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Section | : Introduction

1 Emergence et conséquences de la résistance aux antibiotiques

1.1 Définition fonctionnelle : les antibiotiques et les résistances

1.1.1 Que ciblent les antibiotiques?

Un antibiotique est un composé qui tue les bactéries ou bloque leur croissance. La plupart de ces
molécules sont naturelles et synthétisées par une diversité d’organismes (plantes, champignons, proca-
ryotes), mais il existe aujourd’hui sur le marché un grand nombre de molécules de synthéses. Le principe
d’action de ces molécules consiste a bloquer une ou plusieurs étapes du cycle cellulaire de la bactérie,
essentielle a sa survie et/ou sa multiplication. Il existe une grande variété de mécanisme d’action pour

les antibiotiques (figure 1).

a Inhibition de la synthése de la paroi bactérienne

Les bactéries Gram-positives sont protégées des stress environnementaux par une membrane plas-
mique, mais aussi grace a une paroi de peptidoglycanes. Cette derniére doit croitre quand la bactérie
se divise, et nécessite donc une machinerie de synthése des composants et un systeme de transport
vers la surface cellulaire. Certains antibiotiques, dont les représentants principaux sont les B-lactamines
(pénicilline, amoxicilline, etc.), bloquent la production et/ou I'acheminement de ces composants. Une
membrane ainsi incapable de se renouveler se fragilise, ce qui ameéne in fine a la lyse cellulaire.

b Action sur la membrane plasmique

Lexistence d’'une membrane plasmique intacte est nécessaire a la survie bactérienne. Son réle est
double. D’une part, elle permet de séquestrer métabolites et ions nécessaires a I'intérieur du cyto-
plasme. D’autre part, elle permet de maintenir un gradient de protons entre l'intérieur et I'extérieur de
la cellule, généré par la chaine respiratoire et le cycle de Krebs, et qui permet le stockage de I'énergie
cellulaire. Un certain nombre de molécules antibiotiques agissent sur la membrane des cellules, soit
en agissant comme des détergents qui désorganisent les lipides (par exemple la polymyxine), soit en
formant un pore dans la membrane qui va permettre la fuite des composés cellulaires (par exemple la

gramicidine).

¢ Inhibition de la synthése des acides nucléiques

La synthese des acides nucléiques (ADN et ARN) est absolument vitale pour les cellules. Sans elle, la
division cellulaire et la fabrication des protéines est impossible. C’est pourquoi un certain nombre d’anti-

biotiques peuvent bloquer de maniére directe ou indirecte les voies de synthése des acides nucléiques.
1



Les quinolones peuvent, par exemple, bloquer I'action des gyrases, et ainsi provoquer une perte du sur-
enroulement de 'ADN essentielle a la réplication de ce dernier. D’autres, tels que la mitomycine, peuvent
bloquer la réplication en créant des pontages entre bases voisines, créant une déformation de I’ADN qui
ne peut plus s’ouvrir pour se répliquer. Enfin, il existe des inhibiteurs spécifiques de 'ARN polymérase
bactérienne qui bloquent la transcription des genes et la synthése des ARN messagers. Parmi ces anti-
biotiques, on trouve en particulier la rifampicine qui est aujourd’hui utilisée en association avec d’autres

antibiotiques pour le traitement de la tuberculose.

d Inhibition de la synthése protéique

Le processus de synthese protéique est essentiel au bon fonctionnement cellulaire. Ce dernier
consiste en la traduction de 'ARN messager en protéine par le ribosome. Le processus de traduction
étant sensiblement différent entre procaryotes et eucaryotes, environ la moitié des antibiotiques thé-
rapeutiques utilisent ces différences pour ne cibler que les cellules bactériennes. Les modes d’actions
peuvent cependant varier. De nombreuses classes d’antibiotiques ciblent ce processus cellulaire (phéni-
colés, puromycine, acide fusidique), mais les classes les plus importantes (aminoglycosides, macrolides,
cyclines) interagissent avec I’ARN ribosomique : par exemple, les aminoglycosides se fixent sur la petite
sous-unité des ribosomes au niveau du site du décodage des codons, empéchant ainsi la traduction de

'ARNm et conduisant a des erreurs de lecture.

e Inhibition du métabolisme des folates

Les folates ou vitamine B9 interviennent dans la régulation de voies particulierement importantes
a la production de métabolites essentiels pour la cellule comme les lipides, les acides aminés, ou les
nucléotides. En effet, ses dérivés (dihydrofolate et tétrahydrofolates) interviennent dans le transfert de
groupements (en particulier dans le processus de méthylation), impactant in fine la formation de bases
azotées (comme la thymine) ou la formation de certains acides aminés (méthionine, glycine, sérine).
Différentes étapes de la voie de biosynthése des folates peuvent étre ciblées, mais par exemple, les

sulfamidés peuvent constituer des inhibiteurs compétitifs dans la synthese des folates.

1.1.2 Comment les bactéries y échappent-elles?

Face a la pression que représentent les antibiotiques, une grande variété de mécanismes de résis-
tance aux antibiotiques existent. On oppose deux grands types de résistance : (i) la résistance intrinseque
et (ii) la résistance acquise. Dans le premier cas, la résistance est une exaptation : un processus d’adap-
tation d’un protéine existante, selon lequel une ou plusieurs fonctions s’ajoutent a sa fonction d’origine,
ou la remplacent. Par exemple, la membrane externe présente chez les bactéries Gram-négatives leur
confere également une résistance a de nombreux antibiotiques. Au contraire, les résistances acquises
constituent une adaptation : une modification héréditaire permettant une meilleure adéquation de l'or-
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FIGURE 1 — Cibles des antibiotiques.

ganisme a son environnement et évoluée par un processus de sélection naturelle. Par exemple, cer-
taines mutations de I’ARN ribosomique 30S chez Mycobacterium tuberculosis empéchent la fixation de
la streptomycine (DOUGLASS et STEYN 1993).

Pour autant, les résistances antibiotiques empéchent I'antibiotique d’entraver les processus physio-
logiques bactériens (BLAIR et al. 2015, figure 2) : soit en développant des voies enzymatiques alternatives
(voir 'exemple des résistances aux pénicillines, (Lim et STRYNADKA 2002), soit en empéchant le contact
entre I'antibiotique et sa cible. Dans ce dernier cas, la cible peut étre exprimée en exces par rapport
a 'antibiotique, ou simplement étre modifiée par mutation (DOUGLASS et STEYN 1993) ou de maniére
secondaire par une enzyme (par exemple via une méthylation de I’ARNr 23s, voir LONG et al. 2006). De
plus, il est également possible de diminuer la perméabilité membranaire pour prévenir I'entrée de I'an-
tibiotique (par exemple, via une régulation a la baisse des porines voir TAMBER et HANCOCK 2003), de
I'expulser grace a des pompes d’efflux (FLoYD et al. 2010), voire encore de l'altérer chimiquement de
sorte a lui enlever toute efficacité (voir I'exemple des B-lactamases, LIVERMORE 2008).

1.2 Une histoire humaine de la résistance aux antibiotiques

1.2.1 Utilisation des antibiotiques et émergence des résistances

L'utilisation anthropique des antibiotiques commence avec Paul Ehrlich. Ce dernier propose l'idée
de composés chimiques qui pourraient détruire spécifiquement un parasite sans affecter son héte. En
1904, lui et ses collaborateurs se lancent dans une expérience a grande échelle sur la syphilis. Leurs
projet consiste a produire des dérivés organo-arsenicaux de I'atoxyl (un dérivé de I'arsenic utilisé au

19eme siécle pour lutter contre Trypanosoma gambiense) et de les tester ensuite sur des lapins infec-

3
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FIGURE 2 — Modalités de la résistance antibiotique.

tés. En 1910, ils trouvent une molécule qui semble soigner les lapins mais donne aussi des résultats
prometteurs sur I’'Homme, I'arsphénamine (EHRLICH et HATA 1910). Malgré la procédure contraignante
d’injection, il reste le médicament le plus utilisé jusqu’a son remplacement par la pénicilline dans les
années 1940. La stratégie de criblage biochimique employée par Ehrlich a ensuite été beaucoup utilisée
par I'industrie pharmaceutique et a notamment contribué a la découverte des premieres molécules an-
timicrobiennes en 1935 : les sulfonamides. Le co(t de production de ces molécules étant relativement
peu cher, leur utilisation a été massive. Il en a résulté un des cas de résistance aux médicaments les plus
largement diffusés : la résistance aux sulfamidés, qui est presque universellement liée aux intégrons
de classe 1 (MACHADO et al. 2005). Pourtant, c’est avec la découverte de la pénicilline par Alexander
Fleming en 1929, et la publication du protocole de purification de Florey et Chain en 1945, que la pro-
duction et la distribution de masse d’antibiotiques a débuté. Bien que des résistances aient déja été
répertoriées deés la fin des années 1940, les années 1950 a 1970 constituent I'dge d’or de la découverte
de nouvelles classes d’antibiotiques. Cependant, a partir des années 1980, le taux de découvertes a
décliné. Lapproche dominante pour le développement de nouveaux médicaments, notamment pour
lutter contre la résistance émergente et ré-émergente des agents pathogenes aux antibiotiques, a été
la modification des antibiotiques existants. Cela signait ainsi 'entrée dans une course aux armements
contre la résistance (CHOPRA 2002 ; PoboLSKY 2018).

L'utilisation massive des antibiotiques par 'Homme est assez récente : seulement depuis les années

1940. Le probléme de la résistance a pu étre contourné pendant quelques décennies par la découverte

4



de nouvelles molécules, puis par la modification des chaines carbonées (LEwis 2013). Cependant, a
I’'heure actuelle, la grande majorité des possibilités de modifications ont été explorées et cette source
de nouveaux antibiotiques se tarit. En effet, les structures moléculaires de ces composés sont quasi-
ment identiques. En outre, de plus en plus de souches bactériennes, dites superbugs, résistent a diffé-
rentes classes d’antibiotiques en possédant dans leurs génomes des combinaisons de géne de résistance
(MARTINEZ 2007).

Pour autant, certaines approches plus récentes tentent de contourner le probléme en utilisant soit
du criblage de molécules extraites de plantes et de champignons (McCuTcHEON et al. 1992), soit des
approches de biologie synthétique visant I'identification de nouvelles voies métaboliques jusque la peu
touchées par les antibiotiques connus (par exemple la synthése des lipides, voir FERNANDEZ-OLIVA et al.
2019). Cependant, méme en exploitant de nouvelles molécules et en en faisant une utilisation raison-
nable, rien ne garantit a long terme que la multirésistance sera évitée. Il devient donc urgent de com-
prendre les causes de |'évolution de la résistance aux antibiotiques, aussi bien les mécanismes d’émer-

gence que de diffusion, pour pouvoir mettre en place des stratégies de limitation.

1.2.2 FEtat des lieux actuel sur I'utilisation des antibiotiques

Aujourd’hui, les antibiotiques sont encore utilisés dans le traitement de maladies infectieuses liées
a des pathogénes bactériens. Leur utilisation est assez régulée dans les pays européens (MUELLER
et OSTERGREN 2016), mais reste plus difficilement tracable dans les pays en voie de développement
(MiTCHELL et al. 2020). Malgré des différences de collecte et de traitement des données sur ce sujet,
deux grandes tendances semblent étre opposées (KLEIN et al. 2018) : une diminution des consomma-
tion et des ventes d’antibiotiques via des programmes de réduction dans plusieurs pays industrialisés; et
au contraire une tendance a la hausse dans les pays a revenus faibles ou intermédiaires. Ces tendances
peuvent en partie étre expliquées par le fait que la consommation d’antibiotiques est un probléme mul-

tidimensionnel ne pouvant se réduire aux problémes médicaux.

Les instituts de santé publique, comme I’'Organisation mondiale de la santé (WHO, OMS) ou le Centre
européen de prévention et de controle des maladies (ECDC), se sont emparés de la question. Les direc-
tives générales de 'OMS en 2015 s’appuient sur trois axes : optimiser 'usage des antibiotiques chez
I’'humain et I'animal et éduquer les populations au bon usage des antibiotiques; réduire I'incidence des
infections en améliorant I’hygiéne et les mesures prophylactiques; augmenter I'investissement dans les

vaccins, les traitements alternatifs, et les outils diagnostics (WHO 2015).

Cependant, au niveau national, les politiques des pays industrialisés tendent majoritairement a res-
treindre la prescription des antibiotiques (MUELLER et OSTERGREN 2016 ; SABUNCU et al. 2009). Ces poli-
tiques sanitaires semblent pourtant ne pas étre les seules a permettre une diminution de I'utilisation :
en effet, en 2020, au plus fort de la crise du COVID, les confinements et I'utilisation de mesures d’hygiéne

ont permis aux prescriptions d’antibiotiques de diminuer en Europe (ROsIER 2021). De plus, I'utilisation



médicale anthropique n’est aujourd’hui pas la plus problématique. En effet, deux-tiers des antibiotiques
sont utilisés en élevage et pisciculture (DONE et al. 2015). Il est connu que les antibiotiques peuvent dans
ces milieux étre utilisés soit dans un but thérapeutique soit comme facteurs de croissance. Une part non
négligeable de leurs utilisation est donc liée a des considérations économiques et non médicale. Il reste
cependant compliqué de les interdire complétement ou de contréler fermement leurs distributions,

méme si certains pays ont déja légiférés contre leurs utilisations comme facteurs de croissance.

1.2.3 Conséquences de la résistance pour la santé humaine

La résistance antibiotique est un probléme de santé publique persistant, en augmentation (WITzANY
et al. 2020). Pour la seule année 2019, il a été estimé 1.3 millions de déces attribuables aux bactéries
résistantes (MURRAY et al. 2022) et I’AMR review en prévoit 10 millions par an d’ici 2050, dépassant lar-
gement les déces dus au cancer (O’NEILL 2014, mais voir KRAKER et al. 2016). Pourtant, les antimicrobiens
qui tuent ou inhibent les maladies infectieuses sont des outils cliniques essentiels et la résistance aux
antibiotiques rend déja les opérations chirurgicales de routine et les visites a I’'h6pital de plus en plus
risquées. L'épidémie est particulierement problématique dans les établissements de soins de longue
durée, ou plus de 25 % des infections nosocomiales sont causées par des bactéries résistantes aux anti-
biotiques (O’NEILL 2014). Si ces observations se maintiennent, plusieurs prédictions ont été formulées :

— des difficultés pour les opérations, les chirurgies, avec une surmortalitée liée aux septicémies

et/ou aux surinfections;
— une surmortalité pour les patients immunodéprimés qui sont déja plus susceptibles d’étre expo-
sés a des environnements cliniques (CONLAN et al. 2014);

— une potentielle modification des microbiomes humains pouvant favoriser l'acquisition de diffé-
rentes maladies chez 'lhomme (LivANOs et al. 2018) et d’autres hotes (par exemple, le porc ou
les abeilles, RAYMANN et al. 2017).

2 Evolution de la résistance aux antibiotiques

Derriere la résistance aux antibiotiques se cachent un certain nombre de caracteres phénotypiques
héritables, dont la fréquence varie d’une population bactérienne a une autre. La biologie de I’évolution
peut étudier ces caractéres et ainsi aider a retracer les origines de ces caracteéres, et les phénoménes qui
favorisent leur maintien et leur rapide propagation au sein des communautés bactériennes du monde

entier.

2.1 D’ou proviennent les résistances aux antibiotiques ?

La résistance est souvent considérée comme un mécanisme récent, dont I'’émergence est corrélée

a l'utilisation des antibiotiques par ’lhomme. En effet, de nombreux exemples d’évolution rapide sont
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présents dans la littérature (PERRON et al. 2005). De plus, il est possible de ré-évoluer trés rapidement
des résistances en laboratoire par sélection (LUKACISINOVA et al. 2020) . Pourtant, méme si la résistance
est un mécanisme pouvant émerger rapidement et facilement, on n‘a été en mesure de la détecter
gu’a partir du moment ol les antibiotiques ont commencé a étre utilisés pour traiter des infections. La
résistance a donc pu émerger beaucoup plus tot, et il ne faut pas confondre son émergence chez les bac-
téries en général de la résistance et sa propagation aux bactéries infectant I’homme. Il est actuellement
consensuel que l'apparition de la résistance, en plus d’avoir eu lieu de multiples fois, est un phénomeéne

ancien et naturel.

a Des origines naturelles de la résistance

Les antibiotiques sont des molécules produites par certaines bactéries comme molécules de signali-
sation ou pour réguler les populations. On pense donc que l'origine des genes de résistance s’est proba-
blement faite chez des bactéries sauvages non pathogenes pour se protéger des antimicrobiens auto-
produits ou produits par d’autres membres de la communauté bactérienne (BENVENISTE et DAVIES 1973;
Cox et WRIGHT 2013). Cependant, méme si I'émergence de la résistance est multiple et ancienne, il reste
certain que la découverte puis 'utilisation massive en agriculture et en médecine des antibiotiques a
considérablement augmenté les prévalences de ces phénotypes. On note par exemple une augmenta-

tion allant jusqu’a 1500 % des résistances dans les sols depuis les années 1940 (KnAPP et al. 2010).

b Des origines anciennes de la résistance

Bien que souvent étudiée en milieu anthropisé et sur des périodes assez récentes, la résistance aux
antibiotiques (et par conséquent la constitution de résistomes) est un processus bien antérieur a I'ére
d’utilisation anthropique des antibiotiques (AMINOV et MACKIE 2007 ; KOBAYASHI et al. 2007). Actuelle-
ment, on sait que les résistances antibiotiques remontent a au moins 30 000 ans, par la datation d’ADN
ancien. Par exemple, une étude du permafrost nord-canadien (D’COsTA et al. 2011) a mis en évidence
la présence de genes encodant des résistances aux B-lactamines, a la tétracycline, et aux antibiotiques
glycopeptides, dans des métagénomes, co-occurrents avec de 'ADN d’animaux propres au Pléistocéne.
Des observations similaires ont pu étre faites dans une étude de métagénomique effectuée sur le per-
mafrost sibérien, méme si les résistances retrouvées n‘ont été datées que de 5000 ans (PETROVA et al.
2009).

Le portage de résistances par des bactéries du microbiote ou de pathogenes humains est également
attesté bien avant la découverte et |'utilisation massive des antibiotiques. Par exemple, des genes ho-
mologues a ceux encodant des résistances aux B-lactamines, a la fosfomycine, au chloramphénicol, aux
aminoglycosides, aux macrolides, aux sulfamidés, aux quinolones, a la tétracycline et a la vancomycine,
ont été retrouvés chez une momie péruvienne précolombienne (SANTIAGO-RODRIGUEZ et al. 2015). De

méme, les premieres occurrences de la plupart des résistances étudiées sont associées a des infections



chez des humains ou des animaux (EBMEYER et al. 2021). L'évolution de la résistance est donc bien an-
térieure a I'age d’or de I'utilisation anthropique des antibiotiques (MARTINEZ 2009).

2.2 Larésistance sous l'effet des forces évolutives

La découverte de la résistance aux antibiotiques s’est faite a partir du moment ou les antibiotiques
ont commencé a étre utilisés par ’'Homme. De plus, on a constaté une augmentation de la prévalence
des résistances avec I'augmentation de la consommation d’antibiotiques. La résistance aux antibiotiques
a donc essentiellement été considérée sous I'angle de la sélection par les antibiotiques. Cependant,

d’autres forces évolutives participent a moduler 'émergence et la propagation des résistances.

2.2.1 Le couple mutation-sélection

La sélection et la mutation sont les forces évolutives dont le réle dans I'émergence, le maintien et la

propagation de la résistance, a été le plus décrit et discuté.

a La mutation

Lalléle d’'un géne conférant une résistance a un ou plusieurs antibiotiques peut émerger par une
simple mutation ponctuelle : substitution, insertion, ou délétion (voir par exemple (WANG, WILSON et
al. 2001 chez Helicobacter pylori). Ces événements peuvent arriver dans une trés grande diversité de
genes, dont plus particulierement des genes du métabolisme énergétique (LOPATKIN et al. 2021). De
plus, certains génes conferent a leurs porteurs une susceptibilité a certains antibiotiques. Linsertion
d’un transposon dans ces genes, perturbant ainsi leur expression, peut donc également conférer une
résistance a ces antibiotiques (POROS-GLUCHOWSKA et al. 2003 chez Listeria monocytogenes). Toutefois,
les taux de mutations peuvent varier chez les bactéries, et il serait donc possible pour une lignée de
moduler ainsi le taux d’apparition de nouveaux variants génétiques conférant potentiellement des ré-
sistances aux antibiotiques. En effet, le systtme MMR (mismatch repair system) est crucial pour éviter
les mutations et maintenir la fidélité réplicative. Dans les populations bactériennes sauvages, la majorité
des isolats ont de faibles taux de mutation, ce qui suggere que la stabilité génétique a long terme est
favorisée (SNIEGOWSKI et al. 2000). Linactivation d’un ou plusieurs genes du MMR diminue la capacité
a réparer les dommages a 'ADN et les erreurs de réplication, et les bactéries deviennent ainsi hyper-
mutatrices. De tels phénotypes mutateurs ne sont pas sélectionnables directement mais, comme un
taux de mutation accru peut faciliter une adaptation rapide a de nouveaux environnements, ils peuvent
étre co-sélectionnés par association avec des mutations favorables, telles que la résistance aux antibio-
tiques (CHAO et Cox 1983 ; TADDEI et al. 1997). Il a donc été suggéré que I’hypermutabilité pourrait avoir
un role prépondérant dans I'émergence de la résistance (voire de la multirésistance) dans certaines es-
peces bactériennes (BLAZQUEZ et GOMEZ-GOMEZ 2014), notamment chez Mycobacterium tuberculosis.
Cependant, si des taux de mutation élevés peuvent s'accompagner de nombreux avantages compéti-
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tifs a court terme, ces avantages s’estompent une fois que la population est installée, voire deviennent
maladaptatifs lors de changements d’environnements (GIRAUD et al. 2001).

b Lasélection

La mutation permet I'émergence du phénotype résistant, mais encore faut-il que ce dernier per-
siste. En effet, un géne de résistance peut conférer un colt a la bactérie qui le porte : par exemple,
I'ARNt muté de M. tuberculosis lui confére certes une résistance aux aminoglycosides, mais réduit éga-
lement sa vitesse de traduction (DOUGLASS et STEYN 1993). Et on peut donc prédire que les génes de
résistances s’éteindraient en l'absence d’une sélection positive. Aussi, plusieurs mécanismes peuvent
permettre le maintien de génotypes résistants, parmi lesquels le plus étudié est la sélection. Dans ce
cadre, I'exposition a des antibiotiques cytotoxiques ou cytostatiques agit comme un filtre, permettant
a celles portant des résistances de se perpétuer plus que les autres phénotypes. Cependant, s’il a été
considéré pendant longtemps que I'inhibition bactérienne (et donc la mesure de concentrations inhibi-
trices minimales, MICs) était nécessaire a la sélection, on sait désormais que de simples résidus d’anti-
biotiques, a des concentrations 100 fois plus faibles que la MIC, suffisent a sélectionner des résistances
(d’ou I'émergence du concept de concentration sélective minimale, GULLBERG et al. 2011). Du reste,
la sélection s’observe toujours a I’échelle de la population, et plusieurs scénarios s’écartent du simple

modele émergence-sélection.

Dans un premier scénario, la sélection peut favoriser le maintien de phénotypes généralistes, par
exemple lorsque les bactéries sont exposées a plusieurs antibiotiques. Dans ce cas, les bactéries qui
présentent le spectre de résistance le plus large sont les phénotypes majoritaires de la population (par
exemple chez les souches multirésistantes de Staphylococcus aureus, MWANGI et al. 2007). Sous ce scé-

nario, une sélection directionnelle pour une diversification du spectre de résistance serait observée.

Un autre scénario est celui d’une sélection fréquence-dépendante. En effet, si les concentrations en
antibiotiques fluctuent dans I'environnement, il peut étre bénéfique de conserver un phénotype sen-
sible et un phénotype résistant dans la population : les uns étant avantagés en I'absence d’antibiotique,
les autres quand la concentration réaugmente. Ce type de sélection peut également se reposer sur des
stratégies collectives ou la résistance se comporte comme un bien public : par exemple, par la mise
en place de biofilms protecteurs (HALL et MAH 2017) ou encore par la dégradation par les phénotypes

résistants des antibiotiques présents dans le milieu (DUGATKIN et al. 2005).

Un dernier cas beaucoup moins considéré est celui d’une plasticité phénotypique adaptative, lors-
gu’un génotype est capable de produire différents phénotypes. Cette capacité peut permettre la conser-
vation de la viabilité malgré les changements environnementaux. Par exemple, chez les bactéries,
il existe beaucoup de switches métaboliques permettant de passer d’actifs a inactifs (BRUCKNER et

TITGEMEYER 2002). Ainsi, I'entrée dans un état quiescent lors de I'exposition aux antibiotiques permet a
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certaines souches bactériennes d’y survivre, ce qui fait de ces persisters un probléme tout particulier en
milieu clinique (BARTELL et al. 2020). La survie de ces lignées s'accompagne d’une plus grande chance
d’accumuler des mutations sur un temps long, et donc in fine d’acquérir une résistance a ces antibio-
tiques (LEVIN-REISMAN et al. 2017). De méme, la résistance antibiotique peut évoluer sous un pression
de sélection autre que la pression de sélection antibiotique : ainsi, chez Escherichia coli, la tolérance a
une grande gamme de conditions de pH confére une résistance constitutive aux antibiotiques (MUELLER,
EGAN et al. 2019).

¢ Léquilibre mutation-sélection

Bien gu’il soit intéressant d’étudier la part de chaque force dans I'évolution du phénotype résistant,
mutation et sélection n‘agissent jamais de maniére indépendante et il reste crucial pour notre compré-
hension des systemes biologiques d’étudier les relations et équilibres entre ces derniéres. Des approches
de modélisation se sont cependant penchées sur la question et il semble que I'équilibre possible entre
la mutation et la sélection dépend majoritairement d’un trade-off entre la diversification et I'unification
(Novak et al. 2013). D’une part, la mutation permet de générer de la variance, renforcant ainsi I'évol-
vabilité de la population, puisque la sélection se nourrit de la variabilité phénotypique. D’autre part,
la mutation peut aussi faire disparaitre des alléles avantageux, et ainsi défaire I'action de la sélection.
Cette théorie permet de décrire deux tendances évolutives opposées. D’un c6té, I’hypermutation et la
recombinaison peuvent étre interprétées comme une stratégie de diversification extréme. De l'autre,
la sélection stabilisante tend a renforcer les structures phénotypiques déja sélectionnées par le passé,
et peut donc étre percue comme une conservation extréme, freinant la diversification. Il est possible
gu’un équilibre évolutif se mette en place entre ces deux tendances dans le cas de la résistance aux
antibiotiques (REDING-ROMAN et al. 2017).

2.2.2 Le couple dérive-migration

Méme si la sélection et la mutation sont les forces évolutives les plus étudiées dans le cycle de la
résistance antibiotique, elles ne sont pas les seules a permettre 'émergence, le maintien, et surtout la
propagation de la résistance. La dérive et la migration ont été beaucoup moins étudiées pour deux rai-
sons. D’une part, on considére généralement que les bactéries ont des tailles efficaces trés importantes,
ce qui minimise I'impact de la dérive par rapport a celui de la sélection sur I'évolution des caracteres.
D’autre part, la question de la résistance a longtemps été posée dans le secteur médical uniquement,
ce qui a pu conduire a négliger I'importance de la migration dans l'apport et le maintien des variants
résistants (FINLEY et al. 2013).

a Ladérive

Cette force a longtemps été ignorée dans I'évolution bactérienne. En effet, la notion de taille efficace

est tres liée a I'impact que peut avoir la dérive sur une population. La notion de taille efficace — c’est-
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a-dire le nombre d’individus reproducteurs dans une population théorique (qui montrerait la méme
dispersion des fréquences alléliques sous dérive qu’une population observée, WRIGHT 1931) — a été
définie dans les modeles classiques sur des populations eucaryotes a reproduction sexuée. Pourtant,
les effets de la dérive sur les procaryotes résistants sont observables. Des études d’évolution expéri-
mentales ont suggéré que des variants résistants aux antibiotiques peuvent évoluer méme en l'absence
d’antibiotiques, sous l'effet de 'adaptation génétique des bactéries a diverses conditions de croissance
(KNOPPEL et al. 2017). Par ailleurs, des variants résistants présents en faible fréquence dans une po-
pulation peuvent ensuite se fixer dans la population suite a un goulot d’étranglement (MAHRT et al.
2021), ou par auto-stop suite a un balayage sélectif sur un locus lié génétiquement (co-sélection de la
résistance aux antibiotiques avec la résistance aux métaux lourds, BAKER-AUSTIN et al. 2006). De méme,
chez les bactéries pathogenes, lors du cycle d’infection-transmission-dissémination intra- et inter-héte,
de petites populations peuvent se fragmenter en fonction des ressources disponibles, des tissus d’'im-
plantation, ou encore par la formation de biofilms (voir par exemple JORTH et al. 2015) sur des patients
atteints de mucoviscidose). Cette organisation en métapopulations autorise potentiellement une ex-
ploration plus large du paysage adaptatif — a la fois du fait de I'exposition a une gamme plus large de
conditions environnementales et du fait de la dérive — et ainsi de maximiser les chances d’envahisse-
ment de la population la mieux adaptée a I’'hGte par migrations entre populations (WEINREICH et CHAO
2005).

b La migration

Comme expliqué précédemment, la dérive est un terreau fertile a la migration permettant I'explo-
ration et I'établissement via des flux migratoires réguliers de populations dans de nouveaux environne-
ments. En effet, il semble que méme au sein des hdpitaux, la connectivité entre hopitaux peut étre un
facteur prédictif majeur de la distribution des bactéries résistantes (SHAPIRO et al. 2020). De plus, des ef-
fets fondateurs ont déja été démontrés chez les bactéries dans le cas de la résistance aux antibiotiques.
Par exemple, bien qu’il existe partout dans le monde une tres grande diversité de béta-lactamases, la
béta-lactamase TEM-1 est restée pendant des années une des sources de résistance prédominantes
chez les Enterobacteriaceae. Ceci peut s’expliquer par I'émergence précoce de cette enzyme peu apres
I'introduction des béta-lactamines, et par conséquent son fort succés évolutif a cette époque (MEDEIROS
1997).

2.3 Recombinaison et transfert horizontal de géenes

2.3.1 Mécanismes

Le transfert horizontal de genes (HGT, horizontal gene transfer) se définit comme la transmission
de matériel génétique d’un organisme a un autre, ou d’une lignée a une autre, sans relation d’ancétre
a descendant (DAGAN et al. 2008 ; OCHMAN et al. 2000; SOREK et al. 2007). En une seule génération,
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une lignée peut ainsi acquérir un géne paralogue (lorsque ce géne et un géne du génome récepteur
partagent un ancétre commun) ou xénologue (lorsque ce géne ne possede pas d’ancétre commun avec
un géne du génome récepteur). Trois mécanismes de HGT ont été identifiés (FURUYA et Lowy 2006, voir
figure 3) :

— Latransformation correspond a la simple récupération par une bactérie réceptrice, d’'un morceau
d’ADN libre (GRIFFITH 1928).

— La transduction met en jeu un virus vecteur, qui permet le transfert génétique d’une cellule a
l'autre.

— La conjugaison correspond au transfert de matériel génétique entre cellules procaryotes par le
biais de pili sexuels. Ce mode de transfert nécessite un contact entre cellules donneuses et ré-
ceptrices.

Le HGT implique essentiellement une grande variabilité de séquences autoréplicantes (éléments gé-
nétiques mobiles, mobile genetic elements, ci-apres MGE), telles que les bactériophages, les plasmides,
ou les éléments intégratifs et conjugatifs (ICE, integrative and conjugative elements).

Le HGT est un processus relativement commun au cours de I'évolution, et une fraction significative
des genes procaryotes y sont sujets (OCHMAN et al. 2000). Tant6t associé a la mutation ou a une forme
de para-sexualité, le HGT peut méme s’avérer étre un puissant moteur de I'évolution des organismes,
permettant autant I'acquisition de nouvelles protéines (MARIJUAN et al. 2010) que de grandes transitions
écologiques (SCHAACK et al. 2010).

2.3.2 Succes du transfert horizontal et évolution post-transfert

On sait que le HGT est un mécanisme particulierement important pour l'acquisition de résistance,
il est particulierement pervasif dans les communautés bactériennes et entre communautés (KOoNIN,
LoPEZ-GARCIA et al. 2016). Cependant, il est plus rarement discuté du succes de ces événements de
transferts horizontaux et des mécanismes qui pourraient faciliter ou empécher un géne transféré de

s'implanter durablement chez le receveur.

a Facteurs impactant le succes du transfert horizontal

LUentrée de matériel génétique dans I’hdte et la compatibilité du nouveau géne avec I’'h6te constitue
une barriére tres importante a l'occurrence du HGT. En effet, dans un premier temps, les vecteurs de
transfert horizontal (plasmides, phages, etc.) ont généralement un spectre d’h6te restreint a quelques
espéces tout au plus. Méme lorsqu’un gene n’est pas associé a un vecteur, il existe une forte variabi-
lité inter- et intra-spécifique de la compétence naturelle (capacité a intégrer de I'ADN libre) des bacté-
ries (JOHNSBORG et al. 2007), ce qui induit une forte variabilité de la propension des génomes/espéces
a recevoir du matériel génétique par transformation. De plus, la compétence naturelle nécessite une
proximité écologique et physique (méme si cette derniére peut varier selon le mécanisme). Dans un

deuxieme temps, une barriére a l'installation peut s’effectuer rapidement via des mécanismes de vigi-
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FIGURE 3 — Mécanismes de transfert horizontal de genes.

lance immunitaire visant la destruction de 'ADN étranger (systéme CRISPR-Cas, enzymes de restriction,
etc.).

Par ailleurs, méme lorsque le matériel génétique exogene a été intégré, plusieurs colits peuvent étre
associés au HGT. Avant tout, le HGT se produit fréquemment grace a des vecteurs, et la réplication et
I'expression de ces derniers sont coliteuses pour la cellule en termes de ressources énergétiques (ATP)
et matérielles (ribosomes, bases azotées). Mais d’autres co(its peuvent s‘ajouter : I'intégration chro-
mosomique du MGE qui peut (1) interférer avec le réseau de régulation des génes et avec les voies
métabolique du receveur (un exemple par transduction, CHEN, GOLDING et al. 2005), (2) entrainer des
effets cytotoxiques des protéines exprimées (SOREK et al. 2007), et (3) entrainer la séquestration des res-
sources métaboliques et des machines de transcription et de traduction (exemple chez E. coli, BonOMO
et GILL 2005). De plus, le gene transféré n'a pas co-évolué avec les autres génes du génome : il peut
donc présenter un niveau d’expression trop faible/élevé (PARK et ZHANG 2012) ou encore constituer une
rupture de coadaptation avec la machinerie de traduction (BALTRUS 2013, voir également partie 3.1.2).
Pour se maintenir dans les populations, les génes transférés doivent donc conférer au receveur un bé-
néfice suffisamment grand (ou suffisamment limiter leurs co(ts) a leur hote pour éviter d’étre perdus
par sélection purificatrice ou par dérive génétique (BALTRUS 2013). De nombreux génes acquis par HGT

comportent ainsi des fonctions accessoires car I'avantage que celles-ci conférent peuvent compenser le
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co(t d’acquisition (HYuN et al. 2022). C’est notamment ce qui explique le succés des génes de résistance
aux antibiotiques, présents dans un tres grand nombre de lignées bactériennes, par rapport a d’autres

génes conférant d’autres fonctions accessoires.

b Evolution post-transfert horizontal

Face aux différents co(ts de transfert et de maintien, une réponse évolutive est observée de la part
des structures transférées. La forme la plus décrite d’évolution post-HGT est le phénoméne d’évolution
compensatoire des MGE. En I'absence d’une pression de sélection sur les génes accessoires portés par
les MGE, il est possible que la lignée receveuse s’éteigne. Cependant, I'association entre un génome
et un MGE peut étre stabilisée par évolution compensatoire. La plupart des mutations répertoriées
concernent le chromosome (ANDERSSON et HUGHES 2010), incluant par exemple le systéme d’expres-
sion (hélicases, ARN polymérase, LOFTIE-EATON et al. 2017) ou le systéeme de régulation de I'expression
(HARRISON et al. 2015). Les mutations évoluées apres I'association a un MGE donné peuvent méme aug-
menter la permissivité a de nouveaux MGE (LOFTIE-EATON et al. 2017). Cependant, ces mutations com-
pensatoires concernant souvent des génes essentiels, elles sont colteuses et leur maintien a long terme
dépend lui-méme de la présence de résistances portées par des MGE (MACLEAN et VOGwILL 2015).

D’autres formes d’évolution peuvent compenser les colts associés aux genes transférés. Par
exemple, I'inactivation du systeme de régulation de ’homéostasie protéique autorise I'expression de
protéines d’origine exogene portant des fonctions avantageuses (BERSHTEIN et al. 2015). De maniéere gé-
nérale, de tres larges modifications du protéome peuvent évoluer suite a un événement de HGT, et ce
de maniére dépendante du contexte environnemental (BEDHOMME, AMOROS-MOYA et al. 2019).

3 Structuration, modulation, et dynamique de la résistance aux anti-
biotiques

L'évolution et la propagation de la résistance sont des phénoménes complexes, qui se jouent a plu-
sieurs échelles. Ces derniers sont aussi bien régulés par des facteurs génétiques et génomiques, que par
des facteurs environnementaux et sociaux. L'étude et la compréhension de la résistance doivent donc
intégrer différents éléments pour essayer de retracer les trajectoires et de mettre en place des stratégies

efficaces.

3.1 Régulation génétique et génomique du phénotype résistant

Le contexte génomique est I'une des premieres choses prises en compte dans I'étude de la propaga-
tion des résistances aux antibiotiques. C’est méme par l'intermédiaire des plasmides qu’on a découvert

gue la résistance pouvait se propager horizontalement. Cependant, d’autres types de MGE et surtout
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d’autres facteurs génomiques, comme |’épistasie et le fond génétique, sont moins pris en compte mais
tout aussi importants.

3.1.1 Les contextes génomiques de la résistance
a Les éléments génétiques mobiles

Les MGE ont été décrits pour la premiére fois en 1940 apres des observations dans le génome du
mais (McCLINTOCK 1950, 1951). Ces derniers sont identifiés comme des fragments d’ADN codant une
grande variété de facteurs de virulence et de résistance, ainsi qu’'un ensemble d’enzymes permettant
leurs transferts et intégration chez un nouvel héte (FROST et al. 2005). En effet, la réplication des MGE
est dépendante d’un hote. Ils démontrent une mobilité intracellulaire et intercellulaire, et ceux d’'une
cellule particuliére forment un mobilome (SIEFERT 2009).

Il existe une grande variété de MGE, certains ayant une capacité de mobilité intergénomique, et
d’autres une capacité de mobilité intragénomique. Parmi les premiers, les bactériophages sont des vi-
rus bactériens susceptibles de capter des genes de leur hote au cours de leur réplication, tandis que
les plasmides et les ICE peuvent étre échangés entre bactéries par conjugaison. Parmi les derniers, les
intégrons sont capables de capter de nombreux génes au sein de cassettes grace a leur intégrase (MAZEL
2006), et les éléments transposables sont capables de se transposer et éventuellement de se dupliquer

entre plusieurs locus.

Du fait de leur capacité de déplacement, de réplication, et des génes qu’ils encodent, les MGE
peuvent donc participer a une évolution rapide des bactéries. En effet, leurs roles dans I'évolution des
génomes chez les procaryotes, notamment sur les fonctions métaboliques est déja bien établie (FROST
et al. 2005). lls peuvent notamment servir de vecteur de réarrangement génomique par recombinaison

homologue et donc favoriser la néofonctionnalisation (DING et al. 2009 ; JOHNSON et NOLAN 2009).

Dans le cadre de I'étude de la résistance antibiotique, le role des MGE est souvent focalisé sur les
plasmides. En effet, ils sont historiquement liés a la découverte des mécanismes de HGT (WATANABE
1963), et sont depuis treés étudiés par le milieu hospitalier (LEON-SAMPEDRO et al. 2021). Par exemple,
la résistance a médiation plasmidique aux B-lactamines fournit une excellente illustration de la fagon
dont le HGT exacerbe les défis de la résistance antibiotique dans les hopitaux (PATERSON et BONOMO
2005). De plus, les genes de résistance aux B-lactamines sont généralement localisés sur des plasmides
et se diffusent donc par conjugaison inter- et intraspécifique chez les Enterobacteriaceae, Pseudomonas
et Acinetobacter (CONLAN et al. 2014 ; GORRIE et al. 2018; MATHERS et al. 2011; TOFTELAND et al. 2013;
WEINGARTEN et al. 2018). A I'échelle mondiale, on peut méme retracer la propagation du plasmide pCT
porteur de la résistance blaCTX-M-14 aux animaux et aux humains sur plusieurs continents (COTTELL et
al. 2011).

15



b Interactions entre chromosome et éléments génétiques mobiles

Méme s’ils semblent jouer un réle important dans le maintien et la propagation de la résistance
aux antibiotiques, les plasmides sont souvent étudiés pour leurs caractéristiques intrinseques (réplica-
tion, maintenance et mobilisation, SMILLIE et al. 2011 ; SOLAR et al. 1998). Avec une augmentation de la
disponibilité des séquences génomiques plasmidiques, de plus en plus d’études ont cherché a étudier
les relations entre plasmides et leurs contributions dans I'évolution bactérienne (REDONDO-SALVO et al.
2020). Ces études ont également mis en lumiére le fait que les plasmides ne sont pas isolés dans la
cellule hote et que de nombreux réarrangements avec les chromosomes sont possibles (FONDI et FANI
2010). Par exemple, une reconstruction phylogénétique des génes partagés montrent que le plasmi-
dome et le pangénome chromosomique de Bacillus cereus présentent des compositions géniques trés
similaires, ce qui témoigne d’échanges de génes massifs entre les plasmides et les chromosomes (ZHENG
et al. 2015).

De plus, les plasmides peuvent également étre présents en plusieurs copies (RODRIGUEZ-BELTRAN
et al. 2020), et au sein d’'une méme cellule peuvent co-exister une diversité de plasmides (BEDHOMME,
PEREZ PANTOJA et al. 2017). Du fait des échanges entre plasmides et chromosome, et du fait de la persis-
tance conjointe de plusieurs plasmides, il peut apparaitre un phénomene de redondance fonctionnelle,
ou plusieurs génes identiques ou encodant la méme fonction co-existent au sein d’'un méme génome.
Cette redondance peut éventuellement étre éliminée, lorsque les copies supplémentaires du gene en
guestion ne conférent pas d’avantage supplémentaire. Cependant, les genes partagés entre plasmidome
et pan-génome présentent généralement des séquences de promoteur et de terminaison différentes
(ZHENG et al. 2015). Cela suggere que I'expression d’un méme géne est régulée par différents éléments
au niveau transcriptionnel, en fonction de sa localisation dans le génome. Ainsi, conserver plusieurs co-
pies d’'un méme gene pourrait étre avantageux si cela permet a la cellule de contréler plus finement les
conditions d’expression de ce gene. De plus, ce mécanisme de conservation peut également permettre
un élargissement du spectre de résistance passant par la diversification d’une des copies. La cellule peut

ainsi maintenir deux alleles présentant des spectres différents (RODRIGUEZ-BELTRAN et al. 2018).

3.1.2 Llencodage des génes de résistance

Il existe une grande diversité de génes conférant une résistance a des antibiotiques, par une toute
aussi grande diversité de mécanismes (voir partie 1.1.2). Ces génes ont tous en commun le fait d’étre
encodés par le méme code génétique, et pour la plupart (a I'exception des ARN ribosomiques), de de-
voir étre exprimés sous la forme de protéines. Toutefois, plusieurs mécanismes liés a 'encodage-méme
des genes de résistance peuvent interférer avec leur expression. Cette section se concentre sur un des
mécanismes les plus étudiés de modulation de I'expression par I'encodage : le biais d’'usage de codons.
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a Origines du biais d’usage de codons

La redondance du code génétique autorise plusieurs codons a coder pour le méme acide aminé.
Les différents codons correspondant au méme acide aminé sont définis comme des codons synonymes.
Du fait de cette redondance, les substitutions synonymes dans les séquences codantes n’entrainent pas
de changement de séquences d’acide aminés et ont été interprétées comme n’ayant aucune consé-
guence fonctionnelle, et donc considérées comme évolutivement neutres. Cependant, les codons sy-
nonymes sont rarement présents a des fréquences similaires dans les génomes. L'utilisation des codons
synonymes ne résulte donc pas d’un processus aléatoire. Il existe une préférence pour certains triplets,
appelée biais d’'usage de codon (CUB, codon usage bias). Les CUB ont été observés dans une grande
diversité d’espéces eucaryotes et procaryotes. lls varient fortement, en préférence et/ou en intensité,
d’une espéce a l'autre : ils peuvent méme étre extrémement forts chez certaines espéces, qui évitent
presque entierement certains codons. Par exemple, Pseudomonas aeruginosa n’utilise que tres peu le
triplet TTA pour la leucine, alors qu’il s’agit du codon majoritaire chez Bacillus cereus. De méme, en plus

de variations interspécifiques, les CUB peuvent varier d’'un gene a l'autre, au sein d’'un méme génome

Lorigine évolutive de ce CUB est aujourd’hui bien identifiée. La préférence résulte en partie d’un
biais de composition des séquences. En effet, chez les organismes eucaryotes et procaryotes, le CUB
est en grande partie expliqué par le contenu nucléotidique GC, aussi bien aux niveaux des séquences
codantes qu’au niveau des régions intergéniques. La variation de CUB, entre séquences et entre gé-
nomes, provient donc initialement de biais dans les mécanismes d’évolution moléculaire. D’une part, la
mutation est universellement biaisée en faveur des nucléotides AT chez les Eubactéries (HERSHBERG et
PETROV 2010). D’autre part, lors des événements de recombinaison homologue, la conversion génique
peut également introduire des biais en faveur de certains nucléotides. La conversion génique biaisée
vers GC semble expliquer la majorité des biais de codon chez les Eucaryotes (GALTIER et al. 2001), et
pourrait également avoir un réle chez les Eubactéries (LASSALLE et al. 2015). Si ces deux mécanismes
expliquent l'origine de la variation de CUB observée entre différentes espéces, ils n’expliquent pas a eux
seuls l'intensité du CUB chez certaines espéces ou certains génes. En outre, une co-adaptation entre
le CUB et la machinerie de traduction de la cellule se met en place : la prévalence d’un codon dans un
génome est positivement corrélée au nombre de copies pour 'ARNt qui présente I'anti-codon corres-
pondant (ROCHA 2004). De méme, le CUB semble étre plus élevé pour les genes fréquemment expri-
més (STOLETZKI et EYRE-WALKER 2007) et chez les especes avec des taux de croissance maximaux élevés
(RocHA 2004 ; SHARP et al. 2005). Chez les espéces a fort effectif efficace, comme c’est le cas pour de
nombreuses bactéries, le CUB est donc fagonné par la sélection traductionnelle qui optimise I'efficacité
et la fidélité de la traduction. En effet, il a été montré que |'utilisation de codons rares conduisait a une
traduction lente, donc a la production de protéine en petite quantité et de protéine erronées, tron-
quées et mal repliées. Plus récemment, il a été établi que la sélection non-traductionnelle participait
également a fagonner le CUB (CALLENS, SCORNAVACCA et al. 2021).
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b Impacts sur la résistance aux antibiotiques

Le CUB pourrait avoir une influence sur le succes du HGT. En effet, le succeés d’un géne acquis par HGT
peut dépendre du contexte génomique, et plus précisément des différences entre le génome donneur
et le génome receveur. En effet, dans un génome donné, un gene peut acquérir un CUB assez fort au
cours de son histoire évolutive, notamment s’il code pour une protéine fonctionnellement avantageuse.
Suite au transfert de ce géne dans un nouveau génome, il peut se produire une incompatibilité entre son
CUB et celui du génome receveur (AMOROs-MovA et al. 2010). Cette incompatibilité induit I'expression
d’une faible quantité de protéines fonctionnelles, et I'accumulation de protéines non fonctionnelles qui
doivent étre éliminées. Lincompatibilité entre CUB peut donc conférer un désavantage sélectif a un

gene, suite a un événement de HGT.

Il a été montré par des approches comparatives (CALLENS, SCORNAVACCA et al. 2021) que les génes
tranférés dans un génome ont une probabilité plus faible de s’y maintenir au cours du temps, quand la
différence de CUB entre les genes et leur génome receveur augmente. Cependant, de nombreux trans-
ferts entre lignées phylogénétiquement éloignées ont été observés (DUNNING HoTOPP 2011), et il est
donc possible qu’un géne au CUB maladapté soit maintenu dans le génome récepteur. Il existe donc des
processus évolutifs capables de réduire le colt d’incompatibilité entre le CUB du transféron (matériel
génétique transféré) et le CUB de I'espéece réceptrice. D’'une part, on peut s‘attendre a un processus
d’amélioration des génes transférés : les transférons peuvent accumuler des mutations synonymes qui
rapprochent le CUB du géne a celui de son génome récepteur. Cependant, ce phénomene ne s’observe
gue sur des temps phylogénétiquement longs (LAWRENCE et OCHMAN 1997), et pourrait ne participer
gu’au maintien d’une faible proportion des transférons lorsque le colit d'incompatibilité est fort. D’autre
part, des mutations compensatoires peuvent émerger au sein du chromosome procaryote. Ces muta-
tions peuvent augmenter la valeur sélective de l'individu, et compenser le colt de I'incompatibilité.
Cela peut passer par une production accrue de protéines fonctionnelles : soit en exprimant davantage
le transféron, soit en modifiant la machinerie de traduction. Cette derniere issue peut avoir lieu beau-
coup plus rapidement et a été observée en moins de 350 générations chez Escherichia coli (BEDHOMME,
AMOROS-MOVYA et al. 2019).

3.2 Problématiques écologiques de la résistance aux antibiotiques

L'étude de la résistance antibiotique s’est le plus souvent faite dans des environnements cliniques,
en particulier sous I'angle des infections a bactéries résistantes ou sous I'angle de la sélection par expo-
sition aux antibiotiques. Cependant, on sait désormais que les résistances antibiotiques existent aussi
dans les environnements naturels, qu’elles y ont méme émergé avant I'utilisation anthropiques des an-
tibiotiques, et qu’il existe des échanges entre environnements naturels et environnements anthropisés.
Un corpus grandissant d’études pointe le role de facteurs environnementaux dans la dynamique d’ap-

parition, de maintien et de propagation de la résistance, mais aussi les conséquences potentielles ou
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observées de la résistance dans les milieux naturels.

3.2.1 Role et impacts de la résistance dans les communautés bactériennes
a Propagation des résistances dans les communautés

Sion sait que les résistances antibiotiques ont une origine naturelle, leur impact dans les communau-
tés bactériennes naturelles est encore peu connu. En effet, beaucoup d’études se focalisent sur un petit
nombre d’especes pathogenes, souvent en environnement clinique. Pourtant il semble que l'acquisition
de résistances antibiotiques soit plus difficile dans les communautés naturelles (KLUMPER et al. 2019). En
effet, des communautés variées pourraient impliquer une plus grande compétition qui tendrait a rendre
le co(it de la résistance difficilement supportable. Les interactions au sein des communautés jouent donc
un réle-clé dans I'acquisition et le maintien des geénes de résistance. La coopération avec la mise en place
de biofilms et la compétition pour les ressources semblent particulierement importantes a prendre en
compte pour une compréhension globale du systeme de la résistance. En effet, ces derniéres peuvent
faconner le cycle de la résistance en entrainant par exemple des trade-offs évolutifs. Un bon exemple

est le compromis entre résistance antibiotique et résistance aux phages (GURNEY et al. 2020).

b Les conséquences écologiques de la résistance

La résistance antibiotique n’est pas seulement un probléeme pour le traitement des infections hu-
maines, animales, et végétales. En effet, des antibiotiques, des biocides, des métaux lourds et d’autres
substances d’origine anthropique sont relarguées dans les environnements naturels, que ce soit en
grandes quantités ou en traces. Lorsqu’elles sont présentes dans lI'environnement, ces substances mo-
difient le paysage adaptatif et favorisent I'émergence ou I'augmentation en fréquence de populations
résistantes dans les communautés microbiennes. Ces bactéries résistantes pourraient remplacer des po-
pulations sensibles : par exemple, les cyanobactéries, principaux producteurs primaires des écosystemes
aquatiques, sont sensibles a la plupart des antibiotiques les plus largement utilisés (GRINTEN et al. 2010;
GUO, BoxALL et al. 2015). De plus, les changements dans les communautés pourraient également per-
turber les chaines trophiques en affectant les préférences alimentaires des décomposeurs (BUNDSCHUH
et al. 2009). Ainsi, les déséquilibres produits par les antibiotiques parmi les producteurs primaires et les
décomposeurs pourraient perturber les écosystémes naturels, avec de graves conséquences pour l'envi-
ronnement dans son ensemble (MARTINEZ 2008). Outre les potentielles conséquences pour les services
écosystémiques, I’'homéostasie des communautés bactériennes est également a préserver dans le cadre
de la lutte contre I'antibiorésistance, puisqu’elle favorise la biodégradation des antibiotiques (Yu et al.

2018) et limite la propagation des génes de résistance (CHEN, AN et al. 2019).

3.2.2 Echanges entre écosystémes naturels et écosystémes anthropisés
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a Antibiotiques et pollutions

Les antibiotiques sont utilisés par ’homme dans les hdpitaux, dans les soins communautaires, mais
également dans les élevages et en aquaculture. Ces différentes sources de consommations entrainent
une production de polluants organiques persistants (POP) dans différents environnements difficiles a
éliminer (LEI et al. 2019). En effet, les antibiotiques consommés dans ces différents contextes ne sont
pas absorbés ou dégradés dans leur intégralité (jusqu’a 80 % sont relargués dans les urines, JJEMBA
2006), et les résidus d’antibiotiques sont ensuite évacués avec les déchets, par les eaux usées notam-
ment (GOTHWAL et SHASHIDHAR 2015). De méme, le relargage dans I'environnement peut étre volontaire,
les eaux usées étant utilisées comme engrais (BONDARCZUK et al. 2016). Par ailleurs, les déchets issus
de la fabrication de médicaments contiennent régulierement de tres fortes concentrations de résidus
d’antibiotiques (KoTwaNI et al. 2021), qui se retrouvent trés régulierement dans les eaux effluentes et
avoisinantes des usines concernées (par exemple TONG et al. 2020). Des résidus d’antibiotiques tendent
donc a s’accumuler dans différents environnements, et en premier lieu dans les usines de traitement des
eaux (KUMMERER 2009). Méme lorsqu’ils sont acheminés jusqu’aux usines de traitement des eaux, les
résidus d’antibiotiques peuvent ensuite se retrouver dans le circuit d’eau ou dans I'environnement, soit
parce qu’ils ne sont pas toujours correctement dégradés, soit a cause de relargages accidentels (PARK,
Kim et al. 2007). De ce fait, on peut retrouver des résidus d’antibiotiques dans tout le cycle de I'eau : de
I’eau courante et des plans d’eau naturels (VALCARCEL et al. 2011) jusqu’aux aquiféres (LOPEZ-SERNA et al.
2013) et aux océans (NA et al. 2013). On retrouve également une forte pollution antibiotique des sols et
sédiments, du fait de I'épandage d’eaux usées, mais également du fumier (CHEN, AN et al. 2019; YANG
et al. 2020; ZHANG, ZHENG et al. 2021a). Enfin, les antibiotiques issus de la pollution peuvent également
étre bio-accumulés, notamment dans les tissus des plantes et des animaux aquatiques (EGGEN et al.
2011; NA et al. 2013).

Cette pollution antibiotique est susceptible de contribuer a la sélection locale de génes de résistance
(MARTINEZ 2009 ; TELLO et al. 2012), et donc indirectement a la création de réservoirs de résistance, mais

également de bouleverser les communautés microbiennes de I'environnement (Cvcon et al. 2019).

b Des bactéries résistantes jusqu’aux réservoirs de résistance

Les bactéries peuvent se propager entre écosystemes, et il y a donc toujours un flux continu d’infor-
mations génétiques entre les différents compartiments écologiques. Une fois que les genes potentiels de
résistance aux antibiotiques pénétrent, méme en petit nombre ou a faible fréquence, dans le microbiote
commensal/pathogéne humain/animal, la sélection d’antibiotiques conduit immédiatement a I'amplifi-
cation et a la dissémination de ces génes. En effet, il existe des preuves sur 'origine environnementale
de certains genes de résistance cliniquement pertinents (WRIGHT 2010), et on sait que certains génes de
résistance cliniguement pertinents se retrouvent a I'identique dans des bactéries du sol (FORSBERG et al.
2012). De méme, des études récentes suggerent que la source la plus probable d’émergence des résis-

tances est le résistome environnemental aux antibiotiques (MARTINEZ 2008 ; WRIGHT 2010) avec un rdle
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fonctionnel de signalisation/régulation au sein des populations (AMINOV 2009 ; DAVIES 2006 ; FAJARDO et
MARTINEZ 2008). De méme, on a pu observer des résistances dans les bactéries des microbiotes de nom-
breux animaux sauvages, tels que des gibiers sauvages (GUERRERO-RAMOS et al. 2016 ; MATEUS-VARGAS
et al. 2017).

Méme au sein des environnements anthropisés, de nombreuses activités peuvent conduire au trans-
fert de résistances. En particulier, I'agriculture et I'élevage constituent un carrefour pour la transmission
de résistances. Le fumier et les eaux usées des exploitations agricoles, parfois épandus sur les cultures
en tant qu’engrais, peuvent contenir des résidus d’antibiotiques, des génes de résistance aux antibio-
tiques, et des bactéries résistantes aux antibiotiques (CHEN, AN et al. 2019; YANG et al. 2020; ZHANG,
Liu et al. 2021)). Ainsi, les sols amendés au fumier contiennent plus de genes de résistance que les
sols non amendés ou les sols fertilisés a partir d’engrais chimiques commerciaux (HE, YUAN et al. 2020).
Cela pourrait étre d(i a la fois a I'introduction de bactéries résistantes aux antibiotiques, et a la pression
de sélection exercée par les résidus d’antibiotiques. De plus, cet effet est durable : les sols amendés
contiennent encore davantage de génes de résistance que les sols non amendés 5 ans apres I'épandage
(LAROUCHE et al. 2020). Cette contamination des sols peut ensuite se propager. D’'une part, les légumes
cultivés sur des sols amendés au fumier sont régulierement contaminés par des génes de résistance
(Gao et al. 2020). D’autre part, il existe une corrélation entre la densité de bétail et la présence de bac-
téries résistantes dans les rivieres attenantes (TENG et al. 2021). Du reste, le stockage externe du fumier
produit des bioaérosols qui facilitent le transfert des résistances dans I'environnement par voie aérienne
(ZHANG, ZHENG et al. 2021b). In fine, I'isolement de micro-organismes résistants aux antibiotiques a par-
tir de divers types de viande a été abondamment rapporté dans la littérature (voir par exemple ABASS
et al. 2020; GESER et al. 2012; LEg, CHO et al. 2018 ; MASHAK et al. 2020; PUANGSEREE et al. 2021). De
fait, lors de I'abattage, la surface de la carcasse et les découpes de détail peuvent étre contaminées par
des organismes provenant de la peau et du contenu intestinal de I'animal, mais aussi des mains des
travailleurs et de I'environnement de I'abattage (DRIESSEN et al. 2020). Il n’est donc pas surprenant que
si les animaux élevés pour la consommation de viande abritent des micro-organismes résistants aux

antibiotiques, ceux-ci se retrouvent dans la viande a consommer (MAssOT et al. 2021).

3.3 Les sociétés humaines face aux résistances antibiotiques

3.3.1 Historique de la réponse humaine aux résistances antibiotiques

La réponse apportée face au probleme de la résistance antibiotique n’a pas toujours été la méme
et notre situation actuelle est en partie le produit des mesures prises ou non prises. Il est donc crucial
de regarder comment notre réponse actuelle s’inscrit dans I’histoire des politiques de réponse précé-
dentes. Au cours des 80 derniéres années, la préoccupation face a la résistance aux antibiotiques a dé-
pendu de plusieurs facteurs tels que : la distribution des bactéries résistantes, la capacité et les efforts

de détection, les pratiques de I'agro-industrie, la capacité de I'industrie pharmaceutique a conserver
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une longueur d’avance sur la résistance, et la coordination des efforts financiers et de développement
des infrastructures pour attirer I'attention sur la résistance microbienne et y faire face. Une observation
rétrospective englobant I’'Europe et les Etats-Unis a permis de mettre en évidence 5 périodes mondiales

occidentales et sont synthétisées dans la figure 4.

Période d’optimisme Préoc.cupation Pris? de Accélération des initiatives wa.l e
croissante conscience majeur
1930 1940 ‘ 1950 1960 1970 1980 1990 2000 2010

Lexistence de la
résistance est connue.

Premiéres alertes sur les
prescriptions d’antibiotiques
Premier sommet de 'OMS

Rapport Davies : la résistance aux
antibiotiques est un probléme aussi grave
que le réchauffement climatique.

