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Abstract

Background: Antibiotic resistant bacterial infections are causing a growing amount of
morbidity and mortality. Effective control and prevention relies on good data on the
current burden of antibiotic resistance (ABR). Traditional ABR surveillance from
phenotypic, passive, hospital-based testing may not adequately represent the
resistome of the general population. Wastewater metagenomics has been proposed
as a new type of surveillance to overcome this limitation. It generates rich, quantitative
information on the bacterial species and resistance genes of a whole community.
Large wastewater metagenomic datasets are now available to monitor and explore
drivers of ABR in the community. However, questions remain about how to collect,
analyse, and interpret these novel datasets. In this thesis, | aimed to 1) address key
unknowns in wastewater data, including sources of resistance, environmental
resistance dynamics, and what statistical models describe the distribution of the data
well, and 2) investigate global and local patterns in wastewater resistance and identify
potential community and hospital drivers.

Methods: | used a systematic review to find evidence in the literature for dissemination
of ABR from hospitals to wastewater. | next developed a compartmental transmission
model to investigate environmental resistance dynamics and its impact on human ABR
levels. | implemented a multi-response statistical model to correlate hospital-based
surveillance (EARS-Net) data with resistance gene abundance in sewage samples
from around the world analysed with metagenomics by the Global Sewage
Surveillance Project. Finally, | used a paired sampling design and multiple statistical
methods to compare the resistome of sewage from hospitals, communities, and
wastewater treatment plants (WWTPS) in Scotland. | also investigated the links
between ABR in humans and antibiotic consumption in the modelling and data
analysis chapters.

Results: | found increasing evidence in primary research that resistant bacteria and
resistance genes can be disseminated from hospital patients to wastewater and into
natural water sources. Modelling the dynamics of ABR in an environmental reservoir
indicated that the environment can theoretically influence human ABR levels as much
as or more than an animal reservoir, and mitigate intervention impacts. Combining
EARS-Net and sewage metagenomic data indicated that some types of ABR are
positively correlated in sewage and hospitals (such as aminoglycosides), but many
are not (such as vancomycin and aminopenicillins). The paired sampling study
demonstrated that hospital and community sewage resistomes are distinct, and
WWTPs mostly reflect community sewage resistomes. | found mixed evidence for an
impact of antimicrobial consumption on human ABR levels. Overall, the impact of
antibiotic consumption at the population level appears to be small in these datasets.

Conclusions: Wastewater metagenomics is a valuable way of monitoring ABR in the
community. It can indicate the composition of the reservoir of ABR in the general
population and what drives it. However, hospital rather than mixed municipal effluent
may need to be collected to monitor clinical resistance patterns. To make the most of
this new source of data more flexible modelling frameworks that account for



wastewater metagenomics specific factors such as high dimensionality and
overdispersion. Comparing resistance patterns in hospitals to community sewage
implied that patients and/or the hospital environment may present unique and strong
selection pressures for resistance. Finally, we also show that differential antibiotic
consumption alone cannot explain the observed patterns in resistance abundance on
the national or international level.



Lay summary

Antibiotic resistance is the ability of bacteria to escape the effects of antibiotics, making
infections harder or impossible to treat. To prevent iliness and death from resistant
infections, we need to stop the bacteria from spreading and treat infections with the
right kind of antibiotics. My thesis is about how we can use data from sewage samples
to understand why resistant bacteria spread and what kinds of resistance are most
common.

Many healthy people in the community carry resistant bacteria in their gut without
knowing, but these bacteria could cause serious infections later or spread to other
people. We can use samples of sewage to learn more about resistance in the
community. Sewage samples are easy to collect, but contain bacteria from the faeces,
urine and skin of thousands of people. The profile of all the different kinds of bacteria
and resistance genes in a sample can be identified by looking at the DNA in a sewage
sample. Analysing all the DNA of a sample in this way is known as metagenomics. By
combining sewage and metagenomics, we have a very rich source of information on
the resistance profile (or resistome) of the community.

In this thesis | asked: what is in the community resistome, and how and why does the
community resistome differ between countries? Secondly, what sampling and data
analysis methods should be used to make the most of sewage metagenomics?

| reviewed existing studies of resistant bacteria and resistance genes from hospitals
in wastewater. These studies showed that resistant bacteria can be carried from
hospital patients and environments to wastewater.

I next studied sharing of resistant bacteria between humans, animals, and the
environment with a computational model. The results showed that the environment
should be considered as an additional source of resistance for humans, and it can
make preventive measures like reducing antibiotic usage in animals less effective.

| also compared the resistance levels of patients in hospitals with community sewage
in countries across Europe. Other studies have also made this comparison, but here |
used a statistical model that made use of more information about both datasets.
Hospital and sewage resistance patterns reflected each other in some types of
resistance but not in other types.

| went on to explore more about how the resistance profile of hospital and community
sewage might be different by collecting sewage samples from hospitals, groups of
households, and from the whole community (including hospitals). For the statistical
analysis | used three different methods to make our results more robust. Groups of
households and the whole-community sewage had similar resistomes, and the
hospital sewage resistome had more types of resistance genes.

| have shown in this thesis that sewage metagenomics is a valuable way of monitoring
resistance in the community. Wastewater can also be used to look at hospital
resistance, especially in samples of sewage from directly outside hospitals. However,



we also demonstrate that the resistome of patients may be quite different to the
resistome of healthy community members. Finally, we have shown that using flexible
data analysis methods that reflect the structure of sewage metagenomics better is
important to make the most of wastewater metagenomics.

Vi



Acknowledgements

| would first like to thank my supervisors, Bram, Mark, and Luke, for giving me the
opportunity to do this PhD, and for all of their essential help and guidance throughout
the projects.

Thank you to the Novo Nordisk Foundation for funding this work from the grant 614EPI
R83810. In addition, thank you to the Academy of Medical Science for their grant to
Meghan Perry (SGL016_1086), a portion of which funded data collection for Chapter
5.

Thank you also to Meghan Perry for taking a chance on my study design idea and
making it possible, and for many helpful comments on the implementation and
interpretation. Thanks Jarrod Hadfield, for technical expertise in model design and
implementation. Thanks also to my annual review panel chair, Helen Stagg, for
additional support and a new perspective on the projects.

And thank you to the many other people who helped with study design, data collection,
and analysis: Scottish Water, especially Mark McEwan, David Wills, and Moray Simon;
NHS Lothian, especially Carol Philips and Barbara Moore; and DTU, especially Frank
Aarestrup, Hanne Nielsen, and Patrick Munk.

Thank you to the other members of Epigroup past and present for technical and
academic advice and moral support, and for being my friends. Thanks to Bryan Wee
for help with genomic analysis, and to Leonie Maier and Alex Morgan for comments
on sections of this thesis and idea generating discussions. Thanks also to Olga
Dluzniewska for working with me to do some additional analysis of the Chapter 5 data
during her internship in June, 2022. And the others: Roo Cave, Feifei Zhang, Dishon
Muloi, Jordan Ashworth, Shengyuan Zhao, Thomas Dalhuisen, Stefan Rooke, and Lu
Lu — thank you all!

Finally, thank you to my family and friends for their love and support all the way to the
end, especially my partner Mike, my parents Patricia and Clive, and my sister Ellamae.

Vii



Publications

A previous version of Chapter 3 is published as preprint on bioRxiv:
Hannah C. Leper, Mark E.J. Woolhouse, and Bram A.D. van Bunnik. The role of

the environment in transmission of antimicrobial resistance between humans and
animals: a modelling study. bioRxiv, May 2022. Doi: 10.1101/2022.05.19.492687

viii



Abbreviations

ABR Antibiotic resistance

ARG Antibiotic resistance gene

AST Antimicrobial susceptibility testing

ATC Anatomical Therapuetic Chemical Classification

CAESAR |[Central Asia and Eastern European Surveillance of Antimicrobial
Resistance network

CDC Centre of Disease Control

Cl Confidence intervals

CLSI Clinical & Laboratory Standards Institute

DDD Defined Daily Dose

DGGE Denaturing gradient gel electrophoresis

DNA Deoxyribo nucleic acid

EARS-Net [European Antimicrobial Resistance Surveillance Network

ECDC European Centre of Disease Control

ELPD Expected Log Pointwise Predictive Density

ESAC-Net [European Surveillance of Antimicrobial Consumption Network

ESBL extended spectrum B-lactam

EUCAST |European Committee on Antimicrobial Susceptibility Testing

FAST Fourier amplitude sensitivity test

FPKM Fragments per kilobase million

GDP Gross domestic product

GLASS Global Antimicrobial Resistance and Use Surveillance System

GPS Global positioning system

GSSP Global sewage surveillance project

HDI Human development index

HIC High income countries

HWW Hospital wastewater

KMA K-mer alignment

LIC Low income country

LMIC Lower and middle income countries

MALDI-

TOF Matrix-assisted laser desorption/ionization - time of flight

MLST ‘Multi-locus sequence typing

MRSA  Methicillin resistant S. auerus




MWW

Municipal wastewater

NIH National Institute of Health

OBD Occupied Bed Days

PCR Polymerase chain reaction

PECO Population, Exposure, Comparison, Outcome

PFGE Pulsed-gel electrophoresis

gPCR Quantitative polymerase chain reaction

ReLAVRA [Latin American and Caribbean Network for Antimicrobial Resistance
Surveillance

SD Standard deviation

Ul Uncertainty intervals

VRE Vancomycin-resistance enterococci

WAIC Widely Applicable Information Criterion

WHO World Health Organisation

WWTP  Wastewater Treatment Plant




List of Figures

Figure 2.1: Potential routes of dissemination of hospital-associated resistant bacteria

tO MUNICIPAI SEWAGE.....eeeiiiiieieieie et 14
Figure 2.2: Flow diagram of SCreening ProCESS ...........uuvvummmmmiiiiiiiiiieaeaeeeeeesaesenees 25
Figure 2.3: Year of included study publication ..............cc.uueeiiiiiiiiiiis 26
Figure 2.4: Global distribution of included Studies .............ccceeiiiiiiniiiiiiie e 27
Figure 2.5: Antibiotic resistance phenotypes studied............ccccccvvviiiiiiiiiins 28
Figure 2.6: Bacterial groups studied .............ooooiiiiiiiiiiiee s 29
Figure 2.7: Type of statiStiCs USed .........cooeiiiiiiiiiieee s 30
Figure 2.8: Typing Methods USEd..........coooiiiiiiiiiiiiee e 31
Figure 3.1: Model structure, environmental resistance levels, and sensitivity analysis
.................................................................................................................................. 44
Figure 3.2: Mean impact of reducing antibiotic consumption in animals on human
resistance levels across transmMiSSION SCENANOS ............uuueeiriiiiiiiiiieeeeeeeeee e 45
Figure 3.3: Impact of reducing environmental transmission or animal antibiotic
consumption on human resistance leVels ... 46
Figure 3.4: Effect of environmental transmission on the impact of decreasing antibiotic
consumption in animals on human resistance levels.............ccoooiiiiiiiiiiiiiiiieeeeee, 47
Figure 4.1: Comparison of sewage-clinical resistance correlation estimates for
Spearman’s Rank and multi-response Models .........ccueeeeiiiiiiiiiiiine e 70
Figure 4.2: Resistance to aminoglycosides in clinical and sewage data................... 71
Figure 4.3: Predictive ability of the multi-response and univariate models to new
(o0 18] 1 (=TSP PP PPPPPPPPPP 72

Figure 5.1: Relative abundance of resistance gene groups in each sampling site ... 97
Figure 5.2: Principal Coordinates and Principal Components Analysis of the resistome
and microbiome, grouped by SIte tYPe ..........uuiiiiiiiiiiiii 98
Figure 5.3: Classification predictions of samples resistomes from random forest
L0 = £ USSP 99
Figure 5.4: Resistance gene abundance in hospital and community samples vs.
WW TP SAMPIES ...ttt e e e e e e e e e e e e e e e e 100
Figure 5.5: Antibiotic prescription rates and sewage resistance gene abundance . 101
Figure 6.1: Relationships between resistance in hospitals, communities, and municipal
L= 11111 o 111

Xi



List of Tables

Table 2.1 PECO-style framework for each research question.............ccoccoieeeennnns 16
Table 2.2: Database searCh terms .........ovvuiiiiiiiii e 17
Table 2.3: Data extraction for each of the evidence groups.............ccccccviriviiiieeennen. 18
Table 2.4: Numbers of studies support or against dissemination of hospital-associated
ABR 10 WaSTEWALET ......eeeiiiiiiee e e e et s e e e e e e e e e e e e eeeeneane 22
Table 4.1: Numbers of groups and observations in each model.................cceeeeee. 64

Table 4.2: Effect of primary care antibiotic usage on ARG abundance in sewage ... 66
Table 4.3: Effect of environmental factors on resistance gene abundance in sewage

Table 4.4: Likelihood ratio tests of multi-response compared to univariate models.. 69
Table 4.5: Comparison of other EARS-Net studies and results by antibiotic and

DaCterial SPECIES ....coei e —————— 74
Table 5.1: Selected WWTP names, locations, and area descriptions ...........c.......... 84
Table 5.2: Comparison of total abundances and diversity indexes for resistance genes
and bacterial species by Site tyPe .......ccccuuiiiiiii 90
Table 5.3: Model comparison using expected log pointwise predictive density and
Widely Applicable Information Criterion ............ccueeeiiiiiiiiiiiiiee e 92
Table 5.4: Random intercept, shape, and zero-inflation parameter estimates for
=1 =T o7 (Yo I T T =1 LS 93
Table 5.5: Associations between prescriptions and resistance levels ...................... 94
Table 5.6: Associations between environmental variables and sewage resistance
JEVEIS ...ttt — et — e e e e e e e e e e e e e e e nerraannnnnn 95

Xii



Table of Contents

DeCIAration...........cccccevvmmmmmsisnnnnnmnnmmssssssssssssssssssssssssnnnnnnnsssssssssssssssssssnmsssnnnnnnnnnnnnsssssssss i
W21 o X 1 - Lo iii
L = V11 11T T . v
W Ve g Lo 7 [=To (o L= 11 T= T 1 | £ RS vii
PUDIICALIONS ........cccciviississnnnnnnnnmssssssssssssssssssssssnnnnsnsnssssssssssssssssssssmsnssnnnnnnnnnsssssssssses viii
W Vo) ol g= 177 11 (o] o X ix
L =y e o e [ = Xi
=1 e I - o L= T N Xii
1 General iNtrOAUCHION. ..........eeeeeeeeeeeeeeeeeeeeeeesssssscsssssssssssssssssnsmmnnnnnnnnnnnnnnnnnnnnnnnnnnas 1
1.1 What is antibiotic resistance? ........ccccciiiiimnn——————— 2
1.2 Mechanisms, emergence, and spread of resistance in bacteria.........c....ccc...... 2
1.3 Occurrence of antibiotic resistance in humans, animals, and the environment
5

1.4 Monitoring ABR: current approaches and limitations .........ccccccceviiiiieemnnninnnnnns 6
1.5 Monitoring ABR: Wastewater surveillance and metagenomics.........cccccceevnunee 8
1.6 AIms and ObBJECHIVES .......ceiiiiiiiiiiieirr e ——— 11
1.7 TheSiS OULINE.....cciiiiiiir i ————— 11

2 Dissemination of hospital-associated antibiotic resistance to wastewater: a
SyStematiC SCOPING FOVI@W..........uueeemmmmmnnnennnsssssssssssssssssssssssssssssssssssssnnssssssssmmmmsnns 12
2.1 ADSTract ... nnn 13
2.2 0 o o [T 1o ) o T 14
2.3 11 =11 o o = 15
2.3.1  Elgibility CritErIa ....cceeeeeee e e 15
2.3.2 Sources of information and search strategy ...........cccocviiiiiiiiiie 16
PG TRC TN B - = Y =44 - T (o o SRR 16
2.3.4 Evidence quality 8SSESSMENT.......cccoiiiiiiiiiiiiiiie e 19

24 L] L 20
2.4.1  Duplicates and title and abstract SCreeniNg ..........cocvveiiiieiiie i 20
2.4.2  Study CharaCteriStCS .. .. uuiiiiiii e 20
2.4.3 Routes of dissemination of hospital-associated ABR to wastewater .............cc.cccceeeee 22

2.5 D T o 1 == T ] o 32

3 Therole of the environment in transmission of antibiotic resistance between
humans and animals: a modelling STUAY ...........cccecvvvvvvissssssssseeeeneeeeeeeeneeeeenrssssseeas 35
3.1 ADSTract ..o nnn 36
3.2 0 o o [T 1 o) o 37
3.3 11 =11 o o = 38
CIRC T I Y/ [oTo [=1 o F=T Yol 4T o] (o] o H PSP PT PRI 38
3.3.2 Capacity for resistance in the environment...........cccoceiiiiiiiii e 39
3.3.3 Impact of interventions on resistance in humMans..........cccoovieciiiii e, 39

Xiii



3.3.4  SensitiVity @nalySiS........cociiiiiiiiiii e 40

3.3.5  ParameteriSatioN ..........cciiiieiiiiiiee e e e aeae s 40

R TR G B Yo 11T T TSR 40
3.4 RESUIES ... 40
3.4.1  Long term dynamics of resistance in humans............ccccocoiiiiiiiic e 40
3.4.2 Impact of interventions to reduce resistance in humans............cccccceeeeieiiiiccciiiicceeeeen, 41
3.5 9 TS 1 L1 T ] o 46
3.5.1  KeY fINAINGS ... 46
3.5.2 Is curtailing antibiotic usage in animals an effective intervention to reduce human
FESISTANCE IBVEIS? ...ttt e e e e st e e e e e e e e s e e s s nenreeeeeeeaaaeeeaanannns 46
3.5.3 Could the environment be an effective alternative intervention target?............cccoceeiee. 47
3.5.4 Should the environment be included in ABR models?..........ccccoriiiieiineninieneiee e, 47
3.5.5 Modelling the environment highlights data needs..............ccocoiiiiiiii e, 48

G TR TG T I o1 = 4o ] SRR 49
TR A ©7o 3 o] 11T 1SR 49

4 A multi-response model to combine sewage and hospital antibiotic
resistance surveillance data ...............ueeeeeeeeeeeiiiivviviiisisssssssssssnsseee s 51
41 ADSTFACT ... —————— 52
4.2 INtrodUCTION ... ———————— 53
4.3 1] 123 4 o Yo -3 N 54
e T I BT | v= 11 £SO U U PP PP ROPPRPPRt 54
4.3.2  Statistical MEthOAS........cooooi i 56
44 == ] | 61
e N D - | - PR 61
e Y/ o To [ N (=] U ] £ SRR 62
4.5 9 TS W L1 T ] o 69
4.6 Acknowledgements ... ssssa—n. 74
5 A cross-sectional metagenomics study of 8 wastewater networks in
Scotland: hospital and community resistomes are distinct .............cccccevvcunnennn. 75
5.1 ADSTFACT ... —————— 76
5.2 INtrodUCHION ... ————— 77
5.3 Materials and methods.........ccccceiiiiiiiiiinmmmr e ————— 78
5.8.1  Sample Site SEIECHON .......ooiiiiiei e 78
LG TP S - 144 o] [N oo 1= o1 o o H RSP RRURIN 79
5.3.3 DNA extraction and SEQUENCING .........ccccueiiiireiiiie e sree e e s 80
5.3.4 Read trimming and MapPiNg........ccocureiiiieiiiie e 80
5.3.5  Prescription data...........ooueiiiiiiiiiiie e 80
5.8.6  Sequence data normalisation MEthods..........ccooiiiiiiiiiiii e 81
5.3.7 Homology cluster grouping of resistance genes............cccovevriiee e icee e 81
5.3.8 Resistome and microbiome cluster analysiS...........ccccoviiiieiiiiiiiiei e 81
5.8.9 Source attribution random fOrests.........ccoi i 82
5.3.10 Linear mixed effects models StrUCIUIES ............oviiiiiiiiii i 82
54 RESUIES ...t 85
5.4.1  MetagenomiC data .........cccoiiiiiiiiiiiiiie e 85
5.4.2  Site CharaCleriStCS ... .ccciiuiiiii e e a e 86
5.4.3  Prescription data...........ooueiiiiiiiiiiee e 86
L O [ ) (=Y =T g F= Y] 1 PSRRI 86

L T o =g o o] o o T o= PR 87
5.4.6 Linear mixed effeCcts MOGEIS ........ueeiiiiiiiiii e 88

Xiv



5.5 DT U 1= o ] S 97

5.5.1  Community and hospital sewage resistomes differed............ccoocerrniiiiiiiniii i 97
5.5.2 Hospital resistomes made a small contribution towards resistance in WWTP influent...98
5.5.3 Communities have a l0Cal reSISIOME ..........cceiiiiiiiiiie e 99
5.5.4 No impact of antibiotic consumption on resistance abundance in detectable in sewage
100

5.5.5 Environmental factors impact resistance gene abundance ..............cccccocoiiiiinnnn 101
LT T 0o o Tod [0 13 T o ISR 102

5.6 Acknowledgements.........ccccciiiiemimnnimnn e ————————— 102

(I € 1-To T=T - 1 We [ =T U =] Lo o RN 103
6.1 Summary of results and objectives ..........ccccrriiiriinnnssn e ———— 104
6.2 Implications of thesis .........cccevmmmiiiinnr e ———— 105
6.3 Future research direCtions ..........ccccciiimmmmmminninns e 108
6.4 Concluding reMarks .........cocceiirimniinissrrrnnr s s 109
127701 Lo e |- o ] 1} VA 110
Appendix A. Dissemination of hospital-associated antibiotic resistance to
wastewater: a Systematic SCOPING FEVIEW .......eeeeeeeeeeeeeemsmmssssssssssssssssssssssnnnnnnnnnes 143
Appendix B: The role of the environment in transmission of antibiotic resistance
between humans and animals: a modelling Study ...........ooovvvemmmmmmemmmreerrrrsrsnns 151
Appendix C: A multi-response model to combine sewage and hospital antibiotic
resistance surveillance data ...............eeeeeeeeeeeeiiiiviiviiiiiiissssssssssnneeeeeee e nn e 158
Appendix D: A cross-sectional metagenomics study of 8 wastewater networks
in Scotland: hospital and community resistomes are distinct........................ 177
Appendix E: Related preprints............ooeeeemmmemmmemmmssssssssssssssssssssssssssssssssssnnnnnes 185

XV



1 General introduction



Chapter 1: General introduction

1.1 What is antibiotic resistance?

Antibiotic resistance (ABR) is the ability of bacteria to tolerate or prevent the effects of
the group of compounds used to treat bacterial infections known as antibiotics.
Antibiotics are a staple of modern medicine, reducing mortality from infectious
diseases throughout the 20t century (Cohen, 2000), as well as making a range of life-
saving surgeries and immune-compromising chemotherapies possible (Smith &
Coast, 2013). However, since the discovery of penicillin in 1928, bacterial resistance
has repeatedly emerged soon after the introduction of nearly every new antibiotic (J.
Davies & Davies, 2010; Ventola, 2015). Bacteria themselves produce antibiotics and
other small molecules to compete with their bacterial neighbours, destroying others
nearby or inhibiting their growth (Granato et al., 2019). This means that bacteria have
already been in an arms race with each other to develop new antibiotics and gain
resistance for millennia (D’costa et al., 2011). Although there is much research into
new antibiotics, there is a declining discovery rate (Hutchings et al., 2019), and doubt
that current resistance can be reversed (Andersson & Hughes, 2010): resistance may
be a permanent feature of infection medicine.

Antibiotic resistance is also a serious threat to global public health. Recent estimates
suggest that 0.911 — 1.71 million deaths attributable to resistant infections occurred
in 2019 (Murray et al., 2022). Forecasting estimates of the future burden of ABR are
highly uncertain due to a lack of reliable data, particularly in Lower and Middle Income
Countries (LMICs) (de Kraker et al., 2016), but one estimate suggested there could be
10 million deaths as a result of resistant infections in 2050 (O’Neill, 2014). Untreatable
infections will also have a knock-on effect on the economy and the standard of living.
The World Bank estimates that without a reduction in the current burden of antibiotic
resistance, a 1.1 — 3.8% fall in GDP is likely by 2050, as well as losses in livestock
production, increases in health care costs, and increases in poverty (World Bank,
2017). In LMICs, the number of people falling into extreme poverty could increase by
6.3 — 26.2 million people by 2050 (World Bank, 2017). A hindrance to combatting ABR
is a lack of good quality, non-resource-intensive, heterogeneous, information-rich
surveillance data on resistance levels in the general population — metagenomic
analysis of wastewater has been proposed as a means to fill in these gaps (Aarestrup
& Woolhouse, 2020; Pruden et al, 2021).

In this thesis, | investigate the use of wastewater metagenomics for surveillance of
antibiotic resistance. The general introduction will describe how and why bacteria gain
resistance and spread, the epidemiology of ABR in humans, animals, and the
environment, and the use of surveillance, particularly wastewater metagenomics, for
understanding and monitoring resistance. | will then summarise my aims, objectives,
and methodology.

1.2 Mechanisms, emergence, and spread of resistance in bacteria

Several routes to antibiotic tolerance or resistance are found in bacteria. Firstly,
bacteria can break down or modify the antibiotic molecule so it is no longer effective
(Blair et al.,, 2015). For example, enzymes such as carbapenemase hydrolyse B-



Chapter 1: General introduction

lactam antibiotics before peptidoglycan synthesis (the antibiotic target) is disrupted
(Llarrull et al., 2010). Secondly, bacteria can reduce the intracellular concentration of
an antibiotic (Blair et al., 2015). Reducing cell wall permeability can decrease uptake
of an antibiotic, or increasing expression of efflux pumps can remove antibiotics in the
cell (Blair et al., 2015). Overexpression of efflux pumps that target antibiotics such as
tetracycline are particularly common in Gram-negative bacteria (X. Z. Li et al., 2015).
Thirdly, the target of an antibiotic can be altered (Blair et al., 2015). For example,
fluoroquinolone destroys cells by binding to topoisomerases and preventing their
action to unwind supercoiled DNA (Aldred et al., 2014). Resistance to fluoroquinolones
is often caused by mutations to the topoisomerases which mean that the antibiotic can
no longer bind (Aldred et al., 2014).

Resistance can be gained or intrinsic. Intrinsic resistance is a particular problem in
Gram-negative bacteria, which have lower cell wall permeability than Gram-positive
bacteria, and a greater number of efflux pumps (Cox & Wright, 2013). Gained antibiotic
resistance comes in two types: mutations and acquired genes (J. Davies & Davies,
2010; Munita & Arias, 2016). Mutation can alter the structure of an antibiotic target,
and can also adapt existing genes to generate new resistance determinants (J. Davies
& Davies, 2010). Transmission of gene mutations is vertical, i.e. these resistance
genes are spread through bacterial replication. Gene acquisition, on the other hand,
occurs when a bacteria takes in DNA from another organism through horizontal gene
transmission (Munita & Arias, 2016; Peterson & Kaur, 2018). A gene can be introduced
into a new bacterial cell by conjugation, when plasmids are transferred between
bacteria on specialised pili; through transduction, when genes are incorporated into
the genome of a bacteriophage and transmitted to another cell; or through
transformation, when bacteria take up free DNA from the substrate around them
(Peterson & Kaur, 2018). Conjugation is thought to be the most common form of
horizontal gene transfer of resistance genes (von Wintersdorff et al., 2016), although
transduction and transformation also appear to be frequent, especially in the
environment (Calero-Caceres et al., 2019; Peterson & Kaur, 2018). Horizontal gene
transfer is an ancient microbial process, allowing many bacteria to gain access to a
diverse repertoire of genes (the pangenome) which can provide adaptive benefits to
the local environment (Brockhurst et al., 2019).

Acquired and intrinsic antibiotic resistance mechanisms can give bacterial lineages a
selective advantage in the presence of antibiotics. With increasing use of antibiotics in
medical and veterinary practice over the last 100 years, selection pressure for
antibiotic resistance has also increased (J. Davies & Davies, 2010). For example,
antibiotic consumption in humans is thought to have increased by 65% between 2000
and 2015 alone — this increase is mostly driven by usage trends in LMICs, but HICs
are still the majority consumers of antibiotics (Klein et al., 2018). In addition, antibiotics
are increasing in concentration in the environment, potentially creating more selection
pressure (Polianciuc et al., 2020). Rapid selection of resistance in response to
exposure to antibiotics has been documented extensively with in vitro and in vivo
experiments (Palmer & Kishony, 2013), and studies have also found that antibiotic
exposure is a risk factor for resistant infections and in humans (Chatterjee et al., 2018).
It is therefore crucial that antibiotics are not overused, in order to reduce unnecessary
increases in selection pressures. In addition to problems of overuse, suboptimal usage
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of antibiotics, such not treating early or failure to finish a treatment course, has been
observed to select for resistance (Pradipta et al., 2018). In addition, use of antibiotics
may lead to ‘bystander selection’, or selection pressure for resistance in bacteria that
are not the therapeutic target, such as commensal or potentially pathogenic gut
bacteria (Morley et al., 2019). Co-selection may also occur, where direct selection for
a gene conferring resistance to an antibiotic or metal that is at locally elevated
concentrations can also select for other antibiotic or metal resistance genes. This can
be through linkage, when the genes are nearby on the chromosome, on the same
mobile genetic element, or part of the same operon (Baker-Austin et al., 2006). In
addition this can occur when a single resistance gene provides multiple resistance or
cross resistance, such as the DsbA-DsbB system, with increases efflux of several
metals and antibiotics (Baker-Austin et al., 2006). Co-selection and bystander
selection are particular concerns for microbial communities exposed to multiple
anthropogenic pollutants, such as fresh water microbiomes (Imran et al., 2019). To
reduce selection pressure from overuse and suboptimal use of antibiotics, policies to
guide antibiotic prescribing in humans and livestock have been introduced (Charani et
al., 2021; Majumder et al., 2020). Testing the effectiveness of these interventions at
population-level is challenging, but some studies have shown that improved antibiotic
prescribing has been followed by a population level decrease in resistance prevalence,
e.g. (Aliabadi et al., 2021).

The spread of antibiotic resistance also involves on transmission of the resistant
bacteria between hosts. The mode of transmission of resistant bacteria depends on
the bacterial and host species. As a wide variety of bacterial species carry resistance,
there is also a variety of transmission modes: contact, such as faecal-oral transmission
of E. colior sexual transmission of gonorrhoea; airborne, such as tuberculosis; droplet,
such as meningococcus; vector borne, such as Lyme disease; and vehicular, such as
via food or environmental fomites (Doron & Gorbach, 2008). Once an invading
resistant bacterial colony has been transferred to a new host, it must be able to
establish a population for transmission to be complete. The complex microbial ecology
in the host microbiome can affect establishment (Kim et al., 2017). For example, the
mammalian gut is a dense microbial community, with competition for space and
nutrients (Kim et al., 2017). Resistance genes may confer a cost on their host, such
as reducing the speed of replication for bacteria carrying large plasmids (Andersson
et al., 2007). If the newly introduced resistant bacteria are not competitive, a colony
may not be established. Exposing the host to antibiotics could make establishment of
new resistant infections more likely by selecting for resistance, and compensating for
the cost of resistance (N. G. Davies et al., 2019). At the same time, the mechanism of
antibiotic resistance can influence the fitness of resistant bacteria in a microbial
community; for example, those that increase intercellular concentrations of antibiotics
such as efflux pumps may lead to depletion of nearby competing cells that are
sensitive (Bottery et al., 2016). Establishment of infection is also affected by host
immunity (Wheatley et al., 2021). The interplay of transmission modes, microbial
ecology, and host immunology result in complex dynamics with multiple theoretical
outcomes.
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1.3 Occurrence of antibiotic resistance in humans, animals, and the
environment

The number of resistant infections and the rates of resistance (measured as proportion
of bacterial isolates that are resistant) is increasing. Estimates of the current burden
of resistance in humans include: 33,110 deaths attributable to resistant bacterial
infections in Europe in 2015 (Cassini et al., 2019); 35,900 deaths attributable to
infections from resistant bacteria and Candida in 2019 in the US (CDC, 2019); and
1.27 million deaths attributable to resistant bacterial infections worldwide in 2019
(Murray et al., 2022). The estimated proportion of bacterial isolates that are resistant
depends on the bacterial species, type of resistance phenotype (e.g. tetracycline vs
ampicillin resistance), site of infection (e.g. blood-stream or urinary tract infection),
origin of infection (hospital- or community-acquired), country of study, and the
methodology used to generate the estimate. For example, methicillin-resistant
Staphylococcus aureus (MRSA), estimated to have caused 150,000 resistant
infections in Europe in 2015 (Cassini et al., 2019), has an overall prevalence of less
than 5% in Europe but may be as common as 80% in countries in Africa and the Middle
East, according to the Global Burden of Disease study (Murray et al., 2022). The WHO
Global Antimicrobial resistance and use Surveillance System (GLASS) report, on the
other hand, reports that the proportion of patients with a blood-stream infection caused
by MRSA was 33% in LMICs compared to 15% in High Income Countries (HICs)
(WHO, 2021a). Similarly, fluoroquinolone-resistant E. coli was found in <30% of
isolates in Europe and North America, but up to 80% in southern Asia (Murray et al.,
2022). Globally, the proportion of patients with community-acquired ciprofloxacin-
resistant E. coliis around 30%, rising to around 45% in patients with hospital-acquired
infections (CDC, 2019).

Current estimates of the spread of resistance focus on invasive infections. However,
commensal and asymptomatically carried bacteria in healthy human gut microbiome
also contain resistance genes (Lamberte & van Schaik, 2022). Theoretically, these
bacteria could contribute to transmission of resistance to pathogenic bacteria and
cause infections in the host, but little is known about the actual health risk attributable
to a resistance gene in a healthy gut microbiome (A Zhang et al., 2021). Estimates of
the prevalence of resistance in healthy gut communities is rare, but include a few
studies of resistance in commensal E. coli isolates from community members: 72% of
isolates resistant to ampicillin in LMICs between 1989 and 2020 (N;ji et al., 2021); 44%
of isolates resistant to ampicillin in China in 2009 (B. Li et al., 2014); and 45% of
isolates resistant in the Paris area in 2010 (Massot et al., 2016). Collections of
metagenomic data from faecal microbiomes from healthy individuals are also
illuminating; for example, demonstrating that tetracycline resistance genes are the
most common kind of antibiotic resistance gene (ARG) in healthy human guts, and
that gut metagenomes from China had the highest resistance gene abundances (Feng
et al., 2018).

Resistant bacteria are found in humans, animals, and the environment. Many bacterial
species, such as E. coli, can be exposed to antibiotics and gain resistance in more
than one of these groups, and can be transmitted between groups (McEwen &
Collignon, 2018; Robinson et al., 2016). Accordingly, humans, animals, and the
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environment have shared microbiomes and resistomes, and an increase in one group
may lead to increases in resistance in the other groups (McEwen & Collignon, 2018;
Pehrsson et al.,, 2016). Therefore, the concept of One-Health is crucial in ABR
research. The One-Health framework is based on the recognition that human health
is connected to environmental and animal health, and approaches that work in multiple
sectors are needed (Robinson et al., 2016). In the case of ABR, it suggests that the
occurrence and drivers of resistance must be captured in all three compartments to
understand patterns in resistance prevalence, and to inform interventions (WHO,
2021b).

Antibiotic resistance is also a health issue in wild and domestic animals. Although it
has been estimated that 73% of antibiotics are used in food animals, there are few
datasets available to estimate occurrence of resistance in livestock (Van Boeckel et
al., 2017). Monitoring data from the European Centre of Disease Control (ECDC)
suggests that some resistance rates to some, though not all, antibiotics in livestock
are increasing (Food & Authority, 2022). The level of resistance also varies by the
livestock species studied. Sampling commensal E. coli from healthy animal faeces,
pan-susceptibility was more common in isolates from pigs and cows than from broilers
and turkey (Food & Authority, 2022). In LMICs, antibiotic resistance in livestock is also
increasing, and resistance levels are also higher in chickens than in pigs and cattle
(Van Boeckel et al.,, 2019). However, there are fewer national surveillance
programmes for livestock in LMICs than HICs despite a greater livestock population in
these areas, making these estimates uncertain (Van Boeckel et al., 2019). Antibiotic
resistance has also been observed in wild animals (Allen et al., 2010). Wild animals
such as migratory wild birds, may contribute to the spread of antibiotic resistance
caused by anthropogenic pollution, but the impact of resistance in wild animals on
human health is poorly understood (Allen et al., 2010; Dolejska & Literak, 2019).

