN21899492 2842418 86.3 0.7 | sensitive 148 0 1
D8_MAG_00048 | SAMN21899493 4649363 90.6 5.8 | resistant 69 0 0
D8 MAG_00049 | SAMN21899494 3429808 86.3 1.4 | resistant 81 1 1
D8 MAG_00050 | SAMN21899495 3834122 90.6 5.8 | resistant 41 0 0
D8_MAG_00051 | SAMN21899496 5928705 86.3 2.2 | sensitive 2 0 3
D8_MAG_00053 | SAMN21899497 2938286 87.8 4.3 | sensitive 28 0 1
D8 MAG_00054 | SAMN21899498 3424644 86.3 2.9 | resistant 3 0 1
D8 MAG_00055 | SAMN21899499 3275666 83.5 0.7 | unclassified 267 0 0
D8_MAG_00056 | SAMN21899500 1837119 85.6 3.6 | unclassified 24 0 1
D8_MAG_00057 | SAMN21899501 4474161 86.3 5.0 | sensitive 6 0 1
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D8 MAG_00058 | SAMN21899502 4286318 85.6 4.3 | resistant 33 0 1
D8 MAG_00059 | SAMN21899503 4149274 82.0 0.7 | unclassified 4 0 1
D8_MAG_00060 | SAMN21899504 1597893 83.5 2.9 | unclassified 8 0 1
D8_MAG_00061 | SAMN21899505 3939285 82.0 1.4 | resistant 79 0 1
D8 MAG_00063 | SAMN21899506 3885329 80.6 1.4 | resistant 10 0 0
D8 MAG_00064 | SAMN21899507 3103980 79.9 0.7 | unclassified 0 0 1
D8_MAG_00066 | SAMN21899508 4207543 79.9 2.2 | resistant 56 0 0
D8_MAG_00068 | SAMN21899509 3344199 80.6 4.3 | sensitive 0 0 1
D8 MAG_00069 | SAMN21899510 5104509 83.5 7.2 | resistant 61 0 1
D8 MAG_00071 | SAMN21899511 4365470 77.0 1.4 | resistant 150 0 1
D8_MAG_00072 | SAMN21899512 3512356 76.3 0.7 | sensitive 1 0 1
D8_MAG_00073 | SAMN21899513 5043564 84.2 8.6 | resistant 67 1 1
D8 MAG_00074 | SAMN21899514 3770652 741 0.0 | resistant 18 0 0
D8 MAG_00075 | SAMN21899515 3242775 75.5 2.2 | sensitive 1 0 0
D8_MAG_00076 | SAMN21899516 4180664 73.4 0.0 | resistant 12 0 1
D8_MAG_00078 | SAMN21899517 3796550 74.8 2.9 | resistant 146 0 0
D8 MAG_00079 | SAMN21899518 5925387 72.7 1.4 | resistant 158 0 1
D8 MAG_00080 | SAMN21899519 5196463 73.4 2.2 | unclassified 330 0 0
D8_MAG_00082 | SAMN21899520 2636802 71.9 1.4 | sensitive 45 0 1
D8_MAG_00083 | SAMN21899521 3317900 71.2 1.4 | resistant 48 0 0
D8 MAG_00085 | SAMN21899522 3376023 77.7 9.4 | resistant 8 1 2
E1_MAG_00001 | SAMN21899523 3035998 99.3 0.7 | unclassified 2 0 0
E1_MAG_00003 | SAMN21899524 3282591 99.3 1.4 | resistant 8 0 0
E1_MAG_00004 | SAMN21899525 6277322 99.3 1.4 | sensitive 0 0 0
E1_MAG_00006 | SAMN21899526 2698210 99.3 2.2 | resistant 1 0 0
E1_MAG_00007 | SAMN21899527 3561788 97.1 0.0 | sensitive 3 0 1
E1_MAG_00009 | SAMN21899528 2423889 99.3 2.2 | sensitive 3 0 1
E1_MAG_00012 | SAMN21899529 3551629 97.8 1.4 | sensitive 0 0 0
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E1_MAG_00013 | SAMN21899530 4326669 97.8 2.2 | sensitive 5 0 0
E1_MAG_00014 | SAMN21899531 8365988 98.6 2.9 | sensitive 11 0 0
E1_MAG_00016 | SAMN21899532 2492545 97.8 2.2 | sensitive 0 0 0
E1_MAG_00017 | SAMN21899533 3374941 95.7 0.0 | sensitive 11 0 0
E1_MAG_00018 | SAMN21899534 2188583 98.6 2.9 | resistant 5 0 0
E1_MAG_00022 | SAMN21899535 3481644 97.8 2.9 | resistant 2 0 2
E1_MAG_00024 | SAMN21899536 2718561 95.0 0.7 | unclassified 0 0 0
E1_MAG_00026 | SAMN21899537 2497358 96.4 2.9 | sensitive 2 0 1
E1_MAG_00027 | SAMN21899538 5390984 98.6 5.0 | unclassified 2 0 1
E1_MAG_00028 | SAMN21899539 2162404 95.0 1.4 | unclassified 3 0 0
E1_MAG_00030 | SAMN21899540 2859717 96.4 2.9 | unclassified 116 0 0
E1_MAG_00031 | SAMN21899541 2673417 95.0 1.4 | unclassified 50 0 0
E1_MAG_00033 | SAMN21899542 5014731 97.1 4.3 | resistant 11 0 1
E1_MAG_00037 | SAMN21899543 2270111 92.8 1.4 | resistant 23 0 0
E1_MAG_00038 | SAMN21899544 4133991 92.1 0.7 | sensitive 36 0 0
E1_MAG_00040 | SAMN21899545 1156315 91.4 1.4 | unclassified 0 0 0
E1_MAG_00042 | SAMN21899546 2705774 92.1 2.2 | sensitive 44 1 3
E1_MAG_00043 | SAMN21899547 1358893 914 2.9 | sensitive 16 0 0
E1_MAG_00046 | SAMN21899548 4892287 90.6 5.0 | unclassified 165 0 0
E1_MAG_00048 | SAMN21899549 2742593 93.5 7.9 | unclassified 1 0 0
E1_MAG_00050 | SAMN21899550 2213866 84.9 1.4 | unclassified 11 0 0
E1_MAG_00051 | SAMN21899551 2861209 86.3 2.9 | sensitive 4 0 0
E1_MAG_00052 | SAMN21899552 5389703 85.6 2.2 | sensitive 236 0 1
E1_MAG_00053 | SAMN21899553 2714334 84.9 1.4 | sensitive 43 0 0
E1_MAG_00054 | SAMN21899554 2214136 84.9 2.2 | unclassified 0 1
E1_MAG_00055 | SAMN21899555 2449389 84.2 2.2 | sensitive 0 2
E1_MAG_00056 | SAMN21899556 5010097 84.2 2.2 | sensitive 25 0 0
E1_MAG_00057 | SAMN21899557 1302914 82.0 0.0 | sensitive 6 0 0
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E1_MAG_00058 | SAMN21899558 3218503 82.7 1.4 | unclassified 2 0 0
E1_MAG_00060 | SAMN21899559 2205660 82.7 2.9 | unclassified 3 0 0
E1_MAG_00061 | SAMN21899560 1948469 80.6 1.4 | unclassified 5 0 0
E1_MAG_00062 | SAMN21899561 2616823 83.5 5.0 | sensitive 2 0 1
E1_MAG_00063 | SAMN21899562 3309107 83.5 5.0 | unclassified 39 0 1
E1_MAG_00064 | SAMN21899563 3073038 81.3 4.3 | sensitive 4 0 1
E1_MAG_00065 | SAMN21899564 3869542 80.6 5.0 | resistant 61 0 0
E1_MAG_00066 | SAMN21899565 4566525 82.7 7.9 | resistant 61 0 2
E1_MAG_00067 | SAMN21899566 2664125 74.8 0.7 | unclassified 43 0 1
E1_MAG_00068 | SAMN21899567 1141766 78.4 5.0 | sensitive 4 0 0
E1_MAG_00071 | SAMN21899568 2954750 72.7 0.0 | sensitive 10 0 0
E1_MAG_00072 | SAMN21899569 4207763 75.5 2.9 | sensitive 24 0 0
E1_MAG_00073 | SAMN21899570 2344386 75.5 3.6 | unclassified 33 0 2
E1_MAG_00074 | SAMN21899571 4360381 78.4 7.2 | sensitive 25 0 0
E1_MAG_00075 | SAMN21899572 2756146 71.2 1.4 | sensitive 55 0 0
E1_MAG_00076 | SAMN21899573 2385757 71.9 2.2 | resistant 56 0 0
E1_MAG_00077 | SAMN21899574 2200563 71.9 2.9 | resistant 73 0 0
E1_MAG_00078 | SAMN21899575 3284141 75.5 8.6 | sensitive 9 0 0
E1_MAG_00080 | SAMN21899576 2761726 70.5 8.6 | unclassified 107 0 0
H1_MAG_00001 | SAMN21899577 2654371 99.3 0.0 | resistant 13 0 0
H1_MAG_00003 | SAMN21899578 3332312 100.0 0.7 | resistant 4 0 0
H1_MAG_00006 | SAMN21899579 4350866 99.3 1.4 | resistant 13 0 2
H1_MAG_00009 | SAMN21899580 2211795 97.1 0.0 | sensitive 0 0 0
H1_MAG_00010 | SAMN21899581 1465243 97.1 0.0 | sensitive 3 0 0
H1_MAG_00011 | SAMN21899582 3378966 98.6 1.4 | sensitive 1 0 0
H1_MAG_00012 | SAMN21899583 4547569 97.1 0.0 | sensitive 3 0 1
H1_MAG_00013 | SAMN21899584 3701345 97.8 0.7 | resistant 4 0 2
H1_MAG_00014 | SAMN21899585 3196577 98.6 2.2 | resistant 15 0 0
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H1_MAG_00017 | SAMN21899586 4099764 97.1 0.7 | sensitive 1 0 0
H1_MAG_00018 | SAMN21899587 2633236 97.8 2.2 | resistant 18 0 0
H1_MAG_00021 | SAMN21899588 3670329 96.4 1.4 | sensitive 11 0 1
H1_MAG_00022 | SAMN21899589 2886961 96.4 1.4 | sensitive 4 0 0
H1_MAG_00023 | SAMN21899590 3788203 95.0 0.7 | unclassified 66 0 0
H1_MAG_00024 | SAMN21899591 5184536 97.1 2.9 | resistant 72 0 1
H1_MAG_00025 | SAMN21899592 4281394 97.8 3.6 | unclassified 45 0 0
H1_MAG_00026 | SAMN21899593 3545296 99.3 5.0 | sensitive 4 0 2
H1_MAG_00027 | SAMN21899594 6127118 97.8 4.3 | sensitive 165 0 0
H1_MAG_00028 | SAMN21899595 4428393 97.8 4.3 | sensitive 11 0 0
H1_MAG_00030 | SAMN21899596 4534679 94.2 1.4 | resistant 18 0 0
H1_MAG_00031 | SAMN21899597 3925057 95.0 3.6 | resistant 99 0 0
H1_MAG_00034 | SAMN21899598 1953820 94.2 3.6 | sensitive 38 0 1
H1_MAG_00035 | SAMN21899599 3406840 92.8 2.2 | unclassified 5 0 0
H1_MAG_00036 | SAMN21899600 2880608 95.0 5.0 | resistant 18 0 0
H1_MAG_00037 | SAMN21899601 7487990 95.7 5.8 | resistant 33 0 0
H1_MAG_00038 | SAMN21899602 5421061 93.5 3.6 | resistant 8 0 0
H1_MAG_00039 | SAMN21899603 9391796 97.1 7.9 | resistant 312 0 2
H1_MAG_00040 | SAMN21899604 5462335 92.1 3.6 | resistant 149 0 0
H1_MAG_00043 | SAMN21899605 3944493 89.9 2.2 | unclassified 290 0 0
H1_MAG_00044 | SAMN21899606 5489466 92.1 5.8 | resistant 30 0 1
H1_MAG_00045 | SAMN21899607 4972446 89.2 2.9 | resistant 260 1 1
H1_MAG_00046 | SAMN21899608 2981935 85.6 0.7 | sensitive 7 0 0
H1_MAG_00047 | SAMN21899609 2080170 86.3 1.4 | resistant 27 0 0
H1_MAG_00048 | SAMN21899610 5874343 85.6 1.4 | resistant 59 1 4
H1_MAG_00049 | SAMN21899611 4962459 92.8 9.4 | resistant 86 1 1
H1_MAG_00050 | SAMN21899612 3592967 82.0 0.0 | unclassified 70 0 0
H1_MAG_00051 | SAMN21899613 994875 81.3 0.0 | unclassified 0 0 0
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H1_MAG_00052 | SAMN21899614 4182733 84.2 4.3 | sensitive 390 0 1
H1_MAG_00053 | SAMN21899615 2603677 82.7 3.6 | resistant 331 0 0
H1_MAG_00054 | SAMN21899616 829920 78.4 2.9 | unclassified 15 0 0
H1_MAG_00056 | SAMN21899617 2810691 76.3 0.7 | unclassified 20 0 0
H1_MAG_00058 | SAMN21899618 6268261 79.9 4.3 | sensitive 46 0 0
H1_MAG_00059 | SAMN21899619 2785643 78.4 2.9 | unclassified 123 0 0
H1_MAG_00060 | SAMN21899620 676081 74.8 0.0 | unclassified 1 0 0
H1_MAG_00061 | SAMN21899621 3518011 81.3 6.5 | unclassified 46 0 0
H1_MAG_00062 | SAMN21899622 2820293 75.5 2.9 | sensitive 5 0 0
H1_MAG_00063 | SAMN21899623 2111507 74.8 2.9 | unclassified 11 0 1
H1_MAG_00064 | SAMN21899624 3523699 74.8 4.3 | resistant 58 0 1
H1_MAG_00065 | SAMN21899625 2936184 77.0 7.2 | sensitive 141 0 0
H1_MAG_00066 | SAMN21899626 1213741 71.9 3.6 | sensitive 14 0 0
H1_MAG_00069 | SAMN21899627 3161246 71.9 7.9 | resistant 76 0 1
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Table 111.S4 Multiple linear regression model and variance partitioning of MAGs abundance in Phase Il in control
mesocosms. P-values are reported for each predictor, asterisks indicate significant p-values after Bonferroni correction
(p<0.0125) and reports of significant factors are highlighted in bold. Adjusted R-squared equals 43.2 % for MAG abundance
in controls as response variable (n=425, F-statistic: 78.7).