Découverte du transfert horizontal
des génes de résistance
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FIGURE 4 — Historique de la réponse humaine aux résistances antibiotiques.

a De 1945 a3 1963 : de l'optimisme face a un probléme mineur

Le potentiel de résistance aux antibiotiques cliniquement pertinents était déja reconnu dans les
années 1940 (FLEMING 1945), et I'existence de résistance aux sulfamidés pendant la Seconde Guerre
mondiale avait placé les cliniciens en alerte (LEscH 2007). Dés les années 1950, certains spécialistes des
maladies infectieuses et médecins généralistes prédisaient que l'utilisation des antibiotiques devien-
drait de plus en plus difficile (BATTEN 1955), et la recherche pointait déja le réle de la prescription des
antibiotiques a lI'aveugle (HUssAR et HoLLEY 1954). Cependant, a cette époque, le probléme reste ignoré
en dehors du monde académique et peu de moyens sont investis pour coordonner la résistance au-
dela de I'échelle locale. Notamment, un sommet d’experts a été réuni par 'OMS en 1959, mais aucune
coordination internationale en matiére de surveillance ou d’utilisation n’est ressortie (PoboLsky 2018).
De plus, le développement de nouveaux antibiotiques a large spectre (tétracycline, chloramphénical,
etc.) dans les années 1950 entretenait un climat optimiste quant a la capacité de I'industrie pharmaceu-
tique a gagner la course aux armements engagée avec les microbes via le développement de nouvelles
molécules (PoboLsky 2015).

22



b De 1963 a 1981 : une préoccupation croissante

Loptimisme commence pourtant a décliner dans les années 1960, avec la découverte du transfert
horizontal intra- et inter-espéce de la résistance par le biais des MGE (WATANABE 1963). En 1969, le
rapport Swan préconise l'interdiction de l'utilisation des antibiotiques thérapeutiquement pertinents
comme facteurs de croissance dans le milieu agricole (Bubp 2007). Cependant, I'impact de ce rapport
a été limité (THoms 2012) : dans les pays qui ont adopté le texte, des stratégies pour compenser les
pertes économiques n‘ont pas été mises en place et ont conduit a des comportements abusifs comme
la surprescription thérapeutique vétérinaire. De plus, le manque de données sur I'impact des antibio-
tiques en milieu agricole a permis aux groupes d’influence de 'agro-industrie de faire valoir I'impact
économique du retrait des antibiotiques pour empécher les interdictions jusque dans les années 1970
(McKENNA 2007). Au contraire, dans les années 1970, un plus grand effort est portée a restreindre la
prescription d’antibiotiques en milieu médical, qualifiées “d’irrationnelle” (GiBBs et al. 1973 ; ROBERTS
et VISCONTI 1972; SIMMONS et STOLLEY 1974).

¢ De 1981 a 1992 : une prise de conscience mondiale

La préoccupation n’ayant pas percolé au-dela des pays industrialisés, de nouvelles infections résis-
tantes a médiation plasmidique ont continué a étre décrites au cours des années 1970. 'OMS a com-
mencé a s'emparer du probléme en organisant des groupes de travail en 1976 puis en 1978. Cependant,
ce n’est qu’en 1981 que la Déclaration concernant I'utilisation abusive d’antibiotiques dans le monde, im-
pliqguant des chercheurs de 27 pays, a établi un consensus sur le « probleme de santé publique mondial »
posé par la résistance aux antibiotiques. Cette déclaration rassemblait un ensemble de préoccupations
et de recommandations exigeant une coordination et une diversification de la part de la communauté
mondiale. Cette déclaration a servi de point d’ancrage a la constitution de I'Alliance pour l'utilisation
prudente des antibiotiques (APUA), groupe international dédié a I'éducation et la réglementation de la

vente et de 'utilisation des antibiotiques.

d De 1992 a 2013 : une accélération des initiatives

Un prix Nobel va aider a la diffusion publique du probléme de la résistance (PoboLsky 2015) : Jo-
shua Lederberg a recu en 1958 la distinction pour ses études sur les échanges génétiques bactériens.
S’exprimant en 1988, Lederberg a évoqué la nécessité pragmatique et morale de faire face aux mala-
dies infectieuses comme une préoccupation mondiale partagée comparable aux maladies émergentes
(LEDERBERG 1988). Un rapport dont il sera le commendataire quelques années plus tard posera l'origine
multifactorielle de la résistance aux antibiotiques (LEDERBERG et OAKS 1992). Ce rapport a déclenché
une série de rapports politiques gouvernementaux et d’experts, mais aussi une présence durable dans
des revues a fort impact. Des pathogénes résistants deviennent emblématiques comme les infections
a staphylocoques résistants a la méthicilline (SARM), ou la pneumonie a pneumocoques, ainsi que cer-
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tains ignorées par les hopitaux et cliniques occidentales comme le paludisme résistant et la tuberculose
(GARRETT 1994). Lexpertise en matiere de lutte contre la résistance aux antibiotiques s’est progressi-
vement déplacé vers I'Europe ou, grace a I'expérience acquise durant I'épidémie d’encéphalite spongi-
forme bovine, un comité d’experts a conduit a la création d’un systéme européen de surveillance des
résistances (EARSS, puis EARS-Net) en 2001 (Bup 2007). Notamment, les pays nordiques sont devenus
des modéles mondiaux en ce qui concerne la gestion des antibiotiques : le consortium de la Finlande, la
Suéde et du Danemark ont organisé des campagnes nationales d’éducation au milieu des années 1990
pour préserver |'utilité clinique de ces médicaments (SORENSEN et MONNET 2000). Enfin, 'OMS s’est plei-
nement engagée sur la question des résistances a partir des années 1990 avec des groupes de travail et
des réunions tout au long de la décennie (WORLD HEALTH ORGANIZATION 1994, 1997, 1998). En 2001, il a
publié sa Stratégie mondiale pour le confinement de la résistance aux antimicrobiens en commencant a
attirer I'attention sur les implications économiques et nationales plus larges d’'une résistance généralisée
(WORLD HEALTH ORGANIZATION 2001). La nécessité d’'une approche mondiale partagée de la résistance
aux antibiotiques est ainsi devenue I'un des principes centraux des déclarations de 'OMS. La résistance
aux antibiotiques est maintenant présentée publiquement comme un probléeme mondial qui nécessite

des interventions multisectorielles et collaboratives.

e Depuis 2013 : un probleme aussi important que le changement climatique

En 2013, deux rapports ont pointé I'urgence de la situation. D’une part, le rapport Davies met sur un
pied d’égalité le changement climatique et une résistance antimicrobienne généralisée (DAVIES 2013),
et prédit, si la résistance n’est pas contrélée, des taux de mortalité liés aux infections comparable a ceux
de I'ére victorienne (SHALLCROSS et al. 2015). D'autre part, le rapport des CDC américains attirent I'atten-
tion sur des agents pathogenes nouvellement prioritaires, tels que les entérobactéries résistantes aux
carbapénémes ou multirésistants (CENTERS FOR DISEASE CONTROL AND PREVENTION 2013). L'attention est
particulierement portée sur 'augmentation mondiale de la consommation d’antibiotiques (35% entre
2000 et 2010), dont 76% est imputable au Brésil, la Russie, I'Inde, la Chine, et 'Afrique du Sud, méme si
on concoit la nécessité de préserver ou d’améliorer I'accés aux antibiotiques dans les pays en dévelop-
pement (ARDAL et al. 2016). Dans ce contexte, ’'OMS a publié son Rapport mondial sur la surveillance
de la résistance aux antimicrobiens et son Plan d’action mondial sur la résistance aux antimicrobiens
(WHO 2015; WoORLD HEALTH ORGANIZATION 2014) et, en 2017, un rapport de la Banque Mondiale af-
firme que, sans contréle, la résistance pourrait entrainer des ralentissements massifs de I'économie
mondiale (WoORLD BANK 2017). Finalement, 'ONU a créé un groupe de coordination inter-institutions
sur la résistance aux antimicrobiens (ARDAL et al. 2016), pour plaider en faveur d’une action contre la
résistance antibiotique au plus haut niveau politique et pour attirer I'attention et le financement sur
ceux dont la mission déclarée est de prévenir une ére post-antibiotique. Parmi les différentes actions
recommandées : augmenter la surveillance et le dénombrement réel de |'utilisation et de la résistance

aux antimicrobiens, réduire I'incidence de la résistance aux antimicrobiens, et augmenter 'offre de nou-
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veaux antimicrobiens. Cependant, a I’heure actuelle, la surveillance dépend majoritairement de groupes
philanthropiques, et moins d’un tiers des états membres de 'OMS participent au systeme mondial de
surveillance des antimicrobiens.

3.3.2 De la santé individuelle aux approches One health et Global health

A travers une rétrospective historique, on peut donc constater que les sociétés ont tenté de contour-
ner le probléme de la résistance aux antibiotiques par plusieurs angles d’attaques, tous ayant en com-
mun une approche de santé individuelle. Selon cette approche, il faut chercher a caractériser les résis-
tances, et a les traiter/contourner les unes apreés les autres, ainsi qu’a éviter la propagation notamment
au sein des hdpitaux. Cependant, comme expliqué dans les sections précédentes, de nombreuses ré-
sistances émergent et/ou se propagent hors des hopitaux et des élevages (c’est-a-dire des lieux ou les

antibiotiques sont majoritairement consommeés), notamment dans les écosystémes naturels.

Global Health
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FIGURE 5 — Approches One Health et Global Health de la propagation des résistances aux antibiotiques.
D’aprés HERNANDO-AMADO et al. 2019.

Létude du phénoméne doit donc intégrer I'étude des écosystemes naturels et les processus socio-
culturels qui favorisent I'émergence et la propagation des résistances. Depuis les deux dernieres décen-
nies, ce raisonnement a amené a I'’émergence de I'approche One Health (littéralement une seule santé)
des problématiques de santé publique : les problémes de santé publique (infections émergentes, résis-
tance aux antibiotiques) sont intrinséquement liés a la santé des écosystémes anthropisés et naturels.
Selon cette approche, la gestion d’'un probléme de santé publique nécessite de comprendre les diffé-

rentes interactions entre les environnements anthropisés et naturels, et donc de potentiellement ne
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plus seulement agir a I'échelle des patients, mais également a I'échelle d’écosystémes entiers et d’agir

sur les interactions entre écosystémes.

En outre, du fait de la mondialisation des échanges, il devient clair qu’un probleme de santé au
niveau local, tel que la présence de bactéries résistantes dans une région, se propage rapidement et peut
ainsi devenir mondial. En particulier, il a été démontré que les bactéries résistantes aux antibiotiques
peuvent se propager d’un continent a un autre par le biais de transports de marchandises (LE HELLO
et al. 2011) ou par le biais de courants océaniques (YU et al. 2018). A 'approche One Health, il est donc
crucial d’associer une approche de santé globale (Global Health), pour développer des stratégies a long

terme et a grande échelle de gestion de la résistance (HERNANDO-AMADO et al. 2019, figure 5).

26



Section Il : Problématique générale de la these

La résistance aux antibiotiques est un phénomene global, qui ne se restreint pas a un unique pays ou
un unique biome. On retrouve des preuves de transmission a grande échelle : écologique, géographique,
et phylogénétique. Résoudre la crise actuelle nécessite donc d’étudier le probleme a I'échelle mondiale,

et de comprendre les phénoménes qui participent a cette transmission.

Cette these vise a mieux comprendre les forces et mécanismes qui définissent la direction et le
mouvement des genes de résistance et a les replacer dans une perspective éco-évolutionniste, dans le
but de prédire et de ralentir leur propagation. En particulier, les objectifs de cette these sont :

— de fournir une étude de la propagation aux antibiotiques aux échelles les plus larges possibles;

— de décrire les patrons de propagation de la résistance a différents niveaux;

— de mesurer la part relative de certains facteurs clés qui pourraient y étre associés.

Pour ce faire, les travaux présentés dans cette thése se focalisent sur la résistance aux aminogly-
cosides. Ces antibiotiques sont parmi les premiers a avoir été découverts, la streptomycine ayant été
isolée de Streptomyces griseus en 1943. A cette époque, ils sont les premiers a avoir montré une effica-
cité dans la lutte contre les infections a bactéries Gram-négatives (en particulier contre la tuberculose).
Depuis, leur utilisation s’est étendue a une grande variété d’infections : des plus bénignes comme les
otites externes a tympan fermé (néomycine), jusqu’aux plus graves comme les endocardites (strepto-
mycine, gentamicine) ou les septicémies (différents types d’aminoglycosides). Cependant, ces antibio-
tiques présentent une néphrotoxicité réversible, mais surtout une ototoxicité irréversible qui peut me-
ner jusqu’a la surdité. De plus, au contraire d’autres familles, les aminoglycosides ne peuvent avoir une
action systémique que lorsqu’administrés par voie intraveineuse. Ces antibiotiques ont donc été peu
a peu écartés des traitements de premiére intention en médecine humaine a partir des années 1970.
Toutefois, leur usage reste encore relativement répandu en médecine vétérinaire et en agriculture. A
titre d’'example, en 2015, les aminoglycosides représentaient toujours 3.5% des ventes d’antibiotiques
a destination des animaux de ferme en Europe, et peuvent avoir une usage systématique dans le cadre
de certaines pathologies en élevage, telle que la diarrhée post-sevrage des porcelets (DUIJKEREN et al.
2019). Ainsi, la résistance aux aminoglycosides reste particulierement prévalente parmi les bactéries
échantillonnées chez des animaux domestiques : au Danemark, 85% des échantillons de Salmonella spp.
serovar Kentucky isolés chez des dindes ne sont pas susceptibles aux aminoglycosides, et en ltalie, jus-
gu’a 67% des échantillons d’Escherichia coli sont résistantes a au moins une aminoglycoside (DUIJKEREN
et al. 2019). Par conséquent, bien que les aminoglycosides sont moins utilisées en médecine humaine,
la résistance a cette famille reste un probléme majeur, au moins pour la production alimentaire. Par
ailleurs, les aminoglycosides sont naturellement produites par certains taxons bactériens (Streptomyces
et Micromonospora, depuis au moins 30000 ans, D’CosTA et al. 2011) vivant dans le sol et la matiere vé-
gétale en décomposition. Par conséquent, de méme que pour d’autres familles de résistance beaucoup

plus étudiées (telles que les B-lactamases), la résistance aux aminoglycosides évolue dans de nombreux
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contextes écologiques différents, depuis lesquels elle est susceptible de se propager et de générer des
risques sanitaires.

Dans le cadre de ma these, mes travaux se penchent sur un mécanisme de résistance aux amino-
glycosides : les enzymes altérant les aminoglycosides (AME, aminoglycoside-modifying enzymes). Ces
enzymes empéchent la fixation des aminoglycosides au ribosome bactérien, en leur ajoutant un groupe-
ment acétyl, phosphoryl, ou nucléotidyl. Cet ajout de groupement peut se faire a différentes positions de
la chaine carbonée, ce qui implique I'existence d’une trés grande diversité d’AME conférant une grande
diversité de spectre de résistance. Ainsi, on sait que les AME sont apparues a plusieurs reprises au cours
de I'évolution des Eubactéries (SALIPANTE et HALL 2003). Contrairement a d’autres types de résistances
(par exemple les pompes d’efflux), les AME sont de simples enzymes cytoplasmiques et ne conférent
de résistance qu’aux aminoglycosides. Elles peuvent donc potentiellement étre exprimées et conférer
une résistance chez toutes les bactéries, et les aminoglycosides sont les seuls antibiotiques susceptibles
de les sélectionner. D'autres mécanismes de résistances aux aminoglycosides sont décrits (modification
de la cible ribosomique par exemple, voir partie 1.1.2). Cependant, les AME restent actuellement le
principal mécanisme impliqué (RAMIREZ et TOLMASKY 2010).

Le premier chapitre de ma thése (section Ill) est consacré a la mise en place d’un outil de détection
de plasmides dans les jeux de données génomiques. Cet outil facilite I'étude de I'association entre génes

de résistance et MGE dans les tres larges jeux de données.

Le second chapitre de ma thése (section V) porte sur la distribution mondiale des AME : au niveau
phylogénétique chez les Eubactéries, au niveau écologique dans les écosystéemes continentaux, et au ni-
veau géographique. Les travaux développés dans ce chapitre décrivent le patron de propagation spatiale
et temporelle des genes encodant les AME tant par le biais de la structuration naturelle (continentale
et écologique), que par le biais des activités humaines (consommation d’antibiotiques, commerce de
biens, et migrations humaines).

Enfin, dans un dernier chapitre (section V), jaborde la propagation phylogénétique des génes enco-
dant les AME par le biais du HGT. D’une part, ce chapitre développe une méthode de reconstruction des
réseaux de propagation de ces genes entre différents taxons. D’autre part, I'analyse des réseaux de pro-
pagation permet l'identification des partenaires privilégiés du transfert horizontal des AME, ainsi que

les facteurs modulant la probabilité d’échange.
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Section Il : Caractérisation des éléments
génétiques mobiles dans grands jeux de
données génomiques

Les plasmides sont des fragments d’ADN extra-chromosomiques qui se répliquent de maniéere au-
tonome dans les cellules bactériennes. lls portent souvent des genes qui peuvent apporter un béné-
fice dans des conditions environnementales spécifiques. A ce titre, de nombreux plasmides portent des
génes de résistance aux antibiotiques. Depuis l'article fondateur de WATANABE 1963, les plasmides ont
été particulierement étudiés pour leur role dans la propagation des résistances antibiotiques, et no-
tamment par transfert horizontal. A I’'heure actuelle, de nombreuses résistances sont essentiellement

connues comme médiées par des plasmides.

Dans le cadre de cette these, il est donc essentiel de pouvoir prendre en compte |'association entre
génes de résistance et plasmides. Lobjectif est de pouvoir le faire sur le jeu de données génomiques le
plus large possible, afin d’établir un regard le plus complet possible sur la propagation des résistances
antibiotiques. Toutefois, a I’'heure ol de trés nombreux génomes bactériens ont été séquencés, seuls
10% de ceux publiés sur la base de données NCBI Assembly ont été complétement assemblés, et leurs
éventuels plasmides annotés. Ce jeu de données restreint est déja une source d’informations précieuses,
mais elle est largement biaisée en faveur des quelques taxons les plus séquencés. Son extension a tous
les génomes bactériens partiellement assemblés permettrait de prendre en compte une plus large di-

versité bactérienne, potentiellement échantillonnée dans une plus large diversité de milieux.

Pour ce faire, il est essentiel de pouvoir identifier les contigs (fragments d’ADN partiellement assem-
blés a partir de reads) d’origine plasmidique au sein des génomes partiellement assemblés (a I'état de
drafts ou de scaffolds). Cette thése n’est pas la premiére a avoir identifié cette problématique et, depuis
plusieurs années, de nombreux outils bioinformatiques ont été développés afin de pallier ce manque.
Initialement, le premier outil d’identification de plasmides est PlasmidFinder qui comporte une base
de données de réplicons provenant de bactéries Gram-positives et d’Entérobactériales, et a laquelle on
peut comparer des séquences inconnues grace a I'outil de recherche de similarité de séquences BLASTnh.
Cet outil, de méme que les outils basés sur la recherche d’homologie, a 'avantage d’identifier avec une
trés grande précision les séquences qui ressemblent a ses réplicons. En revanche, toute la force de cet
outil repose dans sa base de données : toute séquence qui s’en éloigne un tant soit peu ne pourra pas
étre identifiée, et cet outil a donc une sensibilité trés limitée.
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Face a ce manque, amplifié par l'arrivée d’especes inconnues dans les bases de données du fait
de I'échantillonnage de métagénomes, de nouvelles approches ont été développées. Ces nouvelles ap-
proches se basent, pour la plupart, sur des méthodes sans alignement (par exemple, les fréquences
de k-mers) de sorte a ne plus dépendre de bases de données, et sur I'apprentissage supervisé, qui aug-
mente le pouvoir de résolution de ces méthodes. Ces nouvelles méthodes élargissent considérablement
la gamme de taxons bactériens ol des plasmides peuvent étre détectés. En revanche, cette sensibilité
accrue se fait au prix d’une précision réduite, et d’une fiabilité quasi-nulle sur les contigs les plus courts
(en dessous de 1000 paires de bases). De plus, comme on le verra dans ce chapitre, ces méthodes

donnent parfois des résultats trés peu concordants les uns avec les autres.

Dans ce chapitre, je développe une nouvelle méthode bioinformatique de détection de plasmides,
spécifiquement orientée vers les jeux de données génomiques. Cette méthode, nommeée PlasForest,
repose sur une base de données de séquences plasmidiques connues et un classifier basé sur une fo-
rét d’arbres de décision aléatoire. Dans un premier temps, chaque séquence qu’on souhaite classer est
comparée a la base de données grace a BLASTn. Dans un second temps, plusieurs caractéristiques de
cette séquence sont extraites : d’une part, des statistiques liées a la couverture de cette séquence par
celles de la base de données, et d’autre part, le pourcentage de bases G ou C dans la séquence. Ces
caractéristiques sont ensuite fournies a I'algorithme de classification, qui en ressort une identification :
soit comme séquence chromosomique, soit comme séquence plasmidique. PlasForest a été testé sur
plusieurs nouveaux jeux de données, et ses performances dépassent largement celles de 4 autres outils
d’identification publiés peu de temps auparavant. En particulier, PlasForest réussit a concilier forte sen-
sibilité et forte précision, et sa fiabilité est toujours élevée sur les contigs les plus courts. Cet outil est

donc utilisé dans la suite de la thése pour la recherche de plasmides.
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Abstract

Background: Plasmids are mobile genetic elements that often carry accessory genes,
and are vectors for horizontal transfer between bacterial genomes. Plasmid detection
in large genomic datasets is crucial to analyze their spread and quantify their role in
bacteria adaptation and particularly in antibiotic resistance propagation. Bioinformat-
ics methods have been developed to detect plasmids. However, they suffer from low
sensitivity (i.e., most plasmids remain undetected) or low precision (i.e, these methods
identify chromosomes as plasmids), and are overall not adapted to identify plasmids in
whole genomes that are not fully assembled (contigs and scaffolds).

Results: We developed PlasForest, a homology-based random forest classifier identify-
ing bacterial plasmid sequences in partially assembled genomes. Without knowing the
taxonomical origin of the samples, PlasForest identifies contigs as plasmids or chromo-
somes with a F1 score of 0.950. Notably, it can detect 77.4% of plasmid contigs below

1 kb with 2.8% of false positives and 99.9% of plasmid contigs over 50 kb with 2.2% of
false positives.

Conclusions: PlasForest outperforms other currently available tools on genomic data-
sets by being both sensitive and precise. The performance of PlasForest on metagen-
omic assemblies are currently well below those of other k-mer-based methods, and we
discuss how homology-based approaches could improve plasmid detection in such
datasets.

Keywords: Plasmid identification, Homology, Random forest classifier, Genomic
datasets

Background

Plasmids are extra-chromosomal fragments of DNA that replicate autonomously in the
host cell. They often carry genes that can provide a benefit under specific environmen-
tal conditions [1]. These mobile genetic elements remain a major biological concern for
health and agriculture policies due to their ability to accumulate and spread resistance
genes. Indeed, the frequency of plasmids, and of the resistance genes they carry, can
increase quickly in populations thanks to their high mobility both within hosts (through

©The Author(s), 2021. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
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party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-
rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/
creativecommons.org/licenses/by/4.0/. The Creative Commons Public Domain Dedication waiver (http:/creativecommons.org/publi
cdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.
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chromosomal integration) and between hosts (through horizontal gene transfer, hereaf-
ter HGT). Due to their high mobility and the function of the genes they carry, plasmids
have a great ecological importance in many bacterial communities.

Until recently, the identification and isolation of these mobile genetic elements was
limited to a narrow subsample of the bacteria diversity. Most past studies have only
focused on specific species-plasmid associations of medical or agronomic interest [2,
3]. On the one hand, the plasmid characteristics determining their role in resistance
propagation were established by phenotypic approaches, which require the focal strain
to grow on culture media. These approaches could assess the ability of genetic elements
to transfer small conjugative plasmids carrying selectable markers into a new recipient,
i.e. transfer, replication and expression of selectable markers [4], but were useless for non
conjugative plasmids. On the other hand, PCR-based detection methods [5] could detect
the number of copies for specific plasmid sequences, but did not allow to understand the
ecological characteristics of mobile genetic elements, as for example their host range.

The fast development of sequencing technologies and reduction of sequencing costs
led to the rapid increase of available genomic and metagenomic data sets. This mate-
rial contains a vast amount of information on plasmid diversity, plasmid host-range,
resistance conferred to specific host taxa, etc. that could allow to better understand
the circulation and spread of plasmids and the genes they carry. Accessing this infor-
mation requires new tools to process partially assembled datasets to identify plasmids
sequences.

Well-defined plasmids can be identified through homology search (e.g., Plasmid-
Finder [6], PLACNET, PLACNETw [7]). These programs basically look for similarities
between a query sequence and a local database. Query and subject sequences are usually
quite long (at least several hundreds of bases), so the probability of finding similarities
by chance (and thus to wrongly identify a sequence as plasmid) is very low. Homology
search is usually very precise and reliable. However, current data limitations can sub-
stantially decrease the sensitivity of this method. Indeed, it requires an exhaustive data-
base composed of a wide variety of genomics data, enough to cover many taxa, and even
if this is the case, rare plasmids may not be identified. In particular, the range of taxa in
which a plasmid can be replicated and maintained (i.e., its host range [5]) can greatly
vary: some being restricted to a few close species, and others consisting in a wide range
of taxa across the phylogeny. Thus, plasmids with a narrow host range (especially when
only present in uncultivated species) could be nearly impossible to identify through
homology.

In the absence of an exhaustive database, an accurate identification method requires
to define broader associations with plasmids. This can be achieved by the reconstruction
of plasmids through homology-based clustering (PLACNET, PLACNETw [7], MOB-
recon [8]): the query sequences which are homologous to the same reference plasmid
sequences are likely to be part of the same plasmids. This approach can be successful in
two cases: (1) if the generated graphs are manually pruned by an expert user (PLACNET,
PLACNETw [7], but this strongly impedes the possibility to apply this method to large
datasets) and (2) if the query sequences are also compared to complementary databases
(e.g. insertion sequences and repeated elements, MOB-recon [8]).
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Other algorithms identify plasmids in draft genomes and metagenomes without rely-
ing on homologies, but rather on k-mers frequencies: PlasFlow [9]; cBar [10]; Plasmid-
Seeker [11]; PlasClass [12]; PPR-Meta [13]). Scoring sequences based on their k-mers
frequencies is quick, automated, and adaptable to various data, and may result in valu-
able predictions (e.g., more than 95% of correct predictions for PlasFlow [9]). However,
the frequencies of k-mers cannot be estimated with precision in a short contig, even
when short k-mers (e.g., 7-mers for PlasFlow [9]) are used. For this reason, k-mer-based
methods systematically rule out contigs below 1 kb. To get around such limitations,
more recent approaches rather rely on mathematical models of sequence composition,
such as one-hot matrices (PPR-Meta, [13]), thereby achieving better performances on
short sequences.

Overall, the current plasmid identification methods are limited, in either precision or
sensitivity. These limitations are not problematic for certain applications: for example,
k-mer-based methods are well adapted to detect plasmid sequences in metagenomics
samples containing many uncultivable species and homology-based approaches are well
suited if users focus only on a few plasmids of interest. Yet, no tool is currently avail-
able to classify, with both high precision and sensitivity, a large data set of sequences
as plasmid or chromosome. Such a tool would be very useful for example to monitor
the spread of a gene family (e.g., antibiotic resistance genes) using partially assembled
genomic datasets. Indeed, 90% of available assemblies on public repositories (up to 100%
for species with few sequenced genomes) are partially assembled genomes (contigs or
scaffolds). It is thus not possible to rely on the size of the genomic elements and their
content in specific sequences (as ribosomal RNA genes or origin of replications) to clas-
sify them as chromosome or plasmids and an accurate plasmid identification method is
required.

Here, we present PlasForest, a new tool for classifying contigs in partially assembled
genomic datasets as plasmid or chromosome. Contrary to classical homology-based
tools, our method does not attempt to assign query contigs to specific subject sequences,
but rather to sort contigs in plasmid and chromosome sequences through a machine
learning algorithm fed with parameters extracted from an homology search against an
exhaustive plasmid database, as well as other variables (e.g., contig size and %G + C con-
tent). PlasForest can discriminate plasmids from chromosome sequences with an overall
F1 score of 0.950 for any bacterial contig in genomic datasets. In particular, PlasForest is
able to detect up to 77.4% of plasmid contigs under 1 kb with only 2.8% false-positives
and up to 99.9% of plasmid contigs over 50 kb with less than 2.2% false-positives. Com-
pared to other currently available tools, PlasForest has a significantly better capacity
to correctly identify plasmids from chromosomes in partially assembled genomes. We
implemented this tool in a user-friendly pipeline able to identify plasmids in large data-
sets in a reasonable amount of time.

Results

PlasForest is a tool that allows to assign contigs in genomic datasets to plasmid or chro-
mosome by using a random forest classifier on variables extracted from a homology
search. We tested the sensitivity of its performances to various changes in the training
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process, and we provide a comparison with other classical plasmid identification tools
on large genomic datasets.

Pipeline description

A pipeline executing all analyses required for PlasForest was encoded in Python 3.6. This
pipeline performs all the different steps described in Fig. 1. First, it filters query contigs
by their annotations, to avoid re-identification of sequences already described as chro-
mosome or plasmid (step 1). If the user wants to re-assign contigs with Plasforest, this
step can be skipped with option -r. Feature acquisition (step 2) consists of submitting the
filtered sequences to BLASTn against a local copy of the plasmid database, and calcula-
tion of the overlaps between query and subject sequences. Features are then computed
for each query contig on its sequence and the distribution of overlaps. The pipeline thus
extracts seven features: average overlap, contig size, G+ C content, max overlap, median
overlap, number of hits, variance overlap (see Fig. 2A). The classification (step 3) passes
features to the random forest classifier, which outputs the predicted identification for
each query contig. The output can also include the best hits that were found in the plas-
mid database with option -b and/or the features used for classification with option -f.

Progression of the pipeline can be displayed if run with option -v. Predictions can be

Input FASTA file
Y

"plasmid"/‘chromosome"
annotation?

i 1. Filtering of annotations

No

\

Sequences classified } Temporary '
according to annotations FASTA file H

2. Features acquisition

Plasmid

Blopython ) database

G+C contents
Contig sizes

Table of hits
Distribution
of overlaps

Table of features

3. Classification

Random forest
classifier

Sequences classified
as plasmid origin

Sequences classified
as chromosome origin

'S Output CSV file

Fig. 1 General method of classification implemented in PlasForest
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Fig. 2 Chosen features and their importances in the classification process. A Schematic representation of
the features extracted from contigs, including homology-based features (number of hits, maximum overlap,
average overlap, median overlap, variance of overlaps, contig size) and sequence-based feature (G+C
content). B Impurity-based feature importance computed with scikit-learn library for the seven features kept
in the classifier

split to several threads with the multithreading option -threads and/or to several batches
with the option -size_of batch.

We tested runtime and memory usage for the pipeline on a subset of 1000 contigs
randomly drawn from the COMGENOME dataset (see Methods). For a single thread,
PlasForest takes on average 490 s and uses a maximum of 2.3 gigabytes of memory (com-
pared to respectively 300 s and 600 megabytes for PlasClass—a k-mer-based tool—on
the same dataset). The evolution of these performances with the number of threads is
displayed in Additional file 1: Fig. S1.

Reliability of the classification method

PlasForest was trained on artificial draft genomes, created by randomly cutting com-
pletely assembled genomes into contigs following a size distribution observed in actual
draft genomes (Additional file 4: Table S1), that we called balanced training set (Addi-
tional file 5: Table S2A). When run on the testing set (Additional file 6: Table S2B) with
all seven features (Fig. 2A), PlasForest presented a good ability to discriminate between
plasmid and chromosome sequences, with both a high sensitivity (92.7%) and a high
precision (97.3%). We tested the sensitivity of PlasForest qualitative changes by evaluat-
ing the change in performance when adding or removing features in the training of the
classifier and when resampling the training dataset and the plasmid database.

The classifier was trained several times on the balanced training set, by feeding it with
different combinations of features. Predictions of the classifiers were made on the testing
set. The classification showing the highest MCC (Matthews correlation coefficient) was
the one using all the features considered (average overlap, contig size, G+ C content, max
overlap, median overlap, number of hits, variance overlap), and the three variables that
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showed the highest feature importance were the maximal overlap, the number of hits,
and contig size (Fig. 2B).

Bootstrapping the training set and the plasmid database showed that the performance
of PlasForest presents a very low sensitivity to the resampling of the training set (see
Fig. 3A). However, the performance of PlasForest decreases substantially when the com-
position of the plasmid database is resampled (see Fig. 3B). Removing sequences from
the plasmid database can therefore significantly diminish the ability of plasForest to cor-

rectly assign contigs.

Benchmark of plasmid identification methods

We compared the predictions of PlasForest on our testing dataset (see Table 1 and
Fig. 4), with those of three classification methods based on genomic signatures (PlasFlow
[9], PPR-Meta [13], and PlasClass [12]) and one classical homology-based classification
method (MOB-recon [8]). PlasmidSeeker [11] was not included in our analysis, because
it requires to know the species from which the genome comes and therefore cannot be
used on a wide scale.

PlasForest is overall the most sensitive classifier, being able to predict 92.7% of plasmid
contigs. However, for sequences below 2 kb, PlasForest is less sensitive than PlasFlow
with down to 77.4% of plasmids correctly predicted. PlasForest had the highest preci-
sion, followed by MOB-recon (with respectively 2.7% and 6.1% of sequences incorrectly
predicted as plasmids). The precision of PlasForest is lower than that of MOB-recon
only for contigs below 1 kb (respectively 2.8% and 0% of sequences incorrectly pre-
dicted as plasmids). On these two indices, PlasForest is therefore globally the best soft-
ware, though other classifiers can have higher sensitivity or precision for short contigs.
However, PlasFlow suffers from low precision, especially below 5 kb (up to 70.6% of false
positives between 1 and 2 kb), and the sensitivity of MOB-recon can be very low (down
to 0.3% of true positives below 1 kb, down to 50% above 50 kb). PlasForest therefore

(A) Resampling of the balanced training set (B) Resampling of the plasmid database
1.00
—_— . | . ) !
0.75
0.50
0.25
0.00
Sensitivity Precision F1 mMcc Sensitivity Precision F1 mMccC
Fig. 3 Sensitivity of PlasForest to resampling. A Performances after 50 resampling of the balanced training
set. B Performances after 50 resampling of the plasmid database. The initial performances of PlasForest on the
testing set are displayed with red dots. The distribution of performances for PlasForest when resampling 50
times either the plasmid database or the balanced training set are displayed in grey boxes
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Table 1 Compared performances of PlasForest and 4 other plasmid identification softwares on the
testing dataset

Contig size Index PlasFlow PlasClass Mob-Recon PPR-Meta PlasForest
[50 bp, 1 kb) Sensitivity 0.850 0.672 0.003 0.585 0.774
Precision 0373 0473 1 0.550 0.972
F1 0518 0.555 0.006 0.567 0.862
MCC 0.203 0.309 0.047 0.361 0.819
[1 kb, 2 kb) Sensitivity 0.832 0.749 0.888 0.763 0.826
Precision 0.294 0451 0.973 0.558 0.986
Fl 0434 0.563 0.928 0.644 0.899
MCC 0.284 0451 0914 0.555 0.883
[2 kb, 5 kb) Sensitivity 0.871 0.787 0.870 0.805 0.903
Precision 0.308 0464 0.946 0.552 0.975
F1 0455 0.584 0.907 0.655 0.938
MCC 0.386 0518 0.893 0.599 0.929
[5 kb, 50 kb) Sensitivity 0.899 0.816 0.729 0.889 0976
Precision 0.366 0432 0932 0413 0.971
F1 0.520 0.565 0.818 0.564 0973
MCC 0518 0.545 0.811 0.557 0.971
[50 kb, 4+ 00) Sensitivity 0912 0.761 0.500 0.944 0.999
Precision 0374 0423 0919 0.259 0.978
F1 0.530 0.544 0.648 0.406 0.988
MmccC 0.559 0.543 0.669 0459 0.988
Overall Sensitivity 0.883 0.785 0.670 0.831 0.927
Precision 0.348 0443 0.939 0431 0973
F1 0499 0.566 0.782 0.568 0.950
MCC 0483 0.531 0.775 0.540 0.945
1.004
Sors
%
8 . MOB-recon
.g . PlasClass
5 os0 B PiasFiow
:°: . PlasForest
é [ PPRMeta
g 0.25
0.004
<1kb <2kb <skb <50Kkb >50kb
Contig size
Fig. 4 Compared performances of PlasForest and 4 other plasmid identification methods on the testing set

outperforms all other programs on the composite indices as well, with the highest MCC
(globally 0.945, and even 0.988 for contigs above 50 kb) and the highest F1 score (glob-
ally 0.950, and even 0.988 for contigs above 50 kb), except for contigs between 1 and
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2 kb where it is outperformed by MOB-recon. Even for very short contigs (under 1 kb)
for which k-mers-based methods usually have poor results, PlasForest remains a reliable
classifier, with MCC=0.819 and F1=0.862 (respectively MCC=0.361 and F1=0.567
for PPR-Meta, the second-best classifier for these sizes).

Applicability of PlasForest to other datasets

We tested further the ability of PlasForest to predict contigs of plasmid origin on three
additional datasets. We also compared the results obtained with PlasForest to the results
obtained with the four other programs on these three datasets. The COMGENOME
dataset gathers artificial contigs, randomly cut with the same size distribution as the test-
ing set, but drawn from complete genomic assemblies that were released after the train-
ing and testing sets were constituted (Additional file 7: Table S3). The CONTIG dataset
contains partially assembled genomes which were present neither in the training nor in
the testing datasets (Additional file 2: List S1), and the METAGENOME dataset contains
genomes that were partially assembled from metagenomic short reads (extracted from
the datasets of [14] and [15], Additional file 3: List S2). Contrary to the COMGENOME
dataset, the genomes used to create the CONTIG and the METAGENOME dataset were
not annotated, so we could not measure the accuracy of the predictions of the different
programs on these datasets.

On the COMGENOME dataset (see Table 2), PlasForest performances are reduced
compared to its performances on the testing set, notably in sensitivity (only 54.3%
true positives, compared to 85.7% true positives detected by PlasFlow). Yet, PlasFor-
est remains as precise, with only 11.3% false positives (compared to 9.3% false positives
detected by MOB-recon). Overall, on this dataset, it remains the best classifier, with
MCC=0.663 and F1=0.674 (respectively MCC=0.522 for MOB-recon, and F1=0.538
for PlasFlow).

On the CONTIG dataset (see Fig. 5A), PlasForest and PlasFlow agree to predict that
14,427 contigs originate from plasmids (80.9% of plasmids predicted by PlasForest).
However, 52,999 contigs that PlasFlow detects as plasmids are identified as chromo-
somes by PlasForest (39.6% of chromosomes predicted by PlasForest). PlasFlow is thus
the plasmid identification method whose predictions resemble less those of PlasForest
(Cohen’s k=0.187). In general, plasmid identification methods based on k-mers disagree
with the predictions of PlasForest on this dataset (Cohen’s k=0.232 between PlasClass
and PlasForest, and Cohen’s k=0.205 between PPR-Meta and PlasForest). On the con-
trary, though PlasForest and MOB-recon only agree to predict that 7350 contigs origi-
nate from plasmids (41.2% of plasmids predicted by PlasForest), only 3783 contigs that

Table 2 Compared predictions of PlasForest and 4 other plasmid identification softwares on the

COMGENOME dataset

Index PlasFlow PlasClass Mob-Recon PPR-Meta PlasForest
Sensitivity 0.857 0.723 0338 0.665 0.543
Precision 0.392 0460 0.907 0414 0.887

F1 0.538 0.563 0493 0511 0674

MCC 0493 0.500 0.522 0436 0.663
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Fig.5 Agreement of plasmid identification for PlasForest and 4 other plasmid identification methods on the

CONTIG and METAGENOME datasets. A Number of contigs identified as plasmids in the CONTIG dataset. B

Number of contigs identified as plasmids in the METAGENOME dataset. The CONTIG dataset gathers 151,634

contigs collected from 1328 partially assembled genomes. The METAGENOME dataset gathers 143,663

contigs collected from 1000 partially assembled genomes drawn from metagenomic datasets

MOB-recon detects as plasmids are identified as chromosomes by PlasForest (2.8% of
chromosomes predicted by PlasForest). Predictions of MOB-recon and PlasForest thus
globally agree substantially (Cohen’s k=0.459).

On the METAGENOME dataset (see Fig. 5B), PlasForest and MOB-recon globally
identify very few contigs as plasmids (respectively 0.18% and 0.24% of contigs). On the
contrary, PlasFlow, PlasClass and PPR-Meta all predict a much higher number of con-
tigs as plasmids (up to 25.4% of contigs for PlasClass). However, it is important to note
that these three methods have a low level of agreement regarding which contigs are pre-
dicted to be plasmids: PPR-Meta and PlasClass agree on only 48.4% of contigs predicted
as plasmids by PPR-Meta (Cohen’s k=0.271), while this number drops to 36.8% when
comparing PPR-Meta and PlasFlow (Cohen’s k=0.269).

Discussion

PlasForest is a homology-based approach, combined with machine learning, which
detects plasmids in contig and scaffold genomes. Its operating principle is to seek
homologies between query contigs and a large plasmid database, and then to assign a
plasmid/chromosome identity to queries with a random forest classifier.

Here we showed that PlasForest is able to deal with large datasets without prior knowl-
edge of the taxonomic background, and that it identifies plasmids with both a high sen-
sitivity and a high precision in unassembled genomes. All the plasmid identification
software tested had either a higher false negative error rate or a higher false positive
error rate than PlasForest, especially on very short contigs (below 1 kb). PlasForest did
not always have the lowest individual error rates, but it optimized the tradeoff between
sensitivity and precision, and as a consequence had the highest values of the compos-
ite indices F1 and MCC for the vast majority of the size classes. In terms of biologi-
cal material, PlasForest can be used on draft genomes (in form of contigs and scaffolds)
as well as on assembled genomes. PlasForest has been trained and tested on artificial
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draft genomes and has good performance on them (overall MCC=0.945; and even
MCC=0.819 on contigs below 1 kb).

K-mer-based approaches were traditionally the most reliable plasmid identification
methods. However, the number of possible k-mers increases exponentially with k and
accurately estimating the frequency of all possible k-mers requires large contigs even for
small values of k. For example, estimating the frequency of all 256 possible 4-mers in
a contig requires thousands of bases, while the size of the shortest known plasmids is
below 1 kb [16]. Thus, PlasForest outperforms those methods, especially on short con-
tigs, because the quality of the genomic signature is much less dependent on contig size
with homology-based features than with k-mers. K-mer-based approaches are thus valu-
able only when used on long contigs or in some very specific contexts: for example, Plas-
midSeeker [11] achieves up to 100% sensitivity and 99.8% specificity in whole genome
sequencing reads by ruling out as chromosomal the k-mers which are shared with a
complete, reference assembly. However, the use of PlasmidSeeker on broad diverse
datasets is practically infeasible: it requires to know the species from which the genome
comes from and that at least one genome has been assembled for this species [11].

The high precision of PlasForest is inherited from its homology-seeking basis. Though
homology-based approaches may traditionally show little sensitivity, due to their inabil-
ity to detect unrelated plasmids, the performances of PlasForest and MOB-recon have
significantly improved plasmid identification. One of the reasons why PlasForest is as
sensitive as (or even more than) k-mer-based approaches is that it aggregates measures
of homologies in a classifier. Thus, it not only considers the presence of homologies,
but it also measures the quality and diversity of these homologies and this improves the
accuracy of the identification process.

Many bacterial species remain uncultivable but an increasing number of metagen-
omics tools have allowed access to genomic data in environmental samples without
the necessity of obtaining pure cultures. Other identification tools specially designed
for such data (e.g., PlasFlow [9]) offer the opportunity of taxonomic assignment of the
sequence identified as belonging to plasmids. During the development of PlasForest, we
addressed the classification of contigs from genomic (and not metagenomic) data into
plasmids or chromosomes. The pipeline of PlasForest offers the possibility to identify
which plasmids from the database have the strongest homology with the query. It should
be noted though, that the taxonomic assignment can strongly depend on (1) the plasmid
host range and (2) horizontal gene transfer events that are yet massively undetermined
in bacteria. Any attempt (from PlasForest or from any other method) of taxonomic
assignment for broad host range plasmids is thus at least imprecise and can sometimes
be impossible [17].

Finally, PlasForest is the best alternative for plasmid identification in genomic assem-
blies. However, as PlasForest mostly relies on homologies with a plasmid database, the
vast majority of plasmids it is able to detect are related to those of its database. It thus
showed reduced performances when resampling its database or when testing it on the
COMGENOME dataset, which included genomes published after the construction of
the training and test sets. Unrelated plasmids, especially with narrow host ranges or
when the host is uncultivable, are difficult to detect through this method so far. Thus,
in its current state, PlasForest cannot be applied to detect plasmids in metagenomic
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assemblies. Both PlasForest and MOB-recon, two identification methods that were
initially designed for genomic assemblies, detected very few contigs as plasmids in the
METAGENOME dataset. Though it is very difficult to predict the actual frequency of
contigs originating from plasmids, it is e.g. 12.7% in the COMGENOME dataset. It is
thus far higher than 0.2% so PlasForest and MOB-recon most probably have a very low
sensitivity for metagenomic assemblies. However, we argue that investing in homology-
based approaches for plasmid detection in metagenomic assemblies is crucial. Indeed,
methods based on detection of k-mers probably allow to detect a much higher number
of plasmid contigs in unknown species, but they also have a high false-positive rate: they
detected up to 25% of plasmid contigs in the METAGENOME dataset. We also showed
that their predictions are in high disagreement with one another, therefore rendering
them hard to rely on. That is why assembling methods such as metaPlasmidSPAdes [18]
also rely on homology search, but these methods only apply to newly sequenced datasets
and in general substantially increase the running time of assembly. As novel methods
to detect plasmids in metagenomes need to rely on homology search, new datasets will
be required. Some sequences from assembled plasmidomes (some being already avail-
able on MG-RAST database [19]) could be incorporated in the plasmid database of
PlasForest. But most importantly, when plasmids can be mechanically separated from
chromosomes in metagenomic samples [20], both chromosomes and plasmids should
be sequenced: PlasForest could then be trained on annotated metagenomic datasets. As
these datasets become more and more available, it will be possible to update PlasForest
such that it will become able to detect plasmids in metagenomes.

Conclusions

In its current state, among all softwares tested, PlasForest is the best identification
method for plasmids in contigs and scaffolds. As shown with the COMGENOME
dataset, PlasForest still outcompetes other methods on recently released genomes. We
released PlasForest as a user-friendly pipeline, including the trained classifier and the
plasmid database, directly available on GitHub (https://github.com/leaemiliepradier/
PlasForest). Further releases (at least on a half-year basis) will include a plasmid data-
base updated with the new plasmid sequences submitted to public repositories, and a
new classifier trained on this database. This complemented database should be regularly
trimmed, in order to keep it of reasonable size without decreasing the performance of
PlasForest. Especially in order to identify plasmids in metagenomic data with better
accuracy than k-mer-based approaches, plasmidomes should be included in the plasmid

database and the classifier should also be trained on annotated metagenomic assemblies.

Methods

The aim of PlasForest is to combine both the high precision of homology search with
the broad sensitivity of signature-based classifiers in order to discriminate contigs of
plasmid origins from contigs of chromosomes. We trained a classifier for which deci-
sion relies on the homology of sequences with a large database of plasmid sequences. We
simulated contigs by randomly cutting assembled genomes, to construct both a data-
set to train the classification algorithm (the training set) and a dataset to measure the
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classification performance (the testing set). We then compared the classification perfor-
mance to other plasmid identification tools.

Data collection

Plasmid database

All bacterial plasmid sequences were downloaded from the NCBI RefSeq Genomes FTP
server (ftp://ftp.ncbi.nlm.nih.gov/genomes/refseq; September 1st, 2019). This database
is composed of 36,450 sequences that we used as reference for homology seeking via
BLAST tool [21] (e-value <1073).

Training and testing datasets

To train the classifier and measure its performance, we randomly sampled 10,152 bacte-
rial genomes classified as ‘complete, downloaded from the NCBI Refseq Genomes FTP
server (ftp://ftp.ncbi.nlm.nih.gov/genomes/refseq).

To mimic the sequence material on which PlasForest will be applied (contigs from
unassembled whole genomes), the empirical distribution of contig sizes was established
from more than 100,000 Refseq unassembled genomes (see Additional file 4: Table S1
for the chosen distribution). This distribution was then artificially recreated from com-
plete genomes in the training and testing sets by cutting plasmids and chromosomes
at random locations and keeping a defined number of each contig size in plasmids and
chromosomes. Only contigs larger than 50 bp were kept, since most current sequencing
approaches do not produce shorter reads [22]. We ended up with approximately 70% of
the generated contigs (552,410 contigs coming from 7,400 genomes) to train PlasFor-
est. Genome annotations were used to identify contigs as plasmids or chromosomes
(see Fig. 6A). The remaining 30% of the generated contigs (108,175 contigs coming from
2,752 genomes) were used as a testing set. In these two datasets, plasmid contigs were
not at the same frequencies for all the contig sizes (e.g.,>30% under 1 kb and 2% over
100 kb). This could have led to an artificial detection bias based on contig size (e.g., a
better identification of small plasmid contigs). Thus, we split the initial training dataset
into contig size categories (50 bp to 1 kb, 1 to 2 kb, 2 to 5 kb, 5 to 10 kb, 10 to 50 kb, 50
to 100 kb, and over 100 kb), and randomly removed plasmid or chromosome contigs
from each category to keep the fraction of plasmid contigs constant (around 10%) across
contig sizes. This new dataset is thereafter called balanced training set (Additional
file 5: Table S2A). No manipulation of the testing set was performed (Additional file 7:
Table S2B).

Use case datasets
We created three other datasets to validate the performance of our approach on several
use cases (see Fig. 6B).

The CONTIG dataset was created by using all the 1328 bacterial genomes classified as
‘contig’ that were released on RefSeq between September 1st and 30th, 2020. This dataset
gathered 151,634 contigs (see Additional file 2: List S1 for the list of genome identifiers).

The COMGENOME dataset was created by using all the 653 bacterial genomes clas-
sified as ‘complete’ that were released on RefSeq between September 1st and October
31st, 2020. These genomes were thus released after PlasForest was trained, and none
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A M’ Training set Balanced training
7400 genomes 347,056 contigs
10,152 genome assemblies DA
NCBI RefSeq complete genomes artificial contigs
Released before 2019/11/13
Testing set
——> 2752 genomes
30% 108,175 contigs

653 genome assemblies
NCBI RefSeq complete genomes
Released between 2020/09/01 and 10/31

1328 genome partial assemblies
NCBI RefSeq contig genomes
Released between 2020/09/01 and 09/30

1000 metagenome assemblies
* Human Gastrointestinal Bacteria Genome collection
* Genomes from Earth's Microbiomes catalog

Random cut into
artificial contigs

COMGENOME METAGENOME

57,605 contigs L 143,663 contigs
Fig. 6 Datasets and application of a hold-out method for supervised learning. Schematic representation
of the processes that allow to generate the datasets used to build PlasForest and to benchmark its
performances. A 10,152 bacterial genomes from NCBI Refseq Genomes FTP server were randomly cut into
contigs, and were distributed into the following datasets: the (balanced) training set contains 70% of the initial
10,152 genomes assemblies and it is used to train the random forest classifier; the testing set contains 30% of
the genomes. B Other genome assemblies were drawn from more recent releases of NCBI Refseq Genomes
FTP or from other sources to build the COMGENOME, CONTIG, and METAGENOME datasets. With the testing
set, they are used to benchmark the performance of PlasForest compared to other plasmid identification
methods

of their sequences were used to create either the training and testing sets or the plas-
mid database. To simulate draft genome assemblies, the sequences from these genomes
were randomly cut into contigs following the same size distribution as used to create the
training and testing sets (Additional file 4: Table S1), but no correction was applied to
the frequency of contigs of plasmid origin. This process resulted in 57,605 contigs (see
Additional file 7: Table S3 for the list of artificial contigs).

The METAGENOME dataset was created by using two subsamples of draft genomes
assembled from metagenomic short reads. 500 genomes were randomly sampled from
the Human Gastrointestinal Bacteria Genome collection [14], and 500 genomes from
the Genomes from Earth’s Microbiomes catalog [15], thus bringing together 143,663
contigs (see Additional file: List S2 for the list of genome identifiers).

Construction of PlasForest

Extraction of the features

All contigs were compared against the plasmid database using BLASTn [21]. Pair-align-
ments with homologous sequences (hereafter referred to as “hits”) were kept if their
e-value was below 1075, For each contig and homologous sequence, we computed over-
lap as the fraction of the query contig aligning to the homologous sequence hit. The
G+ C content of all contigs was computed with the function SeqUtils.GC from the
Biopython library in Python 3.6 [23].

Our aim is not to assemble plasmids (or to assign contigs to precise replicons), but to
identify contigs that originate from plasmids. This motivates for a distinct design from
other homology-based approaches. By combining both homology search and measures
of nucleotide composition, we aim to obtain a strong distinction between plasmids and
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chromosomes. We therefore selected features as follows. (1) Maximal overlap was
measured among hits in the subject database, because we expect that query plasmid
contigs should form longer alignments with sequences from the plasmid database than
query chromosomes. (2) Contig size was included as short contigs align more often than
large contigs with the subject database. (3) The number of hits, the average overlap,
the median overlap, and the variance of overlaps provide other parameters of the dis-
tribution of overlaps among hits, that may help distinguish between chromosomes and
plasmids. Indeed, due to recombination events, one may expect that query chromosome
contigs will align with subject plasmids, but more rarely than query plasmid contigs. (4)
Finally, the G+ C content was also included, as the nucleotide composition of plasmids
are most often different from those of chromosomes [24]. This set of features used to
train the classifier is schematically displayed in Fig. 2A.

Training of the classifier

We extracted the differences in the features of plasmid contigs and chromosome contigs
thanks to a random forest classifier. This approach relies on a multitude of independent
decision trees, which allows for a reduction of individual error [25]. The aim was there-
fore to build a model able to predict, from the extracted features, whether a contig comes
from a plasmid or a chromosome. The random forest classifier algorithm was trained
with the RandomForestClassifier function from scikit-learn library [26] in Python 3.6,
using the seven features described above. The number of random decision trees was kept
to 500, as out-of-bag error estimate (i.e., the internal error of individual decision trees
during the training process) did not significantly decrease when using more trees. The
global classification method of PlasForest is described in Fig. 1.

Sensitivity of the classifier

We tested the sensitivity of PlasForest (1) to the composition of the plasmid database
and (2) to the composition of the balanced training set, by performing two independent
bootstrap analyses. To assess the importance of the composition of the plasmid data-
base, we resampled the plasmid database with 50 different seeds. We then computed
new features for each contig of the balanced training set and testing set. A classifier was
trained on the balanced training set for each resampled plasmid database, and its perfor-
mance was measured on the testing set. To test the sensitivity to the composition of the
balanced training set, we resampled the balanced training set 50 times, while the testing
set did not change. We trained classifiers on the resulting balanced training sets, and
measured their performances on the testing set.

Measure of classification performances

Indices of binary classification performance

In order to measure the performance of our trained algorithm to correctly identify plas-
mid sequences and to compare its performance to other available tools, we computed
indices derived from the confusion matrix that are commonly used in binary classifi-
cations. Sensitivity (sometimes indicated as recall) is the fraction of positive data (in
our case, plasmid contigs) which has been correctly identified as positive and allows to
measure the false negative error rate. Precision (also indicated as the positive predictive
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value) corresponds to the fraction of positive results that are actually true positives and
allows to measure the false positive error rate. A good classifier should be able to opti-
mize both sensitivity and precision i.e. in our case, identify as many plasmid contigs as
possible without misidentifying chromosome contigs as plasmids. For this reason, we
calculated “composite” indices that reflect the overall performance of the classifier. F1
score corresponds to the harmonic mean of sensitivity and precision: it therefore ranges
from O (i.e, either precision or sensitivity or both are null) to 1 (i.e, there are neither
false positives nor false negatives). F1 score does not take into account true negatives.
We also calculated Matthews Correlation Coefficient (MCC). This metric corresponds
to a correlation coefficient between the observed and the predicted classifications and
is generally regarded as a balanced measure that can even be used if classes are of very
different sizes [27]. Values range between+1 for a perfect prediction, 0 for a random
prediction, and -1 for a prediction in total disagreement with the observed data.

Comparison with other softwares

We ran 4 other plasmid identification softwares on the same datasets as PlasForest, and
compared their predictions and performances to those of PlasForest. The version 1.1
of PlasFlow was downloaded from https://github.com/smaegol/PlasFlow. Taxonomic
assignments were not taken into account to assess the performance of the classification.
To avoid the algorithm assigning sequences as “unclassified’; we used a threshold value
of 0.5. MOB-suite was downloaded from https://github.com/phac-nml/mob-suite, and
MOB-recon was run with default values. MOB-recon clustering algorithm requires draft
genome assemblies as inputs, so contigs on which MOB-recon was tested were gathered
by their genome of origin. PlasClass was downloaded from https://github.com/Shamir-
Lab/PlasClass and the program was run with default values. The virtual machine ver-
sion of PPR-Meta was downloaded from http://cqb.pku.edu.cn/ZhuLab/PPR_Meta, and
the program was run in VirtualBox v. 5.2.42 with default values. When the algorithm
assigned sequences as “phage’, they were considered as negative predictions.

Abbreviations
HGT: Horizontal gene transfer; MCC: Matthews correlation coefficient.
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Section IV : Le role de la mobilité dans la
propagation des genes de résistance aux
antibiotiques

A l'heure actuelle, il semble évident que la consommation d’antibiotiques est la cause majeure de la
propagation des genes de résistance aux antibiotiques. Des méta-analyses récentes montrent des corré-
lations assez fortes entre la consommation d’antibiotiques et la présence de bactéries résistantes. Tou-
tefois, la baisse de la consommation dans les pays développés n’est pas toujours suivie par une décrue
des infections a bactéries résistantes (ENNE et al. 2004). Il semble donc que la quantité d’antibiotiques
consommeés ne soient pas la seule variable a mettre en cause. De fait, une variété d’autres activités
humaines peuvent également moduler le maintien et la propagation des résistances antibiotiques : les
infrastructures hygiéniques et sanitaires, la vaccination, la pollution, le mésusage des antibiotiques ou
I'emploi d’antibiotiques de mauvaise qualité, etc. De méme, plusieurs cas ont été rapportés ol des bac-
téries infectieuses porteuses de résistances antibiotiques ont été propagées d’un pays ou d’un continent

a l'autre par le biais du commerce et des voyages.

Enfin, un facteur encore particulierement négligé reste le réle des environnements naturels. De fait,
les données sur laquelle se base la recherche sur les résistances antibiotiques ont essentiellement été
échantillonnées dans les hopitaux, les élevages, et dans les microbiotes humains et animaux. Pourtant,
de nombreux indices laissent penser que les antibiotiques et les résistances aux antibiotiques ont tou-
jours fait partie des écosystémes naturels. De plus, les écosystemes naturels ne sont pas isolés des envi-
ronnements anthropisés : la chasse, I'exploitation forestiere, la randonnée, la transhumance, la pol-
lution des cours d’eau, etc. sont tout autant d’exemples de pratiques par lesquelles ces deux types
d’écosystemes peuvent étre mis en contact. Les écosystémes naturels pourraient donc avoir un role
tant de sources que de vecteurs pour la résistance aux antibiotiques. Bien que certains probléme tech-
niques aient pu limiter les études de communautés plus représentatives du milieu naturel en laboratoire
(culture et maintien de communautés diversifiées, reproduction de la complexité environnementale),

I'exploration de ce type d’environnement devient de plus en plus possible grace a la métagénomique.

De fait, a ce jour, les études intégratives identifiant des tendances a grande échelle et embrassant
toute la complexité de la distribution des résistances antibiotiques font défaut. Cette absence de vision
d’ensemble a été identifiée comme une lacune dans notre connaissance des moteurs de la résistance
aux antibiotiques. La résistance antibiotique est un probléme pour le traitement des infections, et c’est
donc sous cet angle que la majorité de la recherche actuelle étudie cette problématique. Cette tendance

ne pousse donc a diversifier les modéles d’études et a s’intéresser a des questions évolutives, pourtant
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au fondement des problémes sanitaires.

Dans ce chapitre, je réalise une étude a large échelle de la résistance aux aminoglycosides, en cri-
blant plus de 160,000 génomes bactériens (issus de toute la phylogénie des Eubactéries, de tous les
continents, et de tous les écosystemes continentaux) pour chercher plusieurs familles de genes enco-
dant des enzymes de modification des aminoglycosides. Grace a ce jeu de données particulierement
large, je fournis dans un premier temps une description générale de la distribution de ces génes : I'évo-
lution temporelle de leur prévalence, leur répartition géographique et écologique, leur distribution dans
la phylogénie, et leur fréquence d’association a des MGE. Dans un second temps, j'identifie la part re-
lative de plusieurs facteurs, incluant la consommation d’antibiotiques, dans la distribution de ces genes
sur une période de 22 ans en Europe. Globalement, ce chapitre montre que la consommation d’antibio-
tiques n’est pas le facteur expliquant le plus la répartition des résistances, mais que celle-ci semble étre
bien davantage liée a différents facteurs de mobilité : leur association a des MGE, les échanges interna-
tionaux, et les transferts entre différents biomes.