The final One-Health component is antibiotic resistance in the environment. Antibiotics
and resistant bacteria from human and animals are disseminated to the environment,
most notably through wastewater and animal manure (Larsson & Flach, 2022;
Polianciuc et al., 2020; Woolhouse & Ward, 2013). Antibiotic resistance genes have
even been found in air, water, and soils close to regions of human activity as well as
pristine environments (Van Goethem et al., 2018). Some cases of environment to
human or animal transmission have been observed (Leonard et al., 2015). The
environment may present a potent resistance selection opportunity for bacteria, as it
contains a diverse community of bacteria and repertoire of resistance genes (Huijbers
et al., 2019; Larsson & Flach, 2022). However, there is a limited understanding of the
contribution of environmental resistance to human resistance (Birgmann et al., 2018).
If the environment can act as a reservoir of resistance, there could be dynamic
consequences for human and animal epidemiology which need to be understood.

1.4 Monitoring ABR: current approaches and limitations

Surveillance is an essential component of controlling the spread of infectious diseases,
including antibiotic resistance. According to the WHO, it is a cornerstone not only for
understanding ABR burden but also for informing policies and prevention strategies
(WHO, 2021a). Traditionally, government health departments have monitored
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antibiotic resistance with surveillance programmes that are hospital-based, and collect
reports of the phenotypic susceptibility testing of a set of drug-bug combinations from
routine, case-based surveillance (i.e. passive data collection) (Ashley et al., 2018;
Tacconelli et al.,, 2018). This type of surveillance is crucial for guiding prescribing
practice, both at the time it is carried out for a specific patient, and when it is collated
on the level of a specific hospital or region (Tacconelli et al., 2018). As well as national
surveillance programmes, three international surveillance networks have been
collating traditional surveillance data for over 20 years: the European Antimicrobial
Resistance Surveillance Network (EARS-Net), the Central Asia and Eastern European
Surveillance of Antimicrobial Resistance network (CAESAR), and the Latin American
and Caribbean Network for Antimicrobial Resistance Surveillance (ReLAVRA) (WHO,
2021a). In addition to these, over the last five years the WHO has set up a new global
surveillance network, the Global Antimicrobial Resistance and Use Surveillance
System (GLASS), which collects yearly data from hospitals and outpatient
susceptibility testing for around 100 countries (WHO, 2021a). As this surveillance
indicates numbers of serious infections, they are essential in current estimates of ABR
burden, e.g. (Cassini et al., 2019; Murray et al., 2022; O’Neill, 2014).

However, traditional surveillance approaches are also limited. Data from these
surveillance systems may be unreliable. They are resource intensive, requiring
medical microbiology laboratories and staff, which has led to patchy data in low-
resource, Low Income Countries (LIC) and Lower and Middle Income Countries
(LMIC) settings (Ashley et al., 2018; Diallo et al., 2020; Iskandar et al., 2021). Although
guidelines such as the European Committee on Antimicrobial Susceptibility Testing
(EUCAST) and Clinical & Laboratory Standards Institute (CLSI) exist to standardise
the microbiological testing, there is much heterogeneity in methodology between
countries and even between laboratories within a country (Tacconelli et al., 2018). For
example, EARS-Net only mandated that EUCAST guidelines be followed in 2019 —
prior to this different countries may have used different guidelines (European Centre
for Disease Prevention and Control, 2020). Heterogeneity in testing methods is even
greater in LICs and LMICs (Iskandar et al., 2021). Therefore, there is a lack of
comparability of the results between countries, years, and drug-bug combinations
(Iskandar et al., 2021; Tacconelli et al., 2018).

In addition to unreliability, there is also a question about how representative and
informative these data are. Inpatient hospital samples may not be representative of
resistance rates in the community. This is especially the case in invasive blood-stream
infection monitoring, where for a patient to be sampled and tested, they must be
seriously ill (Tacconelli et al., 2018). Moreover, the resistance patterns in samples of
invasive isolates may not be representative of the resistance among all bacteria
carried by a patient —i.e., these datasets do not help relate infection to carriage (Diallo
et al., 2020). The use of susceptibility testing of isolates means that the genetic basis
for resistance is not recorded, resulting in a loss of information about the mechanisms
and relatedness of resistance in different samples (Diallo et al., 2020; McArthur &
Tsang, 2017). By focusing on a set of the most currently clinically relevant drug-bug
combinations, traditional surveillance systems may also fail to capture the whole
landscape of emerging resistance (Diallo et al., 2020; McArthur & Tsang, 2017). Clinic-
and hospital-based surveillance systems are also not compliant with the One-Health
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framework, as they do not integrate monitoring across human, animal, and
environment sectors (Hu et al., 2018).

Some surveillance programmes have taken steps to address some of these
limitations, for example WHO GLASS, which collects data from multiple sample types,
including blood-stream, genital and urinary tract (WHO, 2021a). WHO GLASS also
asks for the origin of infection to be collected (hospital, community, or unknown), and
for information to be given on testing standards and external quality assessments used
(WHO, 2021a). In addition, a new surveillance scheme is currently being set up as
part of the GLASS technical module on One-Health to fill gaps in data on resistance
in animals, the environment, and asymptomatic community carriers (WHO, 2021b).
The extended-spectrum beta-lactamase E. coli Tricycle Project will collect samples
from hospitalised patients, healthy community members, food animals, municipal,
slaughterhouse, and wet market sewage samples, and natural water samples (WHO,
2021b).

1.5 Monitoring ABR: Wastewater surveillance and metagenomics

Researchers and policy makers have suggested that wastewater samples may be an
attractive new source of population-level surveillance for ABR. Wastewater
surveillance has been used for decades to monitor the spread of infectious diseases
with high numbers of unreported cases in the community, including enteroviruses such
as polio (Asghar et al., 2014), Salmonella typhi (Diemert & Yan, 2019), and more
recently for SARS-CoV2 (Fernandez-cassi et al., 2021). For antimicrobial resistance
surveillance, sewage sampling could address several of the limitations of traditional
surveillance: it is unbiased, representing all people in a municipal area whether they
are healthy or not; it can represent the whole human faecal microbiome, including
pathogenic and commensal bacteria that may be carrying resistance; it is easy and
cheap to collect in all countries; it is not individual-level, so there are fewer data
sensitivity issues; and it is more One-Health compatible by integrating the environment
(Aarestrup & Woolhouse, 2020; Hendriksen et al., 2019; Pruden et al., 2021). In
addition, sewage sampling for surveillance can have multiple uses, including
monitoring risks of antibiotic resistance in the environment on human health, and the
impacts of anthropogenic pollution on environmental health (Huijbers et al., 2019).

Metagenomics has also been proposed as a tool for wastewater surveillance of
antibiotic resistance (Aarestrup & Woolhouse, 2020; Hendriksen et al., 2019). In the
metagenomic approach, all DNA in a sample is extracted and sequenced without
culturing, after which the collection of sequenced read fragments can be compared to
reference databases of bacterial, archaeal, and eukaryotic genomes (Wooley et al.,
2010). The read collection can also be searched for hits to resistance genes to capture
a quantitative profile of resistance gene abundance in a sample (Bengtsson-Palme et
al., 2017; de Abreu et al., 2021; Rooney et al., 2021). Metagenomics was developed
as a way to assess the whole microbial community in a sample, particularly an
environmental one, in which the majority of bacterial species are not culturable so are
not suited to whole genome sequencing (Bengtsson-Palme et al., 2017; Wooley et al.,
2010). It can provide rich information on the taxonomies and resistance genes of
species in samples which represent whole microbial communities, which is particularly
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useful for exploratory analyses and characterising intra-species interactions
(Bengtsson-Palme et al., 2017; Wooley et al., 2010). In addition, metagenomic data
can be used for investigating whole community dynamics, which is particularly
important for understanding the microbial ecology of the environmental resistance (de
Abreu et al., 2021; Wooley et al., 2010).

There are now an increasing number of wastewater surveillance datasets, including
several metagenomics ones. The largest is the Global Sewage Surveillance Project,
which has applied metagenomic analysis to samples from over 100 countries between
2016 and 2018 (Global Sewage Surveillance Project, 2020; Hendriksen et al., 2019).
A key finding of this study was that the global sewage resistome forms two clusters:
one with developed countries, including Europe, North America, and Australasia, and
another other with developing countries in South America, Africa, and Asia
(Hendriksen et al., 2019). Other international datasets of wastewater surveillance
include (Parnanen et al., 2019) and (Huijbers et al., 2020), who applied large panels
of qPCR wastewater across Europe. These studies found that there was
correspondence between the abundance of resistance genes in sewage and the level
of resistance in clinical surveillance data (Huijbers et al., 2020; Parnénen et al., 2019).
Other research groups have sampled widely across single countries, including China
(Su et al., 2017), Germany (Alexander et al., 2020), and the UK (Ludden et al., 2017),
or within a single city, including Copenhagen in Denmark (Brinch et al., 2020),
Stockholm (Kwak et al., 2015) and Gothenburg (Hutinel et al., 2019) in Sweden, New
Delhi in India (Lamba et al., 2018), and more. In addition, studies are now sampling
from individual effluent points, particularly hospitals (Korzeniewska et al., 2013; Perry
et al., 2021).

Wastewater surveillance with metagenomics is a new technology and comes with
unknowns. An important question is how well the human faecal microbiome is
represented in wastewater systems. Other non-human sources such as
pharmaceutical effluent may also contribute resistant material (Guardabassi et al.,
1998), and microbiological processes within wastewater may alter the resistome
(McLellan & Roguet, 2019; Vandewalle et al., 2012). How much of an effect these
have on the composition of sewage is not well understood. Some studies have shown
that sewage resistomes mostly represent the human microbiome (Newton et al.,
2015), whereas others have highlighted that environmental bacteria as well as faecal
bacteria dominate the sewage microbial composition (Vandewalle et al., 2012).
Another unknown is which human microbiomes are represented in the sewage. Many
wastewater treatment plants (WWTPs) capture hospital effluent as well as domestic
effluent, but the size of the contribution of hospitals to the WWTP resistome is still
being investigated (Buelow et al., 2018). Moreover, although wastewater can be found
all over the world, wastewater systems in LMICs and HICs may vary greatly, with
poorer wastewater infrastructure and fewer people connected to the main sewers in
LMICs (Nadimpalli et al.,, 2020), introducing a risk of additional non-human
contamination and that the whole community may not be represented in sewage
samples in these countries. Epidemiological data such as antibiotic consumption could
therefore have different relationships with resistomes in community members,
patients, and mixed municipal sewage.
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Metagenomic analysis leads to a trade-off between quantification of a wide breadth of
resistance genes and loss of information on the bacterial host a resistance gene has
come from, and detection of some kinds of resistance gene (Bengtsson-Palme et al.,
2017). A lack of connection between the resistance gene and its bacterial host results
in some loss of information in comparison to culture-based whole genome sequencing
methods (Aarestrup & Woolhouse, 2020). In addition, it means that we cannot tell
whether there are multiple copies of a resistance gene in a sample because there are
several resistant bacteria, or because there are several copies within a few bacteria.
Bacterial resistance that arises from up-regulation of efflux, or changes to the
sequence of a chromosomal gene such as gyrA that prevent antibiotic binding, are not
always included in reference databases, particularly ResFinder, which focuses on
acquired resistance genes (Bengtsson-Palme et al., 2017). In addition, point mutations
to chromosomal genes giving resistance will only be detected if a read overlaps with
this region, making detection of these genes particularly low sensitivity (Bengtsson-
Palme et al., 2017; Rooney et al., 2021). These factors must be taken into account
when analysing and interpreting wastewater data.

Wastewater metagenomics is also a noisy source of data. There are many
opportunities for randomness to influence the resulting resistance gene read hit
counts. Rare bacteria and resistance genes might not be captured in a single sample
of wastewater (Bengtsson-Palme et al., 2017; de Abreu et al., 2021). Wastewater
sampling can capture different numbers of people by chance, and estimating the true
number of people captured for normalisation is challenging (Isaksson et al., 2022).
The process of sample storage, DNA extraction and amplification introduces further
opportunities for some fragments of bacterial genomes to be over- or
underrepresented in comparison to the sample’s composition (Bengtsson-Palme et
al., 2017; de Abreu et al., 2021; Ko et al., 2022). Finally, the position of a read within
a gene sequence can influence the accuracy of read calling — a read from a non-
variable region of two very similar genes could be assigned to either, depending on
the mapping algorithm (Bengtsson-Palme et al., 2017; de Abreu et al., 2021). The
impact of these sources of noise are overdispersion and zero-inflation in read hit
counts (Bengtsson-Palme et al., 2017). Protocols for wastewater metagenomics, from
sampling to read calling, can be established to minimise and standardise this noise
between datasets, and these pipelines are increasingly frequently used (de Abreu et
al., 2021).

Appropriate analysis methods are needed to take advantage of sewage metagenomic
data by dealing with high dimensionality, noise, and overdispersion in metagenomic
data. However, many studies of wastewater currently use simple analysis such as
bivariate correlation, descriptive cluster methods, and linear regression on
transformed read counts. These techniques risk loss of information by not considering
the whole resistance profile, loss of power by not accounting for explainable variance,
and are too non-specific to represent mechanistic theories about human and sewage
resistance patterns. Some examples of other types of analysis of metagenomic data
exist (Duarte et al.,, 2021; Hendriksen et al., 2019; Peng et al., 2016), but further
innovation is needed in this area.
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1.6 Aims and objectives

Overall aim of thesis: Understanding the spatial and temporal factors that affect the
global spread of ARGs in humans and the urban wastewater environment.

Thesis objectives:

1) To investigate the role that the environment might play in the spread and
emergence of ABR,;

2) To identify epidemiological datasets that best represent the occurrence of
ARGs in sewage;

3) To perform analysis of the spatial and temporal distributions of ARGs in
sewage to inform the design of surveillance systems;

4) Using wastewater metagenomic data, develop predictive models of the
distribution of resistance genes in space and time.

1.7 Thesis outline

In this thesis, | investigated the sources and spread of resistance in wastewater, and
the uses of wastewater metagenomics for surveillance of resistance.

In Chapter 2, | used a systematic scoping review to investigate dissemination of
resistance from hospitals to wastewater, and evaluate the quality of evidence and
knowledge gaps in this area.

In Chapter 3, | used a mathematical model to investigate the transmission of
resistance between humans, animals, and the environment, and comment on the
consequences of an environmental reservoir of resistance for human resistance
epidemiology and prevention strategies.

In Chapter 4, | used a statistical multi-response linear model to estimate the
correlations between sewage and clinical resistance levels using data from EARS-Net,
Global Sewage Surveillance Project, and comment on the relationship between
antibiotic consumption and resistance abundance.

In Chapter 5, | used a paired sampling design and metagenomic analysis wastewater
in Scotland and multiple statistical methods to investigate the relationship between
hospital and community wastewater resistomes.

In Chapter 6, | will discuss the findings of Chapters 2 — 5 and make concluding
remarks.

11
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Chapter 2: Dissemination of hospital-associated antibiotic resistance to wastewater:
a systematic scoping review

2.1 Abstract

Background: Hospital wastewater is a potential reservoir of clinical antibiotic
resistance (ABR). This reservoir presents a challenge to using wastewater for
surveillance of resistance in the community. However, it is not yet known how well
hospital wastewater represents the patient resistome, or how much downstream
municipal effluent represents the hospital effluent resistome. In this chapter | aimed to
describe the evidence for dissemination of hospital-associated ABR to hospital and
municipal wastewater.

Methods: | used a systematic scoping review. | downloaded articles about resistant
bacteria or resistance genes and hospital and municipal wastewater from PubMed,
Scopus, and Web of Science. Data extraction was conducted on articles that claimed
they had demonstrated evidence in favour of or against dissemination of ABR from a
hospital source into hospital or municipal wastewater. Data extracted included the
route of dissemination, study conclusion, statistical and laboratory methods, and types
of resistant bacteria studied.

Results: A total of 1454 unique studies were downloaded from databases, of which
201 studies were included in any data extraction. A number of studies claimed to find
evidence of dissemination of resistance from hospital effluent to municipal wastewater
(40 studies) and a few for hospital patients to hospital wastewater (9). Among 61
studies with conclusive findings, most used medium resolution typing methods: gene
presence (e.g. PCR) for resistance typing (26) and fingerprint (e.g. PFGE) or
phenotypic methods for bacterial species typing (17 studies each). 128 used some
kind of statistical method, but conclusive studies were more likely than inconclusive to
have used statistics (73.4% vs. 59.3%). Few conclusive studies used control samples
from the community (8 effluent and 2 healthy human samples).

Conclusions: There is evidence from the literature that resistant bacteria can
disseminate from hospital patients to hospital and municipal wastewater. However,
there are many medium or low evidence quality studies, as well as conflicting results,
which hinder interpretation. To fully disentangle the community resistome from the
hospital resistome in municipal wastewater, we need more high evidence quality
studies that use high resolution typing, statistical methods, and targeted sampling
designs including controls.
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2.2 Introduction

Antibiotic resistance in wastewater is a growing area of research. As a reservoir of the
human resistome (Hendriksen et al., 2019; Newton et al., 2015), it has been proposed
as a medium for monitoring resistance in the human population (Aarestrup &
Woolhouse, 2020; Hendriksen et al., 2019; Parnanen et al., 2019; Pruden et al., 2021).
However, wastewater systems collect effluents from multiple sources as well as the
community, including hospitals and industrial premises (Pruden et al., 2013), abattoirs
(Nguyen et al., 2021) and other large buildings like offices and schools. Wastewater
samples therefore represent multiple resistome signatures. For sewage surveillance
to be an effective method for monitoring resistance in the community or in hospitals,
the contribution of each of these sources to resistance in a mixed effluent sample must
be understood.

The contribution of hospitals is a particular concern, because hospitals are a focal
point for bacterial infections and antibiotic usage. Resistant bacteria therefore can
emerge in hospitals that are not common in the community. There is concern that
municipal wastewater downstream from hospitals could have elevated resistance
levels, or an altered resistance profile, which reflects the hospital rather than the
community (Hassoun-Kheir et al., 2020; Hocquet et al., 2016). This has implications
for both surveillance and the risks to human and environment health of wastewater:
clinical effluent resistomes may alter sewage surveillance findings and may contain
resistant bacteria that are of public health concern. Therefore, there has been interest
in comparing hospital, municipal, and community effluents (Gao et al., 2022; Hassoun-
Kheir et al., 2020; S. Zhang et al., 2020).

Figure 2.1: Potential routes of dissemination of hospital-associated resistant
bacteria to municipal sewage

Routes that | aimed to study in this review highlighted in black, other related routes
in grey.
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Within hospitals, resistant bacteria can be found in patients, staff, and the
environment, and transmission between these sources has also been observed or
suspected (Constantinides et al., 2020; Tacconelli & Cataldo, 2008). This suggests
there are potentially multiple sources of resistance in the hospital effluent (Fig. 2.1). It
also seems possible that patient and hospital environment resistomes could be
characterised by different resistant bacteria, for example more environmental bacteria
thriving in the hospital environment (Hassoun-Kheir et al., 2020). To understand how
hospital or municipal wastewater can be used for surveillance of patients or community
members, the contribution of these different sources to hospital effluent also needs to
be investigated.

A growing number of studies have compared resistance in hospital patients,
environments, and effluents, and there is a need to synthesise the results of these
studies. Evidence from a research field can be collated and synthesised in systematic
reviews. Previous systematic reviews have investigated resistant bacteria in WWTPs
(Pazda et al., 2019), and community compared to hospital effluents (Hassoun-Kheir
et al., 2020; S. Zhang et al., 2020). However, there is lack of reviews considering
different hospital to wastewater transmission routes, and of broad scope reviews that
consider multiple resistant bacteria, bacterial genes, and study designs.

In this chapter, | conducted a systematic scoping review of the literature on the
dissemination of hospital-associated ABR in wastewater. Using broad search terms
and screening criteria, | identified studies that sampled wastewater and hospital
resistance sources, and made one or more conclusions about dissemination of
resistant bacteria. | aimed to describe the evidence for dissemination of ABR from
hospital sources to hospital or municipal wastewater. My objectives were to: 1)
systematically review the literature to identify studies of the dissemination of hospital-
associated ABR to wastewater; 2) summarise the evidence for different hospital-based
sources of resistance wastewater; and 3) appraise the characteristics and quality of
the methodologies of these studies.

2.3 Methods
2.3.1 Eligibility criteria

| adapted the PECO (Population, Exposure, Comparison, Outcome) framework for
environmental health evidence reviews (Collaboration for Environmental Evidence,
2013) to define the following criteria for assessing the relevance of a study to the
research questions, described in Table 2.1.

| did not make a comparison group necessary so that the research question and
eligibility criteria were applicable to a range of study designs, i.e. both direct and
indirect studies of the exposure. Municipal wastewater is defined as wastewater
containing all domestic effluent or a mixture of domestic and other effluent types,
treated or untreated. Clinical wastewater includes effluent from hospitals, treated or
untreated. | also included static sewage such as latrines and septic tanks.
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Based on this framework and the objectives of the study, | selected the following
criteria for a study to be ineligible in the evidence synthesis: 1) not available in English;
2) not about antibiotic resistance in bacteria; 3) not primary data analysis published in
a peer-reviewed journal (i.e., excluded reviews and conference abstracts); 4)
observational study design (i.e. no experimental studies such as those that use an
experimental wastewater system); 5) no human wastewater of any kind sampled
directly or indirectly; 6) only samples from one wastewater source type with no
comparison or exposure group studied (i.e. hospital or municipal wastewater samples
only). The aim of these criteria was to select studies that have appropriate sampling
to study any of the routes of dissemination of ABR from clinical sources into
wastewater shown in Fig. 1. For example, studies that measured resistance in hospital
patients or environment and hospital wastewater, or studies that measured resistance
in municipal wastewaters up- and downstream of a hospital, would be included.

Table 2.1 PECO-style framework for each research question

PECO question element Description
. ABR genes or bacteria in hospital or municipal
Population
wastewater

ABR genes or bacteria in hospital sources
(wastewater, patients, environment)

ABR genes or bacteria in municipal wastewater
Comparison without hospital impact, or none (population and
exposure samples only)

A claim that the study results provide evidence in
support of or against directional transfer of ABR
genes or bacteria from the exposure source to one
of the populations of interest.

Exposure

Outcome

The eligibility of studies according to criteria 1 — 6 was initially assessed in a title and
abstract screen. If an abstract was not available, the full text was used.

2.3.2 Sources of information and search strategy

| searched the following electronic databases: PubMed, Scopus, and Web of Science.
The search terms used for each database can be found in Table 2.2. Search terms
were identified through studying search terms of other similar systematic reviews
(Chatterjee et al., 2018; Greig et al., 2015) and tested using PubMed. | aimed to
retrieve articles that were about both ABR in bacteria and wastewater. | used a date
restriction between 1900 and the 21st July, 2021.

2.3.3 Data extraction
Included studies were split into two categories for data extraction. | conducted a full

data extraction from studies with an evidence statement in support of dissemination of
ABR from clinical environments to wastewater. An example of an evidence statement
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Table 2.2: Database search terms

Database | Search terms

PubMed (sewage OR sewer OR sludge OR slurry OR "waste water" OR effluent)

AND (antimicrobial drug resistance[MeSH Terms] OR antimicrobial drug
resistances[MeSH Terms] OR antibiotic resistance, bacterial[ MeSH Terms]
OR antibiotic resistance, microbial[MeSH Terms] OR drug resistance,
microbial[MeSH Terms] OR antimicrobial drug resistance[MeSH Terms] OR
antimicrobial drug resistances[MeSH Terms] OR resistome) AND (hospi*
OR patient* OR clinic*)

AND ("1900"[Date - Publication] : "2021/07/21"[Date - Publication])

Scopus TITLE-ABS-KEY ( "antimicrobial resistan*™ OR "antibiotic resistan™" OR
"drug resistan*" OR "multidrug resistan™" OR resistome )

AND TITLE-ABS-KEY ( sewage OR sewer OR sludge OR slurry OR
"waste water" OR effluent) AND TITLE-ABS-KEY ( hospi* OR clinic*
OR patient*)

AND LOAD-DATE < 20210722

Web of (TS = ("antimicrobial resistan™" OR "antibiotic resistan*" OR "drug
Science resistan* OR "multidrug resistan*™ ) OR Tl = ( "antimicrobial resistan™"
OR "antibiotic resistan* OR "drug resistan*' OR "multidrug resistan*")
OR FT = ( "antimicrobial resistan™ OR "antibiotic resistan* OR "drug
resistan*" OR "multidrug resistan™' ) OR SU = ( "antimicrobial resistan*"
OR "antibiotic resistan*" OR "drug resistan*' OR "multidrug resistan*")
OR WC = ( "antimicrobial resistan*" OR "antibiotic resistan*' OR "drug
resistan*" OR "multidrug resistan™") )

AND (TS = (sewage OR sewer OR sludge OR slurry OR "waste water"
OR effluent) OR Tl = ( sewage OR sewer OR sludge OR slurry OR
"waste water" OR effluent) OR FT = ( sewage OR sewer OR sludge OR
slurry OR "waste water" OR effluent) OR SU = ( sewage OR sewer OR
sludge OR slurry OR "waste water" OR effluent) OR WC = ( sewage OR
sewer OR sludge OR slurry OR "waste water" OR effluent) )

AND (TS = (hospi* OR clinic* OR patient*) OR Tl = ( hospi* OR clinic* OR
patient*) OR FT = ( hospi* OR clinic* OR patient*) OR SU = ( hospi* OR
clinic* OR patient*) OR WC = (hospi* OR clinic* OR patient*) )

Date range selected: 01/01/1900 — 21/07/2021

might be “Our results suggest that resistant bacteria in hospital effluents are carried
into municipal wastewater” or “Our results show that resistance in WWTP influent is

17



Chapter 2: Dissemination of hospital-associated antibiotic resistance to wastewater:
a systematic scoping review

impacted by hospital effluents.” For studies that did not make this claim of this kind, |
used partial data extraction. The data that was extracted in these two groups is
presented in Table 2.3.

For studies with an evidence statement, | recorded the finding (positive or negative)
and the route of ABR dissemination studied. For example, | would record that the
evidence claim stated that the authors believed positive evidence was found for
dissemination of ABR from hospital wastewater to municipal wastewater. Recording
the evidence claim and direction of transfer follows the methods of Muloi et al, 2018,
and allowed the study of the full range of different routes identified, making it suitable
for a scoping review. Secondly, by recording some data from conclusive and
inconclusive studies, | could identify which methods generated conclusive results,
therefore what study designs are needed in future.

Table 2.3: Data extraction for each of the evidence groups

Evidence group
Full data extraction (studies | Partial data extraction
with an evidence claim) (studies without an evidence
Data extraction claim)
Year of publication | Yes Yes
Countries sampled | Yes Yes
(sewage samples
only)
Route of ABR Yes NA
transfer studied
Study finding Yes NA
Antibiotic resistance | Yes Yes
phenotype
Laboratory typing Yes No
methods
Statistical analysis Yes Yes
methods
Hospital sample Yes Yes
types
Other sample types | Yes No

For all included studies, | extracted information on the types of antibiotic resistance
phenotypes measured in a study. | extracted this data for all included studies because
| hypothesised that the antibiotic phenotype measured may influence the study results
and evidence statement. For example, some phenotypes such as carbapenem
resistance could be being more likely to be detected in hospitals than in community
settings. For a resistance to a particular antibiotic to be considered to have been
measured, the study needed to either use phenotypic testing of isolates, or detect the
presence of a resistance gene that conferred resistance to that antibiotic. When
possible, | grouped antibiotics studied into the WHO Anatomical Therapeutic Chemical
Classification (ATC) Level 5 groups for comparability between studies and to reduce
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the number of antibiotic groupings. Studied that used shotgun metagenomics, whole
genome sequencing, or a large PCR panel of resistance genes were recorded as
measuring all antibiotic resistance phenotypes.

For studies with an evidence statement, | extracted information on the bacterial group
that was measured. | considered a bacterial group to be measured if its presence in a
sample was detected by culture, PCR, or metagenomics. Studies that used shotgun
or taxonomic metagenomics were recorded as measuring all bacterial groups.

Statistical methods were recorded as any kind of frequentist statistical test (such as
regression, t-test, Pearson’s correlation, with a p-value reported), Bayesian analysis
(such as regression with a Bayesian fitting method), cluster analysis (including
clustering on the basis of abundance similarity and sequence similarity, such as
principal components analysis or hierarchical clustering of gene sequences),
phylogenetics (including maximum likelihood, parsimony, and Bayesian methods),
permutations (such as Redundancy Analysis with Monte Carlo permutations), network
analysis (such as minimum spanning trees), and machine learning (such as random
forest analysis). Both cluster analysis based on genetic sequence similarity and
phylogenetics aim to demonstrate the relatedness of strains, but | distinguish between
them to capture the use of a model in the latter analysis method. When the type of
analysis used was unclear, or the statistical model was described but the fitting method
was not, the type of statistics was classed as ‘unclear’.

Information on the laboratory methods used for establishing resistance types and
bacterial types were collected from conclusive studies. Laboratory methods for
resistance typing were broadly classified as phenotypic (disk diffusion, incubation with
antibiotic in broth or agar, or incubation with non-antibiotic reagents such as clavulanic
acid in the E test), gene presence (PCR, gPCR, or metagenomics without sequence
analysis), or gene sequence (whole genome and resistance gene sequencing). Based
on Muloi et al, 2018, | describe phenotype testing as low resolution, gene presence
testing as medium resolution, and gene sequencing as high resolution, with respect to
determining the relationship between resistant bacteria in different samples (Muloi et
al., 2018).

Similarly, laboratory methods were classified (in order of resolution) as phenotypic
(selective media culture, colony morphological characteristics), bacterial fingerprinting
such as PFGE, DGGE and MALDI-TOF, partial sequencing such as MLST, 16/18s,
and shotgun metagenomics, and whole genome sequencing.

2.3.4 Evidence quality assessment

| assessed the quality of the evidence collected by recording data on a)
appropriateness of laboratory methods for studying transmission, such as the use of
high-resolution tools like whole genome sequencing, and b) use of statistics, such as
t-tests, regression, cluster analysis, or phylogenetics.
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2.4 Results

2.4.1 Duplicates and title and abstract screening

In total, 2083 studies were identified in public databases, which after de-duplication
resulted in 1454 unique studies. Fig. 2.2 presents the numbers of studies that were
found in each database, and numbers of studies excluded in each step in the eligibility
screening. A total of 201 studies were included in the data extraction phase, of which
61 made an evidence claim and had full data extraction, and 140 did not and had
partial data extraction.

2.4.2 Study characteristics

Full study characteristics for the 61 full data extraction studies is in Appendix A Table
1.

2.4.2.1 Year and country of studies

The earliest publication year in all included studies was 1973, and half of all studies
were published in or after 2017. Fig. 2.3 shows the distribution of source of resistance
studies by year.

Fig. 2.4 shows the number of studies found with samples from each country. A total of
70 countries were sampled in studies included in this chapter. The country with
samples analysed in the most studies the United Kingdom (19 studies), followed by
Germany (15), Spain (15), Portugal (13), and Sweden (12). Although all continents are
represented, there is a concentration of studies in Europe.

2.4.2.2 Antibiotic resistance phenotype studied

| extracted the antibiotic resistance phenotypes that were measured in all 201 included
studies. The antibiotic phenotypes most frequently studied were penicillins with
extended spectrum such as ampicillin and amoxicillin (101 studies), fluoroquinolones
such as ciprofloxacin (99), aminoglycosides such as gentamicin (97), tetracyclines
(95), and third generation cephalosporins (85). | classified 23 studies as measuring all
antibiotic resistance phenotypes. One study did not report the antibiotic resistance
phenotypes studied. In addition, six studies reported resistance to antibiotics that could
not be assigned to a class that is represented in the WHO ATC index (oleomycin,
avilamycin, sulfazoritrim, and monensin). These antibiotics are included in the
category “No ATC group found”. Excluding studies that looked at all resistance
phenotypes, studies measured 5.9 different ATC Level 5 antibiotic phenotypes on
average (range 1 — 21, standard deviation 4.7). The proportion of studies different
dissemination routes for each resistance phenotypes is presented in Fig. 2.5. The
types of antibiotic resistance phenotype studied were similar in each dissemination
route and in inconclusive compared to conclusive studies.

2.4.2.3 Bacteria studied

| extracted data on the bacterial groups measured in studies that made an evidence
statement. The most frequently studied types of bacteria were E. coli (15 studies),
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Enterococcus spp. (13), Enterobacteriaceae (7), Klebsiella pneumoniae (6), and
Pseudomonas aeruginosa (6). Three studies did not measure the presence or
abundance of any type of bacteria, all of which were gPCR studies. One study
investigated all bacteria using shotgun metagenomics. The proportion of studies
studying different dissemination routes for each bacterial group measured is presented
in Fig. 2.6.

2.4.2.4 Hospital sample types

Among all included studies, 103 collected samples from hospital effluents, 55 collected
samples from hospital patients, eight collected samples from the hospital environment,
and one collected samples from health care workers.

2.4.2.5 Other sample types

Studies with conclusive findings about dissemination from hospitals to wastewater also
often collected samples from other sources. These included natural waters, such as
rivers and lakes to which wastewater is discharged; soils where wastewater is used
for irrigation; healthy human samples and samples from outpatients; and other
effluents that are potentially sources of resistance in municipal wastewater, including
community sources, industrial effluents, and slaughterhouses. In total, eight
conclusive studies collected community effluents and two collected community clinical
samples.

2.4.2.6 Usage of statistics

Of all 201 included studies, 73 did not use any statistics (36.3%). The most frequently
used statistical method was frequentist analysis (83 studies). Next were cluster
analysis (44 studies), phylogenetics (12), permutation analysis (5), Bayesian analysis
(2), machine learning (2), and network analysis (2). The statistical methods used were
unclear in two studies.

Among positive evidence claims identified, 40 were in studies with any kind of
statistical analysis, whereas 16 were not. Negative evidence claims were only found
in five studies, all of which used statistics. 73.4% of studies that made conclusive
evidence claims used statistics was (45/61), compared to 59.3% of studies with
inconclusive findings (83/140), potentially indicating that use of statistics is important
in giving study authors conclusive findings. The proportion of studies with each
statistical method or with none by conclusion types is plotted in Fig. 2.7. The use of
statistics appears to generate more conclusive results, especially negative ones.

2.4.2.7 Usage of typing methods

Among studies that made an evidence statement about a source of resistance in
wastewater, most used gene presence as the highest resolution resistance typing
method (26 studies), followed by phenotypic testing (25) and resistance gene
sequencing (10). For bacterial typing, an equal number of studies used phenotypic, or
fingerprint methods (17 studies each), 16 used partial sequencing, and eight used
whole genome sequencing. Three studies did not identify bacterial species. The
different conclusions made by studies with each kind of resistance and bacterial typing
is presented in Fig. 2.8.
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2.4.3 Routes of dissemination of hospital-associated ABR to wastewater

Table 2.4 presents the number of evidence claims in support of and against the
different routes of dissemination, as well as the number of these studies with the
highest evidence quality (defined as use of statistics plus the highest resolution
resistance or bacterial group typing). The dissemination of ABR from hospital
wastewater to municipal wastewater received the most attention, with 42 studies
claiming evidence about this route.

Table 2.4: Numbers of studies support or against dissemination of hospital-
associated ABR to wastewater

All studies in category followed by number of highest evidence quality studies in
brackets. HWW: hospital wastewater; MWW: municipal wastewater

Route of dissemination Number of | Number of
studies studies against
supporting

Hospital patients to HWW 9(2) 2 (1)

Hospital patients to MWW 5 (0) 1(0)

HWW to MWW 40 (8) 2 (0)

Hospital to MWW (via indirect sampling | 7 (0) 0

design)

2.4.3.1 Hospital patients to hospital wastewater

Nine studies claimed to find evidence in support of dissemination of resistance from
hospital patients to hospital wastewater, and two claimed to find evidence against it.
In total, 35 studies collected samples from both hospital patients and hospital
wastewater, i.e. 31% (11/35) of studies captured in this review with appropriate study
design made an evidence claim about this direction of transfer. Studies investigating
this route mostly studied bacteria that are human pathogens and frequently cause
hospital-associated resistant infections, such as K. pneumoniae, K. oxytoca, and A.
baumannii (Fig. 2.6).

A close relationship between resistance in patients and hospital wastewater has been
found in several studies across the European (lversen et al., 2004; Jakobsen et al.,
2008; Ory et al., 2016; Popa et al., 2021; Rdderova et al., 2016; Seruga Music et al.,
2017) and African (Atmani et al., 2015; King et al., 2020) continents. There is high
quality evidence in favour of this route of dissemination. For example, Popa et al, 2021
used whole genome sequencing of multi-drug resistant K. pneumoniae isolates from
patients and effluents of an infectious disease hospital in Romania (Popa et al., 2021).
Maximum likelihood phylogenetics indicated that clinical samples and hospital effluent
belonged to the same clonal group. However, other high evidence quality studies have
found evidence against this route of dissemination. One study used whole genome
sequencing study of K. pneumoniae in patients in a haematology ward and wastewater
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from a UK hospital did not find evidence that resistant bacteria from patients
disseminated to hospital wastewater (Ludden et al., 2020).