Explained
Response variable Predictor Estimate (SE) |t value | p-value | variance
EPSPS classification : 2%
- Sensitive 0.111 (£0.116) 0.95 0.343
- Resistant 0.409 (£0.120) 3.41| 0.001*
MAG mean abundance in D . ,

Phase I control mesocosms MAG antibiotic resistance potential | 0.111 (£0.049) 2.26 0.025 1%
MAG mean abundance in Phase |
control mesocosms (log10) 0.756 (+0.044) 17.14 | <0.001* 40%

Residuals: 58%
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Abstract

Evolutionary changes depend on shifts of heritable traits within a population and are
traditionally considered slow compared to ecological changes, related to shifts in species
abundance and composition within a community. Nevertheless, ecological and
evolutionary processes may overlap, particularly in bacteria with short generation times
and large population sizes. Here we asked to what extent within-species evolution
coincided with ecological responses of bacterioplankton to pesticide contamination. We
hypothesized pesticide sensitive species that are ecologically successful (i.e. increase in
relative abundance after a pesticide pulse) experience adaptive evolution causing
genome-wide selective sweeps that purge genetic diversity within-species. We measured
evolutionary changes by tracking temporal changes of single nucleotide variants (SNVs)
in bacterial populations from an 8-week experiment in freshwater mesocosms treated with
pulses of a glyphosate-based herbicide (GBH). We observed populations with variable
evolutionary dynamics, but with similar ecological trends in their responses to the GBH
treatment, including one potential genome-wide selective sweep in Aquidulcibacter, found
to be putatively sensitive to glyphosate based on the classification of the glyphosate target
gene. The other ecologically successful populations are potentially resistant to GBH
which may explain the observed lack of directional variation in intraspecific diversity and
the absence of genome-wide selective sweeps, as the pesticide does not represent a
selective pressure to them as it does to the sensitive species. This work provides
experimental evidence of the stable ecotype model in a semi-natural environment.
Moreover, it highlights how ecological success in the face of changing environments is
rarely explained by genome-wide sweeps unless species are sensitive to the selective
pressure in action. Ongoing investigations of a reproduction of this work will advance the

analysis and validate conclusions using a replicated experimental design.
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Introduction

Understanding how bacteria evolve and diverge into distinct groups in nature is
challenging — arguably more so than for eukaryotes (Fraser, Alm, Polz, Spratt, & Hanage,
2009). In contrast with eukaryotes, prokaryotes reproduce strictly asexually and gene flow
happens through horizontal gene transfer, which can transcend species boundaries and
whose rate may vary from one lineage to another (Shapiro & Polz, 2014). Nevertheless,
bacterial species may be conceived as cohesive units whose diversity is constrained by
the forces of natural selection and recombination (Cohan, 2016, 2019; Shapiro, Leducq,
& Mallet, 2016). In practice, species may be defined based on barriers to gene flow
(Bobay & Ochman, 2017) or on a threshold of average nucleotide identity, usually >95%
(Jain et al., 2018).

The stable ecotype model (Cohan, 2001; Cohan & Perry, 2007) is a prominent
evolutionary model explaining cohesion within bacterial species that has received some
support from observational data (Bendall et al.,, 2016; Jain et al., 2018). The model
proposes that diversity within a population occupying a given ecological niche (i.e. an
ecotype) is occasionally purged by periodic selection. According to the ecotype model,
when an individual acquires an adaptive mutation, this mutant and its clonal descendants
will outcompete others as a consequence of their increased fithess (a process also called
clonal expansion) and replace the rest of the genetic diversity within that ecotype (Cohan,
2001). In other words, when recombination is relatively low, any genetic variation in the
population is eventually purged by selection, resulting in a genome-wide selective sweep.