Le papier correspondant a ce projet est actuellement en cours de revue dans le journal eLife.
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Abstract

Antibiotics consumption and its abuses have been historically and repeatedly pointed out as the major
driver of antibiotic resistance emergence and propagation. However, several examples show that
resistance may persist despite substantial reductions in antibiotic use, and that other factors are at
stake. Here we study the temporal, spatial, and ecological distribution patterns of aminoglycoside
resistance, by screening more than 160,000 publicly available genomes for 27 clusters of genes
encoding aminoglycoside-modifying enzymes (AMEGs). We find that AMEGs are ubiquitous: about
25% of sequenced bacteria carry AMEGs. These bacteria were sequenced from all the continents and
terrestrial biomes, and belong to a wide number of phyla. By focusing on several European countries
between 1997 and 2018, we show that aminoglycoside consumption has little impact on the
prevalence of AMEG-carrying bacteria, whereas most variation in prevalence is observed among
biomes. We further analyze the resemblance of resistome compositions across biomes: soil, wildlife,
and human samples appear to be central to understand the exchanges of AMEGs between different
ecological contexts. Moreover, the genomic distribution of AMEGs suggests a selection for widening
resistance spectra, mostly driven by mobile genetic elements. Together, these results support the idea
that interventional strategies based on reducing antibiotic use should be complemented by a stronger

control of exchanges, especially between ecosystems.

1. Introduction

Antibiotic resistance (AR) is a persistent global public health problem that has increased over
the last decades, with resistances spreading faster and faster after antibiotic introduction in clinical use
(Witzany et al., 2020). Though first concerns about infections by antibiotic resistant bacteria (ARBs)
were formulated in the 1940s, the discovery and development of new antibiotics allowed for treatment
substitutions (Podolsky, 2018) during the first decades of antibiotic use. The discovery that AR was
frequently acquired by horizontal gene transfer (HGT, Watanabe, 1963) and the subsequent
emergence of multi-resistant strains led the international health agencies to start raising the issue, at
the end of the 1970s, that antibiotic resistance propagation was threatening to end the antibiotic
golden area and jeopardize the huge progress made in the treatment of bacterial infectious diseases. In

parallel, the discovery and design of new antibiotics had become more and more difficult (Livermore
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et al., 2011). This trend persisted despite the bulk of information provided by recent advances in
genomics (da Cunha et al., 2019), thus decreasing the hope for potential treatment substitutions. In
2014, the AMR review estimated that 700,000 deaths per year worldwide were attributable to
antibiotic resistances, and predicted 10 million deaths per year by 2050 (O’Neill, 2014, but see de
Kraker et al., 2016).

Antibiotics consumption and its abuses have been historically and repeatedly pointed out as
the major cause of AR genes propagation (O’Neill, 2014; Podolsky, 2018; Schrijver et al., 2018): the
frequency of AR increases in bacteria communities under the selective pressure of antibiotics. To
fight this threat, most health agencies are thus focusing their policies on sanitation and mostly on a
more reasonable use of antibiotics (World Health Organization, 2015). This perception of the factors
driving AR spread and its associated policies still prevail nowadays: e.g. a meta-analysis over 243
studies found a positive correlation between antibiotic consumption and presence of AR (Bell et al.,
2014). However, even if antibiotic consumption decreases in most developed countries, AR does not
always follow the same path: e.g. a drastic reduction in sulfonamide consumption in the United
Kingdom during the 1990s was not followed by a decrease in prevalence of sulfonamide-resistant
Escherichia coli, which actually remained constant (Enne et al., 2004). Antibiotic consumption
therefore does not seem to be the only factor maintaining AR in pathogenic bacteria communities.

Several studies have documented specific examples where antibiotic resistances arrived and
spread in new geographic locations through human activities such as food trade, tourism travels or
immigration (Berndtson, 2020; Nejidat et al., 2021; Van Boeckel et al., 2019). Although the impact of
human activities on the circulation and spread of AR genes is now well documented through the
accumulation of specific examples, integrative studies identifying large scale trends are lacking and
this absence of general view has been pinpointed as a gap in our knowledge of drivers of
antimicrobial resistance (Holmes et al., 2016).

Another strongly overlooked factor is ecology, and a growing number of studies has called for
a more comprehensive analysis of AR outside of farms and hospitals (see e.g Bengtsson-Palme et al.,
2018). Though data in natural ecosystems remain scarce, AR genes (ARGs) have probably always
been natural members of the gene pools of environmental microbial communities (D’Costa et al.,
2011). Natural ecosystems may contribute to the spread of AR, both as sources and as vectors of
propagation (Bengtsson-Palme et al., 2018; Berendonk et al., 2015; Marti et al.,, 2014). This
realization, combined with an increasing access to genomic data, led to bioinformatic studies which
goal was to extend our understanding of AR in ecological contexts that are often overlooked: e.g. [3-
lactam resistance in dairy industry (Pitta et al., 2016), in slaughterhouses (Lavilla Lerma et al., 2014),
in wastewater treatment plants (Karkman et al., 2016), or in natural fresh water (Czekalski et al.,
2015). However, even if these studies complement our knowledge on the presence, the frequency, the
nature, and the circulation of AR in poorly documented environments (see e.g. Cuadrat et al., 2020;
Zhang et al., 2020), descriptions of global distribution patterns and analyses of factors underlying
them remain scarce.

In this study, we investigate the relative importance of environmental and genomic factors in

51



shaping the routes of antibiotic spread on a large scale, focusing on aminoglycoside resistance.
Aminoglycosides (AGs) are traditional Gram-negative antibiotics that bind to the 30S subunit of
prokaryotic ribosomes and thus inhibit protein synthesis (Mingeot-Leclercq et al., 1999). This
antibiotic class was first introduced in 1944 with the successful use of streptomycin against
tuberculosis. Several years later, other AGs produced by Streptomyces spp. were discovered
(kanamycin, spectinomycin, tobramycin, neomycin, apramycin) and introduced in clinics. They were
followed in the 1970s by a series of new isolates or derivative synthesized compounds (amikacin,
netilmicin, isepamicin, dibekacin, arbekacin, see van Hoek et al., 2011). However, the emergence of
resistant strains during the following years, combined with the requirement of administration by
injection has reduced the use of AGs in therapies (Murray and Murray, 1991). Nowadays, AGs are
only used in humans as a second-line or last-resort treatment for Gram-negative bacteria (Garneau-
Tsodikova and Labby, 2016) but they remain frequently used in agriculture and veterinary medicine
to treat septicemia and infections of the digestive, respiratory, and urinary tracts in a wide variety of
domestic animals (European Medicines Agency, 2017).

The three main mechanisms of AG resistance are (Garneau-Tsodikova and Labby, 2016): (i)
decrease in drug uptake (through modifications of membrane permeability or of the peri-membrane
ion gradient) and/or increase in drug efflux (through efflux pump activation); (ii) drug inactivating
enzymes; and (iii) modification of the drug target by point mutations in the genes coding for the
proteins of the ribosomal small subunit (Finken et al., 1993; Sander et al., 1995; Toivonen et al.,
1999). Among these mechanisms, aminoglycoside-modifying enzymes (AMEs) are a class of
inactivating enzymes that catalyze the transfer of chemical groups on specific residues of the AG
molecules, leading to a modified drug which poorly binds to its target (Jana and Deb, 2006). AMEs
represent the most common mechanism of AG resistance in clinical isolates and are well
characterized biochemically (Ramirez and Tolmasky, 2010). The classical nomenclature of AMEs is
based on the group they transfer (acetyltransferases, AACs; nucleotidyltransferases, ANTs; and
phosphotransferases, APHs), on the residue modified, and on the resistance profile they confer
(Ramirez and Tolmasky, 2010). However, AMEs emerged several times during evolution (see e.g.
Salipante and Hall, 2003 for AAC(6’) enzymes), so biochemical nomenclatures do not reflect the
evolutionary history of any class of AMEs. Finally, many AME genes are carried by mobile genetic
elements, which give them the potential to be transmitted both vertically and horizontally (Davies,
1983). They represent today a major threat for the treatment of multidrug-resistant bacteria, notably
Mpycobacterium tuberculosis (Labby and Garneau-Tsodikova, 2013).

Through a computational approach, more than 160,000 publicly available genomes were
screened to identify the presence of AME-encoding genes (AMEGs) across the phylogeny of
Eubacteria. The present study intended (i) to describe the genomic, geographical and ecological
distribution of AMEGs; and based on these data, (ii) to quantify the relative contribution of several
key factors (geography, ecology, genomic context, human activities) potentially driving the spread of

AMEGs.
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2. Results

2.1 Aminoglycoside resistance is widespread across geography, ecology, and phylogeny.

160,987 publicly available Eubacteria genomes were screened for the presence of AMEGs.
The list of genomes and their metadata are listed in Supplementary information, Tab. S1. Published
sequences of AMEs and genes coding for AMEs had been previously grouped in 27 clusters of
homologous genes (CHGs), each containing sequences of genes and proteins very likely to share a
common ancestor (see Methods).

46,053 AMEGs were detected in 38,523 genomes (i.e. about one quarter of the genomes
screened). Their distribution in 27 CHG:s is listed in Table 1, and all the gene coordinates are listed in
Supplementary information, Tab. S2. Our dataset included 54 phyla across the phylogeny of
Eubacteria with 89.6% of genomes belonging to the 3 most represented phyla: Proteobacteria,
Firmicutes, and Actinobacteriota. In the same way, though we analyzed genomes from 13,879
species, only 10 species made up 43.6% of the dataset. Therefore, though we found AMEGs in 23
phyla, Proteobacteria, Firmicutes, and Actinobacteria contained 97.2% of detected genes. The
frequency of the resistance carrying genomes presented very contrasting patterns across CHGs and
phyla (Figure 1). For each CHG, the phylogenetic diversity of the species in which it was detected
was evaluated by calculating Faith’s distances (Faith, 1992). This reveals that the number of species
carrying these genes ranges from 2 to 468 (respectively for CHG 12 with Faith’s distance dpin=1.4
and CHG 8 with dr.x=78.4), but also that for CHGs present in numerous species, these species can
belong to a small number of phyla (e.g. CHG 3, dr.n=24.5 for 406 species) or be largely spread across
the bacteria phylogenetic tree (e.g. CHG 6.1, dr.in=66.7 for 418 species). Regarding the phyla, some
present a high diversity of CHGs (e.g. Proteobacteria, Actinobacteria, Firmicutes I) whereas others
only contain a very small number of different CHGs. This diversity of CHG represented across phyla
is however largely explained by the differences in the number of genomes sampled for each phylum
(Pearson correlation between the number of genomes sampled and the number of CHGs carried for
each phylum, p=0.820, p=1.7.10°), which is itself linked to the presence of species of medical

interest in some phyla.
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Table 1: List of CHGs by biochemical function

Cluster Biochemical function Number of genes identified
CHG 1 N-acetyltransferases 619
CHG 2 N-acetyltransferases 711
CHG 3 N-acetyltransferases 4636
CHG 4 N-acetyltransferases 1044
CHG 5.1 N-acetyltransferases 5230
CHG 5.2 N-acetyltransferases 13
CHG 6.1 N-acetyltransferases 11,227
CHG 6.3 N-acetyltransferases 10
CHG 7 N-acetyltransferases 4016
CHG 8 nucleotidyltransferases 4508
CHG 11 nucleotidyltransferases 2990
CHG 12 nucleotidyltransferases 21
CHG 13 nucleotidyltransferases 982
CHG 14 phosphotransferases 675
CHG 15 phosphotransferases 351
CHG 16 phosphotransferases 49
CHG 17.1 phosphotransferases 518
CHG 17.2 phosphotransferases 67
CHG 19 N-acetyltransferases 3124
CHG 20 N-acetyltransferases 871
CHG 23 N-acetyltransferases 2246
CHG 24 N-acetyltransferases 50
CHG 25 nucleotidyltransferases 59
CHG 26 phosphotransferases 20
CHG 27 phosphotransferases 1970
CHG 28 phosphotransferases 23
CHG 29 phosphotransferases 23

The location and biome metadata could be recovered for 45,574 genomes and from these
data, it was established that AME genes were present in samples coming from all the continents, with
the exception of Antarctica. In most regions, the prevalence of AMEG-carrying bacteria (ACBs)
ranged between 20% and 40%. However, over 50% of ACBs in Indonesia, Mexico, and Turkey, while
only ca. 10% of ACBs in Japan, Eastern Europe, and Eastern Africa (Figure 2A). A quite high spatial
heterogeneity in terms of the proportion of each CHG among the ACBs was also revealed (Figure
2B): CHG 6.1 is over-represented in the Southern hemisphere (Africa, South-East Asia, Oceania,
Brazil), CHG27 is over-represented in Canada and Mexico and at very low proportion elsewhere,
whereas Western Europe, the United States and Japan have a rather balanced representation of all
CHGs. ACBs were identified in samples coming from all the biomes investigated. The vast majority
of them come from clinical samples (55.3%), human samples (22.1%), and farm samples (12.3%).
Despite this large bias in ecological distribution, the prevalence of ACBs per biome varies in a
relatively narrow range from 9% of bacteria sampled in domestic animals, to nearly 40% of bacteria
sampled in humans (Figure 3). The ecological spread of CHGs is strongly correlated to their
phylogenetic spread (Pearson correlation between the number of ecosystems and dgum, ©=0.759,

p=6.8.10). Thus, the CHGs with the largest dr.in are ecologically ubiquitous (CHGs 3, 5.1, 6.1, 7, 8,
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and 27), while 8 other CHGs with limited phylogenetic diversity were found in at most 3 biomes
(CHGs 5.2, 6.3, 12, 16, 17.2, 24, 25, and 28). Interestingly, clinical samples were found to carry
resistance genes of all CHG except two and these two CHGs were specific to agrosystems only
(CHG28) and agrosystems and farms (CHG 6.3). Moreover, there are significant negative correlations
between the date of first sampling and the phylogenetic and ecological spreads (Fig. 4A,
respectively 0=0.712, p=4.4.10> and p=0.718, p=3.6.10"): all ecologically ubiquitous CHGs were
sampled before 1955, while the CHGs that were never sampled before 2000 could be found in at most

4 biomes.
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Figure 1: Prevalence of AMEG carrying bacteria across the phylogeny of Eubacteria. The
phylogenetic tree corresponds to an aggregation of bac120 phylogeny (Parks et al. 2018) to the phylum level. In the
heatmap, blank boxes correspond to the observed absence of a CHG in a phylum. For the other colors, blue to red boxes
stand for CHG frequencies from near-zero to one. Gray bars in the top part correspond to the Faith’s distance, i.e. the sum of
the lengths of all the branches leading to species containing genomes carrying each CHG. Gray bars on the right correspond

to the prevalence of ACBs for each phylum, i.e. the proportion of genomes in which at least one AMEG was found.

Our dataset includes bacteria sampled between 1885 and 2019. However, the vast majority of
them was sampled recently: 96.3% of genomes were sampled after 1990, and 58.9% after 2010. In
this dataset, the first occurrence of an ACB dates from 1905 (Fig. 4A), and the prevalence of ACBs
remains constant (about 30%) between 1990 and 2019 (Fig. 4B), though the frequencies of individual
CHGs varied much more over time in this same time frame (Fig. 4C), with some CHGs having a
regularly increasing (e.g. CHG 5.1, 19) or decreasing (e.g. CHG 6.1) frequency over the whole period
or showing one-time frequency peak (e.g. CHG11 in 2003 and 2004). The worldwide dynamics shows
more a coexistence across time of a diversity of CHG than sequential substitution of one CHG by
another. However, though we also observe coexistence across time at continental levels

(Supplementary information, Fig. S1), local time trends suggest that some CHGs might be

55



progressively replaced: e.g. the frequency of CHGs 3 and 5.1 has increased a lot to the expense of

CHG 6.1 in Europe, Southeastern Asia and Oceania since the 1990s.

Resistant
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CHG 3
CHG 5.1
CHG 6.1
CHG 7
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: ¢ CHG 27
YT ‘ [[] 17 other CHGs

Figure 2: Distribution of aminoglycoside-resistant bacteria and AME-encoding genes over the

world. (A) Distribution of sampled ACBs in the world. The frequencies of resistant and sensitive bacteria are displayed in
red and blue, and the size of pies represents the number of genomes sampled in a given region. (B) Distribution of sampled

AMEG:s in the world. Pie size is irrelevant to the number of samples.
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Figure 3: Prevalence of AMEG carrying bacteria across land biomes. In the heatmap, blank
boxes correspond to the observed absence of a CHG. For the other colors, blue to red boxes stand for CHG frequencies from
near-zero to 0.3. Gray bars on the right correspond to the prevalence of ACBs for each biome, i.e. the prevalence of genomes

in which at least one AMEG was found.

2.2 The European distribution of aminoglycoside resistance is driven by ecology and

human exchanges

We investigated the potential role of different factors on the distribution of ACBs in Europe: ecology
(structuration in biomes), human exchanges (potential ACB importations through immigration and merchandise
imports), and aminoglycoside consumption. This analysis was performed on the timeframe 1997-2018 for which
antibiotic consumption data by country and by year was available for Europe. We included in the dataset 16
CHGs for which occurrences were detected in at least 30 genomes sampled in Europe during this timeframe.
Most CHGs had very distinct distributions over time and space, so they were analyzed separately.

Within Europe, a Matérn spatial autocorrelation structure was kept in all the models: CHGs tend to
cluster between close countries and the autocorrelation structure allowed to control for this. A time
autoregressive structure was also kept in all the models, which showed positive autocorrelation for half of CHGs
(the others show negative time autocorrelation). Ecology, human exchanges, and antibiotics consumption are
kept as explanatory variables for respectively 16 CHGs, 14 CHGs, and 8 CHGs out of 16. The importance of

each explanatory variable varies across CHGs, but ecology overall appears to be the most important one: it

2
increased adjusted R adj by 15.8% on average (2.1% on average for human exchanges, and 3.0% on average
I . . . 2
for antibiotics consumption). Interactions between ecology and human exchanges increased R adj by 3.4% (for

2
6 CHGs), and interactions between ecology and antibiotics consumption increased R adj by 3.4% (for 3 CHGs)
(Figure 5). The effects of all variables and their interactions for individual CHGs are given in Supplementary

information, Tab. S3-S18.
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Figure 4: Global time trends for aminoglycoside resistance. (A) First sampling occurrence for each CHG in the
analyzed dataset. Color points represent the biome in which each CHG was first sampled. CHGs with several color points
were sampled in several biomes the first year. (B) Evolution of the worldwide and European prevalences of ACBs between
1943 and 2019. The dots and error bars represent the measured prevalence (+ standard error) of ACBs each year. The dotted
line represents a binomial regression of the prevalence of ACBs over time, fitted separately before 1995 and after 1995. The
blue curve represents the number of bacteria genomes sampled each year (in logarithmic scale). The red rectangle displays
the period of time analyzed in panel: (C) Evolution of worldwide CHG frequencies among sampled AMEGs between 1990
and 2019. 17 CHGs for which less than 400 sequences were sampled are grouped and displayed in gray.

The effect of AG consumption is not unidirectional across all the CHGs: when kept in the
selected model, its effect is significantly positive for only three CHGs (CHGs 2, 3, and 4), but
negative for three others (CHGs 6.1, 17.1, and 19) and nonsignificant for the others. Human
exchanges represented in the analysis by our proxy for potential ACBs influx due to trade, has a
positive significant effect on the ACBs prevalence for the majority of CHGs (CHGs 4, 6.1, 8, 11, 14,
17.1, 20, and 23), but a negative significant effect for CHGs 3 and 27. Our proxy for potential bacteria

influx due to migration has a negative significant effect on the probability to sample ACBs for CHGs
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4, 6.1, and 27, and a positive effect for CHG 3. No significant effect of trade and migration were
found for other CHGs. Despite the explanatory importance of ecology and the numerous interactions
identified, for most CHGs, the probability of sampling ACBs does not significantly differ between
most biomes. However, the probability of sampling ACBs in clinical samples is significantly higher
for CHGs 1, 3, 5.1, and 19 (respectively significantly lower for CHG 2) than in other biomes. In the
same way, CHGs 2, 8, and 27 are significantly less likely to be sampled in farms, while CHGs 3 and
6.1 are significantly more likely to be sampled in humans. CHG 3 is also more likely to be sampled in
soil and freshwater, CHG 2 less likely to be sampled in soil, and CHG 6.1 more likely to be sampled
in human habitat. We describe the inferred effects of interactions between ecology and antibiotic

consumption, and between ecology and human exchanges in Supplementary information, Text S1.
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Figure 5: Relative importance of several factors to explain the distribution of aminoglycoside-

resistant bacteria in Europe between 1997 and 2018. Logistic regressions with a spatial Matérn correlation
structure were computed to explain the frequency of 16 CHGs. This figure represents the contribution of each variable in

each selected model, as the fraction of adjusted McFadden’s pseudo-R? explained by adding this variable.



For the 14 CHGs sampled in Europe for which we kept human exchanges as explanatory
variables, we computed new models based on the decomposition of these effects: we replaced the two
effects beneath human exchanges (i.e. international trade and immigration) in the model by only one
effect: the proxy for either bacteria influx due to imports of one of the products considered, or bacteria
influx due to immigration. We did not find any variable that was able to explain the distribution of all
these CHGs, not even for a majority of them (see Supplementary information, Tab. S19). At most, 4
categories of imports were able to impact the distribution of 5 CHGs with a positive effect (beverages,
animal feedstuff, meat, sweet foods), and 9 categories were able to explain the distribution of 4 CHGs
with a positive effect (cereals, cork, dairy and eggs, fuels, medical products, human migration, oil
seeds, tanning products, miscellaneous edible products). However, the distribution of several CHGs
could be explained by one or two categories only: cork for CHG 4; rubber and textiles for CHG 5.1;
oil seeds for CHG 6.1; animal feedstuff for CHG 7; human migration and sugar for CHG 8; fuels for
CHG 11; meat and sweet products for CHG 19; and human migration for CHG 27.

We proceeded to the same analyses for worldwide data on the same timeframe, analyzing
only the effects of ecology and human exchanges (see Supplementary information, Tab. S20-S37).
Antibiotic consumption data could not be accessed at this spatial scale, but the same trend was found
for the other factors: ecology is always the most important explanatory factor, and human exchanges

are conserved as an explanatory factor for most CHGs (see Supplementary information, Fig. S2).

2.3 The worldwide distribution of aminoglycoside resistance is mainly driven by ecology

Ecology being the most important explanatory factor for the distribution of AMEGs, we
investigated the distribution of the different CHGs across ecosystems. Here we approximated an
ecosystem as the intersection of a biome and a geographical division (here using the IMAGE24
subdivision from the rworldmap library, South, 2011). We described the aminoglycoside resistome
composition profile of an ecosystem as the presence or absence of each CHG, in 5-year time frames
between 1990 and 2019. For example, in clinical samples of Western Europe, CHG 12 is present over
the 2015-2019 period and not before, while CHG 23 is always present except during the 1995-1999
period. We measured differences in resistome composition as Jaccard index, and evaluated their
correlation with ecological similarities (being 1 if two ecosystems belong to the same biome, 0 else)
and geographical distances between ecosystems. On a global scale, there is no correlation between
resistome composition and geography (Mantel test, 9999 permutations, Z=9.23.10°, p=0.585) but
AMEG compositions depend on ecology (Mantel test, 9999 permutations, Z=174.9, p=1.10).
Ecosystems are thus more similar in terms of AMEG content if they are from the same biome than if
they are geographically close.

A network approach was adopted to get a deeper understanding of the ecology of the
resistome composition. We converted the matrix of resistome composition similarities into a network
where each vertex consists of a resistome and edges are weighted by Jaccard indices. A minimum

spanning network was built that only retained similarity-based edges that could form maximum
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similarity paths between resistomes. The resulting network is displayed in Figure 6. Based on the
Louvain clustering algorithm, we found three main ecological modules in this network, clustered by
their composition in CHGs: (1) clinical, farms, human, and agricultural samples; (2) soil, human
habitat, waste, sludge, and freshwater; (3) domestic animals and wild plants and animals. In this
network of resistome compositions, wild plants and animals have the highest betweenness centrality
(i.e., it is an intermediate in 14 shortest paths in the network), followed by the human habitat (8
shortest paths), soil (7 shortest paths), and human samples (3 shortest paths). All the other biomes
have a null betweenness centrality. These four biomes also have the highest closeness centrality in the
network. But degree centrality is actually highest for soil (i.e., it shares connections with 7 other
biomes), followed by wild plants and animals and human samples (6 connections each), and by
agrosystems and farms (5 connections each). Soil, wildlife, and human samples are thus the three

biomes for which resistomes are more similar to each other over several time frames.

Figure 6: Minimum spanning network based on shared antibiotic resistance genes between

biomes.

61



We then investigated whether resistome resemblance within each of the ecological modules
defined above is correlated to phylogenetic similarity in bacteria community composition (defined as
the whole set of bacteria sampled within a geographical and ecological unit, and measured with the
phylogenetic Sgrensen index). After correction for the difference in modules sample sizes, it was
established that resistome resemblance is significantly, positively correlated with bacteria community
composition similarity for both module 1 (95% CI on Pearson correlation coefficient, @€[0.075,
0.335]) and module 2 (95% CI on Pearson correlation coefficient, @€[0.042, 0.278]), but no
significant correlation was found for module 3 (95% CI on Pearson correlation coefficient, p€[-

0.042, 0.294]).

2.4 Resistance gene accumulation is under selection for widening resistance spectra
Among 38,523 ACBs, 6246 (~16%) carried more than one AMEG, and the maximum number
of AMEG in a genome was eight. We investigated whether and how this accumulation of AMEGs
within genomes lead to a broadening of the resistance spectrum. To do so, we used in separate
analyses the classifications provided by two published datasets: either one empirically predicting the
resistance phenotypes associated to several ARGs (Feldgarden et al., 2019), or another reviewing and
compiling all the antibiotics to which most AMEs were reported to confer resistance (Zarate et al.,
2018). These two classifications were used because Feldgarden et al. (2019) probably underestimated
each resistance spectrum (due to tests on a limited number of antibiotics), while Zérate et al.
(2018) probably overestimated them (due to an exhaustive review from heterogeneous sources). The
classification by Feldgarden et al (2019) allowed to infer the resistance spectrum of 11,284 genomes
from the 12,982 AMEGs they carried, whereas the one by Zarate et al (2018) allowed to infer the
resistance spectrum of 26,006 genomes with 31,910 AMEGs. Using the resistance spectra inferred
from Feldgarden et al. (2019), two classical functional dissimilarity indices (functional dispersion,
FDis, and Rao’s quadratic entropy, RaoQE) indicated that the functional diversity increases, i.e.

resistance spectrum widens, with the number of resistance genes carried by a genome (FDis, linear

2 -16 2 -16
regression, R =0.756, p<2.2.10 and RaoQE, linear regression, R =0.746, p<2.2.10 ). More

importantly, these increases occur at a higher rate than expected under the hypothesis of a random

-3
assortment of AMEGs among genomes, both for FDis (permutation test, 500 perms., p=1.2.10 ) and

for RaoQE (permutation test, 500 perms., p=6.7.10-3). The same trends were also observed using the
resistance spectra inferred from Zarate et al. (2018).

Among the 46,053 AMEGs detected in the initial screen, 15,374 were detected to be
associated with MGE conferring intergenomic mobility (plasmids, prophages, or ICEs), and 9640
were detected to be associated with a MGE conferring intragenomic mobility (integrons or
transposable elements). 7277 genes were detected to be associated with both at the same time. The

proportion of genes associated with MGE:s is actually very heterogeneous between CHGs, going from
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Frequency

0% for CHGs 16, 24, and 29 to 94.8%, 95.7% and 100% for CHGs 13, 5.1, and 5.2 (Figure 7). We
thus investigated the role of MGEs in the accumulation of AMEGs. FDis and RaoQE increase both
with the number of MGE-associated AMEGs and with the number of AMEGs not associated with
MGEs. Yet, the increase rate is significantly higher than expected under the hypothesis of random

assortment for genes associated with MGEs conferring intergenomic mobility (permutation test, 500

perms., p=1.2.10_3 for FDis, p=1.2.10_3 for RaoQE), whatever the source used to infer resistance
spectra. However, for AMEGs associated with MGEs conferring intragenomic mobility or not
associated to MGE, the trends differ depending on how the resistance spectra were inferred, and no
conclusion can be drawn. The pattern of resistance spectrum widening with the accumulation of
AMEGs in a genome is thus stronger and more robust for genes associated with intergenomic
mobility MGEs.

Many MGE:s are also known to replicate the genes they carry in the same genome. We thus
investigated which pairs of AMEGs could be the result of intragenomic replication. The probability
for an AMEG to undergo intragenomic replication is at least 10 times higher when associated with

MGESs, under the hypothesis of random MGE-gene assortment (permutation test, 500 perms.,

-3
p=1.2.10 ). This probability is similar when considering separately MGEs with intergenomic or

intragenomic mobility. MGEs therefore promote the presence of several copies of the same resistance
gene in a genome and the broadening of the resistance spectrum by the combination of functionally-

distant genes.
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3. Discussion

3.1 AMEGs show a ubiquitous presence in sequenced bacteria genomes

In this study, we defined and screened 27 clusters of genes encoding resistance to
aminoglycosides across more than 160,000 genomes. These genomes were widely spread over the
phylogeny of Eubacteria (135 phyla, from Actinobacteriota to Verrucomicrobiota), over ecology
(from hospitals to fauna and flora), over geography (from Arctic to Antarctic), and over time (from
1885 to 2019). About one quarter of these bacteria were found to carry a gene known to provide
resistance to aminoglycosides. This very high prevalence of aminoglycoside resistance is likely biased
by the much higher availability of genomic data for human, clinical, and agriculture isolates. Yet, the
lowest prevalence of ARBs we found in a biome was actually 9%, which is consistent with previous
studies on genomic (Pal et al., 2015; Zhang et al., 2020) and metagenomic (Zhang et al.,
2020) datasets sampled from multiple biomes. A large proportion (ca. 40%) of the ARGs found were
potentially mobile, i.e. associated with plasmids, integrons, prophages, ICEs or transposons. A
previous study reported <20% of potentially mobile ARGs: 29.4% for ARGs conferring multidrug
resistance, 15.5% for B-lactam resistance, and 10.5% for aminoglycoside resistance (Zhang et al.,
2020). Yet, it is to note that Zhang et al. (2020) only focused on plasmids and integrons, which may
potentially have lead to an underestimation of the frequency of potentially mobile ARGs, e.g.
associated with ICEs, phages, or transposable elements.

ACBs are widely spread over space, time, and ecology. We were able to detect AMEGs in all
the biomes considered, and all over the world. The prevalence of ACBs ranged from 64% in Turkey
to 0% in Arctic and Antarctic regions. ACBs were found as early as 1905, i.e. nearly 40 years before
the first aminoglycoside was isolated and identified as a potential antibacterial therapeutic agent. This
is not a surprise as aminoglycosides are naturally produced by bacteria from the Streptomyces and
Micromonospora genera (Durand et al., 2019) and the selection pressure for the evolution of
resistance genes existed long before the clinical use of aminoglycosides, as shown for other antibiotic
resistance genes (D’Costa et al., 2011).

ACB prevalence strongly increased between the 1940s and the 1980s, but it has plateaued
around 30% since the 1990s (Fig. 4B). The phase of increasing prevalence can easily be explained by
the discovery and marketing for clinical use of most AGs. Their massive use must have been a strong
selective pressure for the emergence and spread of AMEGs. However, AG consumption has stabilized
and/or decreased (at least since 1997 in Europe), so the pre-existing selection pressures have remained
stable since the 1990s. Besides, most CHGs coexist over long time periods (Fig. 4C), but they are
unevenly distributed across space (Fig. 2B). This apparent coexistence might therefore result from the
combination of different local dynamics (Supplementary information, Fig. S1). It is to note that two
very distant regions could display the same time trends: e.g., the replacement of CHG 6.1 by CHGs 3
and 5.1 in both Europe and Southern Asia and Oceania since the 1990s, or a surge in the frequency of
CHG 11 in both Europe and North America during the 2000s. This suggests that local distributions of

AMEGs are driven by local parameters, but that local resistomes are also connected at the global
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scale. Finally, the ecological and phylogenetic distribution of AMEGs varies to a great extent, from
ubiquitous CHGs to some being restricted to a few biomes and species. Interestingly, ubiquitous
CHGs were first sampled earlier than the others, and the extent of ecological and phylogenetic spread
for each CHG is positively correlated to the time since its first sampling occurrence. It is yet
impossible to determine the causation order. On the one hand, from two CHGs that emerged at the
same date, those with a larger ecological and phylogenetic “niche” may have higher chances to be
sampled by chance, so they would have been sampled earlier than ecologically and phylogenetically
restricted CHGs. On the other hand, CHGs which emerged earlier (and were thus sampled earlier than
the others) may have disposed of more time to spread across several biomes and phyla, whereas
recently emerged CHGs would be restricted to the biomes and phyla they have had the time to spread

to.

3.2 Antibiotic resistance prevalence is shaped not only by antibiotic use but also by ecology and
human exchanges

Reduction of antibiotic consumption and fighting antibiotic pollution have historically been
the most common public health recommendation to control or reduce the spread and rise in frequency
of antibiotic resistance (see e.g. Moélstad et al., 2008; Sabuncu et al., 2009). The predominance of this
recommendation is also driven by the idea, in evolutionary epidemiology, that selection is the major
determinant in the emergence, accumulation, and propagation of resistance (Blanquart et al., 2017;
Spicknall et al., 2013). This idea is supported by correlative studies linking antibiotic consumption
levels and resistance prevalence, mainly in environments where antibiotic consumption is high such
as hospitals or farms (e.g. Goossens et al., 2005).

In this study, one of the goals was to ask whether the impact of antibiotic use on antibiotic
resistance genes prevalence could be inferred on a very broad geographical and temporal scale and
also across biomes. The local concentrations of antibiotics are likely to strongly vary between biomes,
as antibiotics are mainly used in hospitals, outpatients, farms and agrosystems and antibiotics are
found as pollutant in other biomes. Data on the amount of antibiotics prescribed in human and
veterinary clinics are available but antibiotic pollution data are globally sparse (though local databases
have been set up in recent years (see Umweltbundesamt, 2016) and were not available on a
sufficiently broad geographical and temporal scale to be integrated in our analysis. However, a large
part of the antibiotics consumed are not absorbed by the organism and are excreted, and are thus
found in high quantities in urine and feces (Danner et al., 2019; Gothwal and Shashidhar, 2015).
Amounts of consumed antibiotics in hospitals and households can thus be found nearly unchanged in
effluents (Kiimmerer, 2003), and soils could display inhibitory levels of antibiotics due to manuring
(Tello et al., 2012). From soil, wastewater treatment plants, and freshwater, indirect contamination
can happen towards other biomes (Gothwal and Shashidhar, 2015). Apart from the pollution due to
antibiotics manufacturers (Larsson et al.,, 2018), the presence of man-made antibiotics in the
environment is overall highly correlated to antibiotics consumption (see Li et al., 2016 in which the

main source of pollution for each antibiotic in a watershed is tracked). Since antibiotic concentrations
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in different environments are directly correlated with one another, we can assume that the available
antibiotic consumption data are acceptable predictors for the antibiotic concentrations in other biomes.

Our analysis shows that between 1997 and 2018 in Europe, antibiotics consumption is not the
main factor explaining AMEGs prevalence patterns. For all AMEG CHGs studied, aminoglycoside
consumption was only a minor explanatory factor for the distribution of ARBs, with few positive
effects and mainly non-directional effects on the probability to sample ARBs. There are even in this
dataset examples of low ARB prevalence occurring in countries with high antibiotics consumption:

e.g. over the period, the average prevalence of bacteria carrying CHG 6.1 were 1.5% in France and

18.1% in Austria, whereas these two countries consumed respectively 7.6 and 0.3 tons per 1000km2
of aminoglycosides. How can we explain the discrepancy between our findings and the previously
established correlations between antibiotic consumption and antibiotic resistance prevalence as well
as the obvious selective advantage conferred by resistance genes across large range of antibiotic
concentrations (Gullberg et al., 2011)? There is a strong contrast between the 1960-1990 period
during which most aminoglycosides were discovered and introduced for human consumption and
AMEGs frequency increased (Fig. 4B) and the period studied in the present analysis (1997-2018 in
Europe) during which no new aminoglycoside has been introduced, all CHGs studied had already
emerged since at least 10 years, and aminoglycoside consumption was on average stable in Europe.
The period studied is thus likely to be a post-emergence period, in which the relative weight of
selection as evolutionary force driving the resistance gene frequency variation is likely to be lower
than in the previous period. It is also important to integrate the fact that several mechanisms can allow
resistant strains to thrive even under decreasing antibiotic selection pressure. (i) Selective pressures on
AR are multiple and man-made antimicrobial agents are just one of them. Many ARGs evolved as
adaptations to antibiotics produced in natural communities, or as exaptations of metabolic enzymes
selected for other functions (transferases, efflux pumps, etc., Martinez, 2012). (ii) ARGs can be
maintained in populations by hitchhiking on other genes (e.g. resistance to heavy metals, biocides)
carried on the same MGE (Pal et al., 2015). (iii) Carrying an ARG is costly only if the gene is
expressed, but ARGs can be silenced in nonselective conditions (Wein et al., 2019) and upregulated in
selective conditions only (Jiang et al., 2019; Palmer et al., 2018). The results of our integrated study
strongly suggest that reducing antibiotics consumption is a necessary but not a sufficient measure to
limit the propagation of antibiotic resistances and reduce their prevalence. Complementary measures
based on the reduction of other selection pressures (such as heavy metal pollution maintaining ARG
frequency should be implemented (Seiler and Berendonk, 2012). Some studies even argue that the
spread and fixation of some AR families may no longer depend on the clinical use of antibiotic agents

(Baquero et al., 2015).
3.3 Trade and migration matter more

In our dataset, human exchanges explain a significant part of the variation in the prevalence

of ACBs for a higher number of CHGs than antibiotics consumption does. Human exchanges were
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integrated in our models as imports and immigration weighted by the ARGs frequency in the
IMAGE?24 region of origin (see Fig. 2B). Over the 1997-2018 period, we observed this trend within
Europe, and human exchanges also have an important effect worldwide (Supplementary information,
Fig S1 and Tab. S20-S37), although at this larger scale it was impossible to compare their effects to
the effect of antibiotic consumption. Numerous examples of direct impact of human activities, outside
of antibiotic use, on the emergence, retention, and propagation of AR have been documented: ARBs
can be carried over continents by plant (Zurfluh et al., 2015) and animal products (Eltai et al., 2020;
Le Hello et al., 2011), exchanged through international trade, as well as immigrants (Nellums et al.,
2018) and travelers in general (e.g. Lepelletier et al., 2011). Among these ARBs, several were
identified to have caused human infections and epidemics: e.g. the serotype Kentucky ST198 of
Salmonella enterica (Le Hello et al., 2011); the German Shiga-toxin producing Escherichia coli
(Buchholz et al., 2011; Rasko et al., 2011). The ARGs carried by imported strains may then spread to
local strains and species by horizontal transfer, thus enriching the local resistome or increasing the
local frequency of resistant genes. The decomposition of human exchanges in different good
categories revealed that no category, either specific (e.g. animal feedstuff imports) or general (e.g.
animal products imports), contributes to explain the distribution of all CHGs. This could be due to
different CHGs having different geographical origins, to different CHGs being carried by bacteria
with different ecological niches, or to contingency in the different transmission pathways. However,
imports of meat, beverages, animal feedstuff, and sweet foods explain a significant part of the
variation in the distribution of several CHGs. These imports might be responsible for spreading ARGs
over large distances. Yet, these factors were identified by correlation only, so whether these imports
are transmission pathways for these CHGs cannot be assessed without direct sampling of such
products.

The importance of migration of AR genes, through trade and human travels, as a factor
explaining the variation in AR gene frequency, revealed by our analysis suggests that reducing the
import of ARBs would be an efficient way of limiting AR gene propagation. Procedures of ARG
monitoring in traded goods have been set up but are probably insufficient. For example, as reported
for the European Union (Schrijver et al., 2018), the modalities for detection and characterization of
ARGs in meat are not harmonized between countries, and only focus on clinically relevant species,
thereby ignoring the risk of horizontal transmission to and from other unmonitored strains. However,
infections by ARBs are often difficult to connect to consumption of given products, and most
recommendations insist on hygiene during food processing and cooking (Capita and Alonso-Calleja,

2013).

3.4 Ecology matters most

Not only did we find a wide diversity of ARGs outside of hospitals and farms, where
antibiotics are the most consumed (see Fig. 3), but differences between biomes explained most of the
variance when the frequency of ARBs was modeled over time, space and ecology. Across ecosystems

(defined as the intersection of a biome and a geographical unit), we found that the resemblance
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between resistomes depended more on the biomes in which they were sampled, than on their
geographical location: geographically distant ecosystems belonging to the same biome have more
similar resistomes than geographically close ones belonging to different biomes. This is consistent
with previous studies: functional metagenomic selection experiments show drastic differences in the
resistance profiles between soil and human gut microbiota isolates (Gibson et al., 2014), and less than
10% of ARGs sampled in wastewater treatment plants can also be found in other environments
(Munck et al., 2015). Yet, consistent with Forsberg et al. (2012) who found ARGs shared with 100%
identity between soil bacteria and human pathogens, many ARGs were still shared between biomes,
including between natural and anthropized biomes.

Additionally, the study of certain biomes seems crucial to understand the spread of AR.
Indeed, in the network of resistomes, two of the three most central biomes are “fauna and flora” and
“soil”. This could be explained by both antibiotics and ARGs transferred from humans and
anthropized habitat to natural ecosystems (e.g. through manuring and fecal pollution, see Karkman et
al., 2019; Xie et al., 2018). Natural ecosystems have actually been suggested to constitute reservoirs
for ARGs originating from hospitals (see e.g. Baquero et al., 2009; Tripathi and Cytryn, 2017). Also,
most natural aminoglycosides are produced by two bacteria genera, Streptomyces and
Micromonospora (Durand et al., 2019), that live mostly in soil and decaying vegetation. It is therefore
possible that many of the CHGs first evolved in soil and flora bacteria as defense mechanism against
the chemical warfare of these two genera and remained at high frequency because of continuous
selection pressure. This could be illustrated by the fact that, in our dataset, even though 19 times more
genomes were sampled in hospitals than in soil, only 2.5 times more CHGs had their first documented
occurrence in clinical samples than in soil. If not all CHGs emerged in soil and wildlife, these two
biomes appear at least as a hub for the circulation of ARGs between biomes.

As previously suggested, many different biomes may represent sources and/or reservoirs of
AR, before it is transmitted to human-associated bacteria (Bengtsson-Palme et al., 2018). It is thus
crucial to identify how AR is passed on between biomes. In the biome network, three major modules
of resistome were found: (1) ARGs sampled in hospitals, humans, farms, and agrosystems; (2) ARGs
sampled in soil, human habitat, waste, and freshwater; and (3) ARGs sampled in domestic and wild
animals and plants. Previous metagenomic studies using abundance-based metrics found that
resistome composition is correlated to bacteria community composition: either globally (Pehrsson et
al., 2016), or in specific biomes: soil (Forsberg et al., 2014), wastewater treatment plants (Ju et al.,
2019), human feces (Pehrsson et al., 2016). In agreement with these studies, while using presence-
absence-based indices, we found substantial correlation between resistome similarity and
phylogenetic beta-diversity in the first (hospitals, humans, farms, agrosystems) and the second
modules (soil, human habitat, waste, and freshwater). This correlation indicates that resistome
similarity is at least partially due to species composition similarity, and so to the exchange of ARBs
between biomes. Indeed, when bacteria disseminate between ecosystems, both community
compositions and resistomes tend to converge. Consequently, our results also indicate that the

propagation of resistances is not totally explained by gene exchange by horizontal transfer. It could
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result from multiple factors ranging from dissemination of ARBs: between ecosystems or from
common sources, by abiotic dissemination, (Allen et al., 2010), fecal transmission (Karkman et al.,
2019), transmission by wastewater (Vaz-Moreira et al., 2014), or transmission through the food chain
(Founou et al., 2016). The correlation between resistome and species composition was not found in
the second module (domestic animals, flora and fauna), even though we controlled for the lower
sampling in this module. This surprising result could actually be due to a higher environmental
fragmentation in these biomes , which could result in biased sampling, as documented in
metagenomic studies (e.g. Lu et al., 2014). Moreover, previous results showed that higher spatial
structures increase the likelihood of HGT events to low-abundance strains (Cairns et al., 2018), that
might not be sampled and therefore decrease the likelihood to find a correlation between resistome
composition and community composition. The absence of correlation between resistome and species
composition leads to formulate the hypothesis that horizontal transfer might play a more important
role in ARG propagation in this module than in the other two. This hypothesis could be tested using
HGT detection methods such as the one developed in Corel et al. (2018).

3.5 Combination of AMEGs in a genome is shaped by diversifying selection and MGEs
movements.

In our dataset, 40% of AMEGs are carried by MGEs. MGE carriage is known to be a strong
determinant of the capacity to propagate within and between genome and has been identified as key
element for classifying a given antibiotic resistance in the highest risk category (Martinez et al.,
2015). The association with MGE frequently takes the form of an embedded structure: for example,
half of transposable elements carrying ARGs were also located on plasmids (Fig. 7). The embedded
structures very likely multiply the propagation potential or combine the intra- and inter-genome
propagation potential. At a finer scale, the fraction of genes associated to MGE as well as the identity
of the associated MGE strongly differ between CHGs, suggesting that these clusters have contrasted
propagation probabilities and pathways.

The MGE carriage of resistance genes also means that they can be acquired from different
sources and combined within a genome. A second interesting finding is that the combination of
AMEGs within genomes is not random: the resistance spectrum widens at a higher rate with the
number of AMEGs than expected by chance, which suggests that the combination of AMEGs in a
genome is under selection for functional diversification. This broadening of the resistance spectrum is
mainly driven by MGEs with inter-genomic mobility (i.e. plasmids, ICEs, and prophages).

Finally, we also found that MGEs increase the likelihood for a genome to carry several copies
of the same ARG. It has to be noted here that the copy number accessible from whole genome
sequence data is an underestimation of the actual number of copies of the gene for all genomes in
which the ARG is carried by a plasmid, because plasmids are usually present in more than one copy.
The presence of several copies of a resistance gene, either because of its association with an intra-
genomic MGE or its plasmid carriage not only increases the expression level of ARGs (Depardieu et

al., 2007; Sandegren and Andersson, 2009), but also allows bacteria to evolve new antibiotic
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resistance functions on duplicated sequences (San Millan and Maclean, 2017; Sandegren and

Andersson, 2009), thus also potentially participating in the functional diversification.

3.6 Limitations

The approach taken here allows to exploit a large amount of publicly available data to gain a
broad scale vision of AMEG circulation and propagation. However, it suffers some drawbacks,
mainly linked to the fact that it is based on available data and does not result from a dedicated
sampling. On the one hand, our screening is likely to underestimate the frequency of resistance
carrying genomes because some AMEG families probably remain unknown and AG resistance can be
conferred by other resistance mechanisms such as target change, hydrolysis, etc. (Blair et al., 2015).
On the other hand, resistance gene carrying genomes do not necessarily produce resistant bacteria. It
is indeed nearly impossible to determine with certainty whether each of the genes identified actually
confers AG resistance. So far, the genotype-phenotype relationship is poorly understood for ARGs in
general (Hughes and Andersson, 2017), and particularly for AMEs: a single amino acid change is
likely to change the enzyme’s target, and even to remove its resistance function (Feldgarden et al.,
2019; Zarate et al., 2018). Besides, some of the genes we identified might actually not be expressed at
all, as the presence of cis-regulatory sequences were not screened and their functionality in the
genome of residence is difficult to evaluate. However, our screening might still be considered as a
decent approximation when working with a high spatio-temporal scale of genomic data.

A second important limitation is that the genomes available are not representative of the
species composition of the different biomes and some of the biomes or geographical location are over-
represented. This means that the frequencies of resistant bacteria established in this study are useful
for comparisons between biomes, geographical location and time periods but cannot be taken as
absolute estimates. Along the same line, the absence of detected resistance in certain places in our
data set is likely due to a lack of published genomic data from these places: for example, we did not
detect any AMEG in genomes of bacteria from the Antarctic, when metagenomic studies have shown
that AG resistance have evolved in polar communities (Perron et al., 2015).

Besides, environmental data were insufficiently standardized. Regarding sampling locations,
many of them were unknown in NCBI Biosamples metadata; and others could only be determined to
the precision of the country, sometimes by looking at unrelated columns. We thus chose to use the
country scale as spatial grain, in order to consider as many of them as possible, but at the cost of
geographical precision. Moreover, because sampling can be scarce in many geographical areas,
countries outside Europe were grouped in larger entities. This choice of spatial scales, constrained by
the metadata available, might have prevented to uncover dynamics that occur at finer spatial scales. In
the same way, we had to rely on unstandardized data regarding the categorization of the biomes in
which bacteria were sampled. Our categorization of biomes was an attempt to reproduce current
categorization of metagenomes, but unlike metagenomic datasets, the ecosystems in which bacteria
genomes are sampled are usually poorly described: e.g. the distinction between human samples and

clinical samples is often very subtle. Some samples may therefore have been assigned to the wrong
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biome. And since sampling is greatly biased towards clinical, human, and farms samples, we chose to
merge certain classical ecological categories in order to treat the widest diversity of samples. This

categorization thus partly differs from other studies.

3.7 Conclusion and perspectives

The present study provides a broad picture of the spatial, temporal and ecological
distributions of AMEGs as well as their association with MGEs and reveals contrasted patterns for the
different gene families. It additionally establishes that the recent temporal variations of ACBs in
Europe are explained first by ecology, second by human exchanges and last by antibiotic
consumption. This means that selection by man-made antibiotics is not the only evolutionary force
explaining the frequency of ARGs and its variation, such that interventional strategies based on
prudent uses of antibiotics for humans, animals, and plants are likely to be a necessary but insufficient
way to control and limit the spread of antibiotic resistance. The importance of ecology and human
exchanges in shaping the patterns of AMEG prevalence is adding to the growing body of evidences
that AR must also be tackled from One Health and Global Health perspectives (Hernando-Amado et
al.,, 2020, 2019). It depends not only on clinical therapeutic guidelines, but also on the high
interconnectivity of ecosystems, both locally and globally. Thus, though continuing AR monitoring in
clinical and farms samples is crucial, current sampling methods hugely bias genomic datasets and
insufficient standardization of data limits their exploitation. Understanding the big picture on AR will
require a stronger sampling effort in natural ecosystems and as we have shown that resistomes tend to
cluster by ecology rather than by geography, emphasis should be put on monitoring the resistome of
all biomes with equal intensity. It is important to note that metagenomic datasets currently allow
neither to precisely assign ARBs to taxonomy, nor to analyze ARG accumulation in genomes, but that
their assembly into draft genomes (van der Walt et al., 2017) could help to quickly widen the range of
genomic data available from natural ecosystems in the near future.

Finally, this study highlights that AMEGs are frequently associated with MGE but also shows
that this level of association strongly varies between gene families. It additionally reveals the role of
MGE in the generation of within genome duplications and even more importantly in functional
diversification and resistance spectrum broadening. MGEs are known to be vehicles of HGT and are
likely to participate in the spread of AMEGs but the strong correlation between resistome composition
and species composition established here within biome groups suggests that AMEGs are also
spreading by ACBs exchange between biomes. The relative contributions of HGT and ACB migration
to AR propagation as well as the factors that shape and orient them should be investigated on datasets
as the one generated in this study in order to understand the antibiotic resistance traffic rules and

potentially interfere with them to reduce and slow down their movements.
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4. Material and methods

4.1 Detection of aminoglycoside modifying enzyme genes

The first aim of this study was to document the geographic, historical and ecological extension of
gene families that encode AMEs. This was done by screening for these genes across the clade of
Eubacteria. Current methods to detect ARGs in genomic datasets can be, for example, based on HMM
profiles drawn from biochemical nomenclatures (e.g. AMRFinder, Feldgarden et al., 2019). However,
the biochemical characteristics of AMEs do not reflect their evolutionary history and many profiles
may thus gather both homologous and paralogous sequences. Such mixed and evolutionary
heterogeneous profiles do not allow to track the spread of a gene family as they can gather sequences
with different evolutionary origins despite their similar biochemical functions. New HMM profiles
based on clusters of homologous sequences only were thus built. While it may detect a wider diversity

of resistance genes, it also increased the need for additional filtering steps.

4.1.1 Definition of resistance profiles

204 sequences of aminoglycoside modifying enzymes were gathered from examples reviewed in
Ramirez and Tolmasky (2010) and Garneau-Tsodikova and Labby (2016). From the sequences
contained in these two references, two categories have been excluded for further analyses: sequences
for which (i) the protein could not be found from the provided identifier solely, and (ii) two enzymatic
functions were assigned (e.g. AAC(6’)-APH(2’’)). All the other sequences (Supplementary
information, Tab. S38) were grouped in 29 clusters of homologous genes (CHGs) using SiLiX (v.
1.2.9, Miele et al., 2011) with the following parameter values: at least 70% overlap and 35% identity
to accept BLAST hits for building families. For each CHG, sequences were aligned with Clustal
Omega (v. 1.2.4, Sievers and Higgins, 2014), and alignments were submitted to HMMER (v. 3.3,
Eddy, 2011) to define profiles. Sequences used to define CHGs, their biochemical classification, and
their assignment to CHGs, are listed in Supplementary information, Tab. S38: AACs were split into
14 CHGs, ANTs into 6 CHGs, and APHs into 9 CHGs, and no CHG gathered proteins with distinct

enzymatic activities.

4.1.2 Bacterial genomes

The genomes included in this study are all the Eubacteria genomes available in the NCBI Refseq
database on August 18, 2019 and that could be assigned at the species taxonomic level, to the
taxonomy bac120 (release 89, Parks et al., 2018) with the pipeline GTDB-tk (v. 1.0.2, Chaumeil et al.,
2020). This pipeline extracts sequences of 120 conserved genes to assign unannotated genomes to the

taxonomy, based on the sequence of these 120 genes. 160,987 genomes were used in this study.
4.1.3 Screening resistance profiles into genomes

The genomes were screened for the presence of the 27 CHG profiles defined using the hmmsearch

command of HMMER (v. 3.3). Around 1,200,000 hits were found in the 160,987 genomes screened.
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Results were kept with cutoff values of 10_3 for e-value and 0.95 for accuracy, and if the length of the
predicted proteins was at least 80% of the one of the corresponding profile. When the same protein
corresponded to two (or more) overlapping profiles, the result with the lowest e-values was kept. The
functions of the proteins screened by HMMER were predicted using InterProScan (v. 5.40, Jones et
al., 2014) and proteins with a predicted function incompatible with aminoglycoside modification were
filtered out of the dataset based on a keyword list search (see Supplementary information, Text S2 for
the list of keywords).

After screening and functional filtering, some CHG profiles did not match any output homologs (i.e.
CHGs 9, 10, 21, 22 and 30) and they were thus excluded. The proteins conserved after this functional
filtering step were reclustered with SiLiX (with a minimum of 40% identity over 80% overlap) in
order to confirm homology. As some sub-clustered CHGs also contained a low number of hits (2 or
3), only clusters that contained at least 10 sequences were kept (<100 sequences excluded). Three
CHGs had to be subdivided and the resulting subclusters will be referred to as their initial CHG name,
plus another digit (e.g. CHG 6.1). This resulted in 46,053 protein sequences predicted to code for
AME:s, belonging to 27 CHGs, and spread across 38,523 genomes.

4.2 The genomic context of aminoglycoside modifying enzyme genes

A search for mobile genetic elements in the neighborhood of predicted AMEGs was performed. The
software programs and methods used are detailed thereafter. All programs mentioned below were
applied to complete genomes for completely assembled genomes, or to each contig containing
AMEGs from partially assembled genomes. The aim was to identify MGEs allowing intra-genomic
mobility (transposable elements and integrons) and those allowing inter-genomic mobility (plasmids,
prophages, and ICEs). Importantly, about one third of the identified AMEGs were located less than
1kb of the extremities of the corresponding contigs, which might have reduced our ability to detect

MGE:s.

4.2.1 Identification of genetic elements allowing inter-genomic mobility

The PlasForest pipeline (v. 1.0.0, Pradier et al., 2021) was used to identify plasmids. Full contigs
containing previously identified AMEGs were submitted to this random forest classifier-based
software. When a contig was predicted to be of plasmid origin, all the AMEGs it carried were
considered as carried by a plasmid. Prophages were then identified with the pipeline PhiSpy (v. 4.0.0,
Akhter et al., 2012). AMEGs were considered to be associated with prophages when located within a
predicted prophage, or within 1kb upward or downward of it. At last, integrative and conjugative
elements (ICEs, sometimes referred to as ‘conjugative transposons’) were identified with the pipeline
ICEFinder (Liu et al., 2019). This pipeline can only process annotated genomes, so AMEG-carrying
genomes were beforehand annotated with the software Prokka (v. 1.14.5, Seemann, 2014). ARGs
were considered to be associated with ICEs when located within a predicted ICE, or within 1kb

upward or downward of it.
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4.2.2 Identification of genetic elements allowing intra-genomic mobility

There are two types of bacterial transposable elements that are likely to carry accessory genes:
composite and noncomposite transposons. However, there is currently no standardized method to
detect transposable elements in prokaryote genomes (see Goerner-Potvin and Bourque, 2018, with the
exception of Red that is not specific to transposable elements, Girgis, 2015). Thus, in order to detect
composite transposons, ISfinder database of insertion sequences (Siguier et al., 2006) was
downloaded on 2020/05/05 and used as a BLASTn subject database (v. 2.11.0, Camacho et al., 2009).
AMEG-carrying contigs were submitted to BLASTn against this database, and only hits larger than
minimum IS size (depending on the family, from 600bp for 1S200/IS605 to 3000bp for Tn3) were
kept. An AMEG was considered as potentially carried by a composite transposon if it was surrounded
by at least 2 IS of the same family within 20kb from each other. In order to detect noncomposite
transposons, 345,657 transposase protein sequences were extracted from NCBI (list of accession
numbers in Supplementary information List. S1) and used as a BLASTp subject database. Contigs
carrying AMEGs were translated on 6 frames, then submitted to BLASTp against this database, where
only hits larger than 50 amino acids were kept (in order to detect only hits with substantial coverage
of transposases). In order to distinguish IS transposases (involved in composite transposon
transposition) from other transposases, AMEGs in the neighborhood of IS (previously identified as
associated to composite transposons) were excluded from this non-composite transposon screen.
Remaining AMEGs were considered as potentially associated with non-composite transposons if they
were located within 20kb from a transposase.

At last, integrons were identified with the pipeline IntegronFinder (v. 1.5.1, Cury et al., 2016).
AMEGs were considered to be associated with integrons when located within a predicted integron, or

within 1kb upward or downward of it.

4.3 Environmental contexts of ARG-carrying bacteria

4.3.1 Metadata

Through the NCBI BioSamples database, metadata were collected for 90,751 samples (about 55% of
the genomes screened for AMEGS).

A classification was attempted for all the samples into the 11 ecological units (biomes) that were
defined: clinical environments; freshwater; sludge and waste; wild fauna and flora; domestic animals;
farms and farm animals; agrosystems; sea water; human habitat; human samples; soil. To do so,
keywords were searched (Supplementary information, Text S3), in a precise order to avoid multiple
allocation of the same sample. Some form of sample location was available in the metadata of 75,581
samples: either in the form of geographical coordinates (13,053 samples), location names (exact
location, region, or country, 52,898 samples), or institution (university, laboratory, or hospital, 7970

samples). As most locations were not more precise than the country scale, each sampling location was
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assigned to a country by reverse search in Google Geocode API. Sea water samples could not be
assigned to any country, and were thus not included in analysis of spatial variation in AMEGs
prevalence. Due to the large number of geographical areas to consider, countries were gathered into
larger regions (IMAGE24 classification, R library rworldmap, South, 2011). Samples originating
from European Union member countries kept their country-level assignment for analyses focusing on
Europe only. Sampling dates recovered from the metadata were considered to the time level of year.

In total, geographical information, ecological information, and sampling dates could be recovered for

45,574 genomes only.

4.3.2 Antibiotic consumption

Aminoglycoside consumption data in the European Union were collected from the ESAC-NET (for
human consumption, European Centre for Disease Prevention and Control, 2021) and the ESVAC (for
animal consumption, European Medicines Agency, 2021) databases for the period 1997-2018.
Antibiotic consumption data are not freely available for countries outside the European Union. As an
aim of this study was to test the impact of antibiotic consumption in general, both sources of antibiotic
consumption were summed into a single variable, measured in metric tons of aminoglycosides
consumed each year by each country. ESVAC consumption data were measured in metric tons, while
ECDC consumption data were reported in Defined Daily Doses (DDDs) for 1000 habitants. ECDC
consumption data were thus converted to the same unit using 1 gram as a baseline for aminoglycoside
DDD, which is the current WHO standard for amikacin (WHO Collaborating Centre for Drug
Statistics Methodology, 2020), and each country’s population, recovered from the World Bank
(2021a). In order to standardize consumption data between countries of heterogeneous sizes, these
measures were divided by each country’s surface. Then, missing human and animal consumption data

on the period 1997-2018 were predicted by interpolating the actual data between two consecutive

2
available data points (linear regression: Antibiotic consumption in metric tons per 1000km -~

2 2
Country x Year, R =0.959 for ESVAC data, R =0.928 for ECDC data). Finally, these data were

summed to a single variable of AG consumption per country and per year.

4.3.3 Human exchanges

The bilateral trade matrix, including imports between 1997 and 2018, was collected from the United
Nations Conference on Trade and Development (United Nations Conference for Trade and
Development, 2021). This matrix measured imports in 2018 US dollars. From this matrix, imports of
energy, information, and services were excluded, to only keep 27 import categories (categories are
listed in the rows of Supplementary information, Tab. S19). The bilateral immigration matrix was
collected from the World Bank (2021b). Missing immigration data were predicted by interpolating the

actual data (linear regression: Number of migrants ~ Country of origin x Country of destination x
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2
Year, R =0.883).