2.4.3.2 Hospital patients to municipal wastewater

Six studies claimed to find evidence in support of or against dissemination of ABR
from hospital patients to municipal wastewater. The study with the highest resolution
typing in this group was Oracova et al, 2017, who showed some relatedness in MLSTs
of vancomycin resistant Enterococcus spp. in hospital patients and municipal
wastewater in the Czech Republic (Oravcova et al., 2017). A group of studies
compared resistance in national hospital-based surveillance data to municipal
wastewater (Karkman et al., 2020; Mbanga et al., 2021; Parnénen et al., 2019), but
none of these conclude that any correlations found are caused by dissemination of
ABR from hospitals to wastewater.

2.4.3.3 Hospital environment and health care workers to wastewater

Eight studies were found that sampled both the hospital environment and wastewater,
but none concluded that the hospital environment was a source of resistance in the
wastewater. Ludden et al, 2020, sequenced K. pneumoniae from multiple hospital
environments, including equipment and patient areas and found only 2% of these
samples were colonised, although they do not comment on the possibility of
dissemination of these bacteria to the hospital sewage (Ludden et al., 2020). One
study took samples from hospital personnel and patients as well as municipal
wastewater and found no resistance to vancomycin in enterococci in the hospital staff,
without drawing a conclusion about whether this indicated the role of staff in the
sewage resistome (Oravcova et al., 2017).

2.4.3.4 Hospital wastewater to municipal wastewater

The most frequently studied dissemination route studied was the link between hospital
wastewater and municipal wastewater (40 out of 61 studies with a conclusions). A
range of bacterial species were studied in this group, but the most frequently
measured was E. coli (Paulshus et al., 2019; Verburg et al., 2019) and Enterococcus
spp. (Lamba et al., 2018). Six studies used the highest resolution typing methods to
investigate this (whole genome sequencing), all of which found positive evidence that
resistant bacteria in hospital wastewater are disseminated to municipal wastewater
(Cahill et al., 2019; Gouliouris et al., 2019; Ludden et al., 2020; Popa et al., 2021; Pot
et al., 2021). Other compelling evidence for this route of dissemination came from
studies with samples before and after the hospital wastewater entered the main
wastewater stream. One such study in Ireland found similar sequence types were
found in the hospital effluent and the municipal wastewater downstream of the hospital
entrance point (Cahill et al., 2019).

In contrast to the consistent evidence from studies with sequence comparison, studies
that investigated the profile of bacterial species and resistance genes in sewage
produced more mixed results. Ng et al, 2017 (Ng et al., 2017) and Kutilova et al, 2021
(Kutilova et al., 2021) conducted metagenomics on the wastewater of urban hospitals
and WWTPs in Singapore and the Czech Republic, respectively. Although both found
some similarities in the resistome and microbiome of these samples, their conclusions
do not agree. Ng et al found more similarity and tentatively suggest a patient-to-
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hospital wastewater-to-municipal wastewater route of dissemination as the
explanation. Kutilova et al, on the other hand, suggest that patient-derived bacteria in
the hospital wastewater do not contribute to the resistance in WWTP influent, likely
due to dilution of hospital wastewater, although they do not rule out dissemination.
Similarly, two studies in France making use of a large qPCR panel found that the
hospital wastewater does not contribute to overall antibiotic resistance abundance in
WWTP influent although again they do not rule out hospital dissemination (Buelow et
al., 2018, 2020). In general, studies comparing the abundance of resistance genes or
resistant bacteria have highlighted that dilution of the hospital signature reduces the
overall contribution of hospitals to resistance patterns in municipal wastewater
(Buelow et al., 2018, 2020; Kutilova et al., 2021; Paulshus et al., 2019).

2.4.3.5 Indirect studies of hospital impact on wastewater

Finally, studies have looked for an impact of hospitals on municipal wastewater
through indirect sampling, i.e. by sampling WWTPs that are and are not impacted by
hospital effluents. Many studies that have used this study design have claimed to find
evidence in support of a contribution, mostly in Europe (Alexander et al., 2020;
Guardabassi et al., 1998; Harris et al., 2014; Linton et al., 1974; Ludden et al., 2017;
Novo & Manaia, 2010), and one study in India (Akiba et al., 2015). However, other
studies with this design have not found evidence for an overall effect (Buelow et al.,
2018, 2020). Alexander et al, 2020 and Ludden et al, 2017 both provide good evidence
for an effect by sampling from multiple WWTPs. Alexander et al found an increased
abundance of antibiotic resistance genes in hospital-influenced WWTPs, and Ludden
et al only found carbapenemase producing Enterobacteriaceae in hospital-influenced
WWTPs.
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Figure 2.2: Flow diagram of screening process

Numbers of studies included and excluded at each stage of the screening process
(importing from database; de-duplication; title and abstract screening; full text
screening), plus numbers of studies in each included category.

Database screening

Total studies imported: 2083
PubMed: 585; Scopus: 439; Web of
Science: 1059

Identification

I Duplicates removed: 629

Title and abstract screening
Total excluded: 1092
v 1) Abstract not available: 10
2) Not about an ABR gene or organism: 184
3) Not primary data analysis: 252
4) Experimental studies: 149
5) No human sewage of any kind sampled: 256
6) No comparison or exposure group studied: 241

Screened for eligibility: 1454

Full text screening

Total excluded: 161

\ 4 1) No full text found: 11

- o 2) No access to full text: 13
Screened for eligibility criteria, presence 3) Full text not available in English: 6

of relevant copclusmn, and f:hrectlon of 4) Not about an ABR gene or organism: 7
AMR transfer in the conclusion: 362 . -
- 5) Not primary data analysis: 2
6) Experimental studies: 5
7) No human sewage of any kind sampled: 21
8) No comparison or exposure group sampled: 96

Eligibility screening

Included studies categorized by
screening for conclusive statement: 201

Conclusive statement, full No conclusive statement,
data extraction: 61 partial data extraction: 140

Categorising included studies
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Figure 2.3: Year of included study publication

Year of publication of included studies, coloured by whether they contained an
evidence statement about dissemination of ABR from clinical sources to

wastewater.
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Figure 2.4: Global distribution of included studies

A) Numbers of included studies using a sample from a country. B) The proportion of
studies with a positive finding in each country. In both plots, no background colour
indicates no relevant studies were found to sample in this region.
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Figure 2.5: Antibiotic resistance phenotypes studied

Proportions of studies with different conclusion types for each antibiotic resistance phenotype studied. Phenotypes occurring in
fewer than 5 studies excluded. The number of studies in each category is printed below each bar. HWW: Hospital wastewater;
MWW: Municipal wastewater.
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Figure 2.6: Bacterial groups studied

Proportion of studies with different conclusion types for each bacterial groups studied. The numbers of studies in each group are

plotted below each bar. HWW: Hospital wastewater; MWW: Municipal wastewater.
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Figure 2.7: Type of statistics used

Proportion of studies with different conclusions for each kind of statistics, or no
statistics. The number of studies in each category is printed beneath each bar.
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Figure 2.8: Typing methods used

Proportion of studies with different conclusions for each kind of typing. The number
of studies in each category is printed beneath each bar.
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2.5 Discussion

In this chapter, | used a systematic scoping review to investigate the dissemination of
resistance from clinical sources to wastewater. Of 2083 screened studies, data was
extracted from 201. There is increasing evidence that ABR in clinical sources, such as
hospital patients and effluent, can be a source of resistance in municipal wastewater.
However, conflicting results remain, and the contribution of ABR to the overall
resistance profile in sewage may be low. There is a need for more high evidence
quality studies using high resolution typing, control samples, larger sample sizes (e.g.
more than three sampling sites and more than one sample per site), and statistical
methods, rather than those with only a descriptive analysis of the phenotypic results
of isolates from one or two wastewater samples.

There was some high quality evidence that ABR can disseminate from patient to
hospital effluent from studies using partial or whole genome sequencing, multiple
sampling, and statistical analysis (Ory et al., 2016; Popa et al., 2021). This is
supportive of the use of hospital wastewater itself as a way of non-invasively
monitoring the patient resistome. Patient to hospital effluent dissemination has
implications for wastewater treatment and for wastewater surveillance. Firstly, it adds
to the evidence that hospital wastewater presents a health risk. The prevalence of
treatment of hospital wastewater varies around the world, but may particularly be a
risk in LMICs where wastewater treatment can be less efficient (Nadimpalli et al.,
2020). Secondly, it raises the question of to what extent sewage samples taken
downstream of hospitals reflect the hospital resistome instead of the community
resistome.

However, there were also some conflicting results on the relatedness of hospital
patient and hospital effluent resistant bacteria. Two studies with similar methodologies,
one in a Romania (Popa et al., 2021) and the other in the UK (Ludden et al., 2020),
produced different results. This may simply show that although resistant bacteria in
patients can be disseminated to hospital effluent, a resistant infection in a patient is
not guaranteed to be represented in the sewage. To capture patient resistomes, it may
be necessary to take multiple samples per hospital and use high sensitivity techniques
such as gPCR. At the same time, it may be that this dissemination route could be more
common under some conditions than others. For example, the Romanian study was
conducted in an infectious disease hospital whereas the UK study was in a
haematology ward of a general hospital. Possible differences between these hospital
types could lead to the hospital effluent bearing more patient-derived resistant
bacteria, such as prevalence of resistant colonisations and infections, site of resistant
infections (e.g., blood infections less likely to be represented than gut and urinary tract
infections), use of antibiotics, and patient age. Understanding the impact of hospital-
related factors on the dissemination of resistance from patients to sewage could inform
on the risks of effluents from different hospitals, and the different impacts of these
hospitals on downstream municipal sewage. However few if any studies have
systematically compared the effluents of different hospitals, although one study of
different hospital wards did find some variation (Perry et al., 2021).
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Given the evidence for a patient-to-hospital wastewater dissemination route for
resistant bacteria, it is interesting that few studies compared resistance in the hospital
environment (such as sinks, toilets) and hospital wastewater. It has been shown that
hospital wastewater can select for resistance (Hutinel et al., 2021; Kraupner et al.,
2021), that the hospital environment is rich in antibiotic residues (Voigt et al., 2019),
and that environment to patient transmission of resistant bacteria can occur
(Constantinides et al., 2020), suggesting the hospital environment may represent a
reservoir and enricher of resistant bacteria. The selection of resistant bacteria within
wastewater is an area of concern, as it may increase the amount of resistance in
wastewater and therefore the load on WWTPs (Kraupner et al, 2021). There were
even fewer studies that collected samples from health care workers as well as sewage.
It seems possible that if patients can contribute to resistance in the hospital
wastewater, staff could do so as well, although potentially different rates of
colonisation and water use in staff may result in this dissemination route being less
frequent. If there are resistant bacteria from the hospital staff and environment found
in hospital effluents, accounting for this in the analysis of wastewater surveillance may
improve patient-level predictions, so this is an important gap in the literature.

The evidence around the dissemination of resistance from hospital effluent to
municipal wastewater was mixed. Hospital effluent has been shown to be distinctive
and to reflect the patient population (Hassoun-Kheir et al., 2020; Hocquet et al., 2016).
The next question is then do these resistant bacteria reach municipal WWTPs, where
surveillance samples are usually taken? Studies attempting to address this question
have been numerous, as clinically-derived resistant bacteria making up a portion of
WWTP influent is a public health concern (Manaia, 2014; Pruden et al., 2013), as well
as calling into question the use of municipal wastewater for community resistance
surveillance. Whole genome sequencing studies have found related strains in hospital
and municipal wastewater (Cahill et al., 2019; Ekwanzala et al., 2019). On the other
hand, studies that have used metagenomics (Kutilova et al., 2021; Ng et al., 2017) or
large qPCR (Buelow et al., 2018, 2020) panels to characterise the resistome of
wastewater suggest a low overall contribution of hospital wastewater to the municipal
wastewater resistance signature. On top of this, studies have found some positive
correlations between resistance levels in patients and resistance gene abundance in
sewage (Karkman et al., 2020; Mbanga et al., 2021; Parnanen et al., 2019).

In all these studies, interpretation of the results is a challenge. Hospital effluent
generally makes up a very small fraction of the volume of WWTP influent (Hocquet et
al., 2016), in addition to travelling hundreds or thousands of metres to the nearest
WWTP. These factors may be expected to lead to a smaller chance of capturing
clinical bacteria in a given sample. Resistance levels in hospitals and hospital
wastewater may also correlate with resistance levels in the community because some
of these bacteria are circulating in the community. Relatedness found between clinical
sources and municipal wastewater may reflect this rather than dissemination of
resistance from hospitals to WWTPs. To resolve this, ‘control’ samples from
community sites, healthy community members, and outpatients can be used. Some
conclusive studies did collect these samples, but not many. In addition, control
samples would be most useful when selected to be comparable to the main samples
(e.g. regional matching between community and hospital effluent sampling).
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The use of any kind of statistical analysis was more common in studies with conclusive
results, suggesting that the use of statistics generates more conclusive findings.
Sewage data is often noisy, complex, and high dimensional. Making sense of this type
of data requires flexible statistical approaches (Bengtsson-Palme et al., 2017; Nguyen
et al., 2021). For example, resistance gene counts are likely to be overdispersed, and
there may be factors such as physicochemical characteristics that must be accounted
for in the analysis. However, more powerful models such as regression, phylogenetics,
and machine learning were rare. This was partly due to the low sample size in many
studies. Disentangling the multiple sources of resistance in municipal wastewater will
require more studies with a combination of greater sample size, control samples, and
more powerful statistical techniques.

Few studies had negative findings. This could indicate consensus in the literature that
hospital ABR can disseminate to municipal wastewater. However, many other factors
could reduce the number of negative findings. There could be a reporting and
publication bias against evidence that suggests this dissemination does not happen.
Bias against negative or ‘null’ results is well documented in clinical and social studies,
and are thought to also be an issue for the environmental sciences (Bilotta et al.,
2014). Authors may also be more cautious to conclude against this route of
dissemination if it is considered plausible, especially if the evidence provided by their
study is not of high quality. Only studies with statistical analysis had a negative
conclusion, which may point to a lack of negative conclusions due to low evidence
quality in this field.

The choice to select studies for inclusion based on an evidence statement introduces
limitations. Not having many restrictions on study design allowed a broad scope in
types of evidence and transmission routes identified. However, | may have excluded
studies with relevant data or results if the authors did not discuss them. An evidence
claim is also potentially subjective, and some studies that intended to claim evidence
may have been missed. In addition to limitations caused by this criterion, | could not
guantitatively compare the results of the selected studies because of the heterogeneity
of types of data and results included, which is a limitation of having a broad scope. A
review focussed on one of the identified ABR transmission routes (such as patients to
hospital effluent) could select studies on a sampling design basis, and their
guantitative results could then be analysed. Narrow focus systematic reviews of this
kind are better suited to a) confidently identify all relevant datasets, and b) thoroughly
assess the evidence for such a transmission route.

In conclusion, | found that there is increasing evidence to show that hospital-
associated bacteria can disseminate to hospital effluent, and possibly to WWTP
influent. Knowledge gaps remain around the overall contribution of hospital effluent to
resistomes in municipal wastewater, and how this could vary for different types of
hospitals and in different countries. Studies with control samples in the community,
robust sampling design, statistics, and high-resolution typing methods are needed to
quantify hospital-to-WWTP influent ABR dissemination more precisely. This is
particularly important for informing translating the findings of wastewater surveillance
to community burdens of resistance.
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3.1 Abstract

Antibiotic resistance can be transmitted between animals and humans directly or
indirectly, through transmission via the environment. However, little is known about
the contribution of the environment to resistance epidemiology. Here, | use a
mathematical model to study the effect of the environment on human resistance levels
and impact of interventions to reduce antibiotic consumption in animals. | developed
a model of resistance transmission with human, animal, and environmental
compartments. | compared the model outcomes under different transmission
scenarios, conducted a sensitivity analysis, and investigated the impacts of curtailing
antibiotic usage in animals. Human resistance levels were most sensitive to
parameters associated with the human compartment (rate of loss of resistance from
humans) and with the environmental compartment (rate of loss of environmental
resistance and rate of environment to human transmission). Higher environmental
transmission also reduced the impact of curtailing antibiotic consumption in animals
on resistance in humans. | highlight that environment-human sharing of resistance can
influence the epidemiology of resistant bacterial infections in humans and reduce the
impact of interventions that curtail antibiotic consumption in animals. More data on
resistance in the environment and frequency of human-environment transmission is
crucial to understanding the population dynamics of antibiotic resistance.
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3.2 Introduction

Antibiotic resistance (ABR) is a One-Health issue, present in a variety of commensal
and pathogenic bacteria found in humans, animals and the environment (Robinson et
al., 2016; Woolhouse et al., 2015). The potential of the environment for dissemination
of ABR has been increasingly recognised, with particular focus on the volume of
resistance bacteria in human and agricultural wastewater effluent being discharged
into natural waters and soils (Blirgmann et al., 2018; Larsson et al., 2018; Manaia,
2014).

There are many potential routes for resistant bacteria into the environment. Several
studies have demonstrated is it likely that resistant bacteria in humans can be
transferred to the environment, including rivers (Amos et al., 2015), coastal waters
(Leonard et al., 2015), and soils (Palacios et al., 2017). In addition, studied have linked
resistant bacteria in animals and their respective environments, such as between wild
animals and human-impacted environments (Araujo et al., 2014; Swift et al., 2019),
and between livestock and their environment, especially in aquaculture (Cabello et al.,
2013; Call et al., 2013). However, the risk that the resistance in the environment poses
to humans and animals remains poorly understood (Raven et al., 2019).

Mathematical models are an important tool to study complex dynamics inherent in the
emergence and spread of resistance (Knight et al., 2019) and can therefore be used
to improve our understanding and combat the spread of ABR in humans, animals and
the environment. However, a lack of data and understanding about the burden,
selection and transmission of resistant bacteria, especially in animals and the
environment, presents a challenge to parameterising models of ABR from a One-
Health perspective. Consequently there are few models of resistant bacteria that
connect humans, animals and the environment (Niewiadomska et al., 2019).

Some existing studies incorporate an environmental component into transmission
models of resistant bacteria in hospitals or farms. Two compartmental models found
that reducing or eradicating resistance in a hospital setting was harder to achieve
when the environment was explicitly modelled (Kouyos et al., 2011; McBryde &
McElwain, 2006). Studies taking the environment into account when modelling the
spread of resistance in farms have found environmental parameters were key in
dynamics of resistance in the farm (Call et al., 2013; Greesboll et al., 2014). However,
a recent modelling study found that interventions to reduce antibiotic consumption in
animals would still be effective when the influence of resistance in animals and the
environment is considered (Booton et al., 2021). These findings indicate the need for
further exploration of the role of the environment with fully dynamic transmission
models.

In this study, | aimed to investigate the importance of the environment in the long term
dynamics of resistant bacterial infections in humans, including how it might affect the
impact of interventions to reduce resistance in humans. A compartmental of resistance
transmission within and between humans, animals and the environment was
developed. | use a dynamic environmental compartment, improving on existing models
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by allowing us to assess the importance of within-environment processes. My
objectives were: 1) to investigate how adding an environmental compartment affects
the long-term dynamics of resistance in humans, and the sensitivity of the model to its
parameters; and 2) to investigate the impact of interventions to curtail antibiotic usage
in animals or environment to human transmission on the prevalence of resistance in
humans in this model.

3.3 Methods

3.3.1 Model description

| extended the original model presented in (van Bunnik & Woolhouse, 2017), to include
an environmental compartment. Humans and animals gain resistant infection by
exposure to antibiotics, or exposure to other humans, animals or environments
carrying resistant bacteria. Resistance in the environmental compartment is increased
by contact with humans or animals who carry resistant bacteria, or via exposure to
antibiotics that have been excreted by humans or animals. The environment is not
considered to be any one type of environment, such as water or soil, but rather a
summation of these types.

| define the model using a system of coupled ordinary differential equations:

dR
d_tH = (1—Ry) - (Ay+ Buu Ry + Ban-Ra + Ben-Re) — uy Ry (1)
dR (2)
d_tA = (1—Ry) - (As+ Paa"Ra + Pua-Ry+ Pea-Re) — ta-Ry
dRy (3)
W= Yulu +Yala + Bug Ry + Bag Ra — Ug - Rg

Ry, and R, are the fractions of the human and animal population that are infected with
resistant bacteria, respectively, and R is a measure of the amount of resistant
infectious bacteria in the environment. Ay is the constant rate at which resistance is
gained from exposure to antibiotics in humans, and A, is the equivalent in animals.
These are composite variables, taking into account both the amount of antibiotics
consumed and the rate at which selection causes resistance in bacteria to arise. uy is
the reversion rate of humans infected with resistant bacteria to having only sensitive
bacteria, and pu, is the equivalent in animals. This includes the rate of clearance of
resistant infection and the rate of death in a fixed-size population. The parameters yy
and y, are scaling parameters determining how much of the antibiotic exposure in
humans (4y) and animals (A4) will result in excreted antibiotics selecting for an
increase in resistant bacteria in the environment. u is the rate of loss of resistant
infectious bacteria from the environment. Transmission within and between the
compartments is controlled by the £ transmission coefficients, with the subscripts
indicating the direction of transmission of each coefficient. For example, Byy is the
transmission coefficient between humans, and fzy is the transmission from the
environment to humans.
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Further details about parameter definitions, units and values ranges can be found in
the Appendix B Table 1. Fig. 3.1.A shows a flow diagram representing the movement
of infectious resistant material between and within the different compartments. All
rates are per capita with respect to the human and animal populations, and per
environmental unit with respect to the environment (see next section). | used the
steady state solutions of this model, obtained numerically, as | were interested in long-
term prevalence. The timestep of the model represents one month. Determination of
the time step is discussed in Appendix B (Additional Methods Information).

3.3.2 Capacity for resistance in the environment

Equation (3) represents the environment as an unbounded compartment, in which the
amount of resistant infectious material in the environment is in the range 0 - . |
consider one “unit” of the environment to be the human infectious potential equivalent.
This means that for a value of Ry = 1, if the transmission coefficients Bzy and Byy
were the same, each unit of the environment would transfer resistant material to
humans at the same rate that an infected human would to another human. Although
theoretically the environment may have some maximum capacity for resistant material,
| do not have a way to determine this capacity, so | modelled the environment as an
unbounded compartment. For comparison, | also explored a version of the model in
which resistance levels in the environment cannot exceed 1. In this model the
environmental compartment is specified:

dRg (4)

7= (1 —Rg) - (yuAy +Yaha + Pup Ry + Pap-Ra) — g Rg

This model assumes that there is no growth or dissemination of resistant organisms
within the environment. | also assume that the environment is only exposed to
antibiotics that are excreted by humans or animals. The environment may be exposed
to antibiotics directly through, for example, the effluent of pharmaceutical industries,
but | do not consider this specific case here.

3.3.3 Impact of interventions on resistance in humans

| investigated the impact of two types of interventions on the levels of resistance in the
human compartment. Firstly, | looked at interventions to remove antibiotic usage in
livestock (reducing A4 to 0), and how changes to environmental parameters affect the
effectiveness of this intervention. Secondly, | looked at interventions that would reduce
the transmission of resistant bacteria from the environment to humans (reducing Bgy
to 0).

I measured the impact of interventions as the percentage decrease in resistance levels
in humans, following (van Bunnik and Woolhouse, 2017). | compare equilibrium values
of Ry before (Rj;) and after the intervention (RI};), to obtain the impact, or percentage
decrease in human resistance levels:
RIy
Ry

(5)

w=1
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| investigate the impact of reducing Sy and of curtailing antibiotic usage in animals
(Aa)-

3.3.4 Sensitivity analysis

| use the extended version of the Fourier Amplitude Sensitivity Test (FAST) (Saltelli et
al., 1999) to analyse the relative influence of each parameter on the value of Ry, the
outcome measure of interest. A total sensitivity index for each parameter is calculated
based on the variance of Ry over variation in all parameters. The R package fast was
used for this analysis (Reusser, 2015).

3.3.5 Parameterisation

Due to a paucity of data about many of the parameters in the model, | aimed to explore
a wide range of parameter scenarios in this model. | chose the following transmission
scenarios: 1) a baseline, with transmission parameter values similar to those of the
original (van Bunnik & Woolhouse, 2017); 2) a balanced transmission scenario, with
all transmission coefficients equal; 3) human-driven transmission (i.e., if the subscript
H denotes the humans and x denotes any other compartment By, > B.,); 4) animal-
driven (B4, > Bxx); @and finally 5) environment-driven (Bzy > Six)-

| also averaged the results across parameter sets generated randomly using sampling
distributions for the three parameters R, that was most sensitive to (viz. uy, ug, and
Ay), to avoid over-reliance on model dynamics that are unusual to a particular
combination of parameters rather than generally true of the system. All parameter
values and sampling distributions can be found in Appendix B Tables 2 and 3, as well
as the methods for obtaining transmission scenario parameters.

3.3.6 Software

Analyses were carried out using Wolfram Mathematica version 11.3 (Wolfram
Research Inc., 2018), R 4.1 (R Core Team, 2022), and Julia 1.7 (Bezanson et al.,
2017). The code for the model, parameter set generation, and visualisations is
available at https://github.com/hannahlepper/animal-human-env-model.

3.4 Results

All analyses were conducted in both bounded and unbounded environmental capacity
versions of the model.

3.4.1 Long term dynamics of resistance in humans

3.4.1.1 Prevalence of resistance in humans

For all transmission scenarios, parameter sets were identified that corresponded to
the intended target equilibrium human resistance prevalence of 71% in both the
bounded and unbounded versions of the model (Appendix B Fig. 1) (target prevalence
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used in original study from van Bunnik and Woolhouse, 2017). Fig. 3.1.B shows that
the amount of resistance in the environment was influenced by the model structure
and the transmission scenario. The highest level of resistance in the environment was
in the environment-driven, unbounded version of the model, indicating that an
implausibly high level of environmental contamination is not needed for observed
human resistance levels.

3.4.1.2 Sensitivity analysis

Model sensitivity results are presented in Fig. 3.1.C. In both bounded and unbounded
models, human resistance prevalence was most sensitive to uy, the rate of loss of
resistance from humans, but relatively insensitive to 4,4, the antibiotic consumption in
animals. The rate of transmission from the environment to humans, Bz, was at least
as important as S,y and B4y, rates of transmission to humans from other humans and
from animals. Moreover, B¢y is more influential than any other transmission parameter
in the unbounded model. The rate of loss of resistance from the environment, u;, was
more important for human resistance levels in the unbounded than the bounded
model.

3.4.2 Impact of interventions to reduce resistance in humans

3.4.2.1 Impact of curtailing antibiotic usage in animals

Curtailing antibiotic usage in animals had a small impact on human resistance levels,
and the impact was lower when the environment was explicitly modelled or when
animals contributed less to resistance transmission (Fig 2). The percentage decrease
in human resistance levels achieved without an environmental compartment and using
the parameters of the original model (the ‘baseline transmission scenario) was 3.2%.
Simply adding an environmental compartment and keeping other parameters reduced
the percentage decrease to 2.8% in the unbounded and 2.9% in the bounded model.
The animal-driven transmission scenario had the highest impacts (5.8% decrease in
human prevalence), and the human-driven scenario had the lowest (0.064%). In the
environment-driven transmission scenario, the environmental capacity was influential:
when bounded, the impact was low (0.94%), and increased when unbound (3.2%).
Both the environmental structure and the transmission parameters affected the impact
of antibiotic usage reduction in animals.

3.4.2.2 Reducing A, vs. reducing Lgy

| compared the impact (w) of reducing either A, (the antibiotic consumption in animals)
or Bgy (the transmission of resistant material from the environment to humans) (Fig.
3.3). | considered pre-intervention values of 0.1 for each parameter, as well as the
impacts in different transmission scenarios. This value was chosen so that the size of
the intervention was consistent between transmission scenarios in this model and with
the previous model (van Bunnik and Woolhouse, 2017). Interventions to reduce Bgy
had a greater impact than interventions to curtail A, when transmission was human-
or environment-driven, or when transmission was balanced. When livestock
dominated transmission or for the baseline parameter set, the impacts of interventions
to reduce Sgy or A, were similar.
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3.4.2.3 Effect of Bgy on impact of interventions to reduce antibiotic consumption in
animals

| next identified the impact of reducing A4 across a range of values for Sz (Fig. 3.4).
Increasing gy decreased the size of the impact of curtailing antibiotic usage in
animals in all transmission scenarios (Fig 3.4.A). The peaked shape of the impact size
in the environmental transmission scenario is caused by the increase in S5y allowing
increasing indirect transmission in animals and humans. This effect is only observed
when there is little non-environmental transmission. Fig. 3.4.B shows that the
decrease in intervention impact was also observed across the range of pre-
intervention values for A,. These results indicate that increasing environmental
transmission can reduce the impact of curtailing antibiotic usage in animals.

Figure 3.1: Model structure, environmental resistance levels, and sensitivity
analysis

A: flow diagram indicating the model structure. B: Ry values in all transmission
scenarios and both model structures. C: Fourier Amplitude Sensitivity Tests (FAST),
indicating how much variation in R, was explained by each model parameter. On
the left, FAST for the version of the model in which R is bounded to 1. On the right,
FAST for the version of the model in which R; was unbounded.
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Figure 3.2: Mean impact of reducing antibiotic consumption in animals on
human resistance levels across transmission scenarios

A, was reduced from 0.1 to O in all scenarios. The green point in the baseline
transmission scenario group is the mean impact for the original (van Bunnik and
Woolhouse, 2017) model, with no environmental compartment included. Results
were averaged for parameter sets with uy, uz, and Ay varied, with error bars
indicating standard deviation in results.
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Figure 3.3: Impact of reducing environmental transmission or animal
antibiotic consumption on human resistance levels

Violin plots of the impact (proportion decrease in Ry after the intervention) of
reducing either Sz or A4 in all transmission scenarios and for both model structures.
The intervention target was reduced from 0.1 to 0 in each case for consistency.
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Figure 3.4: Effect of environmental transmission on the impact of decreasing
antibiotic consumption in animals on human resistance levels

A: Mean impact of antibiotic decrease in animals on human resistance levels
(proportion decrease in human resistance levels) for each transmission scenario
with increasing rate of environment to human transmission (Szy). Ribbons indicate
25% and 75% impact quantiles. B: Heatmap of the impact of different pre-
intervention values of A, (y axis) against different levels of environment to human
transmission, Sy (x axis), for the animal transmission scenario in the unbounded
model. The colour of the tiles indicates the average value of the impact of the
intervention from 17,000 parameter sets where uy, ug, and Ay were varied.
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3.5 Discussion

3.5.1 Key findings

In this Chapter | modelled the transmission of resistant bacteria between humans,
livestock animals and the environment, and assessed the impact of interventions that
reduce antibiotic consumption in animals or decrease the transmission of resistant
bacteria from the environment to humans. | found that human resistance prevalence
is sensitive to transmission between humans and the environment. Including an
environmental compartment in the model decreased the impact of curtailing antibiotic
resistance, and a more transmissible environmental reservoir of resistant bacteria
further mitigated the impact of this intervention. Reducing the transmission of resistant
bacteria from the environment to humans was found to be a more effective intervention
than reducing antibiotic consumption in animals. Overall, these results indicate that
resistant bacteria in the environment can influence the prevalence of resistance in
humans. The size of environmental influence will depend on the amount and dynamics
of resistant bacteria in the environment. Assessing the likelihood of observing these
theoretical results in the real world is hindered by a lack of quantified, generalisable
data on the types, amount, and degradation of resistance in the environment, and the
transmission of resistance between humans, livestock and the environment.

3.5.2 Is curtailing antibiotic usage in animals an effective intervention to reduce
human resistance levels?

The greatest observed impact of curtailing antibiotics in animals was a modest 10%
decrease in human resistance level in a balanced transmission scenario, and the
smallest impact was a <1% in the human-driven transmission scenario. This result
provides little theoretical support that curtailment of antibiotics would appreciably
decrease resistance in humans in many settings. In contrast, there is some empirical
evidence that curtailing antibiotics in livestock could reduce human resistance levels,
although from a small set of observational studies (Scott et al., 2018). A study of use
of third-generation cephalosporin ceftiofur in broiler rearing in Canada found that
resistance in Salmonella and E. coli was decreased in clinical isolates by 20% and
40%, respectively, after ceftiofur use decreased (Duitil et al., 2010). This real-world
population-level effect is greater than these results would predict, and may indicate
they are an underestimate, especially with respect to the degree of sharing of
resistance between humans and animals. More data-based parameterisation will be
crucial to improve the accuracy of One-Health resistance transmission models.

The size of the effect of intervening to reduce antibiotic consumption in livestock varied
by transmission scenario (balanced transmission, or transmission driven by either
humans, livestock or the environment). Therefore, a key question for assessing the
accuracy and relevance of the resulting intervention effect sizes is how realistic are
the transmission scenarios? Although transmission of resistance between humans
and animals is of great concern, evidence that conclusively demonstrates a case of
direct transmission is rare (Muloi et al., 2018; Wee et al., 2020). Accurately
parameterising the relationship between resistance in humans and livestock is an

46



Chapter 3: The role of the environment in transmission of antibiotic resistance
between humans and animals: a modelling study

ongoing area of research (Thorpe et al., 2021) which will be crucial for One-Health
modelling of resistance. It seems likely that on average across a large human
population, human-human transmission is far more common than animal-human
transmission and | suggest human-driven scenario to be most relevant for resistance
dynamics in the human population.

As the transmission rate from the environment to humans increased, the effectiveness
of antibiotic curtailment was decreased. This suggests that the environment can
provide a ‘back door’ transmission route from animals to humans that can reduce the
effectiveness of antibiotic curtailment by adding to overall animal-human transmission
rates. Using a two-pronged approach by intervening to reduce environmental
transmission at the same time could therefore improve the impact of antibiotic usage
curtailment. However, the effect of environmental transmission on antibiotic
curtailment effectiveness was negligible in the human-dominated transmission
scenario (Appendix B Fig. 2), again indicating the importance of transmission setting
for this result. It remains unclear if non-human dominated transmission scenarios are
realistic, and therefore what the real-world size of this back-door effect might be. There
is some evidence that microbiomes in humans, animals and the environment become
more shared as interactions become more frequent (Pehrsson et al., 2016),
suggesting that transmission scenarios in which humans do not dominate transmission
(such as the balances and baseline scenarios) are possible. Further work to quantify
environmental resistance concentrations and transmission could improve accuracy of
outcome predictions of antibiotic usage interventions. As reducing antibiotic usage in
livestock animals is a costly intervention, it is important to ensure optimal
implementation.

3.5.3 Could the environment be an effective alternative intervention target?

The rate of transfer of resistant bacteria from environment to humans (fzy) is also a
potentially effective intervention target. Human resistance prevalence levels were
sensitive to Byy and ug, the rate of loss of resistant bacteria from the environment
(sensitivity analysis, Fig. 3.1.C), which suggests that interventions to reduce how much
resistance humans gain from the environment would be effective. Indeed, the impact
of reducing fzy was more effective than antibiotic usage curtailment interventions,
although the difference was small in the animal-dominated scenario (Fig. 3.2.A).
Interventions that improve sanitation have been proposed to reduce occurrences of
transmission of resistance between humans and the environment in informal urban
communities in LMICs where there is frequent exposure to resistance bacteria in the
environment (Collignon et al., 2018; Nadimpalli et al., 2020). Nadimpalli et al (2020)
focus particularly on the potential benefits of improved water and wastewater
infrastructure for controlling and preventing ABR transmission, but note that few
studies have investigated the impacts of sanitation interventions on ABR.

3.5.4 Should the environment be included in ABR models?

In this model, the environment played an important role in the long-term dynamics of
antibiotic resistance levels in humans. Mechanistically, the environment acts as a
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reservoir for antibiotic resistance from humans and animals in this model structure.
Therefore, parameters that provide more opportunity for transmission to humans were
influential in human resistance levels, especially the rate of loss or level of persistence
of resistant bacteria in the environment (uz). Environmental parameters were also
influential in the size of impact of interventions, and these results show that it may be
an effective intervention target itself. Existing models that incorporate an
environmental component have also highlighted the potentially strong role the
environment could play in increasing resistance levels in humans and undermining
interventions (Booton et al., 2021; Graesboll et al., 2014; Kouyos et al., 2011; McBryde
& McElwain, 2006). Most models include environment as a constant rather than a
dynamic compartment, with the exception of Booton et al, 2021. As | find comparable
results to models with constant compartments, this may indicate that models
incorporating the environment simply may be enough to account for this additional
source of resistant bacteria. On the other hand, the model in Booton et al, 2021,
assumes that transmission of resistance (including from the environment) is
dependent on exposure to antibiotics and accordingly finds that human antibiotic
usage is the most influential parameter for human resistance, downplaying the role of
the environment. This contrasting result points to a need for further models that
compare the contribution of the environment under different model structures and
assumptions. Incorporating the environment into models of ABR spread may be
important in understanding ABR prevalence and for evaluating intervention success.