The stable ecotype model provides a mechanistic explanation for the origin of
phylogenetically distinct groups based on genome-wide selective sweeps, which occur
as divergent ecotypes undergo a series of clonal expansions driven by selection.
Alternatively, gene-specific selective sweeps may occur within a population when
recombination rates are relatively high. In this case, individual adaptive genes, rather than
complete genomes, sweep to fixation (Shapiro, 2016). Bendall et al. (2016) were pioneers
in detecting a genome-wide sweep in a natural bacterial population through a 9-year
metagenomic study of a freshwater lake. By tracking variations in single-nucleotide
polymorphisms and gene frequencies in 30 reconstructed bacterial genomes, they

detected one genome-wide diversity purge within a population of Chlorobium-111.
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Additionally, the authors inferred that gene-specific sweeps occurred before the beginning
of the study in other six populations, that had loci with unexpectedly low diversity
compared to the genome-wide average. However, Bendall et al. (2016) did not measure
any selective pressure and thus they could not formally conclude if the genome-wide and
gene-specific sweeps were caused by selection — predicted to be the cohesive force
constraining within-species diversity in the stable-ecotype model — as opposed to random
demographic changes leading to genetic drift.

Prokaryotes are commonly faced with changing selective pressures, such as
phage predation (Rodriguez-Valera et al., 2009), nutrient limitation (Allison & Martiny,
2008), temperature variation, and the presence of contaminants (Coleman & Chisholm,
2010; Shade et al., 2012). These environmental perturbations may affect ecological
processes, such as community stability (Shade et al., 2012), and evolutionary processes,
such as changes in heritable traits within a population (Hutchins et al., 2015). Although
evolutionary processes are traditionally considered slow compared to ecological
processes, evolution can actually be explained by the conjunction of ecology and
genetics, as it involves processes such as birth and death, competition, mutation and
selection (Lenski, 2017). Both ecological and evolutionary timescales may overlap in
prokaryotic species due to their typically short generation times and large populations.

We previously showed how ecological processes and the composition of genes
changed due to the presence of a glyphosate-based herbicide (GBH) within experimental
communities (Barbosa da Costa et al., 2021, 2022). Bacterial community composition
shifted in response to the herbicide treatment (Barbosa da Costa et al., 2021), which also
altered the composition of genes, cross-selecting for antibiotic resistance genes in the
community (Barbosa da Costa et al., 2022). The relative abundance of genomes present
after a high dose of GBH was better predicted by the number of antibiotic resistance
genes they encoded than by known resistance mutations in the glyphosate target enzyme
(Barbosa da Costa et al., 2022).

Here, we used a controlled experimental setup with defined selective pressures to
investigate if bacterial populations with similar ecological responses would experience the
same evolutionary responses in the semi-natural conditions of artificial ponds filled with

pristine lake water. We hypothesized that selective sweeps would occur over relatively
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short time scales (8 weeks) in the presence of a strong selective pressure, due to bacterial
rapid adaptation to the stressor. Specifically, we expect that ecologically successful
species without an evident resistance mechanism against the stressor will experience
genome-wide selective sweeps that purge genetic diversity across their genomes.

To test this hypothesis, we exposed bacterial communities to a GBH in replicated
1,000L freshwater mesocosms, imposing the selective pressure of pulse perturbations
promoted by agrochemical contamination. From shotgun metagenomic sequencing, we
identified 11 populations with sufficient coverage to track within-species single nucleotide
variants (SNVs) over time and across experimental treatments. While allele frequencies
remained approximately stable in six populations, diversity decreased slightly in three
populations and increased in two populations after GBH pulses. We detected a possible
genome-wide selective sweep in one population of the initially glyphosate-sensitive
Aquidulcibacter, whose diversity dropped from about 3,000 to 121 SNVs/Mbp after the
final and strongest GBH pulse. In summary, varied and idiosyncratic evolutionary
dynamics accompany rapid ecological responses of bacterioplankton to environmental
stressors, but we highlight that the populational dynamics in the two potentially
glyphosate-sensitive species found in our study confirm the expected trend towards
reduced intraspecific variation when facing strong stress. A potential genome-wide
selective sweep was detected in the only glyphosate-sensitive population among
ecological successful species. A future reproduction of this study will help confirm if this

trend was the result of a random or directional evolutionary process.

Methods

Experimental design and sample collection

To control selective pressures in a semi-natural setting, we performed an eight-
week mesocosm experiment at the Large Experiment of Ponds (LEAP) in 2016 from
August 17th (day 1) to October 12th (day 57), as previously described (Fugére et al.,
2020). The LEAP platform is located at McGill University’s Gault Nature Reserve (QC,
Canada) and eight mesocosm ponds were filled with 1,000 L of water from a pristine
upstream lake (Lake Hertel 45°32’ N, 73°09’ W). The water was sieved to prevent the

introduction of fish and large debris while allowing planktonic communities to pass
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through the coarse mesh. Previous studies have described the responses of
bacterioplankton (Barbosa da Costa et al., 2021, 2022), zooplankton (M. P. Hébert et al.,
2021) and phytoplankton (Fugére et al., 2020) to the experimental treatments that here
are explored through the lens of population genomics in bacterial populations.

We applied pulses of the GBH Roundup® Super Concentrate Grass and Weed
Control (Bayer ©; reg. #22759) to mesocosm ponds and sampled for bacterial DNA in 10
timepoints from experiment day 1 to 57, as illustrated in Figure IV.1. A commercial
formulation was chosen as it is one of the many pesticide formulations available to use in
contrast with the pure glyphosate salt that is not applied to fields and would be
unaffordable in such a large-scale field experiment. The eight experimental ponds here
studied are a subset of treatments selected for metagenomic sequencing analyses, the
full set of treatments is described in Hébert (2021) and Barbosa da Costa (2021).

No pulse Post pulse 1 Post pulse 2 Post pulse 3
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Figure IV.1 Schematic representation of the experimental design. On day 1, before
the application of pulse 1, all ponds had zero measurable glyphosate. Between days 7
and 43, half of the ponds received two pulses of a glyphosate-based herbicide (GBH)
treatment in different concentrations and the other half were kept without any pesticide.
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After day 44, ponds previously treated with GBH and two controls received a higher dose
of glyphosate while other two were left intact. The same GBH treatment was replicated in
ponds with low or high nutrient treatment.

Pulses of the GBH were applied on days 6, 34, and 44 of the experiment. The first
two pulses varied according to the treatment to reach target values of glyphosate (acid
equivalent) of 0.3 mg/L (ponds C4/D4) and 15 mg/L (ponds C8/D8). Other ponds (C1/D1
and E1/H1) did not receive any glyphosate input at these two pulses (Figure 1V.1). The
last pulse had a higher dose (40 mg/L glyphosate) and was applied to all ponds except
E1/H1. Half of the ponds received a nutrient treatment containing phosphate (KH2PO4
and K2PO4) and nitrate (KNO3) to reach 15 pg P/L and 231 ug N/L, creating a mesotrophic
(low-nutrient) environment while the other half received the same nutrients for target
concentrations of 60 pg P/L and 924 ug N/L to create a eutrophic (high-nutrient)
environment. These nutrient sources were added in combination to keep the lake N:P
molar ratio of 33.

We collected water samples in ten timepoints: day 1, 7, 15, 30, 35, 38, 43, 45, 49
and 57, as noted in the top of Figure 1V.1. We used integrated PVC tubing samplers (35
cm long, 2.5 cm diameter) and filtered 250 mL through Millipore hydrophilic
polyethersulfone membranes of 0.22 um pore size (Sigma-Aldrich, St. Louis, USA). Filters

were stored at -80 °C until DNA extraction.

DNA extraction, metagenomic sequencing and sequence preprocessing

We extracted DNA from the 80 samples (8 ponds in 10 timepoints each) used in
this study with the PowerWater DNA Isolation kit (MoBio Technologies Inc.) following the
manufacturer’s guidelines. We included in the DNA isolation protocol a step to enhance
cell lysis, consisting of a 5-min vortex agitation of the filter with beads in the lysis buffer.

We performed shotgun metagenomic paired-end sequencing through lllumina
HiSeq 4000 technology (2 x 100 bp reads). Libraries had 50 ng of genomic DNA from
each sample and were prepared with the NEBNext Ultra Il DNA Library Prep kit for
lllumina (New England Biolabs®) as per the manufacturer's recommendations (390 bp
average fragment size).

We used FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to

check the overall sequencing quality of fastq read files after the removal of lllumina
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adapters and quality filtering with Trimmomatic (Bolger et al., 2014) in the paired-end
mode. The average number of reads per sample after quality filtering was 32.5 million

reads (min 19.1 million max 73.4 million).

Metagenomic de novo coassembly, binning, dereplication and curation of MAGs

We co-assembled reads from each of the eight experimental ponds separately
(Figure IV.1) using MEGAHIT v1.1.1 (D. Li et al., 2015), as described in Barbosa da Costa
(2022). The dataset used for the co-assembly included one additional timepoint (day 41)
that was not included in this study, as here we intended to keep a balanced number of
samples after each pulse (n=3). Each set of 11 metagenomes from different timepoints
corresponding to the same experimental pond was used in the co-assembly and we set
a minimum contig length of 1 kbp.

We used Bowtie2 v2.4.2 (Langmead & Salzberg, 2012) within anvi'o v5.1 to map
metagenomic reads to each set of scaffolds, then anvi'o to profile each BAM output thus
estimating coverage and detection of scaffolds across timepoints within the same pond.
Scaffolds were clustered into bins through the automatic binning algorithm CONCOCT
(Alneberg et al., 2014) within anvi'o v5.1 (Eren et al., 2015). We estimated the
completeness and redundancy of each bin using anvi’o with HMMER v3.2.1 (Eddy, 2011)
to identify single-copy core genes belonging to bacterial or archaeal genomes.