Potential AMEG influx from one country to another was calculated as the sum of imports
(respectively immigrants) from the origin region, multiplied by the frequency of AMEGs sampled in
the origin region. Total AMEG influx in a country due to trade (respectively immigration) was

computed by summing influxes from all possible origins.

4.4 Inference of resistance spectrum

The aim was to assign a resistance spectrum to each of the AMEG we identified. AR phenotypes in
particular can be either determined by empirically testing the resistance phenotype associated to a
given genotype as has been done in the AMRFinder database (Feldgarden et al., 2019), or inferred
from the systematic compilation of all the antibiotics to which a biochemical family is known to resist
(Zarate et al., 2018). Here both datasets were used to infer a minimum and maximum resistance
spectrum of the AMEGs detected in Eubacteria genomes. An AME biochemical class was attributed
to each AMEG sequence identified thanks to the AMRFinder database. A resistance spectrum was
then attributed to each AMEG sequence using the established correspondence between the
biochemical classes and the AR phenotypes, either empirically predicted (Feldgarden et al., 2019), or
reviewed (Zarate et al., 2018). Even if an assignment of each AMEG sequence to an AMRFinder
profile could be done, an assignment of each of them to a resistance spectrum was not possible, either
because no precise resistance was indicated in Feldgarden et al. (2019), or because the biochemical
classes corresponding to AMRFinder profiles were too broad compared to the ones from Zérate et al.
(2018) and thus did not allow correct assignment. An AR phenotype could be assigned to 12,982
AMEGs out of 11,284 genomes using empirically tested data, and to 31,910 AMEGs out of 26,006

genomes using reviewed data.

4.5 Statistical analysis

4.5.1 Phylogenetic diversity

To evaluate the phylogenetic range across which each CHG is distributed, two measures summing up
the phylogenetic distribution were computed using the function pd from the R library picante: (i)
species richness, i.e. the number of species in which a CHG was found; and (ii) Faith’s distance
(Faith, 1992), i.e. the sum of the lengths of all the branches of the minimum tree spanning all the

bacteria carrying a specific CHG.

4.5.2 Factors influencing the distribution of aminoglycoside resistance

For each CHG, the aim was to explain the local frequencies of AG-resistant bacteria, i.e. the
likelihood to sample a genome carrying at least one gene from a given CHG in a given ecosystem at a
given date, during the 1997-2018 period. The function fitme of R library spaMM (Rousset and Ferdy,
2014) was used to compute logistic regressions. The random structure of each null model was selected

to minimize conditional AIC, among these hypotheses: no structure; a first-order time-autoregressive
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process; a Matérn correlation structure based on longitude and latitude of each country’s centroid;
both a time-autoregressive process and a spatial Matérn correlation structure. Several hypotheses were
also considered for the explanatory variables. First, AMEG influx due to trade and AMEG influx due
to immigration were highly correlated with each other. In the subsequent statistical analysis, these two
variables were thus not considered separately: either both of them were considered to explain the
distribution of antibiotic resistance, or none of them were. These two variables were thus considered
under the denomination of human exchanges. Then, the following variables were included as fixed
effects: ecology (as a categorical variable), AG consumption, human exchanges, and their interactions
with ecology (as scaled numerical variables). Including the null model, thirteen different
combinations of fixed effects were thus simultaneously considered to explain the distribution of a
CHG. For each CHG, the model with the lowest conditional AIC was selected. As antibiotic
consumption data were only available for Europe, this model selection was only performed for
European data. Due to the temporal variability of sampling in Europe, dates were considered every
two years. Another model selection was performed, without considering the antibiotic consumption
variable, for worldwide data (with countries being gathered into larger geographical units, see section
4.3.1) with dates being considered every year.

To describe the amount of variance explained by the models and the improvement of the complete

2
models from the null models, adjusted McFadden pseudo-R  were computed:

_log(L)—K

2 _
Ru=1 log(Ly)

where L is the likelihood of the null model, L is the likelihood of the considered model, and K is the

number of explanatory variables in the model. To measure the unique contribution of each variable,

the difference AR2Adj was computed, i.e. the difference of adjusted McFadden pseudo—R2 value
measured in the same model without the focal variable.

For 14 CHGs, model selection kept human exchanges as one of the explanatory variables. For these
cases, the effect of the 28 components of the “human exchanges” variable was tested. All these
components being highly correlated with each other, “human exchanges” was replaced by only one

component at a time. Among the 28 resulting models, only those for which the slope estimates for

human exchanges were positive were kept. Finally, models with AIC<AICmin+10 were selected

(Burnham and Anderson, 2002).

4.5.3 Distribution of resistomes across geography and ecology

In our dataset, an ecosystem was defined as the intersection of a geographical region and a biome. An
aminoglycoside resistome (hereafter simplified as “resistome™) was defined as the set of AMEGs that
could be found in an ecosystem. Several CHGs appeared during the time frame considered (1990-

2018). Thus, in order for resistomes not to depend on time, CHG presences and absences over several
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time periods were separately considered (from 1990 to 1994, 1995 to 1999, etc.). For example, CHG 1
presence/absence between 1990 and 1994 and its presence/absence between 1995 and 1999 are
considered as different variables for resistome composition comparisons, as if they were two
independent CHGs. Similarities between resistomes of different ecosystems were computed using
Jaccard index, because it is one of the least sensitive to sampling error (see Schroeder and Jenkins,
2018). This index takes a value of 1 when two ecosystems carry exactly the same CHGs, a value of 0
when two ecosystems carry no common CHG.

To test the dependence of resistomes on geography and ecology, distances were considered between
ecosystems (i) either as geographical distances between the centroids of considered regions, or (ii) as
binary distances between considered biomes (measured as 1 if two ecosystems belong to the same
biome, 0 otherwise). Mantel tests were performed to measure a possible correlation between Jaccard
index on one side and the geographical or the biome distance on the other side. Correlation with
ecological binary distance was found but not with geographical distance, so ecosystems were then
grouped into biomes for further analyses.

To test the association strength between biomes, a network based on the previous matrix of Jaccard
indices was created. Each biome was represented as a vertex, and each edge was weighed by the
resemblance between two resistomes (measured by Jaccard index). This complete network was
pruned into a minimum spanning network (Bandelt et al., 1999), in order to remove the edges that
were the least likely to correspond to ARG exchange between two resistomes. Modules were
established on this network by using the Louvain method (Blondel et al., 2008). Finally, the
relationship between AMEG composition and bacteria community composition was studied at the
ecosystem level (each ecosystem being defined as the intersection of a biome and a geographic unit).
To do so, the correlation between the resistome Jaccard index and the similarity in bacteria
community composition, represented by a phylogenetic Sgrensen index (Bryant et al., 2008), was

computed.

4.5.4 Functional diversity

Functional dispersion (FDis) et Rao’s quadratic entropy (RaoQE) were computed to characterize
functional dissimilarity, in terms of resistance spectrum conferred by different AMEGs contained in
the same genome. For this, the R library FD was used (Laliberté et al., 2014). To measure how
functional dissimilarity changes with AMEG number per genome, a linear regression of either the
square root of FDis or the square root of RaoQ and the logarithm of the number of AMEGs carried by
a genome was computed. Permutation tests were performed in order to compare the observed pattern
with expectations under the null hypothesis of random assortment of AMEGs among genomes. The
gene-genome matrix was permuted 500 times using the function permatswap from the R library
vegan, and FDis and RaoQ were calculated on each genome for each iteration. For each permutation,
linear regressions were computed, which yielded a distribution of slopes, simulated under the null
hypothesis of random assortment of AMEGs among genomes. Observed slopes were then compared

to this distribution, to assess whether AMEG accumulation is compatible with this hypothesis. This
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analysis was performed for whole genomes, and then distinguishing between AMEGs associated or
not associated with MGEs and then further distinguishing between MGEs with intragenomic and

intergenomic mobility.

4.5.5 Gene duplications

For each genome that contains at least two AMEGs belonging to the same CHG, the DNA sequences
of these genes were recovered, as well as 1kb upstream and downstream, from the NCBI Nucleotide
database. Pairwise alignment of these sequences was performed, in order to measure sequence identity
between pairs of AMEGs. Because many gene sequences are identical or nearly identical, sequence
identity was also computed between pairs of sequences composed of genes and their close genomic
contexts. As a conservative threshold, a group of sequences (e.g. a pair, a triplet, or a quadruplet of
sequences) was considered to be the result of gene duplication if AMEGs were at least reciprocally
90% identical and their genomic contexts were at least reciprocally 80% identical. Yet, to test the
sensitivity of the subsequent analysis to these arbitrary thresholds, other thresholds were used for the
identity between AMEGs (80%, 85%, 90% and 95%) and for the identity between genomic contexts
(50%, 70%, 80% and 90%). Results did not substantially vary with these thresholds (Supplementary
information, Tab. S39-S40). To test if the association of an AMEG sequence with (at least) one MGE
makes it more likely to duplicate, the proportions of duplicated groups of AMEGs were computed
both among genes associated with MGEs and among genes that were not. Permutations of the
AMEGs-MGEs matrix were performed to compute replicates of these proportions under the
hypothesis of random physical association between MGEs and AMEGs. The observed odds ratio was

then compared to the distribution obtained by permutation.
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Section V : Structuration phylogénétique,
écologique, et génomique du transfert

horizontal des genes de résistance

Dans le chapitre précédent, on s’est intéressé a la distribution spatio-temporelle et éco-
géographique des genes de résistance aux aminoglycosides, et on a pu constater que cette distribution
s’explique davantage par leur propagation spatiale et leur association a des éléments génétiques mo-
biles que par la sélection antibiotique. Cependant, le mouvement des génes de résistance ne se fait pas
gue dans ce contexte. En effet, la propagation des génes de résistance entre espéeces est I'une des pro-
blématiques majeures de la résistance, car elle permet la diffusion rapide des résistances a de nouvelles
espéces. Ceci implique que, bien que les génes de résistance puissent apparaitre dans des taxons non
pathogénes et étre hérités verticalement, ces derniers puissent étre ensuite acquis par des espéces pa-
thogenes par HGT. Ce mécanisme a déja été observé et semble fréquent dans I’histoire évolutive de la
résistance : de nombreuses familles de genes de résistance aux antibiotiques ont été trouvées dans un
large éventail de taxons bactériens avec une forte similarité de séquence, ce qui montre que ces genes
ont trés probablement été transmis horizontalement.

Bien qu’on sache le HGT répandu, de nombreuses questions restent encore aujourd’hui en suspend

quant a la tendance générale de transfert et aux facteurs pouvant le structurer. La réponse est pour-
tant essentielle pour la mise en place de stratégies a grande échelle de confinement de la résistance.
Par exemple, de nombreux genes de résistance n‘ont été observés que récemment chez des espéces
pathogenes, mais leur origine reste inconnue. Pour empécher le transfert de résistances a ces espéces,
il est donc crucial d’identifier les taxons et les contextes qui diffusent ces génes vers les organismes
pathogenes, afin que les stratégies de confinement les ciblent en particulier. De méme, on sait que la
mise en place du HGT dépend de certaines conditions, et qu’il existe notamment certaines barriéres
(par exemple une distance phylogénétique trop importante) ou certains faciliteurs (par exemple le por-
tage par des MGE). Mais ces barrieres ne sont pas spécifiques aux génes de résistance, et il existe donc
encore une incertitude quant a l'influence qu’exercent les facilitateurs et les barrieres au HGT sur la cir-

culation des ces génes.

Ce chapitre réutilise le jeu de données constitué dans le chapitre précédent, afin d’examiner ces
différentes questions dans le cas des genes de résistance aux aminoglycosides. Dans un premier temps,
les genes qui ont été impliqués dans un transfert horizontal récent entre genres différents ont été
détectés par une méthode phylogénétique implicite. Dans un second temps, j’ai reconstruit des réseaux
dirigés décrivant le transfert horizontal des genes de résistance d’'un taxon a l'autre. D’une part, ces

réseaux mettent en évidence que la résistance aux aminoglycosides a été particulierement propagée
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par des taxons d’organismes non pathogénes, et que les taxons pathogéenes dont la résistance pose le
plus probléeme actuellement sont en réalité plutot des receveurs dans le transfert de résistances. D'autre
part, 'ensemble des résultats suggerent que les barrieres connues au HGT peuvent en réalité étre
contournées par I'association des genes de résistance a certains contextes génomiques, en particulier a
des MGE emboités (par exemple lorsqu’un plasmide porte un transposon, qui porte lui-méme un géne

de résistance).

Il est a noter que certaines analyses présentées dans ce manuscrit en cours de construction ne sont
pas completement abouties : (1) La maniere dont sont établis les core genomes , utilisés pour calculer les
tableaux d’usage de codons des génomes récepteurs, pourrait étre changée, en particulier en utilisant
des outils bioinformatiques tel que roary. (2) Un probléme technique dont je n‘ai pas encore identifié
I'origine m’a empéché jusque-la d’obtenir des mesures de compatibilité d’'usage de codons (indice COU-
SIN18) pour une grande partie des génes transférés; quand ce probléme technique aura été résolu, les
analyses incluant ce facteur pourront étre conduites sur un jeu de données plus ample. (3) La maniére
dont I'association aux MGE est prise en compte dans les régressions binomiales peut étre affinée. (4) La
mesure de la probabilité des événements de HGT dans la derniére partie des résultats est probablement
a perfectionner. La partie des résultats qui porte sur I'impact de la compatibilité d’'usage de codons et
sur le role des MGE, en particulier des MGE emboités, sera donc potentiellement révisée, ainsi que la

partie de la discussion qui s’y rapporte.
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Deciphering the horizontal traffic rules for aminoglycoside resistance genes
through a network analysis

Léa Pradier, Stéphanie Bedhomme

Abstract

Horizontal gene transfer (HGT) is known to be pervasive across bacterial communities, and had been
identified as one of the main routes for the recent spread of antibiotic resistance genes. Although
barriers and facilitators of HGT have been described on specific examples, little is known on their
global impact on the propagation of antibiotic resistances. Here we studied the horizontal traffic of 27
families of genes encoding aminoglycoside-modifying enzymes. We used an implicit phylogenetic
method to detect those which had been recently transferred between genera, and we constructed
directed networks to identify their most likely routes of propagation. These networks are heterophilic
and show an overrepresentation of HGT from non-pathogenic taxa to human pathogens. Moreover,
subsequent analysis confirmed several barriers to HGT: phylogeny, ecology, and codon usage
incompatibilities. But it also showed that at least some of these barriers could be bypassed when
resistance genes were associated with nested mobile genetic elements (e.g. transposons carried by
plasmids). Together, these results suggest that the spread of antibiotic resistance depends much more
on non-pathogenic bacteria than previously estimated, and that nested mobile genetic elements can

serve as shortcuts for propagation.

1. Introduction

Horizontal gene transfer (hereafter HGT) is one of the major mechanisms that shape the
evolution of prokaryotic organisms (Soucy et al., 2015). On the one hand, it has a major qualitative
impact on the recombination of genomes, allowing them to avoid clonal interference, and providing
them sets of genes that permit adaptation to new environments or lifestyles (Marijuan et al., 2010;
Schaack et al., 2010) but see Koonin, 2016). On the other hand, numerous gene families are mainly
inherited horizontally and can thus quickly spread between distantly related lineages (Gal-Mor &
Finlay, 2006; Holden et al., 2004).

There are a number of factors that favor the occurrence of HGT events. Notably, mobile
genetic elements with intergenomic mobility, e.g. conjugative plasmids, are known to transfer
resistance between genera, phyla, and even major domains (Sgrensen et al., 2005). High donor
population size (B. Li et al., 2019) and spatial structure (Cairns et al., 2018) can also favor HGT, by
increasing the likelihood of encounter between donors and recipients. Finally, HGT is more frequent
between closely related taxa (Andam & Gogarten, 2011; Popa et al., 2011; Soucy et al., 2015).

However, even if HGT seems to be ubiquitous and very prevalent among Prokaryotes, core
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genomes can always be reconstructed for any taxon, and the composition of the dispensable genome
can strongly vary from one strain to another (see e.g. Forsberg et al., 2014) for antibiotic resistance
genes). This indicates that genes do not move freely and randomly by HGT and that there are rules
and constraints on the horizontal circulation. First, metagenomics studies showed the existence of
physical barriers, such as limited transfer between ecologically distant communities (Shapiro et al.,
2012 ; Smillie, 2011). But horizontally transmitted genes (hereafter HT genes) may also imply costs
for the recipient bacteria (Baltrus, 2013), which limit the success of HGT when strains which recently
received HGT are selected against. These costs may involve replication and expression costs (Park &
Zhang, 2012), as well as a disruption of the host gene regulatory networks (San Millan et al., 2015).
Yet, even the codon usage bias (hereafter CUB) of these genes can generate costs when the recipient
genome has a different CUB (Amorés-Moya et al., 2010; Bedhomme et al., 2019; Walsh et al., 2020),
and it was suggested that CUB incompatibilities could decrease the retention of HT genes (Callens et
al., 2021). In part of the cases, these costs can be counterbalanced by the adaptive functions of newly
acquired genes, as horizontally transferred genes are known to be enriched in metabolic genes and
genes involved in interspecific interaction warfare, such as antibiotic resistance genes.

One of the current main issues related to HGT is its major role in the spread of antibiotic
resistance. Numerous antibiotic resistance gene (hereafter ARG) families have been found in a wide
range of bacterial taxa with a high sequence similarity, which shows that these genes were
horizontally transmitted (e.g. Gibson et al., 2014). A substantial body of research has consequently
focused on tracking the spread of ARG families across the phylogeny (Jiang et al., 2017), and on
testing the conditions required for the horizontal spread of ARGs, either in isolated populations (B. Li
et al., 2019) or in small experimental communities (Cairns et al., 2018). Yet, most of these studies
were limited to plasmid-carried ARGs (e.g. Cairns et al., 2018; B. Li et al., 2019; Q. Li et al,,
2019) and/or taxa of clinical interest (mostly human and animal commensals or pathogens, see e.g.
Cooper et al., 2017; Jiang et al., 2017; B. Li et al., 2019).

These approaches can inform us on the extent of the horizontal transmission of ARGs, and on
the mechanisms that shape it. Apart from experimental approaches are only restricted to small, simple
systems, other bioinformatic and statistical analysis of HGT usually rely on network analysis. First,
gene-sharing networks are based on the detection of pairs of genes carried by different genomes that
share high sequence identity. Gene-sharing networks can inform us on the set of taxa which share the
same genes, and thus on the extent to which HGT had occurred, but not on the donor-to-recipient
relationships. Second, phylogenetic networks (see e.g. Makarenkov et al., 2006) were developed to
take into account the discrepancy between several gene phylogenies that resulted from HGT.
Phylogenetic networks provide useful information on the donor-to-recipient relationships, but they
require phylogenetic reconstruction at a wide range of loci and thus demand high computational
power even when focusing on a single gene family. Finally, directed HGT networks appear as a

methodological compromise. Contrary to phylogenetic networks, HGT networks do not require
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phylogenomic reconstruction: the construction of HGT networks simply relies on the inference of
ancestry for HT genes. Not only does this inference allow to track the propagation of HT genes much
more precisely than gene-sharing networks, but topological analyses and the identification of donor-
recipient pairs also allows to draw conclusions on the parameters which shape HGT for ARGs. This
approach was already applied in past research (see e.g. Cong et al., 2016; Popa et al., 2011, 2016), but
never for the specific case of ARGs.

In this study, we tracked the horizontal transmission of several families of aminoglycoside
resistance genes with directed HGT networks. Aminoglycosides are traditional Gram-negative
antibiotics that bind to the 30S subunit of prokaryotic ribosomes and thus inhibit protein synthesis
(Mingeot-Leclercq et al., 1999). This antibiotic class was first introduced in 1944 with the successful
use of streptomycin against tuberculosis. Nowadays, AGs are only used in humans as a second-line or
last-resort treatment for Gram-negative bacteria (Garneau-Tsodikova & Labby, 2016) but they remain
frequently used in agriculture and veterinary medicine to treat septicemia and infections of the
digestive, respiratory, and urinary tracts in a wide variety of domestic animals (European Medicines
Agency, 2017). In a previous study (Pradier & Bedhomme, 2022), we screened more than 160,000
bacterial genomes for a specific class of aminoglycoside resistance genes (genes encoding
aminoglycoside-modifying enzymes, hereafter AMEGs), which we found in nearly 40,000 genomes.
The date, location, and biome of sampling were recovered for each genome, when possible, and the
potential association with mobile genetic elements (hereafter MGEs) was screened. Here, we further
analyze and detect this dataset and detect recent HGT events, using an implicit phylogenetic method.
We then reconstruct directed HGT networks for a subset of the gene families analyzed. Topological
analyses of these networks allow us to (i) to investigate whether there is a preferential direction in the
horizontal transmission of AMEGs; (ii) to assess the relative roles of different factors that may

constitute barriers or facilitators to HGT in the specific case of ARGs.

2. Material and methods

2.1 Dataset

In a previous study (Pradier & Bedhomme, 2022), 160,987 Eubacteria genomes available on the
NCBI Assembly database were screened for the presence of 27 clusters of homologous genes (CHGs)
coding for aminoglycoside resistance proteins. The CHGs had been determined using Silix (Miele et
al., 2011) on a collection of published aminoglycoside-modifying enzymes (Garneau-Tsodikova &
Labby, 2016; Ramirez & Tolmasky, 2010) and the genomes were screened using HMMER (Eddy,
2011). The starting point of the present study is thus a collection of 38,523 bacterial genomes in
which at least one AMEG has been detected and confirmed. Each genome has been assigned to the
bac120 taxonomy thanks to the GTDB-tk pipeline (Chaumeil et al., 2020), which uses a set of 120

ubiquitous proteins, present in >90% of genomes, and in a single copy in >95% of genomes (Parks et
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al., 2017, 2018). Additionally, genome metadata (date, location, biome of sampling) were collected
when available and the genomic context of the AMEG was analyzed in terms of association with

mobile genetic elements (prophage, plasmid, integrative conjugative elements, transposons).

2.2 Detection of horizontally transmitted antibiotic resistance genes

2.2.1 Implicit phylogenetic method

The first aim of this paper was to accurately detect AMEGs that had been involved in horizontal
transmission (hereafter, HGT events) on a large dataset. An implicit phylogenetic method, inspired by
Corel et al. (2018), was used to detect horizontally transmitted genes. The rationale is to test for each
pair of resistance genes from the same cluster whether their p-distance is lower than expected if they
had been acquired vertically. The set of 120 ubiquitous proteins used for phylogenetic assignment
(bac120, Parks et al., 2018) was taken as a reference for vertical inheritance. This phylogeny has a
maximal degree of resolution for species, so inference of HGT events could not be performed within
species. For each species pair, p-distances were measured between all these 120 proteins, thus
defining a reference for the distribution of genetic divergence for vertically transmitted genes. A
confidence interval for the 5% quantile of this distribution was determined by a bootstrap procedure
(10,000 samples with replacement). For each CHG, proteins were aligned with Clustal Omega
(Sievers & Higgins, 2014), and p-distances were computed between the proteins of each pair of
species. A putative horizontal transfer event was reported when the p-distance between a pair of
aminoglycoside resistance proteins was significantly lower than expected for vertical transmission,
i.e. when it was lower than the lower bound of this confidence interval of the p-distances distribution
for the ubiquitous set of vertically transmitted genes. For each pair of species, we were thus able to
report a set of putative horizontally transmitted genes. This analysis focused on recent HGT events

only, and thus pairs of resistance proteins for which p-distance was above 5% were excluded.

2.2.2 Assessment of the implicit phylogenetic method

In order to assess the accuracy of the aforementioned method, sequence alignments were simulated
under different scenarios. For each CHG, the pyvolve library (Spielman & Wilke, 2015) was used to
simulate a range of sequence alignments, with size equal to the median protein size of the CHG, and a
phylogenetic distribution corresponding to the one of the CHG. The WAG model was considered as
the null hypothesis for vertical inheritance, as for the bac120 phylogeny (Parks et al., 2018). This
procedure was replicated 1000 times for each CHG. In each sequence alignment simulation, a HGT
event was artificially introduced by replacing, for a randomly chosen pair of species, the protein
sequence in one species by the one of the other species. The HGT detection method explained above
was then applied on this simulated data: p-distances were computed between all protein pairs, and
pairs were assigned as putative HT genes depending on their p-distance. For most CHGs, this method

gave high precision (i.e. few false positives) for the largest phylogenetic scales (see Supplementary
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information, Fig. S1): precision ranges from 63% to 100% depending on the CHG, with a median of
100%, for between-genus HGT events. However, this precision decreased rapidly when considering
within-genus HGT events. Indeed, HGT events did reduced the genetic distance between donors and
recipients, but they also reduced the genetic distance between recipients and taxa closely related to the
donor. These taxa could be detected as involved in HGT events, whereas they may never have been.

Intrageneric events were thus discarded for subsequent analysis.

2.3 Reconstruction of directed horizontal gene transfer networks

2.3.1 Rationale

Implicit phylogenetic methods assume that, for a given pair of taxa, two sequences that were shared
by HGT diverged less than those that were vertically inherited. However, this implication is not
always reciprocal. As HGT distorts the relationship between genetic and phylogenetic distances, some
sequences can be detected as horizontally transmitted simply because they are closely related to ones
that were actually involved in HGT events. It is therefore necessary to double check that putative
HGT sequence pairs are likely to account for actual HGT events. Moreover, as genetic distances are
reciprocal, implicit phylogenetic methods cannot be used to infer donor-recipient relationship. In the
past decade, alignment-free distances were proven to be accurate and straightforward methods to
measure sequence relatedness, e.g. to reconstruct genome phylogenies (Fan et al., 2015) or to classify
viruses (Ahlgren et al., 2017). The rationale of alignment-free methods is that sequences evolving
within the same genome tend to have the same nucleotide k-mer composition. Using these methods, it
is therefore possible to detect horizontally transferred genomic regions (because their composition
substantially differs from the species nucleotide composition), and to potentially identify which
genome acted as donor in a HGT event (because the transferred sequence is expected to have a
nucleotide k-mer composition which is closer to the donor one than to the receiver one, Bernard et al.,
2016; Cong et al., 2016). Among the diversity of metrics used to calculate compositional distances,
Tang et al. (2018) identified d»* (based on 3-mers with a 1-fold Markov chain, Reinert et al., 2009) as
one of the most reliable measures to detect HGT events.

Inspired by these approaches, putative HGT protein pairs were submitted to compositional
comparisons, using d>* as a measure of relatedness. Consider a gene gy, carried by the genome Go,

and involved in n putative HGT sequence pairs with the genes g: to g, carried by the genomes G; to

Gn. If go was horizontally transmitted from the genome G; (with ; o (1,n) ), then the compositional

distance between go and G; must be lower than a threshold d>*max above which G; is unlikely to be the
donor of go (condition (i)). Moreover, the distance between go and G; should be lower than the
distance from go to Go, otherwise go would be very unlikely to have been horizontally acquired
(condition (ii)). Among all the genomes that satisfy conditions (i) and (ii), the most likely donor of go

is assumed to be the genome with the minimum compositional distance to go. Let the identified donor

95



be Gi, then the G; — Gy event is reconstructed.

This procedure is applied to all the sequences involved in putative HGT protein pairs detected by the
implicit phylogenetic method. Once pairs of donor-receiver in HGT events were identified and the
direction of transfer established, HGT networks were reconstructed where vertices represent

taxonomic units and edges represent horizontal transmission events.

2.3.2 Computation of compositional distances

All d>* measures were performed with the software CAFE (Lu et al., 2017). For each protein, the
corresponding DNA sequence was recovered. In order to correctly assess the composition of each
DNA sequence, genomic context upstream and downstream was extracted along with each gene, up to
the limit of 5kb contigs. d>-derived metrics have asymptotic normality and can theoretically be tested
for significant differences. However, though CAFE provides d>* measures with 6 digits, it can be
assumed that the precision of differences in d,* is actually lower than 10, due to the limited size of
compared sequences. A measure for the precision of d.* differences, henceforth called Ad.*, is
introduced, such that d»*(go, Gi) < d>*(go, Gj) is considered true if and only if d>*(go, Gi)+Ad>* <
d>*(go, Gy).

2.3.3 d2*max

When looking for the donor genome of a gene, then it must first be assessed whether any genome in
the dataset considered can actually be a donor for that gene. If the horizontally transferred gene is
sequenced straight after the HGT event, it will still carry the composition signature of its donor
genome. However, a gene can gradually diverge from its original genomic signature after
transmission, and our aim was to be able to retrace inheritance despite this post-transmission
divergence. d>*max is thus defined as a maximum value of d»* between a donor genome and the gene
that was passed on. This threshold is defined from the distribution of d>* among randomly simulated
sequences.

To define the composition of sequences, a frequency table was randomly drawn for nucleotide 3-mers
(3-mers were considered because they are then used by CAFE to compute d2*). This table was drawn
in two steps: half of the frequencies were drawn from the 64 possible 3-mers, and the remaining half
was drawn on a subsample of 3-mers. This way, we ensured that the frequency table was biased
towards some 3-mers, since the distribution of nucleotides and codons in bacterial genomes are
usually biased (Botzman & Margalit, 2011). However, as far as we know, no global distribution of
skewness for bacterial nucleotide composition was established, so we had to explore a wide range of
biased frequency tables. Two random sequences are then built from this composition table: a large
sequence Go to simulate a genome, and a smaller sequence go to simulate a gene (and in some cases its
genomic context). As the smallest genome in our dataset contained 1.9Mb, the size for G, was fixed

to 666,666 3-mers. Contigs that were extracted for genes and their genomic contexts ranged from
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150pb to 5kb, so sizes for go also ranged from 50 to 1666 3-mers. From go, n positions are randomly
mutated to construct a related gene gi. d>* was then measured between Go and gi. This procedure was
independently replicated 500 times for different gene sizes (50, 100, 150, 200, 333, 450, 999, or 1666
3-mers), different composition biases (constituted by oversampling 10, 30, 50, or 64 3-mers), and
different divergence rates between go and g: (0.1%, 1%, 10% of positions mutated, being
hypothesized that pairs of genes should diverge slower under the hypothesis of vertical inheritance),
for a total of 48,000 independent simulations. The 95% quantile of the d»* distribution was then
calculated to define the threshold of d>* above which it is unlikely that a given genome is a credible
donor for a focal gene. This gives the following linear regression: d>*max=0.983-0.062*log(N)
+0.075*log(N)*sqrt(p), R?>=0.426, with N being the gene size and p the p-distance between the focal

gene g; and its homologous go.

2.3.4 Ad>*
Two closely related genomes usually have very similar compositional signatures. When this is the
case, it might be impossible to distinguish between two d.* measures, and therefore to assign any
donor genome to a focal gene. Ad.* is thus defined as the minimum d.* difference below which two
genomes are equally likely to be donors of a gene. This value is defined from the distribution of d»*
differences for simulated random sequences.
As in section 2.2.3, a frequency table of nucleotide 3-mers was randomly drawn. Then, from this
table, two random sequences were generated: a genome G; (666,666 3-mers) and a gene g; (ranging
from 50 to 1666 3-mers). Then, to simulate two closely related genomes, the genome G is created by
randomly mutating n positions in G;. A new 3-mer frequency table is calculated from the sequence of
Go, and a new gene g, (same size as g1) is randomly drawn from that second table. d»* values were
then computed for the following pairs: Gi-g1, G2-g2, G1-g2, G2-g1, and G1-G2. We then calculated the
following average difference:

6 = (|d2*(G1,91) - d2*(G2,g1)| + |d2*(G2g2) - d2*(G1g2)| ) / 2
This procedure was independently replicated 500 times for different gene sizes (50, 100, 150, 200,
333, 450, 999, or 1666 3-mers), different composition biases (biased towards 10, 30, 50, or 64 3-
mers), and different divergence rates between G and G (0.01%, 0.1%, 0.2%, 0.5%, 1%, 5%, 10%, or
30% of positions mutated), for a total of 128,000 independent simulations. Ad>* was then defined as
the 5% quantile of 6, i.e. 95% of d»* differences should be above this threshold. A linear regression
established the following relationship: log(Ad2*)=-3.090+0.552*log(d.*(G1,G2)), R?*=0.990. For any
pair of genomes, the precision level could then be predicted by calculating d»* between these two

genomes.

2.3.5 Approximation of donors for network construction
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HGT network reconstruction was performed at the level of genomes: genome G; was considered as
the donor genome for a gene gy if d>*(go, Gi)+Ad>* was lower than any other d»* measure. However,
it could not be claimed that this method allows to accurately find donor genomes, but only genomes
that are (more or less) closely related to the actual donors. Thus, we hypothesize that our method
could approximate donor taxa, at least at the level of species. For subsequent analyses, genomes were
gathered into higher phylogenetic levels: species or genera. At these levels, taxon T; was considered
as the donor taxon for a gene go if Ti contained at least one genome G; such that d»*(go, Gi)+Ad>* was
lower than any other d>* measure. When several genes were detected as transferred between from one
taxon to the other, we could not assess whether numerous HGT events occurred between the two taxa
or whether, for example, only one HGT event occurred, but the gene then propagated in the recipient
taxon. Thus, topological analysis considered only one edge for each possible direction of transfer

between two taxa.

2.4 Topological analysis

Several topological indices were measured on all the HGT networks with the R library igraph.
Assortativity is a preference for a network’s vertices to attach to others that are similar in some way:
either in degree (degree assortativity), or in a nominal variable (categorical assortativity). Diameter is
the length of the longest shortest-path in the network. Reciprocity is a measure of the likelihood of
vertices in a directed network to be mutually linked.

Sensitivity analyses were additionally performed on each HGT network. A first analysis consisted in
randomly removing a fraction (5%, 10%, or 30%) of genomes from the dataset, and then to
reconstruct HGT networks, in order to measure sensibility to low sampling. A second analysis
consisted in randomly rewiring a fraction (10%, 30%, or 50%) of edges in each HGT network, in
order to measure the difference between reference HGT networks and random networks. Sensitivity to
sampling or random rewiring was assessed by testing the difference in several topological measures

listed above between reference HGT networks and the distribution of resampled/rewired networks.

2.5 Metadata

2.5.1 Definition of pathogenicity

In order to track HGT events between pathogenic and non-pathogenic bacteria, four databases listing
pathogenic species or taxa were compiled. Taxa further labelled as pathogenic in this study are: (i) the
12 taxa considered priority for the development and production of new antibiotics by WHO because
of their high prevalence of antibiotic resistance (World Health Organization, 2017), the 18 taxa
estimated to pose the highest national security and public health threats in the USA (National Institute
of Allergy and Infectious Diseases, 2018) and (iii) bacteria species involved in pathogenic interactions

with human hosts in two databases gathering the characteristics of several hundreds of pathogen-host
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interactions (PHIBASE, Urban et al., 2020 and Wardeh et al., 2015 databases). The classifications of

species are listed in Supplementary information, Tab. S1.

2.5.2 Phylogenetic and ecological distance

Phylogenetic distances between taxa were estimated in the bac120 phylogeny, with the function
distTip of the R library ape. Distances between species were directly measured on the phylogenetic
tree. Distances between genera were measured between the most recent common ancestors of the
species of each genus. To evaluate the phylogenetic range across which each CHG is distributed, two
measures summing up the phylogenetic distribution were computed using the function pd from the R
library picante: (i) species richness, i.e. the number of species in which a CHG was found; and (ii)
Faith’s distance (Faith, 1992), i.e. the sum of the lengths of all the branches of the minimum tree
spanning all the bacteria carrying a specific CHG.

In order to quantify the difference between the ecological niches of different taxa (either species or
genera), Jaccard distances were calculated between presence/absence vectors reflecting the occurrence
of bacterial taxa in our dataset across 10 terrestrial biomes classified by Pradier and Bedhomme
(2022). Jaccard distances, hereafter denominated “ecological distances”, were calculated with the
function recluster.dist of the R library recluster. This index, rather than other distances based on

prevalences, was chosen because the dataset is biased in favor of clinical samples.

2.5.3 Differences of codon usage biases

For each CHG, we evaluated the match in codon usage between all genes identified as
members of this cluster and all the species and genera carrying a member of this cluster. First, codon
usage tables of the core genome of each taxon were compiled. Many dispensable genes have indeed
been acquired by horizontal transfer and their codon usage is likely to not be the product of the
coevolution with the translation machinery, contrary to what is expected for the core genes. To
delineate core genomes, a maximum of 30 genomes were selected for each species and submitted to
Prokka (Seemann, 2014) for detection and annotation of their CDS. CDS with no clear annotation (for
which the annotation contained the words “hypothetical” or “putative”) were excluded, as well as
CDS shorter than 150pb (due to their low reliability in the calculation of codon usage, see Bourret et
al., 2019). A core genome was then established for each taxon by gathering all the CDS whose
annotations were present in 100% of genomes. From these core genomes, codon usage tables were
calculated using the software COUSIN (Bourret et al., 2019).
Finally, the similarity of codon usage between AMEGSs’ nucleotide sequences and potential receiving
genomes was measured through the COUSIN18 index calculated by the COUSIN software. This
index takes values below 0 when the CUB of the query is in the opposite direction to the reference,
between 0 and 1 if the CUB of the query is in the same direction but the bias is less pronounced than

in the reference and above 1 when the bias is in the same direction and more pronounced than in the
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reference.

2.6 Statistical analysis

Three types of mixed models were built in this study. First, we computed a binary regression
to evaluate the factors which influence whether an AMEG was detected by the implicit phylogenetic
method to have been involved in recent HGT events. This model takes association with MGEs and the
pathogenicity of the carrier species as two categorical, fixed effects, and the CHG to which the gene
belongs as a random effect. This model was computed with the function glmer from the R library
Ime4.

Then, we used the pglmm function from the R library phyr to compute a phylogenetic Poisson
GLMM. This model aimed to evaluate the impact of pathogenicity on the out-degree of a species in
directed HGT networks. This model takes the bac120 phylogenetic tree as a correlation structure, and
the CHG as a random effect.

Finally, from the HGT networks, we aimed to explain the likelihood of HGT success, i.e the
frequency of transmitted genes between donors and recipients. The function fitme of R library spaMM
(Rousset & Ferdy, 2014) was used to compute logistic regressions on the following response variable:
pi=ni/n;, where n; is the number of AMEGs carried by the taxon T;, and nj the number of AMEGs
carried by the taxon T; that were horizontally transmitted from taxon Tj. A global model, grouping all
CHGs, was performed, with the following random variables: the CHG, taxon T;, and taxon T;.
Separate models for each CHG were computed as well to explore the diversity of drivers and barriers
to HGT. These separate models included only taxa T; and Tj as random variables. Variance was
considered as Beta-distributed, in order to prevent the possible under- or over-dispersion of residuals.
Regarding the model construction of fixed effects, measures of COUSIN18 were missing for a large
number of taxa pairs in each network. Models were thus computed with and without COUSIN18.
Each model also included the following fixed effects: ecological distance; patristic distance; for each
CHG, the frequencies of genes associated with either intergenomic mobility MGEs only, or
intragenomic mobility MGEs only, or nested MGE:s in the donor taxon Tj; as well as the interactions

of these frequencies with either patristic distance or COUSIN18.

3. Results

3.1 The distribution of putative horizontally transmitted AMEGs

We applied an implicit phylogenetic method to search aminoglycoside resistance protein pairs
which were likely to have diverged more recently than expected from the bac120 phylogeny. We only
focused on recent, large-scale horizontal gene transfer events: we thus searched among 5,973,930
protein pairs with an identity of 95% or higher, and that were carried by species from different genera.

We found a total of 27,530 AME:s out of 46,053 that were likely to have been involved in recent HGT
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events. The frequency of putative horizontally transmitted AMEGs varies to a great extent across
CHGs: from 0% for CHGs 3, 5.2, 6.3, 15, 16, 17.1, 17.2, 24 and 28 to nearly 100% for CHGs 5.1, 13,
14, and 19. We did not find any correlation between this frequency and the phylogenetic spread of
CHGs, evaluated either with species richness (Pearson correlation coefficient, p>0.05), or with Faith’s
distance (Pearson correlation coefficient, p>0.05).

We computed a mixed model to investigate the determinants for an AMEG to have been
involved in a recent HGT event. First, association of AMEGs with mobile genetic elements
significantly increases their likelihood to have been involved in HGT (Fig. 1, Supplementary
information, Tab. S2). Intergenomic mobility MGEs have a significantly higher effect than
intragenomic mobility MGEs (post-hoc Tukey test, p<10-%), and nested MGEs have the highest effect
on the likelihood to have been involved in HGT (post-hoc Tukey test, p<10-). Moreover, we used
several databases to classify species carrying these genes as human pathogens or nonpathogens. We
found that the likelihood to be involved in HGT is significantly higher when the gene is carried by a
pathogenic species (Fig. 1, Supplementary information, Tab. S2). We additionally performed a mixed
ANOVA to describe the phylogenetic distribution of horizontally-transmitted AMEGs.
Campylobacterota is the phylum in which the likelihood of being involved in HGT is the significantly
highest, followed by Bacteroidota and Firmicutes A. The least susceptible phyla to carry putative HT

genes are Actinobacteriota, Cyanobacteria, and Firmicutes I.
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Figure 1: Effects of genomic contexts and pathogenicity on the likelihood to be involved in

horizontal transfer events. Bars represent the estimates of a mixed binomial regression. Human pathogens

are the species which were listed in the WHO, NIAID, PHI-Base and WARDEH databases.
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However, pairs of putative horizontally transmitted AMEGs are not oriented, i.e. bacteria
carrying these sequences are identified neither as donors nor as recipients for HGT events. We thus
selected 6 CHGs out of the 18 in which we identified putative horizontally transmitted AMEGs to
perform subsequent analysis: CHGs 1, 2, 13, 14, 20, and 25. These 6 CHGs were chosen because they
represent a diversity of configurations encountered among AMEGs CHGs (Table 1): diversity in the
frequency of putative HT genes, in their phylogenetic spread, in the frequency at which they were
sampled in clinical contexts, and in their associations with MGEs. Additionally, they represent the
three main biochemical functions of AMEs: modification of aminoglycosides by transfer of an acetyl
(acetyltransferases, AACs), a nucleotidyl (nucleotidyltransferases, ANTs), or a phosphoryl
(phosphotransferases, APHs) group.

Table 1: Summary of the CHGs that were selected for construction of HGT networks

CHG function f(HGT) fMMGEiner) f(MGEinwa) f(MGE,eseqg Biomes Faith distance f(Clinical)

CHG 1 AAC 0.892 0.029 0.391 0.446 7 4.73 0.830
CHG 2 AAC 0.556 0.121 0.082 0.331 7 4.63 0.239
CHG 13 ANT 0.987 0.147 0.286 0.515 8 12.3 0.690
CHG 14 APH 0.994 0.433 0.059 0.412 5 2.01 0.196
CHG 20 AAC 0.861 0.375 0.048 0.349 6 4.87 0.190
CHG 25 ANT 0.898 0.729 0.000 0.136 3 4.30 0.500

3.2 Topological analysis of HGT networks

For these 6 CHGs, we aimed to identify, when possible, the species or genera of origin of the
putative horizontally transmitted AMEGs. We used alignment-free methods to reconstruct HGT
events, which together form directed HGT networks, at two scales: between species and between
genera (Fig. 2). A vast fraction of putative horizontally transmitted AMEGs could be included in these
networks (Supplementary information, Tab. S3), and these networks are globally little sensitive to low
sampling and significantly different from randomly rewired networks (Supplementary information,
Tab. S4-S5). In HGT networks, each taxon (species or genus) is represented by a vertex, and edges
account for horizontal transmission events. There is complete correspondence, i.e. edges between the
same taxa were reconstructed, between HGT networks at both levels for CHGs 1, 2, 14, 20, and 25,
i.e. connections between the same taxa were reconstructed . For CHG 13, 80 connections out of 85 are
common to both levels, 3 connections at the species level were not reconstructed at the genera level
(Achromobacter ruhlandii — Pseudomonas aeruginosa, Aeromonas salmonicida — Providencia
rettgeri D, Pseudomonas aeruginosa — Enterobacter himalayensis), and 2 connections were not
reconstructed at the species level (Escherichia spp. — Klebsiella spp., Pseudomonas A spp. —

Pseudomonas E spp.). Reconstructed HGT events encompass wide phylogenetic distances: only 22%
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of connections occurred within families, whereas more than 10% of events connected different phyla.
Yet, this varies a lot depending on the CHG considered (see Fig. 3). Indeed, 50% of CHG 2 transfers
occurred within families and all within the same phylum, while 75% of CHG 25 transfers occurred

between different phyla and none within the same order.

Table 2: Topological metrics of HGT networks

CHG Level Degree assortativity Diameter Reciprocity
CHG 1 Species -0.664 4 0.258
Genera -0.617 4 0.286
CHG 2 Species -0.695 2 0
Genera -0.659 2 0
CHG 13 Species -0.270 7 0.069
Genera -0.336 6 0.146
CHG 14 Species -0.681 1 0
Genera -0.661 1 0
CHG 20 Species -0.437 4 0.095
Genera -0.492 3 0.174
CHG 25 Species -0.400 1 0
Genera -0.577 1 0

Table 3: Categorical assortativity of HGT networks at the level of species

CHG WHO database NIAID database = PHIBASE database WARDEH database
CHG 1 -0.107 -0.057 -0.332 0.304

CHG 2 -0.385 0 -0.333 -0.433

CHG 13 0.023 -0.063 0.019 -0.017

CHG 14 0 0 0 0

CHG 20 0.033 -0.048 -0.018 0.018

CHG 25 -0.154 -0.154 -0.125 NA

HGT networks form overall short paths: maximum diameter is 6 at the genera level and 7 at
the species level for CHG 13, and minimum diameter is 1 at both genera and species level for CHGs
14 and 25. Moreover, HGT networks exhibit negative degree assortativity, varying between  -0.66
and -0.26, and very low reciprocity (from O for most networks to a maximum of 0.29 for genera
exchanging CHG 1). Thus, few taxa with high degree exchange genes with many taxa with low
degree. Consistently, out-degree is positively correlated to the inverse of in-degree at the species level
(Pearson correlation coefficient, p=0.208, p=2.0.102), but we could not find the same relationship at
the genera level (p>0.05). Thus, at the species level at least, we can identify two main profiles for taxa
in HGT networks: few “donor” taxa with high out-degree and low in-degree, which transferred
AMEGs to many “recipient” taxa with high in-degree and low out-degree (Figure 2). Some of the taxa
identified as donors for one CHG can be identified as recipients for other CHGs (e.g. Klebsiella
pneumoniae has 7 outcoming edges for CHG 2, but also 13 incoming edges for CHG 13), whereas
some taxa can be both donors and recipients for the same CHG (e.g. for CHG 1, Acinetobacter

baumannii has 12 outcoming and 4 incoming edges). Yet, several species could sometimes be
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identified as donors only (Pseudomonas E psychrophila, Aeromonas hydrophila, Enterobacter
himalayensis, Enterococcus faecalis, Streptomyces albidoflavus, Streptomyces bacilliaris) or as

recipients only (Escherichia coli, Escherichia flexneri).

1.004

0.754

CHG 1
CHG 2
@ CHG13
@ CHG 14
CHG 20
CHG 25

Ratio
o
g

0.254

0.004

Far’nily Orlder Cléss Phy’lum

Figure 3: Inter-taxa connection ratio in HGT networks. Connection ratios for networks at the level of
genera are represented by plain lines and circle points, those at the level of species by dotted lines and triangle

points.

We thus aimed to identify the variables that increase the out-degree of a species, i.e. what
increases its likelihood of being a source for horizontal transmission of an AMEG. In particular, we
attempted to identify whether donors and recipients were structured by pathogenicity. Indeed,
whichever classification we use to define pathogenic and non-pathogenic species, all the HGT
networks have very low (up to 0.03 for CHG 20 classified with the WHO database) or negative (down
to -0.43 for CHG 2 classified with the WARDEH database) categorical assortativity. In particular,
while non-pathogenic bacteria represent only 21.8% of vertices in HGT networks, transmission from
non-pathogenic to pathogenic bacteria is overrepresented with 35% of HGT events. For subsequent
analysis, we classified species into three categories: highly-problematic pathogens (when reported in
the WHO and/or NTAID databases, 46% of outcoming and 81% of incoming edges), other pathogens
(when reported in the PHIBASE and/or WARDEH but not in the WHO and NIAID databases, 14% of
outcoming and 7% of incoming edges), and non-pathogenic bacteria (when reported in no database,
39% of outcoming and 12% of incoming edges, see Fig. 4). A phylogenetic generalized mixed model
shows that highly-problematic pathogens have a significantly lower out-degree than non-pathogenic

bacteria, although no significant difference was found between other pathogens and highly-
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problematic pathogens and between other pathogens and non-pathogenic bacteria (Supplementary

information, Tab. S6).

Figure 4: Pathogenicity in species HGT networks. Species are represented as vertices of different

colors: highly-problematic pathogens in red, other pathogens in orange, and non-pathogenic species in blue.
HGT events from a non-pathogenic to a pathogenic species are represented as violet edges, and other HGT

events as gray edges.

3.3 Factors influencing the likelihood of HGT events

Finally, we investigated the factors that influenced the occurrence and the success of a HGT
event between two taxa. To do so, we computed mixed beta-binomial regressions to explain the
response variable pj;, i.e. the proportion of AMEGs carried by taxon T; that had an origin in taxon T;.
Models were computed on the whole dataset, as well as on CHGs 1, 2, 13, and 20 separately, at both
genera and species levels. Models were not computed on CHGs 14 and 25 due to the low number of
taxa represented in HGT networks. Besides, due to missing COUSIN data, each model was computed
twice, with or without COUSIN as a fixed effect.

We found significant negative effects for both phylogenetic distance and ecological distance
on the likelihood of HGT events on the whole dataset (Supplementary information, Tables S7-S10),
but also for CHGs 1, 2, and 13 (Tables S11-S22). For the whole dataset and for CHG 1 in particular,
at the genera level (Table S11), COUSIN has a positive effect on the likelihood of HGT events in
HGT networks: i.e., AMEGs are more likely to be transmitted to taxa with codon usages similar to
their ones.

MGEs have diverse effects on the probability of HGT events, depending on the CHGs, and
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mostly in interaction with phylogenetic distance and COUSIN. First, association with intergenomic
mobility MGEs has a significant positive effect on the whole dataset (Tables S7-S10), but negative
effects for CHG 1 (network at the genera level) and 13 (network at the species level). Association
with these MGEs also has a significant positive interaction with phylogenetic distance on the whole
data set at the species level, for CHG 1 at the genera level, and CHG 13 at the species level:
intergenomic mobility MGEs counteract the negative effect of phylogenetic distance on transfer
likelihood. AMEGs associated to intergenomic mobility MGEs have a transfer likelihood which
increases with phylogenetic distance, which is not the case for AMEGs with another genomic context.
However for CHG 2, AMEGs associated to these MGEs have a transfer likelihood which decreases

with phylogenetic distance.

1e-01

1e-04 \

1e-07 4 Nested MGEs

—— Other genomic contexts

Probability of successful HGT event

1e-10 4

2 3 10 5 5 10

1 0
Patristic distance COUSIN18
Figure 5: The effect of nested MGEs on the probability of HGT events. Curves and areas represent
predictions and prediction intervals at the 95% level of the binomial regressions computed on HGT networks at
the level of genera. AMEGs that are always associated with nested MGEs in a species are figured by the red

curves, and AMEGs associated with other genomic contexts by the blue curves.

Second, regarding intragenomic mobility MGEs, their association to AMEGs decreases the
likelihood of HGT events for the whole dataset (at the genera level) and CHG 13 (at the species
level), but significantly increased it for CHG 1. For networks constructed at the genus level,
intragenomic mobility MGEs also have a significantly positive interaction with phylogenetic distance
for the whole dataset and CHG 1, but this interaction is negative for CHG 2. Third, nested MGEs have
a negative impact on the likelihood of HGT events, but also a significant positive interaction with

phylogenetic distance, and this for the whole dataset and for CHGs 2 and 13. Finally, nested MGEs
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have a significant negative interaction with COUSIN for the whole dataset (see Fig. 5), but also for
CHGs 1 and 13 at the genera level, i.e. AMEGs associated with nested MGEs are more likely to be
transferred to taxa with very dissimilar codon uses.

No other effect was found to be significant. In particular, no significant effect on the

likelihood of HGT events was found in models for CHG 20.

4. Discussion

In this study, we showed that 27,530 AMEGs out of 46,053 were likely to have been involved in
recent, large-scale HGT events. We reconstructed directed networks of HGT events for 6 CHGs and,
by analyzing these networks, we provided new insights into the identification of donors and recipients
of antibiotic resistance and the factors which favor the emergence of donor-recipient relationships for

ARGs.

4.1 Non-pathogenic bacteria have an underestimated role on the transmission of AMEs

Most of the putative horizontally transmitted AMEGs we identified were carried by human or
animal pathogens and commensals, with highest prevalences in Campylobacteriota, Bacteroidota, and
Firmicutes A. This is not surprising since horizontal transmission of ARGs to pathogens has been a
huge concern during the recent decades (see e.g. Juhas, 2015). But this is also a direct consequence of
a biased dataset, due to the oversampling of bacteria in hospitals and human or animal microbiota
compared to other ecological contexts: 88% of bacteria screened by Pradier and Bedhomme
(2022) for AMEGs were drawn from clinical, human, or farms samples. With the reconstruction of
HGT networks, we were able to show that non-pathogenic bacteria actually have a crucial role in
horizontal transmission of AMEGs. Indeed, HGT networks are heterophilic when considering
pathogenicity towards humans. In particular, if HGT events occurred depending on the abundance of
each bacteria type, as non-pathogenic bacteria represent only 21.8% of species considered in HGT
networks, one might expect that only 0.218*0.782=17% of HGT events occur from non-pathogenic to
pathogenic bacteria. Here, with 35% of HGT events (up to 57% for CHG 20), non-pathogenic to
pathogenic HGT events are overrepresented. Moreover, highly-problematic pathogens have much
lower out-degrees than non-pathogenic species.

This overall suggests that non-pathogenic bacteria are major providers of AMEGs to other
taxa. For both CHGs 1 and 20, the only donors with null in-degrees are non-pathogenic species, with
the exception of Klebsiella quasipneumoniae (for which the donor might be simply unresolved).
These two CHGs were thus probably spread from non-pathogenic taxa, which passed them on
(directly or indirectly) to pathogenic bacteria. Species of the genus Streptomyces spp. constitute a
striking example in CHG 20, for which they are the most important donors by far. Streptomyces is

thus both one of the genera (with Micromonospora) that naturally produce aminoglycosides (Durand
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et al., 2019) and one of the genera from which resistance to these antibiotics is spread. This dual
nature of antibiotic producers was already known, as numerous genes conferring resistance to various
antibiotics (including AMEs) and encoded by Proteobacteria were found to result from ancient HGT
events from Streptomyces (Jiang et al., 2017). Here we show that Streptomyces has still recently
passed on genes to Proteobacteria, and that it has thus conferred aminoglycoside resistance to a wide
range of pathogens.

For other CHGs, the HGT circulation patterns are quite different: for CHG 14 and 25, donors
with null in-degrees are pathogens; for CHG 2, Pseudomonas aeruginosa (a pathogenic species) is a
major donor, along with two non-pathogenic species, Bosea sp900112185 and Pseudomonas E
protegens; and the CHG 13 HGT networks presents numerous (pathogenic and non-pathogenic)
donors with null in-degrees. Our approach does not allow to determine the origin of each CHG, i.e. in
which species and which environment a gene conferring aminoglycoside resistance evolved but it is
likely that non-pathogenic bacteria still were massive spreaders of these CHGs. Indeed, first of all,
there is an overrepresentation of Pseudomonadaceae among donors, which are known to be an
ubiquitous family Palleroni, 1981). Pseudomonadaceae live across a wide range of environments
(Spiers et al., 2000), and donor Pseudomonadaceae are involved in a wide range of ecological
interactions — from pathogens (e.g. P. aeruginosa) to symbionts (e.g. Pseudomonas E protegens,
Ramette et al., 2011). Outside this family, we find either donor species that are also known to live in a
wide range of natural ecosystems (e.g. Sphingobium yanoikuyae, Gu et al., 2009), or donor species
that cannot infect humans and/or domestic animals (e.g. Moraxella A osloensis is a symbiont of a
slug-parasitic nematode, An et al., 2008). Together, this suggests that AMEGs were spread from a
wide range of contexts, and mostly from bacteria that do not (or rarely) infect humans.

On the contrary, highly-problematic human pathogens have the highest in-degrees: e.g.
Klebsiella pneumoniae for CHG 13, Salmonella enterica for CHG 20, P. aeruginosa for CHG 2. In
two cases only, we have identified highly-problematic human pathogens playing the role of hubs for
the horizontal transmission of AMEGs: P. aeruginosa and A. baumannii have both high in- and out-
degrees for CHG 1 and CHG 13. Finally, there is only one case, where a highly-problematic human
pathogen is the only donor with null in-degree: P. aeruginosa is likely the original spreader of CHG
14.

Antibiotic resistance is known to be an ancient phenomenon, and D’Costa et al. (2011) even
found AMEGs in 30,000-year-old Actinobacteriota genomes from the permafrost. AMEs had other
biological functions before humans started manufacturing aminoglycosides, notably as a shield in the
competition with aminoglycoside-producing bacteria. This competition only occurred in the
ecological niche of Streptomyces and Micromonospora, so successful HGT events could only occur in
these environments where AMEGs confer a competitive advantage: mostly in soil and decaying
vegetation (Perry & Wright, 2013). It is thus likely that most ancient transfer events occurred from

soil bacteria to ecological generalists, and that transmission from ecological generalists to human
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pathogens only started recently. In this study, we show that transmission of AMEGs from non-
pathogenic (including from soil bacteria) to pathogenic bacteria has also happened recently. Our
findings are consistent with other studies which showed that soil and human microbiota shared ARGs
with 100% identity (e.g. Forsberg et al., 2012), suggesting that the soil-to-pathogens pipeline is still
active.

Yet, one question remains: why are HGT events from non-pathogenic to pathogenic bacteria
overrepresented, and not also the other way around? Indeed, it is rare that two taxa exchange AMEGs
in both directions, and only 9% of edges we constructed represented reciprocal HGT events at the
species level (Tab. 2, Supplementary information, Tab. S27). The topology of HGT networks suggests
that AMEGs were often originally spread from bacteria which are not human pathogens, so it may
explain why one direction is preferred: from where the propagation of AMEGs emerged to where they
likely provide the highest fitness benefits. But once pathogenic taxa have acquired AMEGs, they
could pass them on back to non-pathogenic bacteria. AMEGs could provide substantial fitness
benefits to non-pathogenic bacteria living in antibiotic-polluted ecosystems (Buelow et al., 2021),
allow them to compete with antibiotic-producing bacteria (Martinez, 2012), or simply be fixed in the
absence of selection (being co-selected with heavy metal resistance alleles, Pal et al., 2015; being
silenced, Wein et al., 2019).

However, an unbalanced distribution of HGT facilitators between pathogenic and non-
pathogenic bacteria could explain HGT events are not reciprocal. First, regarding genomic factors,
genomes encoding proteins of nonhomologous end-joining (NHEJ) are much more likely to become
the recipients of large-scale HGT events than those which are defective in this mechanism (Popa et
al., 2011). NHEJ is a DNA repair mechanism that is able to ligate damaged DNA without homology
(Shuman & Glickman, 2007), and therefore to capture exogenous DNA into the chromosome.
Moreover, most known naturally-competent species are pathogenic (Johnsborg et al., 2007), which
could explain why they are more prone than non-pathogenic ones to acquire AMEGs. This said, the
association between pathogenicity and NHEJ proteins is not strict (some non-pathogenic species have
NHEJ proteins, e.g. for Streptomyces, Hoff et al., 2016), such the scarcity of AMEG acquisitions by
non-pathogenic bacteria could not be explained only by a scarcity of NHEJ proteins in their genomes.
Second, ecological flows of AMEGs could be directed. For example, along a river, non-pathogenic
bacteria would be much more frequent upstream of a wastewater treatment plant, and pathogenic
bacteria downstream, so that HGT would be much more likely from the former to the latter.

Finally, a possible explanation for the low reciprocity of HGT in the networks we constructed
could be a methodological limitation. On the one hand, human pathogens are overrepresented: 88% of
bacteria screened by Pradier and Bedhomme (2022) were sampled in hospitals, humans, and farms;
and nearly 50% of screened genomes belong to only 10 species of clinical interest. Thus, if non-
pathogenic bacteria were rarely recipients of horizontally transferred AMEGs, these events could be

even less represented in HGT networks that these taxa are poorly sampled. On the other hand, our
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method to orient HGT events is based on the detection of the donor’s genomic signature in the
transferred gene. If an AMEG has spent little time in a lineage before it is transferred again, then our
method will not be able to detect its donor and will thus simplify the transmission network by
omitting the intermediate steps. This would be even worse in the case where AMEGs are transferred
back to their taxa of origin, because the genomic signature of the original donor would be the same as
the one of the recipient. This limitation could be neglected when focusing on ancient HGT, for which
transferred genes have enough time to acquire new genomic signatures, but it is unavoidable for

recent HGT events.