3.5.5 Modelling the environment highlights data needs

The results highlight some key data needs for understanding the importance of ABR
in the environment for humans. There are two influential parameters in the model
which are difficult to parameterise from existing data: the rate of transfer of ABR from
the environment to humans, and the rate of loss of resistance in the human population.

How frequently humans gain resistant bacteria after exposure to an environmental
source is unknown. There is evidence that humans can be exposed to resistant
bacteria in the environment. For example, one study estimated that the amount of
third-generation cephalosporin resistant E. coli that humans would ingest during
recreational water use in coastal regions in England and Wales poses a risk of
infection (Leonard et al., 2015). However it is not clear how often these exposures lead
to infection or colonisation (Berendonk et al., 2015). More research that demonstrates
a close relationship and epidemiological link between resistant bacteria colonising the
environment and humans is needed to understand the frequency of environment-
human transmission events. Use of high resolution typing such as whole genome
sequencing of, for example, isolates from hospital patients and the hospital
environment in longitudinal studies would be ideal for this research.

Studies have provided data on the rate of clearance of resistant infections in humans.
A systematic review on methicillin-resistant S. aureus (MRSA) and vancomycin-
resistant Enterococcus (VRE) colonisation found that it takes a period of 88 and 26
weeks on average to clear MRSA and VRE infections, respectively(Shenoy et al.,
2014). However, they note that there is considerable methodological heterogeneity in

48



Chapter 3: The role of the environment in transmission of antibiotic resistance
between humans and animals: a modelling study

studies of MRSA and VRE, including varying definitions of clearance, and length of
follow-up (Shenoy et al., 2014). The studies also focussed primarily on hospital-
associated resistance. Data on resistant bacteria colonisation prevalence and
clearance in the community, where the role of exposure to animals and the
environment may play a greater role, appear to be rare. Parameterising generalisable
One-Health models will therefore be benefitted by more research into resistance in the
community.

3.5.6 Limitations

There are some important limitations to this study that should be noted. Firstly, | make
simplifying assumptions in the structure and parameterisation of the model. These are
suitable to the questions posed in this study, but there are still many complexities in
the spread and emergence of ABR in humans, animals and the environment to be
explored. Further models should explore the importance of potential complexities,
such as heterogeneity of transmission events, separate humans-specific and animal-
specific environmental reservoirs, variation in the capacity for resistance in the
environment, or the fithess costs to bacteria of carrying resistance in the three
populations.

I do not model the dynamics of transmission of resistant bacteria and resistance genes
separately, but assume that transmission parameters combine the transmission of
both. This is in-keeping with the assumptions of the original model (van Bunnik &
Woolhouse, 2017). Resistance genes can be transferred between bacteria via plasmid
transfer or bacteriophages, and can also be lost from bacterial lineages. The
transmission rates of resistance genes in human population may therefore differ from
resistant bacteria, and it is a limitation that | do not capture this in the model. ABR
epidemiology and surveillance is usually measured in resistant bacteria so there is
little data on the prevalence and transmission rates of specific resistance genes.

Two further important assumptions about resistance in the environment are that |
assume that there is no growth of resistant material within the environment, and that
all antibiotics secreted into the environment are from human and livestock usage. The
dynamics of resistance genes and bacteria in the environment is a complex topic, and
although there are potentially environments in which resistance may spread
(especially in sewage) much more empirical and modelling research is needed
(Bengtsson-Palme et al., 2018; Berendonk et al., 2015). A recent review found that
the sources of antibiotics in ground water include excretion from humans and animals
(via sewage and manure) but also landfill, aquaculture and industrial sites (Zainab et
al., 2020), so not including these sources may limit the accuracy of the results of this
model. However the relative contribution of each sources is not well known and may
vary from one country to another (Zainab et al., 2020).

3.5.7 Conclusions

This study illustrates the potentially important role of the environment in the
epidemiology of resistant bacterial infections in humans. | highlight the need to
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consider the role of the environment in the design of ABR control strategies, as it can
be influential in human prevalence of resistance, reduce the effectiveness of
interventions that curtail antibiotic consumption in animals, and may be an effective
intervention target itself via improved sanitation infrastructure. Incorporating the
environment into a One-Health model of antibiotic resistance as a dynamic
compartment was useful for considering the role of the environment. However,
assessing the uncertainty of model predictions is hindered by a lack of data on the
types and frequency of resistance in the environment, and the frequency of
environment-human transmission events.
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4.1 Abstract

Background

Quantifying antibiotic resistance gene (ARG) abundance in municipal sewage is an
emerging approach to ABR surveillance with the potential to inform our knowledge of
resistance in the community. To improve our understanding of drivers of resistance in
the community, and the relationship between resistance in hospitals and the
community, here we combine hospital and sewage resistance data in a multi-response
model. We investigate associations with hospital and community antibiotic usage, and
country-level correlations between resistance in hospitals and the community for a
range of drug-bug combinations.

Methods

Data sources were European Antimicrobial Resistance Surveillance Network (EARS-
Net) for clinical data, the Global Sewage Surveillance Project for metagenomic
analysis of wastewater, and the European Surveillance of Antimicrobial Consumption
Network (ESAC-Net) for consumption data. We use a series of multi-response models,
one for each antibiotic group of clinical interest (aminoglycosides, aminopenicillins,
carbapenems, fluoroquinolones, macrolides, third generation cephalosporins, and
vancomycin). A multi-response model was used to simultaneously model clinical
susceptibility testing results as binomial and resistance gene abundance in sewage as
Poisson. We estimated the country-level correlation between clinical and sewage
resistance levels using the multi-response model and with Spearman’s Rank as a
comparison. We also estimated the association between community antibiotic
consumption and resistance gene abundance in wastewater.

Results

We found evidence for a positive correlation between clinical and sewage
aminoglycoside resistant levels, and no evidence for a correlation in vancomycin
resistance. Evidence was mixed for other types of resistance, with correlation
estimates sensitive to estimation method and model structure. Likelihood ratio tests
and leave-one-out validation indicated that combining sewage and clinical surveillance
data with a multi-response model improved model performance for some resistance
types (aminoglycosides, aminopenicillins), but was not beneficial for others
(macrolides, third generation cephalosporins). There was a positive effect of
community antibiotic usage and resistance gene abundance for fluoroquinolone and
third generation cephalosporin resistance.

Conclusions

This chapter shows that sewage surveillance data can be useful for supporting clinical
predictions for some but not all drug-bug combinations. Sewage surveillance can also
shed light on the community drivers of resistance, indicating that primary-case
antibiotic usage may lead to increased resistance. Multi-level, multi-response models
have advantages over uni-response or univariable methods for combining sewage and
clinical data, as they allow inclusion of additional essential covariates and data
hierarchies, which could lead to over- and underestimates of correlations if excluded.
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4.2 Introduction

Antibiotic resistance (ABR) is a serious and growing threat to global public health
(Cassini et al., 2019; Murray et al., 2022; O’Neill, 2014). This threat is compounded by
a lack of ABR surveillance, leading to gaps in our knowledge of the distribution and
causal factors of ABR, which will be crucial in optimising interventions to prevent and
manage resistance infections (Knight et al., 2018a; Tacconelli et al., 2018; WHO,
2019). Currently, the main source of ABR surveillance is from routine data collection
of antimicrobial susceptibility testing (AST) of isolates from invasive bloodstream
infection samples from hospital medical microbiology laboratories, such as European
Antimicrobial Resistance Surveillance Network (EARS-Net, European Centre for
Disease prevention and Control (ECDC)). However, this data source narrowly focuses
on only a few drug-bug combinations in patients with suspected bacterial infections in
highly developed settings (Aarestrup & Woolhouse, 2020; Knight et al., 2018a;
Tacconelli et al., 2018). Municipal sewage samples have been posed as an attractive
alternative pathway for surveillance of ABR, offering a way of sampling the general
population’s microbiology easily, inexpensively, and without ethical barriers (Aarestrup
& Woolhouse, 2020; Burgmann et al., 2018; Pruden et al., 2021). Especially when
paired with metagenomics, sewage surveillance provides rich and flexible data, as it
does not focus on any specific human subpopulation, infection or resistance type
(Aarestrup & Woolhouse, 2020; Pruden et al., 2021).

The potential of sewage samples and resistance gene quantification for surveillance
of ABR has been demonstrated on a range of scales. Smaller scale studies have
focussed on specific cities, (e.g. Copenhagen, Denmark: (Brinch et al., 2020)), or
within single hospitals (Perry et al., 2021). Larger scale studies include studies of
whole countries, (e.g. China: (Su et al., 2017)), Europe (Huijbers et al., 2020;
Parnédnen et al, 2019), and the Global Sewage Surveillance Project (GSP)
(Hendriksen et al., 2019), which applied metagenomics to samples from over 100
different countries across the globe. These studies have shown that this method can
be used to investigate spatial and temporal variation and identify drivers of resistance.

Combining sewage resistance data with clinical resistance data can provide more
information than looking at each independently (Flach et al., 2021; Hutinel et al., 2019;
Karkman et al., 2020; Kwak et al., 2015; Parnanen et al., 2019; Raven et al., 2019).
For example, sewage surveillance could be used to complement clinical surveillance,
for example through making clinical predictions in countries for which there is no
clinical surveillance (Hutinel et al., 2019; Karkman et al., 2020; Kwak et al., 2015). If
hospital effluent contributes to the resistome of WWTP influent, sewage may also
provide more information about the resistome of hospital patients (Huijbers et al.,
2020; Parnanen et al., 2019; Raven et al., 2019). Municipal sewage can also be used
to gain information on the prevalence of resistance in the general population or
community, and how it differs from those in hospitals.

The strength of the link between resistance in clinical settings and WWTP influent

needs to be established to determine if and how sewage surveillance can be used to
monitor hospital and community resistance. Studies addressing this link through
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correlating sewage and clinical resistance levels have generally found positive
correlations (Huijbers et al., 2020; Hutinel et al., 2019; Karkman et al., 2020; Parné&nen
et al., 2019) and, a meta-analysis of studies comparing clinical and sewage resistance
levels did find a positive correlation overall (Chau et al., 2022).

However, further research is needed to understand the implications of positive
correlations. They could indicate that the resistome of hospital patients are well
represented in hospital effluent, or that hospital and community resistomes correlate,
or could be due to correlated hospital and community antibiotic usage. The two data
sources are also sensitive to different sets of population coverage, sampling and
typing methods, and chance, leading to noisy data with many sources of uncertainty.
The statistical methods used by existing studies to correlate clinical and sewage data
do not take the complex nature of both data sources into account, creating a risk of
over- or under-estimating correlation. Methods used include bivariate correlation tests
(Chau et al., 2022; Parnanen et al., 2019), which cannot include other covariates or
give more weight observations based on a greater number of samples. Linear
regression models that have one dataset as a covariate of the other have also been
used (Huijbers et al., 2020; Hutinel et al., 2019; Karkman et al., 2020). These model
structures only model the generating process, grouping levels, and explanatory factors
of one dataset at a time.

In this chapter, we aimed to investigate community-hospital correlations and drivers of
sewage resistance levels using a multi-response linear model. The objectives were a)
to build a multi-response model that appropriately models the sampling distribution of
both datasets; b) apply this model to assess the correlation between clinical and
sewage resistance levels; and c) apply this model to assess the contribution of
antibiotic usage to antibiotic resistance levels in the data. We developed a mixed effect
generalised linear model with a Poisson and binomial component, and applied it to
data from the Global Sewage Surveillance Project, EARS-Net, and the European
Surveillance of Antimicrobial Consumption Network (ESAC-Net, ECDC).

4.3 Methods
4.3.1 Datasets

4.3.1.1 Global Sewage Surveillance Data

The collection and metagenomic analysis of the Global Sewage Surveillance Project
(GSP) has been described in detail elsewhere (Hendriksen et al., 2019). In brief, 24
hour 1 litre composite samples were taken from wastewater prior to entry to
wastewater treatment plants (influent) from urban regions across the world. Samples
were frozen to -80°C and transported to the Danish Technical University (DTU), where
DNA was extracted using the QlAamp Fast DNA Stool Mini Kit. Pilot sewage samples
collected in 2016 were sequenced using lllumina HiSeq4000, and 2017 — 2018
samples were sequenced with NovaSeq6000. To maintain consistency between pilot
and main study samples, fragment size, read length, and sequencing depth targets
were the same, and the PCR-free Kapa Hyper library prep was used for both sets of
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samples. Reads were quality- and adapter-trimmed using BBduk2 (Bushnell, 2014).
Hits to genes in the resulting dataset of reads were mapped using KMA (k-mer
alignment) version 1.2.12 (Clausen et al, 2018) to a collection of gene databases,
including ResFinder (Zankari et al., 2012) and Silva (v138) 16/18S (Quast et al., 2013).

Sample collectors also completed a metadata survey form, including information on
the location, type and temperature of the wastewater. They used discrete categories
to rate the flow, viscosity, and colour of the wastewater, and the socioeconomic status
of the population captured in the sample. They also provided information on the
transport time, transport temperature, freeze temperature, and pH of the samples.

Resistance gene phenotypes were obtained from the ResFinder database (Zankari et
al, 2012). For this analysis, only genes conferring resistance to one of the antibiotics
used in ECDC ASTs were considered (see Appendix C Table 1 for a list of the bacterial
pathogens and antibiotics tested).

4.3.1.2 ECDC data sources

For clinical resistance data, we used the European Antimicrobial Resistance
Surveillance Network (EARS-Net) (ECDC), which reports yearly AST results from 30
European countries in 26 antibiotic group-bacterial species (drug-bug) combinations
(Appendix C Table 1). National infectious disease observatories passively collect
results of ASTs on isolates from blood or cerebrospinal fluid samples of hospitalised
patients with invasive infections (European Centre for Disease Prevention and Control,
2020). AST results are shared with EARS-Net and made publicly available after
aggregation to country and antibiotic group level. Laboratory methods and clinical
breakpoints vary between medical microbiology labs, but a majority follow European
Committee on Antimicrobial Susceptibility Testing (EUCAST) guidelines, and since
2019 itis a requirement for EUCAST to be followed for data to be accepted (European
Centre for Disease Prevention and Control, 2020). Therefore, a combination of disk-
diffusion, broth microdilution, and MIC tests are used, depending on the drug-bug
combination (European Centre for Disease Prevention and Control, 2020).

For antibiotic consumption data, we used the European Surveillance of Antimicrobial
Consumption Network (ESAC-Net) (ECDC). This database provides yearly reports of
the total daily defined doses (DDD) per 1000 inhabitants per day, per reporting country
in the EEA/EU, using the Anatomical Therapeutic Chemical (ATC) classification
system (WHO Collaborating Centre for Drug Statistics Methodology, 2022). Antibiotics
available on national registers as annual numbers of packages consumed are used to
calculate DDDs (European Centre for Disease Prevention and Control, 2020). Only
antibacterials for systemic use are included in this dataset (ATC group JO1).
Consumption data is reported for primary and secondary care use separately.

The EARS-Net and ESAC-Net data are described in detail elsewhere (e.g. McDonell
et al, 2017). To briefly describe EARS-Net data, for countries included in this analysis
in 2019, the most common drug-bug combination was ampicillin resistant
Enterococcus faecium (88.5% resistant), and the rarest was carbapenem resistant E.
coli (0.21% resistant). Time trends vary considerably, but in most cases the proportion
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of isolates resistant has increased over time. Briefly describing ESAC-Net data, in
hospital in 2019 third generation cephalosporins were used in the greatest quantities,
and vancomycin the least (0.17 and 0.043 DDDs per 1000 inhabitants per day on
average, respectively). In the community aminopenicillins were used in greatest
quantities and carbapenems the least (2.92 and 0.0024 DDDs on average,
respectively). Figures showing time trends in EARS-Net and ESAC-Net can be found
in Appendix C Fig. 2.

4.3.2 Statistical methods

Two methods were used for correlating the sewage and clinical resistance data:
Spearman’s Rank, and a multi-response hierarchical linear regression model.

4.3.2.1 Read abundance normalisation

Where resistance gene count data is normalised, the fragments per kilobase per
million (FPKM) calculation was used. This measure normalises fragment counts (FC)
of each gene in a homology group for a) the average length of the homology group in
base pairs (L), and b) the total number of bacterial reads in the sample (B), and applies
a scaling factor to facilitate analysis. The formula is:

1
= — . _.10°
FPKM = FC 0001-L B 10

This normalisation has been used in analyses of the Global Sewage Project dataset
(Hendriksen et al., 2019). It allows comparison of fragment counts from genes of
different lengths and between samples of different concentrations of bacterial cells.

4.3.2.2 Read homology reduction

Resistance genes in the ResFinder_20190905 database were clustered to 90%
sequence identity groups using Usearch (v11.0.7) (Edgar, 2010). Read counts were
summed read counts within these cluster groups prior to analysis to account for a)
variable read assignment due to low read abundances and the Conclave winner-takes-
all strategy used by KMA, and b) to reduce the number of very low or O read counts.
The resistance phenotype of the group was assumed to be the union of the resistance
phenotypes of each group member, i.e., if any gene within the group was recorded as
conferring resistance to amoxicillin, the whole group was assumed to have this
phenotype. An issue with this strategy may be that if only one gene within a group
confers resistance to an antibiotic, we may overestimate the abundance of resistance
to that antibiotic.

4.3.2.3 Spearman’s Rank Correlations

We used Spearman’s Rank to investigate the correlations between sewage and
hospital data of the same year and country as a simple test of correlation that does
not assume normally distributed variables. This test allows comparison with the more
complex multi-response model within this study, to aid in assessing its benefits and
disadvantages. A separate correlation coefficient was obtained for each drug-bug
combination in the ECDC data, selecting sewage abundance data for only those genes
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conferring resistance to the same antibiotics as used in ASTs. The unit of observation
for the Spearman’s Rank tests were resistance levels in each country and year.
Resistance levels in the clinical data was proportion of isolates resistant, and FPKM
of resistance genes in the sewage data.

In order to have sewage surveillance observations on the same level as the ECDC
surveillance observations for calculating the correlation coefficient, we aggregated
across gene groups, multiple sampling sites in a single country, and across multiple
batches per year. For each year and country, read counts for all phenotypically
relevant genes groups, gene group lengths, and total bacterial read count were
summed prior to FPKM calculation. This aggregation step results in loss of information
and a reduction in the number of observations. In addition, the correlation test itself is
limited as it can only look for correlation between two variables and offers no way to
understand why they may correlate. To address these issues whilst still estimating a
correlation, we next applied a multi-response (a.k.a. multivariate) generalised linear
mixed effects model.

4.3.2.4 Multi-response linear model

We used the following conceptual model:

Clinical | Community Sewage
resistance resistance resistance
Hospital antibiotic Community %‘:Sr%%tg;gpgigf

usage antibiotic usage sample handling

Solid arrows indicate a hypothesised causal relationship, and dotted arrows indicate
correlation. Therefore, the model structure assumes hospital and community antibiotic
usage has a direct effect on the population in which is it used, and only indirect effects
on the other population. It also assumed sewage resistance levels are directly
impacted by community resistance, clinical resistance (through hospital wastewater
effluent) and by characteristics of the wastewater site and the way the sample was
handled. We do not make a causal hypothesis about the relationship between
resistance in hospitals and the community, only hypothesise that there may be a
correlation. A full directed acyclic graph representing the model structure can be found
in Appendix C Fig. 1.

To explain the model structure, we will first show how a multi-response linear model
is specified. Multi-response models use a multi-response normal distribution on the
residuals of each dataset, allowing estimation of a covariance matrix describing
residual variance and between-dataset covariance. For example, for j € (1,...,])

57



Chapter 4: A multi-response model to combine sewage and hospital antibiotic
resistance surveillance data

measurements of i € (1,..,N) observational units (e.g. sampling site) that are
normally distributed, the linear model would be:

yi=XB+te
€, ~MVNormal(0,X)

Where y; is a vector of ] measurements for observation i, X;B is the linear predictor
(predictor variables multiplied by the estimated model coefficients), €; is a vector of
size | of the errors or residuals for observation i, and X is the covariance matrix.

Some features of our datasets cannot be addressed with this model structure: neither
the EARS-Net data nor the sewage data are normally distributed; we do not have the
same units of observation in each dataset; and we have different covariates and
hierarchies that we want to apply to each dataset. Therefore, we made some
adaptations to this model.

We can use alternative sampling distributions and link functions to transform residuals
to a normal distribution (a generalised linear model, or GLM). The ECDC data are AST
results of with a binary outcome, so are binomial. As the sewage dataset of read
abundance is count data, a Poisson or negative binomial distribution might be
appropriate. Although combining different sampling distributions in one multi-response
model is rare, one example includes a model combining binomial and Poisson species
observation data in a spatially autoregressive multi-response species distribution
model (Pacifici et al., 2017). For comparability, we therefore also chose to also use a
Poisson distribution for this model with additional accounting for over-dispersion.
Chapter 5 will investigate other distributions for read count data. The model can be
written:

gi = /1i + €;
Yij=1 ~ Pois(e?i=1)
Vijs2 ~ Bin(logit(8; ;»2), N;)

In this model, 6; is the latent variable for each observation. A; is the linear predictor,
and includes an offset term for the Poisson model to account for gene length:

Ai = Xl,]B] + Zl’]U] + ln(Ll) + ln(Bl)

Where X;; is a vector of covariates for observation i and dataset j, B; is the vector of
fixed effect coefficients for dataset j, Z;; is a vector of membership status of
observation i, dataset j, to groups being modelled with random effects, and U; is the

vector of random effects for these groups. This notation is based on Hadfield, 2010.
L; is the gene group length and B; is the bacterial read count of observation i (which
are set to 1 if the observation is from the clinical dataset). N; is the number of isolates
tested for observation i of the clinical dataset (j > 2).
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The residual term (¢;) for this model is specified with two components representing the
residual variance due to country and resistance measure (), and the residual variance
due to overdispersion (n;):

€ = Qe + 15

The residual structure of the model is based on the model structure described in
Hadfield, 2010. In addition to the variance expected due to the sampling distribution
(e.g., in the Poisson model, the expected variance of the residuals would be e*), we
also estimate residual overdispersion (ajz).

n;~Normal(0, o7)

The model structure has hierarchical residual errors (a.,,) for each country (c €
(1,...,C)) and each resistance measure (m € (1,..,M)). These errors have the
hyperprior:

a.~MVNormal(0,Z,,)

Here a. is a vector of size M of the deviations of country c for each resistance measure
m. X, is the covariance matrix of country-level deviations from the linear predictor
(residuals) for each resistance measure. This hyperprior therefore allows group-
specific variance, or partitioned variance, and between-group correlation. We chose
to specify variance not just for the two datasets (ECDC and sewage surveillance), but
also across different bacterial species within the ECDC data, considering each as a
separate resistance measure. For example, vancomycin resistance measures include
probability of resistance in clinical isolates of E. faecium, probability of resistance in E.
faecalis, and vancomycin resistance gene abundance in sewage samples (M = 3).
We can therefore estimate country-level correlations in resistance rates between
bacterial species, and correlations between bacterial resistance rates and sewage
resistance gene abundance.

The covariance matrix is the key element for addressing the aim of this chapter. It is
composed of g2, the between-country variance in measure m, and the between-
country covariances between the measures, e.9. 0,,-1m=2,- After converting this
covariance into correlation, we compare it to the Spearman’s Rank correlation
coefficient obtained previously. Both measure country-level correlations between
resistance measures. Two important differences are a) the unit of observation is
changed, and b) in the multi-response model, other sources of variance in the data
are also accounted for.

A separate model was fit for each antibiotic group, for a total of 7 models
(aminoglycosides, aminopenicillins, carbapenems, fluoroquinolones, macrolides, third
generation cephalosporins, and vancomycin). In each model, only susceptibility test
results, genes conferring resistance to, and usage rates of the antibiotic group of
interest were used. Table 4.1 summarises the numbers of observations and groups in
each model.
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Table 4.1: Numbers of groups and observations in each model

Antibiotic group | Number | Number of Number | Total Total
of gene | countries of number of number of
groups | with both bacterial | clinical gene
sewage and | species | observations | observations
ECDC data
Aminoglycosides | 71 26 6 1583 8236
Aminopenicillins | 48 26 3 969 5568
Carbapenems 21 22 4 841 2121
Fluoroquinolones | 16 26 4 1013 1856
Macrolides 43 25 1 259 4988
Third generation | 30 26 3 857 3330
cephalosporins
Vancomycin 10 26 2 632 1110

Uninformative priors were used throughout (Appendix C Table 3). The models were
scripted using R v3.6 (R Core Team, 2022) and the MCMCglmm package (Hadfield,
2010), with an adaptation to enable combining binomial and Poisson sampling
distributions (courtesy of Jarrod Hadfield). Example code is provided in Appendix C.

4.3.2.5 Other variables included in wastewater model

Primary care antibiotic usage rate was included as a fixed effect. The 90% homology
gene group was included as a random effect to capture between-gene group variation
in abundance, and to deal with the varying number of observations per gene group.
Sampling batch was included as a random effect as another potential source of
variation. Whether or not a sample was frozen to -70°C (or lower) was included as a
fixed effect, as this was stipulated in the GSP protocol, and because flash freezing is
considered the gold standard for preserving microbiological samples (Song et al.,
2016).

Other variables in the wastewater portion of the model were selected to take
environmental factors into account. We included the flow rate category and the pH of
the sample as factors in the model. The impact of environmental factors on sewage
resistomes will be further explored in Chapter 5. Although flow rate was recorded as
an ordered categorical variable, we included it with a single slope coefficient for model
simplicity.

4.3.2.6 Other variables included in clinical model

Two fixed effects were included in the clinical portion of the model. Hospital antibiotic
usage rate was included as an interaction effect, with a separate coefficient for each
bacterial species. In each drug-bug combination, there was auto-correlation between
time points, non-linear time trends, so we also included the resistance proportion in
the previous year as a fixed interaction effect, with a separate coefficient for each
bacterial species.
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4.3.2.7 Comparison models

Uni-response models were also constructed to indicate if there was any
improvement to model fit by incorporating the correlation terms. For the sewage data
model, this meant that there was no variance partitioning for between-country
variance, only a random intercept effect for each country. In the model of the ECDC
data, there was still variance partitioning in the between-country variance, but only
for bacterial species. In addition, we included models without primary care antibiotic
usage to investigate the impacts of this factor on resistance gene abundance and
correlation estimates.

4.3.2.8 Model likelihood comparison

For model goodness-of-fit comparison, we used a likelihood ratio test. First we
calculated the likelihood ratio, ll, — ll,, where 1, is the log-likelihood of the reduced
model and [l is the log-likelihood of the full model. We calculated the model log-
likelihood from the MCMC chain iteration with the lowest reported model deviance for
multi-response and uni-response models. The sum of the log likelihood of both uni-
response models was used as ll,. The likelihood ratio test is then performed using the
x? distribution with the number of free parameters added as the degrees of freedom.
For the model structure described here we used m, the number of bacterial species
and therefore the number of correlation terms that were added. Therefore, we are
testing whether adding correlation terms between the datasets improved the model
likelihood.

4.3.2.9 Model validation

Model validation was performed to assess the ability of the model to predict clinical
resistance levels to countries not included in the training dataset. For this, we fit the
model on training sets of the data with each country excluded, and then predicted
clinical results of the excluded country with the resulting fitted model. This leave-one-
out type of validation is used in assessing the predictive ability of a similar model in
Karkman et al, 2020. We then compared the error on predictions for different
countries, and the error for different drug-bug combinations for the multi-response
model and the univariate clinical model.

4.4 Results
4.41 Data

4.4.1.1 Metagenomic data

A full description of the Global Sewage Surveillance Project data can be found
elsewhere (Hendriksen et al., 2019). Briefly, for samples and genes included in this
analysis, the average FPKM of genes conferring resistance to each antibiotic group
was: macrolide resistance genes (RGs), 1177.1, standard deviation (SD) 4840.9;
aminopenicillin RGs, 138.7, SD 857.9; fluoroquinolone RGs, 108.9, SD 476.9;
carbapenem RGs, 58.2, SD 223.4; 3 generation cephalosporin RGs, 51.1, SD 215.5;
aminoglycosides RGs, 35.8, SD 176.5; and vancomycin RGs, 6.6, SD 53.9. The five
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most abundant resistance genes were: erm(B), mph(E), mef(A), msr(D), and erm(F)
(average FPKMs 17032.5, 15674.9, 5909.3, 5182.0, and 2689.3, respectively).

4.4.1.2 Sample characteristics

Of 126 wastewater samples included in the analysis, 106 (84.1%) were frozen to -
70°C or lower prior to shipping. Most samples were rated as having the highest flow
rate category (76/126, 60.3%). The average pH of samples included in this analysis
was 7.30 (standard deviation = 0.51).

Table 4.2: Effect of primary care antibiotic usage on ARG abundance in
sewage

Rate ratio estimate is the posterior mode, and uncertainty intervals are highest
posterior density intervals.

Antibiotic group Rate ratio (95% uncertainty intervals)
Aminoglycosides 1.04 (0.90 - 1.18)

Aminopenicillins 1.19 (0.92 — 1.43)

Carbapenems 1.11 (0.98 — 1.40)

Fluoroquinolones 1.38 (1.05 - 1.94)

Macrolides 1.16 (0.96 — 1.42)

Third generation 1.36 (1.06 — 1.76)

cephalosporins

Vancomycin 0.34 (0.07 — 1.62)

4.4.2 Model results

We judged the strength of evidence for an association in the results below on the
basis of the uncertainty intervals of the rate ratio posterior; if 1 is not within the 95%
uncertainty, we take this as evidence for an association. If 1 is within the range but
close to the edge, we take this as borderline evidence.

4.4.2.1 Effect of primary care antibiotic usage rates on ARG abundance on sewage

There was evidence for a positive effect of 3 generation cephalosporins and
fluoroquinolone usage rates in the community on ARG abundance (Table 4.2). There
was borderline evidence for positive effects of macrolide, carbapenem and
aminopenicillin usage, and no evidence for an effect for aminoglycosides or
vancomycin usage.

4.4.2.2 Effect of hospital antibiotic usage on resistance prevalence in clinical isolates
Positive associations between hospital antibiotic usage rates and clinical resistance
levels were observed for the following drug-bug combinations: aminoglycosides and
K. pneumoniae; aminopenicillins and E. faecalis; 3" generation cephalosporins and
Pseudomonas aeruginosa; fluoroquinolones and Pseudomonas aeruginosa; and
carbapenems and Acinetobacter spp., E. coli, and K. pneumoniae (Appendix C Table
3).
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4.4.2.3 Effects of sample characteristics on ARGs

The flow category assigned to the stream of wastewater on collection generally did not
correlate with ARGs, except for a negative association with carbapenem resistance
genes (Table 4.3). The sample being frozen to -70°C or lower had no effect on the
abundance of ARGs. The pH of the wastewater sample had a borderline positive
association with resistance genes for aminopenicillin, carbapenems, and third
generation cephalosporins.

Table 4.3: Effect of environmental factors on resistance gene abundance in
sewage

Rate ratio estimate is the posterior mode, and uncertainty intervals are highest
posterior density intervals.

Resistance group Sample flow rate | Sample flash Sample pH
category frozen

Aminoglycosides 0.97 (0.90-1.05) | 1.06 (0.80 —1.36) | 0.98 (0.88 —1.11)
Aminopenicillins 1.02 (0.94-1.09) [ 1.08 (0.86 -1.36) | 1.09 (0.97 -1.19)
Carbapenems 0.88 (0.78-0.99) | 1.06 (0.68 - 1.63) | 1.14 (0.97 - 1.36)
Fluoroquinolones 1.09 (0.98-1.18) | 1.05(0.81 -1.46) | 1.00 (0.88 - 1.15)
Macrolides 1.00 (0.94 -1.05) | 1.02 (0.89-1.25) | 1.01 (0.93 - 1.08)
Third generation 1.01 (0.90-1.12) | 1.08 (0.71 - 1.41) | 1.14 (0.97 - 1.32)
cephalosporins

Vancomycin 0.85(0.49-1.54) | 0.92(0.28 - 4.35) | 0.69 (0.26 - 1.37)

4.4.2.4 Effect of previous time point on clinical isolate resistance levels

There was a positive association between resistance prevalence in clinical isolates of
a bacterial species at consecutive time points for all drug-bug combinations except for
carbapenem resistance in E. coliand vancomycin resistance in Enterococcus faecalis
(Appendix 2.2).

4.4.2.5 Correlations between resistance measures.

The relationship between sewage and clinical resistance measures, and between
bacterial species resistance measures, varied by antibiotic group, bacterial species,
correlation method and model structure (Fig. 4.1, Appendix C Fig. 3). Summaries of
the posteriors for all resistance measure covariance matrices can be found in
Appendix C Fig. 3.

Aminoglycoside resistance in hospitals and sewage appeared to positively correlate
on the country-level (Fig. 4.1, Fig. 4.2, Appendix C Fig. 3.1). Correlation was
particularly strong for Acinetobacter spp., K. pneumoniae and P. aeruginosa. The
correlation estimates were unaffected by removing primary care antibiotic usage and
were higher using the multi-response model method compared to the Spearman’s
Rank correlation (Appendix C Fig. 3.1.B).

Aminopenicillin resistance measures did not appear to have strong positive
correlations (Fig. 4.1, Appendix C Figure 3.2). Model results indicated that there was
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no relationship for E. faecalis or E. coli, and potentially a negative one for E. faecium.
This contrasts to the Spearman’s Rank results, which suggested slightly positive
relationships for E. faecium and E. coli. Removing primary care antibiotic usage did
not affect correlation estimates.

Evidence for a positive corelation for carbapenem resistance was mixed (Fig 1,
Appendix C 3.3). Model results indicated that there was no positive association for any
species. Spearman’s Rank, however, suggested positive correlations for
Acinetobacter spp. and P. aeruginosa. Removing primary care antibiotic usage made
positive correlation in the multi-response model more likely (Appendix C Fig. 3.3.B).

There was also mixed evidence for a positive correlation in Fluoroquinolone resistance
(Fig. 4.1, Appendix C Fig. 3.4). Model results indicated no positive correlation even
though Spearman’s Rank did (Fig. 4.1). Removing primary care antibiotic usage led
to strong positive correlation values, indicating the potential importance of this variable
for fluoroquinolone resistance (Appendix C Fig. 3.4.B).

Macrolide resistance appeared positively correlated (Fig. 4.1, Appendix C Fig. 3.5).
Multi-response models with and without primary care antibiotic usage, and the
Spearman’s Rank, agreed on a positive correlation (Appendix C Fig. 3.5.B), although
there was wide uncertainty in the multi-response estimates.

There were wide uncertainty intervals for third generation cephalosporin resistance
correlation estimates correlate (Fig. 4.1, Appendix C Fig. 3.6). Correlation estimates
did not agree across model structures and Spearman’s Rank, although there was
some evidence of positive correlation for E. coli (Fig. 4.1).

Vancomycin resistance contrasts to other resistances types examined, appearing to
have no correlation or even possibly negative correlation (Fig. 4.1). Results of multi-
response models and Spearman’s Rank suggested correlations below 0 but not
significantly so (Appendix C Fig. 3.7.B).

Comparing the correlation between bacterial species within the clinical data, it is
notable fluoroquinolone resistance had positive covariance for all bacterial species
combinations, but none were positive for aminopenicillins (Appendix C Fig. 2.3).
Resistance in K. pneumoniae and P. aeruginosa were most often positively correlated
with other bacterial species, each having a positive covariance in 8/13 between
species comparisons. However, uncertainty intervals were wide for correlation
estimates between bacterial species.

4.4.2.6 Other sources of variance
Further sources of variance are provided in Appendix C Table 4.
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4.4.2.7 Model likelihood comparisons

We compared the likelihood of models with and without a between-dataset correlation
term (Table 4.4). All models except for macrolide and third generation cephalosporin
resistance had improved likelihood after adding between-dataset correlation.

Table 4.4: Likelihood ratio tests of multi-response compared to univariate
models

Log-likelihood obtained from the parameter set with the lowest deviance. P-value
indicates result of a likelihood ratio test, probability of achieving the observed log-
likelihood ratio if the two models had the same log-likelihood.

Antibiotic No. variance Log-likelihood p-value
group parameters added ratio

(degrees of freedom)
Aminoglycosides | 6 19.83 <0.01
Aminopenicillins | 3 2.09 <0.01
Carbapenems 4 10.21 <0.01
Fluoroquinolones | 4 15.36 <0.01
Macrolides 1 -14.16 0.99
Third generation | 3 -6.19 0.99
cephalosporins
Vancomycin 2 6.23 0.00

4.4.2.8 Model validation

The greatest model error was for predicting carbapenem resistance in E. coli for
countries excluded in the training set, for which the average error was 574 test results
incorrectly predicted, making predictions 18 percentage points away from the
observed prevalence of resistance in countries outside of the test dataset (Fig. 4.3).
Generally, errors for the univariate model and the multi-response model were similar,
although the multi-response model had modestly lower errors for aminopenicillins and
vancomycin resistance in all species. There were also some increases in error in multi-
response models compared to univariate ones, particularly for carbapenem
resistance.