Bins were manually refined and dereplicated as previously explained in Barbosa
da Costa (2022) following the guidance of anvi’'o developers (Delmont et al., 2018; Eren
et al., 2015). Curated bins with a minimum 70% completeness and maximum 10%
redundancy were classified as metagenome-assembled genomes (MAGs) and have
been submitted to NCBI together with the metagenomic reads set under BioProject
PRJINA767443.

Selection of MAGs for SNV profile and taxonomic assignment

To select the MAGs that responded most strongly to the GBH treatment in addition
to the less responsive MAGs, we used Principal Response Curves (PRCs) performed
with the abundance matrix of 426 non-redundant MAGs identified throughout the
experiment, as described in Barbosa da Costa (2022). PRCs are used to infer the effect
of experimental treatments on community composition across time. A PRC model returns

species scores that quantify how much each species contributed to the overall change in
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community structure (Auber et al., 2017; Van den Brink et al., 2009; Van den Brink & Ter
Braak, 1999). In other words, the species scores are proportional to how much a species
responded to the treatment. We thus selected 31 MAGs for Single Nucleotide Variant
(SNV) profiling based on their species score: the top 16 most responsive MAGs, positively
affected by GBH treatments (score > 0.07) and the 15 least responsive MAGs (-0.007 <
score < 0.007). The 31 selected MAGs are summarized in Table IV.S1, which reports
their respective NCBI accession number, genome size, taxonomic classification, PRC
score, putative classification of the EPSPS enzyme detected in their genome and the
inferred number of Antimicrobial Resistance Genes (ARGs) estimated as shown Barbosa
da Costa et al. (2022) in using the Resistance Gene Identifier (RGI) application and the
Comprehensive Antibiotic Resistance Database (CARD) database. To complement the
previous taxonomy assignment of CheckM (Parks et al., 2015) performed with anvi'o,
which returned some low-resolution classifications at the phylum or class level, we now
include the classification of these 31 selected MAGs through the Genome Taxonomy
Database Toolkit (GTDB-Tk) (Chaumeil, Mussig, Hugenholtz, & Parks, 2020).

Detection of intraspecific diversity in populations using MAGs as references

To compare intraspecific diversity of populations present within the same treatment
pond after different GBH pulses, we inferred SNVs within samples using as reference
genomes the 31 selected MAGs which were less- or high-responsive to treatments (Table
IV.S1). Reads were mapped with Bowtie2 v2.4.2 (Langmead & Salzberg, 2012) and, to
increase overall coverage depth, we merged alignments of timepoints that followed the
same pulse using the “samtools merge” function within SAMtools v1.13 (H. Li et al., 2009).
To ensure high coverage of reads mapped to the reference genome, 3 timepoints were
merged by pulse, as indicated in Figure IV.1: days 7, 15 and 30 were grouped post pulse
1; days 35, 38 and 43 post pulse 2; and days 45, 49 and 57 post pulse 3. As only one
timepoint was sampled before any pulse application, the low coverage (generally <5X) of
the selected MAGs prevented us from inferring SNVs on experiment day 1.

To measure genetic variation within the population represented by each MAG, we
used inStrain v1.5.7 (Olm et al., 2021). We ran the “inStrain profile” function to call SNVs
from alignments with a minimum MAPQ of 13. We also set a minimum coverage depth of
5X to call a variant at a nucleotide position and a 99% minimum percent identity of read
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pairs to consensus. At this high level of nucleotide identity, we are very likely to be
sampling diversity within rather than between species. SNVs were inferred strictly from
paired reads and we used the function “inStrain compare” to differentiate positions where
the reference frequency was 1 from positions that did not pass the aforementioned
requirements, which were then identified as “NA” while comparing a single SNV among
different samples. We filtered out SNVs found within 100 bp of scaffold extremities and
positions with very low or very high coverage values compared to the median position
coverage within the sample (each sample corresponds to a MAG found in a specific pond
after a specific pulse), as variants found in these positions could be a result of sequencing
bias, mapping, or assembly errors. We kept only positions whose coverage was greater
than 30% of the median coverage and smaller than 3 times the median. We used Prodigal
v2.6.3 (Doug Hyatt, Gwo-Liang Chen, Philip F LoCascio, Miriam L Land, Frank W
Larimer, 2010) to predict genes in reference genomes, and inStrain to classify mutations
as intergenic, synonymous or non-synonymous. In rare cases, SNVs remained
unclassified because the algorithm was unable to decide whether the mutation was

synonymous or non-synonymous.

Results

Tracking SNV frequency changes within MAG populations over time

After metagenomic sequencing from our experimental ponds, we assembled
MAGs and identified the 16 species that responded most positively to the GBH treatment
and the 15 less affected species (Table I1V.S1). Of these 31 MAGs, 11 were present with
sufficient coverage after all 3 pulses in treatment ponds to track SNV frequencies over
time and in response to treatments (Figure IV.S1). The metagenomic reads mapping to
the same MAG in the same pond are hereafter referred to as populations, as they might
belong to individuals of the same species found in the same location and that can
interchange genetic material. The genome coverage of the reference MAG within these
populations was on average 21X (min 1X max 103X, Table 1V.S2) and the breadth of
coverage averaged 89% (min 47% max 100%, Table IV.S2).

The detection of SNVs increased with greater genome coverage within samples
(Figure 1V.S2, Linear Model R?=0.31, t=4.6, p<0.001). This could bias our analysis and
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thus requires a careful investigation when comparing SNV counts over time or across
treatments within populations. However, high SNV counts were not necessarily
associated with deeper coverage in some MAGs. For example, in samples of the pond
C8, the MAG classified as Nevskia 1 (C8 MAG_00031, Table IV.S1) had coverage of 7X
after pulse 1 and 68X after pulse 2 and in both timepoints it had similarly high SNV density
(respectively 1386 and 1654 SNVs/Mbp, Table IV.S2). Similarly, Aquidulcibacter
(C4_MAG_00010, Table IV.S1) in pond D8 had a genome coverage of 45X after pulse 1
and 103X after pulse 3, while the number of SNVs/Mbp were respectively 2943 and 3277
(Table IV.S2). We conclude that SNV changes cannot be attributed to variation in
sequencing coverage alone, but we are careful to consider this potential confounder in
the results that follow.

Of the 15 populations shown in Figures IV.S1 and IV.S2 (i.e. distinct MAGs in
different ponds), four exhibited SNV variation proportional to MAG coverage and we thus
did not explore how they changed in intraspecific diversity through time (Table IV.S2). For
each of the remaining 11 populations, we plotted changes in two measures of genetic
diversity over time and GBH pulses: the median minor allele frequency (MAF) and the
density of SNVs in the genome. These measures revealed distinct evolutionary dynamics
in each of the different populations (Figure 1V.2). As a measure of natural selection acting
at the protein level, we classified each SNV as synonymous (S), non-synonymous (N), or
intergenic. Most populations had relatively stable and low N:S ratios over time and GBH
pulses (Figure IV.S3). In four populations, however, the N:S ratio was higher and more
variable across pulses (Figure IV.S3A), and these are also the populations with the lowest
densities of SNVs (average 40 SNVs/Mbp, min 6 max 101). Such low rates of genetic
diversity and high N:S ratios suggest a relatively small effective population size and/or
recent population bottleneck (Rocha et al., 2006).

Intra-specific diversity increases, decreases, or remains stable after GBH pulses
in different populations

Populations varied in terms of their evolutionary responses (i.e. SNV dynamics) to
GBH pulses. Four populations (Figure 1V.S4) could not be compared from one pulse to
another because their MAG coverage was proportional to the SNV density, preventing an
accurate interpretation of the results. Of the remaining populations, six maintained a
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roughly stable median MAF (Figure IV.A-F; Figure 1V.3), while three showed a decrease
(Figure IV.G-I; Figure VI.4A-C) and two showed an increase (Figure IV.J-K; Figure VI1.4D-
E) in median MAF after one or more pulses.

Of the six populations with relatively stable diversity, four were the populations with
the lowest SNVs/Mbp and lowest MAF (Figure IV.2A-D), as well as the highest N:S ratios
(Figure IV.S3A). These four MAGs are all classified as encoding the putatively
glyphosate-resistant EPSPS gene (Table IV.S1). Three of them had a high proportion of
fixed alleles (Figure IV.3A-C), consistent with a recent population bottleneck before pulse
1.