4.2 Mobile genetic elements interact with codon usage and phylogenetic distance to
shape horizontal gene transfer

The horizontal transmission of AMEGs mostly occurs from non-pathogenic to pathogenic
bacteria. It is thus crucial to understand the mechanisms which favor the occurrence of such events in
order to better monitor them. In particular, phylogenetic relatedness and ecological proximity were
repeatedly shown to facilitate HGT, and this study is no exception. Popa et al. (2011) showed that the
prevalence of recent HGT events correlates to pairwise genome similarity (which does not,
nevertheless, prevent the occurrence of intergeneric HGT events). Moreover, whereas within the same
environmental type, the resistome composition of a community is highly correlated to its taxonomic
composition (Forsberg et al., 2014), resistomes still tend to cluster by ecology (Gibson et al., 2014).
Mostly, these barriers were discussed as the result of the large prevalence of MGE-mediated HGT.
For example, conjugation requires the contact between donors and recipients, hence it is impossible
between two bacteria living in distinct ecosystems. Additionally, MGEs have a limited range of
possible hosts. It can vary a lot (from the species to the phylum) but it is always limited, and it is even
argued that the risk of HGT could be predicted just from the host range of MGEs (e.g. host range of
plasmids, Redondo-Salvo et al., 2020). However, in this study, the overrepresentation of
Pseudomonadaceae in HGT networks suggests that the spread of AMEGs might also rely on species
which can live in a wide range of environments.

Another factor that was suggested, though never tested on a large dataset, is CUB. Since a
gene encoded with least preferred codons has lower chances of being translated efficiently and
accurately (Walsh et al., 2020), recipients of a HGT events are less likely to undergo additional costs
when the CUB of the transferred gene is similar to their own. Callens et al. (2021) found in P.
aeruginosa that HT genes had a higher probability of being retained when they had similar CUB. The
role of CUB incompatibilities was also supported by our models: HGT is more likely for positive
values of COUSIN18.

However, despite HGT is overall more likely between phylogenetically, genomically, and

ecologically close taxa, we reconstructed several inter-phyla HGT events that, though they were not a
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majority (Fig. 3), had a crucial importance for the spread of ARGs: e.g., most AMEGs from CHG 20
were found in Proteobacteria, but they likely originated in the actinobacteria Streptomyces. Therefore,
other factors that facilitate HGT are at stake.

In particular, AMEGs have a much higher likelihood to have been involved in HGT events,
when they are associated with MGEs, with both intra- or intergenomic mobility. This had been
repeatedly reported (Thomas & Nielsen, 2005). However, we also showed that association with nested
MGEs, i.e. when an AMEG is associated with both types at the same time, increases the likelihood
even more. The impact of nested MGEs on HGT was only highlighted recently: Che et al.
(2021) showed computationally and experimentally that the association between conjugative plasmids
and insertion sequences increased the horizontal transmission of ARGs.

Yet, nested MGEs could facilitate HGT in two cases, especially when compared to
intragenomic mobility MGEs or intergenomic mobility MGEs alone. The first case corresponds to the
expansion of the range of potential recipients for AMEGs by nested MGEs. Indeed, carriage by nested
MGE:s increases the chance for an AMEG of being transferred to more distantly-related recipients
(Fig. 5). On the one hand, intragenomic mobility MGEs can mobilize new genes from the
chromosome to plasmids, which can broaden their host range: Loftie-Eaton et al.
(2016) experimentally observed that the host range of a plasmid had expanded following
transposition of a toxin-antitoxin system. On the other hand, nested MGEs can be transferred by
conjugation or transduction, whereas transposons and integrons alone can spread to other genomes by
transformation only (Domingues et al., 2012). This not only offers two possible routes for HGT, but
this also expands the range of potential recipients. Indeed, transformation requires the recipient to be
naturally competent (which might not be so common, (Johnsborg et al., 2007): in our dataset,
integrons and transposons had a positive impact on the likelihood of HGT events for CHG 1 only, for
which more than 80% of carriers belong to 4 naturally-competent genera (Acinetobacter,
Pseudomonas, Pseudomonas A, and Moraxella). Moreover, several families of naturally-competent
bacteria have selection mechanisms and only DNA fragments displaying certain motifs can enter
their cells (Mell & Redfield, 2014). Conjugation would allow nested MGEs to bypass the filter of
selective uptake in these families.

A second case where nested MGEs can facilitate HGT is when conjugative elements trigger a
cost to their carriers. Indeed, even acquisition costs appear to be very common (Prensky et al., 2021),
and they globally decrease the chances of successful HGT: either the element is lost or the carrier
goes extinct. However, transposons and integrons can quickly mobilize ARGs between plasmids and
chromosomes. Thus, as suggested by Che et al. (2021), transitory colonization of recipient bacteria by
plasmids could suffice to allow acquisition of new ARGs, without them to undergo the costs
associated with these plasmids. This transitory role of plasmid in the interspecific propagation of
transposon-carried genes has been demonstrated experimentally: Harrison et al.

(2015) experimentally evolved bacteria carrying a plasmid containing a transposon-associated
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mercury resistance gene and after several hundreds of generations, the transposon had integrated the
chromosome and the plasmid was lost in multiple lineages.

Finally, our models showed that nested MGEs are able to bypass the barrier of CUB
incompatibilities, and to have higher chances to transfer genes to taxa for which COUSIN18 is
negative (Fig. 5). Even if, to the best of our knowledge, the potential cost of CUB incompatibilities
was never studied for genes carried by nested MGE:s, it is likely that this cost does not differ from
other cases (e.g. with plasmid-carried genes, Amor6s-Moya et al., 2010; Bedhomme et al., 2019).
Then, why would HGT be favored in those cases? An interpretation could rely on the fact that the cost
of CUB incompatibilities can originate from the slow translation of the received gene which gives low
amounts of functional proteins (Bulmer, 1991). However, transposons with a copy-and-paste
transposition can duplicate the resistance gene, so that the cost of low expression level can be

ameliorated by the expression from several copies of the gene.

4.3 Conclusions and perspectives

In the present study, we showed that although AMEGs are more prevalent among human
pathogens, they likely originated from a wide range of ecological contexts, and mostly from non-
pathogenic taxa. This conclusion is already supported by various studies, but it allows us to rethink
the role of natural ecosystems in the fight against antibiotic resistance. Antibiotic resistance in natural
ecosystems has long been perceived at best as a byproduct of antibiotic pollution, or at worst as a
reservoir for ARGs that can be transferred back to pathogenic bacteria (Marti et al., 2014; Wang et al.,
2020). But natural ecosystems are also a major source of ARGs, and the management of antibiotic
resistance must take into account the connectivity between ecosystems (Bengtsson-Palme et al.,
2018). As shown by Pradier and Bedhomme (2022), soil and wildlife are at the center of AMEG
exchanges between resistomes. Thus, fighting antibiotic resistance in healthcare will be insufficient if
the flow of ARGs from natural to anthropized ecosystems is not put under control. This has already
been argued by the advocates of the One Health approach (see e.g. Hernando-Amado et al., 2019,
2020).

However, while there are ecological barriers to HGT, ecological generalists such as
Pseudomonas might be able to act as a shuttle for ARGs from the soil to the hospitals. The control of
antibiotic resistance must therefore also tackle the issue of HGT facilitators. Here we highlighted the
role of nested MGEs in increasing the rate at which AMEGs can be transferred. Mechanisms that
were previously hypothesized to constitute barriers to HGT, such as codon usage incompatibilities
(see e.g. Callens et al., 2021), can be overcome when HGT is mediated by nested MGEs. Further
effort in the identification of MGEs associated with ARGs will be required in order to identify the
extent of this phenomenon. But potential solutions could involve, rather than fighting antibiotic

resistant bacteria, fighting the association between ARGs and MGEs (Kamruzzaman et al., 2017).
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Section VI : Discussion

Les travaux exposés dans cette these s’appuient sur une approche écologique et évolutive pour étu-
dier les facteurs déterminant la propagation des résistances antibiotiques via I'exemple des AMEGs. En
particulier, deux types de facteurs ont été abordés, et leurs résultats seront discutés dans cette section :
d’une part, les parameétres environnementaux qui peuvent amener a la sélection et/ou a la circulation
des genes et bactéries résistantes; d’autre part, les paramétres phylogénétiques et génomiques qui
favorisent la circulation des genes de résistances d’une bactérie a l'autre, voire d’un taxon a 'autre. En-
semble, I'étude de ces deux catégories de facteurs permet de dessiner de nouveaux angles d’attaque
dans le cadre de I'étude et de la gestion des résistances antibiotiques. Enfin, les différentes limitations

de cette these et de possibles travaux de recherche dans sa continuité seront exposés en perspective.

4 Structuration environnementale de la résistance

4.1 Les antibiotiques anthropogéniques parmi d’autres forces

La sélection est la force évolutive sur laquelle la littérature, que ce soit en biologie évolutive ou en
santé publique, s’est le plus concentrée jusqu’a présent pour étudier la résistance antibiotique. Cette
tendance repose sur trois postulats. (1) Chaque géne de résistance confere a lui seul un phénotype
résistant a un antibiotique, si ce n’est plusieurs. (2) Les antibiotiques, dans les concentrations auxquelles
les bactéries sont exposées, sont suffisants pour conférer un avantage sélectif aux bactéries résistantes.
(3) En I'absence d’antibiotique (ou lorsque ces derniers sont en concentration insuffisante), le colt de
la résistance est trop important pour que les bactéries résistantes restent compétitives par rapport aux

génotypes sensibles.

Les données de la section |V permettent de reconsidérer certains de ces postulats. En effet, depuis
1943 (année ol la streptomycine a commencé a étre testée), la prévalence des bactéries portant au
moins un géne encodant une AME a trés fortement augmenté, passant de rares jusqu’a atteindre qua-
siment la moitié des génomes séquencés. Ceci soutient effectivement I'idée que I'utilisation des amino-
glycosides par I’'Homme est une condition suffisante a la sélection des AME, et donc au succes de leur
propagation. Par la suite, depuis les années 1990, la prévalence des génomes encodant des AME tend a
plafonner autour de 30 %. Différentes interprétations complémentaires entres elles, peuvent étre don-
nées a ce résultat. En premier lieu, la stabilisation des prévalences pourrait résulter de la stabilisation
des consommations d’aminoglycosides dans les pays industrialisés (dans la mesure ou I'échantillonnage
a été plus important dans ces régions). Notamment, a partir des années 1980, les aminoglycosides ont
de plus en plus été remplacées par d’autres catégories d’antibiotiques a spectre plus large et a toxicité
moindre (KRAUSE et al. 2016). Toutefois, comme montré par les modeles dans la section |V, les variations

de consommation d’aminoglycosides d’un pays européen a l'autre ne semblent expliquer que peu ou
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pas les variations de prévalence de bactéries résistantes. Un phénomeéne similaire avait été observé en
ce qui concerne la résistance aux sulfonamides, dont la prévalence n’avait pas diminué dans les années
1990 au Royaume-Uni malgré une baisse drastique des prescriptions (ENNE et al. 2004). Une seconde
interprétation, pourrait donc étre que les aminoglycosides se sont accumulés dans différents environ-
nements, dans lesquels des réservoirs de bactéries résistantes auraient pu étre sélectionnées et qui
seraient susceptibles de ré-ensemencer les hopitaux. Cependant, bien qu’ils ne soient pas actuellement
considérés comme biodégradables (au contraire des sulfonamides par exemple), les aminoglycosides se
dégradent rapidement a température ambiante en présence de glucose ou par photolyse en association
a la matiére organique (REIs et al. 2020), et sont donc peu susceptibles de sélectionner des bactéries sur
une longue période de temps. Enfin, une derniere interprétation repose sur la fin de la commercialisa-
tion de nouveaux aminoglycosides. En effet, aucune nouvelle aminoglycoside n’a été mise sur le marché
entre I'amikacine en 1981 et la plazomicine en 2018 (qui n’est d’ailleurs indiquée que pour les infections
urinaires en traitement de seconde intention, SERI0 et al. 2018). Il est donc possible qu’aucune nouvelle

pression de sélection ne soit venue renforcer le réservoir de bactéries résistantes.

Dans lI'ensemble, s'il est aisé de comprendre pourquoi la prévalence des AME a cessé d’augmenter, il
peut étre plus difficile de comprendre pourquoi cette résistance reste toujours aussi prévalente. Des mo-
deles théoriques ont suggéré que méme de trés faibles consommations d’antibiotiques peuvent avoir
des effets positifs sur la prévalence des résistances (ALDRIN et al. 2013), et qu’un traitement a faible dose
peut augmenter davantage le risque de résistance que de fortes doses (LIPsiTCH 2001). Toutefois, on peut
douter que ces phénomeénes soient impliqués dans un maintien des bactéries résistantes a des préva-
lences si élevées, et il pourrait étre plus productif de chercher a resituer le role des antibiotiques dans
le maintien et la propagation de la résistance. Notamment, si on sait qu’un gene de résistance peut étre
colteux en l'absence de pression de sélection (ANDERSSON, MAISNIER PATIN et al. 2007), il est beaucoup
plus difficile d’affirmer que les bactéries résistantes s’éteindront ou perdront leur résistance, au moins
a court terme (ANDERSSON et HUGHES 2010). En effet, les génes de résistance ne sont pas tous colteux
(BJORKMAN et al. 1998). De plus, comme déja discuté dans la section |V, il existe d’autres pressions de
sélection favorisant le maintien des génes de résistance : que ce soient les antibiotiques produits dans
les environnements naturels (CLARDY et al. 2009), ou la co-sélection de résistances aux métaux lourds
(BAKER-AUSTIN et al. 2006). Enfin, une évolution compensatoire peut réduire (voire supprimer) le colt
des genes de résistance, par exemple en réduisant I'expression de ces genes en I'absence de pression
(WEIN et al. 2019). L'évolution compensatoire peut méme, tout en réduisant le colt de la résistance,

augmenter l'intensité de la résistance elle-méme (LINDGREN et al. 2005).

Enfin, la section IV montre également que les dynamiques temporelles des différents clusters dAME
peuvent varier fortement d’une région a 'autre. Les pressions de sélection s’exercant sur les genes de
résistance sont donc probablement distribuées de maniére hétérogéne en fonction des continents et
des écosystemes. Une baisse de la prévalence de la résistance dans une région, liée a des pressions

de sélection plus faibles, pourrait donc étre également compensée par un afflux de bactéries migrant
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depuis des communautés ou la résistance est adaptative.

4.2 La connectivité écologique et géographique

De fait, la plupart des clusters d’AME étudiés dans le cadre de cette these ont été détectés dans un
trés grand nombre de biomes (tant naturels qu’anthropisés), et sur plusieurs continents. Ceci témoigne
de 'existence de transferts de génes de résistances et/ou de bactéries résistantes d’'un biome a I'autre et
d’un continent a l'autre. Il est donc crucial de comprendre les modalités de cette connectivité, de sorte

a mettre en place des stratégies de confinement.

4.2.1 Mondialisation et connectivité géographique

Si, comme suggéré par la section |V, la composition des résistomes est peu structurée géographique-
ment, cela signifie que la connectivité géographique des résistomes est tres forte. Au grain spatial utilisé
(celuide tres larges régions), deux facteurs peuvent étre impliqués pour expliquer une telle connectivité.
D’une part, il a été suggéré que des phénomenes climatiques majeurs, tels que le courant El Nifio, pour-
raient transporter des organismes pathogenes d’un continent a l'autre (MARTINEZ-URTAZA et al. 2016).
Toutefois, ce type d’événement est localisé dans le temps et dans I'espace, et certains continents ne se-
raient connectés entre eux que de maniere trés indirecte. D’autre part, la mondialisation des échanges
a des effets observés sur la propagation des bactéries résistantes. Des épidémies d’infection a bactéries
résistantes ont pu étre retracées a des échanges internationaux, tel que le commerce de volailles qui a
propagé une souche de S. enterica résistante a la ciprofloxacine au travers des Etats-Unis et de I'Europe
(LE HELLO et al. 2011) et un plasmide conférant une résistance a la colistine au travers de I'Europe (Skov
et MONNET 2016). L'importance des échanges humains intercontinentaux dans la propagation des résis-
tances est confirmée par la section |V, ol la migration et le commerce de marchandises expliquent tous

deux une part non négligeable de la prévalence de la plupart des clusters d’AME (figure 6).

En revanche, au regard des travaux présentés ici et de la littérature, il reste encore particulierement
compliqué de trouver une (ou plusieurs) voie(s) préférentielle(s) pour la circulation intercontinentale
de la résistance. Dans la section IV, aucune des différentes catégories de marchandises ou la migration
n‘explique mieux que les autres la propagation de I'ensemble des AME. Méme lorsque la répartition
de certains clusters est bien expliquée par I'importation d’un faible nombre de catégories, les types
de biens impliqués ne sont pas les mémes d’un cluster a I'autre. De méme, bien que nombreux, les
exemples de genes ou de souches dont la circulation a été reliée a un mode de transport identifié de
maniere précise représentent une faible proportion de I'ensemble des résistances connues. Ces der-
nieres années, les aliments (d’origine animale ou végétale) ont été particulierement étudiés comme de
potentiels vecteurs de résistance (GEORGE 2018). Cependant, la section IV met en évidence que d’autres
types de marchandises pourraient étre surveillées : par exemple, la propagation du cluster 11 d’AME est

principalement corrélée aux importations de carburants. A ce stade, il ne s’agit que d’une corrélation, et
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seuls des prélevements directs permettront de confirmer si ces marchandises (ou leur conditionnement

pour le transport, par exemple) sont susceptibles de porter et transporter des bactéries ou des genes.

4.2.2 Flux naturels et anthropiques entre écosystémes

La ol on peut voir une forte diffusion géographique des résistomes, la section IV montre cependant
gu’il existe des similarités de résistomes entre écosystemes ce qui suggére qu’il existe également une
connectivitée écologique. Dans I'ensemble, les travaux de cette theése remettent en question I'idée se-
lon laquelle la résistance aux antibiotiques émerge principalement dans les environnements cliniques.
D’une part, section |V montre que les biomes centraux dans le réseau connectant les résistomes sont le
sol, la faune et la flore, et I’humain. D’autre part, la section V montre que les espéces ou genres iden-
tifiés comme propagateurs des clusters d’AME sont associés a des contextes écologiques variés : par
exemple, le sol et I'humus pour Streptomyces, ou encore comme symbiotes de nématodes parasites de

gastéropodes pour Moraxella A osloensis.

La mise en contact de ces contextes écologiques avec I'environnement humain nécessite donc des
transferts de matiere. Si les bactéries peuvent étre naturellement disséminées (par exemple par les
courants aériens, (ALLEN et al. 2010), il est clair que I'impact des activités humaines sur la connectivité
entre écosystemes est a interroger. En particulier, la colonisation d’espaces toujours croissants, via I'ur-
banisation ou le défrichement, peut mettre en contact les bactéries de I'environnement humain avec
celles des environnements naturels. Il a été montré que ce type de route peut étre emprunté par les
maladies émergentes (HASSELL et al. 2017), et il ne serait pas surprenant qu’il en soit de méme pour les
génes de résistances. En outre, cette colonisation tend également a homogénéiser les parametres des
écosystémes dans lesquelles les bactéries résistantes vivent (voir par exemple pour le sol, HERRMANN
et al. 2020). Il existe des preuves que les bactéries s’adaptent a ces nouvelles conditions environnemen-
tales (EPp SCHMIDT, KOTZE et al. 2019) mais, contrairement aux archées et aux champignons, a I’heure
actuelle il ne semble pas que les communautés bactériennes convergent (EPP SCHMIDT, POUYAT et al.
2017). Ces mises en contact peuvent ainsi favoriser le transfert des résistances des milieux naturels vers
I'environnement humain.

Al'inverse, la résistance peut passer des environnements anthropisés vers les milieux naturels. Dans
ce cadre, il semble que le phénomeéne concerne principalement le transport de bactéries par I'eau.
Mais les activités humaines ou leur organisation peuvent, la aussi, fortement faciliter la propagation
des résistances. En milieu agricole, du fait de 'amendement des sols agricoles au fumier, des bactéries
fécales sont ensuite étre transportées par le ruissellement des eaux de pluie (BARRIOS et al. 2020). En mi-
lieu urbain, le ruissellement crée également des bassins de forte concentration en bactéries résistantes
(ALmakk! et al. 2019), qui sont ensuite étre déversés vers d’autres écosystéemes lors d’événements de
plus grand ampleur (LEE, SUITS et al. 2020).
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4.2.3 La modulation écologique du transfert horizontal de génes

Les résultats de la section |V suggerent qu’il existe une forte connectivité entre biomes, mais ceux
de la section V indiquent également que le transfert horizontal est plus probable entre espéces dont les
niches se recouvrent. En effet, il est plus facile d’échanger du matériel génétique lorsque le donneur et
le receveur sont physiquement proches. Cette proximité physique est obligatoire pour les transferts par
vecteurs conjugatifs et transductifs. Cependant, il est également a noter que des génes de résistance
peuvent se disséminer a plus grande distance librement d’une bactérie a I'autre sous forme d’ADN libre
par transformation. En effet, a 'extérieur d’une bactérie, le matériel génétique peut étre protégé de la
dégradation par son association a des macromolécules (polysaccharides, HE, ZHou et al. 2019, biofilms,
GUO, YANG et al. 2018). Ainsi, certains genes de résistance peuvent rester intacts pendant plusieurs an-
nées dans les sols (PIETRAMELLARA et al. 2009). Il est donc possible que le HGT se produise entre deux
especes ne partageant pas du tout la méme niche. Cependant, la transformation nécéssite la compé-
tence naturelle du receveur, ce qui n’est pas le cas de la plupart des espéces (ATTAIECH et al. 2016). De
plus, méme si de nombreux systemes bactériens semblent avoir un mécanisme d’importation d’ADN,
ce dernier est finement régulé et méme « silencer » en permanence chez certaines especes. Il semble

donc légitime de conclure que le HGT dépend principalement de vecteurs conjugatifs ou transductifs.

Toutefois, la proximité des niches peut également moduler le HGT d’autres manieres. En effet, si
deux espeéces partagent la méme niche, elles tendent a entrer en compétition pour I'exploitation des
mémes ressources, ce qui peut entrainer I'exclusion de certaines souches. Cela n‘'empéche pas le HGT par
transformation, mais peut considérablement réduire le potentiel de conjugaison ou de transduction. Au
contraire, la coopération entre souches bactériennes pour la formation de biofilms peut faciliter le HGT :
d’une part en protégeant ’ADN échangé, et d’autre part en stabilisant les communautés entre lesquelles
les genes sont échangés (MADSEN et al. 2012). Ce mécanisme souvent négligé est méme parfois qualifié
de point chaud de HGT ce qui améne certains a le considérer comme un mécanisme a part entiere du
HGT (ABE et al. 2020).

Enfin, des parametres abiotiques de 'environnement peuvent également jouer dans la mise en place
du HGT. En premier lieu, les environnements spatialement structurés sont des points chauds de HGT. En
créant des alcoves de forte densité bactérienne, la structuration spatiale facilite la mise en contact de
souches différentes et donc la mise en place de la conjugaison (CAIRNS et al. 2018). De plus, les bactéries
peuvent s’‘attacher a des particules dans les environnements a forte granulométrie, ce qui leur permet,
lors d’un ruissellement, une dissémination plus importante vers d’autres environnements (SOUPIR et
al. 2010). Par ailleurs, différents parameétres abiotiques de I'environnement peuvent exercer des stress
chimiques ou physiques sur les bactéries, et ainsi stimuler le HGT. En particulier, les concentrations sub-
inhibitrices d’antibiotiques sont connues pour augmenter la fréquence des bactéries portant des génes
de résistance (ANDERSSON et HUGHES 2014). De méme, cet effet a aussi été observé pour la chloration
et la désinfection des eaux aux rayons ultra-violets (Su et al. 2014).
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Bien qu’il n‘ait pas été possible de prendre en compte ces différents paramétres dans la section V,
ces éléments montrent qu’il est essentiel d’étudier les liens entre écologie et HGT, car les parameétres
biotiques et abiotiques des écosystemes peuvent moduler la probabilité de rencontre et de transfert

des bactéries portant des génes de résistance.

4.2.4 Les bactéries généralistes, des navettes pour la résistance?

Dans le cadre de la connectivité écologique et géographique, certains taxons bactériens peuvent
participer a une circulation accrue de la résistance. Par exemple, certaines especes, telles que Campy-
lobacter jejuni, Escherichia coli, ou Salmonella enterica, sont particulierement surveillées du fait de leur
risque de transmission de I'animal a I’humain par la consommation de viande (SCHRIJVER et al. 2018).
De maniere générale, plus la niche d’'un organisme est large, plus cet organisme est susceptible de co-
loniser de nombreux écosystémes. Les bactéries généralistes sont donc celles qui présentent le risque
théorique le plus élevé de propager les génes de résistance entre les écosystémes. A |I’"heure actuelle,
les bactéries les plus surveillées face au risque de propagation de la résistance sont les Enterobacteria-
ceae, du fait de leur capacité a coloniser les microbiotes humains et animaux. Cette famille fait méme
partie des taxons pathogénes les plus problématiques, pour lesquels 'OMS juge qu’il est critique de

développer de nouveaux antibiotiques (Global action plan on antimicrobial resistance 2021).

Toutefois, la section V met en évidence que d’autres taxons semblent particulierement a risque de
servir de navette aux résistances antibiotiques. En particulier, les Pseudomonadaceae couvrent une tres
large gamme de niches écologiques, des organismes pathogénes jusqu’aux symbiotes mutualistes, et la
niche de certaines espéces telles que P. aeruginosa peuvent couvrir a elles seules une trés large gamme
d’écosystemes (WIEHLMANN et al. 2015). Cette famille représente donc un archétype de bactéries géné-
ralistes. Les résultats de la section V tendent a soutenir I'idée que les organismes généralistes ne sont
pas seulement plus a risque de migrer entre écosystemes, mais également qu’ils sont plus susceptibles
de devenir résistants, et de transférer ces résistances a d’autres taxons. En effet, dans les réseaux de
transfert d’AME qui ont été reconstruits, les Pseudomonadaceae sont largement sur-représentées, et
comportent a la fois beaucoup de donneurs et de receveurs.

D’une maniére générale, on peut supposer que les bactéries généralistes sont susceptibles de parti-
ciper a davantage de communautés différentes, de rencontrer davantage d’espéces différentes, et donc
potentiellement d’avoir davantage d’opportunités d’acquérir ou de transmettre horizontalement des
génes de résistance que les bactéries spécialistes. Ceci tend a étre confirmé par le fait que la coévolu-
tion bactérie-plasmide sélectionne des plasmides a plus large spectre d’héte lorsque les communautés
comportent davantage d’espéces (KOTTARA et al. 2016). De méme, les bactériophages généralistes ont
plus de succes que les spécialistes lorsqu’une plus grande diversité d’hotes potentiels sont disponibles
(SANT et al. 2021). Le transfert interspécifique de génes impliquant des souches ubiquitaires est donc
facilité d’'une part parce qu’ils rencontrent davantage de bactéries résistantes, et d’autre part parce que
les MGE qgu’ils portent ont un spectre d’héte plus large.
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A I'’heure actuelle, certaines Pseudomonadaceae sont surveillées par 'OMS au méme titre que les
Enterobacteriaceae (Global action plan on antimicrobial resistance 2021) : leur pathogénicité et leur
résistance a tres forte prévalence. Cependant, les résultats de cette these suggérent également que les
bactéries généralistes devraient aussi étre surveillées au titre de leur potentiel de navette pour les genes
de résistance entre différents biomes.

4.3 Origines et circulation des résistances antibiotiques

4.3.1 Les environnements naturels sont-ils des réservoirs de résistance ?

Laugmentation de la prévalence des résistances antibiotiques dans les écosystémes naturels depuis
le début de leur utilisation par I’'Homme suggére un fort impact des activités humaines, soit comme le ré-
sultat de la circulation de bactéries résistantes et de leurs genes de résistance, soit du fait de la sélection
par la pollution antibiotique. Il a donc été suggéré que les écosystémes naturels pourraient constituer
des réservoirs de résistance (MARTI et al. 2014). Les résultats de cette thése soutiennent I'idée que ces
environnements sont aussi des sources potentiellement importantes de résistance. En effet, le réseau
de résistomes reconstruit dans la section IV montre clairement une centralité particulierement forte
pour le sol d’'une part, et la faune et la flore sauvages d’autre part. S'agissant d’un réseau de similari-
tés, il est impossible d’orienter les potentiels échanges entre biomes, mais cela démontre qu’au moins
certains transferts ont ces deux biomes pour origine. De méme, la section V démontre un role impor-
tant des bactéries vivant dans ces milieux pour la diffusion des genes de résistance, si ce n’est pour leur

apparition.

L'émergence des résistances antibiotiques dans les milieux naturels est déja bien connue (D’CosTA
et al. 2011). En effet, la présence de résistance antibiotique dans des milieux naturels est attestée avant
I'utilisation anthropique des antibiotiques. On infére donc que comme ces résistances ont émergées en
dehors des environnements hospitaliers, leurs origines se trouve dans le milieu ou elles ont été primaire-
ment échantillonnées. Cependant, si on peut dire que les résistances environnementales ont un impact
sur le milieu médicale (en tant que réservoirs et aussi potentiellement de sources), il reste encore difficile
de quantifier la part relative de la transmission de ces derniéres par rapport aux transferts intra-milieux
hospitaliers sur la prévalence des infections a bactéries résistantes chez I’humain. Toutefois, une diffé-
rence notable peut se faire en retracant les chaines de transmission. En effet, en milieu hospitalier, des
résistances peuvent apparaitre directement chez des bactéries pathogenes. Dans le cas de résistances
environnementales, il est nécessaire que les génes concernés soient transférés a des commensaux ou
a des pathogénes, d’humains ou d’animaux domestiques (BENGTSSON-PALME et al. 2018). Les réseaux
reconstruits dans la section V sont clairement hétérophiles, et montrent une sur-représentation des
transferts vers les bactéries pathogenes de I’humain, ce qui montre que les résistances environnemen-

tales peuvent clairement poser un risque de santé publique, au moins dans le cas des AME.

Cependant, a ce stade, il n’est pas possible d’affirmer que la majorité des résistances (ou méme des

127



AME) émerge dans les environnements naturels. De méme, I'apparition des clusters d’AME n’ayant pas
été datée, il reste encore impossible de déterminer si les résistances diffusées depuis ces écosystemes
y sont bien apparues ou d’identifier le role des activités humaines sur 'émergence des résistances dans
ces environnements. En effet, depuis les dernieres décennies, les pollutions antibiotiques (tout comme
d’autres types de pollutions) ont probablement favorisé une accélération des émergences. Il reste en
tout cas clair que les écosystemes naturels et les taxons de bactéries non pathogenes doivent faire 'objet
d’une surveillance accrue.

4.3.2 Dans quelle(s) direction(s) les résistances se propagent-elles?

Le point précédent ouvre I'idée contre-intuitive que la résistance pourrait non seulement émerger
dans les écosystemes peu anthropisés, mais aussi se propager vers des écosystémes ou la pression anti-
biotique serait plus importante. En effet, le consensus actuel suppose une apparition préférentielle des
résistances dans des écosystémes sous forte sélection (souvent considérée sous le prisme unique de
I'exposition aux antibiotiques), et une propagation vers des écosystemes ou la pression est moins forte.
Ce travail de thése ne remet pas en cause le role essentiel des antibiotiques dans la propagation des ré-
sistances au cours des derniéres décennies, mais appelle a nuancer le consensus actuel par un recours
a une analyse plus intégrative de la résistance et des mécanismes de propagation de cette derniére. En
effet, méme s’ils sont reconstruits a partir d’'un jeu de données fortement biaisé en faveur des bacté-
ries pathogenes et des environnements cliniques, les réseaux de propagation des AME démontrent un
réle important des especes non pathogenes. De plus, bien que les hopitaux, les microbiotes humains et
animausx, et les agrosystemes soient les biomes ou les AME sont les plus prévalentes, ce ne sont pas les
biomes les plus centraux.

A I’heure actuelle, la propagation écologique des résistances antibiotiques est décrite selon le mo-

dele suivant. La résistance peut diffuser :
— des environnements cliniques vers les environnements domestiques suite a I’"hospitalisation des

humains et des animaux;

— des animaux domestiques vers les humains par contact ou par consommation de viande;

— des humains et des animaux domestiques vers les sols, les agrosystemes, et les stations d’épura-

tion par pollution fécale;

— des stations d’épuration vers les circuits d’eau domestiques, et vers les cours d’eau.

S’il est clair que ces processus correspondent probablement a des transferts massifs de génes et de
bactéries entre écosystemes, le réle des sols et de la biodiversité sauvage est sous-estimé par les pro-
grammes de surveillance. D’autres mécanismes de propagation des résistances peuvent donc étre sug-
gérés (figure 6). Par exemple, des bactéries résistantes peuvent passer du sol vers les plantes cultivées
(CERQUEIRA et al. 2019), qui peuvent ensuite nourrir des animaux d’élevage et les contaminer (FRIEDMAN
2015). Le méme processus peut se produire dans les environnements naturels ou les sols et les végétaux

contaminent des animaux herbivores et carnivores, qui sont ensuite susceptibles de rentrer en contact
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avec des humains ou des animaux domestiques (par exemple par le biais de la chasse, ou de vecteurs
arthropodes, VITTECOQ et al. 2016). Ces voies de transmission ne sont probablement pas les seules, et
leur importance quantitative dans la propagation des résistances reste encore a mesurer (DOLEJSKA et
LITERAK 2019). Toutefois, a la lumiéere des résultats de cette thése, il semble que les flux de propagations

des résistances ne sont pas linéaires mais plutot organisées en réseau.
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FIGURE 6 — Propagation écologique et géographique des résistances antibiotiques.
Les éléments représentés en bleu ont été étudiés ou mis en évidence dans le cadre de cette these.

5 Structuration génomique et phylogénétique de la résistance

5.1 Une résistance ubiquitaire chez les bactéries

5.1.1 Les AME sont présents dans toute la phylogénie des Eubactéries

Environ un quart des génomes analysés au cours de cette thése présentent des genes encodant
des AME. Il s’agit d’une trés forte proportion, qui cache cependant une certaine hétérogénéité phylo-
génétique, notamment du fait d’une forte surreprésentation des organismes-modeles ou des espéces
d’intérét médical (par exemple, Escherichia flexneri représente 8.4% des génomes analysés). Toutefois,
ces genes ont tout de méme été retrouvés dans 23 phyla particulierement diversifiés. Sans surprise,
ces génes se retrouvent particulierement dans des taxons particulierement associés aux microbiotes

129



humains (Proteobacteria, Actinobacteriota, et Firmicutes), mais également dans des taxons dont |'im-
pact est relativement peu considéré. En particulier, les AME sont présentes dans plusieurs phyla vivant
exclusivement dans I'eau ou le sol : les Cyanobacteria, les Gemmatimonadota, les Bdellovibriota B, les
Planctomycetota, les Myxococcota, ou encore les Verrucomicrobiota A. La distribution des AME dans
des taxons telluriques est compatible avec les origines connues des AME, telles que détectées dans la
section V par exemple. La présence dans des taxons aquicoles pourrait étre compatible avec un ruis-
sellement de bactéries depuis les sols vers les cours d’eau, bien que certains de ces taxons, tels que
les Cyanobacteria, sont aussi connus comme réservoirs et sources de résistances antibiotiques (WANG,
CHEN et al. 2020). Il est aussi intéressant de constater qu’on a pu découvrir des résistances y compris chez
les Gemmatimonadota, qui n'ont été découvertes qu’en 2003 (ZHANG, SEKIGUCHI et al. 2003). Il est donc
possible d’envisager que I'étendue phylogénétique des résistances antibiotiques pourrait aller croissant
avec la découverte de nouveaux taxons bactériens, de méme que I'on peut trouver de nouveaux genes

de résistance lors d’études métagénomiques dans les environnements naturels (WiLLMS et al. 2019).

De fait, la répartition phylogénétique des AME semble aller de pair avec leurs répartitions écolo-
gique, comme démontré dans la section |V. Le génome encodant une AME le plus ancien du jeu de don-
nées (échantillonné en 1905) appartient a I'espéce Salmonella enterica, et a été retrouvé chez I’'Homme.
Ceci pourrait témoigner d’'une émergence précoce, antérieure a |'utilisation des antibiotiques, de cer-
taines AME chez les Enterobacteriaceae. Pour autant, cette premiére identification chez S. enterica est
probablement liée a un biais d’échantillonnage. De plus, les résultats de la section V et le reste de la
littérature tendent plutét a démontrer une barriere écologique au transfert horizontal des AME. Tout
comme discuté dans la partie 4.2.4, le scénario le plus plausible est donc que les AME identifiées chez
des taxons exclusivement telluriques ou aquicoles aient été échangées avec des especes généralistes

vivant dans les mémes milieux, et que ces derniéres aient ensuite migré vers d’autres environnements.

5.1.2 Une distribution différente en fonction des familles de génes

Bien que les AME sont largement réparties dans la phylogénie, la distribution varie énormément
en fonction des clusters identifiés. Lenvergure de la distribution peut varier d’un unique genre (Pseu-
domonas pour le cluster 12) jusqu’a plus de 12 phyla (pour le cluster 6.1). Les résultats de la section |V
indiquent que cette envergure est corrélée a la date de premiere apparition dans le jeu de données. Une
envergure phylogénétique plus large pourrait donc simplement correspondre a un temps de diffusion
plus long. De maniére similaire, il a été suggéré que la B-lactamase TEM-1 est plus répandue que les

autres chez les Enterobacteriaceae car il s'agit d’'une des premiéres a étre apparues (MEDEIROS 1997).

Cependant, d’autres caractéristiques pourraient expliquer le succes de propagation propre a chaque
cluster. Comme argumenté par BENGTSSON-PALME et al. 2018, deés lors qu’un gene de résistance est ac-
quis par une communauté, il est trés difficile de I'en déloger. Le sol et la biodiversité sauvage ont des
résistomes centraux par rapport aux autres biomes, et plusieurs taxons y vivant semblent étre de gros
diffuseurs d’/AME : ces deux environnements pourraient donc étre des points de départ facilitant la pro-
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pagation écologique. De plus, les résultats de cette thése suggérent que certaines communautés bac-
tériennes, en particulier celles associées a I’humain ou aux animaux domestiques, sont tres fortement
interconnectées géographiquement. Par conséquent, une famille de résistance acquise précocement
par une bactérie capable de vivre dans I'environnement humain, a beaucoup plus de chances de se pro-
pager géographiquement. Ces chances devraient encore augmenter quand les résistances sont portées

par des bactéries capables de vivre dans plusieurs types d’écosystemes (figure 7).

En outre, le contexte génomique préférentiellement associé a chaque famille peut aussi participer
a expliquer la diffusion phylogénétique de chaque famille. En effet, les MGE a mobilité intergénomique
peuvent avoir un spectre d’hoéte relativement large (encore plus pour les plasmides conjugatifs et les
ICE, CURY et al. 2017). Dans ce cadre, la diffusion hospitalieére de certaines résistances est étroitement
associée a la diffusion des plasmides qui les portent (SAN MiLLAN 2018). De plus, I'association a des
MGE permet aussi potentiellement I'association a d’autres genes, donnant potentiellement lieu a un
phénomeéne de co-sélection. La section V démontre effectivement que les AME associés a des MGE ont
plus de chances d’étre transmis horizontalement, et que les MGE emboités (l'association de deux MGE,
I'un a mobilité intergénomique et I'autre a mobilité intragénomique) favorisent le transfert horizontal a

plus grande distance phylogénétique (figure 7).

5.1.3 Le transfert horizontal des résistances se fait-il a large échelle?

Malgré la répartition phylogénétique tres large des AME, certains clusters présentent une tres faible
proportion de genes horizontalement transmis. C’est notamment le cas du cluster 6.1 qui, bien que
trés largement distribué dans la phylogénie, n'a été détecté comme horizontalement transmis que pour
moins de 5 % des génes dans la section V. Au vu de la distribution phylogénétique de ces clusters,
il est peu probable que ces clusters aient émergé chez I'ancétre commun le plus récent de tous les
taxons qui les portent (car cela supposerait de trés nombreuses disparitions du gene). Cependant, la
section V ne traite que des événements de HGT récents (aprés lesquels il y a moins de 5% de divergence
génétique) et a grande échelle phylogénétique (entre taxons n‘appartenant pas au méme genre). |l est
donc possible que les clusters concernés par une faible détection de ces événements se soient tout de
méme propagés horizontalement de maniére plus ancienne, et plus récemment a plus courte échelle (au
sein du méme genre ou de la méme espece). En effet, des événements anciens ont pu étre détectés entre
les actinobactéries et les protéobactéries (voir par exemple JIANG, ELLABAAN et al. 2017). De méme, ces
clusters peuvent étre trés peu mobiles (0.7 % des genes du cluster 6.1 sont associés a des MGE a mobilité
intergénomique), ce qui suggere qu’ils peuvent surtout se propager a des souches phylogénétiquement

proches.

De maniere générale, le HGT est connu pour se faire plutét a courte échelle phylogénétique (Pora
et al. 2011). Certains clusters d’/AME semblent suivre cette tendance, mais I'exemple du cluster 6.1 laisse
supposer que quelques rares événements a plus large échelle peuvent suffire a rendre ubiquitaire une
famille de résistances. Au contraire, pour d’autres clusters, la forte prévalence de génes horizontalement
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transmis a large échelle suggére que les AME (et possiblement les génes de résistance en général) ont
une mobilité forte, comparable a ce qui a pu étre observé pour d’autres types de genes (voir par exemple
STEVENSON et al. 2017 sur la résistance au mercure) . Cette mobilité peut supposer un succes plus facile
des événements de transfert horizontal (soit que les AME sont moins colteux a acquérir, soit qu’ils
apportent un bénéfice adaptatif plus important), ou tout simplement une plus forte association a des
MGE. Une interprétation possible est que les premieres décennies de consommation d’antibiotiques
auraient créé un terrain favorable pour que I'acquisition de génes de résistance soit plus avantageuse
gue pour n‘importe quel autre type de géne, et que cette meilleure capacité de transfert sélectionne les
MGE associés a des génes de résistance (JANSEN et AKTIPIS 2014). Méme si les antibiotiques ne semblent
plus jouer un role aussi important qu’auparavant, il est rare que des bactéries perdent leur résistance
(ANDERSSON et HUGHES 2010), et la distribution phylogénétique actuelle pourrait simplement étre le
résultat d’'une forte mobilité acquise par le passé.
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FIGURE 7 — Les facilitateurs du transfert horizontal de genes.
Les légendes sur cadre bleu (points 4 et 5) correspondent a des facilitateurs post-transfert.

5.2 Lerole structurant des éléments génétiques mobiles

Tout du long de cette thése, j'ai pu montrer que les MGE sont impliqués dans une diversité de mé-
canismes participant a la propagation des genes de résistance. Ces mécanismes sont résumés dans la
figure 8.
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5.2.1 Diversification fonctionnelle et émergence de la multirésistance

Le role des MGE dans la propagation des résistances antibiotiques a été particulierement étudié
durant les 50 dernieres années. C’est grace a leur découverte qu’on a pu expliquer le transfert horizontal
des résistances antibiotiques, et ils sont régulierement identifiés comme marqueurs de propagation de
certaines familles de résistance. Cette thése ne fait pas exception, et soutient notamment l'idée que
les MGE pourraient avoir un réle déterminant dans I'émergence des souches avec un large spectre de

résistance.

D’une part, une bactérie capable de recevoir de nombreux transferts horizontaux est donc poten-
tiellement capable de recevoir de nombreux genes de résistance différents. Par exemple, le genre Acine-
tobacter accumule régulierement des génes de résistance par prédation (Coorer et al. 2017). Comme
démontré par la section V et un grand pan de la littérature, I'acquisition de nouveaux genes de résis-
tance aux antibiotiques peut étre facilitée lorsque ceux-ci sont portés par des MGE. De plus, la section IV
montre que I'accumulation de ces génes portés par des MGE est associée a un élargissement significatif
du spectre de résistance de leurs hotes. Toutefois, il est a noter que la maniere dont les MGE peuvent
s'accumuler au sein d’'un méme hoéte est encore mal compris (ROCHA et BIKARD 2022) : par exemple, cer-
tains plasmides peuvent se réprimer les uns les autres (GAMA et al. 2017), tandis que d’autres peuvent
coopérer pour stabiliser I'interaction avec leur hote (SAN MILLAN, PENA-MILLER et al. 2014).

D’autre part, les MGE favorisent la duplication des genes de résistance. Plusieurs mécanismes
peuvent ici entrer en ligne de compte : que ce soit la réplication indépendante des plasmides, ou bien
la transposition de type “copier-coller” de certains transposons et ICE. Les transposons et intégrons ont
un effet duplicatif particulierement fort lorsqu’ils s’emboitent dans les plasmides, ICE, ou phages, puis-
gu’ils permettent la potentielle mobilisation de génes de résistance a la fois sur ces éléments et sur le
chromosome. Cette duplication autoriserait une bactérie a donner une copie de son géne de résistance
tout en gardant la version originale de ce dernier. Dans ce cas, le HGT ne serait pas un acte altruiste
a l'origine d’une sélection pour un partage préférentiel aux apparentés (une hypothése défendue par
certains auteurs, tels que NORMAN et al. 2009). Quel que soit le mécanisme impliqué, la duplication d’un
géne peut alléger la sélection sur le duplicat, et permettre par dérive I'acquisition de nouvelles fonctions
de résistance (SAN MILLAN et MACLEAN 2017 ; SANDEGREN et ANDERSSON 2009). La encore, cela pourrait
expliquer pourquoi I'accumulation d’AME portés par des MGE est associé a une plus large diversification

du spectre de résistance.

5.2.2 Des facilitateurs du transfert horizontal

L'association des génes a des MGE est aujourd’hui largement connu pour étre un déterminant im-
portant de la capacité a se propager au sein et entre les génomes. C’est un élément-clé pour considérer
gu’un géne de résistance pose un risque majeur pour la santé publique (MARTINEZ et al. 2015). Une
nouveauté apportée par cette these est le role prépondérant des structures emboitées de MGE dans

133



la propagation des genes de résistance. Dans le jeu de données décrit dans la section |V, la moitié des
transposons et intégrons porteurs d’AME sont également localisés sur des plasmides, des ICE, ou des
prophages. En outre, la section V montre que cette structure est associée a une plus forte probabilité de
transfert horizontal, notamment vers des taxons phylogénétiguement éloignés ou présentant un usage
de codons tres dissimilaire. Comme déja discuté dans cette partie, les MGE emboités ont I'avantage de
permettre la conjugaison ou la transduction de genes portés par des intégrons ou des transposons. De
méme, comme suggéré par CHE et al. 2021, les transposons peuvent étre facilement déplacés d’un plas-
mide vers le chromosome, ce qui permet un transfert de geéne pérenne méme si I'élément conjugatif est

perdu (figure 7).

En outre, il a été montré que les séquences d’insertion participent a la cointégration des plasmides
(MACHIDA et al. 1982). Ce processus peut permettre a la fois aux plasmides d’acquérir ou accumuler des
génes de résistance (DESMET et al. 2018), mais également pour un gene de se copier d’un plasmide a
un autre (CLEWELL et al. 1975). Le processus de cointégration, qui implique donc des transposons et des
plasmides, participe parfois a transférer des genes de résistance vers des plasmides a plus large spectre
d’hote (BONAFEDE et al. 1997; Li et al. 2020), ce qui contribue a augmenter I'étendue phylogénétique a

laquelle ils peuvent se transmettre.

Il est a noter que tous les plasmides porteurs d’AME identifiés ne sont pas nécessairement conju-
gatifs, dans la mesure ou l'outil PlasForest développé en section Ill n’est pas capable de les discriminer.
Pour autant, des plasmides non-conjugatifs peuvent étre mobilisés par plusieurs mécanismes (RAMSAY et
FIRTH 2017). Par exemple, la relaxase mob est capable de fusionner des plasmides non-conjugatifs avec
des plasmides conjugatifs, les permettant d’étre transférés ensemble (GENNARO et al. 1987). De méme,
certains plasmides peuvent parasiter le systeme de mobilisation de plasmides conjugatifs corésidents
en imitant leur séquence oriT (origine du transfert, O’BRIEN et al. 2015). Cependant, des analyses com-
plémentaires seraient nécessaires afin de déterminer la part de plasmides conjugatifs et de plasmides
non-conjugatifs mobilisables parmi ceux qui portent des AME.

5.3 Les préférences d’usage de codons : une barriére au transfert horizontal des

résistances?

Le succes du transfert horizontal dépend de plusieurs facteurs : dans un premier temps, de l'entrée
de matériel génétique dans I'h6te; et dans un second temps, de la compatibilité du nouveau géne avec
I’'h6te et des potentiels colts associés. Plusieurs mécanismes peuvent ensuite étre envisagés comme
facilitateurs ou barriéres a ces deux étapes. Bien que plusieurs mécanismes aient été décrits en détail
pour I'entrée du matériel génétique (partie 2.3.1), le devenir du matériel génétique exogéne est le plus
souvent analysé en termes de co(ts de réplication et d’expression. Dans le cadre de cette these, un autre

mécanisme a été abordé : I'incompatibilité de CUB.
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5.3.1 Une barriére entre sélection diversifiante et sélection stabilisante

Dans la mesure ou un gene récemment transféré n’a pas été co-sélectionné avec le reste du génome,
il présente parfois une rupture de co-adaptation avec la machinerie de traduction. Un gene encodé par
des codons rares a moins de chances d’étre traduit rapidement et fidelement. Ainsi, des substitutions
synonymes sont susceptibles a elles seules de perturber le repliement co-traductionnel des protéines
et de réduire la valeur sélective de la cellule (WALsH et al. 2020). Il existe une large littérature traitant de
I'efficacité translationnelle comme une pression de sélection sur l'usage de codons, et des expériences
ont suggéré que les incompatibilités de CUB lors des événements de HGT peuvent réduire les chances de
succes de I'événement (AMOROS-MoOYA et al. 2010 ; BEDHOMME, AMOROS-MOVYA et al. 2019). Les résultats
de la section V soutiennent cette hypothese : les AME sont plus souvent transférés vers des génomes

présentant un CUB similaire au leur.

En revanche, I'incompatibilité de CUB peut également provenir d’autres sources que la sélection
pour l'efficacité translationnelle. Ces autres sources de sélection font 'objet d’une revue a laquelle jai
contribuée (CALLENS, PRADIER et al. 2021, voir section 11). D’'une part, certains codons seraient évités
de sorte a ne pas former accidentellement des motifs impliquées dans la régulation de I'expression (sé-
guences promotrices, codons stop, etc.). Ainsi, si un gene exogene présentait certains de ces motifs,
cela entrainerait la production de protéines tronquées et/ou de protéines non fonctionnelles. D’autre
part, il pourrait y avoir une co-sélection entre I'usage de codons et le systéme antiviral de restriction-
modification. Un géne exogene présentant I'un des motifs reconnus par ce systeme serait clivé et éli-
miné. Enfin, CALLENS, PRADIER et al. 2021 formulent I’'hypothése que I'usage de codons tend a éviter les
motifs préférentiels d’insertion des éléments transposables. Si cette hypothése est confirmée, cela signi-
fierait qu’un géne avec un usage de codon dissimilaire a celui de son héte a plus de chances d’étre soumis
a l'intégration d’un élément transposable, ce qui empécherait son expression. Toutefois, les motifs évi-
tés n‘ont pas été recherchés dans la section V, et a ce jour, 'impact de ces sources d’incompatibilité sur

le HGT n’a pas encore été mesuré.

Globalement, I'établissement de fortes différences entre les fréquences d’usage des codons syno-
nymes forme une barriere a I'acquisition de nouveau matériel génétique, ce qui peut étre rapproché de
I’équilibre évolutif entre sélection diversifiante et sélection stabilisante. En effet, si I'acquisition de nou-
veaux genes présente de nombreux avantages potentiels en termes d’évolvabilité, elle peut également
perturber I'ensemble du phénotype. Une hypothese qui pourrait étre formulée est que cette perturba-
tion soit I'une des raisons pour laquelle certaines familles de bactéries naturellement compétentes ont
évolué une sélectivité a I'acquisition d’ADN exogene (MELL et REDFIELD 2014). Ces bactéries ne recoivent
gue des genes dont la séquence a un contenu nucléotidique similaire au leur, ce qui augmente ainsi les
chances que ces genes aient évolué dans un contexte génomique similaire et qu’ils ne perturbent pas
I'expression de leur phénotype. Ainsi, ces bactéries sont moins a risque de recevoir par transformation
des génes au CUB incompatible au leur. De ce point de vue, il est intéressant de constater que, dans la

section V, I'incompatibilité de CUB s’observe principalement pour les AME associés a aucun MGE, et qui
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ne peuvent donc étre transférés que par transformation.

5.3.2 Une barriére qui peut étre contournée

Puisque les incompatibilités de CUB forment une barriere au HGT, certains taxons qui présentent
un fort biais d’'usage de codons devraient étre trés peu susceptibles de recevoir du matériel génétique
exogene. En particulier, I'acquisition de génes de résistance par HGT devrait étre rare pour ces taxons.
Pourtant, les CUB des bactéries généralistes, qui sont les espéces les plus a risque de propager des genes
de résistance entre les écosystemes, sont globalement les plus forts de toutes les bactéries (BoTzmAN et
MARGALIT 2011). De fait, la répartition actuelle des genes de résistance implique qu’il existe des moyens

de contourner la barriere de I'incompatibilité de CUB.

Par exemple, BEDHOMME, AMOROS-MOYA et al. 2019 ont montré expérimentalement que, suite a
I'acquisition d’un géne de résistance présentant une incompatibilité de CUB, le co(t de cette incompati-
bilité tend a diminuer au cours des générations du fait de mutations compensatoires, notamment dans
certains génes du métabolisme. De méme, une étude rétrospective chez Pseudomonas aeruginosa a
montré que les genes exogenes regus ont parfois évolué pour se rapprocher du CUB de leur héte, ou
gue certains genes d’ARNt avaient pu étre dupliqués en réponse a l'acquisition de génes présentant une
incompatibilité de CUB (CALLENS, SCORNAVACCA et al. 2021). Si le temps de rétention d’un géne exogene
semble effectivement étre corrélé a la proximité entre le CUB d’un géne et de celui de son hote (CALLENS,
SCORNAVACCA et al. 2021), I'évolution compensatoire des genes recus et des génomes receveurs sont des

moyens de stabiliser I'acquisition de matériel génétique exogene.

Dans ce cadre, la section V montre que les AME associés a des MGE emboités sont plus suscep-
tibles d’étre transférés a des taxons avec qui ils présentent des incompatibilités de CUB (figure 7). Bien
gue ce contexte génomique particulier n’est pas associé a une évolvabilité particulierement élevée, on
peut formuler deux hypotheses pour expliquer leur meilleure capacité a contourner I'incompatibilité
de CUB. D’une part, comme discuté dans la partie 5.2.1, les MGE emboités ont une capacité de dupli-
cation plus élevée que les autres. Dans les cas ou le colt de I'incompatibilité de CUB est d{ a une trop
faible production de protéines fonctionnelles, la duplication du gene concerné pourrait (au moins par-
tiellement) compenser ce co(t. D’autre part, si ce transfert s'Taccompagne de l'acquisition de nouveaux
transposons, ceux-ci pourraient parfois se transposer au chromosome, et ainsi générer des mutations

(potentiellement compensatoires) par insertion.

6 Vers de nouvelles approches de gestion de la résistance antibio-
tique

Les résultats de cette thése ouvrent de nouvelles perspectives pour le suivi et gestion du probleme
de la résistance aux antibiotiques. Certains exemples de stratégies potentielles a mettre en place sont
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résumées dans la figure 9.

6.1 Dépasser une conception adaptationniste de la résistance

L'expansion des bactéries résistantes aux antibiotiques depuis les derniéres décennies est trés clai-
rement le résultat de leur sélection par la consommation d’antibiotiques. Cependant, comme discuté
dans la partie 4.1, cela ne signifie pas que les génes qui conférent cette résistance sont uniquement
des adaptations a la consommation d’antibiotiques par I’'Homme. En effet, nombre de ces genes ont
porté d’autres fonctions par le passé : la résistance aux antibiotiques produits par d’autres bactéries,
mais pas seulement (MARTINEZ 2012). Ces derniers ne sont alors que des exaptations. De plus, les ré-
sultats de cette these suggerent fortement que ces génes ne sont pas nécessairement maladaptatifs
en dehors de I'environnement qui a sélectionné leur expansion (c’est-a-dire lorsque les consommations
d’antibiotiques décroissent). Les stratégies de confinement de la résistance antibiotique gagneraient
donc a dépasser la conception adaptationniste de la résistance aux antibiotiques.

Parmi les modeéles alternatifs qui peuvent étre proposés, un premier consisterait en une approche
neutraliste de la résistance aux antibiotiques. En effet, comme discuté dans la partie 4.1, le colt conféré
par les génes de résistance, en I'absence d’antibiotique, peut étre assez rapidement réduit (voire annulé)
par évolution compensatoire. Méme si cette évolution compensatoire devait avoir lieu aprés chaque
événement de HGT, il reste que le temps nécessaire a cette évolution est tres court chez les bactéries
par rapport aux décennies d’utilisation des antibiotiques. Selon ce modele, les bactéries résistantes et
les genes de résistance se maintiendraient dans les communautés par dérive. Leur relative abondance

serait simplement le résultat de leur sélection passée.

Un autre modele possible pourrait se centrer sur la migration de bactéries et de génes entre com-
munautés et entre continents. Comme cette thése et un corpus grandissant de recherches le montrent,
la mondialisation et la modification des équilibres écologiques par ’'Homme a de lourdes conséquences
sur la répartition des résistances. D’une part, si la sélection sur les bactéries résistantes a baissé de-
puis les derniéres décennies dans les pays développés, la consommation d’antibiotique mondiale tend
toujours a augmenter, notamment dans les pays en développement (KLEIN et al. 2018). D’autre part,
les résistances peuvent étre adaptatives et/ou sélectionnées dans les écosystemes naturels. Ces pays
et écosystemes pourraient donc constituer des réservoirs ou des sources pour le reste du monde, vers

lequel la résistance ne ferait que migrer sans nécessairement y étre sélectionnée.

Si les résultats de cette these soutiennent davantage ces deux modéles, il est clair que de nouvelles
approches doivent étre proposées et testées afin de construire une meilleure compréhension du phé-

nomene de la résistance a I’heure actuelle.

6.2 Intégrer la gestion écologique dans la santé publique
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6.2.1 Vers une surveillance accrue des écosystémes naturels

A I'heure actuelle, le suivi des résistances antibiotiques concerne essentiellement les organismes
susceptibles d’infecter ’humain. Par exemple, le rapport exécutif de 'ECDC pour 2020 ne rapporte les
résultats que pour un trés faible nombre de taxons : Acinetobacter spp., Escherichia coli, Staphylococ-
cus aureus, Klebsiella pneumoniae, Pseudomonas aeruginosa, et Enterococcus faecium (WHO REGIONAL
OFFICE FOR EUROPE 2021). Comme déja discuté dans la partie 5.1 et plus particulierement la partie 4.2.4,
le suivi de ces taxons est utile, car il s'agit de pathogenes humains, qui accumulent les résistances, et
sont susceptibles de les déplacer d’un écosystéme a I'autre. Toutefois, il est a noter que ce suivi n‘offre
gu’une image incompléte de la circulation des résistances antibiotiques. Les résultats de cette these

suggerent que ce tableau devrait étre élargi.

D’une part, I'existence du transfert horizontal de la résistance et sa pervasivité a I'échelle mondiale
devrait étre un argument suffisant pour élargir la surveillance a un plus grand nombre d’espéces. Méme
une espece incapable d’infecter I’humain (ou des animaux domestiques) est susceptible de porter des
geénes de résistance, et donc de les transférer a des espéces pathogénes. Par conséquent, suivre la pro-
gression des résistances chez les bactéries pathogénes uniquement revient a constater 'ampleur des
dégats sur la santé humaine. Un suivi de la résistance chez des taxons non pathogéenes permettrait d’an-
ticiper ces dégats, et potentiellement d’agir en conséquence pour en limiter 'ampleur. De manieére plus
générale, le phénotypage des bactéries pathogenes pourrait étre complémenté par une surveillance gé-
nétique, en focalisant la surveillance sur les geénes de résistance et non plus seulement leur association a
des bactéries pathogénes. L'élargissement a des bactéries non pathogénes pour ’lhumain commence a
se faire au sein du monde académique. Par exemple, MADER et al. 2022 proposent la mise en place d’un
réseau de surveillance des résistances en contexte vétérinaire en proposant de commencer par la sur-
veillance d’un petit nombre de génes de résistance. Ces approches trop minoritaires gagneraient a étre
plébiscitées et élargies car encore restreintes a des espéces animales et bactériennes déja surveillées.

D’autre part, comme déja largement discuté, les écosystemes naturels constituent des sources et ré-
servoirs importants de résistance. Les résistances introduites dans les élevages ou en milieu hospitalier
peuvent avoir émergé plusieurs mois, années ou décennies auparavant dans les sols ou les cours d’eau.
Pourtant, les échantillonnages en hépitaux, élevages, et microbiotes humains sont globalement surre-
présentés, et nous sommes donc collectivement aveugles a une partie importante du processus d’émer-
gence et de circulation des résistances. Une maniere relativement simple d’améliorer la surveillance des
écosystémes naturels serait de s'appuyer sur la présence de génes de résistance dans les métagénomes.
Toutefois, de nombreux génes de résistance encore inconnus pourront étre découverts, et déterminer
précisément lesquels d’entre eux seront transférés aux pathogénes humains et constitueront un pro-
bléme pour la santé humaine est probablement au-dela de nos capacités (BAQUERO, MARTINEZ et al.
2021). Bien gu’essentielle a notre compréhension du phénomeéne, la surveillance des écosystemes na-
turels devra donc étre associée a une poursuite des études sur les déterminants du transfert horizontal.
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6.2.2 \Vers une réduction de la connectivité écologique

Bien que notre compréhension du phénomeéne dans les écosystémes naturels soit encore largement
incompléete, les travaux de cette thése confirment que la connectivité écologique est un des facteurs
majeurs et encore sous-estimés dans la propagation des résistances. La gestion des écosystemes est
donc un des leviers majeurs sur lesquels la lutte contre la résistance antibiotique peut s’appuyer.