The greatest range of errors for each country (Appendix C Fig. 4) was for
fluoroquinolone and third generation cephalosporins models, whereas errors were
similar across the board for the vancomycin model. Generally Romania or Malta, for
which there was the least data, were predicted worst. On average the worst predicted
country across all test sets of data was Romania (13.6 percentage points away from
true percent of isolates resistant), and the best predicted was the Republic of Ireland
(6.5 percentage points away).
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Figure 4.1: Comparison of sewage-clinical resistance correlation estimates
for Spearman’s Rank and multi-response models

For each drug-bug combination, the correlation estimate from a Spearman’s Rank
test (left half of circle) and the correlation posterior mode from the multi-response
model (right half of circle). The correlation value is printed as text, and the colour
reflects the degree of correlation, with blue for negative correlation, white for no
correlation, and red for positive correlation. The star indicates that the uncertainty
intervals (95% confidence intervals for Spearman’s Rank and 95% highest
posterior density for multi-response models) did not include 1, and therefore
provide some evidence for an association.
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Figure 4.2: Resistance to aminoglycosides in clinical and sewage data

On the left, the average proportion of isolates resistant to aminoglycosides
(gentamicin or tobramycin) in 2018 in European countries. On the right, the
average FPKM of resistance genes conferring resistance to gentamicin or
tobramycin in European countries in 2018. The colour of the country area indicates
the resistance level, or grey indicates no data was collected in GSSP or EARS-
Net.
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Figure 4.3: Predictive ability of the multi-response and univariate models to
new countries

Mean absolute error in the predicted proportion of isolate results for countries not
included in test sets. Multi-response models including all the data and univariate
models of only clinical data were run on test sets with each country excluded.
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4.5 Discussion

In this chapter, we applied a multi-response model to integrate clinical and sewage
resistance surveillance data. There was evidence for positive correlations between
clinical and sewage resistance levels for aminoglycoside resistant bacteria, but no
strong evidence for correlations for other antibiotic groups. However, correlation
estimates were uncertain and sensitive to model structure and correlation estimation
method. The relationship between community antibiotic usage and sewage resistance
level varied by antibiotic, with strongest evidence for a positive effect for
fluoroquinolones and third generation cephalosporins. We suggest that these results
demonstrate that sewage surveillance can be used for exploring drivers of resistance
in the community as well as in clinical settings, but that some drug-bug combinations
(especially aminoglycoside resistance) may be better suited to sewage surveillance
than others (macrolide or vancomycin resistance). More research that disentangles
hospital and community contributions to WWTP influent is needed interpretation of
sewage surveillance data.

The most robust evidence for a positive correlation between clinical and sewage
surveillance data was for resistance to aminoglycosides, which was consistently found
across model structures. A country-level positive correlation between EARS-Net data
and resistance gene abundance in sewage was also found in the two other studies,
further suggesting this finding is robust (Karkman et al., 2020; Parnénen et al., 2019)
(see Table 4.5 for a comparison of the methods and results of these studies). This
positive correlation could indicate that aminoglycoside resistance genes that are
abundant in hospital patients and sewage are carried to the WWTPs, i.e. the
correlation is due to the signature of the hospital sewage in the WWTPs. Current
evidence suggests that the contribution of hospital effluent to the resistome of WWTPs
is present but small (Buelow et al., 2018; Gundogdu et al., 2017; Hutinel et al., 2019;
Kutilova et al., 2021; Paulshus et al.,, 2019; Verburg et al., 2019), although
aminoglycoside resistance has not been studied separately from other resistance
classes in studies comparing hospital and municipal wastewater. The proportion of
municipal sewage that has come from hospital effluent by volume is small (estimated
to be about 1% based on flow rates of hospital and total municipal effluent) so it is not
surprising that the signal would be diluted (Buelow et al., 2018; Verburg et al., 2019).
In addition, bacteria and resistance genes may degrade within the wastewater
network, and in some European countries hospital wastewater is also treated prior to
discharge into the main sewer line (Kumari et al., 2020). These features could further
dilute and alter the composition of the hospital effluent-derived resistance genes in
WWTPs but are not well understood.

Positive correlations may alternatively indicate that there is sharing of aminoglycoside
resistant bacteria between hospitals and the community. The sharing of resistance
may be due to hospital-acquired infections spreading within the community, or
community-acquired infections being detected in hospitals, or both. Whether hospitals
or the communities are the main sources of resistant infection is an ongoing area of
research, with a recent modelling paper suggesting that most infections are likely to
come from the community (Knight et al, 2018b). In the case of aminoglycoside
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resistance, there is evidence that it can be acquired in hospitals (EI-Mahdy et al., 2018)
and in the community (Roldan-Masedo et al., 2019), but data indicating the proportion
of aminoglycoside resistant infections that are community or hospital acquired are

lacking.

Table 4.5: Comparison of other EARS-Net studies and results by antibiotic
and bacterial species

The data, methods, and whether evidence was claimed for a positive association.

NT: not tested.

Data and methods comparisons

Parnanen et al., 2019

Karkman et al., 2020

Clinical data EARS-Net EARS-Net; Central Asian and

source Eastern European
Surveillance of Antibiotic
Resistance Annual Report,
2018 (CAESAR)

Sewage gPCR of 10 European Global Sewage Surveillance

resistance gene
data source

countries

Project (2016 data only)

Correlation
method

Spearman’s Rank

Generalised linear regression
model (beta family)

Evidence for positive associations

Aminoglycosides | Yes: E. coli; K. pneumoniae; | Yes: E. coli
P. aeruginosa
No: Acinetobacter spp., E.
faecium
Aminopenicillins | NT Yes: E. coli
Carbapenems NT NT
Fluoroquinolones | Yes: E. coli, K. pneumoniae, | Yes: E. coli
P. aeruginosa
No: Acinetobacter spp.
Macrolides No: S. pneumoniae NT
Third generation | NT Yes: E. coli
cephalosporins
Vancomycin No: E. faecium NT
Beta-lactams Yes: E. coli, K. pneumoniae, | NT

S. aureus
No: Acinetobacter spp., P.
aeruginosa, E. faecium

Another explanation for positive correlations is that there are similar drivers of
resistance in both hospital and community sewage. For example, community- and
hospital-acquisition of aminoglycoside resistance could both be independently
elevated due to, for example, correlated hospital and community antibiotic usage. To
assess this we compared the correlation estimates of models with and without primary
care antibiotic usage rates included, and compared the resulting correlation estimate
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posterior, as the correlation might be expected to decrease if this was the case.
Aminoglycoside correlation estimates appeared to be insensitive to primary care
antibiotic usage, suggesting this explanation may not play a strong role in this finding.
Of the explanations of positive correlations considered (hospital effluent signatures,
hospital-community resistome sharing, or correlated antibiotic usage), it is not possible
to quantify the contribution of each to the correlations estimates from the available
data. Further research that samples from multiple hospital and community sites is
needed to disentangle hospital and community signatures from municipal wastewater
resistomes.

For aminopenicillin, fluoroquinolone, and third generation cephalosporin resistance,
Spearman’s Rank and previous studies (Huijbers et al., 2020; Karkman et al., 2020;
Parnanen et al., 2019) found positive correlations, whereas the full multi-response
model did not. The simpler methods that only include one year of data or can match
observations on year and country may be able to find higher correlation estimates,
although resistance levels were relatively stable over the 2016 — 2018 period in both
datasets (Appendix C Figure 3). More explanatory factors and hierarchies in the data
were incorporated into the multi-response model, and these may have led to the
between-dataset correlations explaining a smaller proportion of variance in either
dataset. For example, including primary care antibiotic usage decreased the
correlation value in the fluoroquinolone model. This factor was not included in previous
studies. Overall, the differences in the correlation estimates point to the sensitivity of
the results to the modelling framework. Comparison of the results of model structures
(Spearman’s Rank, multi-response and uni-response, with and without antibiotic
usage) provides more information on how best to combine these two datasets and
adds robustness to the results. Studies which do not take this approach risk over- or
underestimating correlation values.

In macrolide and vancomycin resistance models, both this study and a previous study
agree (Parnanen et al., 2019) on there being no or a small degree of correlation. There
was also no evidence from this study for a correlation in carbapenem resistance, but
we do not find any studies estimating a country-level correlation of carbapenem
resistance levels in clinical and sewage samples, although two studies on a single
hospital level found some evidence of a positive association in hospital isolates and
effluent (Flach et al., 2021; Perry et al., 2021). Arguably the strongest evidence for no
association is for vancomycin resistance, as this result was most consistent between
correlation methods. It is notable that hospital usage of vancomycin is increasing but
community usage is rare (Appendix C Fig. 2), and it was a rare type of resistance in
the sewage (average 6.6 FPKM) and in clinical data, although the proportion of E.
faecium isolates that are resistant to vancomycin is increasing (Appendix C Fig. 2).
Therefore, vancomycin resistance gene abundance may be particularly hard to detect
in wastewater due to dilution. This dilution would lead to any clinical factors being hard
to detect in sewage samples. Low-sensitivity methods like sewage metagenomics may
not be suited to monitoring these types of resistance.

There are several factors that may decrease the strength of the link between
resistance clinical samples and municipal sewage. A key question to answer is how
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closely related the microbiomes of blood and cerebrospinal fluid (represented in
EARS-Net) to gut and urinary tract (represented in sewage surveillance) are. It has
been observed that different sites in the human body have distinct microbiomes (Lloyd-
Price et al., 2017), and that the resistome of oral and stool samples differ (Carr et al.,
2020), but studies that compare the resistomes of blood to other different body sites
are lacking. Differences in the resistome between these sites could lead to lower
correlations between clinical and sewage surveillance. In other words, the clinical data
source may explain the low correlation. A lack of correlation may also point to a lack
of onward transmission of hospital-acquired resistant bacteria in the community. This
finding would be of some clinical importance, indicating that antibiotic stewardship and
infection prevention control measures would have greater knock-on positive effects for
some resistant bacteria than others. On the other hand, it may indicate that the EARS-
Net data does not represent the community resistance levels well. Studies using
EARS-Net data such as (Cassini et al., 2019) assume that their results can be
generalised to the whole population, but few studies have compared community
samples with EARS-Net data. In addition, the blood-gut and hospital-community
relatedness in resistant bacteria differ between bacterial species. Sewage surveillance
will be more effective for clinical predictions for those bacterial species that have
higher relatedness to patient blood specimens.

Positive correlations may be obscured in the dataset. Wastewater is a new source of
surveillance, and the impact of non-human sources of resistance in the sewage and
wastewater passage on the composition of the sewage resistomes should be
considered. Wastewater influent at the water treatment plant is a mixture of
wastewater from multiple sources, and there has been speculation that animal gut
(Raven et al., 2019) and industrial effluents (Guardabassi et al., 1998) also contribute
to the resistome. In addition, features within the sewer pipes of the wastewater network
may affect the microbial composition. Some features may encourage the growth of
some bacteria and the decomposition of others, including warm temperatures and
nutrients, exposure to antibiotic residues, heavy metals and disinfectants, and
fluctuating concentrations of oxygen (McLellan & Roguet, 2019). This will alter the
composition of the microbiome and the resistome within the sewage compared to
human microbiomes. Indeed, studies have found that the wastewater is dominated by
resident bacteria such as Acinetobacter and Aeromonas (Guo et al., 2019; Vandewalle
et al., 2012). There is also evidence that exposure to antibiotic residues in hospital
wastewater could select for resistance in E. coli (Kraupner et al., 2021). Accordingly,
it has been shown that the wastewater microbiome and resistome is related to, but
distinct from, human samples (Newton et al., 2015; Pehrsson et al., 2016; Raven et
al., 2019).

Differences in the microbiology of different sites in the body and wastewater will reduce
the similarity of the municipal sewage resistome to that of humans, and will add noise
to the data. Analysis of sewage data may therefore be at risk of underestimating
drivers of resistance, or overestimating the association with human risk factors that
correlate with environmental variables, such as latitude and GDP. However, in this
study few environmental factors were associated with resistance gene abundance,
which could indicate a limited influence. Experimental research that investigates the
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impacts of wastewater passage is crucial to confirm which environmental factors need
to be considered. Multi-response models will be in important tool for building flexible
model structures that estimate the impact of many sources of variance and the impacts
of co-factors and environmental factors on sewage resistance.

Primary-care antibiotic usage was positively associated with resistance gene
abundance in fluoroquinolone and third generation cephalosporin models, suggesting
the usage of these antibiotics in the community could drive selection for resistant
infections. This result contrasts the previous analysis of the Global Sewage
Surveillance Project, which found no association between resistance gene abundance
and antibiotic usage on a global scale (Hendriksen et al., 2019). Positive associations
between antibiotic consumption and EARS-Net data have been found in some
(McDonnell et al., 2017) but not all (Collignon et al., 2018) studies. On a smaller scale,
there is some evidence for community prescriptions influencing resistance selection
from studies of non-hospital use of fluoroquinolones and co-amoxiclav and
community-acquired UTls (Kahlmeter et al., 2003; Vihta et al., 2018). In this analysis,
we split models by antibiotic group, to allow for differences in the relationship between
consumption and resistance. This may have improved our ability to detect positive
effect estimates. Finding an association between sewage metagenomics and a
community, population-level factor is promising for further research that looks for
community drivers of resistance using wastewater surveillance.

Some additional limitations of sewage metagenomics should be considered in
interpretation of our results. Metagenomics has low sensitivity which may mask rare
resistance genes, such as ones that are usually hospital-associated. Resistance gene
data from metagenomics does not indicate the bacterial host of the resistance gene,
which limits comparison to culture-based clinical surveillance data, although research
is ongoing to infer the host which can mitigate this limitation of metagenomics in future
studies (e.g. Munk-Welford et al, in prep.). Sampling was focussed on large cities
which may not represent the rest of the country well, and there were more sampling
sites and time points for some countries than others. EARS-Net also doesn’t have full
population coverage, with contributing countries reported an average of 67.8%
population coverage, and 70% of countries reported high degree of geographical
representativeness in 2019 (European Centre for Disease Prevention and Control,
2020). The degree of population overlap between these two datasets is unknown, but
if overlap is low this could decrease correlation estimates. Finally, as both sewage
surveillance and EARS-Net are population-level measures, this is an ecological study.
Applying analysis of ecological data to draw conclusions on risk factors for individuals
is often inappropriate (Grimes & Schulz, 2002).

In conclusion, this study provides evidence for a link between aminoglycoside
resistance in hospitals and communities. It also demonstrates that multi-response
models are powerful and flexible tools for wastewater metagenomic analysis, allowing
more efficient use of the data, and more investigation of influential factors, hierarchies,
and sampling distributions in both datasets than uni-response methods. We show that
sewage surveillance data will be useful for supporting clinical predictions for some
drug-bug combinations (such as aminoglycoside and fluoroquinolone resistance), but
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not all (such as macrolide and vancomycin resistance). Sewage surveillance can shed
light on the community drivers of resistance, indicating that primary-case antibiotic
usage may lead to increased resistance in the community.
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Chapter 5: A cross-sectional metagenomics study of 8 wastewater networks in
Scotland: hospital and community resistomes are distinct

5.1 Abstract

Background: Metagenomic analysis of sewage generates rich information on the
human resistome and microbiome, and wastewater surveillance programmes are
becoming more widespread. However, sewage samples can combine effluents from
many sources, including communities and hospitals. Little is known about the
contribution of each source, limiting the interpretation of sewage metagenomics. Here,
| aimed to assess the contribution of communities and hospitals to sewage samples,
and whether resistomes in patients and community members differ. We applied
metagenomics to sewage samples from eight wastewater networks in Scotland,
including hospitals, communities, and their connected wastewater treatment plants
(WWTPs).

Methods: | selected four WWTPs with a district hospital in their catchment area and
matched them to WWTPs without hospitals in their catchment area, taking population
size, rural-urban composition, and geographical distance from each other into account.
Sewage was sampled from all WWTPs, district hospitals, and community sites (in non-
hospital catchment areas). For each catchment | collected community and hospital
antibiotic prescription data. Samples were sequenced using lllumina NovaSeq and
reads were mapped using the ResFinder database. | used multi-level zero-inflated
negative binomial regression models, cluster analysis, and source-attribution random
forests to compare resistance in hospitals, communities, and WWTPs, and estimate
resistance-prescription associations.

Results: PCoA analysis showed two fully separate resistome groups, with hospital
resistome in one and communities and WWTPs in the second. Hospitals had the
greatest abundance (average fragments per kilobase million 1461.2, 122.4, and 141.1
for hospitals, communities, and WWTPs, respectively) and richness (average 197.4,
111.6, and 119.7 different genes, respectively) of resistance genes. Even so, the
contribution of hospitals to WWTP resistomes was small: resistance gene abundance
in WWTPs was not increased by a significant proportion by hospital presence (effect
estimate: 0.84, 95% uncertainty intervals: -0.24 — 1.91), and random forest models
predicted a low chance that the source of WWTP resistomes was a hospital (5.6%
without and 13.9% with hospitals in their catchments). | found no evidence of an impact
of prescriptions on sewage resistance abundance.

Conclusion: This chapter suggests WWTP resistome represents effluents from
communities more closely than hospitals. Furthermore, it suggests hospital and
community/ WWTP sewage resistomes are distinct, implying there are different drivers
of selection or transmission of antibiotic resistance (ABR) in these groups. Sampling
from hospitals effluent will be needed to determine the hospital resistome, as it is not
captured in WWTP influent.
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5.2 Introduction

Antibiotic resistant infections are thought to be a leading cause of mortality globally
(Murray et al., 2022), and are growing in number (Cassini et al., 2019). Although
health-care associated resistant infections are the main cause of morbidity and
mortality, colonisations of resistant bacteria in the general population are thought to
be a major reservoir of invasive infections (Hendriksen et al., 2019). Quantifying
hospital and community resistance patterns can inform when and where resistant
infections are acquired, which is essential information in effective intervention design
(Knight et al, 2018a). However, characterising community carriage is hindered by a
lack of data.

Wastewater surveillance and metagenomics has been proposed as a means of
monitoring resistance patterns in the general population (Aarestrup & Woolhouse,
2020; Hendriksen et al.,, 2019). Its advantages over traditional, clinical isolate
surveillance methods include convenience of collection and greater representation of
the healthy general community microbiomes (Aarestrup & Woolhouse, 2020;
Mitobedzka et al., 2022). When paired with metagenomics, it further offers the benefit
of being agnostic, providing information on a wide variety of resistance genes and
bacterial species (Aarestrup & Woolhouse, 2020; Mitobedzka et al., 2022).

However, wastewater is a composite sample source. It has usually been collected from
raw influent to wastewater treatment plants (WWTPs) (Hendriksen et al., 2019;
Huijbers et al., 2020; Hutinel et al., 2019; Kwak et al., 2015; Parnanen et al., 2019;
Raven et al.,, 2019; D. Zhang et al., 2021). In Scotland at least, WWTP influent
represents household and office building sewage as well as effluents from schools,
hospitals, laboratories, cleaning industries, and surface water (Scottish Water, n.d. a).
Despite mixing these sources, WWTP influent has been shown to be a good
representation of the human microbiome (Newton et al., 2015; Pehrsson et al., 2016),
and resistance levels in WWTPs and clinical samples have been shown to positively
correlate (Huijbers et al., 2020; Karkman et al., 2020; Parnanen et al., 2019). However,
effluents coming directly from hospitals have been shown to have greater resistance
abundance and diversity than WWTP and community influents (Hassoun-Kheir et al.,
2020), and to reflect within-hospital clinical activity (Cai et al., 2022; Perry et al., 2021)
and outbreaks (Flach et al., 2021). This raises a question: are resistance genes
detected in WWTP influent likely to have come from a hospital rather than a community
source? To interpret how wastewater represents resistance in the general population,
the relative size of the contribution of hospital and community effluents to resistance
in the composite wastewater needs to be quantified. To quantify the relative
contributions of hospitals and communities, we need to know how different their
resistance profiles are, and how similar WWTP resistance is to each source.

To address this question, previous studies have compared the resistance profile of
hospital effluent and WWTP influent (Paulshus et al., 2019; Verburg et al., 2019), or
WWTPs with and without hospitals in their catchment area (Buelow et al., 2018).
Generally, these studies have concluded that the hospitals have only a small or no
contribution to downstream resistance (Buelow et al., 2018; Paulshus et al., 2019;
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Verburg et al., 2019). However, there few studies capturing more than one wastewater
network, or collecting a sample of community-only wastewater for comparison. Lack
of sample size and a comparison group limits the power of their analysis and the
generalisability of their conclusions.

In this study, we collected wastewater samples from eight WWTPs, four hospitals, and
four community sites in a paired sampling design. Our aim was to investigate how the
resistomes of hospital and community sewage differ, and how this impacts WWTP
resistomes. My objectives were to 1) compare the resistome and microbiome profiles
of hospitals, communities, and WWTPs; 2) model the abundance of resistance genes
in different site types and estimate the influence of antibiotic prescriptions and
environmental factors; and 3) estimate the contribution of hospital effluent to the
WWTP influent resistome. We applied metagenomics to each sample, obtaining a
measure of the abundance of acquired resistance genes and bacterial species at each
site. We also collected antibiotic prescription data for the hospitals and communities
sampled. | used a combination of cluster, statistical, and source attribution methods to
analyse the data. The combination of multiple study sites, community samples,
metagenomics, paired sampling design, and robust analysis methods improve our
power over previous studies to discern differences and drivers of the resistome in each
sewage sample type.

5.3 Materials and methods

5.3.1 Sample site selection

| selected eight WWTPs for sampling. | aimed to select four WWTPs with a district
hospital in their catchments, and to pair them to four further WWTPs that did not have
a district hospital in their catchment but served similar population sizes, locations, and
urban level. Table 5.1 describes the sites and their locations.

| also selected a sampling site from each of the four district hospitals in the catchment
areas. There were several access points to the wastewater network in each hospital.
In Border’s General and St John’s hospitals, there was an access point that
represented the whole hospital so we sampled from this point. In Hairmyres and
Victoria hospitals there was not one point for the whole hospital so | chose sites to a)
sample the intensive care units, where many antibiotics are used, and b) sample a
large a proportion of the hospital beds.

Finally, we selected a sampling site within the community for each WWTP without a
hospital in the catchment area. Using water network maps of the drainage area, |
selected a small area where the access points represented a collection of houses in a
residential area that was the same straight-line distance from the WWTP as the
hospital was from the matched WWTP. Sample collectors (from Scottish Water) then
chose an access point from the small area on the basis of safety and convenience.
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5.3.2 Sample collection

All samples were collected by Scottish Water. WWTP and hospital samples were
taken using autosamplers, which continuously take small samples to make up two 1L
total samples representing a 24-hour period. At community sites access points were
smaller so the autosamplers could not be used. Instead, spot samples of 333ml were
taken over 15 minutes (i.e., 3 samples at five-minute intervals) to make up two 1L
samples.

Samples were taken from all sites within a pair over the same 24-hour period, i.e.,
autosamplers set up on the same day at both WWTPs and the hospital, and the
community spot sample and collection of autosamples took place the next day.
Samples were collected from the Kirkcaldy and Stirling catchment areas in March,
2020, and again in November, 2020. Galashiels, Hawick, East Calder, and Kinneil
Kerse catchment areas were sampled in November, 2020. Philipshill and Allers
catchments were sampled in December, 2020.

Table 5.1: Selected WWTP names, locations, and area descriptions

The population equivalent is an estimate of the population served, provided by
Scottish Water. The distance between sites is measured as the straight-line distance
between GPS co-ordinates.

Pair | WWTP Population | Distance Upstream site | Area
name equivalent | between description
sites (m)
1 Galashiels | 28,983 3785 Borders Town in rural
General area
Hospital
Hawick 17,642 3257 Hawick Town in rural
community area
2 Kirkcaldy 62,057 1376 Victoria Small city
Hospital
Stirling 70,481 1876 Stirling Small city
community
3 East 113,254 5021 St John’s Mix of town and
Calder Hospital industrial estate
Kinneil 45,019 4926 Grangemouth | Mix of town and
Kerse community industrial estate
4 Philipshill 61,244 2036 University Large town
Hospital
Hairmyres
Allers 61,024 2243 East Kilbride Large town
community

Metadata from the site was also recorded by sample collectors: the temperature and
pH of the sample, the weather, time of sampling (spot sample) or sample collection
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time (autosamplers), the colour of the water and the flow rate (in litres per second at
WWTPs, and on a 1 — 5 scale at hospitals and community sites).

All samples were transported to the University of Edinburgh and frozen to -70°C on
the same day they were sampled. Frozen samples were packed in polystyrene and
shipped to the National Food Institute, Danish Technical University (DTU) after at least
48 hours at this temperature. Transport to DTU took 24 hours or less.

5.3.3 DNA extraction and sequencing

Samples were processed upon arrival at DTU, after thawing. The same procedure was
used as for the Global Sewage Surveillance project (GSSP) (Hendriksen et al., 2019;
Munk-Welford et al., 2022). Briefly, 250ml of sewage pellet was generated by
centrifuging the samples. DNA was extracted from the samples using the Qlamp Fast
DNA Stool mini kit and an optimised protocol described in (Knudsen et al., 2016). DNA
was then shipped on dry ice for sequencing. After shearing to 300bp target fragment
size, PCR-free Kapa Hyper library preparation was used. Sequencing was done using
lllumina NovaSeq and 150bp paired-end sequences.

5.3.4 Read trimming and mapping

Quality- and adapter-trimming followed the previously used protocol for the GSSP
(Munk-Welford et al., 2022), using BBduk2 (Bushnell, 2014). Briefly, common adapters
were removed and low-quality base pairs were trimmed from the 3’ end of the reads,
using a Phred score of Q20, or a 1% error rate. For resistance genes, reads were then
mapped to ResFinder (Zankari et al., 2012) using KMA with default alignment
parameters (Clausen et al., 2018). For taxonomic calls, Kraken2 (v. 2.0.7-beta) (Wood
& Salzberg, 2014) was used with default setting against a custom database of
representative  bacterial, viral, protozoan and human sequences using
MGmapper_makedb.pl (Petersen et al., 2017). Using a representative database
allows us to identify a clade for sequence fragments from genomes that do not have
a high quality genome in the reference databases (NIH, 2019). This is particularly
important for microbiomes from environmental samples, where many bacterial species
may not be known (Bengtsson-Palme et al., 2017).

5.3.5 Prescription data

5.3.5.1 Community prescription data

| obtained community prescription data in an information requestion from Public
Health Scotland. Prescriptions of interest were those made by community sources
(mainly general practices but also dentists and some other sources) to households
with a post code sector within the catchment area of all WWTPs in the 6 months
prior to sampling. | collected data on the monthly daily defined doses (DDDs) for
every antibiotic under the Anatomical Therapeutic Chemical Classification (ATC)
code JO1. Non-zero values of less than five were categorised as 0 — 5 DDDs by NHS
Lothian for data privacy. | estimated the population size of the catchment area by
finding the Data Zones (defined by the Scottish Government) that overlapped with
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the catchment and taking the sum of the 2019 population estimates for these Zones,
which are based on extrapolation from the 2011 Scottish census (Lowe, 2020).

5.3.5.2 Hospital prescription data

Hospital prescription data was obtained from the pharmacists at each hospital via the
digital drug dispensing recording programme, known as JAC. For hospitals, | acquired
the monthly net number of doses of antibiotics (ATC code J0O1) dispensed from the
hospital pharmacy in the 6 months prior to sampling. | calculated the DDDs using the
preparation strength, number of doses given, and mode of administration from the
hospital data, and the dose factor provided by the WHO ATC index (WHO
Collaborating Centre for Drug Statistics Methodology, 2021). | normalised the DDDs
by the estimated monthly number of occupied bed days (OBDs) for each hospital,
obtained from Public Health Scotland (WHO Collaborating Centre for Drug Statistics
Methodology, 2021). This provides the quarterly OBDs, from which an average
monthly OBD was estimated.

5.3.6 Sequence data normalisation methods

For resistance gene abundance, fragments per kilobase per million reads (FPKM)
(Chapter 4, page 56) was used. This measure normalises the number of read hits to
a reference gene by the number of base pairs in the gene and the total number of
bacterial fragments in a sample, to allow meaningful comparison between different
genes and samples. For bacterial species abundance, the relative abundance was
used, which is the sum of read hits for genes in a specific bacterial species divided by
the total number of bacterial species reads in the sample.

5.3.7 Homology cluster grouping of resistance genes

| use the same method as in Chapter 4 to group resistance genes in the ResFinder
database with >90% sequence similarity into clusters, taking the sum of read hits to
all genes in each cluster. Normalisation was then conducted on the summed counts.
Also, in the same way as in Chapter 4, | assume that the resistance phenotype of a
cluster is the combination of the resistance phenotypes of all resistance genes within
the cluster.

5.3.8 Resistome and microbiome cluster analysis

| used principal coordinate analysis (PCoA) to assess the distance between the
resistomes and microbiomes of each sample. The Bray-Curtis distance was calculated
for all sample pair combinations, using the FPKM to measure the abundance of each
resistance gene and the relative abundance for bacterial species. Relative abundance
and centre-log ratio transformation (CLR) are recommended measures for normalising
bacterial species read counts from microbiome data (Gloor et al., 2017). The variances
of site type group on these coordinates were also estimated. The strength of the
influence of each resistance gene and bacterial species along the axis explaining the
most variation for distinguishing hospital and non-hospital samples was obtained by
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correlating abundance with the axis. This and all following analysis was done using R
(4.1) (R Core Team, 2022).

5.3.9 Source attribution random forests

| used a source-attribution random forests approach to investigate whether the
WWTPs resemble hospitals or communities more closely, following the methods from
a recent study of gut metagenomes in humans and livestock species (Duarte et al.,
2021). Random forests are a supervised classification ensemble algorithm, in which
multiple decision trees are built using random subsets of the observations and the
variables. For each encountered observation, each tree gets a weighted ‘vote’ for a
classification, resulting in a probability for each possible classification. Random forests
are thought to be a useful method for analysis of genomic datasets with a large number
of genes and a small number of samples (Chen & Ishwaran, 2012), being less
susceptible to over-fitting than, for example, logistic regression (Matsuki et al., 2016).
| trained three flat random forests, using 1) the hospital and community resistome data
only to predict WWTP resistome classification, 2) all data to predict
hospital/community/ WWTP, and 3) all data to predict hospital/not hospital
classification. Due to low sample size, | did not subset data for training. | included the
union of the 50 most abundant resistance genes in each site type, resulting in 80 genes
in total. | used the same training parameters as (Duarte et al, 2021): a 10 x 10 cross
validation grid for re-sampling, and the number of variables selected for each tree was
the square root of the number of features. Model performance was assessed with
accuracy and the Kappa measure. All were implemented using the packages caret
(Kuhn, 2008) and randomForest (Liaw & Wiener, 2002).

5.3.10 Linear mixed effects models structures

As in Chapter 4, | used the gene length of the gene group and the total bacterial
fragment count as offsets in models of the read hit counts to account for the count
related properties of the data whilst also normalising.

To select the linear model family, | compared the Widely Applicable Information
Criterion (WAIC) and Expected Log Pointwise Predictive Density (ELPD) (Gelman et
al., 2014) of Poisson and negative binomial models with and without zero-inflation.
Zero-inflated models are mixture models which account for two different random
processes simultaneously generating zeroes, leading to a greater number of zeroes
than would be expected if only one process was acting. In this case, the two sources
of zeroes are a) the chance that the gene is not present in the site, and b) the chance
that the gene was present but undetected by the sampling and sequencing process.
The model is parameterised with the zero-inflation parameter, z;, which is the binomial
probability of ‘true’ zeroes. We were interested in Poisson or negative binomial
distributions for the positive observations to take overdispersion in the count data into
account. Both zero-inflation and overdispersion have been recognised as features of
count data from microbial communities that can impact the power of the results if not
taken into account, especially for metagenomic analysis (Jonsson et al., 2019; X.
Zhang et al., 2017).
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All models were implemented using brms (Burkner, 2017) and flat, uninformative priors
were used — the package default random effect parameters, and Normal(0, 100) for
fixed effects.

5.3.10.1 Model structure 1: Impact of hospital presence on resistance gene
abundance
In this model | included only observations from WWTPs to ask if having a hospital in
a catchment area increased the resistance gene abundance in WWTP influent. The
observational unit was a read hit count for a resistance gene group in a sample. Two
hierarchies are present in the data which may be a source of variation: the pairing, i.e.
the group that a WWTP was matched to, and the catchment area of the WWTP. Which
of these hierarchies would be more important was not known a priori. Therefore |
compared the WAIC of two models with each hierarchy as a random intercept effect
(and an extra model with neither) and used the structure with the best fit. A second
random intercept effect used 70% sequence homology clusters to account for
differences in the abundance of different gene groups. A 70% clustering was used
because most groups had only one gene in them in the 90% clustered groups.
Presence of a hospital in a WWTP’s catchment area was used as a binary fixed effect.

5.3.10.2 Model structure 2: association between upstream and downstream
resistance gene abundance

| assessed the link between community and hospital sites and their downstream
WWTPs by correlating the abundance of resistance genes at these sites with those at
WWTPs. The random effect structure was the same as model 1. | also included a term
for the FPKM of the resistance gene at the upstream site. | hypothesised that
community sites would have more similar resistance gene abundance to WWTPs, and
therefore have a higher association value. | tested for this by estimating separate fixed
effects for the hospital/ WWTP and community/ WWTP associations. | also allowed for
resistance abundance to be affected by the distance between the upstream site and
the downstream WWTP, as longer distances may lead to greater degradation and
dilution. To do this | used the straight-line distance in kilometres between each site as
a fixed effect.

5.3.10.3 Model structure 3: impact of prescription rates on resistance abundance
in sewage

| tested the association between prescription rates and resistance abundance using a
third set of models. Separate models were used to look at hospital and community
prescriptions for a) all antibiotic types, b) amoxicillin prescriptions and resistance
genes, c) carbapenem prescriptions and resistance genes, and d) vancomycin
prescriptions and resistance genes. For the carbapenem model | looked at hospital
prescription only. The use of different antibiotic groupings followed methods in (Perry
et al., 2021), to allow for the resistance-prescription relationship to vary depending on
whether antibiotics are typically used in the community and the hospital (amoxicillin),
or only in hospital settings (carbapenems and vancomycin). In all the hospital
prescriptions models, only the hospitals and their four connected WWTPs were
included.
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| estimated the impact of direct selection by matching each resistance genes with the
DDDs of the antibiotic to which it confers resistance. Resistance gene groups often
confer resistance to multiple antibiotic groups. To address this, for each resistance
gene | took the sum of the DDDs of all antibiotic groups (at ATC level 4) that the gene
group confers resistance to before normalisation. For example, for a gene conferring
resistance to sulfonamides and tetracyclines | would sum the DDDs of both antibiotic
groups.

The models included random intercept effects for the 70% gene clusters, a random
intercept effect for the sample site to account for repeat measurements, and a fixed
effect for the type of site (i.e., hospital, community, or WWTP). The impact of
prescriptions was assessed through fixed effect terms for the antibiotic prescription
rate matched to the resistance gene, and a second term for the total rate of prescription
of any antibiotic in the area, log(x+1) transformed. In vancomycin and carbapenem
models, prescription rate was scaled. Including the total rate of prescription allowed
us to estimate the indirect selection effects of the total amount of prescriptions on
selection for all resistance genes. | hypothesised that the type of site (WWTP,
community or hospital) could affect the degree of association. For example, we might
expect a closer association between hospital prescriptions and resistance levels in
hospitals than WWTPs. This was accounted for by including an interaction term
between matched antibiotic prescriptions and site type.

5.3.10.4 Model structure 4: impact of environmental factors

A fourth set of models were used to assess the impact of environmental factors on
resistance gene abundance in sewage. The random effect structure included intercept
effects for sample site and resistance gene cluster, and there was a fixed effect for
site type. | then added either sample pH, sample temperature, weather category (sun,
cloud, rain), flow rate (WWTP samples only), or sample collection time. A separate
model for each environmental variable was used, similar to a univariate analysis. The
association between each environmental variable was also estimated using

Spearman’s Rank, rank-biserial correlation, Kruskal-Wallis, or Goodman-Kruskall-y.

5.3.10.5 Model structure 5: impact of distance on net change

A fifth mixed effects model structure was used to estimate the impact of distance
between an upstream site and the downstream site on the net change in the FPKM of
a resistance gene. Net change for each resistance gene in each WWTP catchment
area was calculated as the downstream FPKM minus the upstream FPKM. Distance
was measured as a straight line between the GPS co-ordinates of the upstream site
and the WWTP, and included in the model as a fixed effect with an interaction for
upstream site type (hospital or community). The random effects structure included
intercepts for WWTP catchment area and gene cluster.