The two other populations with steady diversity correspond to the same MAG, the
alphaproteobacterium UBA2784 with the resistant EPSPS gene (Table 1V.S1), found in
the high nutrient pond D8 (Figure IV.3E) and in the low nutrient pond C8 (Figure IV.3F).
In both ponds, UBA2784 maintained a relatively high and consistent diversity in terms of
SNVs/Mbp and median MAF (Figure IV.E-F) with relatively few fixed SNVs dominated by
a single allele (Figure IV.3E-F).
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Figure IV.2 Variable evolutionary dynamics across bacterial populations. Six
populations (A-F) showed relatively stable median minor allele frequencies (MAFs)
across the three pulses, three populations decreased in median MAF (G-I), and two
increased (J-K). *"MAG with PRC score close to zero; all others have high positive scores,
indicating an increase in relative abundance in the presence of GBH. 2Resistant EPSPS
gene found in the genome, *Sensitive EPSPS gene found in the genome, °Unclassified
EPSPS gene.
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Three populations decreased in diversity after pulse 2 or 3 (Figure IV.2G-I). They
began with high median MAFs (>0.25) in pulse 1 but over time the frequency of the major
allele increased, approaching fixation and pushing the median MAF below 0.25. Two of
these MAGs had high PRC scores (>0.07), meaning that they were favoured by the GBH
treatment, while the third, Planktophila (D4_MAG_00049, with the sensitive EPSPS gene,
Table IV.S1) had a PRC score close to zero, meaning it was less responsive to the GBH
treatment. The decline in Planktophila genetic diversity was relatively subtle (Figure 1V.2I)
and the fraction of fixed SNVs remained relatively low across pulses (Figure IV.4C).
These observations are inconsistent with a genome-wide sweep in this population which
persisted, but did not particularly thrive in the presence of GBH stress.

The two populations with more marked decreases in diversity and high PRC scores
were a Nevskia 1 (C8_MAG_00031, with the resistant EPSPS gene, Table IV.S1) found
in pond C8 and an Aquidulcibacter (C4_MAG_00010, with a sensitive EPSPS gene,
Table 1V.S1) found in pond D8. While Nevskia 1 had a high MAF only during pulse 1 and
a drop in SNV density during pulse 2 (Figure 1V.2G) — which cannot be explained by MAG
coverage (Table IV.S2) — Aquidulcibacter experienced a drastic reduction in SNV density
in pulse 3 (Figure IV.2H) in what could the beginning of a genome-wide sweep,
considering that many alleles were fixed (Figure IV.4B). In pulses 1 and 2, the
Aquidulcibacter had about 3000 SNVs/Mbp and after pulse 3 it dropped to 121 SNVs/Mbp
(Table IV.S2). Although there was also a reduction in MAG coverage from 45X and 103X
in pulses 1 and 2 to 6X in pulse 3, we see a trend towards allele fixation in pulse 3 at
genomic positions previously identified with variability (Figure IV.4B). The relatively low
coverage of 6X in pulse 3 would have the tendency to push estimated allele frequencies
closer to the extremes (0 or 1) by chance. However, the observation that most of the
SNVs in Aquidulcibacer in pulse 3 were close to a reference allele frequency of 1 (visible
as the block of yellow in the heatmap; Figure IV.4B), with a near-absence of zero
frequencies, is consistent with a selective sweep or bottleneck rather than a sampling
artifact.
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Two populations increased intraspecific diversity after pulse 3: an Allorhizobium
and a Niveispirillum found in pond C8. Their median MAF increased from 0-0.07 or 0.09
in the first two pulses to 0.33 or 0.25 in pulse 3 (Figure 1V.2J-K). The density of SNVs
increased in both populations, mainly in Niveispirillum (Figure 1V.2K), and cannot be
explained by variation in MAG coverage (Table IV.S2). Both MAGs have the putatively
resistant EPSPS gene (Table IV.S1) and had many genomic positions with fixed alleles
in pulses 1 and 2, giving way to fewer fixed alleles and more diversity in pulse 3 (Figure
IV.4D-E).

Discussion

We used an experimental freshwater system to assess how bacterial community
responses to a common anthropogenic stressor are accompanied by evolutionary
changes in SNV diversity within bacterial populations. We show that species responding
to a GBH treatment similarly within the community vary in their response at the population
level as they exhibit divergent trends in allele frequency dynamics. Differential
evolutionary responses regarding changes in intraspecific diversity may be explained by
recent evolutionary history (Shapiro, 2016), by the evolution of glyphosate resistance
(Rainio et al., 2021) or by unmeasured selective pressures within the community such as
phage predation (Cordero & Polz, 2014; Rodriguez-Valera et al., 2009).

The pioneering study of Bendall (2016) that detected a genome-wide sweep in
nature over a 9-year time-course was re-analyzed by Shapiro (2016), who classified the
30 bacterial genomes into "old and diverse" populations or "young and low-diversity"
populations. Shapiro (2016) concluded that old and diverse populations tended to
maintain stable genetic diversity over the years while most of the young and low-diversity
populations with a history of genome-wide sweeps would be more prone to experience
further sweeps — which is more readily explained by small population sizes and drift than
by selective sweeps. In our experiment, we applied a known selective pressure (GBH
pulses), allowing us in principle to distinguish purges of genetic diversity due to drift from
those due to selective sweeps.

We identified four populations with stable, low intraspecific diversity, high N:S ratio,
and low SNV density, of which three had a putative glyphosate-resistant EPSPS gene,
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and the other was unclassified. With an average of 40 SNVs/Mbp and median MAF below
0.2, they are potentially clonal populations of glyphosate-resistant species, which could
explain the positive effect of the GBH treatment on the relative abundance of most of
them (denoted by the high PRC score). The high N:S ratio suggests that these are young
populations (Shapiro, 2016), possibly recently recovered from a population bottleneck or
genome-wide sweep, after which purifying selection has had limited time to purge
nonsynonymous mutations (which are more likely to be deleterious) from the population
(Kryazhimskiy & Plotkin, 2008; Rocha et al., 2006). It is possible that these populations
underwent a very rapid genome-wide selective sweep between the beginning of the
experiment and the beginning of pulse 1, i.e. they were resistant to glyphosate since pulse
1 but not before it, but unfortunately, the MAGs lacked sufficient coverage before pulse 1
to test this hypothesis.

The alphaproteobacterium UBA2784 was the only MAG with stable high diversity
and low N:S ratio, suggesting the maintenance of longstanding genetic diversity. It has a
glyphosate-resistant EPSPS gene and was found in ponds receiving high amounts of
GBH in different nutrient backgrounds. Although the median MAF was somewhat lower
in the high nutrient treatment, it still retained a relatively high SNV density (~1700
SNVs/Mbp). The populations from both low- and high-nutrient treatments were far from
being clonal, as the detected SNVs positions did not show alleles close to fixation. As
these populations come from the same species and lake source they could be originating
from a single old and diverse population that tends to retain genetic diversity through time,
as observed by Shapiro (2016) in populations with low N:S ratio and high SNV density.

Three populations of different MAGs (identified as Planktophila, Aquidulcibacter
and Nevskia) showed a decreasing MAF after a GBH pulse in the course of our
experiment. Planktophila, one of the most ubiquitous and abundant freshwater bacterial
genera (Mondav et al., 2020), was one of the few species not favoured by the GBH
treatment that also had enough coverage for SNV profiling. Although expected to be
abundant in the bacterioplankton, the MAG of Planktophila had the glyphosate-sensitive
EPSPS class which could explain why it was not positively affected by the GBH treatment,
and a declining population size could explain the reduction in intraspecific diversity after
the last GBH pulse.
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In contrast, Aquidulcibacter also had a sensitive EPSPS gene but nevertheless
responded positively to the GBH treatment. It had a drastic decrease in diversity at the
third GBH pulse that could be considered a genome-wide sweep since there was a large
reduction in SNVs/Mbp and many alleles were fixed in previously variable positions. It is
possible that the surviving clonal population had an alternative mechanism to resist
glyphosate contamination that was selected by the last pulse, such as a degradation
pathway (Hove-Jensen et al., 2014). Aquidulcibacter was also found in a control pond
that never received a GBH pulse, enabling future comparative genomic analyses to
determine the possible genetic targets of selection. Additionally, this experiment has been
reproduced with replicates and ongoing analyses will corroborate to test the hypothesis
that GBH drove the genome-wide sweep in the Aquidulcibacter population. Although
genome-wide or gene-specific sweeps do not rely on replication to be confirmed in nature
(Bendall et al., 2016), a replicated design with controls and treatments allows for testing
the hypothesis of the sweeps being caused by a selective pressure.

The third population with decreased MAF after a GBH pulse was a MAG classified
as the gammaproteobacterium Nevskia, whose genome has a glyphosate-resistant
EPSPS. It is among the most positively affected species by the experimental treatment
and the reduction in MAF after the second pulse was accompanied by an increase in the
fraction of fixed alleles, which could indicate an incomplete sweep that perhaps
extinguished sensitive variants. This reduction in intra-specific diversity was followed by
an apparent recovery in the third pulse when SNV density was higher and fewer alleles
were fixed. This MAG was also found in a pond that received only the last and highest
GBH dose. Future gene and SNV analyses will allow testing for convergent evolution
happening in populations of different environments where similar selective pressures
were applied.

Two other populations of MAGs with the resistant EPSPS (Allorhizobium and
Niveispirillum) increased in median MAF after pulse 3. This could be the result of a larger
population size after the last GBH pulse, negative frequency-dependent or diversifying
selection. "Kill-the-winner" dynamics has been invoked to explain the maintenance of high
diversity lineages within a species through phage-predation (Rodriguez-Valera et al.,

2009). An analysis of the diversity of CRISPR sequences in these populations would
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provide information on their acquired viral resistance (Sorek, Kunin, & Hugenholtz, 2008)
and clarify if this ecological interaction could explain why diversity increased in these
populations. These two MAGs were also found after the last pulse in a pond that only
received this highest GBH dose and future analyses comparing these populations would
also allow testing for convergent evolution.