Un premier axe consiste a limiter la circulation bactérienne des environnements anthropisés vers les
environnements naturels. Il est déja bien connu que les infrastructures d’hygiene et d’assainissement
contribuent déja a limiter la propagation. Ainsi, le matériel médical est stérilisé, de méme que I'eau
courante, mais aussi les aliments dans certains pays (JOHNSON 2015), de sorte a réduire la circulation
des bactéries vers les humains. Mais, de méme que les eaux usées peuvent également étre stérilisées
avant leur rejet vers les fleuves, il serait possible de traiter d’autres types de rejets afin de contenir la
circulation des résistances. En particulier, I'épandage du fumier et du lisier est une source importante
de pollution fécale pour les sols et les cours d’eau. La stérilisation de ces matériaux par ozonation ou
rayonnement ultra-violet serait une maniere de limiter, sans infrastructures coGteuses, la propagation
des bactéries résistantes, mais devrait étre généralisée a un grand nombre d’exploitations agricoles pour
avoir un impact notable. En revanche, ces méthodes n’assurent pas la destruction compléte du matériel
génétique et facilitent méme dans certains cas les événements de HGT (Su et al. 2014).

Le second axe de la stratégie de confinement de la résistance vise a limiter la circulation des résis-
tances antibiotiques des écosystemes naturels vers les nétres. Ce confinement implique donc d’une part
de réduire le nombre de bactéries résistantes dans ces écosystémes, et d’autre part de restreindre nos
contacts avec ces écosystemes. Par exemple, cela peut passer par des campagnes de vaccination des ani-
maux sauvages, de sorte a supprimer les réservoirs potentiels de bactéries résistantes. De méme, une
régulation de I'expansion urbaine et de I'exploitation des ressources animales et végétales non domes-
tiques (chasse, exploitation forestiére) pourrait ralentir la transmission des résistances sauvages vers les
écosystémes anthropisés. Toutefois, cet axe est beaucoup plus dur a mettre en place, car il impliquerait
des colts économiques et humains particulierement élevés et/ou des modifications structurelles de nos

systemes économiques et de nos modes de vie.

6.2.3 Vers la décontamination des écosystemes?

Finalement, si jamais nous parvenons un jour a stopper la circulation des résistances antibiotiques,
il reste que I'ensemble des écosystémes semble, a ce jour, contaminés par des génes de résistance.
Comme évoqué plus haut, le colt des génes de résistance n’est pas forcément suffisant pour provoquer
leur disparition en I'absence d’antibiotiques. Une éradication compléte ou partielle du probléme néces-
sitera donc s(irement la mise en place de stratégies de décontamination. La premiére et la plus simple
d’entre elles est la recolonisation des écosystemes par des bactéries sensibles (BAQUERO, LANZA et al.
2015), comme ce qui se fait déja a une échelle moindre avec l'usage de probiotiques. Cela diminuerait

139



mécaniquement la fréquence des bactéries résistantes, mais augmenterait également la compétition
avec les bactéries résistantes. Cependant, cette stratégie peut engendrer des colts importants pour
des raisons insoupconnées (beaucoup d’exemple d’ingénierie écologique ayant été désatreuses pour
écosystémes. Par conséquent, avant de considérer I'application de cette stratégie in natura, il faudrait
renforcer notre compréhension fondamentale du systéme biologique qu’est la résistance et des imbrica-
tions de ce derniers avec la biosphére via I'intégration d’une vision multi-échelle de la résistance (GIL-GIL
et al. 2021). De plus, couplé a des approches théoriques, cette stratégie doit passer préalablement par
la mise en place de tests expérimentaux sur le risque de transmission des genes de résistance vers ces

bactéries sensibles.

Une deuxiéme stratégie, qui ne pourrait étre appliquée qu’a des échelles tres locales, serait d’utili-
ser les compromis adaptatifs des bactéries afin de rendre leur résistance maladaptative. Par exemple,
I'utilisation de cocktails de bactériophages dans les hopitaux pourrait sélectionner les bactéries pour
une résistance a l'infection, aux dépens de leur résistance aux antibiotiques. Enfin, une stratégie qui a
été formulée est le forgcage génétique, afin de provoquer la disparition des genes de résistance. A cet
effet, plusieurs méthodes ont été formulées et/ou testées in vitro : des systéemes basés sur la technolo-
gie CRISPR-Cas sont capables d’éditer le génome de bactéries résistantes afin de les rendre sensibles de
nouveau (VALDERRAMA et al. 2019), et des systémes basés sur l'interférence entre plasmides pourraient

théoriquement supprimer les plasmides porteurs de résistances (KAMRUZzZAMAN et al. 2017).

6.3 Un probleme global nécessitant une coordination globale

La circulation des résistances antibiotiques se produit non seulement entre écosystemes, mais éga-
lement entre continents. Si une famille de genes pose probleme dans une seule région du monde, ce
n‘est qu’une question de temps avant qu’elle devienne un probleme de santé publique mondiale. De
ce fait, une action globale et coordonnée est nécessaire : pour la surveillance de la propagation des
résistances, pour le financement de la recherche et le partage des connaissances, et pour la mise en
place de solutions. En particulier, de méme que le confinement écologique de la résistance, la question
du confinement géographique peut également se poser, bien qu’a ma connaissance, aucune législation
ou recommandation dans ce sens n’ait été formulée. Une stratégie potentielle serait de surveiller la
circulation des résistances dans les importations de marchandises, en procédant a des préléevements

aléatoires, et éventuellement de décider de quarantaines en cas de résistance avérée.

Toutefois, n’importe quelle intervention nécessite une coordination globale de 'ensemble des Etats
et des organisations inter-gouvernementales. De nombreuses réglementations ont été suggérées (par
exemple concernant l'usage des antibiotiques) et des feuilles de route ont été éditées par 'OMS ou des
agences de santé locales, mais globalement, les effets ne suivent pas. En effet, si les plans d’action natio-
naux présentent effectivement les mémes objectifs que le plan d’action global de 'OMS, les politiques
implémentées correspondent assez peu a celles qui sont recommandées (MUNKHOLM et RUBIN 2020). En
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réalité, aucun accord contraignant international (traité ou protocole) n’existe concernant la lutte contre
la résistance aux antibiotiques. Un tel accord serait particulierement intéressant car il permettrait une
coordination économique : il permettrait par exemple d’éviter la compétition économique entre les pro-
ducteurs de bétail qui restreignent I'usage des antibiotiques, et ceux qui ne le font pas (RUCKERT et al.
2020). Cependant, un tel accord nécessiterait pour les pays signataires un soutien politique de la part
des acteurs nationaux (HOFFMAN et BEHDINAN 2016), ce qui pourrait étre entravé par une pression du

secteur privé contre les régulations.

Cette absence de coordination globale souléve la question des inégalités entre pays développés et
pays en développement. En effet, c’est dans les pays a faible revenu que la pression infectieuse est
la plus importante, et ces pays ont le moins bon acces a des antibiotiques de qualité. C’'est donc aux
populations de ces pays qu’une action globale et coordonnée bénéficierait le plus. En outre, il ne s’agit
pas que d’une question de réduction des inégalités, car ces pays sont aussi les plus susceptibles de
contribuer a la propagation des résistances (MILLAR 2019).

7 Limitations méthodologiques

L'ambition de cette thése est d’apporter une approche globale et intégrative pour I'étude de la propa-
gation des résistances antibiotiques, en s’appuyant sur 'exemple des résistances aux aminoglycosides.
En particulier, j’ai souhaité améliorer notre compréhension de la circulation écologique, géographique,
et phylogénétique des génes de résistance. Cependant, plusieurs limitations techniques peuvent réduire
la portée des résultats de cette these.

7.1 Les limites de la détection bioinformatique

Les résultats de cette these reposent sur des méthodes bioinformatiques : pour détecter des génes
de résistance, pour détecter des éléments génétiques mobiles, pour inférer des événements de HGT,
etc. Ces méthodes ont I'avantage de permettre la récolte rapide d’un grand nombre de données, et

donc d’inférer des tendances a large échelle. Cependant, elles ne sont pas exemptes de limites.

En particulier, cette thése repose sur un criblage par homologie des genes encodant les AME. Comme
montré sur 'exemple des plasmides dans la section I, la recherche d’homologie est en général trés pré-
cise, et il y a donc peu de doute sur le fait que les clusters formés soient bien apparentés aux AME. Les
fonctions de ces génes ont été inférées de maniére indirecte, sur la base de cette homologie. Pourtant,
comme démontré par FELDGARDEN et al. 2019, le lien entre génotype et phénotype est particulierement
ténu dans le cas de la résistance aux aminoglycosides : une simple substitution peut suffire a changer
la fonction de I'enzyme. De plus, il n’a pas été possible de collecter ni d’analyser les transcriptomes as-
sociés a chacun des génomes, et donc de déterminer le niveau d’expression de chaque géne. Comme

discuté dans la section |V, I'expression de nombreux génes de résistance est réprimées, par exemple
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pour réduire leur co(t d’expression en I'absence d’antibiotique. Il n’est donc pas possible d’affirmer avec
certitude que I'ensemble des homologues identifiés conferent systématiquement un phénotype de ré-
sistance aux aminoglycosides aux bactéries qui les portent, mais que ces bactéries portent de potentiels
candidats a la résistance. De plus, il n’est pas possible d’affirmer que cette these étudie 'ensemble de
la résistance aux aminoglycosides : d’une part car d’autres types de génes peuvent conférer cette résis-

tance, et d’autre part car certaines AME ont pu étre laissées de co6té par le criblage.

Cette limite des méthodes basées sur la recherche d’homologie peut avoir eu plusieurs consé-
qguences sur la détection des MGE et des événements de HGT. En effet, 'exemple de PlasForest (sec-
tion lll) montre que, si la recherche d’homologies est effectivement trés précise, elle est relativement
peu sensible en dehors de son domaine de compétence. De fait, PlasForest est trés peu capable de dé-
tecter des plasmides dans des métagénomes assemblés, ce qui suggéere que des plasmides présents chez
des espéces peu séquencées ont peu de chances d’avoir été identifiés dans le cadre de cette these. Par
extension, et dans la mesure ou toutes les recherches de MGE ont reposé sur la recherche d’homologies
(ISfinder, IntegronFinder, ICEFinder, Phispy), cela pourrait expliquer pourquoi certains MGE, tels que les
ICE ou les prophages, sont sous-représentés par rapport aux autres catégories dans le jeu de données.
Au contraire, les méthodes sans alignement (par exemple, par recherche de k-mers) présentent une
sensibilité beaucoup plus forte, au détriment de la précision. Cette sensibilité a permis I'identification
de paires d’espéces entre lesquelles a eu lieu un événement de HGT, parmi des événements potentiels
détectés par une méthode phylogénétique implicite, ainsi que I'orientation des transferts. Cependant
la précision sur ces deux étapes d’analyse basées sur les distributions de k-mers est moyenne. Il a donc
été nécessaire de faire usage de simulations afin d’établir un attendu sur la proximité nucléotidique

minimale permettant de différencier entre plusieurs donneurs potentiels.

7.2 Des jeux de données biaisés et incomplets

Les conclusions de cette thése reposent également sur la mise en relation, par des méthodes sta-
tistiques, des données génomiques avec d’autres jeux de données. Cependant, a toutes les étapes des
analyses, j’ai pu faire le constat d’un probleme de qualité des données. Plus précisément, de nombreuses
données ont manqué ou n’étaient pas suffisamment précises pour pouvoir étre exploitées, et les don-

nées disponibles étaient fortement biaisées.

Premiérement, une surabondance des pathogénes et commensaux de 'THomme et des animaux (liée
a une surreprésentation des génomes échantillonnés dans un cadre cliniqgue) empéche toute analyse
fine de la propagation des résistances dans les écosystemes naturels. De fait, ces écosystémes ont d{i étre
réunis en quelques catégories écologiques (sols, eau douce, faune et flore) qui ne correspondent pas
aux classifications habituelles des biomes continentaux et qui ne permettent pas de juger précisément
du degré d’anthropisation de ces écosystemes. De plus, les métadonnées récupérées depuis la base

de données NCBI BioSamples étaient trés peu standardisées (avec un total de plus de 900 variables
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différentes, pas toutes utilisées pour chaque génome), tant pour I'écologie, que pour les dates et lieux
d’échantillonnage, ce qui a limité la plupart des analyses statistiques a environ un quart des génomes
initialement criblés.

Un second point concerne la disponibilité des données publiées par les organismes publics. D’'une
part, les données relatives a la consommation d’aminoglycosides n’étaient publiqguement disponibles
qgue pour I'Europe, et sur des périodes extrémement variables d’'un pays a l'autre. A titre de comparai-
son, les CDC américains n‘ont rendu publiques que les données de consommation de quelques autres
catégories d’antibiotiques, et ce pour une période démarrant en 2011. De plus, il peut étre constaté un
manque crucial de données concernant les concentrations d’antibiotiques dans I'environnement : seules
des données parcellaires, publiées dans des revues académiques, sont disponibles (LE PAGE et al. 2017)
et les travaux de compilation restent encore trop rares (GOTHWAL et SHASHIDHAR 2015). D’autre part, les
données relatives aux échanges internationaux sont peu accessibles ou peu exploitables. Par exemple,
la matrice bilatérale des échanges commerciaux publiée par I'UNCTAD comptabilise les échanges en
dollars américains, et pas en tonnes. En outre, la matrice bilatérale des migrations humaines publiée
par la Banque mondiale comptabilise le nombre de personnes migrant d’un pays a l'autre par décennie
uniquement. Dans I'ensemble, le manque de données ou la faible exploitabilité des données disponibles
oblige le recours aux extrapolations, ce qui limite la fiabilité des résultats obtenus.

8 Perspectives

8.1 Lapport des données métagénomiques a I'étude de la propagation des résis-

tances antibiotiques

D’une part, comme discuté dans les partie 4.2 et partie 6.2, I'étude de la propagation des résistances
antibiotiques patit d’'un manque de données en dehors des environnements cliniques, et en particulier
dans les écosystemes naturels. D’autre part, les données de génome complet utilisées dans cette these
ne peuvent étre obtenues que pour des espéces cultivables. De nombreuses espéces bactériennes ne
sont pas cultivables et leur contribution a la circulation des génes de résistance est donc complétement
ignorée. Intégrer des données métagénomiques devrait permettre s’affranchir au moins partiellement
de ces deux limites. En effet, les métagénomes permettent d’intégrer toutes les bactéries sans discri-
mination envers certains taxons. Ces données apporteraient, en plus d’une exploration plus large et de
jeux de données moins biaisés, la possibilité de déterminer avec plus de précision les prévalences de
résistance et in fine une estimation des flux de résistance entre différents écosystémes.

Cependant, bien que la métagénomique apporte un bénéfice quantitatif et augmente la sensibilité
des jeux de données, cette derniére ne peut pas a elle seule nous éclairer sur la circulation de la résis-
tance. En effet, bien que trés sensibles, ces méthodes sont peu précises et bien qu’elles puissent étre
utilisées pour apporter des réponses a des questions épidémiologiques, elles ne permettent pas I'étude

143



de phénomeénes complexes sur le systeme. Par exemple, la plupart des études de métagénomes peuvent
analyser la composition en unités taxonomiques d’'une communauté, en se basant sur les séquences
d’ARN 16S. Ces analyses peuvent ensuite étre couplées a des recherches de genes de résistances. Ce-
pendant, la composition taxonomique d’'une communauté dans laquelle on trouve des genes de ré-
sistance n’indique pas quels taxons portent ces résistances. En revanche, et bien que ces méthodes ne
permettent pas nécessairement d’identifier les origines des MGE a large spectre d’hote, des traitements
bioinformatiques complémentaires de ces données permettraient d’avoir une résolution plus fine pour
I'analyse de la propagation des genes de résistance. Depuis la derniere décennie, plusieurs méthodes de
regroupement ont été développées, la plupart basées sur des méthodes sans alignement, pour délimi-
ter des génomes parmi les contigs de métagénomes assemblés (voir par exemple ALNEBERG et al. 2014;
NIsSeN et al. 2021). Ces méthodes ne permettent pas une reconstitution précise de tous les génomes
composant un métagénome, mais augmentent le niveau de résolution du systéme. De fait, plusieurs
bases de données de métagénomes regroupés en génomes existent déja (NAYFACH et al. 2020). Une
assignation taxonomique précise de ces génomes est ensuite beaucoup plus simple : en effet, les 120
genes utilisés pour définir la taxonomie bac120 se retrouvent également dans les métagénomes (PARKS
et al. 2017), et l'outil d’assignation GTDB-tk (CHAUMEIL et al. 2020) peut leur étre appliqué. Cependant,
les outils actuellement a disposition pour la détection de MGE dans les métagénomes restent encore
trop peu précis (voir section Ill).

Par ailleurs, une étude intégrative des facteurs écologiques favorisant la propagation des résistances
antibiotiques nécessitera un degré de résolution écologique plus fin. A cet effet, la caractérisation en
biomes des écosystemes ol les métagénomes sont échantillonnés, ainsi que la mesure de leurs para-
metres abiotiques (salinité, température, pH, granulométrie, présence de polluants, etc.), pourraient
permettre d’identifier le réle de chacun de ces parameétres sur la sélection et la circulation des genes
de résistance. De plus, il sera tout aussi utile de mesurer la diversité de composition des communautés
microbiennes, et la présence de certains macro-organismes susceptibles de transporter des bactéries
résistantes d’'un écosysteme a l'autre. L'étude in silico d’écosystémes pourrait aider a réduire en amont
le nombre de parameétres a considérer dans les prélévements.

8.2 Lerole du systeme CRISPR-Cas dans le transfert horizontal de génes

Comme discuté dans les partie 5.3 et partie 5.2.2, il existe plusieurs paramétres génomiques qui
peuvent moduler le transfert horizontal des genes. A ce titre, la présence du systeme CRISPR-Cas chez
certaines espéeces bactériennes pourrait constituer une barriere a l'acquisition de nouveaux genes. Le
systéme CRISPR-Cas a été initialement détecté chez Streptococcus thermophilus en tant que mécanisme
de résistance aux infections a bactériophages virulents (BARRANGOU et al. 2007). Ce systéme repose sur
I'action conjointe du locus CRISPR (clustered regularly interspaced short palindromic repeats) et des en-
donucléases Cas (CRISPR-associated proteins). Son efficacité est entretenue par I'intégration indépen-
dante de nombreuses séquences d’origine virale (spacers) dans le génome bactérien. Il est important
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de noter que la création de nouveaux génotypes de résistance suit un processus particulier dans le sys-
teme CRISPR-Cas : cette mutation n’est pas aléatoire, mais dirigée vers le virus qui infecte la population
(KooNIn et WoOLF 2009). Il s’agit donc d’un systeme immunitaire adaptatif héréditaire.

Le systeme CRISPR-Cas est donc capable de limiter le transfert horizontal de génes par transduction.
Cependant, il a été montré que CRISPR-Cas peut aussi mener au clivage de I’ADN plasmidique (GARNEAU
et al. 2010), et donc limiter I'acquisition de nouveaux génes par conjugaison (JIANG, MANIV et al. 2013).
De nombreux spacers correspondant a des locus d’ICE ont également été retrouvés chez certaines bac-
téries (WHEATLEY et MACLEAN 2020). Ce systeme est méme en mesure d’'empécher I'acquisition d’ADN
exogene par transformation chez Neisseria meningitidis (ZHANG, HEIDRICH et al. 2013). De maniére gé-
nérale, les génomes qui encodent le systéme CRISPR-Cas sont plus petits (WHEATLEY et MACLEAN 2020),

ce qui pourrait étre da a la forte limite qu’ils imposent au HGT.

Il serait donc intéressant de réanalyser le jeu de données constitué par cette thése a la lumiére de
la présence ou de I'absence du systeme CRISPR-Cas dans chaque génome. Le pipeline CRISPRCasFinder
(Couvin et al. 2018) permettrait une recherche rapide des locus CRISPR et Cas dans les 160987 génomes
déja criblés pour les génes encodant les AME. Des analyses statistiques subséquentes permettraient de
déterminer si la distribution des AME est corrélée a I'absence du systeme CRISPR-Cas, si ce systeme
limite I'accumulation et la diversité de ces génes, et s’il constitue une barriére a leur acquisition par
HGT.

8.3 Modéliser la propagation d’un gene de résistance dans une métacommunauté

Les travaux de cette these montrent dans leur ensemble que la propagation des résistances antibio-
tiques est un phénomene complexe, qui dépasse les frontieres de la sélection et du transfert horizontal
seuls. De ce fait, ce champ bénéficierait de I'utilisation d’approches théoriques issues de la biologie des
systemes (en particulier, des écosystemes). Par exemple, au vu des similarités entre certains résistomes,
j’aifait I’'hypothése que cette similarité pouvait étre expliquée par des flux de génes et de bactéries entre
écosystémes. De méme, j'ai évoqué le rOle des espéces généralistes et de la mondialisation des échanges
dans la propagation des genes de résistance entre écosystemes et entre continents. Ces hypothéses res-
tent toutefois a tester. Or, il est actuellement compliqué de maintenir des communautés complexes en
laboratoire, et de contréler finement les parametres d’un écosystéme (structuration spatiale, modula-
tion des ressources, etc.). La modélisation d’'une méta-communauté donnerait donc la possibilité de
tester in silico si les différents parametres évoqués sont a méme d’expliquer la distribution actuelle des

génes de résistance.

Cette approche consisterait a simuler des populations, leurs environnements, et leurs interactions,
par exemple par un modele individu-centré ou chaque individu représenterait une bactérie ou un clone
bactérien. La modélisation de certains parametres locaux, tels que la concentration locale en antibio-

tiques, la compétition, ou la structuration spatiale, permettraient de prendre en compte les variations
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locales dans la sélection pour les genes de résistance et la probabilité de leur transfert horizontal entre
souches. De plus, pour prendre en compte la propagation des bactéries et des genes entre communau-
tés, certains processus de flux de matiére pourraient également étre incorporés au modele : transports
ponctuels (par des animaux ou des activités humaines) ou flux continu (par le vent et les courants). En
outre, la modélisation d’une diversité de souches pourrait prendre en compte la variabilité de capacité
des bactéries a accumuler les génes de résistance et/ou les transporter d’un écosystéme a l'autre. Pour
ce faire, ces caractéristiques pourraient inclure les variables suivantes : résistance innée aux antibio-
tiques, taux de croissance intrinseque, capacité a vivre dans plusieurs écosystémes, capacité a recevoir

des génes exogénes par HGT, et capacité a se fixer aux vecteurs du transport entre écosystémes.

Un tel modele permettrait de tester les différentes hypothéses soulevées dans cette thése concer-
nant 'émergence et la circulation des génes de résistance au sein d’une communauté, mais également
leur propagation dans le réseau d’une métacommunauté. En particulier, plusieurs scénarios pourraient
étre testés : par exemple, avec une distribution inégale des antibiotiques entre communautés, en pré-
sence ou en l'absence d’espéces généralistes, en incluant ou non des genes de résistance dans les com-
munautés initiales. Ainsi, la prévalence totale des génes de résistance ou leur répartition entre commu-
nautés et entre souches pourraient étre comparées d’une part d’'un scénario a l'autre, et d’autre part
d’un scénario aux données observées. Cette comparaison permettrait la confirmation ou I'infirmation
de certaines hypotheses, mais aussi de faire des prédictions sur la distribution des résistances dans des

contextes encore mal connus .
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Section VIII : Liste des abréviations

ACB : AMEG-carrying bacteria, bactérie dont le génome comporte des génes de résistance aux amino-
glycosides
AG : aminoglycoside
AME : aminoglycoside modifying enzymes, enzymes d’altération des aminoglycosides
AMEG : AME-encoding genes, génes encodant des enzymes d’altération des aminoglycosides
AR : antibiotic resistance, résistance antibiotique

— ARG : gene de résistance aux antibiotiques

— ARB : bactérie résistante aux antibiotiques
CHG : cluster of homologous genes, groupe de genes homologues, partageant une similarité de
séquence d’au moins 40% sur 80% de leur longueur
CRISPR-Cas : Clustered Regularly Interspaced Short Palindromic Repeats et CRISPR-associated proteins;
courtes répétitions en palindrome regroupées et régulierement espacées, et protéines associées;
systeme immunitaire adaptatif bactérien
CUB : codon usage bias, biais d’'usage de codons
HGT : horizontal gene transfer, transfert horizontal de genes
ICE : Integrative and conjugative elements (ICEs, éléments intégratifs et conjugatifs (parfois appelés
transposons conjugatifs)
MGE : mobile genetic elements, éléments génétiques mobiles
MST : minimum spanning tree, arbre couvrant minimal ; réseau comportant N — 1 arétes pour N noeuds
MSN : minimum spanning network, réseau couvrant minimal; réseau ne pouvant étre réduit a un MST
du fait de la présence de certains chemins de méme poids
NHEJ : non-homologous end joining, mécanisme de réparation de '’ADN par jonction d’extrémités
non-homologues
OriT : origine de transfert des plasmides

OriR : origine de réplication des plasmides
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Section IX : Annexes

9 Annexe 1:Informations supplémentaires de la section IV

Les informations supplémentaires de la section IV sont pour partie exposées dans la section
suivante : Textes S1-S3, Tables S3—S37, Table S40, Figures S1-S2.

Le reste du matériel de ce chapitre (Tables S1-S2, Table S38, Liste S1) n‘ont pas pu étre affichés

dans cette these. lls sont cependant disponibles en ligne sur le serveur bioRXiV a I'adresse suivante :
https://www.biorxiv.org/content/10.1101/2022.01.07.475340v1.supplementary-material.
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Text S1: Description of interaction effects on the prevalence of ACBs in European data between 1997
and 2018

Aminoglycoside consumption can have a positive significant effect on the probability to sample ACBs in
clinical samples (for CHG 6.1), soil (for CHG 6.1), farms samples (for CHGs 6.1 and 8), and domestic
animals (for CHG 8), but also a negative significant effect in clinical samples (for CHG 17.1). Human
exchanges also have ecology-specific impacts for 3 CHGs only. For CHG 6.1, migration has a positive effect
on the probability to sample ACBs in clinical, farms, human, and soil samples but a negative effect in
freshwater samples, whereas trade has opposite effects in all these biomes. For CHG 8, migration has a
negative effect in soil samples, and trade has a negative effect in farms samples. For CHG 27, migration has

a negative effect in clinical, farms, and human samples, while trade has a positive effect in farms.

Text S2: Keywords used to filter sequences based on InterProScan annotations

Amino acid sequences that were screened in genomes with HMMER AME profiles, were submitted to
InterProScan in order to infer their putative functions. These sequences were then filtered based on keywords
among their inferred functions. On the one hand, sequences that may have an enzymatic function similar to
the ones of AMEs were screened with the following keywords: “acetyltransferase”, “adenylyltransferase”,
“adenyltransferase”, “phosphotransferase”, “phosphoryltransferase”, and “nucleotidyltransferase”. On the
other hand, sequences whose functions might be involved in aminoglycoside resistance were screened with

» o« » » o«

the following keywords: “aminoglycoside”, “aminoside”, “mycin”, “micin”, and “amikacin”.

Text S3: Keywords used to classify BioSamples into ecological biomes

Among the BioSamples metadata columns, a number of columns were isolated to search for information
enabling to characterize a sampling biome for each genome. On the one hand, were selected the column
whose names contained one of the following keywords: “biome”, “habitat”, “env”, “host”. On the other

hand, other columns were selected if they contained the keyword “source” or “isolat”, but none of the

» o« » » o«

following keywords: “date”, “year”, “by”, “id”, “preservation”, “number”, “energy”, “carbon”, “method”,

» »

“comment”, “note”,

» o«

resource”, “history”, “annot”, or “lab”. Samples were then classified into biomes based
on the contents of these columns.
Samples were classified as from clinical origin:

e if one of these columns (or columns regarding the sampling location) contained the keyword

» o«

“hospit”, “clinic”, or “medical”;

¢ if one of these columns contained the keyword “human” or “homo” and at least one of the following
keywords: “disease”, “blood”, “oral”, “feces”, “infection”, “arthr”, “hemo”, “bronch”, “pulmo”,
“respi”, “urine”, “failure”, “pus”, “throat”, “thora”, “semen”, “wound”, “skin”, “gut”, “intestin”,
“septicemia”, “sputum”, “fibrosis”, “swab”, “fluid”, “itis”, “bile”, “pneumonia”, “sputamentum”,

ELINN TS » o« » o« » o« » o«

“sick”, “gastr”, “aspirate”, “fecal”, “sudate”, “groin”, “emia”, “faecal”, “nares”, “osis”, “excreted”,

» » o« » <« » <« » o«

“sepsis”, “patient”, “vagin”, “rect”, “surg”,

» < » o«

drainage”, “trach”, “lung”, “nasal”, “tissue”, “cornea”,

“nosocomial”, “ICU”, “fever”, “bronc”, “absc”, “phary”;
¢ if the host was not specified but one of these columns contained any of the keywords: “melioidosis”,

» <«

“tract infection”, “burn”, “urine”, “feces”, “blood”, “stool”, “sputum”
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Samples were classified as originating from human habitats if they were not already assigned to clinical
samples, and if their columns contained any of the following: “habitat”, “rural”, “bath”, “potable”, “tap

»

water”,

» <«

toilet”, “spacecraft”, “food”.

Samples were classified as originating from domestic animals if they were not already assigned to clinical or
human habitat samples, and if their columns contained any of the following: “canis”, “canine”, “feline”,
“dog” (but not “hot-dog”) or “prairie dog”), “felis”, “rattus”, “cavia”, “cricet”, “chinchilla”, “mustela”,
“mus”, “serinus”, “tortoise”, “parrot”, “carassius”, “mouse”.

Samples were classified as originating from farms if they were not already assigned to any of the previous
origins, and if their columns contained any of the following: “bos”, “livestock”, “ovis”, “ovine”, “sheep”,

«

“capra”, “meat”, “anas”, “goose”, “duck”, “cow”, “ovine”, “fish farm”, “slaughterhouse”, “poultry”,

“gallus”, “pig”, “pork”, “beef”, “meleagris”, “oyster” (if also containing “cult”), “mellifera”, “milk”, “hen”,

b

» » »

“chicken”, “lamb”, “egg”, “cattle”, “turkey”, “swine”, “porcine”, “goat”, “equine”, “horse”, “rabbit”, “calf”,
“sus scrofa”, “equus”, “oryctolagus”, “manure”, “dairy”, “chease”, “sus” (if also containing “disease”),
“farmn

Samples were classified as originating from agrosystems if they were not already assigned to any of the
previous origins, and if their columns contained any of the following: “wheat”, “salad”, “triticum”, “maize”,
“zea mays”, “rice”, “oryza”, “field”, “plantation”, “olive”, “coffee”, “coffea”, “bean”, “banana”, “tomato”,
“potato”, “solanum”, “musa”, “avena”, “oats”, “soy”, “brassica”, “hordeum”, “barley”, “rye”, “sorghum”,
“millet”, “phaseolus”, “saccharum, “quinoa”, “cicer”, “pisum”, “sesam”, “cassava”, “sugar”, “manihot”,
“ipomo”, “coconut”, “cotton”, “oil palm”, “helianthus”, “berry”, “onion”, “grape”, “walnut”, “peanut”,
“prunus”, “citrus”, “greenhouse”, “lentil”, “tea”, “camellia”, “compost”, “tobacco”, “nicotiana”, “lettuce”,

» o«

“vegetable”, “carrot”, “cucumber”, “pepper”, “pea”, “cilantro”.

Samples were classified as originating from wild plants and animals if they were not already assigned to any
of the previous origins, and if their columns contained any of the following: “tapir”, “panthera”, “forest”,
“grass”, “prairie dog”, “snake”, “ursus”, “ursi”, “migratory”, “crow”, “pika”, “gull”, “bird”, “clover”,
“grazing”, “monkey”, “elephant”, “corvus”, “zebra”, “lily”, “vulture”.

Samples were classified as originating from freshwater if they were not already assigned to any of the
previous origins, and if their columns contained any of the following: “river”, “marsh”, “pond”, “lake”,
“swamp”, “bog”, “glacier”, “freshwater”, “fresh water”, “aquifer”, “permafrost”, “ground water”, “wetland”,
“spring”, “catfish”, “creek”, “mineral water”, “environmental (streams)”.

Samples were classified as originating from sea water if they were not already assigned to any of the
previous origins, and if their columns (or columns regarding the sampling location) contained any of the
following: “ocean”, “seawater”, “sea”, “sea water”, “hydrotherm”, “continental shelf”, “saltwater”, “salt
water”, “algae”, “tidal”, “tuna”, “seafood”, “shrimp”. These samples were later discarded because their
sampling location could not be assigned to countries.

Samples were classified as originating from waste and sludge if they were not already assigned to any of the
previous origins, and if their columns contained any of the following: “wastewater”, “waste water”,
“sewage”, “sludge”.

Samples were classified as originating from soil if they were not already assigned to any of the previous
origins, and if their columns contained any of the following: “soil”, “terrestrial”, “sand”, “humus”.

Finally, among the remaining samples that were assigned to none of the previous origins, samples whose

columns contained the keywords “homo sapiens” or “human” were considered as originating from humans.
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Table S3: Summary of the selected model for CHG 1. ¢ correspond to the estimated time autoregression

coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =-0.205, v = 0.196, p = 0.36

Variable
Intercept
Domestic animals
Farms

Flora, fauna
Human samples
Human habitat

Freshwater
Clinical samples

Sludge, waste
Soil

Trade
Migration

Aminoglycosides

Estimate
-6.11
-34.2
-5.34
-33.3
-32.8
-29.7

-1.93
-4.99

-35.7
-2.82

5.83 x 1072
0.829

1.63

Conditional standard error

1.54
5.96 x 100
0.576
8.04 x 106
2.06 x 106
1.51 x 107
1.27
0.587
4.48 x 106
1.24
0.308
0.589
0.589
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t

-3.98
5.73x 1076
-9.26

414 x 1076
-1.59 x 10>
-1.97 x 1076
-1.52

-8.51

-7.96 x 1076
-2.28

0.189

1.41

2.76

p

6.97 x 107D ##*
1

0 skeskk

1

1

1
0.129

O skskesk
1
2.28 x 1072 *

0.85
0.159

5.71 x 1073 #*



Table S4: Summary of the selected model for CHG 2. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.
¢ =0.597,v=0.192, p = 10.3

Variable
Intercept
Domestic animals
Farms

Flora, fauna
Human samples
Human habitat
Freshwater
Clinical samples
Sludge, waste

Soil

Estimate
-9.34
-28.4
-28.5
-29.6
-28.1
-27.7
-30
1.93
-27.9
-28.9

Conditional standard error

1.12
6.23 x 105
1.61 x 106
8.95 x 105
2.08 x 105
1.33 x 107
8.93 x 106
0.756

4.4 %108
6.17 x 105
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t

-8.33

-4.56 x 106
-1.77 x 10
-33x 10
-1.35x 10
-2.08 x 1076
-3.36 x 106
2.55

-6.35x 1076
-4.69 x 1076

Y

1.11 x 10716 sk
1

e e e

1.08 x 1072 *
1
1



Table S5: Summary of the selected model for CHG 3. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢=7.59%10"8 v=16.7,p =847

Variable

Intercept

Domestic animals

Farms

Flora, fauna

Human samples

Human habitat

Freshwater

Clinical samples

Sludge, waste

Soil

Trade

Migration

Aminoglycosides

Estimate

-13.7

-26.9

-25.5

-25.3

3.52

-22.6

4.46

6.45

4.41

-0.952

1.73

1.48

Conditional standard error

1.52

7.9 x 108

1.19 x 10°

1.37 x 106

1.19

1.15 x 107

1.79

1.07

451 x 108

1.48

0.307

0.582

0.124
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-9.02

3.4x10°6

2.14x 1074

-1.86 x 1070

2.96

-1.97 x 1076

2.5

6.05

6.2x106

2.98

2.97

12

0 Skesksk

3.05 x 1073 #*

1.26 x 1072 *

1.41 x 1079 ##x

2.85 x 1073 #*

1.91 x 1073 **

2.95 x 1073 **
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Table S6: Summary of the selected model for CHG 4. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=23.56x 104 v=6.04, p= 1.33

Variable Estimate  Conditional standard error t P

Intercept -36 3.42 x 10 -1.05 x 1070 1

Domestic animals -2.92 6.77 x 106 -4.32 x 1077 1

Farms 29.7 3.42 x 106 8.68 x 1076 1

Flora, fauna 31.6 3.42 x 105 9.24 x 10°6 1

Human samples 29.1 3.42 x 106 8.51 x 1076 1

Human habitat -2.03 1.12 x 107 -1.81x107 1

Freshwater -3.41 9.15 x 106 -3.73x 1077 1

Clinical samples 29.8 3.42 x 106 8.71 x 1076 1

Sludge, waste -2 5.54 x 106 -3.61x 1077 1

Soil -2.63 6.6 x 100 399x107 1

Trade 1.33 0.225 5.9 3.72 x 1079 #okx
Migration -1.38 0.339 -4.06 4.81 x 107 o
Aminoglycosides 0.568 0.214 2.65 8.03 x 1073 *=*
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Table S7: Summary of the selected model for CHG 5.1. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.557,v=16.7,p=3.6
Variable

Intercept

Domestic animals

Farms

Flora, fauna

Human samples

Human habitat

Freshwater

Clinical samples

Sludge, waste

Soil

Trade

Migration

Domestic animals x Trade
Farms x Trade

Flora, fauna x Trade
Human samples x Trade
Human habitat x Trade
Freshwater x Trade
Clinical samples x Trade
Sludge, waste x Trade

Soil x Trade

Domestic animals x Migration
Farms x Migration

Flora, fauna x Migration
Human samples x Migration
Human habitat x Migration
Freshwater x Migration
Clinical samples x Migration
Sludge, waste x Migration
Soil x Migration

Estimate
-6.3
-65.2
-2.36
-3.09
2.46
-7.11 x 102
-30.8
3.74
1.77
-30.3
0.802
-2.15
14.9

3

-16.4
-0.366
8.32 x 10?
-0.792
-0.807
-1.31
-1.1

3.86
-1.98
3.28

1.75
-1.17 x 10°
2.1

1.94
3.16

2.03

Conditional standard error
1.72

1.66 x 10°
1.95

6.53

1.67

1.29 x 10°
8.85 x 10°
1.65

2.31

7.39 x 10°
1.69

2.76

5.95 x 10°
1.88

10.8

1.7

1.5 x 108
1.19 x 107
1.69

1.84

8.88 x 10°
7.45 x 10°
3

3.13

2.76

2.11 x 10°
1.13 x 107
2.75

3.11

8.93 x 10°
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t

-3.66

-3.92 x 10°®
-1.21
-0.472

1.48

-5.5 % 10*
-3.48 x 10®
2.27

0.766

-4.1 x 10"
0.474
-0.781

2.51 x10°
1.6

-1.51
-0.215
5.54 x 10*
-6.64 x 10
-0.479
-0.712
-1.23 x 107
5.18 x 10°
-0.662

1.05

0.632
-5.54 x 10*
1.86 x 10-7
0.703

1.01

2.27 x 107

p
2.47 x 107 sokok

1
0.225

0.637

0.139

1

1

2.34 x 102 *
0.444

0.635
0.435

0.11
0.13
0.83

0.632
0.477

0.508
0.295
0.528

0.482
0.31



Table S8: Summary of the selected model for CHG 6.1. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=0.971,v=0.21, p=9.39 x 102
Variable

Intercept

Domestic animals

Farms

Flora, fauna

Human samples

Human habitat

Freshwater

Clinical samples

Sludge, waste

Soil

Trade

Migration

Aminoglycosides

Domestic animals x Trade
Farms x Trade

Flora, fauna x Trade

Human samples x Trade
Human habitat x Trade
Freshwater x Trade

Clinical samples x Trade
Sludge, waste x Trade

Soil x Trade

Domestic animals x Migration
Farms x Migration

Flora, fauna x Migration
Human samples x Migration
Human habitat x Migration
Freshwater X Migration
Clinical samples x Migration
Sludge, waste x Migration

Soil x Migration

Domestic animals x Aminoglycosides
Farms x Aminoglycosides
Flora, fauna x Aminoglycosides
Human samples x Aminoglycosides

Human habitat x Aminoglycosides
Freshwater x Aminoglycosides

Clinical samples x Aminoglycosides

Sludge, waste x Aminoglycosides

Estimate
5

-2.14 x 102
0.811

-33

1.35

2.55

-3.14
-0.795
-3.44
0.721

1.5
-1.06
-2.55
59.7
-2.49
-0.179
-2.12
-0.994
3.51
-2.07
-7.3
-3.01
51.9
2.03
0.553
2.02
0.725
-3.87
1.61
2.33
2.2

-1.43 x 102
2.57

1.52

1.63

1.13

-3.19

2.42

-0.529

Conditional standard error
1.82

1.64 x 106

0.62

1.02 x 107

0.636

0.999

2.09
0.62
6.39
0.88

0.648
0.501
0.901

7.05 x 10°
0.618

1.33 x 107
0.602

1.09

1.68

0.612

7.41

0.829

1.18 x 106
0.49

9.46 x 106
0.518

1.36

1.56

0.507

1.87
0.944

2.2 x 106
0.92

1.46 x 107
0.943

1.65

2.49

0.917

4.7

177

t

-2.75

-1.31 x 1074
131

-3.25 x 1076
2.13

2.55

-1.5
-1.28
-0.537
0.82

2.31
-2.12
-2.83

8.48 x 107
-4.03

-1.35x 1078
-3.52

-0.916

2.09

-3.38

-0.985

-3.62

4.41 x 1070
4.15

5.84 x 1078
3.91

0.532

-2.47

3.17

1.25

2.33

651 x 1070
2.79

1.04 x 1077
1.73

0.683

-1.28

2.64
-0.113

P
5.93 x 1073 **
1

0.191

1

3.34 x 1072 *

1.07 x 1072 *
0.132

0.2

0.591

0.412

2.11 % 1072 *
3.4 %1072 *
4,67 x 1073 **
1

5.66 x 107D *#*
1

4.36 x 1074 ##x
0.36
3.64 x 1072 *

7.23 x 1074 ok
0.324

2.89 x 1074
1

3.29 x 107D ks
1

9.16 x 1070
0.595

1.35 x 1072 *
1.51 x 1073 **
0.212

1.97 x 1072 *

1

5.28 x 1073 **
1

8.38 x 1072 *

0.495
0.2

8.23 x 1073 #*
0.91



-5 sk
Soil x Aminoglycosides 4.3 1 4.29 1.78 x 10
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Table S9: Summary of the selected model for CHG 7. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

9 =-0.429,v=16.7, p=1.45

Variable
Intercept
Domestic animals
Farms

Flora, fauna
Human samples
Human habitat
Freshwater
Clinical samples
Sludge, waste
Soil

Trade

Migration
Aminoglycosides

Domestic animals x Trade
Farms x Trade

Flora, fauna x Trade
Human samples x Trade
Human habitat x Trade
Freshwater x Trade
Clinical samples x Trade
Sludge, waste x Trade
Soil x Trade

Domestic animals x Migration

Farms x Migration

Flora, fauna x Migration

Human samples x Migration

Human habitat x Migration

Freshwater x Migration

Clinical samples x Migration

Sludge, waste x Migration

Soil x Migration

Domestic animals x Aminoglycosides

Farms x Aminoglycosides

Flora, fauna x Aminoglycosides
Human samples x Aminoglycosides
Human habitat x Aminoglycosides
Freshwater X Aminoglycosides
Clinical samples x Aminoglycosides

Sludge, waste x Aminoglycosides

Soil x Aminoglycosides

Estimate
-5.57

-16.8

1.01 x 1072
-6.75 x 102
0.76

-3.86 x 102
-2.19 x 102
-0.126
-2.14 x 102
-4.54

9.54 x 1072
0.34

0.679

5.97

0.465
-3.71 x 102
0.528

68.6

46

0.384

5.08

1.55

3.65

-0.68

-2.61 x 102
-0.237

1.79 x 102
3.51

0.558

2.89

-3.87 x 1072
6.77

0.176

22.8
0.134
-2.8 x 102
3.51

-2.15
3.47

1.26

Conditional standard error t

0.764
30.6

0.76

8 x 100
0.782

3.6 x 108
8.67 x 106
0.714
1.19 x 107
6.36
0.339
0.519
0.381

10

0.363
9.92 x 106
0.363
6.51 x 10°
7.92 x 106
0.349

8.1 x 108
2.04

7.53
0.576

7.39 x 106
0.548

1.67 x 108

9.19 x 106
0.51

1.2 x 107
1.97

10.6
0.497

8.37 x 106
0.426

2.68 x 106
9.83 x 106
0.524

1.88 x 107
2.2

179

-7.28
-0.548

1.33 x 1072
-8.44 x 1070
0.971

-1.07 x 1074
2.52x 107
-0.176
-1.8x 1073
-0.713
0.281

0.656

1.78

0.597

1.28

3.74x 1070
1.45

1.05 x 1074
5.81x 107/
1.1

6.28 x 107/
0.761

0.484

-1.18
-3.53x 1072
-0.433

1.07 x 1074
3.82 x 107/
1.1

2.41 x 1077
-1.96 x 1072
0.639

0.355

2.72 x 1076
0.314

-1.04 x 1074
3.57 x 107/
4.1

1.85 x 10~
0.574

P
3.26 x 10713 #x
0.583
0.989
1
0.332
1

1
0.86
1
0.476
0.779
0.512
7.47 x 1072 *
0.551
0.2

1
0.146
1

1
0.271

0.447
0.628
0.238

0.665

0.273

0.984

0.523
0.723

0.754
1

1
4.11 x 1070 ##*

1
0.566



Table S10: Summary of the selected model for CHG 8. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

© = 4.44 x 10°2, v = 0.701, p = 0.205
Variable

Intercept

Domestic animals
Farms

Flora, fauna

Human samples

Human habitat
Freshwater

Clinical samples
Sludge, waste

Soil

Trade

Migration
Aminoglycosides
Domestic animals x Trade
Farms x Trade

Flora, fauna x Trade
Human samples x Trade
Human habitat x Trade

Freshwater x Trade

Clinical samples x Trade
Sludge, waste x Trade

Soil x Trade
Domestic animals x Migration
Farms x Migration

Flora, fauna x Migration
Human samples x Migration

Human habitat x Migration
Freshwater x Migration

Clinical samples x Migration
Sludge, waste x Migration

Soil x Migration

Domestic animals * Aminoglycosides
Farms x Aminoglycosides

Flora, fauna x Aminoglycosides
Human samples x Aminoglycosides
Human habitat x Aminoglycosides
Freshwater x Aminoglycosides
Clinical samples x Aminoglycosides
Sludge, waste x Aminoglycosides
Soil x Aminoglycosides

Estimate
-4.95

-13.1
-1.41

-3.97

0.331

-2.18

-20.6
-0.764
-2.86

6.16 x 1072
1.42

-0.434
-0.695

6.73

0.151
1.84
-0.93
6.31

-1.38
-0.883
2.59
4.7
-16.4
-1.99

-4.68
0.248

-9.79
0.484

0.99

3.63 x 1072
1.47

6.28

2.06

-4.24

1.37

-0.23

0.649
-0.729
-3.34

0.481

Conditional standard error t

0.639
7.71

0.645
6.36

0.55

2.56

3.62 x 104
0.516

4.7

0.935
0.638

0.801
0.929

3.94

0.697
4.92
0.655
3.94

3.75 x 104
0.641
13.2

1.9
9.02
1

7.69
0.834

5.03
5.19 x 104
0.805

4.21

0.884

3.18

0.954

7.09
0.935

1.62

3.07 x 104
0.963

17.6

1.06

180

-7.74
-1.69

2.19
-0.624
0.601
-0.853

-5.68 x 1074
-1.48

-0.608

6.59 x 1072
2.23

-0.542
-0.747

171
0.216

0.375

-1.42

1.6

-3.67 x 1070
-1.38

0.196

-2.47

-1.82

-1.99

-0.609
0.298

-1.95
9.33 x 106
1.23
8.62 x 1073
1.67
1.98
2.15

-0.597
1.46
-0.142

2.12 x 107
-0.757
-0.19

0.452

p
1.01 x 10714 s
9.04 x 1072 *

2.87 x 1072 *
0.532

0.548

0.394

1

0.138

0.543

0.947

2.57 x 1072 *
0.588

0.455

8.78 x 1072 *
0.829

0.708

0.156

0.109

1
0.168

0.844

1.34 x 1072 *
6.84 x 1072 *
4.68 x 1072 *
0.543

0.766

5.17 x 1072 *
1

0.219

0.993

9.57 x 1072 *
4.82 x 1072 *
3.12 x 1072 *
0.55

0.144

0.887

1

0.449

0.849

0.651



Table S11: Summary of the selected model for CHG 11. ¢ correspond to the estimated time autoregression
coefficient. v and p are respectively the estimated smoothness and scaling parameters of the Matérn
correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.368,v=16.7,p =149

Variable Estimate Conditional standard error t P
Intercept -35.7 3.84 x 106 -9.28 x 1076 1
Domestic animals -48.9 6.94 x 106 -7.05 x 10-6 1
Farms 29.5 3.84 x 106 7.68 x 1076 1
Flora, fauna -50.1 8.65 x 106 -5.79 x 10°6 1
Human samples 30.9 3.84 x 106 8.05 x 1076 1
Human habitat -49.1 1.1 x 107 -4.44 x 106 1
Freshwater -52.4 9.23 x 106 -5.68 x 10-6 1
Clinical samples 29.7 3.84 x 106 7.73 x 1076 1
Sludge, waste -48.2 5.81 x 106 -8.29 x 1076 1
Soil -49.9 6.78 x 105 -7.35x 1076 1
Trade 0.634 0.189 3.35 8 x 1074 ok
Migration -0.342 0.329 -1.04 0.299
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Table S12: Summary of the selected model for CHG 13. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the
Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.874,v=16.7,p=2.75

Variable Estimate Conditional standard error t P
Intercept -40.6 2.78 x 106 -1.46 x 10 1
Domestic animals -76.2 6.41 x 100 -1.19 x 10 1
Farms 33.5 2.78 x 106 1.2 %107 1
Flora, fauna -78.9 8.23 x 106 -9.59 x 106 1
Human samples 34.6 2.78 x 106 1.24 x 107 1
Human habitat -76.3 1.07 x 107 711 x 106 1
Freshwater -91.7 8.84 x 106 -1.04 x 1075 1
Clinical samples 34.9 2.78 x 108 1.25 x 107 1
Sludge, waste -75.8 5.17 x 106 -1.46 x 1072 1
Soil -82.4 6.25 x 105 -1.32x 10 1
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Table S13: Summary of the selected model for CHG 14. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the
Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

9=513x104 v=524x103, p=0.724
Variable Estimate  Conditional standard error t

P
Intercept -39 3.05 x 106 -1.28 x 10 1
Domestic animals -16.3 6.53 x 106 -2.49 x 1076 1
Farms 33.8 3,05 x 106 1.11x 10 1
Flora, fauna -17 8.33 x 106 -2.04 x 1076 1
Human samples -16.1 3.6 x 106 -4.46 x 1078 1
Human habitat -17.9 1.08 x 107 -1.66 x 1076 1
Freshwater -15.8 8.93 x 106 -1.77 x 1076 1
Clinical samples 30.8 3.05 x 106 1.01x 1075 1
Sludge, waste -18.1 532 x 106 -3.4x 100 1
Soil -16.8 6.37 x 106 -2.63x 1076 1
Trade 0.893 0.135 6.6 4.19 x 10711 o
Migration 0.173 0.242 0.717 0.473
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Table S14: Summary of the selected model for CHG 17.1. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the
Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=4.14x103,v=16.7, p=0.379

Variable Estimate Conditional standard error t P

Intercept -39.9 2.83 x 106 -1.41 x 107 1

Domestic animals -1.95x 102  6.43 x 108 -3.03x10° 1

Farms -1.97x102  32x 108 6.14x10° 1

Flora, fauna -1.97x 102 8.25x 105 239x10° 1

Human samples 29.2 2.83 x 106 1.03 x 1070 1

Human habitat -1.97x 102 1.07x 107 -1.83x10° 1

Freshwater 31.7 2.83 x 106 1.12 x 107 1

Clinical samples 31.5 2.83 x 10 1.11 x 1072 1

Sludge, waste 32 2.83 x 106 1.13x 107 1

Soil -1.98x 102 627 x 108 -315x10° 1

Trade 0.805 0.29 2.77 5.52 x 1073 **
Migration 8.64 x 1072 0.389 0.222 0.824
Aminoglycosides -3.95 0.782 -5.05 4.43 x 1077 *#x
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Table S15: Summary of the selected model for CHG 19. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the
Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢=0.842,v=16.7, p =3.23

Variable Estimate Conditional standard error t p

Intercept -6.95 1.38 -5.03 4.87 x 1077 #**
Domestic animals -15.6 11.9 -1.31 0.19

Farms 1.32 1.27 1.04 0.297

Flora, fauna -2.06 5.33 -0.386 0.699
Human samples 1.71 1.28 1.33 0.183
Human habitat -1.33x 102 1.98 x 10° 6.71x 10> 1

Freshwater -30.1 8.69 x 106 346%x100 1

Clinical samples 3.24 1.21 2.68 7.41 x 1073 **
Sludge, waste 2.1 1.49 1.41 0.159

Soil -29.8 7.58 x 106 394x106 1

Trade 0.169 0.697 0.243 0.808
Migration 0.997 1.27 0.785 0.433
Aminoglycosides -0.643 0.199 -3.23 1.25 x 1073 **
Domestic animals x Trade -1.5 0.956 -1.57 0.117

Farms x Trade 0.362 0.751 0.482 0.63

Flora, fauna x Trade -12.3 7.89 -1.56 0.12

Human samples x Trade 0.329 0.721 0.456 0.648
Human habitat x Trade 117 %102 1.39 x 106 839x10™ 1

Freshwater x Trade -0.456 9.8 x 106 465x108 1

Clinical samples x Trade -0.497 0.697 -0.713 0.476
Sludge, waste x Trade 0.779 0.885 0.881 0.378

Soil x Trade -0.613 7.35 x 106 835x108 1

Domestic animals x Migration 16.1 9.02 1.79 7138 x 1072 *
Farms x Migration -2.05 1.34 -1.53 0.126

Flora, fauna x Migration -0.988 1.71 -0.578 0.563
Human samples x Migration -0.633 1.32 -0.48 0.631
Human habitat x Migration 2159 x 102  1.99 x 106 798x10° 1

Freshwater x Migration -1.26 1.03 x 107 122x107 1

Clinical samples x Migration -1.02 1.26 -0.809 0.419
Sludge, waste x Migration -0.713 1.44 -0.493 0.622

Soil x Migration -1.08 7.66 x 106 141x107 1
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Table S16: Summary of the selected model for CHG 20. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the
Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=-0.922,v=0.65p=103

Variable Estimate  Conditional standard error t P
Intercept -39.1 3.01 x 106 -1.3 %10 1
Domestic animals 1.73 6.89 x 106 2.51 x 1077 1
Farms 33.7 3.01 x 106 1.12 x 10 1
Flora, fauna 1.58 9.19 x 106 1.71x 1077 1
Human samples 2.48 3.64 x 106 6.81 x 107/ 1
Human habitat 0.782 1.23 x 107 6.35 x 10-8 1
Freshwater 1.97 9.04 x 106 2.18 x 107/ 1
Clinical samples 30.9 3.01 x 106 1.03 x 1072 1
Sludge, waste -0.653 5.3 x 106 -1.23 x 1077 1
Soil 1.69 7.3 % 106 2.31x1077 1
Trade 1.04 0.198 5.26 1.44 x 1077 %
Migration 0.117 0.343 0.342 0.732
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Table S17: Summary of the selected model for CHG 23. ¢ correspond to the estimated time

autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the

Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.
=-0.738, v = 4.83 x 1072, p = 6.65

Variable Estimate  Conditional standard error t

P
Intercept -41.4 3.52 x 106 -1.17 x 107 1
Domestic animals -8.59 6.76 x 106 -1.27 x 1076 1
Farms -133 3.82 x 106 -3.48 x 1076 1
Flora, fauna -16.6 8.51 x 106 -1.95x 1076 1
Human samples 29.3 3.52 x 106 8.33x 1076 1
Human habitat -16.2 1.09 x 107 -1.48 x 106 1
Freshwater -37.4 9.1 x 106 -4.11 x 1076 1
Clinical samples 32.1 3.52 x 106 9.12 x 1076 1
Sludge, waste -11.9 5.6 x 108 2212 x 1076 1
Soil -21.5 6.61 x 106 -3.26 x 1076 1
Trade 1.12 0.441 2.54 1.12 x 1072 *
Migration -0.395 0.283 -1.4 0.163

187



Table S18: Summary of the selected model for CHG 27. ¢ correspond to the estimated time
autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of the
Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

9=131x10"7,v=0.33, p="7.09 x 102

Variable Estimate Conditional standard error t p

Intercept -7.25 2.95 -2.46 1.39 x 1072 *
Domestic animals -30.7 8.31 x 106 369x106 1

Farms -6.4 1.97 -3.26 1.13 x 1073 **
Flora, fauna -31.2 1.54 x 107 202x100 1

Human samples -0.577 0.691 -0.836 0.403

Human habitat -22.9 5.58 x 107 409x107 1

Freshwater -2.88 5.5 -0.524 0.6

Clinical samples -0.555 0.478 -1.16 0.246

Sludge, waste -30 4.52 x 106 664x106 1

Soil -0.701 1.04 -0.676 0.499

Trade -1.67 0.216 -7.75 9.1 x 1015
Migration -2.77 0.74 -3.74 1.85 x 1074 s
Domestic animals x Trade -1 9.69 x 106 -1.03x107 1

Farms x Trade 3.06 0.886 3.46 5.44 x 1074 wxx
Flora, fauna x Trade -0.336 8.97 x 106 374%x108 1

Human samples x Trade 0.183 0.914 0.2 0.841

Human habitat x Trade -5.51 5.58 x 107 987x108 1

Freshwater x Trade -4.57 11.2 -0.408 0.683

Clinical samples x Trade -1.17 0.64 -1.83 6.69 x 1072 *
Sludge, waste x Trade -0.979 5.62 x 106 1.74x107 1

Soil x Trade 0.215 0.642 0.335 0.737
Domestic animals x Migration -1.04 1.34 x 107 7.8 %108 1

Farms x Migration -10.1 2.73 -3.68 2.31 x 1074 ok
Flora, fauna x Migration -1.17 2.83 x 107 413x108 1

Human samples x Migration -2.9 0.894 -3.25 1.16 x 1073 **
Human habitat x Migration 13 1.06 x 108 1.22x10°7 1

Freshwater x Migration -4.33 7.94 -0.546 0.585

Clinical samples x Migration -2.16 0.334 -6.48 9.4 x 10711 s
Sludge, waste x Migration -2.77 5.52 x 106 501%x107 1

Soil x Migration -1.46 0.87 -1.68 9.39 x 1072 *
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Table S19: Human exchanges variables influencing the prevalence of ARBs

0
jas)
Q
N

0

€ DH

@]
u
Q
I

0

1'S DH

1°9 DHD

@)
T
Q
~

8 DHO
1T DHD

¥1 OHO
T°LT DHD

61 DHO

0C DHD

€¢ DHO

LT OHD

Animal and vegetable oils, fats and waxes

X

X

X

Beverages

X

X

X

Cereals and cereal preparations

Coal, coke and briquettes

Coffee, tea, cocoa, spices, and manufactures thereof

Cork and wood

Crude materials, inedible, except fuels

Crude rubber (including synthetic and reclaimed)

Dairy products and birds' eggs

Dyeing, tanning and colouring materials

Feedstuff for animals (excluding unmilled cereals)

Fish, crustaceans, molluscs and preparations thereof

Food and live animals

Hides, skins and furskins, raw

Live animals other than animals of division 03

Manufactured goods

Meat and meat preparations

Medicinal and pharmaceutical products

Mineral fuels, lubricants and related materials

Miscellaneous edible products and preparations

Oil seeds and oleaginous fruits

Petroleum, petroleum products and related materials

Plastics

Sugar, sugar preparations and honey

Textiles fibres and their wastes

Vegetables and fruits

Human migration
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Table S20: Summary of the selected model for CHG 1 for worldwide data. ¢ correspond to the estimated
time autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of
the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.264,v=16.7, p=0.729

Variable Estimate Conditional standard error t P

Intercept -7.91 0.833 -9.51 Q ek
Domestic animals -29.8 4.08 x 10° -7.32 x 106 1

Farms 0.411 0.76 0.541 0.589

Flora, fauna -29.9 3.97 x 106 -7.54 x 10'6 1

Human samples -0.307 0.815 -0.376 0.707
Human habitat 0.279 1.24 0.225 0.822
Freshwater -0.622 1.23 -0.504 0.614
Clinical samples 1.65 0.721 2.28 2.23 x 1072 *
Sludge, waste 2.2 0.933 2.35 1.86 x 1072 *
Soil 301 202 x10° 1.49x107° 1