84



Chapter 5: A cross-sectional metagenomics study of 8 wastewater networks in
Scotland: hospital and community resistomes are distinct

5.4 Results

5.4.1 Metagenomic data

The average number of reads mapped to reference databases was 46,635,892
(standard deviation 16,549,909). The proportion of read counts mapped to human and
bacterial genomes is reported in Appendix D Table 1.

A total of 15,115 different bacterial species were detected in the samples. The most
abundant bacteria by CLR were Flavobacterium sp. (3.8x107'%), Acinetobacter
wuhouensis (3.3x10°'%), Kinneretia asaccharophila (3.2x1071%), Acidovorax konjaci
(3.2x10°"%), and Pseudomonas sp. 31-12 (3.1x10°19).

A total of 360 resistance gene groups were detected in the samples. There were
20,890 read hits to resistance genes on average per sample (range 302 — 91,249).
Resistance genes made up 0.043% of bacterial read counts on average (range 0.0016
— 0.23). The most abundant resistance gene groups by FPKM were sul1 (67.91),
blaOXA-233 (40.91), aph(6)-I1d (15.44), msr(E)_1 (14.42), and ere(A)_5 (14.16).

Table 5.2: Comparison of total abundances and diversity indexes for
resistance genes and bacterial species by site type

Total abundance and Shannon index for resistance genes calculated using FPKM.
Total abundance for bacterial species calculated using total bacterial read counts,
and Shannon estimated using relative abundances of bacterial species.

Site type Resistance genes Bacterial species

(number of | Total Richness | Shannon | Total Richness | Shannon

samples) abundance abundance

Hospitals (5) | 1461.22 197.4 3.43 5169.19k 14842.80 | 5.79
(659.01) (21.56) | (0.31) (1603.05k) | (70.77) | (0.82)

WWTPs (9) 141.09 119.7 3.22 4068.90k 14842.22 | 5.60
(95.36) (29.4) (0.53) (1151.81k) | (84.90) | (1.31)

Communities | 122.42 111.6 3.46 4714.25k 14866.80 | 6.57

(5) (97.01) (31.71) | (0.21) (2401.15k) | (38.17) | (0.91)

The relative proportion of the FPKM of resistance genes in each sampling site is
plotted in Fig. 5.1. Here | compared the resistome of repeated samples from Victoria
Hospital, Stirling community, Kirkcaldy WWTP, and Stirling WWTP. Generally, these
were similar, apart from an increase in the proportion of the sample representing the
tet(A) gene in Kirkcaldy WWTP, March 2022 sample. Many factors could explain this,
such as sampling conditions, seasonal effects, and changes to population movements
due to the COVID-19 prevention measures. However, with only two time points | was
not able to investigate and account for drivers of this difference. Therefore, the March
2022 Kirkcaldy WWTP sample was removed from statistical analysis. However, results
were similar overall whether this sample was or was not included.
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The bacterial and resistance gene counts and diversity measures according to site
type (hospitals, community, and WWTP) can be found in Table 5.2. Hospitals had a
higher abundance of resistance genes and bacterial species than community or
WWTP sites. Hospitals also had highest richness in resistance genes. Shannon
diversity in resistance genes and bacterial species was similar across WWTPs,
communities and hospitals.

5.4.2 Site characteristics

A full table of the site metadata is included in Appendix D Table 2. Sample conditions
were broadly similar. The sample pH was 6.8 on average (standard deviation, SD:
0.52). Sample temperature varied the most by site type. Hospitals had a higher
temperature of 16.2°C (SD 2.1) compared to 10.2°C in community samples (SD 1.6)
and 11.8°C in WWTPs (SD 1.2).

5.4.3 Prescription data

In the three months prior to sampling, the average of the total prescribed DDDs per
capita from community healthcare providers post code sectors within the drainage
areas sampled was 2.02 (SD 0.91). The Stirling drainage area had the highest per
capita prescriptions (January — March, 2020, 3.52 DDDs per capita) and Kinneil Kerse
had the lowest (September — November, 2020, 1.04 DDDs per capita). The antibiotics
with the highest community DDD per capita in the three months before sampling were
lymecycline (0.31, SD 0.16), doxycycline (0.29, SD 0.16), amoxicillin (0.24, SD 0.15),
flucloxacillin (0.19, SD 0.01), and clarithromycin (0.16, SD 0.09).

For hospitals, | calculated the DDDs of the net antibiotic doses dispensed from
pharmacies to wards per occupied bed days (OBD) in the three months prior to
sampling. In total, net 1.15 DDDs per OBD were issued to hospital wards (SD 0.39).
Hairmyres Hospital had the highest net antibiotics issued per OBD (October —
December, 2020, 1.77 DDDs per OBD), and Victoria Hospital had the lowest
(September — November, 2020, 0.76 DDDs per OBD). The antibiotics with the highest
net DDDs per OBD in the hospitals were amoxicillin (0.16, SD 0.12), flucloxacillin
(0.14, SD 0.06), amoxicillin and beta lactamase inhibitor, such as co-amoxiclav (0.14,
SD 0.07), clarithromycin (0.13, SD 0.12), and doxycycline (0.10, SD 0.04).

5.4.4 Cluster analysis

Fig. 5.2.A. shows the results of the PCoA of distances between the FPKM of resistance
genes for each site, with the centroids and variance by PCoA axis for the different
types of site displayed. Hospitals form a distinct cluster with non-overlapping variances
with other groups, whereas the centroids and variances for the community and WWTP
sites are similar. This indicates that the resistome of hospitals is distinguishable from
community and WWTP sites, but WWTP and community sewage resistomes are not
distinguishable from each other. There was no clustering by catchment area or pair
group. | extracted the twenty resistance genes with the greatest correlations with
PCoA axis 1, which discriminated between hospital-type and community-type
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compositions (Appendix D Table 3). These results show that several carbapenemases
are enriched in hospital sample sites.

Fig. 5.2.B. shows the results of the PCoA of the distances between the relative
abundance of bacterial species read counts, with centroids and variances by site type
group. The hospital sites microbiomes had a distinct composition from WWTP site
microbiomes, with community microbiome sharing some compositional features of
each. | extracted the twenty bacterial species with the greatest correlations with PCoA
axis 2, which discriminated most strongly between hospital and WWTP-type
compositions (Appendix D Table 3). Some human-related bacterial genera such as
Klebsiella and Bifidobacterium are enriched in hospital samples, whilst environment-
related bacteria such as Acidovorax are enriched in WWTP samples.

Table 5.3: Model comparison using expected log pointwise predictive density
and Widely Applicable Information Criterion

Higher ELPD indicates a better fit, and lower WAIC indicates a better fit. ELPD:
expected log pointwise predictive density; WAIC: Widely Applicable Information
Criterion.

Model ELPD WAIC
Poisson -313714 729144
Zero-inflated Poisson -279254 651291
Negative binomial -14241 28357
Zero-inflated negative binomial -14245 28358

5.4.5 Random Forest

| first trained a random forest model using only hospital and community site data to
identify hospital vs. community sample site differences. The model accuracy was
99.0% and the Kappa was 97.7%. Fig. 5.3.A shows the classification predictions of
the model for WWTP site data. The proportion of trees that voted for ‘hospital’
classification of resistomes from WWTP sites when there was a hospital in the
catchment area was 13.9% on average, with wide variation between sites (SD 7.3).
WWTPs without hospitals had a lower average proportion of votes for “Hospital”
classification (5.6%) and lower variation between sites (SD 1.5). This could indicate
that the resistomes of WWTPs with hospitals in their catchment area were more similar
to hospitals than those without, although the wide variance in classification votes for
WWTPs with hospitals mean caution is needed in interpreting this result.

In the second model, | trained a random forest model using all data (Fig. 5.3.B) to
identify differences in all site type. The accuracy of this model was 71.2%, and the
Kappa was 53.6%. The lower accuracy of this model may partially be due to the
uneven number of samples from different site types (5 community, 5 hospital, and 9
WWTP samples). The most voted for classification of each sample did correspond to
the true sample type, with most uncertainty in distinguishing community resistomes
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from WWTP resistomes: an average 18.4% (SD 7.9) of votes were given to WWTP
classification when predicting a community sample.

Table 5.4: Random intercept, shape, and zero-inflation parameter estimates
for selected models

Presents posterior means and 95% uncertainty intervals in brackets. SD: standard
deviation; WWTP: wastewater treatment plant.

Model SD cluster | SD WWTP | Shape Zero-
captured inflation

Model structure 1 (impact | 3.14 (2.81 — | 0.69 (0.36 — | 0.72 (0.67 | 0.02 (0.00

of hospitals on resistance | 3.51) 1.39) —-0.87) —0.05)

abundance)

Model structure 2 2.77 (2.47 - | 0.71 (0.37 - | 0.82 (0.73 | 0.01 (0.00

(association between 3.09) 1.41) -0.92) —0.03)

resistance abundance at
upstream sites and

WWTPs)
Model structure 3 2.80 (2.54 - | - 0.28 (0.27 | 0.01 (0.00
(association between 3.11) —-0.30) —-0.03)

community prescriptions
and sewage resistance)
Model structure 3 3.17(2.84 - | - 0.33 (0.29 | 0.04 (0.00
(association between 3.54) -0.37) - 0.09)
hospital prescriptions and
sewage resistance)

5.4.6 Linear mixed effects models

5.4.6.1 Model family goodness of fit comparisons

The fit of the data to Poisson, negative binomial, and zero-inflated distributions was
compared. | used two goodness of fit measures to compare model performance: the
ELPD, estimated using leave-one-out cross-validation; and the WAIC. The values of
the measures for each model family are presented in Table 5.3. Assuming a difference
of more than three between goodness of fit measurements indicates one fit was better
than the other, negative binomial models were a better fit than Poisson, so | eliminated
Poisson as a potentially model structure. Zero-inflation did not improve fit, but only
slightly worsened fit according to ELPD and was indistinguishable from the fit of the
model without zero-inflation according to WAIC. As there is a theoretical basis for zero-
inflation, | included zero-inflated negative binomial distribution was used in all following
models.

5.4.6.2 Impact of hospital effluent on resistome of wastewater treatment plants

The impact of hospitals on WWTPs was looked at with two models. The first compared
the abundance of resistance genes in WWTPs with and without a hospital in their
catchment area (model structure 1). The second looked at the association between
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resistance abundance in hospitals and WWTPs, and between community sites and
WWTPs, to see which upstream-site type is more closely correlated with the mixed
WWTP samples (model structure 2).

In model 1, there was no significant of impact of a hospital in the catchment area of a
WWTP on resistance gene abundance, with an effect size of 0.84 (posterior mean), -
0.24 — 1.91 (95% uncertainty intervals). Posterior means for random effects, shape
parameter, and zero-inflation parameter for models 1 and 2 can be found in Table 5.4.
The overall model fit for this and all following models was assessed with Bayes R?
(Gelman et al, 2019), presented alongside MCMC diagnostics in the Appendix D Table
4.

Table 5.5: Associations between prescriptions and resistance levels

Presented as the posterior mean of the estimated association and the 95%
uncertainty intervals. If an estimate was not estimated a dash (-) is used.

Wastewater | Antibiotic group Prescription source
source Hospital Community
WWTP All 0.24 (-1.86 - 2.35) 0.68 (-0.35 - 1.69)
Amoxicillin 0.57 (-10.71 -12.31) |0.48 (-4.32-5.33)
Carbapenem 0.22 (-0.46 - 0.99) -
Vancomycin -0.32 (-3.60 - 3.43) 0.55 (-1.08 - 2.63)
Hospital All 1.33 (-0.90 - 3.56) -0.67 (-1.71 - 0.37)
Amoxicillin -2.16 (-15.47-7.73) [-4.33 (-11.16 - 2.49)
Carbapenem 0.21 (-0.40 - 0.87) -
Vancomycin 0.26 (-0.84 — 1.41) 0.19 (-1.96 - 2.32)
Community | All - 0.52 (-0.59 - 1.63)
Amoxicillin - -4.44 (-4.32 - 5.33)
Carbapenem - -
Vancomycin - 1.16 (-1.08 - 2.63)
All Total -0.76 (-2.29 — 0.56) 0.19 (-0.56 - 0.89)

In model structure 2, the association between community sewage and WWTP sewage
was positive (0.76, 0.56 — 0.97). The association between hospital and WWTP sewage
was also positive (0.49, 0.40 — 0.59). The interaction term estimating the difference
between the community-WWTP and hospital-WWTP associations was negative (-
0.27,-0.48 —-0.07), indicating that the hospital-WWTP was lower than the community-
WWTP association. There was no evidence for an effect of distance between the
sampling site and WWTP (-0.16, -0.58 — 0.30). The FPKM of resistance genes
upstream vs. downstream sites is plotted in Fig. 5.4.

5.4.6.3 Associations between antibiotic prescriptions and sewage resistance levels

The association between prescriptions and resistance levels was assessed using
model structure 3. Seven separate models were used to estimate the associations
between community prescriptions and hospital prescriptions and sewage resistance
for all antibiotic types, as well as amoxicillin, carbapenem, and vancomycin groups
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individually. Prescription data FPKM of resistance genes are plotted in Fig. 5.5. All
associations between resistance abundance and prescription rates can be found in
Table 5.5. Random effects, shape and zero-inflation parameters for models with all
prescription types included are reported in Table 5.4. The numbers of observations,
sampling sites, and gene groups in each model is in Appendix D Table 5.

There was no association between resistance abundance in wastewater samples and
any prescription data (Table 5.5). These results do not provide strong evidence for
direct or indirect selection from antibiotic consumption.

In model structure 3, | also tested for the difference in the resistance abundance by
site. Hospitals also had a higher resistance abundance than communities or WWTPs
in both models. In the community prescription model, the hospital association estimate
was 3.29 (3.02 — 3.56) and the WWTP association estimate was -1.32 (-3.41 — 0.71)
with community as the reference category. In the hospital prescription model, hospital
was the reference category and the WWTP association estimate was -0.27 (-0.52 - -
0.03).

5.4.6.4 Associations between environmental variables and sewage resistance levels

Separate model formulae with the same basic structure were used to test the impact
of pH, sample collection time, sample temperature, and flow rate on the abundance of
resistance genes in the sewage. The effect estimates of these models can be found
in Table 5.6. There was a positive association between resistance abundance and
sample pH and temperature. Samples collected earlier in the day were found (though
with some uncertainty) to have higher resistance gene read counts. These results
suggest that environmental factors could have an impact on resistance abundance.
Correlations between environmental factors are recorded in Appendix D Table 6.
Notably, stream temperature and sample time were negatively correlated. This may
be due to hospital samples being warmer and collected earlier in the day.

Table 5.6: Associations between environmental variables and sewage
resistance levels

Separate models used for each variable. The association estimate is the posterior
mean and standard deviation of the association between the environmental variable
and resistance gene abundance.

Environmental variable Association estimate (95%
uncertainty)
pH 0.30 (0.07 — 0.54)
Sample collection time -0.30 (-0.63 - 0.03)
Sample temperature 0.12 (0.03 — 0.22)
Flow rate 0.00 (0.00 — 0.00)
Weather:
Sunny Reference category
Cloud 0.05 (-0.73 - 0.83)
Rain -0.49 (-0.78 — 0.19)
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The association value for the flow rate was unexpectedly precise, so | checked the
distribution of the two datasets (Appendix D Figure 1). | also tried a simple linear
regression of the association between the FPKM and the flow rate, which returned the
same association and confidence intervals (0.00, 0.00 — 0.00). The small number of
flow rate observations may account for unusual confidence range.

5.4.6.5 Impact of distance and site type on net change in resistance gene abundance
The average net change in resistance gene FPKM between an upstream site and a
WWTP was -1.80 (SD: 16.5). There was no association between the distance between
an upstream and downstream site and the net change in resistance gene FPKM,
whether the upstream site was a hospital (-0.39, -1.92 — 1.11) or a community site (-
0.06, -1.90 —1.77). Upstream site type did not affect the net change (effect of upstream
site being a hospital -2.89, -10.81 — 4.83). These results do not provide evidence that
the size of a wastewater network influences net change in the concentration of
resistance genes. Appendix D Figure 2 shows the net change in resistance genes,
stratified by upstream site type.
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Figure 5.1: Relative abundance of resistance gene groups in each sampling

site

Relative abundance was calculated based on FPKM. Sample names on the X axis
were generated as location name, site type, month, and then year of sampling. The
top 20 most abundance gene groups are plotted, all others are grouped into the
‘Other’ category for visual clarity.
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Figure 5.2: Principal Coordinates and Principal Components Analysis of the
resistome and microbiome, grouped by site type

The colour of the dots indicates the site type (hospital, community, or WWTP). Empty
points indicate hospitals and WWTPs with hospitals, and filled points indicate
community samples and WWTPs without hospitals. Dot shape indicates the pair
grouping of the sample (e.g., all circular points are from the same pair). Ellipses width
and height indicates the variance of PCoA1 and PCoA2, respectively, for each group,
and the angle of the ellipse indicates the covariance between the two axes by group.
A) the PCoA of the resistome (measured in FPKM), and B) of the microbiome
(measured in relative abundance), using Bray-Curtis distances.

A) B)

0.2
1

0.4

PCoA2 (18.97 % variation
0.0 .
1
PCoA2 (17.33 % variation )
-0.2 0.1 0.0 0.1
I I 1

-0.3
1

-0.4

e wwrp
© Hospital
© Community

-0.4
1

T T T T T T T T T T
-0.6 -0.4 -0.2 0.0 0.2 0.4 -0.4 -0.2 0.0 0.2 0.4 0.6

PCoA1 (36.09 % variation ) PCoA1 (32.81 % variation )

93



Chapter 5: A cross-sectional metagenomics study of 8 wastewater networks in
Scotland: hospital and community resistomes are distinct

Figure 5.3: Classification predictions of samples resistomes from random
forest models

A) the proportion of trees voting for ‘hospital’ site type classification predictions of
WWTP sample resistomes with and without a hospital in their catchment area from
model 1 (trained using hospital and community samples only). B) the proportion of
votes from trees for the site type classification of each sample from model two, which
was trained using all data, grouped by the true source of the sample.
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Figure 5.4: Resistance gene abundance in hospital and community samples
vs. WWTP samples

FPKM of each resistance gene in hospital (left) and community (right) samples
against the FPKM in connected WWTP sites. One observation is excluded from
the community sample panel to so that both plots could have the same y axis for
comparison (values of the excluded point: FPKM in WWTP sample = 135.1, FPKM
in upstream site = 6.6). A log scale is used on the y axis.
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Figure 5.5: Antibiotic prescription rates and sewage resistance gene

abundance

Phenotypically-matched antibiotic prescription rates against the FPKM of
resistance genes in WWTPs, for community (left) and hospital (right) prescriptions.
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5.5 Discussion

In this study we applied a paired study design and metagenomics to wastewater
samples from hospitals, WWTPs, and communities in Scotland. The results show that
hospitals had a distinctive resistome compared to WWTPs and communities, with a
greater abundance and diversity of resistance genes. However, having a hospital in a
catchment area did not increase the abundance of resistance in WWTP influent, and
the WWTP resistome was unlikely to have the hospital as its primary source,
suggesting the hospital effluent contribution to WWTP influent resistance is small.
There was no evidence for an impact of prescription rates on resistance levels in this
dataset, indicating that selection for resistance from antibiotic consumption was not
detectable in the timeframe of this data.

5.5.1 Community and hospital sewage resistomes differed

The resistome of the hospital sewage was distinct from community sewage and
WWTP influent. This distinction was due to greater abundances of the resistance
genes and by a greater number of unique resistance genes. The greater number and
diversity of resistance genes was not reflected by greater numbers or diversity of
bacterial species in hospital wastewater, suggesting that more bacteria carried any
and/or carried a greater number of resistance genes in hospital than community
wastewater. Hospital wastewater from around the world has been found to have a
greater abundance and diversity of resistance genes or resistant bacteria than
municipal wastewater (Hassoun-Kheir et al., 2020; Hutinel et al., 2019; Korzeniewska
et al., 2013; Kwak et al., 2015; Lamba et al., 2018; Paulshus et al., 2019; Verburg et
al., 2019), although not in every case (Gundogdu et al., 2017; D. Zhang et al., 2021).
However, few other studies have demonstrated that community effluent only and
composite WWTP influent samples have similar resistome compositions. This result
indicates that it is not just that hospital effluent and WWTP influent are distinct, but
that effluents from community households and hospitals differ.

Many factors that could affect resistance gene abundance differ between hospital and
community sewage. Hospitals are a focal point of patients with bacterial infections, co-
morbidities, and recent exposure to antibiotics and other drugs, which may lead to
higher rates and diversity of resistance in the patient microbiome. Hospital patients
could be gaining resistant infections and colonisations during their stay in hospital,
which are then carried through toilets, sinks and showers to the hospital wastewater.

The hospital environment itself may further impact the human to environment
composition of the sample and itself select for resistant bacteria. Environmental
properties that may influence microbiological growth have been shown to differ
between hospital and municipal effluents, such as higher levels of suspended solids,
ammonia and nitrate, and a lower biodegradable fraction (Khan et al., 2021; Majumder
et al., 2021), as well as warmer temperatures and stagnation (Kizny Gordon et al.,
2017). Indeed, | found that hospital wastewater was on average 6°C warmer than
community and WWTP wastewater. Hospitals are large building, and it has also been
shown that the water network within large buildings provide opportunities for biofilm
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formation (Hocquet et al., 2016; Kizny Gordon et al., 2017). In support of this theory, |
found hospital and WWTP microbiomes clustered separately in a PCoA (Fig. 5.1), and
that the separation was driven by greater abundance of human gut bacteria in hospital
and a greater abundance of environmental bacteria in WWTP samples. The hospital
sewage microbiome was also found to cluster separately from community and WWTP
samples in previous studies in two studies in The Netherlands (Buelow et al., 2018;
Verburg et al.,, 2021), and to cluster separately from WWTP but with community
effluent in a study in Spain (Quintela-Baluja et al., 2019).

In addition to impacts on the microbial composition, the hospital environment may
influence resistomes through exposure to higher concentrations of antibiotics, other
drugs, and antiseptics that are excreted or disposed of into the wastewater system
leading to selection for resistance (Khan et al., 2021; Majumder et al.,
2021),(Hassoun-Kheir et al., 2020; Hocquet et al., 2016). Studies have investigated
colonisation of the hospital environment and patients and found cross-compartment
clonal groups of resistant bacteria, indicating patient-environment transmission
(Constantinides et al., 2020; Feng et al., 2020). Moreover, experimental evolution
studies have found that exposing bacteria to hospital wastewater selects for resistance
more strongly than WWTP wastewater (Hutinel et al., 2021; Kraupner et al., 2021).
Resistant bacteria that are colonising any part of the wastewater system, from sink
drains to pipe junctions within the building, may be represented in the resistome of the
hospital effluent. Overall, these results are consistent with the hospital water
environment acting as a reservoir and enricher for resistant bacteria.

5.5.2 Hospital resistomes made a small contribution towards resistance in
WWTP influent

The results indicate that the contribution of hospital effluent is small, and the primary
source of resistance genes in wastewater is likely to be the community. This result is
consistent with previous research, which has found no increase in resistance gene
abundance in WWTP influent when a hospital is present (Buelow et al., 2018), and
WWTP influent resistance to be more similar to community than hospital effluent
(Gundogdu et al., 2017; Kutilova et al., 2021; Paulshus et al., 2019; Quintela-Baluja et
al., 2019; Verburg et al., 2019).

| investigated hospital effluent contribution by estimating the gene-level association
between resistance gene abundance in WWTPs and in hospitals or communities
upstream, and using a source-attribution random forest model to estimate WWTP
resistome source likelihood. Hospital resistance gene abundance was positively
associated with resistance gene abundance in the downstream WWTP, suggesting
that there is a link between hospitals and WWTPs. Bacterial isolates in WWTP influent
have been found to be related to those of hospital isolates (Gouliouris et al., 2018),
but a comparison of WWTP isolates to hospital and community isolates is lacking.
Random forest models indicated that each site type (hospital, community, or WWTP)
had a recognisable resistome, but that a signature of the hospital in the resistome of
WWTP influent with a hospital in its catchment area was not detectable. If the hospital
signature is not strongly detectable, the positive association between hospital and
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WWTP resistance abundance may indicate that the hospital resistome is linked to the
local community resistome, which is represented in the WWTP influent. In addition, it
suggests that although hospital wastewater contains high levels of resistance, treating
before discharge into the main sewage network may not appreciably decrease the
load of resistant bacteria that need to be removed by the WWTP. However, a
contribution of hospital effluent to resistance in WWTP influent cannot be completely
ruled out.

A small contribution of hospital effluent is not surprising when we consider the volume
of wastewater from hospitals compared to all the other sources entering a WWTP.
Resistance genes were more than 10 times more abundant in hospital water than
community water, but after dilution this increase may be negligible. Previous studies
have estimated hospital effluent to be about 1% of the total volume of wastewater
processed by a WWTP each day (Buelow et al., 2018; Verburg et al., 2019) and
suggested this as a key factor in the low impact of hospital wastewater on WWTP
resistance. In addition, human bacteria and their genomes may be degraded within
the wastewater network, potentially decreasing the number of resistant bacteria from
hospital effluent in a WWTP influent sample (Pehrsson et al., 2016; Verburg et al.,
2019). Against this hypothesis, | found no relationship between the net change in
resistance gene abundance between an upstream and downstream site and distance.
In other countries, hospital effluent is treated prior to discharge into the main sewage
network (Khan et al., 2021; Majumder et al., 2021), which would further decrease the
hospital signature in WWTP influent. Further research is needed to quantify dilution
and degradation of the hospital signal, including: deeply sequenced metagenomics of
sewage to reduce noise (e.g., 100s of millions of reads per sample rather than 10s of
millions), studies correlating the volume of hospital wastewater contributing to WWTP
influent and resistance gene abundance, and studies along the length of a wastewater
pipe to assess rates of degradation, possibly in experimental settings. On top of
dilution and degradation, there may be other sources of resistance genes in WWTP
influent than hospitals and communities. WWTP influent in Scotland includes
wastewater from swimming pools, laboratories, and laundries, for example (Scottish
Water, n.d. a), although most surface water is not mixed with domestic sewage until
treatment (Scottish Water, n.d. b). Drinking water may also be a source of resistant
bacteria that could be represented in WWTP influent, although the contribution is
probably small (Piotrowska & Popowska, 2014). Additional sources of resistance
genes may make the contribution of hospital effluent to WWTP resistance smaller and
increase the uncertainty that a resistance gene in WWTP influent is from a hospital
patient or community member.

5.5.3 Communities have a local resistome

Resistance gene abundance at an upstream site was positively associated with the
abundance of the same gene at the WWTP influent. Finding that the resistance gene
abundance in a community sample representing only a few household is predictive of
abundance in the downstream WWTP, despite WWTPs receiving effluents from
thousands of households and wastewater metagenomics having low sensitivity is
interesting. It indicates that there could be a community-wide resistome in common
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within a drainage area, i.e. that different community samples within a catchment area
may also potentially correlate. Positive associations between hospital and WWTP
wastewater has been found for bacterial species abundance (Buelow et al., 2018;
Verburg et al., 2021) and resistance rates (Paulshus et al., 2019), but few if any studies
have compared resistance gene abundance in these WWTPs and community sites.
Studies of a whole WWTP drainage area, including different community sewage
sampling sites and resistance hotspots like hospital effluent, could be used to
investigate how resistance varies within a community. Despite finding a resistance
gene level association between communities and their downstream WWTP, | did not
find any distinct groupings by catchment area in the cluster analysis. This may be an
indication that the overall profile and diversity is similar across the communities
sampled. All of the communities included here are within relatively close geographic
range, in the same country, and all in built up areas (although of different sized towns),
which may lead to similar resistance gene profiles.

5.5.4 No impact of antibiotic consumption on resistance abundance in
detectable in sewage

No relationships were found between prescription rates and resistance gene
abundance in wastewater samples. Although antibiotic usage drives selection for
resistant bacteria, there is mixed evidence for a positive association between
resistance abundance in sewage and antibiotic consumption rates in the population.
Previous studies (including Chapter 4 in this thesis) have found that associations with
prescription data or with antibiotic residues and sewage resistance levels depend on
the antibiotic studied and the modelling framework used, and that the effect is often
small (Hendriksen et al.,, 2019; Perry et al., 2021). The dynamics of acquisition,
colonisation, and transmission of resistant bacteria or resistance genes are complex.
Aggregation, low sensitivity, and sampling error in wastewater metagenomics may
make it difficult to detect small effect sizes and individual-level effects. These
limitations of wastewater metagenomics have been considered previously considered
(Aarestrup & Woolhouse, 2020; Mitobedzka et al., 2022). More sensitive resistance
gene typing methods such as gPCR may be more powerful for discerning effects of
antibiotic consumption. The prescription data used in this study is also aggregated at
population level, potentially further masking any effects. Finally, this study is a
snapshot of one time and over a relatively small geographic region, with similar
prescription rates. Positive associations have been found in longitudinal datasets over
a greater area (Hendriksen et al., 2019), possibly allowing investigation of this
relationship over a greater range of prescription rates that has higher detectability.

In addition to the possibility that low sensitivity and data aggregation prevented
detection of a small association, other factors not accounted for in the model may have
masked an association. It may be possible that an unaccounted demographic or
health-care related factor that affects resistance gene abundance may decrease the
association through confounding. An important factor that was not considered in this
analysis was area deprivation. However, greater levels of local deprivation have been
shown to lead to an increase in resistance rates in hospitals (Alividza et al., 2018), but
also to be positively associated with prescription rates in the UK (Lambourg et al.,
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2022) and Scotland (Covvey et al., 2014), so would be more likely to lead to a higher
rather than a lower association estimate in this data. An in-depth analysis of the
prescriptions, demographics, and hospital resistance levels in this data will be needed
to further address confounding. An alternative explanation is reverse causality if
prescriptions were less frequently given due to higher resistance levels in an area,
which could reduce the association estimate. Community and hospital prescribing
guidelines in NHS boards in Scotland are updated every 6 months, taking into account
recent resistance rates in clinical samples from hospitals and the community (Carol
Philips, personal communication), so there is a potential route to reverse causality.
However, the time lag on this process (i.e., time from use of an antibiotic driving a
noticeable increase in resistance to a reduction in prescriptions) is unknown. Reverse
causality has not to my knowledge been previously observed in sewage resistance
data although it has been considered in cross-sectional population level resistance
and prescription data (Jit et al., 2020). Longitudinal sampling designs with community
demographic data can be used to detect confounding and reverse-causality.

There was no impact of total antibiotic usage on resistance abundance, indicating that
there was no evidence for indirect selection. Direct selection is when a resistance gene
is selected for because it confers a growth advantage during exposure to an antibiotic.
Resistance genes that are near the directly selected gene (for example in the same
genome or plasmid) but confer resistance to a different antibiotic may be indirectly
benefitted and increase in prevalence in the bacterial population. Previous studies
have not found an association between total antibiotic resistance and resistance gene
abundance in wastewater (Hendriksen et al., 2019; Perry et al., 2021), and together
this may indicate that this effect may not be detectable at a population level.

5.5.5 Environmental factors impact resistance gene abundance

| found a positive effect of higher pH or sample temperature and early sample
collection time, although flow rate and the weather had no impact. The wastewater
microbiome and resistome are thought to be sensitive to environmental conditions that
may influence the growth and degradation of bacteria (Guo et al., 2019; Parnénen et
al., 2019). Previous studies have found that physicochemical properties of wastewater,
such as pH, ammonia concentration, and flow rate, may affect wastewater resistance
gene abundance (Guo et al., 2019; Harnisz et al., 2020; Yang et al., 2019). In this
study there may not have been enough variation to detect an impact of flow rate. There
was a negative association with the time that the autosampler was installed,
suggesting that samples collected in morning had a greater resistance gene
abundance. Diurnal patterns in resistance gene abundance have been found in
wastewater, likely impacted by changes water usage throughout the day (Cai et al.,
2022; Guo et al., 2019). This finding may also point to a limitation of the autosamplers,
as it suggests that the resistome signal is strongly influenced by what had most
recently been added and there may therefore be degradation or other changes in
composition in the sample during the 24 hour sampling period. Wastewater studies
may benefit from collecting samples at the same time or taking separate samples
through the day to take diurnal activity into account (Chau et al., 2022).
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Chapter 5: A cross-sectional metagenomics study of 8 wastewater networks in
Scotland: hospital and community resistomes are distinct

5.5.6 Conclusion

In this study | demonstrate that hospital and community sewage resistomes differ, with
enrichment of the abundance and diversity of resistance genes in hospitals. The
influence of hospital-specific drivers of resistance, including patient-environment
transmission and exposure to antibiotics, is potentially strong. However, | also find that
the contribution of hospitals to resistance abundance in WWTP influence is small,
likely due to the high level of dilution of hospital wastewater. | suggest that resistance
genes in WWTP samples are therefore primarily from community sources, and WWTP
influent is a good indicator of the community resistome. | find no evidence for an impact
of prescription data on resistance gene abundance, suggesting this effect is small or
non-existent. Wastewater studies would benefit from sampling sites within the
wastewater network, including hospitals and communities, and taking longitudinal
samples, to further investigate drivers of sewage resistance.
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Chapter 6: General discussion

6.1 Summary of results and objectives

Antibiotic resistance (ABR) is a serious threat to global public health. In addition to
causing high morbidity and mortality, resistant bacteria can be asymptomatically
carried by healthy humans. This silent carriage could contribute to resistance burden
but is hard to monitor. Resistant bacteria can also be found in the environment —
human- and livestock-derived bacteria in environments impacted by wastewater,
agriculture, and landfill are particularly concerning. These sources of resistant bacteria
pose a risk to human and environmental health, but also present an opportunity for
surveillance of resistance in human populations. In this thesis, | investigated the
potential links between the environment and humans and the dynamic consequences
of this relationship. | also built statistical models of hospital and municipal wastewater
metagenomes to estimate associations with clinical resistance surveillance and
antibiotic prescription data, and to inform design of surveillance programmes.

My first objective was to investigate the role that the environment might play in the
spread and emergence of ABR. | addressed this objective in Chapter 3 by using a
mathematical model to study transmission between humans, animals, and the
environment. The results of this model suggested that the environment can
theoretically play a role in human ABR epidemiology, and perhaps even a stronger
one than animals. However, more data on resistance transmission and persistence,
especially in the environment, are needed to contextualise these theoretical results. |
also address this objective in Chapter 2, using a systematic scoping review to find
evidence of dissemination of ABR from hospitals to municipal wastewater. This work
indicated that hospital wastewater can contain resistant bacteria from patients, and
untreated and treated municipal wastewater may do so as well. This suggests that
wastewater, especially hospital wastewater, could play a role in dissemination of
clinically relevant antibiotic resistance into the environment.

My second objective was to identify epidemiological data sets that represent antibiotic
resistance genes (ARGs) in sewage. | focused on two sources of data: hospital-based
resistance surveillance and antibiotic consumption. In Chapter 4 | used a multi-
response model of European Antimicrobial Resistance Surveillance Network (EARS-
Net) and Global Sewage Surveillance data to estimate country-level correlations
between sewage and hospital resistance levels for different drug-bug combinations. |
found that a few, but not all, drug-bug combinations were correlated in hospitals and
sewage. In the systematic review in Chapter 2, | also found some examples of positive
correlations between hospital-based surveillance and resistance abundance in
sewage. Overall, this indicates some support that hospital-based surveillance data can
at least partially explain ARG abundance in sewage. Prescription rates from national
surveillance data were positively associated with some resistance gene phenotypes,
giving some support for this dataset representing ARGs in sewage.

In Chapter 5, | used a paired study design to compare wastewater metagenomes from
wastewater treatment plants (WWTPs) with and without hospitals, and hospital
contributing to their influent, and community effluents, along with prescription data.
Here, | found no associations between prescription data and resistance levels in either
hospital effluent or community effluents. This seemingly contradictory finding may
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imply that the scale on which sewage and prescription data are collected are important
— an association may be found internationally where there is more variation in
resistance levels and consumption patterns that are not detectable in relatively
homogeneous national data.

My third objective was to use spatial and temporal analysis of ARGs in sewage to
inform the design of surveillance systems. This objective was addressed in Chapter 5.
Here, differences in the resistome of hospital, community, and mixed municipal
effluent highlight the need for single-source sampling to capture the full range of
resistance patterns in a WWTP catchment area. The systematic review in Chapter 2
also highlights that hospital effluent can represent the patient resistome, but not in all
cases, and that community samples are rare in wastewater studies to date. Together,
these findings suggest that hospital effluent sampling could be complimentary to
WWTP influent sampling. Further sampling in the community would also be useful at
this early stage of WWTP surveillance systems, as much is still unknown about how
local differences in resistomes can combine in WWTP influent. In Chapters 4 and 5 |
also investigated associations between ARGs and physicochemical properties of the
sample, such as pH, sample temperature, and flow rate. | found some associations
with pH and sample temperature. These associations could be due to the sewage
environment generating opportunities for growth or destruction of bacteria (McLellan
& Roguet, 2019), in which case collecting data on sample properties as metadata is
key.