Future avenues of this work include quantifying parallel evolution, i.e. the
independent emergence of similar genetic changes in different lineages (Tenaillon et al.,
2016), in addition to detecting gene-specific sweeps, which should be more frequent than
genome-wide sweeps in species with high recombination rates (Shapiro & Polz, 2014).
Most populations in our study show no clear evidence for genome-wide selective sweeps,
but gene-specific sweeps could have occurred.

Our study provides evidence that ecological changes occurring in a short 8-week
time scale are accompanied by distinct and diverse evolutionary dynamics. These
variable evolutionary responses are likely related to the fact that populations of resistant
species (i.e. those with the resistance EPSPS class or with cross-resistance genes, such
as ARGs) do not experience the same selective pressure as glyphosate-sensitive
populations. Additionally, variable evolutionary responses may reflect the standing
genetic diversity, different evolutionary histories, and ecological interactions of different
populations within the community. Our study provides evidence of a potential genome-
wide selective sweep in a semi-natural context confirming the stable ecotype evolutionary
model that has implications for understanding the process of bacterial differentiation.
Future analyses will confirm the causality of this sweep by comparing the population
dynamics in treatments and controls and further explore the relative importance of other
types of evolutionary processes in action, such as gene-specific sweep.
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Supplementary information

Supplementary figures
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Figure IV.S1 Distribution of MAGs across ponds and temporal GBH pulses. Of the 53
samples with enough genome coverage for SNV calling showed here, we selected the 45
(filled shapes) comprising MAG populations (i.e. the same MAG in the same pond) found
after pulses 1, 2 and 3 to compare SNV profiles over time. Only two out of the 12 MAGs
with enough coverage to profile SNVs had low PRC scores (<0.007). Samples not
included in this study (non-filled shapes) will be the subject of a future study on parallel
evolution of populations of the same MAG in different environments (i.e.
ponds/treatments). Note: because two different MAGs were identified as Nevskia (table
IV.S1), one is here being called Nevskia 1 (C8_MAG_00031) and other Nevskia 2
(D8_MAG_00048).
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Figure IV.S2 Genome coverage within samples increases the detection of SNVs,
although MAGs with high coverage do not necessarily have high SNVs/Mbp.
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Figure IV.S3 Proportion of SNVs according to mutation type after pulse 1, 2 and 3 in populations of MAGs with A) high N:S
and B) low N:S ratios (note: the four populations at the bottom are not analyzed in terms of SNV frequency variation through
time because it is correlated with MAG coverage). Total number of polymorphic SNVs (excluding fixed single-nucleotide
substitutions) is reported in the y-axis title.
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Figure 1V.S4 Reference frequency within SNV positions (top) and fraction of SNVs dominated by a single allele (bottom) in
populations that exhibited variation in MAG coverage proportional to total SNVs/Mbp and thus prevented assessment of
temporal changes after pulses 1, 2 or 3. Only positions with minimum coverage of 5X are shown.
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Supplementary tables

Table IV.S1 List of 31 MAGs with PRC score higher than 0.07 or between -0.007 and 0.007, their NCBI accession number,
their taxonomic annotation and EPSPS putative classification (according to https://ppuigbo.me/programs/EPSPSClass/).

EPSPS Total ARGs
putative PRC SNV profile | in MAG (RGI
MAG id Taxonomy (checkM) Classification (GTDB-Tk) classification | score accessed strict hits)
d__Bacteria;p__ Proteobacteria;c__ Al
phaproteobacteria;o__Caulobacteral
k__Bacteria;p__Proteobacteria | es;f Hyphomonadaceae;g Aquidul High
C4 MAG 00010 ;c__Alphaproteobacteria cibacter;s sensitive (0.0703) | yes 0
k__Bacteria;p__Proteobacteria | d__Bacteria;p__Proteobacteria;c__ Al
;c__Alphaproteobacteria;o R | phaproteobacteria;o__Rhizobiales;f High
C4 MAG_00090 hizobiales;f Rhizobiaceae Rhizobiaceae;g Allorhizobium;s resistant (0.0998) | yes 1
k__Bacteria;p__ Proteobacteria
;c__Gammaproteobacteria;o | d__ Bacteria;p__ Proteobacteria;c_ G
Xanthomonadales;f _Sinobact | ammaproteobacteria;o  Nevskiales;f High
C8 MAG 00031 eraceae __Nevskiaceae;g_ Nevskia;s resistant (0.1381) | yes 1
k__Bacteria;p__Proteobacteria | d__Bacteria;p__ Proteobacteria;c_ G
;c__Betaproteobacteria;o Bur | ammaproteobacteria;o _ Burkholderi
kholderiales;f __Oxalobacterac | ales;f Burkholderiaceae;g_ SYFNO High
C8 MAG 00032 eae 1;s unclassified (0.1804) | yes 2
k__Bacteria;p__Proteobacteria | d__Bacteria;p__ Proteobacteria;c__ Al
;c__Alphaproteobacteria;o R | phaproteobacteria;o__Azospirillales;f
hodospirillales;f Rhodospirilla | _ Azospirillaceae;g__Niveispirillum;s High
C8 MAG 00048 ceae;g Azospirillum resistant (0.0867) | yes 2
d__Bacteria;p__ Proteobacteria;c__ Al
k__Bacteria;p__Proteobacteria | phaproteobacteria;o__Micropepsales
;c__Alphaproteobacteria;o R | ;f _Micropepsaceae;g_ UBA2784;s High
C8 MAG_00052 hizobiales _ resistant (0.1029) | yes 0
k__Bacteria;p__Verrucomicrob | d__ Bacteria;p__Verrucomicrobiota;c
ia;c__Verrucomicrobiae;o Ve | _ Verrucomicrobiae;o__Verrucomicr
rrucomicrobiales;f _Verrucomi | obiales;f _Verrucomicrobiaceae;g_ Low
D1_MAG 00019 crobiaceae Prosthecobacter;s resistant (0.0003) | yes 1
k__Bacteria;p__Actinobacteria; | d__Bacteria;p__Actinobacteriota;c__
c__Actinobacteria;o__Actinom | Actinomycetia;o__Nanopelagicales;f
ycetales;f _Streptomycetacea | _Nanopelagicaceae;g__Planktophila; Low
D4 MAG 00049 e s sensitive (0.0001) | yes 0
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https://ppuigbo.me/programs/EPSPSClass/

k__Bacteria;p__Proteobacteria
;c__Gammaproteobacteria;o

d__ Bacteria;p__Proteobacteria;c_ G

Xanthomonadales;f _Sinobact | ammaproteobacteria;o  Nevskiales;f High
D8 MAG 00048 eraceae Nevskiaceae;g Nevskia;s resistant (0.1235) | yes
k__Bacteria;p__ Proteobacteria
;c__Alphaproteobacteria;o S | d__ Bacteria;p__ Proteobacteria;c__ Al
phingomonadales;f __Sphingo | phaproteobacteria;o_Sphingomona
monadaceae;g__Novosphingo | dales;f Sphingomonadaceae;g_ N High
D8 MAG 00058 bium ovosphingobium;s resistant (0.3300) | yes
k__Bacteria;p__Proteobacteria | d__Bacteria;p__Proteobacteria;c__ Al
;c__Alphaproteobacteria;o_ R | phaproteobacteria;o__ Acetobacterale
hodospirillales;f __Acetobacter | s;f _Acetobacteraceae;g_Roseococ High
E1_MAG_00066 aceae Cus;s resistant (0.0722) | yes
d__ Bacteria;p__Proteobacteria;c_ G
k__Bacteria;p__ Proteobacteria | ammaproteobacteria;o _ Burkholderi
;c__Betaproteobacteria;o__ Bur | ales;f _Burkholderiaceae;g__Undiba
kholderiales;f __Oxalobacterac | cterium;s__Undibacterium High | not for this
C8 MAG_00007 eae sp014284235 sensitive (0.0727) | study
k__Bacteria;p__Proteobacteria | d__Bacteria;p__Proteobacteria;c_ G
;c__Betaproteobacteria;o__ Bur | ammaproteobacteria;o__ Burkholderi
kholderiales;f Comamonadac | ales;f Burkholderiaceae;g_Polaro Low (- | not enough
C1_MAG_00064 eae monas;s unclassified 0.0004) | coverage
k__Bacteria;p__ Actinobacteria; | d__Bacteria;p__ Actinobacteriota;c___
c__Actinobacteria;o__Actinom | Actinomycetia;o Nanopelagicales;f Low (- | not enough
C4 MAG 00016 ycetales UBA5976;g UBA5976;s unclassified 0.0004) | coverage
d__ Bacteria;p__Bdellovibrionota_C;c
__UBA2361;0__UBA2361;f UBA23 Low | not enough
C4 MAG_00039 k__Bacteria;p _ Proteobacteria | 61;g OMIIO1;s sensitive (0.0007) | coverage
k__Bacteria;p__Proteobacteria | d__Bacteria;p__ Proteobacteria;c_ G
;c__Betaproteobacteria;o_ Bur | ammaproteobacteria;o _ Burkholderi
kholderiales;f __Oxalobacterac | ales;f _Burkholderiaceae;g_ SYFNO Low | not enough
C4 MAG_00042 eae 155 sensitive (0.0005) | coverage
d__ Bacteria;p__Proteobacteria;c_ G
k__Bacteria;p__ Proteobacteria | ammaproteobacteria;o _Burkholderi
;c__Betaproteobacteria;o_ Bur | ales;f Burkholderiaceae;g__Rubrivi Low | not enough
C4 MAG 00063 kholderiales;f Rubrivivax vax;s sensitive (0.0005) | coverage
k__Bacteria;p__Proteobacteria | d__ Bacteria;p__Proteobacteria;c_ G
;c__Betaproteobacteria;o__Bur | ammaproteobacteria;o__ Burkholderi
kholderiales;f Comamonadac | ales;f Burkholderiaceae;g Ramlib High | not enough
C8 MAG 00011 eae acter;s sensitive (0.1062) | coverage
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k__Bacteria;p__Bacteroidetes;