Trade -0.136 7.04 x 1072 -1.93 5.36 x 1072 *
Migration 0162 778x1072 -2.09 3.68 x 1072 *
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Table S21: Summary of the selected model for CHG 2 for worldwide data. ¢ correspond to the estimated
time autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of
the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

0=-0.167,v=9.1% 10", p = 1.48

Variable Estimate Conditional standard error t p

Intercept -5.81 0.556 -10.4 Q ***

Domestic animals -32 4.43 x 106 _7.02 x 10'6 1

Farms -0.117 0.277 -0.423 0.673

Flora, fauna -20.2 23.9 -0.846 0.397

Human samples -2.84 0.657 -4.32 1.57 x 10'5 Aokok
Human habitat -31.6 4.08 x 106 _7.74 x 10'6 1

Freshwater -3.6 1.68 -2.15 317 x 1072 *
Clinical samples -2.04 0.282 -7.26 3.98 x 10713 s
Sludge, waste -31.1 3.88 x 106 -8 x 10'6 1

Soil -1.4 0.588 -2.38 1.73 x 1072 *
Trade -1.03 0.317 -3.26 111 x 1073 #x
Migration 1.09 0.168 6.5 8.08 x 10711 wxx
Domestic animals x Trade 0.743 2.22 x 106 3.35 x 10‘7 1

Farms x Trade 0.95 0.307 3.1 1.97 x 1073 #*
Flora, fauna x Trade -83.2 87.9 -0.947 0.343

Human samples x Trade -0.455 1.78 -0.256 0.798

Human habitat x Trade 0.741 1.17 x 106 6.33 x 10'7 1

Freshwater x Trade -7.78 5.67 -1.37 0.17

Clinical samples x Trade 0.958 0.31 3.09 2.03 x 10-3 o
Sludge, waste x Trade 0.618 311 x 10° 199x107 1

Soil x Trade 0.781 0.566 1.38 0.167

Domestic animals x Migration -1.01 2.19 x 106 -4.62 x 10'7 1

Farms x Migration -1.33 0.216 -6.15 785 x 10710 sk
Flora, fauna x Migration -0.18 2.61 -6.88 x 10'2 0.945

Human samples x Migration -2.09 1.46 -1.43 0.154

Human habitat x Migration -1.46 4.82 x 10° 3.03x107 1

Freshwater x Migration -3.82 4.09 -0.932 0.351

Clinical samples x Migration -1.61 0.313 -5.13 2.84 x 10'7 Hokesk
Sludge, waste x Migration -1.28 3.76 x 106 -3.41 x 10'7 1

Soil x Migration -1.21 0.856 -1.41 0.158
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Table S22: Summary of the selected model for CHG 3 for worldwide data. ¢ correspond to the estimated
time autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of
the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =-0.208,v=1.53,p=2.18

Variable Estimate Conditional standard error t P

Intercept -8.37 0.984 -8.51 Q Fx*
Domestic animals -1.94 x 103 2.9 x 105 -6.71 x 10'3 0.995

Farms -1.59 1.44 -1.1 0.27

Flora, fauna 2.83 1.12 2.54 112 x 1072 *
Human samples 2.92 0.857 3.4 6.64 x 1074 s
Human habitat 0.778 1.57 0.495 0.621
Freshwater 3.3 x 1072 1.15 285x102 0977
Clinical samples 3.48 0.853 4.08 4.59 x 1072 ***
Sludge, waste -1.08 2.33 -0.464 0.643

Soil 2.36 0.888 2.66 788 x 1073 #x
Trade -0.7 0.429 -1.63 0.103
Migration -1.41 1.63 -0.864 0.387
Domestic animals x Trade 214x10°  32x10% 6.67 x 107> 0.995

Farms x Trade -3.17 2.17 -1.46 0.143

Flora, fauna x Trade -1.18 1.49 -0.793 0.428
Human samples x Trade -0.76 0.449 -1.69 9.08 x 1072 *
Human habitat x Trade 991 x 1072 0.992 0.1 0.92
Freshwater x Trade -0.7 0.512 -1.37 0.172
Clinical samples x Trade 0.495 0.429 1.15 0.249
Sludge, waste x Trade -4.15 3.48 -1.19 0.233

Soil x Trade 0.743 0.453 1.64 0.1

Domestic animals x Migration -2.94 x 103 4.37 % 105 -6.72 x 10‘3 0.995

Farms x Migration -0.703 2.21 -0.318 0.75

Flora, fauna x Migration 0.675 1.72 0.392 0.695
Human samples x Migration 1.55 1.63 0.95 0.342
Human habitat x Migration 53x102 247 214x1072 0.983
Freshwater x Migration -6.51 2.14 -3.04 2.4 % 1073
Clinical samples x Migration 1.44 1.63 0.882 0.378
Sludge, waste x Migration -4.59 5.36 -0.857 0.391

Soil x Migration 708 x 1072 167 425x1072  0.966
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Table S23: Summary of the selected model for CHG 4 for worldwide data. ¢ correspond to the estimated
time autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of
the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=0216,v =549 x 107, p = 2.12

Variable Estimate Conditional standard error t p

Intercept -6.84 0.698 -9.81 Q ***
Domestic animals -30.7 4.59 x 10° 669x10° 1

Farms 0.109 0.49 0.222 0.824

Flora, fauna 2.27 0.598 3.79 1.48 x 1074 #x
Human samples -1.99 0.956 -2.08 3.71 x 1072 *
Human habitat -3.12 1.62 -1.93 537 x 1072 *
Freshwater -3.28 3.4 -0.965 0.335
Clinical samples -0.106 0.459 -0.231 0.817
Sludge, waste -31.2 5.99 x 106 -5.21 x 10'6 1

Soil -1.45 1.24 -1.17 0.243

Trade 0.328 0.437 0.752 0.452
Migration -1.8 0.983 -1.83 6.7 x 1072 *
Domestic animals x Trade -1.12 6.93 x 10° a6 x10” 1

Farms x Trade -1.59 0.527 -3.01 2.6 x 1073 #*
Flora, fauna x Trade -2.47 1.16 -2.13 3.32 x 10'2 *
Human samples x Trade -1.03 0.741 -1.39 0.163
Human habitat x Trade 0.215 0.973 0.221 0.825
Freshwater x Trade -16.4 14.4 -1.14 0.254
Clinical samples x Trade -0.478 0.44 -1.09 0.277
Sludge, waste x Trade -0.682 5.94 x 106 -1.15 x 10'7 1

Soil x Trade -0.349 1.21 -0.288 0.774
Domestic animals x Migration 2.23 7.94 x 106 2.81 x 10‘7 1

Farms x Migration 0.544 1.11 0.488 0.625

Flora, fauna x Migration 1.62 1.24 1.31 0.191
Human samples x Migration -3.29 3.33 -0.986 0.324
Human habitat x Migration -9.21 6.46 -1.43 0.154
Freshwater x Migration -1.16 6.12 -0.189 0.85

Clinical samples x Migration 1.42 0.985 1.44 0.15

Sludge, waste x Migration 1.82 6.44 x 106 2.83 x 10'7 1

Soil x Migration 1.22 1.8 0.68 0.496
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Table S24: Summary of the selected model for CHG 5.1 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=0.755,v =127 x 1072, p = 1.17

Variable Estimate Conditional standard error t p

Intercept -1.43%10%  6.01x 103 238 x 1072 0.981
Domestic animals 1.33 x 102 6.01 x 103 2.22 x 10'2 0.982
Farms 135x102  6.01x10° 225x1072  0.982
Flora, fauna 138x10%°  6.01x10° 23x102  0.982
Human samples 137x10%  6.01x 103 228x1072 0982
Human habitat 137x10°  6.01x 103 229x 1072  0.982
Freshwater -1.55x 102 6.83x 10% 2.28x 1070 0.998
Clinical samples 139x 102 6.01 x 10° 231x1072  0.982
Sludge, waste 139x10%°  6.01x10° 231x107%  0.982
Soil 132x10%  6.01x 10 22x102 0982
Trade 32.5 1.43 x 103 227 %102  0.982
Migration -7.17 3.77 x 102 19x102  0.985
Domestic animals x Trade -31.3 1.43 x 103 218x1072 0.983
Farms x Trade -31.8 1.43 x 103 222x102 0.982
Flora, fauna x Trade -33.2 1.43 x 105 232x102 0.982
Human samples x Trade -31.7 1.43 x 103 2.21 % 10‘2 0.982
Human habitat x Trade -32.6 1.43 x 103 228x 1072 0.982
Freshwater x Trade 33.7 1.54 x 104 219x 107> 0.998
Clinical samples x Trade -32.9 1.43 x 103 229x102 0.982
Sludge, waste x Trade -32.6 1.43 x 103 227%x 1072 0.982
Soil x Trade -32 1.43 x 105 224%x 1072 0982
Domestic animals x Migration 6.77 3.77 x 102 1.8 x 10'2 0.986
Farms x Migration 6.55 3.77 x 102 1.74 x 10'2 0.986
Flora, fauna x Migration 6.58 3.77 x 10° 1.75x 102  0.986
Human samples x Migration 6.48 3.77 x 102 1.72 x 10'2 0.986
Human habitat x Migration 6.99 3.77 x 10° 1.85x 1072  0.985
Freshwater x Migration _4.24 x 102 1.01 x 10° -4.18 x 10'3 0.997
Clinical samples x Migration 7.33 3.77 x 102 1.94 x 102 0.984
Sludge, waste x Migration 6.91 3.77 x 102 1.83x102  0.985
Soil x Migration 1.92 3.77 x 102 5.00x 103 0.996
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Table S25: Summary of the selected model for CHG 6.1 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

0 =0.747,v=0.415,p =4.37 x 10

Variable

Intercept
Domestic animals
Farms

Flora, fauna

Human samples
Human habitat
Freshwater

Clinical samples
Sludge, waste

Soil

Trade

Migration

Domestic animals x Trade

Farms x Trade

Flora, fauna x Trade
Human samples x Trade
Human habitat x Trade
Freshwater x Trade

Clinical samples x Trade

Sludge, waste x Trade

Soil x Trade

Domestic animals x Migration
Farms x Migration

Flora, fauna x Migration

Human samples x Migration
Human habitat x Migration
Freshwater X Migration
Clinical samples x Migration
Sludge, waste x Migration

Soil x Migration

Estimate Conditional standard error

-3.24
-1.2
1.03
1.31

0.5
0.329
-0.541

-1.25
-0.25

-1.56
-0.131

-0.679
-0.293
-0.531

-2.51

-0.981
-0.654
-0.783

-0.224

-0.622
0.19
0.102
0.179
0.26

0.867
0.833
-3.19
0.362
0.692
-0.409

0.718
0.417
0.134
0.247

0.133
0.269
0.287

0.133
0.419

0.2

8.09 x 1072

0.121
0.326
8.33 x 1072
0.492

9.27 x 1072
0.227
0.131

8.33 x 1072
0.415
0.128
0.342
0.116

0.25

0.116
0.222
0.416
0.114
0.251
0.239
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t
-4.51

-2.88
7.71
5.3

3.75
1.22
-1.88

-9.34
-0.597

-7.81
-1.62

-5.63
-0.897
-6.38

-5.09
-10.6
-2.87
-5.96

-2.68

-1.5
1.48
0.3

1.55
1.04

7.47
3.76
-7.68
3.18
2.76
-1.71

p
-6
6.49 x 10 7 ***

3.94 x 1073

1.28 x 10714 s

113 x 1077 #*

1.77 x 1074 e
0.221
5.96 x 102 *
0 sk

0.551

5.55 x 10712 s

0.105

1.77 x 1078 s
0.37

1.73 x 10710 s
3.5 x 1077 o

Q **k*

4.04 x 1073 *

2.6 x 1079 e

7.3 x 1073 #*
0.134

0.14

0.764

0.121

0.299

8.17 x 10714 o

1.72 x 10_4 Hek

1.63 x 10714 s

1.49 x 1073
5.72 x 1073 #

8.77 x 1072 *



Table S26: Summary of the selected model for CHG 7 for worldwide data. ¢ correspond to the estimated
time autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of
the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =-0.599,v=16.7, p= 1.51

Variable Estimate Conditional standard error t P

Intercept -4.9 0.437 -11.2 Q ***
Domestic animals 0.697 0.575 1.21 0.225

Farms 0.253 0.308 0.822 0.411

Flora, fauna 1.23 0.487 2.52 117 x 1072 *
Human samples 0.697 0.292 2.38 1.71 x 1072 *
Human habitat 0.398 0.501 0.796 0.426
Freshwater -0.776 0.592 -1.31 0.19

Clinical samples 0.785 0.278 2.83 4.71 x 1073 #x
Sludge, waste -1.03 1.6 -0.642 0.521

Soil 0.321 0.451 0.711 0.477

Trade -0.111 0.257 -0.434 0.664
Migration 0.182 0.145 1.25 0.21
Domestic animals x Trade 6.37 x 1072 0.43 0.148 0.882

Farms x Trade 0.229 0.267 0.857 0.391

Flora, fauna x Trade -1.88 1.16 -1.62 0.105
Human samples x Trade 0.554 0.258 2.15 317 x 1072 *
Human habitat x Trade -0.434 0.756 -0.575 0.565
Freshwater x Trade -0.488 0.884 -0.552 0.581
Clinical samples x Trade 293x103 0.259 113x102 0.991
Sludge, waste x Trade -3.69 4.33 -0.852 0.394

Soil x Trade 0.593 0.287 2.06 3.9 x 1072 *
Domestic animals x Migration -0.343 0.268 -1.28 0.2

Farms x Migration -0.714 0.188 -3.79 1.5 x 10'4 otk
Flora, fauna x Migration -0.519 0.578 -0.897 0.37

Human samples x Migration -0.383 0.154 -2.49 128 x 1072 *
Human habitat x Migration 0.946 0.479 1.98 4.83 x 1072 *
Freshwater X Migration -0.174 0.657 -0.265 0.791
Clinical samples x Migration -0.376 0.147 -2.55 1.09 x 1072 *
Sludge, waste x Migration 143x 1072 177 8.05x 10>  0.994

Soil x Migration -1.93 0.747 -2.58 0.84 x 1073 *
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Table S27: Summary of the selected model for CHG 8 for worldwide data. ¢ correspond to the estimated
time autoregression coefficient. v and p are respectively the estimated smoothness and scaling parameters of
the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.28,v=16.7, p=0.456
Variable

Intercept

Domestic animals

Farms
Flora, fauna
Human samples

Human habitat
Freshwater
Clinical samples
Sludge, waste

Soil
Trade

Migration
Domestic animals x Trade

Farms % Trade

Flora, fauna x Trade
Human samples x Trade

Human habitat x Trade

Freshwater x Trade

Clinical samples x Trade
Sludge, waste x Trade

Soil x Trade
Domestic animals x Migration

Farms x Migration

Flora, fauna x Migration
Human samples x Migration
Human habitat x Migration
Freshwater x Migration
Clinical samples x Migration

Sludge, waste x Migration
Soil x Migration

Estimate
-5.16
0.615

0.941

0.265

2.76 x 1072

0.471
0.299
0.303
-3.42

0.759

-4.04x 1073

-0.106
-0.799

-0.482

3.12 x 1072
0.299

0.634

-0.781
-0.201
0.237
2.5 x 1072
-0.199
-0.929

6.91 x 1072

-5.02 x 1072

-0.292
-2.76

-0.371

0.144
-0.265

Conditional standard error
0.519
0.519

0.274
0.538
0.28

0.396
0.569
0.264
2.59

0.332

0.223

0.221
0.616

0.24

0.503
0.227
0.275

0.401

0.225
1.39

0.277
0.417
0.251

0.428

0.223
0.278
1.03

0.22

0.992
0.285
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t
-9.94
1.18

3.43

0.493

-0.88 x 1072

1.19
0.526
1.15
-1.32

2.29

-1.81 x 1072

-0.48
-1.3

-2.01

6.21 x 1072
1.32

2.31

-1.95
-0.895
0.171

9.03 x 1072
-0.478

37

-0.161
-0.225
-1.05
-2.68
-1.69

0.145
-0.928

p

Q ***

0.236

5.98 x 1074
0.622
0.921
0.234
0.599
0.251
0.186
222 %1072
0.986

0.631
0.195
4.45 x 107 *
0.95

0.188

2.12x 1072

5.14 x 1072 *
0371
0.864

0.928
0.633

2.17 x 1074 e
0.872

0.822
0.293

7.42 x 10_3 Hk

9.12x 1072 *

0.885
0.353



Table S28: Summary of the selected model for CHG 11 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.671,v=16.7, p=0.345

Variable Estimate Conditional standard error t P
Intercept -10.1 2.03 -4.96 717 x 1077w
Domestic animals -2.74 4.7 -0.581 0.561
Farms 2.9 1.84 1.57 0.116
Flora, fauna 1.18 2.48 0.477 0.633
Human samples 3.56 1.84 1.94 527 x 1072 *
Human habitat -16.9 17.1 -0.99 0.322
Freshwater 1.77 1.95 0.908 0.364
Clinical samples 3.51 1.84 1.91 562 x 1072 *
Sludge, waste -28 5.67 x 106 -4.93 x 10'6 1
Soil 2.39 1.9 1.26 0.208
Trade -0.168 0.4 -0.42 0.675
Migration -4.12 4.49 -0.918 0.359
Domestic animals x Trade -7.07 5.47 -1.29 0.196
Farms x Trade -0.644 0.429 -1.5 0.133
Flora, fauna x Trade 0.665 0.764 0.871 0.384
Human samples x Trade 0.281 0.4 0.702 0.482
Human habitat x Trade -2.31 5.16 -0.448 0.654
Freshwater x Trade -0.69 0.736 -0.937 0.349
Clinical samples x Trade 878 x 1072 0.399 -0.22 0.826
Sludge, waste x Trade -0.4 577 x 10° 694x108 1
Soil x Trade 7.43x 1072 0.453 0.164 0.87
Domestic animals x Migration -5.16 12.2 -0.422 0.673
Farms x Migration 4.43 4.49 0.986 0.324
Flora, fauna x Migration 24 5.45 0.441 0.659
Human samples x Migration 4.18 4.49 0.93 0.352
Human habitat x Migration -35.7 35.5 -1.01 0.315
Freshwater x Migration 4.95 4.52 1.09 0.274
Clinical samples x Migration 3.65 4.49 0.814 0.416
Sludge, waste x Migration 4.59 7.67 x 10° 598x 107/ 1
Soil x Migration 3.66 4.58 0.8 0.424
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Table S29: Summary of the selected model for CHG 13 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢=0914,v =633 x 10", p=0.303

Variable Estimate Conditional standard error t p
Intercept 245 3.48 x 105 7.03x 1073 0.994
Domestic animals 2.15x10%  2.63 x 10° 816x10° 1
Farms 17.3 3.48 x 10° 497 x 1073 0.996
Flora, fauna 17.1 3.48 x 105 491 %103  0.996
Human samples 18.4 3.48 x 10° 529 x 107> 0.996
Human habitat 3.44 3.48 x 10° 9.88 x 104 0.999
Freshwater 274x10° 243 x 10° 113x107% 1
Clinical samples 18.6 3.48 x 103 5.34 x 10'3 0.996
Sludge, waste 19.9 3.48 x 105 573x 107>  0.995
Soil 7.25 3.48 x 103 2.08 x 10‘3 0.998
Trade -0.847 3.85 x 10° 22x10% 1
Migration -0.154 2.48 x 103 6.2 x 10'5 1
Domestic animals x Trade -3.48 x 102 2.26 x 106 -1.54 x 10‘4 1
Farms x Trade -0.535 3.85 x 10° 139x 104 1
Flora, fauna x Trade -1.36 3.85 x 103 -3.54 x 10'4 1
Human samples x Trade 0.598 3.85 x 103 1.55 x 10'4 1
Human habitat x Trade 0.8 3.85 x 105 208x104 1
Freshwater x Trade 4.81 2.59 x 106 1.86 x 10‘6 1
Clinical samples x Trade 9.19x 1072  3.85x10° 239x10° 1
Sludge, waste x Trade -0.213 3.85 x 103 -5.53 x 10'5 1
Soil x Trade 1.3 3.85 x 103 3.37 x 10'4 1
Domestic animals x Migration 1.36 x 102 1.69 x 106 807x10° 1
Farms x Migration -3.3 2.48 x 103 -1.33 x 10'3 0.999
Flora, fauna x Migration -3.74 2.48 x 103 -1.51 x 10‘3 0.999
Human samples x Migration 0.108 2.48 x 103 4.36 x 10'5 1
Human habitat x Migration -48.6 2.48 x 10° 1.96x 1072 0.984
Freshwater x Migration 1.16 2,65 x 10° 439x10”7 1
Clinical samples x Migration 0.192 2.48 x 103 7.71 x 10'5 1
Sludge, waste x Migration -0.161 2.48 x 103 -6.47 x 10‘5 1
Soil x Migration -31.6 2.48 x 105 127x 102 0.99
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Table S30: Summary of the selected model for CHG 14 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.294,v=16.7, p =0.922
Variable

Intercept

Domestic animals

Farms
Flora, fauna
Human samples

Human habitat

Freshwater

Clinical samples

Sludge, waste

Soil

Trade

Migration

Domestic animals x Trade
Farms x Trade

Flora, fauna x Trade
Human samples x Trade

Human habitat x Trade
Freshwater x Trade

Clinical samples x Trade
Sludge, waste x Trade

Soil x Trade

Domestic animals x Migration
Farms x Migration

Flora, fauna x Migration
Human samples x Migration
Human habitat x Migration
Freshwater x Migration
Clinical samples x Migration
Sludge, waste x Migration

Soil x Migration

Estimate Conditional standard error

-8.94

-29

2.93
0.685
-5.35

-28.4

-28.9
1.11
-29.2

-28.4

-0.984
-1.73

0.468
0.83
-0.228
1.27
0.426

0.504
0.269
0.452
0.197
1.63
1.76
-0.181

1.38

1.36
1.4
1.65

1.62

1.92

439 x 10°

1.87
3.3
3.29

3.88 x 10°

255 x 100

1.87

5.48 x 10°

2.13 x 10°

1.55
6.3

2.76 x 10°

1.55
3.42

1.57

2.01 x 10°

1.44 % 10°
156

2.4 % 10°

2x 108

2.67 x 100
6.3

12
10.3

5.88 x 10°

3.21 x 10°

6.3

424 x 10°

3.35 x 100

200

t
-4.66

6.6 x 100

1.57
0.207
-1.63

733 %100

1.13x 107

0.591

-5.32x 1070

134 %107

-0.635
-0.275

1.69 x 1077

0.537

-6.67 x 1072

0.806
2.12x 107

35x 107
0.173

1.88 x 1077

9.86 x 108

6.11x 107
0.28

1.5 x 1072

-2.05

234x107

425x 107

0.223

39%x107

483%x107

p
3.23 x 1070 e
1

0.117
0.836
0.104

0.78
0.988

4.08x 1072 *



Table S31: Summary of the selected model for CHG 15 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

0=2.17 x 1072

Variable
Intercept

Domestic animals

Farms
Flora, fauna

Human samples
Human habitat
Freshwater
Clinical samples
Sludge, waste
Soil

Trade
Migration

,v=16.7,p=0.724

Estimate
-5.96

-31.3

-1.63
0.809
-31.3

-9.06 x 1072

-31.2
-4.82
-31.1

1.26

-0.221
-0.24

Conditional standard error
0.603

3.91 x 10°

0.648
0.701

8.32 x 10°
0.902

234 x 100

1.15

357 x 10°

0.528

0.229
0.18

201

t
-9.88

-8.01x 100

251
115
-3.76 x 10
0.1

1.33x 107

-4.19

8.7x10°

2.39

-0.968
-1.34

0 Skesksk

12x 1072 *
0.248

0.92
1

2.74 x 107 ok
1

171 % 1072 *

0.333
0.181



Table S32: Summary of the selected model for CHG 17.1 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

0=0.704,v="57x 1073, p = 0.178

Variable Estimate Conditional standard error t p
Intercept -36.9 313 x 10° 1.18x10° 1
Domestic animals ~ -7.7 5x 100 154x10° 1
Farms -7.01 3.25 x 106 2.16 x 10'6 1
Flora, fauna -7.1 4.95 x 10° 143x100 1
Human samples 25.1 3.13 x 106 8.03 x 10'6 1
Human habitat 29.3 313 x 10° 937x100 1
Freshwater 27.9 3.13 x 10° 893x10° 1
Clinical samples 27.7 313 x 10° 887x10°% 1
Sludge, waste 27.7 3.13 x 10° 887x10° 1
Soil 669  368x10° 1.82x10° 1
Trade 0.163 0.134 1.22 0.224
Migration 289  0.862 -3.35 8.09 x 1074 e
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Table S33: Summary of the selected model for CHG 19 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling

parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

©=0931,v=188x1072, p=1.89
Variable

Intercept

Domestic animals

Farms

Flora, fauna

Human samples

Human habitat

Freshwater

Clinical samples

Sludge, waste

Soil

Trade

Migration

Domestic animals x Trade
Farms x Trade

Flora, fauna x Trade
Human samples x Trade
Human habitat x Trade

Freshwater x Trade

Clinical samples x Trade
Sludge, waste x Trade
Soil x Trade

Domestic animals x Migration
Farms x Migration

Flora, fauna x Migration

Human samples x Migration
Human habitat x Migration

Freshwater x Migration
Clinical samples x Migration

Sludge, waste x Migration

Soil x Migration

Estimate Conditional standard error

-15.4
8.65
9.64
10.6
9.07
7.88
-23.1
10.2
10.5
0.975
1.21
0.582
-0.813
-1.61
-1.68
-1.27
-0.933
-1.93
-1.42
-1.26
4
0.717
-1.27

-1.58

-0.499
-0.496

-0.385
-0.702

-0.682
-12.4

10.6
10.6
10.6
10.6
10.6
10.6

2.68 x 10°

10.6
10.6

12.8

2.44
0.364
2.47
2.45
2.47
2.44
2.52

2.74 x 10°

2.44
2.45
4.5

0.417
0.409

0.614

0.374
0.601

2.94 % 10°
0.365
0.411

12.9

203

t

-1.45
0.816
0.912
1

0.858
0.741

-8.61x 100

0.965
0.989

7.62 x 1072

0.495
1.6
-0.329
-0.66
-0.679
-0.519
-0.371

-7.06 x 107
-0.58

-0.514
-0.889

-1.72
-3.11
-2.57

-1.34
-0.826

131 x 107
1.93
-1.66
-0.96

0.148
0.414
0.362
0.316
0.391
0.458

0.335
0.323

0.939

0.621
0.11
0.742
0.509
0.497
0.604
0.711
1
0.562
0.607
0.374

8.57 x 1072 *

1.86 x 107 **

1.02 x 1072 *
0.182

0.409

1

5.41 %1072

9.68 x 1072 *
0.337



Table S34: Summary of the selected model for CHG 20 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.283,v=16.7, p =0.823
Variable

Intercept
Domestic animals

Farms
Flora, fauna

Human samples
Human habitat

Freshwater

Clinical samples

Sludge, waste

Soil

Trade

Migration

Domestic animals x Trade

Farms x Trade
Flora, fauna x Trade
Human samples x Trade

Human habitat x Trade
Freshwater x Trade
Clinical samples x Trade
Sludge, waste x Trade
Soil x Trade

Domestic animals x Migration

Farms x Migration
Flora, fauna x Migration
Human samples x Migration

Human habitat x Migration
Freshwater x Migration
Clinical samples x Migration
Sludge, waste x Migration

Soil x Migration

Estimate

-11
-26.9

4.94
2.49

7.31 x 1072
6.4
269
3.34
27.1

-26.6

0.289
-10.8

-0.844

-0.413
-1.65
-0.289

-0.84
-0.772
-1.03
-0.85
-1.06

10.6

10.8
7.83
-1.99

10.2
10.2
10.2
10.5

10.5

Conditional standard error

2.33

438 x 10°

2.27
4.18
2.67

3.88 x 10°

253 x 100

2.28

5.52 x 100

2.1 x10°

0.493
7.07

2.89 x 10°

0.492
3.5
0.533

2.03 x 10°

1.45 x 108

0.531

2.45 x 10°

2.08 x 100

2.74 x 10°
7.07
14.1
8.09

5.3 x 10°

3.1 x 10°

7.07

413 x 10°

327 x 100

204

t
-4.69

-6.14 x 107

217
0.595

2.74 x 1072

6.8x 100

-1.06 x 10

1.46

49x100

127 %107

0.586
-1.52

2292 x 1077

-0.84
-0.471
-0.543

-4.14 x 10_7

533 x 107/
-1.93

347 x 1077

5.1x 107/

3.86 x 107°
1.53

0.556
-0.246

1.92x 10

328 x 107

1.45

255 x 1070

32x10°

P

2,67 x 1070 #oxr
1

2.96 x 1072 *
0.552

0.978



Table S35: Summary of the selected model for CHG 23 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

¢ =0.521,v=1.22, p=0.534

Variable Estimate Conditional standard error t P
Intercept -25.7 4.1 % 103 -6.27 x 10'3 0.995
Domestic animals 401 x10°  48x10° 836x10° 1
Farms 4.01x10%  1.09 x 10° 366x10% 1
Flora, fauna 4x10%  413x10° 969x107° 1
Human samples 18.6 4.1 %103 454x 1073 0.996
Human habitat -29.7 4.1x10° 723 x100  0.994
Freshwater 17 4.1 %103 413x 1073 0.997
Clinical samples 19.8 4.1 % 1()3 4.84 x 10'3 0.996
Sludge, waste 2.03x10%°  6.25x 10* 324x 1070 0.997
Soil 12.9 4.1 %103 313x10°3  0.997
Trade -0.717 3.22 x 10° 223x107% 1
Migration 0.102 29x 103 353x107° 1
Domestic animals x Trade 4.19 3.26 x 106 1.29 x 10'6 1
Farms x Trade 2.46 5.65 x 105 4.35 x 10'6 1
Flora, fauna x Trade 1.5 235 x 10° 638x107 1
Human samples x Trade 0.91 3.22 x 103 2.83 x 10'4 1
Human habitat x Trade 2.83 3.22 x 103 8.79 x 10'4 0.999
Freshwater x Trade -0.351 3.22 x 103 -1.09 x 10‘4 1
Clinical samples x Trade 0.423 3.22 x 103 1.31 x 10'4 1
Sludge, waste x Trade 258x10° 157 x 10° 164 %103 0.999
Soil x Trade -6.99 3.22 x 103 2.17 x 10'3 0.998
Domestic animals x Migration -0.821 2.08 x 106 -3.95 x 10'7 1
Farms x Migration -0.64 3.4 x 105 -1.88 x 10‘6 1
Flora, fauna x Migration 6.75 x 10'2 2.53 x 106 2.67 x 10'8 1
Human samples x Migration -2.87 2.9 x 103 -9.9 x 10'4 0.999
Human habitat x Migration 1.63x 102 2.91x10° 562x107% 0955
Freshwater x Migration -1.54 2.9 x 103 -5.29 x 10'4 1
Clinical samples x Migration -0.195 29 x 103 671x10° 1
Sludge, waste x Migration 1.94x10%  3.11x 10° 624x107% 1
Soil x Migration -5.92 2.9 x 10° 204x 1073 0998
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Table S36: Summary of the selected model for CHG 25 for worldwide data. ¢ correspond to the

estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

0 =-0.469,v=501x 103, p =254 x 1072

Variable  Estimate Conditional standard error t p
Intercept  -39.6 25.7 -1.54 0.123
Trade -28.9 36.1 -0.801 0.423
Migration _1 23 x 102  1.43 x 102 -0.856 0.392
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Table S37: Summary of the selected model for CHG 27 for worldwide data. ¢ correspond to the
estimated time autoregression coefficient. v and p are respectively the estimated smoothness and scaling
parameters of the Matérn correlation function. *: p<0.05, **: p<0.01, ***: p<0.001.

0=1.14x1072,v=821x10"2, p=1.29 x 107

Variable Estimate Conditional standard error t p

Intercept -4.61 0.549 -8.39 Q ***

Domestic animals -32.5 4.54 x 10° 715x100 1

Farms 2.1 0.509 -4.12 3.76 x 1072 **
Flora, fauna -0.698 0.85 -0.821 0.412

Human samples -1.45 0.317 -4.58 4.66 x 1070 *#*
Human habitat -3.63 3.63 -0.999 0.318
Freshwater -0.198 0.367 -0.541 0.589

Clinical samples -0.395 0.209 -1.89 584 x 1072 *
Sludge, waste -0.156 0.659 -0.236 0.813

Soil -0.437 0.389 -1.12 0.261

Trade 593x102  865x1072 -0.686 0.493
Migration 0.651 8.8 x 1072 7.39 1.45 x 10713 s
Domestic animals x Trade -0.464 3.5 x 10° 133x107 1

Farms x Trade 6.4 x 10'2 0.119 0.539 0.59

Flora, fauna x Trade -0.198 0.447 -0.444 0.657

Human samples x Trade -0.483 0.268 -1.8 716 x 1072 *
Human habitat x Trade 275x 1072 0.319 8.63x 1072 0.931
Freshwater x Trade -1.38 0.716 -1.92 547 x 1072 *
Clinical samples x Trade -1.09 0.175 -6.26 3.79 x 10710 s
Sludge, waste x Trade -0.256 0.284 -0.901 0.368

Soil x Trade -0.323 0.322 -1 0.316

Domestic animals x Migration -0.421 3.61 x 106 117 x 10'7 1

Farms x Migration -2.99 1.08 -2.76 5.82 x 10‘3 ok
Flora, fauna x Migration -0.776 0.7 -1.11 0.268

Human samples x Migration -1.02 0.312 -3.27 1.08 x 1073 #x
Human habitat x Migration -10.2 8.7 -1.17 0.243
Freshwater x Migration -1.05 0.426 -2.47 1.33 x 1072 *
Clinical samples x Migration -0.883 0.148 -5.95 2.65 x 10'9 otk
Sludge, waste x Migration -0.665 0.477 -1.4 0.163

Soil x Migration -7.66 x 1073 0.306 -2.51 x 102 098
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Table S39: Impact of the association of AMEGs with mobile genetic elements with their duplication
risk

Minimum identity betweenMinimum identity between genes Odds ratio 500-permutation p-value
genomic contexts

50% 80% 14.2 0.001
50% 85% 11.9 0.001
50% 90% 10.7 0.001
50% 95% 10.4 0.001
70% 80% 14.2 0.001
70% 85% 11.9 0.001
70% 90% 10.7 0.001
70% 95% 10.4 0.001
80% 80% 14.2 0.001
0.001 85% 11.9 0.001
0.001 90% 10.7 0.001
80% 95% 10.4 0.001
90% 80% 14.2 0.001
90% 85% 11.9 0.001
90% 90% 10.7 0.001
90% 95% 10.4 0.001
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Table S40: Impact of the association of AMEGs with different types of mobile genetic elements with
their duplication risk

Minimum identityMinimum identity betweenType of mobile genetic element Odds  500-permutation
between genomic contexts genes ratio p-value
50% 80% Intergenomic mobility 18.5 0.001
50% 85% Intergenomic mobility 14.7 0.001
50% 90% Intergenomic mobility 13.7 0.001
50% 95% Intergenomic mobility 13.3 0.001
70% 80% Intergenomic mobility 18.5 0.001
70% 85% Intergenomic mobility 14.7 0.001
70% 90% Intergenomic mobility 13.7 0.001
70% 95% Intergenomic mobility 13.3 0.001
80% 80% Intergenomic mobility 18.5 0.001
80% 85% Intergenomic mobility 14.7 0.001
80% 90% Intergenomic mobility 13.7 0.001
80% 95% Intergenomic mobility 13.3 0.001
90% 80% Intergenomic mobility 18.5 0.001
90% 85% Intergenomic mobility 14.7 0.001
90% 90% Intergenomic mobility 13.7 0.001
90% 95% Intergenomic mobility 13.3 0.001
50% 80% Intragenomic mobility 12.0 0.001
50% 85% Intragenomic mobility 12.0 0.002
50% 90% Intragenomic mobility 12.0 0.002
50% 95% Intragenomic mobility 10.8 0.003
70% 80% Intragenomic mobility 12.0 0.001
70% 85% Intragenomic mobility 12.0 0.002
70% 90% Intragenomic mobility 12.0 0.002
70% 95% Intragenomic mobility 10.8 0.003
80% 80% Intragenomic mobility 12.0 0.001
80% 85% Intragenomic mobility 12.0 0.002
80% 90% Intragenomic mobility 12.0 0.002
80% 95% Intragenomic mobility 10.8 0.003
90% 80% Intragenomic mobility 12.0 0.001
90% 85% Intragenomic mobility 12.0 0.002
90% 90% Intragenomic mobility 12.0 0.002
90% 95% Intragenomic mobility 10.8 0.003
50% 80% Intra- and intergenomic mobility 16.0 0.001
50% 85% Intra- and intergenomic mobility 14.1 0.001
50% 90% Intra- and intergenomic mobility 12.1 0.001
50% 95% Intra- and intergenomic mobility 12.1 0.001
70% 80% Intra- and intergenomic mobility 16.0 0.001
70% 85% Intra- and intergenomic mobility 14.1 0.001
70% 90% Intra- and intergenomic mobility 12.1 0.001
70% 95% Intra- and intergenomic mobility 12.1 0.001
80% 80% Intra- and intergenomic mobility 16.0 0.001
80% 85% Intra- and intergenomic mobility 14.1 0.001
80% 90% Intra- and intergenomic mobility 12.1 0.001
80% 95% Intra- and intergenomic mobility 12.1 0.001
90% 80% Intra- and intergenomic mobility 16.0 0.001
90% 85% Intra- and intergenomic mobility 14.1 0.001
90% 90% Intra- and intergenomic mobility 12.1 0.001
90% 95% Intra- and intergenomic mobility 12.1 0.001
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Figure S1: Evolution of continental CHG frequencies among sampled AMEGs between 1990 and 2019.
IMAGE?24 regions were gathered to higher continental ensembles in order to more representative
frequencies. Western Europe, Central Europe, and “Ukraine+” were gathered to Europe; Canada and the
USA to North America; the rest of Americas to Latin America; all African landmasses to Africa; Oceania,
Southeastern Asia, “Indonesia+”, and “India+” to Southern Asia and Oceania; and Korea, Japan, Middle
East, Turkey, “China+”, “Asia-Stan”, and “Russia+” to Northern Asia. CHG frequencies were only computed
when at least 10 ACBs had been sampled in a continent in a year.
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Figure S2: Relative importance of several factors to explain the distribution of aminoglycoside-
resistant bacteria in the world between 1997 and 2018. Logistic regressions with a spatial Matérn
correlation structure were computed to explain the frequency of 18 CHGs in samples. This figure represents
the contribution of each variable in each selected model, as the fraction of adjusted McFadden’s pseudo-R2
explained by adding this variable.
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10 Annexe 2 : Informations supplémentaires de la section V
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Les informations supplémentaires de la section V sont exposées dans la section suivante : Figure S1,
et Tables S1-S27.
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Table S1: Classifications of pathogenicity for species included in HGT networks

Species WHO INIAID PHIBASE |[WARDEH
lchromobacter denitrificans No INo INo IYes
Uchromobacter ruhlandii (No INo INo INo
HUchromobacter sp001299435 No INo No INo
Uchromobacter xylosoxidans (No INo INo [Yes
cinetobacter baumannii Yes INo [Yes IYes
Ucinetobacter nosocomialis (No INo INo INo
Hcinetobacter pittii No INo INo INo
cinetobacter sp001696605 (No INo INo INo
Ueromonas hydrophila (No INo INo [Yes
Ueromonas salmonicida (No INo INo IYes
Ulcaligenes faecalis No INo INo INo
IBosea sp900112185 No INo No INo
Brucella melitensis No Yes Yes Yes
Burkholderia cenocepacia (No INo INo IYes
\Burkholderia cepacia No INo [Yes Yes
Citrobacter braakii Yes INo INo IYes
Citrobacter freundii Yes INo INo IYes
Citrobacter portucalensis Yes INo INo INo
Citrobacter werkmanii Yes INo INo INo
Corynebacterium sp001815985 No INo INo INo
[Enterobacter cloacae B Yes No No IYes
[Enterobacter cloacae J Yes INo INo IYes
[Enterobacter cloacae M Yes INo INo IYes
[Enterobacter himalayensis Yes INo INo INo
[Enterobacter kobei Yes INo No IYes
\Enterococcus faecalis No INo [Yes Yes
[Escherichia albertii Yes INo INo INo
[Escherichia coli Yes IYes [Yes IYes
[Escherichia coli C Yes [Yes [Yes IYes
[Escherichia coli D Yes [Yes [Yes Yes
[Escherichia dysenteriae Yes IYes INo INo
[Escherichia fergusonii Yes INo INo INo
\Escherichia flexneri Yes [Yes INo INo
Gallibacterium anatis No INo No INo
Klebsiella A oxytoca Yes INo INo INo
Klebsiella pneumoniae Yes INo Yes IYes
IKlebsiella quasipneumoniae Yes INo INo INo
IKlebsiella quasivariicola Yes INo INo INo
Klebsiella variicola Yes INo INo INo
ILeclercia adecarboxylata Yes INo INo IYes
ILeclercia sp002902985 Yes INo INo INo
WMannheimia haemolytica (No INo INo IYes
Metakosakonia intermedia Yes No No INo
IMoraxella A osloensis (No INo INo INo
WMorganella morganii Yes INo INo IYes
Ochrobactrum intermedium (No INo INo INo
\Pantoea B calida Yes INo INo INo
IPantoea sp002920175 Yes INo INo INo
\Pantoea stewartii Yes INo INo INo
\Pasteurella multocida Yes INo INo IYes
\Proteus mirabilis Yes INo INo IYes
\Providencia rettgeri D Yes INo INo [Yes
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\Pseudomonas A stutzeri (No INo INo INo
IPseudomonas E guariconensis No INo INo INo
\Pseudomonas E monteilli B No INo INo INo
IPseudomonas E protegens No INo INo INo
\Pseudomonas E psychrophila A No INo INo INo
IPseudomonas E sp002282595 (No INo INo INo
\Pseudomonas aeruginosa Yes No Yes IYes
\Pseudomonas aeruginosa A Yes INo [Yes IYes
\Salmonella enterica Yes lYes Yes Yes
\Salmonella enterica E Yes Yes Yes Yes
\Serratia marcescens | Yes INo Yes INo
IShewanella xiamenensis No INo INo INo
\Sphingobium yanoikuyae (No INo INo INo
IStaphylococcus aureus Yes IYes [Yes IYes
IStaphylococcus epidermidis No INo INo IYes
IStaphylococcus haemolyticus (No INo INo IYes
IStaphylococcus hominis (No INo INo IYes
IStenotrophomonas maltophilia B (No INo INo IYes
IStenotrophomonas maltophilia F (No INo INo Yes
IStreptomyces albidoflavus No INo No INo
IStreptomyces bacilliaris (No INo INo INo
Trueperella pyogenes (No INo INo INo
Wohlfahrtiimonas chitiniclastica No INo INo INo

Table S2: Binary regression on the likelihood for a gene to have been horizontally
transmitted.

Variable Estimate Std. deviation y/ p
Intercept -5.833 0.708 -8.24 <2.2e-16
Intragenomic 3.553 0.110 32.42 <2.2e-16
mobility MGEs

Intergenomic 5.485 0.123 44.44 <2.2e-16
mobility MGEs

Nested MGEs 6.716 0.298 22.51 <2.2e-16
Human pathogens 3.229 0.075 42.85 <2.2e-16
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Table S3: Proportion of AMEGs included in each directed HGT network

CHG | Level [ Putative HT | After the d,*,,,, filter After the Ad,* filter
genes
CHG 1 | Species | 580 499 405
Genera 405
CHG 2 | Species | 544 346 113
Genera 113
CHG | Species | 969 955 507
13 Genera 518
CHG | Species | 671 668 657
14 Genera 656
CHG | Species | 862 723 464
20 Genera 608
CHG | Species | 55 47 25
25 Genera 32

Table S4: Comparison of HGT networks at the level of

genera with resampled

networks. T- and p-values displayed in the table are the statistics from a Welch’s 1-sample
t-test comparing the metric (diameter or degree assortativity) measured on each network to
the distribution of 300 network metrics after genomes were randomly removed from the
dataset. P-values in bold are lower than 0.05.

CHG | Topological metric | 5% of genomes | 10% of genomes | 30% of
removed removed genomes
removed
t P t p t P
CHG 1 | Diameter -3.5¢-3 |1 0.99 0.68 0.50 -3.23 | 1.7e-3
Degree assortativity | -0.43 -0.41 -1.49 0.14 -0.58 [0.56
CHG 2 | Diameter 0.13 0.90 6.3e-2 0.95 0.20 [0.84
Degree assortativity | -2.36 2.0e-2 | -8.0e-2 ]0.94 -0.11 [0.91
CHG | Diameter -3.89 1.8e-4 | -3.59 5.2e-4 -8.40 | 3.3e-13
13 Degree assortativity | 1.70 9.3e-2 6.0e-2 0.95 -0.83 10.41
CHG | Diameter 1.55 0.12 -0.75 0.46 0.38 [0.71
14 Degree assortativity | -0.69 0.49 -2.06 4.2e-2 0.44 [0.66
CHG | Diameter -1.88 6.6e-2 [-3.17 2.0e-3 -3.72 [ 3.3e-4
20 Degree assortativity | -1.36 0.18 -8.9¢-2 |0.93 1.70 | 9.2e-2
CHG | Diameter -0.86 0.39 -2.28 2.5e-2 -0.62 | 0.54
25 Degree assortativity | -0.87 0.39 -0.24 0.81 0.87 [0.39
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Table S5: Comparison of HGT networks at the level of genera with randomly rewired
networks. T- and p-values displayed in the table are the statistics from a Welch’s 1-sample
t-test comparing the metric (diameter or degree assortativity) measured on each network to
the distribution of 300 network metrics after partial random rewiring. P-values in bold are
lower than 0.05.

CHG | Topological metric | 10% of edges|30% of edges|50% of edges
rewired rewired rewired
t 4] t P t P
CHG 1 | Diameter -1.57 0.12 6.29 8.7e-9 11.1 | 4.3e-19
Degree assortativity | 1.71 9.0e-2 3.06 2.8e-3 4.57 |[14e-5
CHG 2 | Diameter 2.54 1.3e-2 | 7.33 6.3e-11 9.84 | 2.4e-16
Degree assortativity | 1.34 0.18 3.93 1.6e-4 523 ]9.8e-7
CHG | Diameter 1.99 4.9e-2 | 8.42 3.0e-13 | 6.32 | 7.6e-9
13 Degree assortativity | 1.03 0.30 2.55 1.2¢-2 1.81 | 7.3e-2
CHG | Diameter 5.49 3.0e-7 11.5 6.7¢-20 143 | 6.7e-26
14 Degree assortativity | 1.21 0.23 3.09 2.6e-3 2.53 [1.3e-2
CHG | Diameter 1.68 0.10 5.25 8.6e-7 7.23 | 1.0e-10
20 Degree assortativity | 0.37 0.71 4.19 6.0e-5 530 |7.1e-7
CHG | Diameter 2.55 1.2¢-2 4.42 2.5e-5 3.40 ]9.7¢4
25 Degree assortativity | -1.36 0.18 0.77 0.44 -9.0e- [ 0.93
2

Table S6: Poisson PGLMM on the out-degree of species.

Variable Estimate Std. deviation y/ p
Intercept 0.788 0.328 2.404 1.6e-2
Other pathogens -0.561 0.543 -1.034 0.30
Highly-problematic |-1.537 0.405 -3.792 1.5e-4
pathogens
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Table S7: Binomial regression on the likelihood of horizontal gene transfer events in the
6 HGT networks built at the level of genera, without COUSIN18 as an effect. *: p<0.05,
**: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -8.64 0.819 -10.5 [ O ***
Phylogenetic distance -0.853 0.332 -2.57 [1.02 x107?
%
Intergenomic mobility MGEs 5.88 0.536 11 Q H*
Intragenomic mobility MGEs 0.171 0.533 0.321 [0.748
Nested MGEs -3.81 0.677 -5.63 [ 1.8 x 10*
oksk
Ecological distance -0.612 0.424 -1.44 (0.149
Phylogenetic distance x10.178 0.472 0.377 10.706
Intergenomic mobility MGEs
Phylogenetic distance x11.23 0.41 3.01 |2.63x10°
Intragenomic mobility MGEs o
Phylogenetic distance x Nested | 3.95 0.449 8.79 | O **x*
MGEs
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Table S8: Binomial regression on the likelihood of horizontal gene transfer events in the
6 HGT networks built at the level of genera, including COUSIN18 as an effect. *: p<0.05,
**: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept -3.51 0.927 -3.79 1.49 x 10"
skksk

Phylogenetic distance -1.74 0.327 -5.32 1.01 x 107
skksk

COUSINI18 0.476 0.143 3.33 8.63 x 10
sk

Intergenomic mobility MGEs -0.985 0.531 -1.85 [6.38 x 107
%

Intragenomic mobility MGEs -1.7 0.545 -3.12 1.81 x 107
kok

Nested MGEs -9.27 0.695 -13.3 [ O **x*

Ecological distance -1.27 0.414 -3.08 |21 x 107
sk

Phylogenetic distance x10.221 0.523 0.423 [0.672

Intergenomic mobility MGEs

Phylogenetic distance x11.52 0.408 3.73 1.95 x 10*

Intragenomic mobility MGEs Hkx

Phylogenetic distance x Nested |3.31 0.457 724|441 x 107"

MGEs ok

COUSINI18 X Intergenomic | -0.644 0.401 -1.61 0.108

mobility MGEs

COUSIN18 X Intragenomic | 7.93 x [0.226 3.5 x[0.972

mobility MGEs 107 102

COUSIN18 x Nested MGEs -1.37 0.205 -6.68 [2.42 x 10"
sk
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Table S9: Binomial regression on the likelihood of horizontal gene transfer events in the
6 HGT networks built at the level of species, without COUSIN18 as an effect. *: p<0.05,
**: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -7.33 0.901 -8.14  [4.44 x 107"
skksk
Phylogenetic distance -1.21 0.566 215 [3.17 x 107
%
Intergenomic mobility MGEs 5.98 0.715 8.37 1.11 x 107
sk
Intragenomic mobility MGEs 0.761 0.914 0.833 [0.405
Nested MGEs -0.262 0.981 -0.267 [0.789
Ecological distance -2 0.301 -6.62  [3.53 x 10"
skksk
Phylogenetic distance x11.32 0.595 2.22 2.66 x 107
Intergenomic mobility MGEs *
Phylogenetic distance x 10.347 0.638 0.544 ]0.587
Intragenomic mobility MGEs
Phylogenetic distance x Nested |2.43 0.651 3.74 1.87 x 10*
MGEs otk
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Table S10: Binomial regression on the likelihood of horizontal gene transfer events in
the 6 HGT networks built at the level of species, including COUSIN18 as an effect. *:
p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -3.36 0.909 -3.7 22 x 10*
skksk
Phylogenetic distance -1.52 0.376 -4.03 5.59 x 107
skksk
COUSINI18 796  x|0.16 0.497 [0.619
107
Intergenomic mobility MGEs -0.232 0.607 -0.383 10.702
Intragenomic mobility MGEs 0.521 0.887 0.587 10.557
Nested MGEs -6.86 0.908 -7.55 442 x 10
skksk
Ecological distance -1.6 0.416 -3.84 1.22 x 10*
sk
Phylogenetic distance x10.439 0.484 0.907 ]0.365
Intergenomic mobility MGEs
Phylogenetic distance x1-0.222 0.471 -0.471 10.638
Intragenomic mobility MGEs
Phylogenetic  distance < Nested| 5 (g 0.549 49] 917 x 107
MGEs ook
COUSINI18 X Intergenomic | 0.296 0.366 0.809 ]0.418
mobility MGEs
COUSINI8 X Intragenomic | -0.201 0.225 -0.892 10.372
mobility MGEs
COUSIN18 x Nested MGEs -0.75 0.23 -3.26 1.1 x 107
ok
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Table S11: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 1 HGT network built at the level of genera, without COUSIN18 as an effect. *:
p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -4.21 1.14 -3.71 [2.09 x 10
skesksk
Phylogenetic distance -2.82 0.488 -5.78 [7.36 x 10°
sk
Intergenomic mobility MGEs -1.2 x 10 [47.3 254 (1.1 x107%*
Intragenomic mobility MGEs 5.48 1.65 331 [9.29 x 10*
ok
Nested MGEs -1.75 1.58 -1.11 [ 0.269
Ecological distance -1.77 0.664 -2.66 |7.81 x 107
skok
Phylogenetic distance x [48.7 17.3 2.81 |4.88 x 107
Intergenomic mobility MGEs o
Phylogenetic distance x 12.08 0.77 2.7 6.9 x 107
Intragenomic mobility MGEs o
Phylogenetic distance x Nested [0.376 1.06 0.353 10.724
MGEs
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Table S12: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 1 HGT network built at the level of genera, including COUSIN18 as an effect.

*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -20.8 6.2 -3.35 8.1 x 10*
skksk
Phylogenetic distance -6.9 1.17 -5.9 3.55 x 107
skksk
COUSINI18 4.35 0.887 4.9 9.56 x 107
skksk
Intergenomic mobility MGEs -1.25  x[52.5 -2.38 1.71 x 10*
10° *
Intragenomic mobility MGEs 25 8.02 3.11 1.85 x 107
skk
Nested MGEs 14.3 6.09 2.35 1.87 x 107
%
Ecological distance -0.567 0.821 -0.691 |0.49
Phylogenetic distance x 1679 23.9 2.84 4.56 x 107
Intergenomic mobility MGEs *k
Phylogenetic distance x [7.31 1.44 5.07 3.91 x 107
Intragenomic mobility MGEs HAE
Phylogenetic distance x Nested |2.62 1.56 1.68 9.2 x 107
MGEs *
COUSIN18 X Intergenomic [ -11.1 5.57 -2 4.56 x 107
mobility MGEs *
COUSIN18 X Intragenomic | -3.49 1.37 -2.55 1.08 x 107
mobility MGEs *
COUSIN18 x Nested MGEs -3.88 1.23 -3.15 1.65 x 107
sk
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Table S13: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 1 HGT network built at the level of species, without COUSIN18 as an effect. *:
p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -10.4 4.7 -2.22 12.63 X
107 *
Phylogenetic distance 1.33 1.93 0.69 ]0.49
Intergenomic mobility MGEs -1.06  x]56.2 -1.88 ]6.01 X
10° 107 *
Intragenomic mobility MGEs 12.6 4.86 2.59 [9.51 X
107 **
Nested MGEs 4.53 4.9 0.925 [0.355
Ecological distance -2.09 0.838 -2.49 |1.27 X
107 *
Phylogenetic distance x [40.1 20.8 1.93 |[5.34 X
Intergenomic mobility MGEs 102 *
Phylogenetic distance x |-3.4 1.99 -1.71 |8.71 X
Intragenomic mobility MGEs 107 *
Phylogenetic distance x Nested | -3.68 2.16 -1.7 8.85 X
MGEs 107 *
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Table S14: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 1 HGT network built at the level of species, including COUSIN18 as an effect.
*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept -8.37 5.17 -1.62 0.106

Phylogenetic distance -2.08 3.37 -0.616 |0.538

COUSINI18 -1.2 0.81 -1.48 0.139

Intergenomic mobility MGEs -1 x 102|521 -1.92 5.5 x 107
*

Intragenomic mobility MGEs 10.3 5.4 1.91 557 X
107 *

Nested MGEs 3.17 5.42 0.586 0.558

Ecological distance -1.4 0.894 -1.57 0.118

Phylogenetic distance x [39.4 20.5 1.92 542 X%

Intergenomic mobility MGEs 102 *

Phylogenetic distance x| 3.46 x [ 3.41 1.01 x]0.992

Intragenomic mobility MGEs 102 102

Phylogenetic distance x Nested | 0.104 3.56 293 x[0.977

MGEs 102

COUSINI18 X Intergenomic | 18.5 23.5 0.789 0.43

mobility MGEs

COUSINIS8 X Intragenomic | 1.13 0.887 1.28 0.201

mobility MGEs

COUSIN18 x Nested MGEs 2.11 1.6 1.32 0.187
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Table S15: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 2 HGT network built at the level of genera, without COUSIN18 as an effect. *:
p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept -2.94 1.37 214 [32x102*
Phylogenetic distance -2.83 0.665 -425 |2.12 x 107

sksksk
Intergenomic mobility MGEs 1.57 1.65 0.948 |0.343
Intragenomic mobility MGEs 39.6 24.6 1.61 |[0.107
Nested MGEs -12.2 5.25 -2.33 [1.98 x 107

&
Ecological distance -4.17 1.46 -2.87 [4.14 x 103

kok
Phylogenetic distance x | -5.35 2.33 2.3 215 x 107
Intergenomic mobility MGEs *
Phylogenetic distance x|-6.44 x|2.82x10? -2.28 |2.25 x 107
Intragenomic mobility MGEs 10? *
Phylogenetic distance x Nested | 27 4.3 6.29 [3.21 x 10"
MGEs ok
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Table S16: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 2 HGT network built at the level of genera, including COUSIN18 as an effect.
*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept 1.99 % [2.98 x 10° 6.67 x |0
10" 10® HEE
Phylogenetic distance -1.28 % [1.09 x 10° -1.18 x |0
10" 10° HEE
COUSINI18 1.29 x 13.32 % 10° 389 %10
10" 10° HoEE
Intergenomic mobility MGEs 311 x |4.94 x10° -6.3 X |0
10" 10® HoEE
Intragenomic mobility MGEs -1.02 x |1.21x107 -84 %[0
10' 10® HoxE
Nested MGEs -6.05 % |5.12x10° -1.18 x |0
10" 10° HoxE
Ecological distance 3.04  x|2.54x10° -1.2 x|0
10 10° HoEk
Phylogenetic distance x Intergenomic |2 x 10" |2.36 x 10° 85 x|0
mobility MGEs 10® HoAk
Phylogenetic distance X Intragenomic | 1.75 x [7.01 x 10° 2.5 x [0
mobility MGEs 10" 10® Hokk
Phylogenetic distance x Nested MGEs | 3.28 x 13.03 x 10° 1.08 x |0
10 10° Hokk
COUSIN18 x Intergenomic mobility [-1.99  x | 1.3 x 10° -1.53 x |0
MGEs 10" 10® Hokk
COUSIN18 x Intragenomic mobility |-1.85  x [4.07 x 10° 454 x |0
MGEs 10 10® *rk
COUSIN18 x Nested MGEs 3.58 x 12.23 x 10° 1.6 x]0
10" 108 otk
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Table S17: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 2 HGT network built at the level of species, without COUSIN18 as an effect. *:

p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept -3.17 1.36 -2.34 1.92 x 107
*

Phylogenetic distance -3.66 1.18 -3.11 1.86 x 107
skk

Intergenomic mobility MGEs 2.99 1.62 1.85 6.39 x 102
%

Intragenomic mobility MGEs 1.32x10% |3 x 10° 4.4  x10.965

107

Nested MGEs -48.5 11.4 -4.24 2.28 x 107
skksk

Ecological distance -2.25 1.07 2.1 3.6 x 107
%

Phylogenetic distance x1-3.29 1.46 -2.26 2.38 x 107

Intergenomic mobility MGEs *

Phylogenetic distance x|-496 x|1.11 x10* -4.48 x10.964

Intragenomic mobility MGEs 10° 102

Phylogenetic distance x Nested [22.1 5.06 4.36 1.32 x 107
skkesk

MGEs
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Table S18: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 2 HGT network built at the level of species, including COUSIN18 as an effect.