The final objective was to develop predictive models of resistance gene abundance.
In Chapter 4 | used the multi-response linear model to predict clinical resistance. The
results showed that jointly modelling both datasets improved model likelihood but not
accuracy of predictions of clinical resistance. Therefore, this model structure can
explain existing data but is not yet an improvement for extrapolating to unseen data.
In Chapter 5 | used a zero-inflated negative binomial linear model and a random forest
analysis to model and predict ARG abundance and wastewater sample type. Model
comparison indicated that zero-inflation and negative binomial structures accounted
for data variation better than Poisson models, suggesting this is a more appropriate
model structure. Also in Chapter 5, | demonstrated that random forest analysis can
suit wastewater metagenomic data well, accurately predicting wastewater sample type
from resistance gene abundance. In summary, in this thesis | have highlighted the
need for other model structures than classical generalised linear models and bivariate
correlations, and that comparing the results and performance of multiple model
frameworks during analysis is needed.

6.2 Implications of thesis

Wastewater metagenomes must represent human resistomes for this surveillance
technique to be useful. In this thesis, | show that the wastewater resistome does reflect
the community and hospital resistomes, although not perfectly, supporting the use of
metagenomics of wastewater for surveillance. Previous studies have compared
hospital, community, and WWTP resistance data (Lamba et al., 2018; Paulshus et al.,
2019; Verburg et al.,, 2019), but few have done so on an international scale, or
collected sewage samples from multiple hospital and community sites. Understanding
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the relatedness of community and WWTP influent is important as it implies that dilution
and wastewater microbiology do not influence or destroy the human resistome signal,
lending support for the use of wastewater for surveillance. Despite speculation that the
community can act as a reservoir for resistant bacteria, there are few surveillance
datasets of resistance in the community, so WWTP influent sampling can fill this
important gap. However, Chapters 2, 4, and 5 suggest that hospital effluent resistomes
are quite different to WWTP influent. Therefore, wastewater surveillance from WWTPs
may be more appropriate for monitoring community rather than hospital resistance.
Surveillance of wastewater from hospitals could be valuable for detecting hospital-
based outbreaks early, and for identifying environmental reservoirs of resistance in the
hospital.

The environment is a mixing pot for resistance from different humans, animals, and
resident environmental bacteria (Larsson & Flach, 2022). In this thesis, | show that an
environmental reservoir can theoretically have a strong impact on human health
(Chapter 3). Few empirical observations of human-environmental health links exist
(Burgmann et al., 2018), although other models of the environment have also
highlighted its potential importance (Booton et al., 2021; Call et al., 2013; Graesbgll et
al., 2014; McBryde & McElwain, 2006). There is increasing recognition that sanitation
and lack of access to clean drinking water is a driver of antibiotic resistance, especially
in Lower and Middle Income Countries (LMICs), implying that the environment does
indeed represent an important source of resistance or play an important role in
transmission of resistance (Blirgmann et al., 2018).

The role of the environment can have implications for clinical settings as well. As is
highlighted in Chapter 2, organisms from clinical environments can be found in hospital
wastewater and, in Chapter 5, | also describe the distinctiveness of the hospital
resistome and how this may reflect not only the patient but also the hospital
environment resistome. An increasing number of studies have considered the
transmission of resistance between patients and the environment in hospitals, e.g.
(Constantinides et al., 2020; Feng et al., 2020). Together these findings highlight
unknowns about the dynamics of resistance in the hospital environment: does
increased persistence of resistant bacteria in the hospital environment increase
incidence of resistant nosocomial infections? How much might the effectiveness of
patient-focused interventions around antimicrobial stewardship and infection
prevention in hospitals be mitigated by environment-patient resistance transmission?
More modelling and empirical work is needed to study the role of the hospital
environment.

The results of this thesis have implications for our understanding of ABR in the
community. Firstly, it provides some information to address the question: what is the
relationship between resistance in hospitals and in the community? The results in this
thesis could be explained by hospital resistomes being influenced by but still separate
from local community. For example, in Chapter 5 | find that ARG abundance in both
hospital and community effluents were positively associated with downstream ARG
abundance but the association value was lower for hospital than community effluent.
Two non-mutually exclusive mechanisms can explain either of these observations: 1)
the hospital resistance profile is correlated with the community resistance profile, and
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the community resistance profile is correlated with the WWTP influent; and 2) that the
hospital resistome signature is still prevalent enough in the WWTP influent to generate
this correlation (Fig. 6.1). Other studies that have found positive relationships between
resistance in hospitals and in WWTP influent have variously made both of these
interpretations, but few if any consider both at the same time (Buelow et al., 2020;
Gouliouris et al., 2019; Parnanen et al., 2019; Paulshus et al., 2019). If (1) is true, the
implication is that hospital resistance patterns should be considered tied to the local
community, both when predicting the resistance profile on admission and in
interpreting hospital-based surveillance data. If (2) is true, the implication is that
analysis of WWTP influent for surveillance must account for this contribution in order
to be applicable to the community. In this thesis we can comment further by combining
the results of Chapters 4 and 5. Hospital effluent had a distinctive signature but did not
appear to leave a strong trace in WWTP influent in Chapter 5. In addition, the
phenotype of resistance genes that were highlighted as hospital-type in Chapter 5
(such as blaTEM and blaOXA) did not have a positive correlation with sewage ARG
abundance in Chapter 4. These findings suggest that (1) is playing a greater role than
(2), as they suggest the hospital signature degrades (due to dilution) before it reaches
the WWTP influent. However, to fully resolve the contribution of (1) and (2) with
wastewater sampling, studies that sample from multiple hospital and multiple
community effluents within a WWTP catchment area are needed.

Figure 6.1: Relationships between resistance in hospitals, communities, and
municipal effluent

Waved line indicates correlation (without assumption about direction of impact) and
arrows indicate direct impact. There is some evidence for hospital-community
correlations and some evidence for a low impact of the hospital on the WWTP
influent resistome, but more precise quantification is needed.

?
Hospital Community
resistome resistome

WWTP influent
resistome

Finally, this thesis has some implications for interventions to reduce antibiotic
consumption to mitigate ABR in the community. Antibiotic stewardship is often
suggested as a key route for reducing resistance (Aliabadi et al., 2021; Majumder et
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al., 2020). The results of this thesis do not provide strong evidence to support the
effectiveness of reducing antibiotic consumption. In Chapter 2, the results suggest that
curtailing antibiotic usage in animals may be less effective than sanitation-related
factors that reduce environment-human transmission. In later chapters, | demonstrate
some support for antibiotic consumption driving resistance at a population-level in the
community after accounting for time trends and local resistance patterns, but the
relationship could only be detected on an international level and not on a national level,
suggesting the effect is small. Therefore, there is some empirical and theoretical
evidence that the impact of consumption on community resistance may be small
overall when compared to other factors, such as environmental transmission and local
resistance levels. Most other studies looking at risk factors for resistance levels have
focused on resistant infections in hospital settings, e.g. (Chatterjee et al., 2018).
Comparing our findings to those of other studies trying to link silent community
carriage of extended B-lactam (ESBL) resistant Enterobacteriaceae with risk factors,
travel is frequently identified, as well as antibiotic consumption and overcrowding
(Karanika et al., 2016; Otter et al., 2019). Overall, the implication is that antibiotic
consumption reduction may be effective in the community, but its effectiveness in
comparison to other possible interventions, such as sanitation practices, is uncertain.
Moreover, the most effective intervention may vary by country, depending on country-
level differences in community access to antibiotics and sanitation. Studies that
examine the impact of multiple risk factors in the whole gut resistome are needed to
give the full picture. Both sewage and individual gut metagenomes can be used in
future studies assessing these impacts, identifying both population-level and
individual-level effects.

6.3 Future research directions

In this thesis | present evidence that municipal wastewater is more representative of
community than hospital effluents. Further studies are needed that compare
wastewater and human metagenomes to explore similarities and differences between
these two microbial communities. A few existing studies have done this to some extent
such as (Pehrsson et al., 2016), but more in-depth analysis of healthy community
resistomes in multiple countries will be useful for highlighting the ways to extract
‘human’ type signatures from wastewater.

| use a very simplified model to study human-animal-environment transmission. More
studies are needed that consider the complex nature of human-environment
interactions, including different environment types, and the importance of
heterogeneous and stochastic transmission. In addition, there is still a lack of
mathematical models of ARG abundance in sewage. Some studies have used some
modelling approaches to look at decay of ARGs in sewage (Amos et al., 2015), but
none have tried to link ARG abundance with human population-level epidemiology in
the way that some models of SARS-CoV-2 in wastewater have (Fernandez-Cassi et
al., 2021). Future research may try different possible model structures, especially
around the sampling distribution to be used to get from a human resistance prevalence
to the wastewater ARG abundance. Normalisation for population size will be a key
challenge for this modelling. A key unknown for future models will be the distribution
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function that links human resistance prevalence to ARG abundance in the sewage,
and future modelling efforts should compare the results of different options.

In Chapter 4 | used sewage and national surveillance data from Europe only. A clear
next step for developing this work would be to use global sources of data, such as
WHO Gilobal Antimicrobial Resistance and Use Surveillance System (GLASS). This
model may need to take into account differences in this relationship in Higher Income
Countries (HICs) vs. LMICs. In addition, many demographic variables such as human
development index (HDI) are collected on the country level and could be incorporated
into this model. Previous work has found a link between ARG abundance in the
sewage and HDI (Hendriksen et al., 2019), so this would be interesting to explore with
this new model structure.

Chapter 5 demonstrates that community wastewater samples can represent the
community resistome of a group of households. However, few studies take multiple
community samples. A next step could be to repeat the Chapter 5 study design with
additional community samples, especially in catchment areas with hospitals, to give
further clarity on differences between hospitals and communities, and to demonstrate
if there are differences in the resistome within a catchment area.

Finally, | highlight that the hospital effluent resistome is distinctive from the community
resistome, and links have been found between patients and hospital effluent. However
few if any studies have investigated the similarity of resistance in hospital effluent and
the hospital environment. Hospital effluent could be a tool for non-invasively
monitoring both the resistome of the patients and the environment, but studies that
elucidate this additional link in the chain are needed to validate this.

6.4 Concluding remarks

In this thesis, | demonstrate the usefulness of wastewater metagenomics as a tool for
monitoring resistance abundance in the community. Wastewater represents
community resistomes more closely than hospital resistomes, but with some
similarities to the hospital that still need to be resolved. The wider consequences of
resistance in the environment may be strong but need to be studied more empirically.
Further research into variation within wastewater catchment areas is required to map
resistance in wastewater back to humans.
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Appendix A Table 1 Summary of included studies

Evidence Non-
in favour Resistance |Bacterial wastewater
Author and year of |Countries |Dissemination|or Bacterial group typing typing Statistical Wastewater sample
publication sampled route against? |studied methods |methods |[methods sample types types
Untreated hospital
Ahmad et al, 2014 |Pakistan HWW to MWW |In favour |Salmonella typhi Phenotypic |Phenotypic|None and municipal River
Hospital to
MWW Frequentist;
Akiba, et al, 2015 |India (indirect) In favour |E. coli Phenotypic |Fingerprint |Cluster Treated municipal |-
Enterococcus spp;
Staphylococcus
spp; Untreated hospital
Alexander et al, Enterobacteriaceae;|Gene and municipal, River,
2015 Germany |HWW to MWW |In favour |P. aeruginosa presence Fingerprint |None treated municipal |groundwater
E. coli, P.
aeruginosa, K.
Hospital to pneumoniae, A.
Alexander et al, MWW baumannii, and Gene Untreated
2020 Germany [(indirect) In favour | Enterococcus spp |presence Fingerprint | Frequentist municipal -
Patients to Phenotypic;
HWW; HWW gene Partial Untreated hospital
Atmani et al, 2015 |Algeria to MWW In favour | K. pneumoniae presence sequence |Frequentist and municipal Patients
Untreated hospital
and municipal,
Azuma et al, 2019 |Japan HWW to MWW |In favour |E. coli Phenotypic |Phenotypic|None treated municipal |River
United Untreated hospital
States of Partial and municipal,
Beattie et al, 2020 |America HWW to MWW |In favour [All Phenotypic |sequence |Permutation |treated municipal |-
Gene Untreated hospital
Buelow et al, 2018 |Netherlands |HWW to MWW |Against |None presence Fingerprint | Cluster and municipal -
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Phenotypic;
gene
presence;
Butiuc-Keul et al, gene Partial Untreated hospital
2021 Romania HWW to MWW |In favour | Pseudomonas spp |sequence |sequence |Frequentist and municipal River, lake
Phenotypic; |Whole
gene genome Untreated hospital
Cahill et al, 2019 Ireland HWW to MWW |In favour |Enterobacterales |presence |sequence |None and municipal -
Phenotypic;
Patients to gene Untreated River,
Chavez et al, 2020 |(Colombia |MWW In favour |P. aeruginosa presence Phenotypic|Frequentist municipal patients
Untreated hospital
and municipal,
Ekwanzala et al, treated hospital
2019 South Africa| HWW to MWW |In favour |K. pneumoniae Phenotypic |Fingerprint | Frequentist and municipal River
Iran (Islamic Untreated Patients,
Eshrati et al, 2020 |Republic of) [ HWW to MWW |In favour |E. coli Phenotypic |Phenotypic|Unclear municipal livestock
Whole
United Gene genome |Phylogenetics;|Untreated hospital
Gibbon et al, 2021  |Kingdom HWW to MWW |In favour |Klebsiella spp sequence |sequence |frequentist and municipal River
Enterobacteriaceae; Untreated hospital
Gomez et al, 2010 |Spain HWW to MWW |In favour |Enterococcus spp |Phenotypic |Phenotypic|None and municipal River
Whole Untreated hospital
Goulouris et al, United Gene genome and municipal,
2019 Kingdom HWW to MWW |In favour | E. faecium sequencing |sequence |Cluster treated municipal |Patients
Hospital to
Guardabassi et al, MWW Untreated
1998 Denmark |(indirect) In favour | Acinetobacter spp |Phenotypic |Fingerprint |Frequentist municipal -
Untreated hospital,
treated and
Gundogdu et al, Gene untreated
2017 Turkey HWW to MWW |In favour |E. coli sequence |Fingerprint |Frequentist municipal -
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Hospital to Untreated hospital
MWW and municipal,
Harris et al, 2014 Ireland (indirect) In favour |E. coli Phenotypic |- Bayesian treated municipal |-
Phenotypic; Untreated hospital
gene and municipal, Surface
Iversen et al, 2002 |Sweden HWW to MWW |In favour | Enterococcus spp |presence Fingerprint |Cluster treated municipal |water
Community,
surface
Patients to water,
HWW; HWW Untreated livestock,
Iverson et al, 2004 |Sweden to MWW In favour |E. faecium Phenotypic |Phenotypic|None municipal patients
Phenotypic;
Iweriebor et al, gene Untreated hospital,
2015 South Africa|HWW to MWW |In favour | Enterococcus spp |presence Fingerprint |None treated municipal |-
Patients to Phenotypic;
Jakobsen et al, HWW; HWW gene Partial Frequentist; |Untreated hospital
2008 Denmark |to MWW In favour |E. coli; Coliforms  |presence sequence |Cluster and municipal Patients
Untreated hospital
Patients to K. pneumoniae and and muncipal, Patients,
King et al, 2020 South Africa|HWW In favour | K. oxytoca Phenotypic |Phenotypic|None treated municipal |river
Phenotypic; Untreated hospital
Korzeniewska et al, gene and municipal,
2013 Poland HWW to MWW |In favour |E. coli presence Phenotypic|Frequentist treated municipal |River, air
Patients to Gene
Kovacic et al, 2017 |Croatia HWW In favour |A. baumannii sequence |Fingerprint |Cluster Untreated hospital |Patients
Community,
Sweden; patients,
Denmark; surface
Spain; water,
United livestock,
Kingdom of farm
Great Untreated hospital |environment,
Kuhn et al, 2005 Britain and |HWW to MWW |In favour | Enterococcus spp |Phenotypic |Phenotypic|None and municipal crops
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Northern
Ireland
Phenotypic;
gene Partial Untreated hospital
Lamba et al, 2018 |India HWW to MWW |In favour |Enterococcus spp |presence |sequence |Frequentist and municipal River
Phenotypic; Untreated hospital
gene Partial and municipal,
Leclercq et al, 2013 |France HWW to MWW |In favour |Enterococcus spp |presence sequence |Frequentist treated municipal |River
United
Kingdom of
Great
Britain and |Hospital to
Northern MWW Untreated
Linton et al, 1974  |Ireland (indirect) In favour | Coliforms Phenotypic |Phenotypic|None municipal -
United
Kingdom of
Great
Britain and |Hospital to Whole Untreated hospital
Northern MWW genome and municipal,
Ludden et al, 2017 |lreland (indirect) In favour | Enterobacteriaceae |Phenotypic |sequence |None treated municipal |-
United
Kingdom of
Great Livestock,
Britain and Whole patients,
Northern Patients to Gene genome Untreated hospital |hospital
Ludden et al, 2019 |Ireland HWW Against | K. pneumoniae sequencing |sequence |Phylogenetics [and municipal environment
Phenotypic; Untreated hospital
gene Partial and municipal,
Muller et al, 2018 |Germany |HWW to MWW |In favour | Gram negative presence sequence [None treated municipal |River
Heterotrophs;
Coliforms;
Enterobacteriaceae;|Phenotypic; Untreated hospital
Narciso-Da-Rocha Aeromonas spp; gene Partial Frequentist; |and municipal,
et al, 2014 Portugal HWW to MWW |In favour | Pseudomonas spp |presence sequence |Permutation |treated municipal |-
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Untreated hospital

Gene Partial and municipal, Suface

Ng et al, 2017 Singapore |HWW to MWW |In favour |All sequence |sequence |Cluster treated municipal |water

Hospital to Heterotrophs; Treated and
Novo and Manaia, MWW Enterobacteriaceae; untreated
2010 Portugal (indirect) In favour | Enterococcus spp |Phenotypic |Phenotypic|Frequentist municipal -
Untreated hospital
Nunez et al, 2016  |Argentina |HWW to MWW |In favour |Enterococcus spp |Phenotypic |Phenotypic|Frequentist and municipal -
Phenotypic; Untreated hospital
gene and municipal,

Oberle et al, 2012 |France HWW to MWW |In favour |E. coli presence Phenotypic|Frequentist treated municipal |River
Wildlife,
patients,

Phenotypic; hospital staff,

Oravcova et al, Patients to gene Partial Untreated hospital

2017 Czechia MWW In favour | Enterococcus spp |presence sequence [None municipal environment

Phenotypic;
Patients to All cultivable gene Partial

Ory et al, 2016 France HWW In favour |bacteria presence sequence |Cluster Untreated hospital |Patients

Paulshus et al, Untreated hospital

2019 Norway HWW to MWW |In favour |E. coli Phenotypic |Phenotypic|Cluster and municipal -

Untreated hospital
and municipal,
Gene treated hospital
Paulus et al, 2019 |Netherlands |HWW to MWW |In favour |None presence |- Frequentist and municipal -
Phenotypic;
gene Untreated hospital
Patients to presence; |Whole and muncipal,
HWW; HWW gene genome treated hospital
Popa et al, 2021 Romania |to MWW In favour | K. pneumoniae sequence |sequence |Phylogenetics |and municipal Patients
Phenotypic; |Whole Untreated hospital
Enterobacter gene genome |Phylogenetics;|and municipal, Wildlife
Pot et al, 2021 Guadeloupe [HWW to MWW |In favour |cloacae sequence |sequence |Bayesian treated municipal |samples
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Untreated hospital
and municipal,

Praveenkumarreddy treated hospital

et al, 2020 India HWW to MWW |In favour |E. coli Phenotypic |Phenotypic|Frequentist and municipal -
Gene Untreated hospital

Proia et al, 2018 Belgium HWW to MWW |In favour |None presence - Frequentist and municipal River
Phenotypic;

Rahimi and Bouzari, |Iran (Islamic|Patients to gene

2015 Republic of) MWW In favour |S. aureus presence Phenotypic|None Untreated hospital |Patients
Phenotypic; Untreated hospital

Roederova et al, Patients to gene and municipal,

2016 Czechia HWW In favour | Enterobacteriaceae |presence Fingerprint |Cluster treated municipal |Patients

Schwartz et al, Partial Untreated hospital

2006 Germany |HWW to MWW |In favour |P. aeruginosa Phenotypic |sequence |None and municipal River

Patients to

Seruga Music et al, HWW; HWW Partial Untreated hospital |Patients,

2017 Croatia to MWW In favour | A. baumannii Phenotypic |sequence |None and municipal river
Phenotypic;

Iran (Islamic|Patients to gene Untreated

Talebi et al, 2008  |Republic of) [ MWW In favour | Enterococcus spp |presence Fingerprint |Cluster municipal Patients
Phenotypic; Untreated hospital

Thompson et al, gene and municipal,

2013 Australia HWW to MWW |In favour |S. aureus presence Fingerprint | Frequentist treated municipal |-

Community
Untreated hospital |building

Tumeo et al, 2008 |France HWW to MWW |Against | P. aeruginosa Phenotypic |Fingerprint | Frequentist and municipal effluent
Phenotypic; Untreated hospital
gene Partial Frequentist; |and municipal,

Varela et al, 2013  |Portugal HWW to MWW |In favour | Enterococcus spp |presence sequence |Cluster treated municipal |-

Heterotrophs; Untreated hospital
Coliforms; Frequentist; |and municipal,
Varela et al, 2014  |Portugal HWW to MWW |Against | Enterobacteriaceae;|Phenotypic |Fingerprint |Permutation |treated municipal |-
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Aeromonas spp;
Pseudomonas spp

Phenotypic; Untreated hospital
gene Partial and municipal, Streams,
Varela et al, 2015  |Portugal HWW to MWW |In favour | E. coli presence sequence |Permutation |treated municipal |ponds
Untreated hospital
Partial Frequentist; |and municipal,
Varela et al, 2016  |Portugal HWW to MWW |In favour | Aeromonas spp Phenotypic |sequence |Cluster treated municipal |-
Untreated hospital,
E. coli; Klebsiella nursing home, and
spp; Aeromonas municipal, treated
Verburg et al, 2019 |Netherlands |HWW to MWW |In favour |spp Phenotypic |Fingerprint | Frequentist municipal -
Klebsiella spp,
Enterobacter spp,
Citrobacter spp, E.
coli, Proteus
mirabilis, P.
aeruginosa; A.
calcoaceticus-
baumannii complex;|Phenotypic; Untreated hospital
S. aureus, E. gene Frequentist; |and municipal,
Voigt et al, 2020 Germany |HWW to MWW |In favour |faecium, E. faecalis |presence Fingerprint |Cluster treated municipal |-
Treated and
Patients to untreated
Yang et al, 2009 Taiwan MWW Against |Coliforms Phenotypic |Phenotypic|Frequentist municipal Patients
Phenotypic;
Patients to gene
Zarfel et al, 2013 Austria MWW In favour |E. coli presence Phenotypic|Frequentist Treated municipal |Patients
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Appendix B: The role of the environment in transmission of
antibiotic resistance between humans and animals: a
modelling study
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Appendix B Table 1: Parameter definitions

Parameter

Definition and units

ﬁHH

Per capita rate at which humans acquire antibiotic resistant bacteria as
a result of exposure to other humans harbouring resistant bacteria per
time step

ﬂAA

Per capita rate at which animals acquire antibiotic resistant bacteria as
a result of exposure to other animals harbouring resistant bacteria per
time step

ﬁAH

Per capita rate at which humans acquire antibiotic resistant bacteria as
a result of exposure to animals harbouring resistant bacteria per time
step

:BHA

Per capita rate at which animals acquire antibiotic resistant bacteria as
a result of exposure to humans harbouring resistant bacteria per time
step

:BHE

Per environmental unit rate* at which the environment acquires
resistant bacteria as a result of exposure to humans harbouring
resistant bacteria per time step

.BEH

Per capita rate at which humans acquire antibiotic resistant bacteria as
a result of exposure to environmental units harbouring resistant
bacteria per time step

ﬁAE

Per environmental unit rate* at which the environment acquires
resistant bacteria as a result of exposure to animals harbouring
resistant bacteria per time step

:BEA

Per capita rate at which animals acquire antibiotic resistant bacteria as
a result of exposure to environmental units harbouring resistant
bacteria per time step

Per capita rate at which humans acquire antibiotic resistant bacteria as
a result of direct exposure to antibiotics per time step

Per capita rate at which animals acquire antibiotic resistant bacteria as
a result of direct exposure to antibiotics per time step

Yu

Proportion of Ay that reaches the environment as antibiotics (a scalar
parameter)

Ya

Proportion of A, that reaches the environment as antibiotics (a scalar
parameter)

Yuly

Per environmental unit rate* at which the environment acquires
resistant bacteria as a result of exposure to a proportion of antibiotics
given to humans per time step

Uy

Per capita rate at which humans with resistant bacteria revert to have
only sensitive bacteria per time step

Ua

Per capita rate at which animals with resistant bacteria revert to have
only sensitive bacteria per time step

Ug

Per environmental unit rate* at which environmental units harbouring
resistant bacteria revert to having only sensitive bacteria per time step
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Appendix B Table 2: Transmission coefficients

Unbounded model

Parameter Value
Baseline Balanced Balanced Environment- | Animal- Human-
(low By4) driven driven driven
Bun 0.1 0.07432092 | 0.07432092 | 0.001 0.001 0.2019663
Baa 0.1 0.07432092 | 0.07432092 | 0.001 0.2019663 | 0.001
Bra 0.1 0.07432092 | 0.00074321 0.001 0.001 0.2019663
Ban 0.1 0.07432092 | 0.07432092 | 0.001 0.2019663 | 0.001
Bey 0.01 0.07432092 | 0.07432092 | 0.1420501 0.001 0.001
Bea 0.01 0.07432092 | 0.07432092 | 0.1420501 0.001 0.001
ﬁHE 0.1 0.07432092 0.07432092 0.1420501 0.001 0.2019663
ﬁAE 0.1 0.07432092 0.07432092 0.1420501 0.2019663 | 0.001
Bounded model
Parameter Value
Baseline | Balanced Balanced Environment- Animal- Human-
(low Bra) driven driven driven
Bun 0.1 0.08109928 0.08109928 0.001 0.001 0.20239149
Baa 0.1 0.08109928 0.08109928 0.001 0.20239149 0.001
Bua 0.001 0.08109928 0.00081099 0.001 0.001 0.20239149
Ban 0.1 0.08109928 0.08109928 0.001 0.20239149 0.001
Ben 0.01 0.08109928 0.08109928 0.23084954 0.001 0.001
Bea 0.01 0.08109928 0.08109928 0.23084954 0.001 0.001
Bur 0.1 0.08109928 0.08109928 0.23084954 0.001 0.20239149
Bag 0.1 0.08109928 0.08109928 0.23084954 0.20239149 0.001
Appendix B Table 3: Other parameters
Parameter Value
Fig1. B Fig 2. And 3.
Ay 0.1 Beta(1.7, 15.3) (mean 0.1)
Ay 0.1 No intervention: 0.1 or U(0.000001,1.);
intervention: 0.0.
Yy 0.001 0.001
Ya 0.001 0.001
Ugy 0.1 Beta(1.7, 15.3) (mean 0.1)
Uy 0.1 0.1
U 0.2 Beta(3, 12) (mean 0.2)
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Additional methods information
Methods for finding transmission parameter coefficients

Transmission parameters were chosen by the following method: some parameters were fixed (py)
whilst the transmission parameters of interest varied (p,) to reach a human resistance level of 71%
(target prevalence in original study, van Bunnik and Woolhouse, 2017):

_min 071~ £ (py. )|

For example, for the human-driven transmission scenario, rates of transfer of resistance from
humans to any other population were varied (Byy = Bua = Bur), and all other transmission

parameter values were fixed at a low value, 0.001.

Model timesteps

We selected a value of 0.2 for pg in the baseline set of parameters. Zhang et al, 2017 estimated for
the rate of loss of various resistance genes from a compost microcosm experiment was 0.0077 per
day. We can therefore estimate that the units of our select value is per ~26 days (0.2/0.0077). We
intend this model to be used for looking at long term prevalence of resistance in humans, so this
estimate of time step is reasonable as it allows us to look over the timescale of years.

To ensure equilibrium values were obtained for all experiments, we initially numerically solved the
model to 500 timesteps, and if there was a difference of more than 0.0000001 between the Ry

values for the final two timesteps, we solved to 10,000 timesteps.
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Appendix B Figure 1

Trajectory plot of the fraction of human and animal populations carrying resistant bacteria (Ry, Rg),
and the amount of resistant material in the environment (Rz). For bounded environment model (left)
and unbounded (right).
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Appendix B Figure 2

Heatmaps of the impact of reducing A4, for different pre-intervention levels of A, (Y axis) and Sgy

(X axis), in all transmission scenarios.
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Appendix C: A multi-response model to combine sewage
and hospital antibiotic resistance surveillance data
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Appendix C Table 1: EARs-Net drug-bug combinations

Antimicrobial group

Organism

Specific antimicrobials

Fluoroquinolones

E. coli

Ciprofloxacin, ofloxacin, levofloxacin

K. pneumoniae

Ciprofloxacin, ofloxacin, levofloxacin

P. aeruginosa

Ciprofloxacin, levofloxacin

Acinetobacter spp. Ciprofloxacin, ofloxacin, levofloxacin

E. coli Amoxicillin, ampicillin
Aminopenicillins E. faecalis Amoxicillin, ampicillin

E. faecium Amoxicillin, ampicillin

E. coli Cefotaxime, ceftriaxone, ceftazidime

Third generation
cephalosporins

K. pneumoniae

Cefotaxime, ceftriaxone, ceftazidime

P. aeruginosa

Ceftazidime

Carbapenems

E. coli

Imipenem, meropenem

K. pneumoniae

Imipenem, meropenem

P. aeruginosa

Imipenem, meropenem

Acinetobacter spp.

Imipenem, meropenem

Aminoglycosides

E. coli

Gentamicin, tobramycin, netilmicin

K. pneumoniae

Gentamicin, tobramycin, netilmicin

P. aeruginosa

Gentamicin, tobramycin, netilmicin

Acinetobacter spp. Gentamicin, tobramycin, netilmicin
E. faecalis High-level gentamicin
E. faecium High-level gentamicin
. E. faecalis Vancomycin
Vancomycin _ )
E. faecium Vancomycin
Macrolides S. pneumoniae Erythromycin, clarithromycin, azithromycin
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Appendix C Figure 1: Example directed acyclic graph of vancomycin resistance model
structure

Showing variables in circles and constants in squares. Filled circles indicate estimated parameters
(yellow for hyperpriors, green for random effects, blue for fixed effects). Arrows indicate
dependency. Rounded ‘plates’ used to indicate aggregation levels in the data. HAMU: hospital
antimicrobial usage. PCAMU: primary care antimicrobial usage. AR1: autoregression 1 (clinical
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Appendix C Table 2: Priors used in specifying all models

| stands for the identity matrix and is of size p x p where p is the number of parameters being
estimated.

Parameter(s) Prior

All fixed effects Normal(0, 1)

Residual variance Inverse-Wishart(l, 1)
Non-partitioned group variance Inverse-Wishart(l, 1)
Partitioned group variance Inverse-Wishart(l, p-1)
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Example model code for vancomycin resistance model, including priors

Written using R and the MCMCglmm package. Note that an adaptation to the MCMCglmm package
(implemented by J. Hadfield) was required and family argument specification would not work for this
data in the usual MCMCglmm package.

mvmod <— MCMCglmm2(cbind(n_success, n_fail) ds-1 +
at.level(ds, 'gene'):PCAMUs +
at.level(ds, 'gene'):flow_cat +
at.level(ds, 'gene'):pH +
at.level(ds, 'gene'):storage_temp_cat +
at.level(ds, 'gene'):sum_lgl_ltb +
at.level(ds, 'isolate'):HAMUs +
at.level(ds, 'isolate'):AR1,

random = ~idh(at.level(ds, 'gene')):id +
idh(at.level(ds, 'gene')):batch +
us(ds):cca2,

rcov=~idh(ds) :units,

data = fitting_dat, prior = prior,

family "multinomial2", nitt = 100000,

burnin = 3000, verbose = , thin = 10)
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Appendix C Figure 2: EARS-Net and ESAC-Net time trends

Plots on left, the mean (points) and variance (lines) of usage rates of aminoglycosides in defined
daily doses per 1000 people per day, in hospitals (HAMU) and primary care (PCAMU), for each year
in the dataset. Plots on right, the mean (points) and variance (lines) of the proportion of isolates
resistant to aminoglycosides in each year of the dataset, for each organism.
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Carbapenems
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Third generation cephalosporins
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Appendix C Table 3: Odds ratios and uncertainty for the effect of hospital antimicrobial

usage and resistance in the previous time point on clinical resistance

Posterior mode and 95% highest posterior density intervals given.

Aminoglycosides

Effect estimate (Ul)

Antimicrobial usage | AR1
Organism (hospital)
Acinetobacter spp. 0.98 (0.92-1.04 48.38 (17.86 — 84.46)

Enterococcus faecalis

1.03 (0.99 —1.08

(
29.17 (18.49 — 44.51)

Enterococcus faecium

1.03 (0.97 —1.08

35.06 (20.10 — 51.49)

Escherichia coli

501.70 (192.20 — 1278.31)

Klebsiella pneumoniae

1.05 (1.00 - 1.09

29.52 (17.40 — 44.87)

Pseudomonas aeruginosa

)
( )
( )
0.98 (0.93 — 1.02)
( )
1.04 (0.98 — 1.09)

14.14 (7.13 — 30.74)

Aminopenicillins

Effect estimate (Ul)

Antimicrobial

usage

AR1

Organism (hospital)
E. faecalis 1.33(1.18 - 1.55) 40.71 (16.01 - 137.24)
E. faecium 0.84 (0.73 - 0.96) 76.22 (49.67 - 110.69)
E. coli 0.99 (0.95 - 1.03) 39.7 (25.55 - 53.20)

Carbapenems
Effect estimate (Ul)
Antimicrobial usage | AR1

Organism (hospital)
Acinetobacter spp. 1.30(1.00 - 1.70) 68.32 (15.76 - 131.36)
E. coli 1.29 (1.02 - 1.58) 1.00 (0.15 - 7.35)

K. pneumoniae

1.65 (1.28 - 2.07)

102.95 (25.85 - 292.31)

P. aeruginosa

1.09 (0.96 - 1.26)

10.30 (3.24 - 29.61)

Fluoroquinolones

Organism

Effect estimate (Ul)

Antimicrobial
(hospital)

usage

AR1

Acinetobacter spp.

1.00 (0.85 - 1.14)

14.25 (5.60 - 30.41)

E. coli

1.00 (0.97 - 1.03)

160.15 (101.76 - 220.53)

K. pneumoniae

0.98 (0.93 - 1.04)

28.54 (20.48 - 45.06)

P. aeruginosa

1.07 (1.01 - 1.15)

8.14 (3.71-19.71)

Macrolides

Organism

Effect estimate (Ul)

Antimicrobial
(hospital)

usage

AR1

S. pneumoniae

1.11(0.98 - 1.27)

26.01 (11.71 - 52.98)
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Third generation cephalosporins

Organism

Effect estimate (Ul)

Antimicrobial
(hospital)

usage

AR1

E. coli

1.05 (0.97 - 1.17)

7435.43 (3369.36 - 17794.40)

K. pneumoniae

1.11(0.99 - 1.27)

23.99 (10.97 - 43.71)

P. aeruginosa

1.21(1.08 - 1.37)

5.54 (2.06 - 15.43)

Vancomycin
Effect estimate (Ul)
Antimicrobial usage | AR1
Organism (hospital)
E. faecalis 0.93 (0.71 - 1.19) 2.61 (0.44 - 18.58)
E. faecium 1.11(0.91-1.37) 359.30(114.51 - 1190.02)
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Appendix C Figure 3: Resistance measure country-level covariance

A) Double boxplots of proportion of isolates resistant against FPKM of genes conferring resistance
to aminoglycosides for each country in dataset (indicated by box colour). For each country, box
height indicates the upper and lower 95% quantiles of proportion of isolates resistance. Box width
indicates 1.96 standard deviations around the mean of FPKM. Vertical lines indicate the range of
proportion of isolates that were resistant. Horizontal lines indicate range of FPKM values. Points are
the median and mean of proportion of isolates resistant and the mean of FPKM, respectively. B) For
each organism, violin plots represent the posterior distribution for the correlation estimates from
models with and without primary care antimicrobial prescriptions taken into account. Point and error
bars for regression models are the posterior mode and 95% HPDs, and for Spearman’s Rank are
the estimate of correlation (rho), plus 95% confidence intervals. C) Posterior mode and 95% highest
posterior density intervals in brackets for each element in the covariance matrix.