d__ Bacteria;p__Bacteroidota;c__ Bac

c__Flavobacteriia;o __ Flavobac | teroidia;o__ Flavobacteriales;f _Schle Low | not enough
C8 MAG_00015 teriales iferiaceae;g  TMED14;s sensitive (0.0007) | coverage
k__Bacteria;p__Proteobacteria | d__ Bacteria;p__Proteobacteria;c__ Al
;c__Alphaproteobacteria;o R | phaproteobacteria;o__Rhizobiales;f High | not enough
C8 MAG 00039 hizobiales Beijerinckiaceae;g_ ;s unclassified (0.0712) | coverage
k__Bacteria;p__Proteobacteria | d__Bacteria;p__Proteobacteria;c__ Al
;c__Alphaproteobacteria;o R | phaproteobacteria;o__Rhizobiales;f High | not enough
C8 MAG 00042 hizobiales Beijerinckiaceae;g_ ;s resistant (0.0708) | coverage
d__ Bacteria;p__Proteobacteria;c_ G
k__Bacteria;p__ Proteobacteria | ammaproteobacteria;o__ Burkholderi
;c__Betaproteobacteria;o_ Bur | ales;f Burkholderiaceae;g__ Rubrivi Low (- | not enough
D1 _MAG 00052 kholderiales;f Rubrivivax vax;s_ resistant 0.00002) | coverage
k__Bacteria;p__Proteobacteria | d__Bacteria;p__Proteobacteria;c_ G
;c__Betaproteobacteria;o Bur | ammaproteobacteria;o _ Burkholderi
kholderiales;f __Comamonadac | ales;f _Burkholderiaceae;g__Rhodof Low (- | not enough
D1_MAG 00060 eae erax;s___ unclassified 0.0004) | coverage
k__Bacteria;p__Verrucomicrob | d__ Bacteria;p__Verrucomicrobiota;c
ia;c__Opitutae;o__ Opitutales;f | _ Verrucomicrobiae;o__ Opitutales;f Low | not enough
D4 MAG 00034 __Opitutaceae _Opitutaceae;g UBA6669;s unclassified (0.0007) | coverage
d__ Bacteria;p__Proteobacteria;c_ G
k__Bacteria;p__ Proteobacteria | ammaproteobacteria;o__ Burkholderi
;c__Betaproteobacteria;o_ Bur | ales;f Burkholderiaceae;g__Limnoh
kholderiales;f Comamonadac | abitans_A;s__Limnohabitans_A Low (- | not enough
D4 MAG 00063 eae sp003063375 sensitive 0.0007) | coverage
k__Bacteria;p__Proteobacteria | d__ Bacteria;p__Proteobacteria;c_ G
;c__Betaproteobacteria;o__Bur | ammaproteobacteria;o__ Burkholderi
kholderiales;f _Comamonadac | ales;f _Burkholderiaceae;g__ CAINM Low | not enough
D4 MAG 00077 eae NO1;s unclassified (0.0003) | coverage
k__Bacteria;p__Proteobacteria | d__ Bacteria;p__ Proteobacteria;c__ Al
;c__Alphaproteobacteria;o__ R | phaproteobacteria;o__Rhizobiales;f Low (- | not enough
D4 MAG 00078 hizobiales _Beijerinckiaceae;g ;s resistant 0.0002) | coverage
k__Bacteria;p__Verrucomicrob | d__ Bacteria;p__Verrucomicrobiota;c
ia;c__Verrucomicrobiae;o Ve | _ Verrucomicrobiae;o__Verrucomicr
rrucomicrobiales;f _Verrucomi | obiales;f _Verrucomicrobiaceae;g_ High | not enough
D8 MAG 00016 crobiaceae Prosthecobacter;s resistant (0.1134) | coverage
k__Bacteria;p__Proteobacteria | d__Bacteria;p__Proteobacteria;c__ Al
;c__Alphaproteobacteria;o_ R | phaproteobacteria;o__ Rhodobacteral
hodobacterales;f Rhodobact | es;f Rhodobacteraceae;g Tabrizic High | not enough
D8 MAG 00074 eraceae;g Rhodobacter ola;s resistant (0.1122) | coverage
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k__Bacteria;p__Proteobacteria
;c__Alphaproteobacteria;o S

d__ Bacteria;p__ Proteobacteria;c__ Al
phaproteobacteria;o__Sphingomona

phingomonadales;f__Erythrob | dales;f _Sphingomonadaceae;g__ Er High | not enough
D8 MAG 00085 acteraceae ythrobacter;s resistant (0.1390) | coverage
d__Bacteria;p__Bacteroidota;c__Bac
teroidia;o_ NS11-12g;f  UKL13- Low | not enough
E1 MAG 00024 k Bacteria;p Bacteroidetes | 3;g B1;s unclassified (0.0001) | coverage
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Table IV.S2 SNV and MAG coverage summary of samples selected for SNV profiling

Median Median
MAG Total SNVs | SNV frequency Results summary of
MAG breadth of | (excluding | position | of minor Position in | intraspecific
Sample MAG label coverage | coverage SNS) coverage | allele SNVs/Mbp | Figure IV.2 | diversity variation
Prosthecobacter in
pond C8in pulse 1 | D1_MAG_00019 5 89% 461 7 0.10 91 | A Steady diversity
Prosthecobacter in
pond C8in pulse 2 | D1_MAG_00019 21 89% 113 23 0.00 22 | A Steady diversity
Prosthecobacter in
pond C8in pulse 3 | D1_MAG_00019 7 86% 58 11 0.00 11| A Steady diversity
SYFNO1 in pond
D8 in pulse 1 C8 MAG_00032 27 85% 78 28 0.00 20 | B Steady diversity
SYFNO1 in pond
D8 in pulse 2 C8 MAG_00032 65 86% 25 19 0.00 6|B Steady diversity
SYFNO1 in pond
D8 in pulse 3 C8 MAG_00032 36 86% 111 33 0.00 28 | B Steady diversity
Roseococcus in
pond D8 in pulse 1 | E1_MAG_00066 7 95% 106 9 0.15 23 | C Steady diversity
Roseococcus in
pond D8 in pulse 2 | E1 MAG 00066 8 95% 86 10 0.00 19| C Steady diversity
Roseococcus in
pond D8 in pulse 3 | E1 MAG 00066 32 95% 262 36 0.05 57 | C Steady diversity
Novosphingobium
in pond D8 in pulse
1 D8 MAG 00058 10 100% 190 11 0.18 44 | D Steady diversity
Novosphingobium
in pond D8 in pulse
2 D8 _MAG_00058 52 100% 220 53 0.06 51| D Steady diversity
Novosphingobium
in pond D8 in pulse
3 D8 _MAG_00058 15 100% 434 17 0.12 101 | D Steady diversity
UBA2784 in pond
D8 in pulse 1 C8 MAG_00052 8 93% 3676 11 0.22 1031 | E Steady diversity
UBA2784 in pond
D8 in pulse 2 C8 MAG_00052 8 91% 3364 10 0.25 943 | E Steady diversity
UBA2784 in pond
D8 in pulse 3 C8 MAG_00052 24 96% 11717 24 0.17 3285 | E Steady diversity
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UBA2784 in pond

C8in pulse 1 C8 MAG 00052 2 78% 323 6 0.33 91 | F Steady diversity
UBA2784 in pond

C8in pulse 2 C8 MAG_00052 2 78% 272 6 0.40 76 | F Steady diversity
UBA2784 in pond