*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept -11.5 3.13 -3.66 2.49 x 10
skksk

Phylogenetic distance 1.54 1.17 1.32 0.188

COUSIN18 515 x[0.779 6.61 x [0.947

102 102

Intergenomic mobility MGEs 13.1 3.43 3.82 1.35 x 10*
skokesk

Intragenomic mobility MGEs 23.7 1.06 x 107 0.224 0.823

Nested MGEs -2.53 7.84 -0.323 [ 0.747

Ecological distance -4.34 1.61 -2.69 7.15 x 107
kk

Phylogenetic distance x1-10.3 1.99 -5.17 2.34 x 107

Intergenomic mobility MGEs HkE

Phylogenetic distance x| -71.7 1.98 x 107 -0.362 [ 0.717

Intragenomic mobility MGEs

Phylogenetic distance x Nested | 2.24 3.77 0.593 0.553

MGEs

COUSINIS8 X Intergenomic | -0.997 1.29 -0.774 ]0.439

mobility MGEs

COUSINI18 X Intragenomic | 1.53 1.36 x 10 1.12 x [0.991

mobility MGEs 10

COUSIN18 x Nested MGEs 0.964 3.21 0.301 0.764
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Table S19: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 13 HGT network built at the level of genera, without COUSIN18 as an effect.
*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -4.17 2.1 -1.99 1471 x
107 *
Phylogenetic distance -3.12 1.28 -2.44 147 x
107 *
Intergenomic mobility MGEs -2.32 2.9 -0.801 ]0.423
Intragenomic mobility MGEs -0.365 2.24 -0.163 |0.871
Nested MGEs -3.2 2.21 -1.45 10.147
Ecological distance 0.449 0.404 1.11 0.267
Phylogenetic distance x [ 1.65 233 0.706 10.48
Intergenomic mobility MGEs
Phylogenetic distance x12.32 1.35 1.73 843 %
Intragenomic mobility MGEs 102 *
Phylogenetic distance x Nested | 4.01 1.31 3.06 2.2 %107
MGEs o
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Table S20: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 13 HGT network built at the level of genera, including COUSIN18 as an
effect. *: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t P
standard error
Intercept 1.93 4.66 0.415 0.678
Phylogenetic distance -7.14 3.59 -1.99 4.68 x
107 *
COUSIN18 0.495 0.355 1.39 0.164
Intergenomic mobility MGEs -12.1 6.96 -1.74 8.11 X
107 *
Intragenomic mobility MGEs -6.36 4.82 -1.32 0.187
Nested MGEs -10.1 4.79 -2.11 3.48 x
107 *
Ecological distance 0.246 0.473 0.52 0.603
Phylogenetic distance x [6.48 5.33 1.22 0.224
Intergenomic mobility MGEs
Phylogenetic distance x [6.85 3.67 1.86 6.22 X
Intragenomic mobility MGEs 107 *
Phylogenetic distance X Nested | 8.4 3.59 2.34 1.94 X
MGEs 107 *
COUSINI18 X Intergenomic [-9.28 x| 1.06 -8.78 x10.93
mobility MGEs 102 102
COUSINI18 X Intragenomic | 0.199 0.395 0.503 0.615
mobility MGEs
COUSIN18 x Nested MGEs -1.09 0.377 -2.89 3.86 x
1073 **
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Table S21: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 13 HGT network built at the level of species, without COUSIN18 as an effect.
*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept 11.2 4.32 2.59 19.61 x 107
kok
Phylogenetic distance -12 3.06 -3.91 |9.27 x 107
skesksk
Intergenomic mobility MGEs -18.8 5 -3.76 | 1.72 x 10
sesksk
Intragenomic mobility MGEs -15.7 4.35 -3.61 |3.02 x 10*
seosksk
Nested MGEs -20.6 4.47 -4.62 [3.86 x 10°
skeosksk
Ecological distance -0.867 0.6 -1.44 |0.149
Phylogenetic distance x [10.6 3.93 271 |6.75 x 107
Intergenomic mobility MGEs *ok
Phylogenetic distance x[10.4 3.09 3.36 |7.66 x 10
Intragenomic mobility MGEs HoAx
Phylogenetic distance x Nested | 13.3 3.12 426 |2.02 x 107
MGEs hokk
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Table S22: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 13 HGT network built at the level of species, including COUSIN18 as an
effect. *: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept 10.6 4.83 2.2 2.77 x 107
%

Phylogenetic distance -11.4 3.42 -3.32 | 8.88 x 10*
skeosksk

COUSINI18 0.353 0.418 0.846 |0.398

Intergenomic mobility MGEs -19.3 6.6 293 [34 x 10°
&k

Intragenomic mobility MGEs -14.2 4.86 -2.92 [3.48 x 107
kek

Nested MGEs -21 5.01 -4.19 [2.78 x 107
sesksk

Ecological distance -1.52 0.681 -2.24 [2.52 x 107
%

Phylogenetic distance x [5.55 5.6 0.99 10.322

Intergenomic mobility MGEs

Phylogenetic distance x 19.76 3.45 2.83 |4.72 x 107

Intragenomic mobility MGEs ok

Phylogenetic distance X Nested [ 13.7 3.5 3.92 |[8.68 x 107

MGEs otk

COUSINI18 x Intergenomic mobility [ 0.155 1.16 0.134 [0.893

MGEs

COUSINI18 X Intragenomic | 0.247 0.438 0.565 [0.572

mobility MGEs

COUSIN18 x Nested MGEs -0.778 0.456 -1.71 [8.78 x 107
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Table S23: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 20 HGT network built at the level of genera, without COUSIN18 as an effect.
*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error

Intercept -7.94 % [2.96 x 10° 269 x |0
10" 10® HEE

Phylogenetic distance 1.18 x 11.23 x 10° 9.61 x |0
10" 10® HEE

Intergenomic mobility MGEs -7.59 % [5.27 x 10° -1.44 x| 0
10" 10° HoEE

Intragenomic mobility MGEs -1.84  x |3.79 x 10° -4.85 %[0
10" 10® HoEE

Nested MGEs 2.1 x 10" |7.55x10° 278 x |0
108 kokk

Ecological distance 442 x 292 x10° -1.51 x |0
10" 10° HoxE

Phylogenetic distance x Intergenomic [-2.43  x [3.67 x 10° -6.61 x |0
mobility MGEs 10 10° oAk

Phylogenetic distance x Intragenomic |-1.04  x |3.12 x 10° 334 x |0
mobility MGEs 10 10® Ak

Phylogenetic distance x Nested MGEs | 7.04 x [6.09 x 10° 1.16 x |0
10" 10® Ak
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Table S24: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 20 HGT network built at the level of genera, including COUSIN18 as an
effect. *: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t P
standard error
Intercept -6.52  x |6.88 x 10° -9.48 x |0
10" 10® HEE
Phylogenetic distance 1.86 x [3.59 x 10° 517 x 10
10" 10® HoxE
COUSIN18 434 x|1.34x10° -3.23 x |0
10" 10® HoEE
Intergenomic mobility MGEs 9.52 x [1.76 x 107 542 x |0
10 108 ek
Intragenomic mobility MGEs 1.11 x 12.83 x 10’ 394 x |0
10 108 ook
Nested MGEs -1.65 % |2.35x10’ -7x107 |0
103 ok ok
Ecological distance 9.04 x[8.13x10° -1.11 x| 0
10" 10® Ak
Phylogenetic distance x Intergenomic |-4.39 x| 7.55 x 10° 581 x |0
mobility MGEs 10° 10® k)
Phylogenetic distance x Intragenomic |-8.51  x | 1.47 x 10’ =579 x |0
mobility MGEs 10" 10 Aok
Phylogenetic distance x Nested MGEs | 3.29 x 11.04 x 107 3.16 x |0
10" 108 ok
COUSIN18 x Intergenomic mobility [2.22  x [3.17 x 10’ 6.99 x|0
MGEs 10° 107 Ak
COUSINI18 x Intragenomic mobility | 1.24 x |4.11 x 10’ 3.03 x |0
MGEs 10 10° Ak
COUSIN18 x Nested MGEs -5.4 x [3.75 % 107 -1.44 x 10
10" 10° HEE
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Table S25: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 20 HGT network built at the level of species, without COUSIN18 as an effect.
*: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -9.43 2.17 -4.35 1.38 x 107
ek
Phylogenetic distance 1.45 1.04 1.39 0.164
Intergenomic mobility MGEs 4.74 2.58 1.84 6.57 x 102
*
Intragenomic mobility MGEs 1.91 2.99 0.638 0.523
Nested MGEs 1.56 2.58 0.602 |[0.547
Ecological distance 0.831 0.858 0.968 10.333
Phylogenetic distance x [-1.75 1.72 -1.02  10.308
Intergenomic mobility MGEs
Phylogenetic distance x [-0.605 2.22 -0.272 [ 0.786
Intragenomic mobility MGEs
Phylogenetic distance x Nested [-3.52 4.11 -0.858 [0.391
MGEs
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Table S26: Binomial regression on the likelihood of horizontal gene transfer events in
the CHG 20 HGT network built at the level of species, including COUSIN18 as an
effect. *: p<0.05, **: p<0.01, ***: p<0.001.

Variable Estimate | Conditional t p
standard error
Intercept -9.38 7.7 -1.22 0.223
Phylogenetic distance -2.68 15.9 -0.169 | 0.866
COUSINI18 -1.6 8.87 -0.18 0.857
Intergenomic mobility MGEs 6.51 8.35 0.779 0.436
Intragenomic mobility MGEs -19.4 28.2 -0.687 10.492
Nested MGEs 3.79 8 0.474 0.635
Ecological distance 0.761 1.17 0.65 0.516
Phylogenetic distance x Intergenomic | 1.08 16.9 6.38 x[0.949
mobility MGEs 102
Phylogenetic distance x Intragenomic | 5.11 65.4 7.83 x10.938
mobility MGEs 102
Phylogenetic distance x Nested MGEs | 0.409 17.4 235 x10.981
107
COUSINI8 x Intergenomic mobility | 2.31 9.82 0.235 0.814
MGEs
COUSINI8 x Intragenomic mobility [-16.5 52.4 -0.316 | 0.752
MGEs
COUSIN18 x Nested MGEs 1.95 9.16 0.213 0.832
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Table S27: Reciprocate transfers in directed HGT networks

CHG Proportion of | Species 1 Species 2
edges
CHG 1 8/31 Brucella melitensis Acinetobacter baumannii
Pseudomonas aeruginosa Acinetobacter baumannii
Pseudomonas aeruginosa Serratia marcescens [
Pseudomonas aeruginosa Shewanella xiamenensis
CHG 13 8/116 Pseudomonas aeruginosa Pseudomonas A stutzeri
Pseudomonas aeruginosa Pseudomonas E monteilii B
Pseudomonas E psychrophila Trueperella pyogenes,
Pseudomonas aeruginosa Salmonella enterica
CHG 20 4/40 Klebsiella pneumoniae Enterobacter himalayensis
Klebsiella pneumoniae Escherichia flexneri
|
|
(%] o |
3 _
z © |
‘® |
(@)
o o _| |
o ¥ I
0
© |
S o
* |
|
© 1
I I I I [
0.0 0.5 1.0 1.5 2.0

Patristic distance

Figure S1: False positives for implicit phylogenetic HGT detection in simulated
sequence alignments for CHG 11. The set of species is the one in which CHG 11 was
sampled, and sequence length is median protein length for CHG 11. The red line corresponds

to minimum patristic distance between two species of different genera.
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11 Annexe 3 : Sources de sélection sur le biais d’usage de codons

L'annexe 3 présente un article de perspective discutant des différents types de sélection pouvant
s’exercer sur le biais d’'usage de codon. Ma participation a ce projet est la rédaction de la Text box 1 sur
le potentiel role des éléments transposable a la mise en place et au renforcement du biais d’'usage de
codon. En effet, I'intégration des éléments transposables dépend de la composition nucléotidique des
séquences : soit du fait de motifs préférés, soit du fait de propriétés mécaniques de I’ADN associées.
Ainsi, suivant l'usage de codon local, la probabilité d’intégration d’un élément transposable pourrait
étre plus ou moins élevée. Or, I'intégration d’un élément transposable dans une séquence codante peut
empécher I'expression de ce gene. La disruption de I'expression peut sélectionner, selon les contextes,
pour un enrichissement en certains motifs, ou au contraire leur évitement. Cette sélection modulerait
la composition nucléotidique locale, et donc I'usage de codons.

Durant ma derniére année de thése j'ai encadré un stage de Master 1 se proposant de tester cette hy-
pothése. Lobjectif de ce stage bioinformatique était de tester si différentes catégories de genes étaient
appauvris ou enrichis en motifs d’insertion d’un élément transposable trés répandu (1S10) dans les gé-
nomes de 19 espéces bactériennes, et si cette caractéristique variait en fonction de I'écologie de ces
espéces. Ce stage s’est principalement focalisé sur les genes dont la disruption produit des phénotypes
hypermutateurs. En effet, I’évolvabilité chez les bactéries peut étre tres liée a la régulation du taux de
mutation, et il se pourrait donc que la sélection pour un enrichissement en motif d’insertion dans les
génes hypermutateurs dépende avant tout de I'écologie. Notamment, la prédiction est que les genes
a potentiel hypermutateur sont plus enrichis en motifs d’intégration chez les espéces vivant dans les
environnements les plus variables. Par la suite, ce projet a également tenté de généraliser ce patron

observé a d’autres types de genes.
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Abstract

Protein coding genes can contain specific motifs within their nucleotide sequence that function as a signal for various biological
pathways. The presence of such sequence motifs within a gene can have beneficial or detrimental effects on the phenotype and
fitness of an organism, and this can lead to the enrichment or avoidance of this sequence motif. The degeneracy of the genetic code
allows for the existence of alternative synonymous sequences that exclude or include these motifs, while keeping the encoded amino
acid sequence intact. This implies that locally, there can be a selective pressure for preferentially using a codon over its synonymous
alternative in order to avoid or enrich a specific sequence motif. This selective pressure could—in addition to mutation, drift and
selection for translation efficiency and accuracy—contribute to shape the codon usage bias. In this review, we discuss patterns of
avoidance of (or enrichment for) the various biological signals contained in specific nucleotide sequence motifs: transcription and
translation initiation and termination signals, mRNA maturation signals, and antiviral immune system targets. Experimental data on
the phenotypic or fitness effects of synonymous mutations in these sequence motifs confirm that they can be targets of local selection
pressures on codon usage. We also formulate the hypothesis that transposable elements could have a similar impact on codon usage
through their preferred integration sequences. Overall, selection on codon usage appears to be a combination of a global selection
pressure imposed by the translation machinery, and a patchwork of local selection pressures related to biological signals contained in
specific sequence motifs.

Key words: codon usage, synonymous mutations, gene expression regulation, sequence targeting antiviral immune sys-
tems, transposable elements.

Significance statement

The frequency of use of synonymous codons varies between species and is known to be under selection for translation
speed and accuracy. In this review, we argue that an additional local selection pressure on codon usage is generated
by sequence motifs conveying different biological signals such as transcription and translation initiation, mRNA mat-
uration, antiviral immune system targets or preferred transposable elements insertion sequences. Alternative synon-
ymous sequences can be favored or disfavored because they contain these motif sequences. We review experimental
and bioinformatic evidence for these local selection pressures.

Introduction between species and between genes within a species
(Grantham et al. 1981; lkemura 1985). CUB is shaped by
mutation, selection, and drift (Bulmer 1991; Hershberg and
Petrov 2008; Plotkin and Kudla 2011; Shah and Gilchrist
2011). Selection on CUB is generally assumed to be driven
by its effects on translation efficiency (Tuller, Waldman, et al.

The redundancy of the genetic code is a consequence of the
existence of synonymous codons, which differ by their nucle-
otide triplets but code for the same amino acid. The different
codons within a synonymous codon family are not used at
equal frequencies; this codon usage bias (CUB) can vary

© The Author(s) 2021. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution.
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2010) and accuracy (Kurland 1992; Stoletzki and Eyre-Walker
2007), mediated by the coevolution of translation machinery
and CUB: an association between the frequency of use of a
codon and the availability of the corresponding decoding
tRNA has been established for various genomes (e.g., Duret
2000; Rocha 2004). Codon usage has been shown to mod-
ulate the rate and efficiency of translation, with examples
ranging from decreases in viral capsid protein production
leading to virus attenuation (Coleman et al. 2008) to 58%
translation elongation rate increases in human cell lines (Yan
et al. 2016).

Selection on codon usage does not always act in the direc-
tion of higher translation efficiency, and this direction can vary
across the genome and within genes. For example, in many
prokaryotic and eukaryotic species the first 30-50 bp of genes
often present an accumulation of codons which are at low
frequency in the rest of the genome. This has been associated
with a localized slow translation, preventing ribosomal colli-
sions downstream (Tuller, Carmi, et al. 2010). In bacteria, it
has been established that the corresponding part of the
MRNA presents a reduced folding energy compared to the
rest of the mRNA, which is assumed to favor translation ini-
tiation. An analysis of over 400 bacteria genomes confirmed
that codons overrepresented at the beginning of the genes
are those that reduce mRNA folding around the translation
start, regardless of whether these codons are frequent or rare
(Bentele et al. 2013).

Ribosome profiling and other technical advances have led
to an in-depth understanding of the complex relationship be-
tween codon usage, translation efficiency regulation, and
proteome composition. They enabled, for example, descrip-
tions of the effect of codon usage on mRNA secondary struc-
ture (Katz 2003) and accessibility to ribosomes (Kudla et al.
2009) as well as the measure of the rate of ribosomal drop-off
at low-frequency codons producing truncated proteins (Yang
et al. 2019). The kinetic coupling of translational speed and
protein folding has been described in detail (Pechmann and
Frydman 2013; Yuetal. 2015; Chaney et al. 2017; Zhao et al.
2017). Finally, the modulatory role of codon usage in mRNA
decay and stability has been documented in bacteria (Boél et
al. 2016), single celled eukaryotic yeast (Radhakrishnan et al.
2016), and between different tissues in humans (Burow et al.
2018). In particular, in human cells, codon usage is a key
determinant of the routing of mRNA towards P-bodies which
are cytoplasmic organelles involved in mRNA storage and de-
cay (Courel et al. 2019). These phenomena have been
reviewed by Brule and Grayhack (2017) and are not the focus
of the present review.

The existence of alternative synonymous sequences sug-
gests that protein coding genes could potentially contain or
exclude sequence motifs with biologically meaningful signals
in addition to simply coding for an amino acid sequence.
These biological signals can take the form of motifs in the
actual nucleotide sequence, or in the biophysical properties

of this sequence (secondary structure, hairpins, stiffness, etc.).
The presence of these “other codes” is particularly recognized
for biological signals involved in gene expression (e.g.,
Bergman and Tuller 2020), and it has been suggested that
the genetic code is better suited for encoding this additional
information than the vast majority of the potential alternative
genetic codes (ltzkovitz and Alon 2007). We argue here that
the potential for genes to contain information beyond the
code of the amino acid sequence implies that specific nucle-
otide sequences can be favored or disfavored, because of the
biological signal they carry. This can result in selection on local
codon usage for reasons other than its consequences on
translation accuracy and efficiency. In this review, we compile
the different biological signals that can be contained in nucle-
otide sequences. We further discuss patterns of avoidance or
enrichment of these sequence motifs and, when available, we
present experimental evidence of the phenotypic effects of
synonymous mutations in relation to these biological signals.
Figure 1 provides a summary of the elements discussed in this
review.

Sequence motifs involved in gene
expression regulation

Promoter, Near-Promoter and Antisense Promoter
Sequences

Promoters in bacteria are characterized by two consensus
sequences, TATAAT and TTGACA, respectively located 10
and 35 bp upstream of the transcriptional start site
(Browning and and Busby 2004). Active promoter sequences
are not necessarily an exact consensus sequence but usually
contain only three or four of the six nucleotides (Kinney et al.
2010). Promoter sequences, or sequences within a short mu-
tational distance from a promoter sequence, are likely to oc-
cur within DNA sequences because they are short and
moderately conserved. Indeed, 10% of 100bp random
sequences exhibit promoter activity in Escherichia coli, and
within 250 generations 60% of random sequences evolved
functional promoter activity due to a single mutation (Yona et
al. 2018). The potential of a given sequence to evolve a func-
tional promoter can be beneficial in terms of plasticity and
evolvability of the transcription network. It can even be ben-
eficial when occurring in a coding sequence: for example, in
bacteria, synonymous mutations at the end of the coding
sequence of a gene have been shown to be beneficial be-
cause they create a promoter from which the next gene in the
operon is transcribed, and this overexpression is advantageous
in specific environmental conditions (Ando et al. 2014;
Kershner et al. 2016). However, the appearance of a new
promoter within a coding sequence can also lead to an over-
production of RNA transcripts, sequestration of RNA polymer-
ase, and an overall reduction in gene expression (Lamberte et
al. 2017). Hahn (2003) found that coding sequences across
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A Sequence motifs involved in gene expression regulation

Transcription factor Termination Spliceosome Ribosome
factor
pre mRNA\ / mRNA N\
Transcnptlon = = =
Regulatory signal Promoter termination Exon splicing RBS Stop codon
AYANANEANY/ AN/ AN CANY/)\ A\ AN /AN 4\ SEAN "/ )\ "/s\ WA\ N
Sequence motifs \ & : o
; S & ) o & O R &
o“\db & & & é‘& & é\“\@ré{\ Vp"b %439 &
& & <& & & P L @ O&p
Patterns = Ve
Avoidance v v® X V7 X V12 X V7 X
Enrichment X X X X V'8 X X A 8 il
Experimental validation
Fitness/phenotypic effects /2 X V'8 v V89 88 131415 X X
Effects of synonymous 45 6 7 10
variation X v v L v X X
Groups
Bacteria V12 /345 /6 X X X V1112 V18 X 1920
Archaea v X X X X X X X X X
Eukaryotes X X X VT it v X X wllagel
B Sequence motifs targeted by antiviral immune systems
REase MTase APOBEC3 Unknown
pathway

QQQO

\\(}WN A\% \\[/Q(/\\ A\% \m A\ZA\\N

Sequence motifs Restriction site Deamination hotspot CpG or UpA dinucleotide

Patterns
Avoidance \/ 22232425 \/ 2930313233 \/ 37.38,39.40
Enrichment X s X
Experimental validation
Fitness/phenotypic effects V 827 \/ 35.96 \/ 394142434445
Effects of synonymous Va 38 o/ 394142434445
variation
Groups
Bacteriophages \/ 22232425 X X
Vertebrate viruses X \/ 29.30,3132.33 /374041424344
! 34,35,36
Plant viruses X v %
Host genome \/ 23242528 X V%

220z Aienigad G| uo 1senb Aq Z£8£9Z9//609BAS/6/E | /81011E/06/W 00 dNo"olWapes.//:Sdjy Wolj papeojumoq

Fic. 1.—(A) Observed avoidance or enrichment of sequence motifs involved in gene expression regulation and potential phenotypic effects. Different
processes depend on particular sequence motifs in the DNA or mRNA for their regulation (colored boxes from left to right: transcription initiation,
transcription termination, gene splicing, translation initiation, translation termination). Green checks indicate if there is evidence in the literature for avoidance
or enrichment of particular sequence motifs, if the presence or absence of these sequence motifs has observable phenotypic effects and if these phenotypic
effects can be modified through synonymous variation. An “?" indicates this issue is debated. The bottom rows indicate in which domains of life these

Genome Biol. Evol. 13(9) doi:10.1093/gbe/evab097 Advance Access publication 4 May 2021 3

242



Callens et al.

GBE

Eubacteria and Archaea are under selection to avoid canonical
promoter sequences, and Yona et al. (2018) computationally
showed that the E. coli coding genome is depleted in sequen-
ces close to promoter sequences. Furthermore, this avoidance
pattern is even stronger for essential genes, for which pertur-
bation is extremely costly. This suggests that specific intra-
genic combinations of codons corresponding to promoter
or near-promoter sequences are generally disadvantageous
but can also be beneficial in specific genomic and environ-
mental situations.

Intragenic promoters are, however, present on the anti-
sense strand in a diversity of bacterial species (Cohen et al.
2016). Transcription from antisense promoters produces RNA
fragments that are strictly complementary to the mRNAs pro-
duced from the sense strand and can hybridize with them.
Antisense transcripts often lead to some repression of trans-
lation because the presence of RNA duplexes along mRNA
can inhibit translation and target mRNA for degradation
(Brantl 2007; Brophy and Voigt 2016). It is unclear when
and to what degree the presence of these antisense pro-
moters is spurious or favored by selection because of their
role in translational regulation (Gophna 2018). Urtecho et
al. (2020) showed experimentally that E. coli genes containing
antisense promoter sequences had lower transcript levels. This
study also revealed that the portions of the sense strand com-
plementary to the antisense promoters contain many codons
present at low frequency in the rest of the genome. These
sequences thus seem to be constrained both by their role in
amino acid coding and as antisense promoters with a regula-
tory function. In this context, synonymous mutations could
have a phenotypic impact by affecting the functionality of
antisense promoters and consequently the transcript levels
of the genes containing them.

Ribosome Binding Sequences

Translation of mRNA is initiated by the binding of a ribosome
to the ribosomal binding site (RBS). Across all bacterial species,
the consensus RBS consists of a 6-7 bp motif found 5-10 bp

upstream of the start codon and complementary to the 3’ tail
of the 16S ribosomal RNA (Shine and Dalgarno 1974). RBSs
are relatively short and sequences that are one or two muta-
tions away from the consensus Shine-Dalgarno sequence can
be a functional RBS (Omotajo et al. 2015). Intragenic RBSs
may promote spurious internal translation initiation leading to
the production of frame-shifted or truncated protein
(Whitaker et al. 2015), which is expected to have negative
fitness effects (Drummond and Wilke 2009). Intragenic RBSs
are also known to increase the rate of ribosomal frame-
shifting during translation elongation. In some cases, this
has been shown to be “programmed frameshifting” allowing
the production of two different functional proteins from the
same coding sequence (Devaraj and Fredrick 2010; Chen et
al. 2014). However, cases of spurious ribosomal frame-
shifting during translation elongation are likely to have nega-
tive consequences. In various bacterial species, internal RBSs
have also been shown to induce translational pauses by di-
rectly binding to the ribosome and thereby reducing the local
translation elongation rate (Li et al. 2012; Schrader et al.
2014), leading to a reduction in the quantity of protein pro-
duced (Osterman et al. 2020). This slow local translation can
have a positive effect on fitness by allowing correct protein
folding or down-regulating protein translation (Fluman et al.
2014; Frumkin et al. 2017), or a negative effect if this down-
regulation is maladaptive. Like promoter sequences, RBSs also
have a high probability of occurring by chance in coding
sequences, given their small size. It is difficult to predict
whether these motifs will be favored or disfavored by selec-
tion because of the diversity of mechanistic and fitness con-
sequences intragenic RBSs can have. The vast majority of
prokaryotic protein coding sequences are depleted of internal
RBSs (Itzkovitz et al. 2010; Diwan and Agashe 2016). Using a
comparative approach, Hockenberry et al. (2018) showed
that strong intragenic RBSs detected in E. coli present a low
level of conservation across Enterobacteriales and that
sequences downstream of internal RBSs are strongly depleted
of ATG start codons. Both observations suggest a negative
effect of the presence of these sequences. The general

observations have been made. References: "Hahn (2003), 2Lamberte et al. (2017), *Yona et al. (2018), *Ando et al. (2014), *Kershner et al. (2016), ®Urtecho
et al. (2020), “Zhou et al. (2018), 8Savisaar and Hurst (2017), %Sterne-Weiler et al. (2011), '®Mueller et al. (2015), "'itzkovitz et al. (2010), *Diwan and
Agashe (2016), Schrader et al. (2014), "Li et al. (2012), ®Osterman et al. (2020), ®Eyre-Walker (1996), "Johnson et al. (2011), "®Morgens et al. (2013),
9Tse et al. (2010), 2°Abrahams and Hurst (2018), and 2'Bertrand et al. (2015). (B) Observed avoidance or enrichment of sequence motifs targeted by
antiviral immune systems and potential phenotypic effects. Different types of antiviral immune systems are considered (colored boxes from left to right:
bacterial R-M systems [Rease-MTase]; mammalian apolipoprotein B mRNA editing enzyme, catalytic polypeptide-like 3 [APOBEC3] mediated innate immu-
nity; eukaryotic antiviral pathways targeting CpG or UpA dinucleotides of which the zinc-finger antiviral protein [ZAP] is known to act in vertebrates but for
plants the molecular pathways are yet to be elucidated). Green checks indicate if there is evidence in the literature for avoidance or enrichment of particular
sequence motifs, if the presence or absence of these sequence motifs has observable phenotypic effects and if these phenotypic effects can be modified
through synonymous variation. The bottom rows indicate in which host groups observations have been made in their infecting viruses or in the host genome
itself. References : 22Sharp (1986), 23Karlin et al. (1992), 2*Rocha (2001), 2°Rusinov et al. (2018), 2®Pleska et al. (2016), 2”Pleska and Guet (2017), 28Gelfand
and Koonin (1997), ®Warren et al. (2015), *Poulain et al. (2020), 3'Martinez et al. (2019), 3Chen and MacCarthy (2017), *Verhalen et al. (2016),
34Monajemi et al. (2014), *Armitage et al. (2012), *®Sato et al. (2014), 3Chen et al. (2014), 3¥Simmonds et al. (2013), 3%brahim et al. (2019), 4°Xia (2020),
“Burns et al. (2009), **Gaunt et al. (2016), **Takata et al. (2017), **Fros et al. (2017), **Trus et al. (2020), and “**Burge et al. (1992).
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pattern emerging from these data is a pattern of selection
against intragenic RBSs although they may be favored by local
selection when their regulatory effect on protein elongation is
beneficial. Regardless of the direction of selection on intra-
genic RBSs, these selective pressures have the potential to
impact local codon usage (Li et al. 2012).

Overlapping and Near-Overlapping Genes

Overlapping genes are widespread in bacterial genomes be-
cause of their high gene density: a study analyzing 699 bac-
terial species revealed more than 90% have at least one
overlapping gene pair (OGP), while some genomes harbor
up to 3,000 OGPs (Ahnert et al. 2008). Additionally, a high
proportion of codirectional gene pairs are “near-OGPs” with
less than 40 bps between the two genes (Palleja et al. 2009).
As a consequence, the upstream gene sequence provides
both the code for its own amino acid sequence and the pro-
moter and RBS of the downstream gene. For OGPs, the 3’ end
of the upstream gene also codes for the amino acid sequence
of the downstream gene (Huvet and Stumpf 2014). The dou-
ble role of these regions constrains the codon usage and par-
tially explains why CUB on the end of bacterial genes is often
different from the rest of the genome (Eyre-Walker 1996).

Stop, Near-Stop and Out-of-Frame Stop Codons

Stop-codon usage is under similar global selection pressure as
other codons. In particular, a correlation has been established
between stop codon use and availability of the corresponding
release factor (Korkmaz et al. 2014). Stop-codon usage is
additionally under specific selection pressure in many up-
stream genes of OGPs in prokaryotes; which often share 1
or 4 bp with the downstream gene, resulting in the overlap of
the upstream gene stop codon with the downstream gene
ATG start codon. This overlap restricts the choice for stop
codons and favors the use of TGA (Eyre-Walker 1996).
Some amino-acid coding codons, called near-stop codons,
have only one nucleotide difference from stop codons. Near-
stop codons can lead to processivity errors when mutations or
transcription/translation errors occur (Freistroffer et al. 2000).
As processivity errors lead to the production of truncated
proteins, they are costly, particularly if they occur late in trans-
lation. Selection is predicted to disfavor near-stop codons
within coding regions, with a gradual increase in selection
pressure along the coding sequence. To our knowledge,
only one study has attempted to test this prediction
(Johnson et al. 2011), which found evidence for the predicted
pattern in coding regions of yeast and humans. Additionally,
this selection pressure against near-stops seems to be released
in the 30-50 codons upstream of the stop codon. However,
certain amino-acids are coded only by near-stop codons,
while other amino-acids can be coded by both near-stop
and nonnear-stop codons. This result should therefore be

regarded with some caution because no correction was
made for amino-acid usage. If the hypothesis were verified
across species, this would indicate that avoidance of near-stop
codons partially shapes the CUB for the four amino-acids
coded both by near-stop and non near-stop codons
(Leucine, Serine, Arginine, and Glycine).

Finally, the ambush hypothesis proposes that selection
might favor out-of-frame stop codons in coding regions,
allowing translation to be rapidly aborted when ribosomal
frame-shifts occur, thereby reducing the cost of producing a
long nonfunctional polypeptide (Seligmann and Pollock
2004). Various studies (Singh and Pardasani 2009; Tse et al.
2010; Bertrand et al. 2015; Abrahams and Hurst 2018) have
tried to test the ambush hypothesis, but disagree on the in-
terpretation of the analysis performed and no general conclu-
sion has been reached for now. Indeed, a vast majority of the
studies detected an enrichment of out-of-frame stop codons
in coding sequences but this enrichment is not significantly
more pronounced than the enrichment in other out of frame
codons (Morgens et al. 2013). If out-of-frame stop codons are
indeed enriched in coding regions, this will have an impact on
the specific in-frame codons used.

Transcription Termination Sequences

Transcription termination signals may play an important role
in shaping CUB in eukaryotes. Endonucleolytic cleavage of
nascent eukaryotic mRNAs is followed by synthesis of the
polyadenosine (poly(A)) tail at specific cis-acting polyadenyla-
tion sites. These sites, called poly(A) signals, are generally
highly conserved AU-rich motifs, mutations in which lead to
defects in mRNA processing (Tian and Manley 2017). Using
the eukaryotic model organism Neurospora crassa, Zhou et al.
(2018) demonstrated experimentally that rare codons led to
premature transcription termination by creating putative
poly(A) sequences. This is because there is a strong preference
for C/G nucleotides at the wobble positions of N. crassa
codons, so genes with rare codons contain higher A/U fre-
quencies and are more likely to lead to the formation of
poly(A) signal motifs. Zhou et al (2018) also showed, using
a bioinformatics approach, a similar consequence of rare co-
don usage in mice. The authors suggest that preferences in
codon usage may have coevolved with transcription termina-
tion machinery to avoid costly premature termination of tran-
scription in GC-rich eukaryotes.

Exon Silencing and Exon Enhancer Sequences

In eukaryotic gene expression, transcription is followed by
splicing—a process through which nonprotein coding introns
are removed from the pre-mRNA, and protein-coding exons
are joined to produce a mature mRNA. Splicing is catalyzed by
a large RNA-protein complex that recognizes specific se-
guence motifs in the pre-mRNA, both within introns and
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exons (Abramowicz and Gos 2018). Exons contain Exonic
Splice Enhancers (ESE) and Exonic Splice Silencers (ESS), which
enhance integration into the mature mRNA or silence it, re-
spectively. Disruption of ESE sites can cause the skipping of
exons, leading to the production of dysfunctional proteins.
Conversely, the creation of new ESS sites can lead to a similar
outcome, by skipping previously included exons. Many ESE
sites are involved in interactions with RNA-binding proteins
(RBPs) and a selective pressure to conserve or avoid RBP motifs
has been shown in primates and rodents (Savisaar and Hurst
2017). Interestingly, the strength of selection to conserve ESEs
has been linked to effective population size. Wu and Hurst
(2015) showed, in a study across 30 different species that
mean intron size predicts ESE density, with mean intron size
negatively correlating with effective population size. This ar-
gument also holds within species, with higher ESE density at
genes with larger and more numerous introns.

Perturbation of exon encoded regulatory information has
been associated with numerous human pathologies, includ-
ing cystic fibrosis, Lynch syndrome, breast cancer, muscular
dystrophy and haemophilia B (Sterne-Weiler et al. 2011;
Savisaar and Hurst 2017). A comparative study (Fairbrother
et al. 2004) showed that exon ends, where ESE are located,
contain fewer single nucleotide polymorphisms than the cen-
tral region of exons, and linked this pattern to the highly
conserved splicing regulatory information encoded at exon
extremities. Additionally, an experimental approach deter-
mined that 23% of synonymous mutations across exon 7 of
the human SMNT gene decrease exon integration into mRNA
(Mueller et al. 2015). This suggests that for some genes, splic-
ing signals are encoded over the whole length of the exon.
Thus, avoidance and maintenance of splice signals and other
nonsplicing-associated RBP motifs could influence codon us-
age over extensive portions of the coding genome.

Sequence Motifs Targeted by Antiviral
Immune Systems

Viral reproduction depends on their host’s cellular machinery
because viruses release their genetic material directly into the
cytoplasm of host cells where replication, transcription, and
translation occur. The genetic material of viruses is thus a
direct target for intracellular antiviral immune systems that
recognize foreign nucleic acids based on specific sequence
motifs, subsequently degrade the viral genetic material, and
thus impede viral replication. In response, viruses have evolved
sophisticated mechanisms to evade host immune responses
such as DNA modification, the production of proteins that
inhibit the action of certain restriction systems, the use of
unusual bases in their genetic material and virus-encoded
methylation (Tock and Dryden 2005; Harris and Dudley
2015). However, to evade immune systems that rely on the
recognition of specific sequence motifs, the simplest strategy

is to avoid these sequence motifs in their genetic material.
Viruses have been shown to effectively evade host immune
responses through synonymous mutations that remove target
sequence motifs from their genome—uwhile keeping the in-
tegrity of their coding sequences (Pleska and Guet 2017;
Takata et al. 2017). This mechanism appears to be wide-
spread, and the following sections provide an overview of
the avoidance of sequence motifs in viral genomes that can
be recognized by different antiviral immune systems.

Recognition Sites for Restriction—Modification Systems

Bacterial restriction—modification (R-M) systems target recog-
nition sites on double stranded DNA molecules that are gen-
erally composed of a 4-8 bp palindromic sequence. R-M
systems consist of two enzymes: a restriction endonuclease
(REase) and a methyltransferase (MTase). The REase cleaves
the DNA at the recognition site, creating a double strand
break. During bacterial DNA replication, the MTase methyl-
ates cytosine and adenine bases at the same recognition site,
protecting it from cleavage by the REase. Through the com-
bined action of the MTase and the REase, R-M systems can
discriminate between host and foreign DNA containing rec-
ognition sites, and consequently cleave only the foreign DNA
(Tock and Dryden 2005).

The biological consequences of recognition sites have been
widely studied in bacteriophages, because they are the pri-
mary target of REases. The increasing availability of phage
genomes from the 1980s onward has allowed testing for
the avoidance of recognition sites that could be cleaved by
the REases of their hosts (e.g., Sharp 1986; Karlin et al. 1992;
Blaisdell et al. 1996; Rocha 2001; Rusinov et al. 2018). Indeed,
in many phages, there seems to be selection for eliminating
recognition sites that could be targeted by their host, resulting
in a significant avoidance of these motifs (Sharp 1986).
However, this strategy of avoiding host immune defences
does not seem to be universal among phages, and three gen-
eral factors have been identified that influence the occurrence
of recognition site avoidance. First, recognition site avoidance
is strongly dependent on the genetic material of the phage:
dsDNA and ssDNA phages often avoid recognition site motifs,
while RNA phages do not (Rocha 2001; Rusinov et al. 2018).
This pattern is expected, as RNA phages are not targeted by
REases, which only act on double stranded DNA. Although
sSDNA phages are also resistant to restriction during their in-
fective stage, they go through a double stranded stage during
replication within the host, providing a window for REase
attack and thus for selection to act against recognition site
motifs. Second, the occurrence of restriction site avoidance
depends on the type of R-M system: avoidance is often ob-
served for recognition sites targeted by orthodox Type Il R-M
systems, but usually not for recognition sites of Type | and
Type lll R-M systems (Sharp 1986; Rusinov et al. 2018). There
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are several explanations for this observation. In Type Il sys-
tems, the REase and the MTase are independent enzymes
with separate DNA recognition domains, while Type | and
Type Il systems function as hetero-oligomeric complexes
with a single sequence recognition domain (Tock and
Dryden 2005). Sharing of recognition domains between R
and M factors makes it easier to change the specificity of
Type I and Type Il systems than that of Type Il systems. This
instigates a phage-bacteria arms-race with rapid changes in
the specificity of host defence, rendering recognition site
avoidance a less efficient strategy for long-term avoidance
of host immune defence using Type | or Type Ill R-M systems
(Rusinov et al. 2018). Several phages are also known to pro-
duce universal antirestriction proteins that can inhibit the ac-
tion of Type | or Type Il R-M systems, and are thus protected
against restriction even when recognition sites are present in
their genome (e.g., SAMase in phage T3, Karlin et al. 1992).
Due to the high diversity in Type Il R-M systems, such a uni-
versal defence could be more difficult to establish (Rusinov et
al. 2018). Type | and Type lll systems also often require two
recognition sites to be present on opposing strands, so avoid-
ance can additionally be achieved by removing a recognition
site from only one strand (Tock and Dryden 2005). Third,
bacteriophage lifestyle also seems to be a determining factor
for the strength of selection against recognition sites, with
lytic phages showing a higher degree of recognition site
avoidance than temperate phages (Sharp 1986; Karlin et al.
1992; Rocha 2007; Rusinov et al. 2018), probably because
temperate phages integrate into the genome of the host
where their DNA will be methylated and thereby escape
restriction.

Pleska and Guet (2017) provided direct experimental sup-
port for the phenotypic effect of synonymous mutation
through recognition site changes in bacteriophage 4 cI857,
a conditionally lytic phage of E. coli. This phage contains five
EcoRl restriction sites, into which synonymous mutations were
introduced. They observed that all individual synonymous
point mutations increased the likelihood of phage escape,
although at a variable rate. The combination of five synony-
mous mutations, one in each restriction site, provided full
escape from restriction by EcoRI. These experimental data
represent direct evidence for strong phenotypic effects of syn-
onymous mutations located in a restriction site.

Although the genomes of bacteria encoding R-M systems
are assumed to be protected from self-restriction through
methylation of recognition sites, several studies have found
that many bacterial genomes also show significant recogni-
tion site avoidance (Karlin et al. 1992; Gelfand and Koonin
1997; Rocha 2001; Rusinov et al. 2018). This indicates that
there is a substantial selective pressure on bacterial genomes
to avoid recognition sites and prevent self-restriction. For ex-
ample, the EcoRI recognition site is avoided in the E. coli ge-
nome (Gelfand and Koonin 1997). Pleska et al. (2016)

experimentally demonstrated that the genomic DNA of E.
coli'is frequently cleaved by EcoRI, and this might be caused
by differences in expression levels of the REase and MTase. By
comparing the probability of escaping restriction and levels of
selfrestriction by two restriction enzymes, Pleska et al. (2016)
suggested a trade-off between the efficiency of defence
against phages and selfrestriction, which can be mitigated
by restriction site avoidance in the host genome.

APOBEC3 Hotspots

APOBECS3 (apolipoprotein B mRNA-editing enzyme, catalytic
subunit 3 or A3) enzymes belong to a family of mutagenic
cytidine deaminases that transform cytidine to uracil in DNA
or RNA. A3s participate in mammalian innate immunity
against retrotransposons, exogenous viruses and endogenous
viruses, in which they induce mutations that restrict their rep-
lication (Harris and Dudley 2015). A3s have a specific pre-
ferred deamination context, called a deamination
“hotspot.” For example, the 5'TC motif is a hotspot for
A3B, while 5’CCC is a hotspot for A3G. Preferred motifs of
a particular APOBEC can be changed through a small number
of amino-acid changes in the hotspot recognition loop (Kohli
et al. 2009), and the expanded A3 gene repertoire in mam-
mals is assumed to be the result of gene duplication and di-
versification of preferred motifs in response to selective
pressures from various viral infections (Munk et al. 2012).
The antiviral action of A3s has been found to exert a mu-
tational and selective pressure on many viral genomes. Recent
studies indicated an elevated C to U mutation rate in SARS-
CoV2, which can be attributed to the action of A3 (Di Giorgio
et al. 2020; Ratcliff and Simmonds 2021; Rice et al. 2021).
Viral genomes also often exhibit a depletion of A3 hotspots
(Warren et al. 2015; Chen and MacCarthy 2017; Martinez et
al. 2019; Poulain et al. 2020). Such a depletion has been
recorded in as many as 22% of all human viruses, and is
most striking for 5'TC motifs that occupy the second and third
position in a codon, where a deamination of the third codon
position is always synonymous (Poulain et al. 2020).
Furthermore, a high genomic GC content also provides pro-
tection against A3s because it tends to minimize the presence
of hotspots (Chen and MacCarthy 2017). However, a com-
plete avoidance of A3 hotspots is generally difficult to obtain,
because it often requires multiple nonsynonymous mutations
that would be detrimental to the virus (Martinez et al. 2019).
Depletion of A3 hotspots is only apparent in certain viral
families, with members of the papillomaviruses, polyomavi-
ruses, coronaviruses, and autonomous parvoviruses showing
the strongest depletion (Verhalen et al. 2016; Warren et al.
2015; Poulain et al. 2020). This pattern could be caused by a
higher A3 pressure on these viral families, either because they
infect cell types with higher A3 expression levels, because they
induce A3 expression in their host, or because they lack
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proteins that inhibit A3 activity (Warren et al. 2015; Verhalen
et al. 2016). HIV, for example, is highly susceptible to A3G,
but can effectively avoid deamination by the production of
the vif protein that neutralizes A3G, reducing the need for
A3G motif avoidance (Harris and Dudley 2015).

Although the action of A3-induced hypermutation is
expected to have predominantly inactivating effects on HIV-
1 (Armitage et al. 2012), some studies found evidence that
during early infection HIV-1 can sometimes benefit from A3-
induced hypermutation (Wood et al. 2009; Monajemi et al.
2014; Sato et al. 2014). This benefit is caused by accelerated
evolution and diversification of positions targeted by the
adaptive immune system, allowing for a quick evasion from
the initial immune response. There are indications for positive
selection on several codon sites within A3 hotspots of the
envelope gene of HIV-1 that diversify during the early stages
of infection (Wood et al. 2009). Sato et al. (2014) furthermore
experimentally showed that in HIV-1 vif mutants, the action of
A3D/F can promote in vivo viral diversification leading to a
conversion of coreceptor usage. It has been hypothesized that
this could explain an observed enrichment of A3 hotspots in
cytotoxic T-cell epitope encoding portions of the HIV genome
(Monajemi et al. 2014), but it remains unclear how selection
for deaminated hotspots during early infection is counter-
acted by selection for unmodified hotspots during viral
transmission.

CpG and UpA Dinucleotides

Frequencies of CpG and UpA dinucleotides are often signif-
icantly depleted in both vertebrate and plant RNA viruses
(Cheng et al. 2013; Simmonds et al. 2013; Ibrahim et al.
2019; Xia 2020). This depletion can be partially caused by
the viral genome mirroring the nucleotide composition of the
host mMRNA, which avoids CpG and UpA for reasons other
than interactions with antiviral immune systems (Beutler et
al. 1989). However, experimental evidence suggests that
plant- and vertebrate RNA viruses are additionally subjected
to a selective pressure for CpG and UpA avoidance imposed
by the host’s antiviral immunity. Artificially increasing CpG
and UpA dinucleotides, through synonymous mutations in
protein coding genes or mutations in noncoding regions,
was shown to strongly decrease replication in a large variety
of viruses such as poliovirus (Burns et al. 2009), Influenza A
(Gaunt et al. 2016), HIV-1 (Takata et al. 2017), the human
enteric echovirus 7 (Fros et al. 2017), the potato virus Y
(Ibrahim et al. 2019), and Zika virus (Trus et al. 2020). Fros
et al. (2017) furthermore inferred that this effect was not
caused by a lower translation efficiency due to changes in
codon usage, thus suggesting the action of an intrinsic de-
fence pathway present in the host cells acting on CpG and
UpA dinucleotides. Takata et al. (2017) partially confirmed
this by showing that the zinc-finger antiviral protein (ZAP) is

involved in inhibiting virion production through targeting
CpG dinucleotides in the RNA of HIV-1. Based on these
findings, Xia (2020) proposed that the extreme CpG defi-
ciency in SARS-CoV-2 could contribute to its high virulence in
humans by allowing it to successfully avoid ZAP-mediated
antiviral immunity. The immune pathways targeting CpG
and UpA dinucleotides of plant viruses have not been eluci-
dated, but analogous processes to those in vertebrates might
also operate in plants (Ibrahim et al. 2019).

Conclusions and Perspectives

We have reviewed a number of biological mechanisms that
are likely to exert selection pressure on local codon usage for
reasons other than selection for translation accuracy and ef-
ficiency. In the light of these different elements, selection on
codon usage appears to be a combination of a global selec-
tion pressure imposed by the translation machinery, and a
patchwork of local selection pressures linked to the enrich-
ment or avoidance of specific nucleotide sequences that con-
tain biological signals. However, contrary to the translational
selection, the local, nontranslational selection pressures do
not apply to all genomes, as some are specific to viruses or
to prokaryotes (see fig. 1 for an overview). It is also important
to realize that some sequence patterns could be subject to
multiple selection pressures. For example, a palindromic se-
quence could be under selection both because it is the pre-
ferred insertion site for certain Transposable Elements (TEs)
(see Box 1) and also because it is a restriction site. Specific
selection pressures can therefore not be simply deduced by
finding that a specific pattern is avoided or enriched in a ge-
nome, or a part of the genome. Knowledge of the evolution-
ary history of the species is generally necessary to make
inferences about selective pressures (e.g., associations with
specific TEs, specific restriction enzymes encoded and levels
of selfrestriction). Additionally, for most mechanisms
reviewed (except R-M motifs and CpG/UpA moitifs), there
are reports of both avoidance and enrichment of the same
motif or of positive and negative effects on fitness of the
addition or removal of these motifs. In these cases, the direc-
tion of selection is determined by factors that range from
environmental conditions to surrounding sequences. Testing
for avoidance or enrichment at a scale at which both might
occur can lead to negative results or to errors in the estimation
of the strength of the selection pressure. Finally, for all motifs,
avoidance or enrichment patterns can be obtained through
both synonymous and nonsynonymous mutations, but syn-
onymous mutations are generally expected to have lower di-
rect fitness effects and for this reason represent a priori a
preferred way of avoiding or enriching specific patterns.
Yet, when an avoidance or enrichment is observed, it cannot
be excluded that nonsynonymous mutations contributed to
this pattern.
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From a methodological point of view, the detection of
over- or under-representation of a particular sequence motif
in a genome is often not a trivial task, and is an important
issue in computational biology. This detection requires an ap-
propriate model of the genome that assumes the absence of a
selective pressure on the sequence motif to which observed
frequencies can be compared. A wide range of methods have
been developed for this task, including simple estimations
using the product of nucleotide or k-mer frequencies and
approaches using Markov models (see e.g., Rusinov et al.
2018 for a comparison of methods). Given these methodo-
logical difficulties, several authors have noted that some
observations of sequence motif avoidance or enrichment
are inconclusive and can be artifacts of an erroneous meth-
odology (Sharp 1986; Morgens et al. 2013). It is also a well-
known problem that the inference of selection on codon us-
age by comparative sequence analysis can be confounded by
mutational bias, as both processes can produce similar motif
enrichment/avoidance and codon usage patterns (Laurin-
Lemay et al. 2018). Mutation biases can affect codon usage
on both a genome-wide and a local scale (Duret 2002).
Disentangling the effects of selection and mutational bias
on codon usage is thus not an easy task, and is still a subject
of much debate (Galtier et al. 2018; Laurin-Lemay et al.
2018). Along the same lines, inference of selection on codon
usage can be erroneous because factors such as amino acid
usage bias or gene expression are not considered. For exam-
ple, it was assumed that translational inefficient codons are
selected at the 5’ end of bacterial signal peptides because they
can facilitate protein secretion (Power et al. 2004). However,
Cope et al. (2018) refuted this hypothesis by showing that the
5 end of bacterial signal peptides show no differences in CUB
compared to cytoplasmic proteins after correcting for amino
acid usage and gene expression. In the studies cited in the
present review, selection is often inferred based on deviations
from genome-wide nucleotide or k-mer frequencies.
However, these generally do not account for context-
dependent mutational biases or amino acid usage (although
see e.g., Wood et al. 2009 accounting for mutational hot-
spots). The usage of more elaborate models accounting for
multiple confounding factors could thus nuance the assump-
tion of selection when observing avoidance or enrichment of
a particular sequence motif. Ideally, the fitness effects of syn-
onymous mutations are empirically determined to provide un-
equivocal evidence for selective pressures on these
synonymous positions (Pleska and Guet 2017).

Patterns of avoidance or enrichment in specific motifs or
codons are thus not necessarily the product of selection.

Conversely, the existence of selection for or against a motif
does not necessarily result in the enrichment or avoidance
of this motif because it depends on the selection coefficients
and the effective population size. For translational selection,
selection coefficients on synonymous mutations are gener-
ally assumed to be weak (Sharp and Li 1986) and transla-
tional selection is only expected to shape codon usage
when the effective population size is large enough so that
selection can overcome drift, as stated by the nearly neutral
theory (Ohta and Gillespie 1996). Consequently, transla-
tional selection is assumed to shape the codon usage of
species with large effective population sizes, such as many
microorganisms and some invertebrate animals, but not (or
less) in species with a small effective population size such as
larger mammals (Galtier et al. 2018). For nontranslational
selection on codon usage, selection coefficients are gener-
ally unknown, but they probably vary widely between selec-
tive pressures and synonymous sites (e.g., selection against
near-stop codons might be weak while selection on avoid-
ing sequence motifs targeted by antiviral immune systems
might be stronger). To estimate the potential impact of
nontranslational selective pressures on the codon usage of
a particular species, both the selection coefficient acting on
synonymous variation and the effective population size of
the species will need to be considered. However, sometimes
extrapolation might not be so straightforward as selection
coefficients on synonymous variation might be indirectly af-
fected by the effective population size (Wu and Hurst
2015). Future studies investigating the importance of non-
translational selective pressures for shaping codon usage in
a wide variety of organisms will be of particular interest to
address this issue.

Selection on codon usage thus appears as a complex phe-
nomenon composed of a mix of global and local pressures.
The local pressures are both diverse and specific to certain
genome groups, the level of evidence of their existence also
varies and it is very likely that some “other codes” of DNA
have yet to be uncovered. For example, all the elements for
selection against or for the presence of preferred target
sequences for TEs are present (see Box 1), but to our knowl-
edge, these patterns and the potential effects on selection
and evolution of local codon usage have not yet been inves-
tigated. To get a complete and accurate picture of the patch-
work of local selective pressures on codon usage and its
evolution, more work is required to rigorously identify their
molecular signature, to experimentally measure the fitness
effects of synonymous mutations in the identified patterns,
and to test new hypotheses.
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Text box 1.

Is Local Codon Usage Influenced by Transposable Elements?

Transposable elements (TEs) are DNA sequences that have the ability to change their position (i.e., to transpose) within or
between genomes. TEs are widely spread across all eukaryotic and prokaryotic genomes, and their effects on genome
structure and organism fitness are manifold (see Bourque et al. 2018 for a review): 1) TEs increase genome size by accu-
mulating in genomes (Naville et al. 2019). 2) They create new recombination sites and thereby induce chromosome
rearrangements (Lonnig and Saedler 2002). 3) They enhance the expression of genes, for example, by introducing new
cis-regulatory elements in their neighborhood (Salces-Ortiz et al. 2020). (iv) They are a source of novel mutations: either by
disrupting the expression of the genes they integrate into, or by introducing new genes (Jangam et al. 2017). Thus, the
phenotypicchangesinduced by TEsrange from adaptive (Salces-Ortizetal. 2020) tolethal (Tsugekietal. 1996). Thesignand
amplitude of the fitness effect depends mainly on the TE content and on its insertion site.

Many TE families show strong preferences for their insertion sites (Levin and Moran 2011), but some have dispersed
integration patterns, and exhibit low or no preference, for example, ~500,000 copies of the L1 retroelement can be
found throughout the human genome. For TEs showing an integration site preference, a precise nucleotide pattern is
often required, for example the conserved 60 bp attnTn7 sequence required for the integration of Tn7 in bacterial
chromosomes (Kuduvalli 2001; Parks and Peters 2007). The preferred integration site can also be a shorter, less
conserved palindromic sequence, as for example the 6bp motif where Tn10 preferentially inserts (Halling and
Kleckner 1982). Other TE families show preferences for certain parts of the genome: some integrate in gene-rich
regions but avoid coding regions, for example, Drosophila P element often integrates 500 bp upwards of transcription
start sites (Bellen et al. 2011) and others integrate specifically in heterochromatin and other weakly expressed regions,
for example, in Saccharomyces cerevisiae, 90% of Ty5 integration events occur in heterochromatin at telomeres (Zou
and Voytas 1997). In many cases, the likelihood of transposition to a site mostly depends on DNA mechanical
properties: namely DNA deformability, curvature, and melting (see Arinkin et al. 2019 for a review). Unwinding
and bending of DNA allows precise cleavage of the target site, and renders integration irreversible (Morris et al.
2016; Ru et al. 2018). DNA melting allows the conjugative transposons to easily recombine with many insertion sites
regardless of homology (Rubio-Cosials et al. 2018). Even when recognition by the transposase requires a few precise
invariant base pairs (e.g., several DDE transposases require invariant T/A nucleotides in the sequence in order to
integrate), DNA helix flexibility may be necessary to allow recognition and integration through base-flipping and
formation of a base-specific contact zone with the transposase (Morris et al. 2016). Structural properties of DNA
directly depend on sequence composition. GC content decreases thermostability and bendability but increases DNA
curvature (Vinogradov 2003). The deformability of TE integration sites is suggested to be linked to their palindro-
micity, to their enrichment in T/A pairs (Arinkin et al. 2019) and in pyrimidine-purine base steps (Maskell et al. 2015;
Morris et al. 2016).

The codon usage of transposable elements and the evolutionary forces shaping it have been investigated and debated
(Lerat et al. 2002; Jia and Xue 2009; Southworth et al. 2019). It is also well established that the observed distribution of
TEs in genomes is the result of both TE integration preferences and selection against the integration of TEs at certain loci
(Sultana et al. 2017). However, to our knowledge, selection pressure on DNA motifs preferred for TE insertion, the
resulting avoidance or enrichment and the potential impact on local codon usage has not been studied. However, by
combining knowledge on TE insertion fitness effects and on the nature of preferred insertion sites, predictions can be
derived. Local codon usage is likely to be a determinant of the local abundance of TE integration sites, either because
synonymous versions of local sequences differ in their content of sequence-specific integration sites or palindromes, or
because nucleotide sequence determines DNA mechanical properties (Olson et al. 1998) which favor or disfavor TE
integration. Synonymous polymorphisms that increase the likelihood of TE integration will be less fit and purged from
the population. This would give rise to a local codon usage preference that reduces the number of insertion motifs in
coding regions. This evolutionary scenario should be most prevalent when fitness is highly correlated with gene ex-
pression, that is, in organisms with few redundant genes and/or a fast life cycle, and this selection for avoidance of
integration sites should also be stronger for essential genes.

TE insertions can also have positive fitness effects, as adaptation to novel environments can be achieved by loss-of-
function mutations, particularly in bacteria (reviewed in Hottes et al. 2013). In fluctuating environments, it might be
advantageous to have the capacity to remobilize previously lost gene functions. In this context, we could imagine that
gene expression could switch between “off” and “on” states through the integration/excision of nonreplicative TEs
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(e.g., via cut-and-paste transposition mechanism). Local codon usage preference could thus be under selection to
increase the likelihood of transposon integration in these genes. Both predictions for enrichment and avoidance of TE
integration sites can be tested by comparing the frequency of TE integration sites in different gene categories.

Predictions for enrichment can additionally be tested

by analyzing whole genome sequencing data from experimental

evolution studies involving stressful conditionsfluctuating over an extended period.
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Abstract :

In front of the antibiotic pressure, a wide range of resistance mechanisms exist. They represent an in-
creasing public health issue, which does and will have major consequences on human mortality. Current
strategies —mostly based on antibiotic consumption reductions— globally fail to contain this persistent
issue. Moreover, even though it is undeniable that the extensive antibiotic use during the past decades
has been a driver of antibiotic resistance evolution, its impact on the emergence and the propagation
of antibiotic resistance is often overestimated compared to other factors. First, selection on antibiotic
resistance cannot be restricted to the medical and veterinary uses of antibiotics. Second, the evolution
(i.e. the emergence, maintenance and spread) of a trait in populations also relies on other evolutionary
forces and ecological processes. Finally, the intertwining of these factors induces an intricate evolution
of resistant phenotypes, relying on several scales ranging from genetic determinism to environmental
dynamics. The aim of this thesis is therefore, through an eco-evolutionary approach, to improve the
understanding of forces and mechanisms shaping directions and movements of antibiotic resistance
genes. To do so, this thesis focuses on aminoglycoside resistance by modifying enzymes. The results
of this work highlight the importance of ecological and genomic factors in the circulation of resistance
genes, and thus conclude that integrative studies of resistance are thus required. To begin with, this
thesis reveals that the distribution of aminoglycoside resistance is loosely linked to variation in ami-
noglycoside consumption across Europe, but strongly structured by globalization (trade, migration) and
even more by ecological connectivity. Subsequent analysis underscores the underestimated role of non-
pathogenic bacteria in the horizontal transfer of antibiotic resistance genes at large phylogenetic scales.
In the light of these results, this thesis opens up a course of reflection on the study and management of
antibiotic resistance. Keywords : Antibiotic resistance, Ecology, Evolution, Horizontal gene transfer

Résumé :

Face a la pression des antibiotiques de nombreux mécanismes de résistances existent. Ces derniers
représentent un probléme de santée publique qui a et va avoir des conséquences importantes sur la
mortalité humaine. Malgré diverses stratégies — principalement basées sur la réduction de la consom-
mation d’antibiotiques — ce probléme persistant peine a étre contenu. De plus, méme s’il est indéniable
gue l'utilisation massive d’antibiotiques au cours des dernieres décennies a été un moteur de I'évolu-
tion de la résistance aux antibiotiques, son impact sur I'émergence et la propagation de la résistance
aux antibiotiques est souvent surestimé par rapport a d’autres facteurs. Premiérement, la sélection sur
la résistance aux antibiotiques ne peut pas étre limitée aux antibiotiques a usage humain. Deuxiéme-
ment, I'évolution (c’est-a-dire I'émergence, le maintien et la diffusion) d’un trait dans une population
repose également sur d’autres forces évolutives et processus écologiques. Enfin, I'entrelacement de ces
facteurs résulte en une évolution complexe du phénotype résistant, dépendante de plusieurs échelles al-
lant du déterminisme génétique aux dynamiques environnementales. L'objectif de cette thése est donc,
en s’appuyant sur une approche éco-évolutive, d'améliorer la compréhension des forces et des méca-
nismes qui faconnent les directions et le mouvement des génes de résistance aux antibiotiques. Pour ce
faire, cette theése se concentre sur la résistance aux aminoglycosides par le biais d’enzymes d’altération.
Les résultats de ces travaux mettent en évidence I'importance des facteurs écologiques et génomiques
dans la circulation des génes de résistance, et concluent ainsi a la nécessité d’études intégratives de la
résistance. Dans un premier temps, cette these révele que la distribution de la résistance aux amino-
glycosides n’est que tres peu liée aux variations de consommation d’aminoglycosides en Europe, mais
fortement structurée par la mondialisation (commerce, migration) et plus encore par la connectivité
écologique. Une analyse ultérieure souligne le role sous-estimé des bactéries non pathogénes dans le
transfert horizontal des génes de résistance aux antibiotiques a grande échelle phylogénétique. A la
lumiére de ces résultats, cette thése propose des pistes de réflexion sur I'étude et la gestion des résis-
tances aux antibiotiques.

Mots-clés : Résistance antibiotique, Ecologie, Evolution, Transfert horizontal de géne
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