Figures begin on next page.
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1. Aminoglycosides
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Clinical data Sewage data
Acinetobacter E. faecalis E. faecium E. coli K. pneumoniae P. aeruginosa
Spp.
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E coli | 108 (051 —[0.44(0.05-1.14) [ 0.7 (0.26-1.72) 0.3 (-0.24 - 1.04)
. coli 2.34)
K. pneumoniae | 0.48 (0.28 —1.02) | 0.69 (0.35-1.37) | 0.3 (0.11-0.72)
P. aeruginosa | 0.33 (0.06 -1.03) | 0.26 (0.1 -0.75)
Sewage data | 1.04 (0.58 - 2.07)

168




Appendix

2. Aminopenicillins
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3. Carbapenems
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4. Fluoroquinolones
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sSpp.-
Acinetobacter | 2.6 (0.95 - 5.41) 0.15(0.03-0.4) | 0.88(0.41-2.06) | 0.83(0.41- 0.1(-0.74-0.92)
Spp. 2.14)
E. coli | 0.02(0.01-0.06) | 0.09(0.02-0.2) 0.07 (0.02-0.2) | 0.02(-0.05-0.12)
. 0.43(0.19-1.01) | 0.42(0.18 - 0.08 (-0.28 - 0.52)
K. pneumoniae
0.97)
P aeruginosa | 24° (0-21- 0.1(-0.37-0.48)
- aerug 1.24)
Sewage data | 0.27 (0.12-0.75)

171




Appendix

5. Macrolides
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6. Third generation cephalosporins
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7. Vancomycin

A
Enterococcus faecalis Enterococcus faecium
0.3 1
0.4 1
'E [ ]
S
7]
)
e 0.31
0 0.2
Q
@©
El $
= 0.2 1 A4
iel
T .
8_ 0.1 11l
e 0 1 -4
[a ’ [ ¥
1L TP
—L | ! I
0.0 e e o 0.0 1 —
0 10 100 1000 0 10 100 1000
RPKM of resistance genes
B
Enterococcus faecalis Enterococcus faecium
o 0.5-
©
£
7}
8 | |
p 0.0 A
i)
kS T T
[0)
S -0.5- * *
(@) T ®
-1.0 1
> e & > M N
¥ @ ¥ @ N
N S ® «° > ®
2 N ¥ N3 2 < e D
¥ ..@QO & 3 _@QO S
'DS\ N ° & 'D&\ J\\’b ° S
& S 2 & S &
N B R N\ O cR
C
Clinical data Sewage data
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Appendix C Table 4: Other sources of non-partitioned variance in the model

Variance estimates from the multivariate model (posterior mode and 95% highest posterior density
intervals).

Antimicrobial Residual Residual Resistance Sampling
group variance variance gene group batch
(clinical data) | (sewage variance variance
data)
Aminoglycosides | 0.07 (0.07 — 3.85 (3.46 — 12.61 (8.72 — 279.8 (83.72 —
0.08) 4.22) 21.26) 1739.70)
Aminopenicillins | 0.10 (0.08 - 2.64 (2.42 - 17.67 (11.07 - 301.94 (84.66
0.12) 2.89) 40.13) - 1728.96)
Carbapenems 0.23 (0.20 - 2.60 (2.18 - 26.13 (11.77 - 301.19 (93.73
0.29) 3.04) 68.28) - 1869.52)
Fluoroquinolones | 0.04 (0.03 - 2.07 (1.81 - 26.13 (11.77 - 213.31 (60.82
0.05) 2.38) 68.28) - 1410.88)
Macrolides 0.04 (0.03 - 1.55 (1.45 - 27.55 (14.95 - 247 (65.05 -
0.06) 1.72) 48.44) 1380.17)
Third generation | 0.11 (0.10 - 3.6 (3.17-4.09) | 11.67 (6.64 - 339.47 (82.39
cephalosporins 0.13) 24.26) - 1762.46)
Vancomycin 0.38 (0.30 - 15.66 (10.08 - | 38.81 (3.59 - 69.62 (0.00 -
0.51) 24.08) 1771.21) 2733.24)
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Appendix C Figure 4: Multivariate model prediction error for countries excluded from test set

Average absolute error in the predicted proportion of resistant isolates to the observed proportion
for each country, after it was excluded from a test set for model fitting. MAE: mean absolute error;

amip: aminopenicillins; amig: aminoglycosides; 3gc:

third generation cephalosporins; van:

vancomycin; car: carbapenems; flu: fluoroquinolones; mac: macrolides.
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Appendix D: A cross-sectional metagenomics study of 8
wastewater networks in Scotland: hospital and community
resistomes are distinct
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Appendix

Appendix D Table 1: Metagenomic characteristics

Site Total read count Human read count (%) | Bacterial read count (%)
Allers WWTP 40123778 0.83 96.86
East Kilbride community 71946727 0.94 96.85
Philipshill WWTP 55500121 0.87 96.89
Hairmyres Hospital 66206428 1.17 95.79
Hawick WWTP 40326498 0.36 98.83
Hawick community 18493700 1.17 95.36
Galashiels WWTP 40948895 0.40 97.88
Borders General Hospital 37034692 1.71 95.84
Stirling WWTP (March, 2021) 23399129 0.84 94.93
Stirling community (March, 2021) 39279013 0.23 98.69
Kirkcaldy WWTP (March, 2021) 43082063 0.28 98.66
Victoria Hospital (November, 2021) 76077131 1.21 96.02
Stirling WWTP (November, 2021) 32661326 0.92 96.43
Stirling community (November, 2021) 76950608 1.10 96.22
Kirkcaldy WWTP (November, 2021) 63501746 0.94 96.57
Victoria Hospital (November, 2021) 42202210 1.17 93.41
Kinneil Kerse WWTP 44129968 0.56 97.83
Grangemouth community 36553051 0.43 97.35
East Calder WWTP 36533779 1.03 96.95
St John’s Hospital 47766981 0.51 98.55
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Appendix D Table 2: Sample Characteristics

Characteristics of the samples measured at the time of collection. *sample temperature could not be taken because autosampler was chilled. **
flow rate was not collected at the time, but estimated based on SW records later.

Catchment | Sites Sample Sample | Sample flow | Sample date and time | Sample colour
area temperature pH
(°C)
Galashiels | WWTP 12.9 7 54 L/s 17/11/21 09.40 Brown/grey
Borders General Hospital 19.0 6 Category: 3 17/11/21 09.15 Brown/grey
Hawick WWTP 12.6 7 62.1 L/s 17/11/21 10.20 Brown/grey
Hawick community 11.7 7 Category: 2 17/11/21 12.45 Transparent
Kinneil WWTP -* 7 420 L/s 19/11/21 11.20 Grey
Kerse Grangemouth community 11.5 7 Category: 2 19/11/21 11.55 Grey
East Calder | WWTP 12.6 7 652 L/s 19/11/21 10.12 Grey
St John’s Hospital 14.8 8 Category: 3 19/11/21 09.25 Transparent
Philipshill WWTP 10.3 7 426 L/s 08/12/21 10.00 Grey
Hairmyres University Hospital | 17.0 6 Category: 2 08/12/21 08.30 Grey
Allers WWTP 10.1 7 334 L/s 08/12/21 10.50 Grey
East Kilbride community 10 7 Category: 3 08/12/21 10.25 Brown
Kirkcaldy WWTP - 6 4899 L/s ** 17/03/21 10.05 Brown
(1st sample) | Victoria Hospital 13.4 6 Category: 1 17/03/21 09.13 Brown
Stirling (15t | WWTP - 7 770 L/s ** 17/03/21 11.20 Transparent
sample) Stirling community 7.8 6 Category: 2 17/03/21 11.50 Transparent
Kirkcaldy WWTP -* 7 350 L/s 26/11/21 09.50 Grey
(2"d sample) | Victoria Hospital 15.9 7 Category: 3 26/11/21 09.12 Brown
Stirling (2™ | WWTP 12.1 7 368 L/s 26/11/21 12.00 Brown
sample) Stirling community 10.2 7 Category: 2 26/11/21 11.20 Transparent/grey
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Appendix D Table 3: Resistance genes and bacterial species defining ‘hospital’ composition from PCoA analysis

Resistance gene groups and bacterial species with the strongest correlations with PCoA axes that discriminated between hospital and other sample
type compositions (axis 1 for resistance genes, and axis 2 for microbiomes). Printed in order with strongest correlation value first.

Resistome PCoA Microbiome PCoA
Resistance gene Correlation with PCoA1 Bacterial species Correlation with PCoA2
ere(A)_5 -0.90 Desulfovibrio desulfuricans -0.81
dfrA1_5 -0.90 Roseburia inulinivorans -0.79
sul2_12 -0.89 Phascolarctobacterium faecium -0.76
sul1_38 -0.88 Simplicispira lacusdiani 0.76
blaTEM-4_1 -0.86 Klebsiella pneumoniae -0.76
erm(B)_9a -0.85 Klebsiella variicola -0.75
adA8b_1f -0.84 Comamonas jiangduensis 0.74
0sA_6 -0.83 Acidovorax antarcticus 0.74
0.82 Garciella butyrate-producing bacterium
mph(A)_1 SS3/4 -0.73
dfrA14_2 -0.82 Acidovorax sp. T1 0.73
tet(S/IM)_2 -0.81 Comamonas piscis 0.73
blaVIM-42_1 -0.80 Acidovorax soli 0.73
mph(A)_2 -0.79 Propionibacterium freudenreichii -0.73
erm(G)_2 -0.77 Brevilactibacter flavus -0.73
aac(3)-lia_4 -0.77 Acidovorax carolinensis 0.72
blaOXA-210_1 -0.77 Acidovorax valerianellae 0.72
blaDHA-18_1 -0.76 Dorea formicigenerans -0.72
fosA_2 -0.76 Bifidobacterium longum -0.72
ogxA_1 -0.76 Comamonas composti 0.72
erm(35)_1 -0.76 Simplicispira hankyongi 0.72
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Appendix D Table 4: Model performance diagnostics

Reporting the lowest chain convergence (R) for a parameter as a measure of MCMC performance and Bayes R2 (Gelman et al, 2019) as a measure
of the proportion of the data variance explained by the model.

Model group Model Lowest R Bayes R?
Model structure 1 Impact of hospital on WWTP resistance gene abundance 1.00 0.43
Model structure 2 Association between upstream site and WWTP resistance gene abundance 1.00 0.52
Model structure 3 Association between sewage resistance levels and:
All community prescriptions 1.00 0.53
Amoxicillin community prescriptions 1.00 0.50
Vancomycin community prescriptions 1.00 0.20
Association between sewage resistance levels and:
All hospital prescriptions 1.00 0.54
Amoxicillin hospital prescriptions 1.00 0.45
Carbapenem hospital prescriptions 1.00 0.34
Vancomycin hospital prescriptions 1.00 0.29
Model structure 4 Association between sewage resistance levels and:
pH 1.00 0.52
Sample temperature 1.00 0.50
Sample collection time 1.00 0.52
Weather 1.00 0.52
Flow rate 1.00 0.30
Wet/dry ground 1.00 0.52
Model structure 5 Association between net chance in sewage resistance levels and distance between sites | 1.00 0.20

181



Appendix

Appendix D Table 5: Number of observations and groups per model

Gene clusters were at the 70% homology level.

Model Model Total observations Number of | Number of resistance

group samples gene clusters

Model Impact of hospital on WWTP resistance gene 3240 9 300

structure 1 abundance

Model Association between upstream site and WWTP 3240 9 300

structure 2 | resistance gene abundance

Model Association between sewage resistance levels and:

structure 3 All community prescriptions 4921 19 217
Amoxicillin community prescriptions 760 19 34
Vancomycin community prescriptions 154 14 7

Association between sewage resistance levels and:

All hospital prescriptions 2331 9 217
Amoxicillin hospital prescriptions 360 9 34
Carbapenem hospital prescriptions 150 9 14
Vancomycin hospital prescriptions 110 9 7

Model Association between sewage resistance levels and:

structure 4 pH 6840 19 300
Sample temperature 5760 16 300
Sample collection time 6840 19 300
Weather 6840 19 300
Flow rate 3240 9 300
Wet/dry ground 6840 19 300

Model Association between net chance in sewage 3240 9 300

structure 4 | resistance levels and distance between sites
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Appendix D Table 6: Correlations between environmental variables, using Spearman’s Rank

Weather was coded as rainy = 1, cloudy = 2, and clear/sunny = 3. A * indicates the correlation was significant (p < 0.05)

Sample time Stream temperature pH Flow Rate
Sample time - - - -
Stream temperature -0.75* - - -
pH 0.25 -0.17 - -
Flow rate 0.29 -0.38 -0.29 -
Weather -0.06 0.37 0.30 0.26
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Appendix D Figure 1: FPKM of resistance genes against the flow rate of the WWTP influent
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Appendix D Figure 2: Net change in FPKM between upstream site and WWTP
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Abstract
Background:

Antimicrobial resistance can be transmitted between animals and humans both directly or indirectly,
through transmission via the environment (such as fomites or sewage). However, there is a lack of
understanding of, and quantitative evidence about, the contribution of the environment to AMR
epidemiology. In this study we incorporate the transmission of resistance via the environment into a
mathematical model to study the potential importance of this form of transmission for human resistance

levels and any effects of the impact of interventions to reduce antibiotic consumption in animals.

Methods:

We developed a compartmental model of human-animal AMR transmission with an additional
environmental compartment. We compared the outcomes of this model under different human-animal-
environment transmission scenarios, conducted a sensitivity analysis, and investigated the impact of

curtailing antibiotic usage in animals on resistance levels in humans.

Results:

Our findings suggest that human resistance levels are most sensitive to both parameters associated with
the human compartment (rate of loss of resistance from humans) and parameters associated with the
environmental compartment (rate of loss of resistance from the environment and the transmission rate
from the environment to humans). The impact of curtailing antibiotic consumption in animals on long

term prevalence of AMR in humans was weaker when environmental transmission was assumed to be

high.
Conclusions:

This study highlights that environment-human sharing of resistance can influence the epidemiology of
resistant bacterial infections in humans and reduce the impact of interventions that curtail antibiotic
consumption in animals. More data on the types and dynamics of resistance in the environment and
frequency of human-environment transmission is crucial to understanding the population dynamics of

antibiotic resistance.
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Introduction

Antimicrobial resistance (AMR) is a one-health issue, present in a variety of commensal and pathogenic
bacteria found in humans, animals and the environment [1],[2]. The potential of the environment for
dissemination of AMR has been increasingly recognised, with particular focus on the volume of
resistance bacteria in human and agricultural wastewater effluent being discharged into natural waters

and soils [3]-[5].

There are many potential routes for resistant bacteria into the environment. Several studies have
demonstrated is it likely that resistant bacteria in humans can be transferred to the environment,
including rivers[6], coastal waters[7], and soils[8]. In addition, studied have linked resistant bacteria in
animals and their respective environments, such as between wild animals and human-impacted
environments[9],[10], and between livestock and their environment, especially in aquaculture[11],[12].
However, the risk that the resistance in the environment poses to humans and animals remains poorly

understood[13].

Mathematical models are an important tool to study complex dynamics inherent in the emergence and
spread of resistance[ 14] and can therefore be used to improve our understanding and combat the spread
of AMR in humans, animals and the environment. However, a lack of data and understanding about the
burden, selection and transmission of resistant bacteria, especially in animals and the environment,
presents a challenge to parameterising models of AMR from a one-health perspective. Consequently

there are few models of resistant bacteria that connect humans, animals and the environment[15].

Some existing studies incorporate an environmental component into transmission models of resistant
bacteria in hospitals or farms. Two compartmental models found that reducing or eradicating resistance
in a hospital setting was harder to achieve when the environment was explicitly modelled[16],[17].
Studies taking the environment into account when modelling the spread of resistance in farms have
found environmental parameters were key in dynamics of resistance in the farm [11],[18]. However, a
recent modelling study found that interventions to reduce antibiotic consumption in animals would still
be effective when the influence of resistance in animals and the environment is considered[19]. These
findings indicate the need for further exploration of the role of the environment with fully dynamic

transmission models.
In this study, we aimed to investigate the importance of the environment in the long term dynamics of

resistant bacterial infections in humans, including how it might affect the impact of interventions to

reduce resistance in humans. A compartmental of resistance transmission within and between humans,
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animals and the environment was developed. We use a dynamic environmental compartment,
improving on existing models by allowing us to assess the importance of within-environment processes.
Our objectives were: 1) to investigate how adding an environmental compartment affects the long-term
dynamics of resistance in humans, and the sensitivity of the model to its parameters; and 2) to
investigate the impact of interventions to curtail antimicrobial usage in animals or environment to

human transmission on the prevalence of resistance in humans in this model.

Methods

Model description

We extended the original model presented in van Bunnik and Woolhouse, 2017[20], to include an
environmental compartment. Humans and animals gain resistant infection by exposure to antibiotics,
or exposure to other humans, animals or environments carrying resistant bacteria. Resistance in the
environmental compartment is increased by contact with humans or animals who carry resistant
bacteria, or via exposure to antibiotics that have been excreted by humans or animals. The environment
is not considered to be any one type of environment, such as water or soil, but rather a summation of

these types.

We define the model using a system of coupled ordinary differential equations:

dRy,

T (1—Ry) (Ay+ Bun Ry + Ban-Ra + Bew -Re) — kg - Ry (1)
dR 2
d_tAz(1_RA)'(AA+,8AA'RA+.BHA'RA+ﬁEA'RE)_.uA'RA @)

dRg 3)

T Yulu +Yaha + Bug Ry + Pap-Ra — Ug - Rg

Ry and Ry are the fractions of the human and animal population that are infected with resistant bacteria,
respectively, and Rg is a measure of the amount of resistant infectious bacteria in the environment. Ay
is the constant rate at which resistance is gained from exposure to antibiotics in humans, and A, is the
equivalent in animals. These are composite variables, taking into account both the amount of antibiotics
consumed and the rate at which selection causes resistance in bacteria to arise. yy is the reversion rate
of humans infected with resistant bacteria to having only sensitive bacteria, and p, is the equivalent in
animals. This includes the rate of clearance of resistant infection and the rate of death in a fixed-size
population. The parameters ¥y and y, are scaling parameters determining how much of the antibiotic
exposure in humans (Ay) and animals (A4) will result in excreted antibiotics selecting for an increase
in resistant bacteria in the environment. ug is the rate of loss of resistant infectious bacteria from the
environment. Transmission within and between the compartments is controlled by the £ transmission

coefficients, with the subscripts indicating the direction of transmission of each coefficient. For
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example, Sy is the transmission coefficient between humans, and By is the transmission from the

environment to humans.

Further details about parameter definitions, units and values ranges can be found in the Appendix Table
1. Fig. 1A shows a flow diagram representing the movement of infectious resistant material between
and within the different compartments. All rates are per capita with respect to the human and animal
populations, and per environmental unit with respect to the environment (see next section). We used
the steady state solutions of this model, obtained numerically, as we were interested in long-term

prevalence. The timestep of the model represents one month.

Capacity for resistance in the environment

Equation (3) represents the environment as an unbounded compartment, in which the amount of
resistant infectious material in the environment is in the range 0 - . We consider one “unit” of the
environment to be the human infectious potential equivalent. This means that for a value of Ry = 1, if
the transmission coefficients gy and By were the same, each unit of the environment would transfer
resistant material to humans at the same rate that an infected human would to another human. Although
theoretically the environment may have some maximum capacity for resistant material, we do not have
a way to determine this capacity, so we modelled the environment as an unbounded compartment. For
comparison, we also explored a version of the model in which resistance levels in the environment

cannot exceed 1. In this model the environmental compartment is specified:

dRp

W:(l_RE)'(YHAH +Yaha + Bug Ry + Pap-Ra) — tg - Rg

“4)

This model assumes that there is no growth or dissemination of resistant organisms within the
environment. We also assume that the environment is only exposed to antibiotics that are excreted by
humans or animals. The environment may be exposed to antibiotics directly through, for example, the

effluent of pharmaceutical industries, but we do not consider this specific case here.

Impact of interventions on resistance in humans

We investigated the impact of two types of interventions on the levels of resistance in the human
compartment. Firstly, we looked at interventions to remove antibiotic usage in livestock (reducing Ay
to 0), and how changes to environmental parameters affect the effectiveness of this intervention.
Secondly, we looked at interventions that would reduce the transmission of resistant bacteria from the

environment to humans (reducing Sz to 0).
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We measured the impact of interventions as the percentage decrease in resistance levels in humans,
following van Bunnik and Woolhouse (2017). We compare equilibrium values of Ry before (R};) and
after the intervention (R1y), to obtain the impact, or percentage decrease in human resistance levels:

RI;
Ry

(5)

w=1

We investigate the impact of reducing gy and of curtailing antibiotic usage in animals (A4).

Sensitivity analysis

We use the extended version of the Fourier Amplitude Sensitivity Test (FAST)[21] to analyse the
relative influence of each parameter on the value of Ry, the outcome measure of interest. A total
sensitivity index for each parameter is calculated based on the variance of Ry over variation in all

parameters. The R package fast was used for this analysis[22].

Parameterisation

Due to a paucity of data about many of the parameters in the model, we aimed to explore a wide range
of parameter scenarios in this model. We chose the following transmission scenarios: 1) a baseline, with
transmission parameter values similar to those of the original[20]; 2) a balanced transmission scenario,
with all transmission coefficients equal; 3) human-driven transmission (i.e., if the subscript H denotes
the humans and x denotes any other compartment Sy, > Byx); 4) animal-driven (B4, > Byy); and

finally 5) environment-driven (Bgy > Byx)-

We also averaged our results across parameter sets generated randomly using sampling distributions for
the three parameters Ry that was most sensitive to (viz. uy, Ug, and Ay), to avoid over-reliance on
model dynamics that are unusual to a particular combination of parameters rather than generally true of
the system. All parameter values and sampling distributions can be found in the Appendix (Tables 2A

and 2B), as well as the methods for obtaining transmission scenario parameters.

Software
Analyses were carried out using Wolfram Mathematica version 11.3[23], R 4.1[24], and Julia 1.7[25].
The code for the model, parameter set generation, and visualisations is available at

https://github.com/hannahlepper/animal-human-env-model.

Results
All analyses were conducted in both bounded and unbounded environmental capacity versions of the

model.

Hannah Lepper, April 2022 5


https://doi.org/10.1101/2022.05.19.492687
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.05.19.492687; this version posted May 19, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

The role of the environment in transmission of antimicrobial resistance between humans and
animals: a modelling study

Long term dynamics of resistance in humans

Prevalence of resistance in humans
For all transmission scenarios, parameter sets were identified that corresponded to the intended target

equilibrium human resistance prevalence of 71% in both the bounded and unbounded versions of the
model (Appendix Fig. 1). Fig. 1B shows that the amount of resistance in the environment was influenced
by the model structure and the transmission scenario. The highest level of resistance in the environment
was in the environment-driven, unbounded version of the model, indicating that an implausibly high
level of environmental contamination is not needed for observed human resistance levels.

Sensitivity analysis

Model sensitivity results are presented in Fig. 1C. In both bounded and unbounded models, human
resistance prevalence was most sensitive to [y, the rate of loss of resistance from humans, but relatively
insensitive to /1, the antibiotic consumption in animals. The rate of transmission from the environment
to humans, Sgy, was at least as important as Sy and 4y, rates of transmission to humans from other
humans and from animals. Moreover, gy is more influential than any other transmission parameter in
the unbounded model. The rate of loss of resistance from the environment, yy, was more important for

human resistance levels in the unbounded than the bounded model.

Impact of interventions to reduce resistance in humans

Impact of curtailing antibiotic usage in animals
Curtailing antibiotic usage in animals had a small impact on human resistance levels, and the impact

was lower when the environment was explicitly modelled or when animals contributed less to resistance
transmission (Fig 2). The percentage decrease in human resistance levels achieved without an
environmental compartment and using the parameters of the original model (the ‘baseline transmission
scenario) was 3.2%. Simply adding an environmental compartment and keeping other parameters
reduced the percentage decrease to 2.8% in the unbounded and 2.9% in the bounded model. The animal-
driven transmission scenario had the highest impacts (5.8% decrease in human prevalence), and the
human-driven scenario had the lowest (0.064%). In the environment-driven transmission scenario, the
environmental capacity was influential: when bounded, the impact was low (0.94%), and increased
when unbound (3.2%). Both the environmental structure and the transmission parameters affected the

impact of antibiotic usage reduction in animals.

Reducing Ay vs. reducing Bry
We compared the impact (w) of reducing either A4 (the antibiotic consumption in animals) or Sgy (the

transmission of resistant material from the environment to humans) (Fig. 3). We considered pre-
intervention values of 0.1 for each parameter, as well as the impacts in different transmission scenarios.

This value was chosen so that the size of the intervention was consistent between transmission scenarios
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in this model and with the previous model (van Bunnik and Woolhouse, 2017). Interventions to reduce
Bey had a greater impact than interventions to curtail Ay, when transmission was human- or
environment-driven, or when transmission was balanced. When livestock dominated transmission or

for the baseline parameter set, the impacts of interventions to reduce Sgy or A4 were similar.

Effect of Bgy on impact of interventions to reduce antibiotic consumption in animals
We next identified the impact of reducing A, across a range of values for Sry (Fig. 4). Increasing Sgy

decreased the size of the impact of curtailing antibiotic usage in animals in all transmission scenarios
(Fig 4A). The peaked shape of the impact size in the environmental transmission scenario is caused by
the increase in gy allowing increasing indirect transmission in animals and humans. This effect is only
observed when there is little non-environmental transmission. Fig. 4B shows that the decrease in
intervention impact was also observed across the range of pre-intervention values for A4. These results
indicate that increasing environmental transmission can reduce the impact of curtailing antibiotic usage

in animals.

Discussion

Key findings

In this study we modelled the transmission of resistant bacteria between humans, livestock animals and
the environment, and assessed the impact of interventions that reduce antibiotic consumption in animals
or decrease the transmission of resistant bacteria from the environment to humans. We found that human
resistance prevalence is sensitive to transmission between humans and the environment. Including an
environmental compartment in the model decreased the impact of curtailing antibiotic resistance, and a
more transmissible environmental reservoir of resistant bacteria further mitigated the impact of this
intervention. Reducing the transmission of resistant bacteria from the environment to humans was found
to be a more effective intervention than reducing antibiotic consumption in animals. Overall, these
results indicate that resistant bacteria in the environment can influence the prevalence of resistance in
humans. The size of environmental influence will depend on the amount and dynamics of resistant
bacteria in the environment. Assessing the likelihood of observing these theoretical results in the real
world is hindered by a lack of quantified, generalisable data on the types, amount, and degradation of
resistance in the environment, and the transmission of resistance between humans, livestock and the

environment.

Is curtailing antibiotic usage in animals an effective intervention to reduce human resistance
levels?

The greatest observed impact of curtailing antibiotics in animals was a modest 10% decrease in human
resistance level in a balanced transmission scenario, and the smallest impact was a <1% in the human-
driven transmission scenario. This result provides little theoretical support that curtailment of antibiotics

would appreciably decrease resistance in humans in many settings. In contrast, there is some empirical
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evidence that curtailing antibiotics in livestock could reduce human resistance levels, although from a
small set of observational studies[26]. A study of use of third-generation cephalosporin ceftiofur in
broiler rearing in Canada found that resistance in Sa/monella and E. coli was decreased in clinical
isolates by 20% and 40%, respectively, after ceftiofur use decreased[27]. This real-world population-
level effect is greater than our results would predict, and may indicate they are an underestimate,
especially with respect to the degree of sharing of resistance between humans and animals. More data-
based parameterisation will be crucial to improve the accuracy of one-health resistance transmission

models.

The size of the effect of intervening to reduce antibiotic consumption in livestock varied by transmission
scenario (balanced transmission, or transmission driven by either humans, livestock or the
environment). Therefore, a key question for assessing the accuracy and relevance of the resulting
intervention effect sizes is how realistic are the transmission scenarios? Although transmission of
resistance between humans and animals is of great concern, evidence that conclusively demonstrates a
case of direct transmission is rare[28],[29]. Accurately parameterising the relationship between
resistance in humans and livestock is an ongoing area of research[30] which will be crucial for one-
health modelling of resistance. It seems likely that on average across a large human population, human-
human transmission is far more common than animal-human transmission and we suggest human-

driven scenario to be most relevant for resistance dynamics in the human population.

As we increased the transmission rate from the environment to humans, the effectiveness of antibiotic
curtailment was decreased. This suggests that the environment can provide a ‘back door’ transmission
route from animals to humans that can reduce the effectiveness of antibiotic curtailment by adding to
overall animal-human transmission rates. Using a two-pronged approach by intervening to reduce
environmental transmission at the same time could therefore improve the impact of antibiotic usage
curtailment. However, the effect of environmental transmission on antibiotic curtailment effectiveness
was negligible in the human-dominated transmission scenario (Appendix Fig. 2.), again indicating the
importance of transmission setting for this result. It remains unclear if non-human dominated
transmission scenarios are realistic, and therefore what the real-world size of this back-door effect might
be. There is some evidence that microbiomes in humans, animals and the environment become more
shared as interactions become more frequent[31], suggesting that transmission scenarios in which
humans do not dominate transmission (such as the balances and baseline scenarios) are possible. Further
work to quantify environmental resistance concentrations and transmission could improve accuracy of
outcome predictions of antibiotic usage interventions. As reducing antibiotic usage in livestock animals

is a costly intervention, it is important to ensure optimal implementation.
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Could the environment be an effective alternative intervention target?

The rate of transfer of resistant bacteria from environment to humans (S5 ) is also a potentially effective
intervention target. Human resistance prevalence levels were sensitive to Sy and ug, the rate of loss
of resistant bacteria from the environment (sensitivity analysis, Fig. 1C), which suggests that
interventions to reduce how much resistance humans gain from the environment would be effective.
Indeed, the impact of reducing Sy was more effective than antibiotic usage curtailment interventions,
although the difference was small in the animal-dominated scenario (Fig. 2A). Interventions that
improve sanitation have been proposed to reduce occurrences of transmission of resistance between
humans and the environment in informal urban communities in LMICs where there is frequent exposure
to resistance bacteria in the environment[32],[33]. Nadimpalli et al (2020) focus particularly on the
potential benefits of improved water and wastewater infrastructure for controlling and preventing AMR
transmission, but note that few studies have investigated the impacts of sanitation interventions on

AMR.

Should the environment be included in AMR models?

In this model, the environment played an important role in the long-term dynamics of antibiotic
resistance levels in humans. Mechanistically, the environment acts as a reservoir for antibiotic
resistance from humans and animals in this model structure. Therefore, parameters that provide more
opportunity for transmission to humans were influential in human resistance levels, especially the rate
of loss or level of persistence of resistant bacteria in the environment (u). Environmental parameters
were also influential in the size of impact of interventions, and we show that it may be an effective
intervention target itself. Existing models that incorporate an environmental component have also
highlighted the potentially strong role the environment could play in increasing resistance levels in
humans and undermining interventions[ 16]—[19]. Most models include environment as a constant rather
than a dynamic compartment, with the exception of Booton et al, 2021. As we find comparable results
to models with constant compartments, this may indicate that models incorporating the environment
simply may be enough to account for this additional source of resistant bacteria. On the other hand, the
model in Booton et al, 2021, assumes that transmission of resistance (including from the environment)
is dependent on exposure to antibiotics and accordingly finds that human antibiotic usage is the most
influential parameter for human resistance, downplaying the role of the environment. This contrasting
result points to a need for further models that compare the contribution of the environment under
different model structures and assumptions. Incorporating the environment into models of AMR spread

may be important in understanding AMR prevalence and for evaluating intervention success.

Modelling the environment highlights data needs
The results highlight some key data needs for understanding the importance of AMR in the environment

for humans. There are two influential parameters in the model which are difficult to parameterise from
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existing data: the rate of transfer of AMR from the environment to humans, and the rate of loss of

resistance in the human population.

How frequently humans gain resistant bacteria after exposure to an environmental source is unknown.
There is evidence that humans can be exposed to resistant bacteria in the environment. For example,
one study estimated that the amount of third-generation cephalosporin resistant E. coli that humans
would ingest during recreational water use in coastal regions in England and Wales poses a risk of
infection[7]. However it is not clear how often these exposures lead to infection or colonisation[34].
More research that demonstrates a close relationship and epidemiological link between resistant bacteria
colonising the environment and humans is needed to understand the frequency of environment-human
transmission events. Use of high resolution typing such as whole genome sequencing of, for example,
isolates from hospital patients and the hospital environment in longitudinal studies would be ideal for

this research.

Studies have provided data on the rate of clearance of resistant infections in humans. A systematic
review on methicillin-resistant S. aureus (MRSA) and vancomycin-resistant Enterococcus (VRE)
colonisation found that it takes a period of 88 and 26 weeks on average to clear MRSA and VRE
infections, respectively[35]. However, they note that there is considerable methodological
heterogeneity in studies of MRSA and VRE, including varying definitions of clearance, and length of
follow-up[35]. The studies also focussed primarily on hospital-associated resistance. Data on resistant
bacteria colonisation prevalence and clearance in the community, where the role of exposure to animals
and the environment may play a greater role, appear to be rare. Parameterising generalisable one-health

models will therefore be benefitted by more research into resistance in the community.

Limitations

There are some important limitations to this study that should be noted. Firstly, we make simplifying
assumptions in the structure and parameterisation of the model. These are suitable to the questions
posed in this study, but there are still many complexities in the spread and emergence of AMR in
humans, animals and the environment to be explored. Further models should explore the importance of
potential complexities, such as heterogeneity of transmission events, separate humans-specific and
animal-specific environmental reservoirs, variation in the capacity for resistance in the environment, or

the fitness costs to bacteria of carrying resistance in the three populations.

We do not model the dynamics of transmission of resistant bacteria and resistance genes separately, but
assume that transmission parameters combine the transmission of both. This is in-keeping with the
assumptions of the original model [20]. Resistance genes can be transferred between bacteria via
plasmid transfer or bacteriophages, and can also be lost from bacterial lineages. The transmission rates

of resistance genes in human population may therefore differ from resistant bacteria, and it is a
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limitation that we do not capture this in the model. AMR epidemiology and surveillance is usually
measured in resistant bacteria so there is little data on the prevalence and transmission rates of specific

resistance genes.

Two further assumptions about resistance in the environment are that we assume that there is no growth
of resistant material within the environment, and that all antibiotics secreted into the environment are
from human and livestock usage. The dynamics of resistance genes and bacteria in the environment is
a complex topic, and although there are potentially environments in which resistance may spread
(especially in sewage) much more empirical and modelling research is needed[34],[36]. A recent review
found that the sources of antibiotics in ground water include excretion from humans and animals (via
sewage and manure) but also landfill, aquaculture and industrial sites[37], so not including these sources
may limit the accuracy of the results of this model. However the relative contribution of each sources

is not well known and may vary from one country to another[37].

Conclusions
This study illustrates the potentially important role of the environment in the epidemiology of resistant

bacterial infections in humans. We highlight the need to consider the role of the environment in the
design of AMR control strategies, as it can be influential in human prevalence of resistance, reduce the
effectiveness of interventions that curtail antibiotic consumption in animals, and may be an effective
intervention target itself via improved sanitation infrastructure. Incorporating the environment into a
one-health model of antibiotic resistance as a dynamic compartment was useful for considering the role
of the environment. However, assessing the uncertainty of model predictions is hindered by a lack of
data on the types and frequency of resistance in the environment, and the frequency of environment-

human transmission events.
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Figures
Figure 1. A: flow diagram indicating the model structure. B: Rg values in all transmission scenarios and

both model structures. C: Fourier Amplitude Sensitivity Tests (FAST), indicating how much variation
in Ry was explained by each model parameter. On the left, FAST for the version of the model in which

Rj is bounded to 1. On the right, FAST for the version of the model in which Ry was unbounded.
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Fig 2: Mean impact of reducing A4 from 0.1 to 0 across transmission scenarios. The green point in the
baseline transmission scenario group is the mean impact for the original van Bunnik and Woolhouse
(2017) model, with no environmental compartment included. Results were averaged for parameter sets

with py, Uy, and Ay varied, with error bars indicating standard deviation in results.
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Fig 3. Violin plots of the impact (proportion decrease in Ry after the intervention) of reducing either
Bey or Ay in all transmission scenarios and for both model structures. The intervention target was

reduced from 0.1 to 0 in each case for consistency.
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Fig 4: A) Mean impact of antibiotic decrease in animals on human resistance levels (proportion decrease
in human resistance levels) for each transmission scenario with increasing rate of environment to human
transmission (Sgy). Ribbons indicate 25% and 75% impact quantiles. B) Heatmap of the impact of
different pre-intervention values of A, (y axis) against different levels of environment to human
transmission, Sy (X axis), for the animal transmission scenario in the unbounded model. The colour of
the tiles indicates the average value of the impact of the intervention from 17,000 parameter sets where

Uy, Ug, and Ay were varied.
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