C8in pulse 3 C8 MAG_00052 2 77% 645 6 0.33 181 | F Steady diversity
Nevskia 1 in pond Reduced diversity
C8in pulse 1 C8 MAG_00031 7 97% 6508 9 0.33 1386 | G in one timepoint
Nevskia 1 in pond Reduced diversity
C8in pulse 2 C8 MAG_00031 13 92% 1478 16 0.13 315 | G in one timepoint
Nevskia 1 in pond Reduced diversity
C8in pulse 3 C8 MAG_00031 68 100% 7768 78 0.08 1654 | G in one timepoint
Aquidulcibacter in Reduced diversity
pond D8 in pulse 1 | C4 MAG_00010 45 100% 9754 35 0.32 2943 | H in one timepoint
Aquidulcibacter in Reduced diversity
pond D8 in pulse 2 | C4 MAG 00010 103 100% 10864 82 0.26 3277 | H in one timepoint
Aquidulcibacter in Reduced diversity
pond D8 in pulse 3 | C4 MAG 00010 6 99% 400 8 0.22 121 | H in one timepoint
Planktophila in Reduced diversity
pond D4 in pulse 1 | D4 MAG 00049 10 100% 305 10 0.33 247 | | in one timepoint
Planktophila in Reduced diversity
pond D4 in pulse 2 | D4 _MAG_00049 13 100% 305 11 0.29 247 | | in one timepoint
Planktophila in Reduced diversity
pond D4 in pulse 3 | D4 _MAG_00049 18 100% 347 16 0.20 281 | | in one timepoint
Allorhizobium in Increased diversity
pond C8in pulse 1 | C4 MAG_00090 15 91% 921 17 0.07 213 | J in one timepoint
Allorhizobium in Increased diversity
pond C8 in pulse 2 | C4 MAG_00090 9 90% 473 12 0.00 109 | J in one timepoint
Allorhizobium in Increased diversity
pond C8in pulse 3 | C4 MAG_00090 4 84% 1505 6 0.33 348 | J in one timepoint
Niveispirillum in Increased diversity
pond C8in pulse 1 | C8 MAG_00048 11 98% 401 12 0.00 77 | K in one timepoint
Niveispirillum in Increased diversity
pond C8in pulse 2 | C8 MAG_00048 23 98% 2444 22 0.09 470 | K in one timepoint
Niveispirillum in Increased diversity
pond C8in pulse 3 | C8 MAG_00048 17 100% 16237 15 0.25 3126 | K in one timepoint
Allorhizobium in Variation in MAG
pond D8 in pulse 1 | C4_ MAG_00090 97 92% 12959 77 0.08 2999 | NA coverage
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Allorhizobium in

Variation in MAG

pond D8 in pulse 2 | C4 MAG_00090 3 7% 1212 6 0.38 280 | NA coverage
Allorhizobium in Variation in MAG
pond D8 in pulse 3 | C4 MAG_00090 4 85% 721 7 0.30 167 | NA coverage
Nevskia 1 in pond Variation in MAG
D8 in pulse 1 C8 MAG_00031 2 56% 1738 7 0.29 370 | NA coverage
Nevskia 1 in pond Variation in MAG
D8 in pulse 2 C8 MAG_00031 1 47% 684 6 0.33 146 | NA coverage
Nevskia 1 in pond Variation in MAG
D8 in pulse 3 C8 MAG_00031 25 83% 10186 22 0.19 2169 | NA coverage
Nevskia 2 in pond Variation in MAG
C8in pulse 1 D8 _MAG_00048 5 75% 3544 9 0.25 762 | NA coverage
Nevskia 2 in pond Variation in MAG
C8in pulse 2 D8 _MAG_00048 3 62% 1307 8 0.17 281 | NA coverage
Nevskia 2 in pond Variation in MAG
C8in pulse 3 D8 _MAG_00048 21 82% 8427 19 0.18 1813 | NA coverage
Nevskia 2 in pond Variation in MAG
D8 in pulse 1 D8 MAG 00048 7 85% 2631 10 0.22 566 | NA coverage
Nevskia 2 in pond Variation in MAG
D8 in pulse 2 D8 MAG 00048 4 82% 1416 7 0.33 305 | NA coverage
Nevskia 2 in pond Variation in MAG
D8 in pulse 3 D8 MAG 00048 76 99% 9027 93 0.07 1942 | NA coverage
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CHAPTER V : CONCLUSIONS AND FUTURE PERSPECTIVES

As highlighted in chapter I, although pollution is a major driver of biodiversity loss
whose projected environmental impacts make it a critical policy target, this issue has
received low research attention relative to its importance when compared to other global
biodiversity threats, such as climate change (Mazor et al., 2018). The studies presented
in this thesis contribute to revealing the complexity of bacterial responses to agrochemical
contamination while integrating ecology and evolution with ecotoxicology, claimed to be
important in the assessment and prediction of contaminants' impacts on populations,
communities and ecosystems (Gessner & Tlili, 2016; M. Oziolor, De Schamphelaere, &
Matson, 2016).

Chapters Il and Il contributed to exploring community responses while focusing
on species composition, functions and genes, while chapter IV contributed to exploring
populational responses to the most widely used herbicide on the planet. Consequences
of community changes to ecosystem functions were explored in chapter Il through the
investigation of usage of carbon sources by the microbial community. Moreover,
upcoming avenues of this work will provide an overview of gene fluctuations and
mutations through time that may indicate a potential alteration in ecosystem functions
provided by bacterial species. Although the investigation of genes predicted from
metagenomic data does not correspond to actually expressed functions it may indicate
potential changes in ecosystem functions.

By focusing on the response of communities originally from a natural environment,
the results of chapter Il bring an additional perspective to traditional ecotoxicology studies
that focus on single species, as community properties may affect how they react to a
disturbance (Shade et al., 2012). Furthermore, chapter |l showed how the observation of
community resilience may vary whether the composition is described in terms of ASVs or
any other broader-scale phylogenetic grouping. By showing that the originally existing
ASVs never returned to be part of the community, but were replaced by close relatives,
this study demonstrates how results may be variable according to the taxonomic scale of
bacterial biodiversity studies. Research on microbial diversity has been revolutionized by
the use of next-generation sequencing technologies (D. P. Smith & Peay, 2014) and,

more recently, an alternative method for detecting diversity units based on ASVs has
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been suggested to replace operational taxonomic units (OTUs) to perform reproducible
analyses at the finest possible taxonomic level (Benjamin J Callahan et al., 2017). A clear
limitation of the de novo OTUs prediction method is its absence of reproducibility: as it is
based on a sequence similarity threshold (usually 97%) of a cluster of reads, OTUs
inferred from different datasets cannot be compared, which differs from ASVs whose
prediction is also independent of reference databases and that are comparable across
studies (Benjamin J Callahan et al., 2017). Nevertheless, the biological relevance of ASVs
fine-resolution has also been debated, as the method may increase the risk of splitting a
single bacterial genome into separate clusters (Schloss, 2021). As ASV inference
methods become prevalent but there is not yet a consensus regarding their biological
significance, the approach used in chapter 2 (i.e. reanalyzing ASV data after clustering
sequences according to phylogenetic distances) provides a workaround to assess the
differences between more and less refined taxonomy levels.

While chapter Il provided an overview of community responses to a neonicotinoid
insecticide and a GBH, using a combination of methods such as flow cytometry,
community-level physiological profiling and 16S rRNA sequencing, the next two chapters
focused on the GBH treatments, which produced significant ecological changes in the
bacterioplankton, through metagenomic sequencing to explore changes in the
composition of genes within communities (chapter Ill) and allele fluctuations within
populations (chapter 1V). The metagenomic approach characterizes environmental
samples beyond the composition and diversity of species, as it allows the prediction of
genes as well as the reconstruction of genomes and inference of intraspecific diversity,
being thus useful for genetic and evolutionary studies.

The use of metagenomic sequencing allowed the non-targeted prediction of genes
and the estimation of ARGs frequency in the experimental communities in chapter Ill. The
study provided the first evidence of the cross-selection of ARGs by a GBH in an aquatic
environment and highlighted that efflux pumps explained bacterial abundance in the
presence of high concentrations of the herbicide better than the resistance mutation in
the glyphosate-target enzyme. To verify the risk of ARGs selection in an environmental
context, future studies could perform a comparative analysis of natural aquatic systems

with different degrees of contamination, where concentrations of residual glyphosate tend
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to be lower and more variable. An example from soil microbiome research is a field study
done across 21 agricultural lands in China with a different history of glyphosate exposure,
and the authors confirmed the correlation between the relative abundance of ARGs,
quantified through gPCR, and the concentration of glyphosate residues in soil (Liao et al.,
2021).

In chapter IV, a few genomes assembled from metagenomes (i.e. MAGs) with
similar ecological responses to GBH contamination through time were studied regarding
their evolutionary dynamics. Differently than expected, allele variation analyses showed
that intraspecific diversity varied idiosyncratically among these MAGs, showing that
ecological changes within short timescales are not always accompanied by directional
evolutionary changes. Furthermore, this chapter provided one example of a genome-wide
selective sweep, supporting the evolutionary theory proposed in the ecotype model,
according to which bacterial differentiation arises from occasional diversity purge as a
consequence of selective pressure (Cohan, 2001; Cohan & Perry, 2007). Other studies
have already provided support for the ecotype model, such as a 9-year metagenomic
research in a freshwater lake that observed a genome-wide sweep in 1 out of 30
reconstructed genomes (Bendall et al., 2016) and the comparative study of 90k genomes
that revealed a discontinuous genetic diversity among them (Jain et al., 2018). Differently
from these two studies, chapter IV contributed as an experimental study where a selective
pressure is known and thus, decreasing the probability that the sweep happened due to
drift or random demographic changes.

This thesis evidences how ecology, genetics and evolution explain interconnected
processes driving microbial responses against environmental changes. Chapters II, llI
and IV provide novel contributions to the scientific community on how freshwater bacterial
communities respond to short-term agrochemical contamination while using a large-scale
experimental approach and high-throughput sequencing.

As a continuation of this thesis, we performed a reproduction of the experiment in
the LEAP platform in 2020 and 2021 to verify if our core findings are replicable. These
experiments will complement chapter IIl by exploring how GBH drives phenotypic and
genotypic changes regarding antimicrobial resistance in bacterial strains and chapter IV

by investigating evolutionary responses of glyphosate sensitive species in a replicated

188



system. In combination, the studies here presented and ongoing investigations derived
from them are contributing to the advancement of ecotoxicological studies as they

highlight the complexity of microbial responses against a contaminant.
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